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Editorial on the Research Topic
 Editorial: Translational Advances in Alzheimer's, Parkinson's, and Other Neurodegenerative Dementias



The increase in number of people suffering from neurodegenerative dementia (ND), such as Alzheimer's disease (AD) and Parkinson's disease (PD), has placed a huge burden on society. Precise detection of ND in an early phase is still challenging in daily clinical practice (Tisher and Salardini, 2019). There is a continuous escalation in effort from more researchers to investigate molecular mechanism of ND pathophysiology and develop new biomarkers for diagnosis and treatment of ND, as reflected by significant numbers of articles contained in this Research Topic.

In addition to metabolic changes such as altered glucose metabolism, alterations of amyloid-beta and tau protein are biomarkers associated with pathology of AD, whereas alpha-synuclein is proven to be related to PD and other NDs (Congdon and Sigurdsson, 2018; Rocha et al., 2018; Butterfield and Halliwell, 2019; Pinheiro and Faustino, 2019). Molecular imaging techniques using radiotracers like 2-deoxy-2-[18F]fluoroglucose (18F-FDG), 4-[(E)-2-(6-{2-[2-(2-(18F)fluoroethoxy)ethoxy]ethoxy}pyridin-3-yl)ethen-1-yl]-N-methylaniline (18F-AV45), and 7-(6-(18F)fluoropyridin-3-yl)-5H-pyrido[4,3-b]indole (18F-AV1451) have been widely used in research and diagnostic imaging of ND. Development of bioinformatics analysis and artificial intelligence methods has significantly facilitated advances in research of ND. Nowadays, researchers are facing difficulties in choosing the best method in order to conduct research in a comprehensible fashion with estimates of accuracy and reproducibility.

Taking this into consideration, the present Research Topic on “Translational Advances in Alzheimer's, Parkinson's, and Other Neurodegenerative Dementias” by Frontiers in Aging Neuroscience made a contribution with updates and different perspectives on this important theme to contain over 69 papers. These updates focus on exploring reliable biomarkers and prediction indexes for the progression of ND from multidisciplinary perspectives. In addition, researches in development of novel therapies were also included.

Based on univariate and multivariate analyses, Wei et al. found that the apolipoprotein E (APOE) e4 allele might affect the relationship between serum lipid levels and cognitive impairment. In addition, Hu, Li, Zhao, et al. provided evidence that the combination of telmisartan and rosuvastatin might be an effective prevention and/or treatment strategy for cognitive impairment and dementia, especially in hypertensive patients with the APOE e4 allele. Kuang et al. demonstrated that the e4 genotype leads to distinct default mode network (DMN) functional alterations in early phases of AD using persistent homology approach. Lin investigated whether CDGSH iron-sulfur domain 2 (CISD2) gene attenuation had an influence on anti-inflammatory effects and M1-M2 polarization in microglia. This study promised a potential therapeutic target for ND.

For clinical diagnosis of AD, Jiao et al. focused on plasma biomarkers which are less expensive and invasive than those necessitating a spinal fluid sample. The results of their study showed that the multifactor model of plasma amyloid-beta 42 and total-tau in combination with Montreal Cognitive Assessment (MoCA) could be a viable model separate health and AD subjects in clinical practice. Gao et al. characterized the relationship between plasma amyloid-beta levels and cognitive decline in 1,240 cognitively normal participants. The relationship between plasma amyloid-beta 40 and cognitive decline was an inverted-U shape in a cognitively normal population. None of relationship between plasma amyloid-beta 42, amyloid-beta 42/40, and cognitive decline was found during a 2-year follow-up. Lin et al. enrolled cognitively normal amyloid-beta-positive participants from 2 cohort studies, all types of resilience to cerebrospinal fluid (CSF) amyloid-beta could predict longitudinal cognitive decline.

Identification of novel molecular biomarkers for diagnosis and treatment of AD is urgently demanded. Based on bioinformatics analysis, Yu et al. identified 16 hub genes correlated to the neuropathological stage and 35 potential biomarkers for the diagnosis of AD. Yuen et al. demonstrated a systematic workflow for evidence synthesis of transcriptomic studies using both meta-analysis and bioinformatics methods to identify potential pathogenic factors. The results showed that reduced amyloid-beta clearance in AD pathogenesis was associated with genes encoding Fyn and EGFR, which were key receptors in amyloid-beta downstream signaling. Robin et al. comprehensively profiled phenotypic features over time in one commercially-available induced Pluripotent Stem Cell (iPSC)-derived human neuron cell line. This study provided a tool to investigate neurodegenerative and other central nervous system (CNS) diseases. Deng et al. applied multivariate model to estimate the association between leukocyte telomere length (LTL) and cognitive performance. Their results suggested that LTL might be a biomarker of cognitive aging.

Kong et al. explored the links between diabetes and AD by studying the advanced glycation end products (AGEs) and the receptors for AGEs (RAGE). The results of their study suggested that patients with diabetes were at a higher risk of developing AD. They further reviewed the interaction between RAGE and amyloid-beta as well as tau, which highlighted the potential of RAGE to be used as an effective target for AD diagnosis and treatment. Ho et al. explored type 2 diabetes mellitus (T2DM) pathogenesis in the amyloidogenic evolvability. A better understanding of the role of T2DM in amyloidogenic evolvability might reveal new targets for therapeutic intervention in AD patients who are comorbid with T2DM.

Using magnetic resonance (MR) imaging, Li et al. found that T2DM could give rise to the white matter atrophy of several brain regions, including left posterior cingulate, precuneus, insula, and right rostral middle frontal gyrus. In addition, they investigated the white matter structural network disruption in T2DM patients with MCI. Chen et al. developed MR glucose chemical exchange saturation transfer (glucoCEST) imaging in a rat model of AD. The findings from their study showed that this method could explore the occurrence and progress of diabetes-related AD or dementia.

Based on live-cell imaging combined with behavioral tests, Feng et al. explored the role and underlying mechanism of calcium-sensing receptor (CaSR) in cognitive deficits in AD mice. Their study might provide novel insights on the potential of CaSR as a therapeutic target for AD. Wu et al. examined whether steroid receptor coactivator 1 (SRC-1) is involved in pathogenesis of AD. Tyagi et al. reviewed the role of cyclooxygenases (COX) and mammalian/mechanistic target of rapamycin (mTOR) and potential therapeutic approaches targeting COX-2 and mTOR in AD and cancer.

Bjorkli et al. reviewed the preclinical and clinical investigations of commonly used biomarkers in animal models of AD and AD patients respectively. They also provided recommendations for standardization of procedures in sample collection to enhance the translational validity of preclinical study using AD animal models.

TDP-43 is a protein related to amyotrophic lateral sclerosis (ALS) and many cases of tau-negative frontotemporal lobar degeneration. Zhang, Chen, et al. reviewed the researches about TDP-43 and its relationship with limbic-predominant age-related TDP-43 encephalopathy (LATE).

In an effort to develop neurodegenerative disease model at cellular level, Zhang, Xie, et al. reported prospects of 2 kinds of reprogramming technologies for neurodegenerative diseases: (1) convert adult somatic cells to iPSCs and (2) directly reprogramming adult somatic cells to induced Neurons (iN).

Jang et al. provided updates on current progress in stem cell-derived dopaminergic neuron transplantation as a therapeutic alternative for PD. Yang, Zhang, et al. aimed to uncover the metabolic pathways across anatomical regions in the brain of PD and levodopa-induced dyskinesia (LID). Based on principal component analysis (PCA) and multivariate general linear model, the midbrain and right cortex were identified as the primary regions of metabolic abnormalities in PD and LID rats. In addition, PD and LID rats exhibited lower levels of synaptophysin (SYP). All results provided key insights for developing targeted therapies in PD. Harsanyiova et al. discussed the relationship between gastrointestinal tract and the pathology or treatment of PD symptoms.

Bao et al. surveyed the various positron emission tomography (PET) radiotracers available for AD imaging and discussed their clinical applications especially in terms of early detection and cognitive relevance. Based on [18F]-APN-1607 PET tracer, Lu et al. detected tau deposition in AD and reported that individual tauopathy is correlated with impaired cerebral glucose metabolism and cognitive function. Using combined PET and MR imaging, Kim et al. investigated the effect of conductive hearing loss in an AD mouse model. The findings from their study indicated that even partial hearing loss could aggravate memory impairment in AD.

11C-PE2I is a PET radiotracer targeting neuronal dopamine transporters (DaT). Ivanidze et al. investigated neurovascular unit (NVU) integrity by using arterial spin labeling (ASL) MR imaging and correlated the findings of NVU integrity with striatal DaT density from 11C-PE2I PET imaging. This exploratory research could serve as a foundation for further development of combined NVU and striatal DaT density as early disease biomarkers and potential new therapeutic targets. Based on 11C-CFT and 18F-FDG PET imaging data, Fei et al. studied the relevancy between UPDRS motor scores and PDQ39 mobility sub-scores.

Based on partial volume-coil 31P MR spectroscopy of parieto-occipital lobes with 7-Tesla MR imaging, Das et al. accurately quantified high-energy phosphate and membrane phospholipid metabolites in amnestic MCI (aMCI). Furthermore, they have also found that brain energy metabolism and membrane phospholipid indexes were related to cognitive performance in domains of executive function (EF), memory, attention, and visuospatial skills using aMCI.

Liu, Jiang, et al. explored functional and structural properties of abnormal brain networks associated with PD. The authors showed that both the expressions of metabolic and structural patterns in PD patients were significantly higher than healthy controls, and verified their results in connectome analysis, which provided new information for elucidating the neuropathological mechanisms of PD. Shu et al. developed an integrative nomogram based on white matter radiomics biomarkers and nonmotor symptoms for the identification of early-stage PD.

Tsai et al. explored the skull score (SS) distribution of tremor patients, and correlated the SS with image feature from customized skull density ratio (cSDR). This study provided useful information for clinical study of MR-guided focused ultrasound thalamotomy. Chiu, Tzeng, et al. found that the patients with tremor and vascular cognitive impairment (VCI) had high possibility of mixed pathology of PD and Lewy body disease (LBD).

Ye et al. investigated the volumetric changes in thalamus and hypothalamus in ALS. The results from their study revealed no significant difference of the volume in thalamus and hypothalamus between ALS patients of normal frontotemporal function and healthy controls.

Yu et al. identified the brain function activity differences between MCI patients with depression and MCI patients without depression using resting state MR imaging measurements. This study provided useful information for a better understanding of the relationship between depressive symptoms and memory deficits. Xing et al. explored the alterations in intra- and inter-network functional connectivity of multiple networks in presbycusis patients, suggesting that functional network connectivity can be used to predict potential cognitive impairment in their early stage.

Wan et al. compared the changes in subcortical nuclei in older adults with cognitive frailty (CF) and studied their relationship with cognitive decline and physical frailty. Their results showed significant volume reductions in five subcortical nuclei, including the bilateral thalami, left caudate, right pallidum, and accumbens area in older adults with CF. Lee et al. used surface-based analysis to evaluate subcortical structural characteristics and its relationship with early onset Alzheimer's disease (EOAD) and late-onset Alzheimer's disease (LOAD). The results from their study demonstrated that EOAD and LOAD might have different courses of pathomechanism.

Qiao et al. examined the neural substrates and mechanisms that generate memory deficits, seizures, and neuropsychiatric abnormalities in encephalitis with leucine-rich, glioma-inactivated 1 (LGI1) antibodies. The results showed that neural disorder and behavioral deficits of anti-LGI1 encephalitis might be associated with extensive changes in brain connectivity and microstructure.

Bruchhage et al. performed machine learning to assess the contribution of volume fraction myelin and gray matter volume. They proposed a refined model of cerebellar contribution to early AD development. The results from their study showed higher anterior cerebellar contribution to MCI and higher posterior cerebellar contribution to mild/moderate stages of AD for each tissue property. Ma et al. proposed a generative adversarial network (GAN) framework to distinguish brain images of human subjects of normal brain aging from those of human subjects with AD and frontotemporal dementia (FTD). The results from their study showed an accuracy of 88.28% in distinguishing human subjects of normal brain aging from those of human subjects with AD and FTD based on GAN framework derived from brain image.

Hu, Li, Zhang, et al. found that periodontitis was associated with learning and memory impairment, probably induced by neuroinflammation via activating the toll-like receptor 4/Nuclear factor kappa B signaling pathway. Ding et al. aimed to evaluate the value of odors in olfactory identification (OI) test and other known risk factors for predicting incident dementia. The results from their study suggested that peppermint smell capability might be one of the useful indicators for predicting dementia. Nie et al. assessed the differences of eye movement parameters between healthy elderly individuals and patients with MCI. They found that cognitive deficits and eye movement indexes were correlated, which could be further explored as early markers for MCI.

The paper by Yang, Huang, et al. proposed a neuroimaging approach to identify MCI using a deep learning method and functional near-infrared spectroscopy (fNIRS). Their results indicated that fNIRS imaging approach based on temporal feature maps as a promising diagnostic method for early detection of MCI and clinicians might use it as a tool for evaluation of MCI.

Tseng et al. used multivariate time-series electrocardiogram (ECG) analysis to diagnose cardiovascular diseases. They investigated various ECG features and found some associations between features of ECG and medical records (e.g. smokers, obesity, and hypertension).

Chiu, Hung, et al. studied the relationship between freezing of speech (FOS) and dementia with Lewy bodies (DLB). They designed a freezing of speech single questionnaire (FOSSQ) and compared the association factors of FOS in non-demented participants, patients with AD, vascular dementia (VaD), and DLB. The results of their study supported validity of the FOSSQ for discriminating DLB from individuals with non-demented or other forms of dementia. Similarly, Wang, Hung, et al. designed a novel questionnaire for visuospatial dysfunction (VSD) in DLB.

To distinguish stable MCI (MCIs) from converting MCI (MCIc), Gupta et al. proposed different neuroimaging modalities combined with APOE genotype to form a multimodal system for discrimination of AD to increase the classification accuracy.

In order to determine whether a MCI patient is at high risk of progressing to AD, Lin et al. developed an extreme learning machine (ELM)-based grading method to predict MCI-to-AD conversion. The method was validated by Alzheimer's Disease Neuroimaging Initiative (ADNI) cohort, with an accuracy of 84.7% in prediction of MCI progression to AD within 3 years.

Wang, Wei, et al. conducted a systematic review and meta-analysis to assess the available preclinical evidence and possible mechanisms of baicalein for animal models of PD. Li et al. investigated the efficacy and safety of 3 Erinacine A-enriched Hericium erinaceus mycelia (EAHE) capsules for the treatment of patients with mild AD. The study lasted for 49 weeks and the results showed that EAHE was well-tolerated without significant side effects. Flavonoid containing natural products, Myricetin (MYR) and Dihydromyricetin (DMY) are abundant in fruits and vegetables. Liu, Guo, et al. reviewed the benefits of MYR and DMY in AD patients at molecular level, including effects on amyloid-beta protein imbalance, neuroinflammation, dyshomeostasis of metal ions, autophagy disorder, and oxidative stress.

The early intervention for MCI could decrease the rate of conversion from MCI to AD. Lai et al. compared and ranked 9 treatment methods for MCI in AD based on meta-analysis. They pointed out that music therapy might be the best treatment for MCI followed by acupuncture, among the nine treatment methods included for their meta-analysis. Similar to those non-pharmacological interventions, Pei et al. proposed a neurofeedback training based on mismatch negativity to regulate sensory ability and memory.

Stuckenschneider et al. investigated the effects of a 12-month structured exercise program on the progression of 183 amnestic MCI patients. No significant improvement of cognitive performance was found based on the results from their study. In another study based on event-related measurement of auditory memory, Laptinskaya et al. found no improvements of cognitive performance in a 10-week unimodal cognitive or physical training and an active lifestyle for older adults at risk for dementia. In the narrative review by Meng et al., patients with AD who presented with long-term exercise interventions appeared to have improved blood flow, increased hippocampal volume, and improved neurogenesis. These results indicated that exercise intervention might be an important moderator to prevent long term disease progression.

Kumar et al. reviewed and discussed nano-enabled drug delivery systems and their current and potential applications for the treatment of various NDs, including AD and PD, in studies to overcome the limits of blood-brain barrier (BBB). Huang et al. developed a medical red light treatment (RLT) device to treat older adults with mild to moderate AD. They planned a study protocol to verify the safety and efficacy for a 24 weeks period. On the other hand, Zhu et al. found that there was more efficacy via tele-health interventions in lowering depression for careers of dementia patients based on meta-analysis.

Deep brain stimulation (DBS) is widely used in the field of mental and neurological diseases. Luo et al. reviewed the therapeutic effect of DBS in AD, and analyzed its stimulation parameters and potential mechanism of action. Tan et al. used a convolutional neural network (CNN) to classify handwritten digits and letters and applied dropout at different stages to simulate DBS effects on engrams. The results of their study showed that dropout of engram nodes might be a possible mechanism by which neuromodulation techniques could disrupt or enhance memory. Hwang et al. pointed out the applications of phase amplitude coupling-based phase-dependent DBS technique in PD, which aimed to deliver timed stimulation pulses to a specific phase precisely to modulate pathological network activities and behavior in real time.

Tang et al. investigated the effect of electroacupuncture (EA) on cognitive impairment and the role of c-Jun N-terminal kinase (JNK) signaling pathway in AD model mice. The results of their study showed that EA could reverse cognitive deficits and substantially lower the burden of amyloid precursor protein. In another study, Hongna et al. demonstrated the improvements of locomotor function by promoting autophagy flux and inhibiting necroptosis in rats with spinal cord injury treated with Jia-Ji electro-acupuncture.

In summary, large number of articles collected in this Research Topic reflected recent advances in mechanistic study of pathophysiology of AD and PD, development of biomarkers and molecular imaging techniques for diagnosis and treatment of AD and PD. We hope that publications of this Research Topic will not only report recent advances in ND research, but also facilitate translation of new discovery to development of new diagnostic tests and therapeutic agents for early diagnosis and treatment of ND, including AD and PD.
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Numerous observational studies have shown that depressive symptoms are common in individuals with mild cognitive impairment (MCI) who have a higher rate of progress to dementia. However, it is still uncertain whether there are any differences between MCI patients with and without depression symptom in their brain function activities. Here we have identified the brain function activity differences in two groups of MCI patients (with depression or without depression) using the resting state MRI (rsfMRI) measurements. 76 right-handed MCI subjects have been recruited in this study, including 27 MCI patients with depression symptom (MCID), 49 MCI patients without depression symptom (MCIND). Analyses based on 7 rsfMRI measurements, including four static measurements (ALFF, fALFF, PerAF, and ReHo) and three dynamic measurements (dALFF, dfALFF, and dReHo) have been used to explore the temporal variability of intrinsic brain activity. No significant differences in ALFF and dALFF between the two group were found. In the MCID group, fALFF decreased in temporal gyrus, frontal gyrus, inferior occipital gyrus, middle frontal gyrus and cerebellum, but increased in cuneus, calcarine, lingual; while PerAF increased in left parahippocampus. The differences of ReHo in the two groups was only found in cerebellum. Compared to MCIND group, dfALFF in MCID decreased in cuneus, occipital gyrus and calcarine, while dReHo in MCID increased in bilateral temporal gyrus, frontal gyrus, superior parietal gyrus, inferior parietal gyrus and precuneus. Our results may provide a better understanding in the relationship between the depressive symptoms and memory deficits.
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INTRODUCTION

Mild cognitive impairment (MCI) is the clinical status of an individual with memory impairment who had memory defect but is otherwise functioning properly and does not meet clinical diagnosis criteria for dementia (Petersen et al., 1999, 2001). Cognitive deficits can be a single symptom, they also coexist with other non-cognitive features, of all the non-cognitive features, the prevalence of depression is the highest (Chi et al., 2015). Further, evidence suggests that MCI patients combined with depression symptoms (MCID) progress more rapidly from MCI to Alzheimer’s disease (AD) along the neurodegenerative spectrum, with a reported prevalence of 32% (Gao et al., 2013; Chi et al., 2015; Ismail et al., 2017). Thus, for early diagnosis and treatment purposes, an appropriate screening strategy to define the probable risk factors in those cognitive impaired individuals is meaningful (Ismail et al., 2017).

In recent years, based on the development of neuroimaging technology, magnetic resonance imaging, as a tool for detecting brain structure and function has been provided. Blood oxygenation level-dependent (BOLD) resting-state functional MRI (rsfMRI), has attracted enormous research interest in studying the neural mechanisms of cognitive dysfunction in individuals with psychiatric disorders (Biswal, 2012). Various rsfMRI measures such as functional connectivity (FC) (Biswal et al., 1995), amplitude of low-frequency fluctuation (ALFF) (Zang et al., 2007) fractional ALFF (fALFF) (Zou et al., 2008), percent amplitude of fluctuation (PerAF) (Jia et al., 2017, 2019) regional homogeneity (ReHo) (Zang et al., 2004) and degree centrality (DC) (Zuo et al., 2012) have been used to describe the intrinsic brain activity (IBA). IBA involves dynamic neural and metabolic activities, it is activity and plays a pivotal role in brain function (Dai and He, 2014; Raichle, 2015). These methods have been widely used to evaluate the IBA of neurological disorders or neuropsychiatric disorders, such as AD, depression, and MCI (Yao et al., 2009; Zhang et al., 2012; Guo et al., 2016; Wee et al., 2016; Li et al., 2017; Stoyanov et al., 2017; Zhang et al., 2017; Kandilarova et al., 2018; Yang et al., 2018; Liu et al., 2019). Furthermore, evidence indicated that once brain got an internal or external stimuli, it could respond by dynamic integration or adjustment over multiple time scales (Hutchison et al., 2013; Bassett and Sporns, 2017; Yan et al., 2017). However, the aforementioned measures are static, which ignoring the characteristics of dynamic changes of IBA over time, they assumed that during the entire rsfMRI scan, the BOLD signal is stationary (Liao et al., 2014, 2015). Compared with the static rsfMRI measures, the dynamic sliding window approaches are effective for capturing the dynamic characteristics of regional brain activity over different times which could be used to examine abnormal brain function (Yan et al., 2017; Tang et al., 2018). These evidence all indicated that rsfMRI is a proper approach to compare the differences between MCID and MCIND.

Studies have identified regions in MCI compared with the NC, with a decreased or increased ALFF/fALFF/ReHo (Han et al., 2011; Zhang et al., 2012; Dai and He, 2014; Li et al., 2017; Liu et al., 2018, 2019; Yang et al., 2018). Previous study found that changes from ALFF/fALFF measurements of IBA may be worthwhile to characterize the early and gradual changes in physiological alterations throughout AD progression (Yang et al., 2018). Moreover, in MCID group the FC density values were higher in the left MTG than those in the MCI without depression patients (MCIND) (Liu et al., 2018). Another study found that abnormal ALFF values in MCID group could serve as markers to effectively differentiate MCID from MCI patients (Li et al., 2017). As for ReHo, it can be used to classify the depression subtypes and MCI, also changes in ReHo could be a biomarker for the pathophysiology and therapeutic response of depression (Guo et al., 2013; Liu et al., 2019). Previously, by combining dynamic FC with static FC, some studies found that the diagnostic accuracy for MCI could be significantly improved (Wee et al., 2016; Zhang et al., 2017). So far, no study explored the dynamic characteristics of local brain activity indexes in MCID patients.

We employed 7 resting state measurements, including four static measurements (ALFF, fALFF, PerAF, and ReHo) and three dynamic measurements (dALFF, dfALFF, and dReHo) to investigate the temporal variability of voxel-wise brain activity. These combinations were designed to explore the variability of IBA and to enhance our understanding of brain function by recognizing specific pathophysiological features and further deepen our understanding of cognitive behavior. We assumed that MCID patients would exhibit abnormal spontaneous brain activity compared with those MCIND. These would enhance understanding of the relationship between depressive symptoms and memory deficits.



MATERIALS AND METHODS


Participants

The study was endorsed by the Research Ethics Review Board of the First Affiliated Hospital of Medical School of Zhejiang University (FAHZU). A total of 76 right-handed MCI subjects were recruited in the study, including 27 patients combined with depression symptoms (MCID), 49 MCI without depression patients (MCIND). All MCI patients were recruited at the clinic of the Department of Neurology, FAHZU. Diagnoses of MCI were made by experienced neurologists according to Petersen’s criteria (Petersen, 2004). Depressive symptoms were identified by qualified psychiatrists according to the Diagnostic and Statistical Manual of Mental Disorders, fifth edition (DSM-V) and the Geriatric Depression Scale (GDS) (Yesavage et al., 1982; Chau et al., 2006) [we also recruited 50 right-handed normal controls, who were matched for age and gender from the local communities (Supplementary Methods in Supplementary Material)].

The diagnosis of MCID and MCIND both fulfilled the published MCI diagnostic criteria (Petersen, 2004). The inclusion criteria for the MCID group included an acute episode of mild depression with DSM-V for the diagnosis of depression symptom who were first suffered from MCI and the 30-item GDS was > 10 scores (Yesavage et al., 1982; Chau et al., 2006). The MCIND subjects were excluded if they had been diagnosed with major depression, recurrent depression, or other psychiatric disorders as described in DSM-V.



Imaging Data Acquisition

MRI data were obtained using a 3.0 Tesla GE Discovery MR750 scanner (HD, General Electric Healthcare, Waukesha, WI, United States). 3D T1-weighted structural images were acquired using the following parameters: 128 slices, TR of 8,100 ms, TE of 3.1 ms, slice thickness of 1 mm, FA of 8°, matrix size of 256 × 256, FOV of 256 × 256 mm2. Functional images were acquired using the following parameters: 43 contiguous axial slices, repetition time (TR) of 2,000 ms, echo time (TE) of 30 ms, slice thickness of 3.2 mm, flip angle (FA) of 90°, matrix size of 64 × 64, field of view (FOV) of 200 × 200 mm2, total scan time of 8’00”. During the rsfMRI scan, the patients were given no task but were instructed to simply rest with eyes closed.



rsfMRI Preprocessing

The rsfMRI data were processed using SPM121 and RESTplus (Jia et al., 2019)2. The first 10 time points were discarded as adaptation of the participant to the scanner noise. The data preprocessing steps included slice timing, realignment, and spatial normalization. First, an individual T1-weighted image was co-registered to the mean functional image and then the T1-weighted image was segmented into gray matter (GM), white matter (WM) signal, and cerebrospinal fluid (CSF) signal. The EPI images were spatially normalized to the Montreal Neurological Institute (MNI) space and voxel size was resampled to 3 mm × 3 mm × 3 mm using the normalization parameters estimated during segmentation. Smoothing was performed with a 6 mm full width - half maximum (FWHM) Gaussian kernel. After removing the linear trend, we regressed out of covariates, which consisted of Friston-24 head motion parameters (Friston et al., 1996; Yan et al., 2013), WM signal, and CSF signal. The time courses were filtered by a (0.01–0.08 Hz) band to reduce high-frequency noise and low-frequency drifts.



Static ALFF, Fractional ALFF (fALFF), Percent Amplitude of Fluctuation (PerAF) and Regional Homogeneity (ReHo) Calculation

We performed ALFF, fALFF, PerAF and ReHo analysis for each scan. The calculation of ALFF was based on fast Fourier transform (FFT). Using FFT, each time course was converted to the frequency domain. Then, the square root of the power spectrum at each frequency was averaged across the filtered band (0.01–0.08 Hz). The ALFF of each voxel was then normalized by the global mean of the ALFF values (mALFF) for standardization. For each given voxel, mALFF reflected the degree of its raw ALFF value relative to the average ALFF value of the whole brain (Zang et al., 2007). Then we calculated fALFF by obtaining the ratio of the power spectrum of low frequency (0.01–0.08 Hz) to that of the entire frequency range. Then, the resulting spatial fALFF maps were then divided with each voxel divided by the whole-brain fALFF mean (mfALFF), providing mfALFF spatial maps (Zou et al., 2008). PerAF designated the percentage amplitude of BOLD fluctuation relative to the mean BOLD signal intensity of a given time series (Jia et al., 2017) with RESTplus (Jia et al., 2019). PerAF is standardized at the single voxel level, the resulting spatial PerAF maps were then normalized with each voxel divided by the global mean PerAF (mPerAF). Both PerAF and mPerAF can be used for group-level statistical analysis, here we used mPerAF for further statistical analyses (Jia et al., 2019; Yu et al., 2019). For ReHo, the Kendall’s coefficient of concordance (KCC) of the time course of every 27 nearest neighboring voxels was calculated (Zang et al., 2004). To reduce the influence of individual variations in the KCC value, ReHo map normalizations were performed by dividing the KCC among each voxel by the averaged KCC of the whole brain.



Dynamic ALFF, fALFF and ReHo Calculation

Dynamic parameters were performed using Temporal Dynamic Analysis (TDA) toolkits based on DPABI (Yan et al., 2016) Sliding window-based analysis, which is sensitive in detecting time-dependent variations, was applied to examine three dynamic measurements (dALFF, dfALFF or dReHo) variability over the whole brain (Hindriks et al., 2016; Liu et al., 2017; Yan et al., 2017; Yip et al., 2017; Tang et al., 2018; Vergara et al., 2019).

In the sliding window analysis, a temporal window of certain size and shape is chosen, and ALFF, fALFF and ReHo within that window are calculated. Theoretically, the window size should be designed feasibly. It should be small enough to monitor potentially transient signals, and yet large enough to describe the lowest frequencies of interest in the signals (Sakoglu et al., 2010). Previous studies of sliding window connectivity have applied a sliding window length from to 10 to 180 s (Thompson et al., 2013; Gonzalez-Castillo et al., 2015; Chen et al., 2018). Here we applied a sliding window length of 32 TR (64 s) and a shifting step size of two TR (4 s) (Chen et al., 2018). The remaining 230 time points after removing the first 10 time points for each individual were segmented into 100 windows in total. In each sliding window, ALFF, fALFF and ReHo were calculated. After calculating ALFF of all voxel in time windows, each participant will get several window-based ALFF maps (similar as fALFF and ReHo). Then, we computed the mean and standard deviation of each voxel in all window-based ALFF maps for each subject and further got the corresponding coefficient of variation (CV) which was acquired by dividing the standard deviation by the mean. To better measure the dynamic variation of regional brain activity between different individuals, we used CV as dALFF (similar as dfALFF), which represented the temporal variability of absolute energy consumption in low-frequency regional brain activity (Tang et al., 2018).



Statistical Analyses


Scales Analysis

To examine the between-group differences in the seven measurements, two-sample t-test was held between the MCID and MCIND groups using DPABI (Yan et al., 2016). The figure was drawn by both DPABI and BrainNet Viewer (Xia et al., 2013; Yan et al., 2016). To reduce the effect of confounding variables in the statistical analysis, we performed two-sample t-tests with the mean relative displacements of age, sex, and education as covariance. Multiple comparison correction was performed based on Gaussian random field theory (GRF, voxel-wise p < 0.05, cluster-wise p < 0.05, two-tailed).



Correlation Analysis

With the peak voxels of abnormal regions as spherical centers, spherical ROIs were constructed around these abnormal regions (with a 6 mm radius). To assess the relationship between the behavioral scores (include MMSE, MoCA and GDS scores) and metrics in these abnormal regions, we used Partial correlation analysis that controlled for age, sex and education by SPSS software (version 20.0; IBM, Chicago, IL, United States). Statistical significance was defined as p < 0.05. To control for false positives from multiple comparisons, we used the false discovery rate (FDR) correction in which the p-values were multiplied by the number of comparisons.



RESULTS


Neuropsychological Results

Demographic and clinical characteristics of 76 patients with MCI, 49 MCIND (19 men; mean age, 65.88 ± 9.762 years) and 27 MCID (11 men; mean age, 63.44 ± 10.58 years) are listed in Table 1. No significant differences were found (p > 0.05) in gender, age, education level, and MMSE, MoCA scores between the MCID group and MCIND group. Detailed demographics and the psychological characteristics of the two groups are shown in Table 1.


TABLE 1. Demographic and neuropsychological data.
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Alterations of Region IBA Changes Between MCID and MCIND


The Comparison of ALFF

There were no significant differences in ALFF between the MCID group and MCIND group.



The Comparison of fALFF

As shown in the Figure 1, for fALFF, MCID decreased in inferior temporal gyrus (ITG), middle temporal gyrus (MTG), middle frontal gyrus, inferior occipital gyrus, and cerebellum, but increased in cuneus, calcarine, lingual. The significant differences in fALFF between the two groups are shown in Table 2 and Figure 1A.


TABLE 2. Brain regions with significantly differences rsfMRI values in the MCID group compared with the MCIND group.
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FIGURE 1. Brain regions showing different rsfMRI values between the MCID and MCIND groups. (A) Brain regions with significant differences in fALFF between the MCID group and MCIND group. (B) Brain regions with significant differences in PerAF between the MCID group and MCIND group. (C) Brain regions with significant differences in ReHo between the MCID group and MCIND. (D) Brain regions with significant differences in dfALFF between the MCID group and MCIND group. (E) Brain regions with significant differences in dReHo between the MCID group and MCIND group (after GRF correction; voxel-wise p < 0.05, cluster-wise p < 0.05, two-tailed). The color bar indicates the T-value.




The Comparison of PerAF

We found that in MCID group, PerAF increased in left parahippocampus gyrus and temporal gyrus. The significant differences in PerAF between the MCID and MCIND group are shown in Table 2 and Figure 1B.



The Comparison of ReHo

Using ReHo, there were only a small amount of group differences between MCID and MCIND group in cerebellum. More details were shown in the Table 2 and Figure 1C.



The Comparison of dALFF

There were no significant differences in dALFF between the MCID group and MCIND group.



The Comparison of dfALFF

As shown in the Figure 1, for dALFF, compared to MCIND group, MCID group showed decreased dALFF in the bilateral cuneus, middle occipital gyrus, right superior occipital gyrus and calcarine. The significant differences in dfALFF between the MCID group and MCIND group are shown in Table 2 and Figure 1D.



The Comparison of dReHo

Using dReHo, compared to MCIND group, MCID group exhibited obvious increase in bilateral MTG, ITG, superior temporal gyrus (STG), superior parietal lobule, inferior parietal gyrus (IPG), precuneus, superior frontal gyrus (SFG), middle frontal gyrus (MFG), opercular part of inferior frontal gyrus (IFG) and right cerebellum. More details were shown in the Table 2 and Figure 1E.



Correlational Analysis

There was no significant correlation between clinical behavioral scores and any rsfMRI metrics.



DISCUSSION

Most previous studies have focused on the depression-related or MCI-related brain functional changes. However, the brain function in MCI patients combined with depression is still uncertain. In the current study, we observed alterations in IBA during the resting state in 7 resting state parameters, including four static measurements and three dynamic characteristics in MCID and MCIND patients. We found several brain regions especially in frontal gyrus, temporal gyrus and parahippocampus gyrus, showed significant differences in fALFF, PerAF, ReHo, dfALFF and dReHo between the MCID and MCIND groups. These findings may develop a better understanding of the relationship between depressive symptoms and memory deficits.

As we supposed, the differences of abnormal spontaneous brain activity between MCID and MCIND patients could be distinguished by rsfMRI. We found significant differences between MCID and MCIND group in frontal gyrus [included superior frontal gyrus (SFG), middle frontal gyrus (MFG) and inferior frontal gyrus (IFG)], temporal gyrus (included MTG, ITG and STG), hippocampus, parahippocampus gyrus, IPG and cuneus. The robustness of the results was tested to prove the regions we found was stability and repeatability (Supplementary Figures S2, S3). In the studies pretend to explore the neural mechanism about MCI, AD or depression, these regions also have been mentioned (Langenecker et al., 2007; Alexopoulos et al., 2008; Yao et al., 2009; Lee et al., 2012; Xie et al., 2012; Zhang et al., 2012; Rizio and Dennis, 2014; Guo et al., 2016; Stoyanov et al., 2017; Kandilarova et al., 2018; Yang et al., 2018; Kandilarova et al., 2019). These brain regions may be the proof of a possible shared pathophysiology in both depression and MCI (Yao et al., 2009; Zhang et al., 2012). Other studies found that depressive symptoms in AD had biochemical manifestations similar to depression, suggesting that they might share a common pathway at the biochemical level, this phenomenon may be same in those MCI (Langenecker et al., 2007; Alexopoulos et al., 2008; Lee et al., 2012; Xie et al., 2012; Taylor et al., 2013; Rizio and Dennis, 2014). In studies focused on brain structure found that depression may cause structural changes in frontal and temporal regions (Koolschijn et al., 2009; Kandilarova et al., 2019). These findings suggested that a circuit may be involved in the frontal cortex is associated with the functional neuroanatomy of depression (Langenecker et al., 2007; Yang et al., 2016).

Meanwhile, regions we found the IBA changes mostly related to default mode network (DMN) and executive control network (ECN). Executive functions are control mechanisms that adjust aspects of emotion and cognition, and disruption to these processes is related to worse clinical prognosis of depression (Morimoto et al., 2015). According to previous neuroimaging studies, the DMN s linked to self-referential thought, and the episodic memory retrieval and scene construction (Lei et al., 2013). It is supported by results from previous studies about late-life depression (LLD). LLD usually has a hyperactive DMN (increased rumination, defected cognition) and a hypoactive ECN (low cognitive control associated with emotional response), which may reflect clinical features of depressive symptoms (Aizenstein et al., 2014; Karim et al., 2017).

Above all the parameters we estimated, we didn’t find significant differences in ALFF or dALFF. It has been pointed out that the ALFF could be influenced by the physiological noise irrelevant to brain activity, and dALFF has a temporal variability related to specific topographic (Zou et al., 2008; Liao et al., 2019). As for fALFF, it could effectively suppress the physiological noise, but is not as stable as ALFF in gray matter regions (Zou et al., 2008; Zuo et al., 2010). We firstly used PerAF to estimate IBA of MCID patients, in parahippocampus, MCID had an increased PerAF. Previous study by using both ALFF and PerAF found that the ALFF was similar to PerAF, but PerAF was better than ALFF in inter-scanner reliability (Zhao et al., 2018). Although it is still unclear what causes the difference between those parameters and the potential physiological significance might be, with the limitation of each parameters, it is still necessary to take into consideration all these metrics (Zuo et al., 2010). We found ReHo only decreased in cerebellum, while another study found that MCID patients showed significantly higher coherence ReHo (cReHo) than MCIND patients in the left Heschl’s gyrus and thalamus, lower cReHo in the left postcentral gyrus (Liu et al., 2019). These differences may be influenced by different calculation of ReHo. Also, the recruit criteria of MCID group could be another factor. Depression is a highly heterogeneous disease, and there are no clear gold biomarkers for diagnosis (Ismail et al., 2017). In addition, the diagnose of depression syndrome is based on clinical symptoms and a rating scale, which is inevitably subjective. Further, evidence suggests that evaluating depressive symptoms comprehensively and accurately in those with neurocognitive disorders is difficult because of atypical symptoms in elders, and the interaction between depression and cognitive impairment in older adults makes it further complicated (Ting et al., 2010; Ismail et al., 2017). In our study, we selected the GDS to evaluate depressive symptoms in MCI, while other studies have used different scales, such as HAMD and the NPI (Liu et al., 2019).

Interestingly, we found that the results of dynamic measures differ from the static measures, this had also been found in other studies of diseases (Sourty et al., 2016; Cordova-Palomera et al., 2017). We found that fALFF in MCID decreased in temporal gyrus (ITG, MTG), MFG and inferior occipital gyrus, but increased in cuneus, calcarine, lingual, while in d fALFF, we found an increase in the cuneus, middle occipital gyrus. Also, the ReHo doesn’t change in line with dReHo. As for dReHo, compared to MCIND group, MCID group exhibited an obvious increase in temporal gyrus (MTG, ITG, STG), frontal gyrus (MFG, SFG, IFG) and right cerebellum. However, using ReHo, we only found differences in cerebellum. Sourty et al. (2016) implied that some brain function alterations in Lewy body dementia can be detected utilizing dynamic FC but not static FC by sliding-window analysis (Sourty et al., 2016). The concept of dynamic neuroimage characteristics may provide a proper way to summarize changes in spatial patterns over time and to track differences in disease (Calhoun et al., 2014).

This study had several potential limitations. Firstly, this is a cross-sectional study, we did not investigate the conversion of MCID/MCIND to AD. These two sub-types of MCI patients may have different disease progress into AD. We will focus on not only the different clinical symptoms and their different brain areas, but also the potential different follow up consequences for MCID and MCIND patients. Secondly, it remains unclear that the mechanism of the differences and abnormalities in the patients of MCID and MCIND. In further studies, we would like to combine the rsfMRI, structural MRI and other biophysical data simultaneously with a larger sample and would reveal structural and biological substrates underlying these functional deficits in MCI and MCID patients.



CONCLUSION

In summary, we have investigated the IBA of MCID and MCIND using rsfMRI technique. We have found some obvious difference in the IBA between MCID and MCIND in the regions such as frontal gyrus (included SFG, MFG and IFG), temporal gyrus (included MTG, ITG and STG), parietal gyrus (superior parietal gyrus, IPG), occipital gyrus, parahippocampus gyrus and cuneus. The rsfMRI study suggests that the abnormal IBA pattern of the whole-brain functional activity may serve as an early biomarker for the detection of cognitive deficits and emotional problems in MCI patients.
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Through a number of an extensive autopsy, biomarker, and genomics studies, researchers have recently defined a novel type of dementia known as limbic-predominant age-related TDP-43 encephalopathy (LATE). LATE is perhaps best characterized by the presence of hyperphosphorylated TDP-43, which plays multi-functional roles through interactions with DNA and RNA, leading to significant alterations in the transcription and translation of particular genes. As individuals of advanced age represent a rapidly growing demographic group globally, there is a steadily increasing rate of LATE incidence that has to date received insufficient recognition despite its serious implications for public health. TDP-43 is the common pathology of various age-related dementia, therefore, it may be a potential and promising therapeutic target for such diseases. In the present review, we discuss the pathways regulating TDP-43 expression, metabolism, and disease activity in order to better understand the link between TDP-43 proteinopathy and LATE at the genetic, pathological, and clinical levels.
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INTRODUCTION

TDP-43 is a protein first discovered in 2006 to be present within the ubiquitinated inclusions that are a hallmark of amyotrophic lateral sclerosis (ALS) and in many cases of Tau-negative frontotemporal lobar degeneration (FTLD-TDP; Neumann et al., 2006; Cairns et al., 2007). More recent studies have shown that phosphorylated TDP-43 is similarly present in the brain of individuals over 80 years-old that have not been diagnosed with FTLD or ALS, but who often exhibit sights of Alzheimer’s disease (AD) or hippocampal sclerosis (Amador-Ortiz et al., 2007a,b). These rates of TDP-43 proteinopathy as well as associated hippocampal sclerosis and amnestic dementia have been found to increase at more advanced ages, whereas severe AD cases become less common as individuals attain such advanced age (Nelson et al., 2019). At present, therapeutic efforts have failed to achieve satisfactory outcomes for treating AD, and given its apparent differences from AD, limbic-predominant age-related TDP-43 encephalopathy (LATE) has recently been defined as a unique clinical entity. This new disease classification highlights the importance of thoroughly exploring the role of TDP-43 in the context of age-related dementia development in general, and in the context of LATE specifically. However, as LATE remains a relatively new concept, much of the surrounding literature pertaining to AD or hippocampal sclerosis may inadvertently refer in whole or in part to cases of LATE, thereby complicating interpretations.



THE TDP-43 PROTEIN

TDP-43 is a protein that is 414 amino acids long and 43 kDa in size encoded by the TARDBP gene which includes nuclear localization and nuclear export signals, RNA recognition motifs (RRMs) and C-terminal domain (Diaper et al., 2013). The TDP-43 N-terminal domain is important as a regulator of monomer folding and homodimerizing (Zhang et al., 2013). In contrast, the C-terminal domain functions to control gene expression and nucleic acid binding, allowing it to modulate RNA turnover and alternative splicing (Buratti and Baralle, 2010; Lee et al., 2011). Normally, TDP-43 is found primarily in the nucleus of cells, with only 5–20% of TDP-43 being cytoplasmic (Woo et al., 2017), and this imbalance is thought to be autoregulated by negative feedback signaling mediated by nuclear TDP-43 (Polymenidou et al., 2011).

In the context of diseases such as ALS or FTLD, TDP-43 can become cleaved, hyperphosphorylated, and ubiquitinylated such that it aggregates and forms large inclusions within the cytoplasm of cells such as neurons and glia (Neumann et al., 2006). Normally, cellular stress-mediated TDP-43 aggregates are degraded following ubiquitinylation by the caspase-3-mediated proteasome, or through autophagic processes into fragments of 25 or 35 kDa (Chang et al., 2016). However, in pathological contexts this TDP-43 degradation is impaired thereby leading to increased aggregation of 25 and 35-kDa fragments that cannot be eliminated from cells (Huang et al., 2014).

As 25 kDa TDP-43 fragments accumulate, this drives the formation of cytoplasmic aggregates at the expense of normal nuclear localization (Chang et al., 2016). These 25 kDa TDP aggregates have been linked with cognitive deficits (Caccamo et al., 2012), whereas the 35 kDa fragments have been linked to behavioral deficits (Medina et al., 2014). Mutations in TARDBP have been shown to result in inflammation-mediated deregulation of TDP-43 homeostasis which through increased interleukin (IL)-6 levels that in turn drive the formation of aggregates and the progressive deterioration of motor neurons (Swarup et al., 2011; Diaper et al., 2013). TDP-43 expression levels have also been linked to the expression and activity of particular synaptic proteins including synapsin-I and alpha-amino-3-hydroxy-5-methyl-4-isoxazolepropionate (AMPA) receptor subunits (Gulino et al., 2015). As such, when TDP-43 becomes dysregulated, this can result in a cascade of altered signaling events that mediate impaired synaptic transmission, progressive neuronal deterioration, and motor defects (Diaper et al., 2013).



TDP-43 RELATED PROTEINOPATHY

Pathological conditions associated with TDP-43 aggregates include: aggregate inclusions within the cytoplasm of neurons and glial cells, pathological swelling or dystrophy of axonal, rounded neuropil grains, diffuse cytoplasmic TDP-43 staining with a lack of normal nuclear TDP-43 staining indicative of pre-inclusions, and in rare cases the presence of TDP-43 inclusions within the nuclei of neurons (Geser et al., 2010). TDP-43-linked neurodegeneration are divided into four categories according to the lesion patterns: perivascular, focal, sub-pial/sub-ependymal, and diffuse in the deep brain parenchyma (Geser et al., 2010).

Various neurodegenerative diseases have been shown to exhibit signs of TDP-43 aggregates, including, dementia with Lewy bodies (Higashi et al., 2007), argyrophilic grain disease (Fujishiro et al., 2009) and corticobasal degeneration (Uryu et al., 2008). Individuals with perivascular TDP-43 pathology also frequently exhibit significant cardiovascular symptoms such as hypertension and cerebral microinfarcts (Geser et al., 2010), with certain chronic vascular disease having the potential to drive the phosphorylation and misfolding of TDP-43. The most prominent and well-understood forms of TDP-43 proteinopathy are FTLD, ALS, and AD.

FTLD is a form of pre-senile dementia that impacts between 0.01 and 0.03% of individuals between 45 and 65 years of age (Bennion Callister and Pickering-Brown, 2014), leading to progressive deterioration of the frontal and anterior temporal brain lobes, finally causing frontotemporal dementia (FTD). The two primary hallmarks of FTLD at the pathological level include hyperphosphorylated tau protein and TDP-43 aggregate inclusions (Neumann et al., 2006).

ALS is a progressive disease best characterized by the gradual and progressive degeneration of motor neuron function, with males and females having respective lifetime ALS rates of 1/350 and 1/500 (Salameh et al., 2015). The presence of altered TDP-43 has been recognized as a hallmark of ALS. As with FTLD, many studies have explored the mechanisms whereby TDP-43 influences ALS pathogenesis, but at present these studies have been inconclusive and have yielded inconsistent results, suggesting more work is needed to establish the therapeutic value of targeting TDP-43 in this disease.

AD is the best-known and most prevalent form of dementia affecting individuals of advanced age. Extracellular amyloid-β (Aβ) plaque deposition, hyperphosphorylated tau aggregates that form within neurons to generate nerve fiber tangles (NFTs) are hallmarks of AD. Recent work has shown that phosphorylated TDP-43 is also evident within the brains of those with AD (Amador-Ortiz et al., 2007a,b).

In certain cases, TDP-43 aggregation and associated pathology may be a secondary consequence of some upstream neurodegenerative, developmental, or stress-induced influence (Nelson et al., 2016). Much as is the case for tau aggregates, however, once these TDP-43 aggregates form, that can significantly and adversely impact normal protein homeostasis and gene expression to increase the risk of a wide range of diseases, thereby facilitating their development and progression (Nelson et al., 2016).

Therefore, TDP-43 proteinopathy is a promiscuous misfoldingopathy and can overlap with each other in many aspects, so it’s necessary to differentiate them for better clinical diagnosis (Nelson et al., 2010). The main differences are risk genes, pathological proteins and types, clinical syndromes, as well as biomarkers. As granulin (GRN), apolipoprotein E (APOE), TMEM106B and many other risk genes present in more than one TDP-43 proteinopathy, it would be a prosperous finding if there are risk genes that specific to a particular subtype. Previous reports found that ALS and FTLD patients had higher TDP-43 levels in cerebrospinal fluid (CSF; Steinacker et al., 2008), despite not so convinced currently, increased TDP-43 in CSF may be related to the involvement of lesions near the ventricle or a sign of disease severity. Other methods like magnetic resonance imaging (MRI) and FDG-PET has been used to aid diagnosis in TDP-43 proteinopathy. As studies indicate that neurodegenerative diseases are related with specific intrinsic functional connectivity networks that varied among individuals, functional MRI studies may help to explain which groups are susceptible to certain diseases based on brain connectivity (Franzmeier et al., 2018).



THE ASSOCIATION BETWEEN LATE AND TDP-43

LATE has been classified as a form of TDP-43 proteinopathy that impacts adults of advanced age regardless of whether or not they exhibit hippocampal sclerosis; LATE neuropathological change (LATE-NC) is characterized by mislocalized and phosphorylated TDP-43 that mainly affects limbic structures (Nelson et al., 2019). According to the anatomical distribution of TDP-43, the simplified staging includes the amygdala (stage 1); hippocampus (stage 2); middle frontal gyrus (stage 3; Nag et al., 2018). An updated staging scheme suggests amygdala (stage 1); entorhinal cortex and subiculum (stage 2); dentate gyrus of the hippocampus and occipitotemporal cortex (stage 3); insular cortex, ventral striatum, basal forebrain and inferior temporal cortex (stage 4); substantia nigra, inferior olive and midbrain tectum (stage 5); basal ganglia and middle frontal cortex (stage 6; Josephs et al., 2016). From a clinical perspective, LATE is very similar to AD with patients exhibiting progressive memory loss (Nelson et al., 2019). One study described AD with different neuropathologic subtypes (typical, limbic-predominant, and hippocampal sparing; Murray et al., 2011), and another study suggested the association between pTau and pTDP-43 is important in the limbic-predominant subtype (Latimer et al., 2019). However, compared with AD, LATE most commonly affects individuals of very advanced age and many cases with “end-stage” AD neuropathologic changes (ADNC) disease actually lack TDP-43 proteinopathy (Nelson et al., 2019). The current definition of LATE-NC includes cases without ADNC and the subtypes of AD brought by Murray et al. (2011) may refer in part to cases of LATE. Despite this, TDP-43 can comorbid amyloid-β and various tau pathologies in the context of LATE-NC. Studies have shown that Aβ deposition can increase TDP-43 phosphorylation and cytoplasmic localization, whereas Aβ clearance prevents TDP-43 propagation (Herman et al., 2011). TDP-43 and Aβ can oligomerize to seed the amyloid oligomerization (Fang et al., 2014). TDP-43 inclusions have also been detected within neurons exhibiting NFTs that are distinct from tau-based NFTs, suggesting that TDP-43 can mediate NFT formation either alone or through tau interactions (Amador-Ortiz et al., 2007b). Further studies are needed to explore the relationships and interactions between TDP-43, Aβ, and tau in order to determine whether these interactions can be targeted to mediate therapeutic treatment of AD and LATE.

LATE-NC shows feature reminiscent of FTLD-TDP Type A often related to HS, TMEM and GRN genetic risk factors, and it’s necessary to discuss the overlap and differences between these two pathologies. As for differences, LATE-NC was more common in the elderly, associated with more marked neuronal and synaptic loss and with greater reactive gliosis, as well as more corpora amylacea and less cortical atrophy (Amador-Ortiz et al., 2007a). Previous studies found the fragments in LATE and FTLD-TDP TypeA were of no difference (Hasegawa et al., 2008). However, a recent study found that different band patterns of the C-terminal fragments can varied among diseases (Hasegawa et al., 2011).



THE GENETIC RELATIONSHIP BETWEEN LATE AND TDP-43

Five risk alleles have been identified to be associated with LATE (Nelson et al., 2019). Both GRN and TMEM106B have been found to be linked to the risk of hippocampal sclerosis and TDP-43 proteinopathy in the context of FTLD (Baker et al., 2006; Boeve et al., 2006; Van Deerlin et al., 2010). Therefore FTLD and LATE may show one common pathologic pathway. The key to this pathway is reduced progranulin levels. Progranulin expression plays a modulatory role in tissue damage within the central nervous system (CNS) to suppress excessive immunity-based microglial activation and protecting neurons from reactive oxygen species and proinflammatory cytokines (Sun and Eriksen, 2011). Both GRN and TMEM106B variations can result in reduced progranulin levels, the former through creating null alleles while the latter function in the presence of GRN mutations (Finch et al., 2011; Murray et al., 2014; Nelson et al., 2015). In addition, there are pieces of evidence that TDP-43 can regulate the stability of the GRN mRNA through interacting with its 3’-untranslated region (UTR), thereby regulating progranulin levels (Fontana et al., 2015). The reduced progranulin level has direct neurotrophic and inflammatory response-modulating functions and higher susceptibility for stress, which is found to play a role in TDP-43 processing and increase the vulnerability of specific CA1 neuron populations (Zhang et al., 2007; Hokkanen et al., 2019). When GRN is depleted, this leads to enhanced caspase-3 activation, which may serve as an initiating event mediating TDP-43 cleavage and associated TDP-43 pathology (Guo et al., 2010).

Beyond these key risk genes, other genes such as TARDBP, valosin-containing protein (VCP), and C9ORF72 have been found to be associated with TDP-43 proteinopathy (Pesiridis et al., 2009; Mackenzie et al., 2011; Wilson et al., 2013). However, what if any relationship these genes may have with LATE remains to be determined.



THE PATHOLOGICAL RELATIONSHIP BETWEEN LATE AND TDP-43

Previous study has described two types of TDP-43 distribution: limbic and diffuse (Amador-Ortiz et al., 2007b). One research found that a 10-year increase in age was associated with a 1.8-fold increase in the odds of limbic-type relative to being TDP-43 negative (Josephs et al., 2014b). Therefore, limbic group corresponds most closely to the stage I–III (Josephs et al., 2016), i.e., typical LATE. From stages I to III, besides the severity of amygdala TDP-43 immunoreactivity increased across the stages, only the hippocampus and entorhinal cortex volumes progressively declined with increasing stage (Josephs et al., 2014a). Hippocampal sclerosis (HpScl) in LATE cases, is frequently asymmetric, progressing along a rostral-caudal gradient compared with HpScl in AD (Nelson et al., 2019). Perhaps, the interaction of TDP-43 and tau could change and aggravate the HpScl in AD. In stage B2 and B3 of NFTs, hippocampal TDP-43 is associated with more rapid atrophy of this region, while a link between higher NFT stage and more rapid hippocampal atrophy was detected for TDP-43 stages of 0 and 1 (Josephs et al., 2017). However, as many other factors can cause HpScl and above half LATE cases without HpScl, it is hard to definitely tell that TDP-43 accelerate HpScl in LATE, more studies are needed to make clear relationships among TDP-43, HpScl and LATE.

TDP-43 pathological findings can also include the presence of abnormal TDP-43 fibrillary inclusions in astrocytes, potentially suggesting that the blood-brain barrier may be compromised in affected individuals (Lin et al., 2009). Meanwhile, TDP-43 inclusion-sensitive neurons have also been found in the limbic lobe (Amador-Ortiz et al., 2007b).



THE CLINICAL ASSOCIATION BETWEEN LATE AND TDP-43

Both hippocampal sclerosis and TDP-43-associated pathology are increasingly recognized to adversely impact cognition (Dutra et al., 2015), with these two conditions acting in an additive manner to impair cognitive function (Josephs et al., 2014b). As mentioned before, LATE is associated with progressive memory deficits (Nelson et al., 2019), and recent work suggests that TDP-43 pathology must progress to stage 2 prior to these AD-like dementia symptoms being evident (James et al., 2016).

Increased TDP-43 inclusion levels have been linked to decreased global cognition and faster cognitive decline in a linear manner (Wilson et al., 2013). Combined hippocampal sclerosis and TDP-43 pathology have been linked to impairment of global cognition and episodic and semantic memory, while TDP-43 pathology in the absence of hippocampal sclerosis has been linked only to poorer episodic memory (Lin et al., 2009; Wilson et al., 2013; Nag et al., 2015). Hippocampal sclerosis on its own has been linked to semantic memory deficits (Wilson et al., 2013). One study suggested that subjects with both AD and TDP-43 proteinopathy were more likely to exhibit symptoms of agitation and aggression (Sennik et al., 2017). These results clearly demonstrate that TDP-43 pathology plays a major role in the loss of cognitive function in those of a more advanced age. Moreover, the specific locations of TDP-43 aggregate formation likely impact the associated clinical symptoms. TDP-43 pathology is most frequently evident in the medial temporal lobe, potentially accounting for its clear link with the loss of episodic memory (Wilson et al., 2013). Other studies have also found TDP-43 deposition in the ventral striatum and basal forebrain is linked to poorer performance on memory, language, and executive tests (Josephs et al., 2016).

In all, the symptoms associated with TDP-43-linked pathology depend on the nature of the pathology and the brain regions wherein these aggregates manifest. As such, further studies of the stages and mechanistic basis for TDP-43 progression in the context of pathological and clinical progression are warranted.



CONCLUDING REMARKS AND FUTURE PROSPECTS

There is increasing recognition of the prevalence and importance of TDP-43-associated neurodegenerative disease in individuals of advanced age. While many of the studies on this topic to date have demonstrated TDP-43 are associated with various diseases, it is unclear for the most part whether this pathology is causative, promote and/or enhance disease, or instead is a consequence of otherwise related pathophysiology. Although the mechanism is not that clear, Methylene blue and dimebon have been found to inhibit aggregation of TDP-43 in cellular models (Arai et al., 2010) and the former has also been shown to inhibit AD-like Aβ and tau aggregation in vitro (Wischik et al., 1996; Taniguchi et al., 2005). Future research should focus on several aspects in order to better understand the TDP-43 and LATE, then to find a potential therapeutic target. There are many ways to be explored, such as the common pathway of the formation of dementia-related protein; the synergy and interaction among Aβ, tau, TDP-43 as well as other related pathological protein; the real role of progranulin in LATE and the mechanism of Methylene blue and dimebon therapy in LATE. In addition, more research is needed to clearly classify the relationship of TDP-43 pathological features with TDP-43 involved regions as well as corresponding clinical syndromes. It is of importance to address the following questions: why pathological change can also present in part of normal individuals? Is it a prediction of people who will develop age-related dementia? As the 35 kDa fragment of TDP-43 caused motor deficits, can LATE cases show motor syndromes in end-stage? No matter TDP-43 is a cause or an effect, what is the upstream or downstream target of TDP-43? Additional elucidation of the role of TDP-43 in ALS and FTLD may shine further light on its role in LATE as well. It is also important that further studies fully explore clinical neuropathological correlations that may guide the diagnosis and treatment of individuals suffering from age-related dementia.
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Objectives: Visuospatial dysfunction (VSD) is one of the most important symptoms for the diagnosis of dementia with Lewy bodies (DLB). The aim of this study was to validate a novel VSD questionnaire and determine the cutoff score for the screening for VSD in DLB.

Methods: This is a retrospective analysis of data from a project of the History-based Artificial Intelligent Clinical Dementia Diagnostic System (HAICDDS). VSD of non-demented control (NDC), Alzheimer’s disease (AD), and DLB participants were analyzed and compared using the visuospatial questionnaire in the HAICDDS (HAI-VSQ), the Draw subscale in the Cognitive Abilities Screening Instrument (CASI-Draw), and the visuospatial subscale in Montreal Cognitive Assessment (MoCA-VS).

Results: A total of 440 individuals were studied, including 154 NDC, 229 AD, and 57 DLB participants. Compared to NDC or AD participants, DLB participants showed a higher total score on HAI-VSQ after adjustment for age. Using HAI-VSQ, a cutoff score ≥ 2 was useful for the screening for VSD in DLB with a sensitivity of 0.77 and a specificity of 0.94. Compared with CASI-Draw or MoCA-VS, HAI-VSQ was least influenced by gender, age, and education and had the highest correlation with the sum of boxes of the Clinical Dementia Rating scale. After adjustment for age, education, gender, and global cognitive function, HAI-VSQ significantly discriminated DLB from AD and NDC whereas MoCA-VS or CASI-Draw did not.

Conclusion: Our study showed that the newly designed simple questionnaire was a practical screening tool for VSD in DLB that can be applied in clinical practice as well as on a registration platform.

Keywords: visuospatial dysfunction, Alzheimer’s disease, dementia with Lewy bodies, screening tools, cognitive abilities


INTRODUCTION

Visuospatial dysfunction (VSD) is a common clinical symptom used for the diagnosis of cognitive impairment or dementia due to Alzheimer’s disease (AD) (McKhann et al., 2011; Kim et al., 2017). Furthermore, VSD is the central symptom for the diagnosis of dementia with Lewy bodies (DLB) (McKeith et al., 2017). DLB is the second most-common type of degenerative dementia and previous studies have provided evidence of VSD in patients with DLB (McKeith et al., 2017). Previous studies assessing VSD in patients with dementia revealed several important clinical information with particular relevance for its connection to DLB. For example, salient and initial VSD are essential for the diagnosis of DLB (McKeith et al., 2017). Besides, well-formed, detailed, and complex visual hallucinations (VH) are among the core diagnostic features for DLB and this striking feature starts early in the disease (McKeith et al., 2017). The presence of VSD may also identify patients whose syndrome is driven by DLB rather than by AD pathology (Hamilton et al., 2012). The presence of early and severe VSD increases the likelihood that patients will develop prototypical DLB syndrome (Hamilton et al., 2012). In the early stages of dementia, VSD is more profound in DLB than in AD but memory retrieval deficit is more prominent in AD than in DLB (Yoshizawa et al., 2013). Studies of VSD mainly focused on the clinical performance of perception of locations or objects (Culham et al., 2006). Unlike these types of performance, visuomotor dysfunction manifests in goal-directed or visual-guided behavior and is also regarded as part of the visuospatial system of the brain (Culham et al., 2006). Visuomotor function is compromised in AD compared to normal elderly (Tippett et al., 2007; Galati et al., 2011; Hawkins and Sergio, 2014). Pathophysiological studies of visuomotor dysfunction revealed that reciprocal communication between hippocampal, parietal, and frontal brain regions play an important role in transforming visual-spatial information into goal-directed actions (Galati et al., 2011; Hawkins and Sergio, 2014). Disrupting these connections could affect the skills for activities of daily living (Hawkins and Sergio, 2014). Several studies using visuospatial/visuomotor function tests of the performance of visual recognition, visual discrimination, visual attention, or visuo-perceptive integration in DLB compared to AD revealed that these skills are impaired in DLB compared with AD (Oda et al., 2009; Yamaguchi et al., 2011; Li et al., 2014).

Based on these studies and diagnostic criteria, VSD including impairment of visuomotor skills is important for the diagnosis of dementia including AD and DLB. Therefore, a simple screening tool for VSD would be useful in a clinical setting but VSD assessment in common informant-based dementia assessment tools is still lacking and unable to satisfy the clinical requirements. For example, in the Clinical Dementia Rating (CDR) scale, evaluation of VSD is embedded in the domain of orientation and only a few questions address navigating function (Hamilton et al., 2012) but no question addresses visuomotor function. Impaired visuomotor skills are also important in other domains that are characteristic of DLB or posterior cortical atrophy (PCA) (McKhann et al., 2011; McKeith et al., 2017). Furthermore, frequently- used cognitive screening tests for dementia or cognitive impairment, for example, Mini-Mental Status Examination (MMSE), Cognitive Abilities Screening Instrument (CASI), and Montreal Cognitive Assessment (MoCA), also do not include visuomotor skills (Folstein et al., 1975; Teng et al., 1994; Chen et al., 2016).

To solve this problem, the initial aim of our study was to validate a novel VSD questionnaire that contained frequently-asked questions or common complaints of visuospatial and visuomotor symptoms obtained from caregivers or patients. In addition, we intended to use the simple questionnaire for investigating different presentations of VSD among the non-demented (ND) elderly, patients with neurodegenerative disorders including AD, DLB, or other disorders. Furthermore, during the consecutive data collection, the embedded auto-judgment program in the questionnaire continued to revise machine learning techniques to improve the ability of differential diagnosis of severity and subtypes of dementia.



MATERIALS AND METHODS

This is a sub-study of the History-based Artificial Intelligent Clinical Dementia Diagnostic System (HAICDDS) project which is currently used as a registration platform in the Show Chwan Health System. Before the starting of the study, twenty-six participants with their informants were interviewed by neuropsychologists from 3 centers of the health system and the reproducibility was investigated using the interrater reliability analysis. The results revealed a high intra-class correlation coefficient of 0.830. The detailed procedure of this project was described in our previous reports (Lin et al., 2018; Chiu et al., 2019a, b). In this study, we analyzed the data of individuals with normal cognition (NC), mild cognitive impairment (MCI), and dementia due to DLB or AD.


Diagnosis of AD or DLB

The diagnosis of DLB was made according to the revised consensus criteria for probable DLB developed by the fourth report of the DLB consortium (McKeith et al., 2017). According to these criteria, at least two of the following core features including fluctuation of cognition, VH, parkinsonism, and REM sleep behavior disorder (RBD) or one core features plus at least one indicative biomarker including abnormal dopamine transporter imaging (DaTabN), abnormal 123I-metaiodobenzylguanidine (MIBG), and REM sleep without atonia (RSWA) were necessary for the diagnosis of probable DLB. AD patients were diagnosed according to the criteria for probable AD developed by the National Institute on Aging and Alzheimer’s Association Workgroup (NIA-AA) (Kim et al., 2017).



Diagnosis of Non-demented Control (NDC) or Different Stages of Dementia

For the diagnosis of NDC, patients should have NC or MCI. NC was diagnosed with a global CDR (Morris, 1993) score of 0. MCI was diagnosed based on the criteria for MCI of the National Institute on Aging and Alzheimer’s Association Workgroup on 2011 (Albert et al., 2011) as a change in cognition with impairment in one or more cognitive domains but no evidence of impairment in social or occupational functioning with a CDR score of 0.5 and the sum of boxes of CDR (CDR-SB) 0.5–4.0 (O’Bryant et al., 2008). The diagnosis of dementia was made according to the criteria for dementia developed by the NIA-AA (Kim et al., 2017). Participants with dementia had impairments in two or more cognitive domains as well as a decline in daily functions (at least one of the domains of community affairs, home hobbies, and personal care with a CDR ≥ 0.5). Dementia severity was defined by a global CDR scale. A global CDR score of 0.5, 1, 2, and 3 was defined as very mild, mild, moderate, and severe dementia, respectively (Morris, 1993).



Procedure of the Study

This is a retrospective analysis of data from the HAICDDS which is currently applied in three centers in Taiwan (two in central Taiwan and one in southern Taiwan). In the database, daily function was assessed using the Instrumental Activities of Daily Living (IADL) Scale (Lawton and Brody, 1969). Cognitive function was assessed using the Cognitive Abilities Screening Instrument (CASI) (Teng et al., 1994) and the Montreal Cognitive Assessment (MoCA) (Chen et al., 2016). Cognitive tests for all patients were performed by trained neuropsychologists. VSD was assessed using the visuospatial subscale of CASI (CASI-Draw, total score 0–10), of MoCA (MoCA-VS, total score 0–5), and of the HAICDDS (HAI-VSQ, total score 0–12) which includes 7 visuospatial/visuomotor function questions (The original Chinese version of the questionnaire with tentative English translation is shown in Appendix Table A1). VSD of NDC, AD, and DLB were analyzed and compared. In performing HAICDDS, informants of the participants were interviewed by a well-trained neuropsychologist and were requested to fill out the original structured questionnaire to determine the severity of dementia or cognitive impairment.



Statistics

The Chinese version of SPSS 22.0 for Windows (IBM, SPSS Inc., Chicago) was used for statistical analyses. For the determination of cut-off score for the differentiation from DLB to NCD, we want to maximize both the sensitivity and specificity therefore, the Youden’s index was applied, which is maximum = sensitivity + specificity − 1. Comparisons of demographic data, neuropsychological tests, sum of boxes of CDR (CDR-SB), IADL, MoCA, MoCA-VS, CASI, CASI-Draw, HAI-VSQ, and sum of score of the Neuropsychiatric Inventory (NPI-sum) (Cummings, 1988) were compared between the different groups and analyzed using independent t-tests or one-way ANOVA with either Bonferroni or Dunnett T3 post hoc analysis according to the homogeneity of variance. Gender and DLB clinical features (fluctuation, VH, RBD, Parkinsonism, and abnormal dopamine transporter imaging) (McKeith et al., 2017) were analyzed with the chi-square test. Multivariable risk estimates (OR) for each question in HAI-VSQ, CASI-Draw, and MoCA-VSQ were adjusted for age, gender, education, and cognitive function and compared between AD/NDC, DLB/NDC, and DLB/AD groups. Pearson correlation coefficients were derived between age, education, gender, CDR-SB, IADL, CASI, MoCA, and NPI of the different diagnostic tools for VSD.



Ethical Consideration

The participants were selected from a register-based database of Show Chwan Health System. The study design was retrospective and the data were analyzed anonymously. The Committee for Medical Research Ethics of Show Chwan Memorial Hospital reviewed the project and the Data Inspectorate approved the study.



RESULTS

A total of 440 individuals were studied, including 154 NDC, 229 AD, and 57 DLB participants. One or more visuospatial symptoms were reported in 31.2% of NC, 81.7% of AD, and 91.2% of DLB participants. Mean age of the NDC group (71.3 ± 9.2) was significantly smaller than those of DLB (81.3 ± 7.0) or AD (80.2 ± 7.2) using one-way ANOVA (F = 65.58; p < 0.001). After adjustment for age, the dementia groups showed impaired responses to all questions compared to the NDC group (all p < 0.001). Compared to NDC (0.4 ± 0.6) or AD (2.0 ± 2.2), the DLB (3.3 ± 2.2) group showed significantly increased total score of the HAI-VSQ after adjustment for age (both p < 0.001). Using HAI-VSQ, a cutoff score ≥ 2 was useful for the discrimination of VSD in DLB and NDC with a sensitivity of 0.77, a specificity of 0.94, and an AUC of 0.91 (Figure 1).


[image: image]

FIGURE 1. Receiver–operating characteristic curves (ROC) of the HAI-VSQ for the discrimination of VSD in DLB and NDC. A cutoff score ≥ 2 was useful with a sensitivity of 0.77, a specificity of 0.94, and an AUC of 0.91.


Additionally, the DLB group demonstrated higher CDR-SB, NPI, and Lewy body clinical features, including fluctuation of cognition, VH, Parkinsonism, and RBD after adjustment for age (all p < 0.001). The DLB group also demonstrated significant lower IADL, CASI, and MoCA compared to NDC or AD participants after adjustment for age (all p < 0.001). Compared to NDC participants, AD patients showed significantly higher CDR-SB, were proportionally more often female, had a significantly higher total score of the HAI-VSQ, NPI, and significantly higher fluctuation after adjustment for age (all p < 0.001). The AD patients also demonstrated lower education, IADL, MoCA, and CASI compared to NDC participants (Table 1).


TABLE 1. Comparison of demographic data among the NDC (N = 154), AD (N = 229), and DLB (N = 57) participants.

[image: Table 1]Pearson correlation coefficients between age, education, gender, CDR-SB, IADL, CASI, MoCA, and NPI of different diagnostic tools for VSD are summarized in Table 2. The HAI-VSQ had weak to moderate correlation with MoCA-VS (r = -0.380, p < 0.001) or CASI-Draw (r = -0.467, p < 0.001). Furthermore, except for the non-correlation between HAI-VSQ with gender (r = -0.026, p < 0.341), other parameters were significantly correlated. In contrast to HAI-VSQ, MoCA-VS (r = 0.234, p < 0.001) and CASI-Draw (r = 0.187, p < 0.001) were weakly correlated to gender. Compared to MoCA-VS or CASI-Draw, HAI-VSQ had the lowest correlation with age or education and the highest correlation with CDR-SB.


TABLE 2. Point-Biserial correlation coefficients between age, education, gender, CDR-SB, IADL, CASI, MoCA, and NPI of different diagnostic tools for visuospatial dysfunction among all participants in NDC, AD, and DLB Groups.

[image: Table 2]The comparison of visuospatial subscales in HAI-VSQ, MoCA-VS, and CASI-Draw among NDC, AD, and DLB, the odds ratio (OR) adjusted for age, education, gender, and the cognitive state by CASI total score are summarized in Table 3. The HAI-VSQ significantly discriminated DLB from AD or NDC whereas MoCA-VS or CASI-Draw did not.


TABLE 3. Comparison of visuospatial subscales in HAICDDS (HAI-VSQ), MoCA (MoCA-VS), and CASI (CASI-Draw) among NDC (N = 154), AD (N = 229), and DLB (N = 57) participants.

[image: Table 3]Visuospatial subscales of HAI-VSQ (A), MoCA-VS (B), and CASI-Draw (C) in different stages of dementia with Lewy bodies (DLB) and non-DLB are summarized in Figure 2. Among all participants, significantly increased HAI-VSQ (all p < 0.001) and decreased CASI-Draw (all p < 0.05) were noted as the severity of dementia increased. MoCA-VS was different in the CDR 0/0.5 stage compared to other stages (all p < 0.001). Among DLB participants, HAI-VSQ showed significant differences in CDR 3 vs. CDR 2, CDR 3 vs. CDR 1, CDR 3 vs. CDR 0/0.5, and CDR 2 vs. CDR 0/0.5. CASI-Draw showed significant differences in CDR 0/0.5 vs. CDR 1, CDR 2, and CDR 3. MoCA-VS did not differentiate between any two stages according to CDR. Among non-DLB participants, significantly increased HAI-VSQ (all p < 0.001) and decreased CASI-Draw (all p < 0.05) were noted as the severity of dementia increased. Except for CDR 2 vs. CDR 3, significantly decreased MoCA-VS (all p < 0.005) was noted as the severity of dementia increased.


[image: image]

FIGURE 2. Visuospatial subscales of HAICDDS (HAI-VSQ, A), MoCA (MoCA-VS, B), and CASI (CASI-Draw, C) in different stages of dementia with Lewy bodies (DLB), non-DLB, and all participants. Participants with CDR 0 were classified only in the non-LBD group and all participants. (A) HAI-VSQ in different stages according to CDR. (B) MoCA-VS in different stages according to CDR. (1c) CASI-Draw in different stages according to CDR.




DISCUSSION

This study was a sub-study of the HAICDDS project, analyzing and comparing data between NDC, AD, and DLB groups with two main results. First, using HAI-VSQ, a cutoff score ≥ 2 discriminates VSD in DLB from NDC with high sensitivity (0.77), specificity (0.94), and AUC (0.91). To provide more objective evidence, we analyzed the correlation of the HAI-VSQ with dopamine transporter imaging among NDC and DLB groups and the result showed a high negative correlation of striatal background ratio (SBR) of dopamine transporter imaging with the HAI-VSQ with correlation coefficient -0.571 and p < 0.001. These findings have provided additional evidence that the HAI-VSQ has high correlation with DLB because of abnormal dopamine transporter imaging being the indicative biomarker for the diagnosis of DLB. Therefore, we provided a simple tool that can help clinicians to detect DLB more easily at the bedside or in clinics. Additionally, HAI-VSQ is probably the first informant-based VSD questionnaire that includes not only visuospatial but also visuomotor questions. We found more severe VSD according to the questionnaire in patients with DLB compared to NDC or AD. In this study, one or more visuospatial or visuomotor symptoms were reported in 31.2% of NDC, and 81.7% of AD and 91.2% of DLB patients. In mild stages, symptoms were reported in 74.4% of AD and 80.8% of DLB patients in CDR = 0.5 or 1. These results are consistent with previous studies on VSD that showed common and early symptoms in AD as well as in DLB (Culham et al., 2006; Tippett et al., 2007; Oda et al., 2009; Galati et al., 2011; Yamaguchi et al., 2011; Hamilton et al., 2012; Yoshizawa et al., 2013; Hawkins and Sergio, 2014; Li et al., 2014). More severe VSD in DLB according to the HAI-VSQ compared to AD is also consistent with results from previous studies (Oda et al., 2009; Yamaguchi et al., 2011; Li et al., 2014).

Second, compared to MoCA-VS or CASI-Draw, HAI-VSQ had no correlation with gender and the lowest correlation with age and education. We considered this an important result because the current frequently-used dementia screening tools such as MoCA or CASI are too sensitive to age, gender, culture, and education. Therefore, a large variety of cut-off scores and adjustments are necessary for the screening of dementia or cognitive impairment when using these tools (Lin et al., 2002; Nasreddine et al., 2005; Chen et al., 2016). Furthermore, HAI-VSQ had the highest correlation with CDR-SB which had the highest correlation with dementia severity compared to the MoCA-VS or CASI-Draw scales.

In addition to above-mentioned findings, after adjustment for age, education, gender, and cognitive state by CASI total score, HAI-VSQ was significantly different in DLB patient than in NDC (OR = 4.28, p < 0.001) or AD patients (OR = 1.48, p < 0.001), and between AD patients and NDC participants (OR = 2.79, p < 0.001). MoCA-VS or CASI-Draw showed no significant differences. This finding underlines the clinical applicability of the HAI-VSQ for the discrimination of DLB from AD or NDC and of AD from NDC participants. This also indicates that the information acquired from caregivers may be more useful or at least as useful as the cognitive performance of patients because the caregivers directly face the caring problems which might result in a higher impact of VSD on them.

Finally, we want to address the important issue that commonly-used informant-based questionnaires for the screening of dementia or cognitive impairment from normal elderly including CDR, AD8, or IQCODE are lacking or have only a few questions regarding VSD (Jorm et al., 1991; Morris, 1993; Galvin et al., 2005; Razavi et al., 2014). We are providing a simple informant-based visuospatial questionnaire for the clinical assessment of individuals with dementia. The purpose of our study was not using a cut-off score for the discrimination of patients with language dysfunction from normal people. Instead, we want to provide an easy way for clinicians to be aware of the visuospatial as well as visuomotor problems of patients with dementia due to AD or DLB.

There are several limitations to this study. First, the questionnaire is an original Taiwanese version. More precise and colloquial translations will be necessary when translating the questionnaire to other language versions although we have preliminarily translated the questionnaire to English. Second, our study was conducted in only three centers in Taiwan and the questionnaire contained only seven questions. The findings of different presentations of VSD may not be generalizable to all individuals with NDC, AD, or DLB. Third, the comparison among different groups in our study was retrospective and cross-sectional. Therefore, a causal relationship between VSD and the underlying pathophysiologies of AD or DLB could not be investigated.



CONCLUSION

In conclusion, our study showed that similar to our recently published language questionnaire (HAICDDS-Language) (Lin et al., 2018), the informant-based simple questionnaire was a practical screening tool and was more applicable than the visuospatial subscale of MoCA or CASI for the discrimination of NDC, AD, and DLB. We intend to design and validate several dementia-related simple questionnaires and hope that these rapid screening tools can be applied in clinical practice as well as in a registration platform for the screening of VSD as well as other cognitive dysfunctions. A further goal is to implement machine learning techniques to improve the accuracy and efficiency of these questionnaires.
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Appendix


TABLE A1. Composition of the visuospatial questionnaire in HAICDDS (HAI-VSQ).
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Electroacupuncture (EA) has become popular for its adjustable strength and frequency and easy quantification in the clinic and has demonstrated therapeutic potential for Alzheimer’s disease (AD). However, the mechanism remains unknown. Abnormally activated c-Jun N-terminal kinase (JNK) has been closely related to the pathological process of AD. The aim of this study was to investigate the effect of EA on cognitive impairment and the role of the JNK signaling pathway in AD model amyloid precursor protein (APP)/presenilin 1 (PS1) mice. The memory and learning ability of each group was assessed using the Morris Water Maze (MWM). Immunofluorescence, immunohistochemistry and Western blot were performed to measure the expression of APP, JNK, phosphorylated (P-)JNK, mitogen-activated protein kinase 4 (MKK4), MKK7, c-Jun and caspase-3 in hippocampal tissue samples in APP/PS1 mice after EA intervention. Obvious cognitive deficits were observed in the AD model APP/PS1 mice in the MWM test and were associated with JNK signaling pathway activation and APP upregulation. Four weeks of EA significantly ameliorated the cognitive impairments and inhibited JNK signaling pathway activation and APP upregulation. Taken together, the findings demonstrated that EA can reverse cognitive deficits and substantially lower the burden of APP in AD model APP/PS1 mice, at least partially through inhibiting the JNK signaling pathway and regulating apoptosis signals. Therefore, EA may offer an effective alternative therapeutic approach for AD.

Keywords: electroacupuncture, Alzheimer’s disease, APP/PS1 mice, cognitive impairment, JNK signaling pathway, apoptosis


INTRODUCTION

Alzheimer’s disease (AD), the most common cause of dementia, is a slowly progressive neurodegenerative disease that ultimately leads to impairments in several brain functions, such as learning and memory (McKhann et al., 2011). The patient’s ability to live and socialize is severely impaired. The “World Alzheimer Report 2018” noted that is one new dementia patient every three seconds in the world and that by 2050, there will be 152 million dementia patients worldwide. Therefore, AD has become a significant global social burden (Lozano et al., 2012).

The classic amyloid hypothesis states that the deposition of amyloid β (Aβ) protein (Morris et al., 1996; Pike et al., 2007), which is generated by β-amyloid precursor protein (APP) cleavage, is the major event in AD pathology. The aggregation of Aβ initiates irreversible neurodegeneration, which leads to neuronal cell damage and even death (Emerit et al., 2004). Studies have shown that dying cells in the brains of AD patients, including neurons, are characterized by apoptosis (Bredesen et al., 2006).

c-Jun N-terminal kinases (JNKs) belong to the family of stress-activated protein kinases (Kim and Choi, 2010). The JNK pathway plays an important role in a variety of physiological and pathological processes that are mainly involved in apoptosis. JNK activation has been identified as a key element responsible for the regulation of apoptosis signals. Studies have shown that the early activation of JNK is always accompanied by neuronal apoptosis induced by the deposition of Aβ in the brain, indicating that activation of the JNK signaling pathway is involved in the deposition of Aβ and its induced neurotoxicity (Lagalwar et al., 2006; Tare et al., 2011; Li G. Q. et al., 2018). Therefore, abnormally activated JNK is closely related to the pathological process of AD (Ramin et al., 2011; Yarza et al., 2016).

Despite the development of diagnostic techniques for AD, effective and safe therapeutic interventions remain to be found. Because of its curative effects and few side effects, acupuncture has been practiced in more than 183 countries and areas. Compared with manual acupuncture (MA), electroacupuncture (EA) has become popular for its adjustable strength, frequency and easy quantification in the clinic (Pan et al., 2017; Li S. et al., 2018). Studies have also shown that the effect of acupuncture on the brain is integrated at multiple levels, and EA is progressively being used in more clinical practices (Sun et al., 2016; Wei et al., 2016; Chang et al., 2017). In recent years, acupuncture has been used for treating AD and reported to have effectiveness in improving cognitive function (Jiang et al., 2015; Cao et al., 2017; Ding et al., 2019). However, the possible mechanism of action of acupuncture or EA on cognition in AD patients remains uncertain, limiting the application of these studies to guide clinical practice. The mechanism of action of acupuncture must be explored.

Therefore, in this study, we investigated the effect of EA, focusing on the JNK pathway, to determine whether there is an important function of EA in the regulation of the JNK pathway and JNK-dependent apoptosis in AD and further elucidate the mechanism of the potential therapeutic effects of EA.



MATERIALS AND METHODS


Animals and Experimental Groups

Forty 7-month-old male APP/PS1 mice and ten age- and gender-matched C57BL/6 mice were sourced from Beijing HuaFuKang Biotech [Certificate number: SCXK (Jing) 2014-0004], weighing 30 ± 2 g. The APP/PS1 mice were randomly divided into four groups: the model (AD) group, the model + SP600125 (AD + SP) group, the model + EA (AD + EA) group and the model + EA + SP600125 (AD + SP + EA) group, with ten mice in each group. The C57BL/6 mice served as the normal control (N) group. To avoid outside interference, all mice were housed separately in standard mouse cages under constant temperature (23 ± 2°C) and constant humidity (40–60%), with free access to water and food. The study was conducted in strict accordance with the Animal Ethics Committee of Beijing University of Chinese Medicine. We made every effort to minimize the suffering of the animals during the experimental procedure. This animal experiment has been approved by Experimental Animal Ethics Committee of the Second Affiliated Hospital of Zhejiang University (No. 2015-084).



Apparatus and Reagents

Reagents and apparatuses are displayed in Table 1.


TABLE 1. Apparatus and reagents used in this study.

[image: Table 1]


Methods of Intervention

EA treatment was performed on the AD + EA and AD + SP + EA groups on the acupuncture points Baihui (GV20) (located on the bregma, midpoint of the linking line of mouse ears), Yintang (GV29) (located in the forehead, the middle depression of the two eyebrows at the medial end), and Shuigou (GV26) (located on the face, at the upper one-third of the philtrum) (Figure 1, Tang et al., 2019). Baihui (GV20) and Yintang (GV29) received EA intervention for 20 min, with an intensity of 1 mA and a frequency of 1 Hz, followed by fast pricking of Shuigou (GV26). To immobilize the mice, We have made special bags based on the size of the mice. Ever since the mice crawled inside the bags, two clips would be performed to close the opening back of the bags, which absolutely control and immobilize the mice well. Since the first third of the bags were reticulated, experimental mice could breath properly.
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FIGURE 1. Locations of acupoints we applied in this study. Red points indicate the three governor vessel acupoints respectively: GV20, GV29, and GV26. (A) Top views of GV20, GV29, and GV26. (B) Locations of GV20, GV29, and GV26.


SP600125 was injected intraperitoneally (30 mg/kg) into the AD + SP and AD + SP + EA groups before EA treatment. SP600125 (Sigma-Aldrich, St. Louis, MO, United States) is a JNK pathway blocker and was prepared with 2% dimethyl sulfoxide (DMSO) solvent.

Mice in the N, AD, and AD + SP groups received no EA treatment but were held and bound to ensure an equivalent trial condition. The intervention was performed once every other day for 4 weeks.



Morris Water Maze (MWM)

Cognitive impairment was assessed using the MWM test, including a training trial and a probe trial to measure memory (D’Hooge and De Deyn, 2001; Vorhees and Williams, 2006). Throughout the training trials, the location of the platform was fixed in the center of the third quadrant (target quadrant) and submerged approximately 1 cm beneath the water surface. The training trial was repeated for five consecutive days. The mice were gently released from the first, second and fourth quadrants, sequentially, in each trial, at an equal distance to the center of the tank. The trial was terminated if the mouse failed to climb onto the platform within 60 s. Spatial acquisition performance was evaluated by assessing the escape latency to reach the platform. A 60-s probe trial was administered 24 h after the last training session. In the probe trial, the platform was removed from the pool, and the mice were placed in the first, second and fourth quadrants, sequentially. The swimming speed, frequency of crossing the platform in the target quadrant (the previous platform location), and percentage of time spent swimming in the third quadrant housing the platform within 60 s were measured by an automated analysis system.



Sample Collection

Hippocampal sections were isolated and perfused with PBS and 0.2% Triton X-100 and then fixed in 4% paraformaldehyde for 24 h. The left brain sections were rapidly frozen at −50°C and then transversely cut into 5-μm slices.

In addition, seven mice in each group were anesthetized with chloral hydrate, and the hippocampus was collected. The obtained samples were rapidly frozen in liquid nitrogen and stored at −80°C until use.



Immunohistochemistry

Immunohistochemistry was performed on formalin-fixed, paraffin-embedded right brain hippocampal sections using three 5-μm coronal hippocampal sections per mouse. Anti-mitogen-activated protein kinase kinase 7 (MKK7, 1:100) and c-Jun (60A8) rabbit mAb (1:70) were diluted in PBS, and the sections were incubated at 4°C overnight, washed, and then stained with biotinylated secondary antibody for 10 min. Positive expression was detected by staining the sections with DAB (DAB2031, MXB, China) for 10 min. Microscopy (BX53, Olympus, China) was performed, and images were obtained at 100 × and 400 × magnification. Information on the primary antibodies are displayed in Table 2.


TABLE 2. Information on the primary antibodies used in this study.
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Immunofluorescence

Slices were incubated at 4°C with the anti-APP (1:150), anti-MEK4/MKK4 (1:75) and anti-caspase-3 (1:100) antibodies. After permeabilization and blocking overnight, appropriate secondary antibodies (IgG H&L) were used at a dilution of 1:200. After the sections were washed three times with PBS, they were incubated with DAPI (C0065, Solarbio, China) for 10 min, followed by live imaging. The hippocampal images were captured and obtained with a confocal laser microscope (FV1000, Olympus, Japan) at 1000 × magnification. Information on the primary antibodies are displayed in Table 2.



Western Blot (WB)

The extracted proteins were separated by electrophoresis with 10% SDS-PAGE. The gel was run at 80 V for 20 min and 120 V for 60 min and then transferred onto PVDF membranes at 4°C and 80 V for 1.5 h. The target proteins APP, P-JNK1/2, MKK4, MKK7, c-Jun and caspase-3 were measured by incubation with the primary antibodies against APP (1:2000), JNK1/2 (1:1000), P-JNK1/2 (1:500), MKK4 (1:2000), p-MKK4(1:500), MKK7 (1:1000), p-MKK7(1:500), c-Jun (1:1000) and caspase-3 (1:1000) at 4°C overnight. After the gels were washed three times with TBST, the corresponding secondary antibody was used at a dilution of 1:2000, 1:2000, 1:1000, 1:2000, 1:1000, 1:2000, 1:2000, 1:1000 or 1:2000, respectively, followed by visualization with an ECL kit (mixed with 1:1, PE0010, Solarbio, China). The exposure was completed in a dark room with a chemiluminescence gel imaging system (C600, Azure Biosystems, United States). Antibodies against GAPDH (primary antibody 1:5000 and secondary antibody 1:100000) were used as internal controls. Quantitative results are expressed as a ratio of target proteins to GAPDH and then compared to all groups to measure relative changes. Information on the primary antibodies are displayed in Table 2.



Statistical Analysis

Statistical analysis was performed using IBM SPSS Statistics 20 software. Two-way ANOVA with repeated measures was used to analyze group differences in the training trial. The results of the probe trial and WB were analyzed by one-way ANOVA, and the least significant difference (LSD) pairwise comparison method was used among groups. Data are expressed as the means ± SD. Statistical significance was set at p < 0.05, and high statistical significance was set at p < 0.01.



RESULTS


EA Intervention Ameliorates Cognitive Impairment in APP/PS1 Mice

In the MWM training trials, the mice in every group showed a downward trend in escape latency from day 1 to day 5 (Figures 2A,B). However, compared with the N group, the AD group showed worse spatial learning performance over all training sessions (P < 0.01). Compared with the escape latency of the AD group, the escape latency of the AD + EA and AD + SP + EA groups was lower and significantly lower on days 4 and 5 (P < 0.01). Compared with the AD + SP group, the AD + EA and AD + SP + EA groups also showed significantly lower escape latency on day 5 (P < 0.01).
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FIGURE 2. Morris Water Maze test results after intervention (n = 10, mean ± SD). (A) Comparison of the average escape latency of all groups in training trials. (B) Trends of the escape latency of each group in training trials. (C) Platform crossing frequency of each group. (D) Duration of stay in quadrant III of each group. (E–I) Representative probe traces of each group. The water entry points are indicated by gray squares. n = 10 per group. #p < 0.05; ##p < 0.01.


In the MWM probe trial on day 6, platform crossing frequency and time spent in quadrant III were tested (Figures 2C,D). A higher platform crossing frequency and greater amount of time spent in quadrant III indicate a higher level of memory maintenance. The platform crossing frequency in the AD group was significantly lower than that in the N group (P < 0.01). However, compared with the AD group, the AD + EA and AD + SP + EA groups showed a significantly greater number of platform crossings (P < 0.01). Furthermore, the AD + EA and AD + SP + EA groups spent more time in quadrant III than the AD + SP group (P < 0.01). Figures 2E–I shows the representative strategies for searching for the platform of each group. The AD group showed an edge search strategy, suggesting that 7-month APP/PS1 mice displayed obvious impairment in learning and memory. The N group showed a search strategy that was similar to that of the AD + SP, AD + EA and AD + SP + EA groups.



EA Intervention Lowers the Burden of APP in the Hippocampus of APP/PS1 Mice

We next evaluated the distribution and accumulation of APP in the mouse brain hippocampus by immunofluorescence and WB. Immunofluorescence showed the expression of APP in the hippocampus, with obvious higher expression in the AD group (Figures 3A–A2,B–B2) that was decreased in the AD + SP, AD + EA, and AD + SP + EA groups (Figures 3C–C2,D–D2,E–E2). WB results showed notably higher accumulation of APP in the AD and AD + SP groups compared to that in the N group (P < 0.01), while the AD + EA and AD + SP + EA groups showed lower expression of APP than the AD group (P < 0.05 and P < 0.01). Furthermore, the AD + EA and AD + SP + EA groups showed lower expression of APP than the AD + SP group (P < 0.05 and P < 0.01) (Figures 3F,G). These results confirmed the efficacy of the EA intervention in decreasing the deposition of APP.
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FIGURE 3. Comparison of APP expression in the hippocampus of APP/PS1 mice in each group. (A–E) Comparison of APP expression using immunofluorescence. (A1–E2) Comparison of APP expression in the square frame of A-E in detail. APP: red; DAPI: blue; White arrows indicate positive expression of APP. (F,G) Comparison of APP expression using WB. Data are presented as the means ± SD, WB: n = 7 per group, immunofluorescence: n = 3 per group. #p < 0.05; ##p < 0.01.




EA Intervention Inhibits JNK Signaling Pathway Activation in the Hippocampus of APP/PS1 Mice

We hypothesized that the decrease in APP deposition is related to the JNK signal transduction pathway. To test this possibility, we first detected the expression of JNK by WB. The result shows that the JNK phosphorylation in AD group was increased significantly when compared to N group (P < 0.05). Here, decline trend of P-JNK phosphorylation were also seen after SP600125 intervention. However, as compared to AD group, EA resulted in significant reduction in P-JNK phosphorylation in the AD + EA and AD + SP + EA groups (P < 0.05 and P < 0.01). The results supported that EA mainly inhibited activation of JNK in AD (Figures 4A,B).
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FIGURE 4. Comparison of the expression of JNK in the hippocampus of APP/PS1 mice using WB. (A) The relative expression of hippocampal phosphorylated JNKs and total JNKs in APP/PS1 mice. (B) The ratio of p-JNK expression level to the total JNK level in the hippocampus of APP/PS1 mice. Data are presented as the means ± SD, WB: n = 7 per group. #p < 0.05; ##p < 0.01.


To further confirm the linkage between APP and the JNK signal transduction pathway, we detected the expression of MKK4, MKK7, c-Jun and caspase-3 in the mouse brain hippocampus by immunofluorescence, immunohistochemistry and WB. In the immunohistochemistry and immunofluorescence analyses, MKK4, MKK7, c-Jun and caspase-3 expression was obviously higher in the AD group than in the N group, but this expression decreased after the intervention in the AD + SP, AD + EA and AD + SP + EA groups (Figures 5A–J2, 6A–J2). WB results showed notably higher expression of p-MKK4, p-MKK7, c-Jun and caspase-3 in the AD group compared to that in the N group (P < 0.05 or P < 0.01) (Figures 5K–M, 6K–M). Compared to the expression in the AD group, the expression of p-MKK7, c-Jun in the AD + EA and AD + SP + EA groups was significantly lower (P < 0.05 or P < 0.01) (Figures 5K,L, 6K,L). Furthermore, the AD + SP + EA group showed significantly lower expression of MKK7 and c-Jun than the AD + SP group. The results suggested that EA exerts its effects mainly by regulating MKK7 and c-Jun in the JNK pathway.
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FIGURE 5. Comparison of MKK7 and MKK4 expression in the hippocampus of APP/PS1 mice in each group. (A–E) Comparison of MKK7 expression using immunohistochemistry. (A1–E1) Comparison of MKK7 expression in the square frame of (A–E) in detail. (F–F2,G–G2,H–H2,I–I2,J–J2) Comparison of MKK4 expression using immunofluorescence. MKK4: red; DAPI: blue; White arrows indicate positive expression of MKK4. (K) The relative expression of hippocampal phosphorylated MKK7 and MKK4 and total MKK7 and MKK4 in APP/PS1 mice. (L,M) The ratio of p-MKK7 and p-MKK4 expression level to the total MKK7 and MKK4 level in the hippocampus of APP/PS1 mice. Data are presented as the means ± SD, WB: n = 7 per group, immunofluorescence: n = 3 per group. #p < 0.05; ##p < 0.01.
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FIGURE 6. Comparison of the expression of c-Jun and caspase-3 in the hippocampus of APP/PS1 mice in each group. (A–E) Comparison of c-Jun expression using immunohistochemistry. (A1–E1) Comparison of c-Jun expression in the square frame of (A–E) in detail. (F–F2,G–G2,H–H2,I–I2,J–J2) Comparison of caspase-3 expression using immunofluorescence. Caspase-3: red; DAPI: blue; White arrows indicate positive expression of MKK4. (K–M) Comparison of the expression of c-Jun and caspase-3 using WB. Data are presented as the means ± SD, WB: n = 7 per group, immunofluorescence: n = 3 per group. #p < 0.05.




DISCUSSION

In this study, EA treatment improved the learning and memory ability of AD model APP/PS1 mice, which is consistent with a previous study. EA also inhibited JNK activation and APP accumulation in APP/PS1 mice. The data suggested that EA treatment may effectively improve cognitive impairments in AD, at least partially by inhibiting the JNK signaling pathway.

AD is a multifaceted neurodegenerative disease that is clinically characterized by progressive deterioration of cognitive functions. Increasing evidence points to a pivotal role of the JNK signaling pathway in the development of AD. The JNKs, known as stress-activated protein kinases (SAPKs), belongs to the family of mitogen-activated protein kinases (MAPKs). JNKs are a family of multifunctional signaling molecules that are activated in response to a wide range of cellular stresses and are involved in the regulation of cell proliferation, differentiation and apoptosis (Dhanasekaran and Reddy, 2008). SP600125 is an anthrapyrazolone inhibitor that binds to JNK to inhibit phosphorylation and subsequently blocks the functional activation of JNK. Therefore, the JNK-specific inhibitor SP600125 may potentially reduce JNK activity to prevent neuronal degeneration (Sharma et al., 2010). In the present study, both EA and SP600125 ameliorated cognitive deficits by improving spatial learning and memory. More interestingly, the protective effect was more remarkable when the two interventions were combined. The JNK-specific inhibitor SP600125 may potentially reduce JNK activity to prevent neuronal degeneration (Sclip et al., 2011; Sherrin et al., 2011).

APP plays a pivotal role in the pathophysiology of AD. APP metabolism drives other pathological changes, including the accumulation of Aβ. The accumulation of Aβ plays the most important role in the pathogenesis of AD. The Aβ stimulated microglial inflammatory responses engage MAPK pathways in AD. The major component of AD-associated amyloid-beta load is the 39- to 42-residue-long Aβ peptide. In previous study, our team found that the EA treatment was effective in decreasing the Aβ in AD mice, including Aβ1–40 and Aβ1–42 in hippocampus, cortex and serum (Wang X. et al., 2016). By reducing APP, it can indirectly reduce the production of Aβ and alleviate the accumulation of Aβ. Thus, therapy that targets APP metabolism is considered to be an effective approach to treat AD. According to our previous studies, EA treatment reduced APP expression by regulating β-site APP–cleaving enzyme 1 (BACE1) in APP/PS1 mice and regulated protein kinase A (PKA) and its associated substrates to change memory and learning abilities (Tang et al., 2019). In the present study, APP expression in the AD + SP group was not significantly different from that in the AD group, but APP expression in the AD + EA group was significantly reduced. Some investigations showed Aβ activated the expression of BACE1 through the JNK pathway (Guglielmotto et al., 2011). BACE1 is an β-secretase, which cleaves the ectodomain of APP. However, the inhibition of JNK activation by SP600125 might be decrease the BACE1, resulting in APP accumulation. In addition, SP600125 was injected intraperitoneally in this study, the effect of SP600125 might be weakened by the blood-brain barrier. These results suggest that EA could promote the curative effect of SP600125. More importantly, the effects of EA might not be entirely mediated through the JNK signaling pathway and that EA effects multiple AD-associated pathways (Colombo et al., 2009; Guglielmotto et al., 2011). Acupuncture may enhance the cognitive function-improving effect of SP600125 in the treatment of AD (Mazzitelli et al., 2011; Zhou et al., 2015).

Numerous studies have reported an increase in the abnormal activation of JNK in both transgenic AD mouse models and AD patients. Indeed, aberrant activation of JNK has been implicated in the pathogenesis of AD (Lagalwar et al., 2006). We also found that the level of P-JNK was significantly higher in APP/PS1 mice. To date, three JNKs have been identified in cells, namely, JNK1, JNK2 and JNK3 (Sherrin et al., 2011; Petrov et al., 2016). Studies have shown unequivocal evidence that JNK1 and JNK2 are involved in apoptotic signaling (Busquets et al., 2019). Studies have also shown that the transcriptional activity promoted by Aβ1–42 on BACE1 is transmitted by the activation of the JNK pathway. JNK activation regulates the phosphorylation of APP, leading to modulation of Aβ levels (Colombo et al., 2009). In this study, the P-JNK levels declined by varying degrees after the interventions. Notably, compared with SP600125, EA treatment has an significantly inhibitory effect on the activation of JNK, which may be due to the incomplete blocking of the blocker. However, EA works in many ways, which is also the advantage of EA, so its effect is not affected by blockers.

MKK4 and MKK7, two MAPK kinases, are key upstream factors of the JNK signaling pathway located in the cytoplasm. Both MKK4 and MKK7 are capable of dual phosphorylation of JNK and activation of JNK (Nakagawa et al., 2010). MKK4 can activate JNKs as well as p38MAPKs, whereas MKK7 specifically activates JNKs (Haeusgen et al., 2011). In the present study, the expression of both p-MKK4 and p-MKK7 was greatly increased in APP/PS1 mice, and this increase was responsible for the high level of P-JNK. MKK4 has been reported to be primarily activated by environmental stresses, whereas MKK7 is primarily activated by cytokines. In addition, MKK7 is the only MKK containing three motifs within its regulatory domain (Haeusgen et al., 2010; Kragelj et al., 2015; Wang S. et al., 2016). The three interventions examined here led to substantially reduced MKK4 and MKK7 expression. Notably, EA in APP/PS1 mice significantly reduced the level of MKK7, indicating that EA treatment inhibits JNK through acting on MMK7 expression (Ho et al., 2006).

The JNK signaling pathway involves phosphorylation of c-Jun. JNK is a kinase of c-Jun, a specific transcription factor that promotes c-Jun phosphorylation and activates caspase cascade reactions to initiate cell apoptosis (Nishina et al., 2004). Both c-Jun and caspase are key downstream factors of the JNK signaling pathway (Kim et al., 2005). Studies have confirmed that activation of caspase-3 occurs in Aβ-induced neuronal apoptosis (Chu et al., 2015; Chang et al., 2016). The role of JNK signaling pathway in cell stress response is complex and diverse. Its activation promotes the occurrence of cell apoptosis, and its mechanism is related to the induction of FasL and TNFR1 expression and the activation of caspases family. According to some studies, JNK may be the upstream regulatory molecule of caspase-dependent apoptosis signal transduction pathway, and caspases act as the effector of apoptosis in the downstream of JNK (Choi et al., 1999). On the other hand, caspases can induce JNK phosphorylation by activating upstream protein kinases in the MAPKs pathway, leading to apoptosis (Newhouse et al., 2004). In addition, Caspase-3 has been shown to cleave APP giving rise to amyloidogenic fragments including Aβ (Gervais et al., 1999). In this study, the expression of both c-Jun and caspase-3 was significantly elevated in APP/PS1 mice, and this increase in expression was due to the high level of JNK phosphorylation and activation. After EA, the level of c-Jun in APP/PS1 mice was greatly reduced. Consistently, previous reports have shown that JNK2 has the highest affinity for c-Jun, as it contains the putative loop region that interacts with the JNK docking site on c-Jun. Furthermore, the level of caspase-3 showed a downward trend with EA treatment. Therefore, we demonstrate that JNK signaling pathway could be involved in anti-apoptotic effect of APP/PS1 mice. The results of this study highlighted that EA combined with the SP-induced (SP600125)could regulate the JNK signaling pathway and inhibit the production of caspase-3 of APP/PS1 mice, indicating the beneficial role of EA in neuron functional reconstruction and reducing the apoptosis. Collectively, our findings, along with previous reports, demonstrate that the inhibition of JNK activation by EA may occur through multiple targets.

In summary, this study provides essential preclinical evidence suggesting that EA reverses cognitive deficits and substantially lowers the burden of APP in AD model APP/PS1 mice, at least partially by inhibiting the JNK signaling pathway and regulating apoptosis signals (Yarza et al., 2016) (Figure 7). In addition, our findings indicated a moderate synergy between the EA and SP600125 interventions in APP/PS1 mice. Collectively, these data suggest that EA is effective at treating AD and may enhance the effect of drugs. Therefore, EA offers an effective alternative therapeutic approach for AD.
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FIGURE 7. Schematic of the mechanism by which EA intervention protects cognition in APP/PS1 mice. This schematic is derived from the results of this experiment combined with the results of our previous experiments.
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Potential pathogenic factors, other than well-known APP, APOE4, and PSEN, can be further identified from transcriptomics studies of differentially expressed genes (DEGs) that are specific for Alzheimer’s disease (AD), but findings are often inconsistent or even contradictory. Evidence corroboration by combining meta-analysis and bioinformatics methods may help to resolve existing inconsistencies and contradictions. This study aimed to demonstrate a systematic workflow for evidence synthesis of transcriptomic studies using both meta-analysis and bioinformatics methods to identify potential pathogenic factors. Transcriptomic data were assessed from GEO and ArrayExpress after systematic searches. The DEGs and their dysregulation states from both DNA microarray and RNA sequencing datasets were analyzed and corroborated by meta-analysis. Statistically significant DEGs were used for enrichment analysis based on KEGG and protein–protein interaction network (PPIN) analysis based on STRING. AD-specific modules were further determined by the DIAMOnD algorithm, which identifies significant connectivity patterns between specific disease-associated proteins and non-specific proteins. Within AD-specific modules, the nodes of highest degrees (>95th percentile) were considered as potential pathogenic factors. After systematic searches of 225 datasets, extensive meta-analyses among 25 datasets (21 DNA microarray datasets and 4 RNA sequencing datasets) identified 9,298 DEGs. The dysregulated genes and pathways in AD were associated with impaired amyloid-β (Aβ) clearance. From the AD-specific module, Fyn, and EGFR were the most statistically significant and biologically relevant. This meta-analytical study suggested that the reduced Aβ clearance in AD pathogenesis was associated with the genes encoding Fyn and EGFR, which were key receptors in Aβ downstream signaling.
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INTRODUCTION

Alzheimer’s disease is a neurodegenerative disease that is the major cause of dementia worldwide (Alzheimer’s Association, 2009). The AD brain is characterized by the distribution of amyloid plaques and neurofibrillary tangles, which are composed of Aβ and hyperphosphorylated tau proteins, respectively (Wang and Mandelkow, 2016; Wang J. et al., 2017). The generation of Aβ from amyloid precursor protein (APP) is a central theme in the field of AD. APP is a single transmembrane protein with a large extracellular domain that is generated in large quantities and efficiently metabolized. APP can be processed via non-amyloidogenic or amyloidogenic generation of Aβ (Chow et al., 2010). Aβ mainly exists in two forms, Aβ40 and a more hydrophobic Aβ42, which consist of 40 and 42 amino acids, respectively (Marina et al., 2003). The Aβ monomer is intrinsically disordered, and present as a dynamic conformational structure (Chen et al., 2017), which allows the monomer binds to numerous substrate with a high binding affinity. The monomers of Aβ aggregate into oligomers, fibrils, and plaques, when a critical concentration of amyloid is reached due to dysfunctional homeostasis (Knowles et al., 2014). The soluble Aβ oligomer is recognized as the major neurotoxic species, and exists in an equilibrium with fibrils (Yang et al., 2017). And the toxicity of Aβ oligomers is inversely correlated with their oligomer size (Sengupta et al., 2016). Aβ is directly neurotoxic and induces a series of cellular responses; for example, it can induce excitotoxic signaling by increasing glutamate release (Brito-Moreira et al., 2011), and alter Ca2+ homeostasis and synaptic functions in neurons, astrocytes, and microglia (Parihar and Brewer, 2010). Aβ located on the mitochondria generates ROS, thus increasing oxidative stress and disrupting oxidative phosphorylation (Caspersen et al., 2005). Aβ also activates protein kinase to phosphorylate tau protein, resulting in the formation of neurofibrillary tangles (Hernández and Avila, 2008). The toxicity of both Aβ and hyperphosphorylated tau proteins are dependent on one another; an absence of tau protein reduces Aβ-induced memory impairment, while increased Aβ levels promote tau pathology (Oddo et al., 2006; Roberson et al., 2007).

The amyloid cascade hypothesis was proposed in 1992, and depicts Aβ as the causative factor in AD development (Hardy and Higgins, 1992). This hypothesis has genetic-based support, because mutations in genes related to Aβ formation (APP and PSEN) and clearance (APOE4) induce early-onset AD (Rovelet-Lecrux et al., 2006; Kline, 2012; St George-Hyslop and Fraser, 2012). However, this hypothesis is challenged by two facts, although there are also counterarguments that have been proposed from other scientific findings. First, amyloid imaging reveals that Aβ deposition also occurs in healthy aging subjects, suggesting that Aβ deposition could be a normal phenomenon of aging (Edison et al., 2007). However, Esparza et al. (2013) suggested that Aβ oligomer levels, which are the neurotoxic form of Aβ deposition, are higher in AD brains compared with healthy subjects. Second, the degree of dementia does not correlate well with amyloid plaque formation in AD (Nelson et al., 2012). In fact, Aβ oligomers may exert their neurotoxic effects much earlier, before the formation of amyloid plaques (Broersen et al., 2010). Also, the drug development for the treatment of AD has been guided by the amyloid cascade hypothesis for the pass two decade, although most anti-Aβ drugs fail in clinical trials and no novel drugs have been brought to market since 2003 (Cummings et al., 2014). For example, Solanezumab (currently in a phase 3 trial) recognizes Aβ at the 13 to 28 amino acid position and lowers amyloid levels, but does not show beneficial effects in subjects with mild AD (Honig et al., 2018). Verubecestat (currently in a phase 3 trial), a β-secretase inhibitor, reduces Aβ levels in a dose-dependent manner (Kennedy et al., 2016). However, a recent clinical trial (Egan et al., 2019) indicated that verubecestat does not have clinical effects in AD subjects. The failure of development of anti-Aβ drugs does not discredit amyloid as the central theme for AD treatment, because the sporadic AD is caused by the changes of genes which potentiate the neurotoxicity of Aβ in the brain over years, rather than solely Aβ overproduction. Indeed, the cerebral Aβ42 kinetics were modified by Aβ accumulation (Potter et al., 2013), resulting in the disease preventative treatment required at least 95% lowering Aβ42 production if the treatment was started after Aβ accumulation (Roberts et al., 2017). This suggests that the development of anti-Aβ drugs should not be solely dependent on inhibition of Aβ42 production. However, the incomplete knowledge of AD pathogenic factors may hindered the investigation of AD (Scott et al., 2014), not just Aβ production, but also the Aβ-relevant receptors and their corresponding downstream signaling cascades.

Alzheimer’s disease is a complex disorder, expressed as a malfunction of defects in multiple genes. The discovery of AD pathogenic factors can be revealed by transcriptome profiling approach [i.e., DNA microarray and RNA-Seq (Sutherland et al., 2011)] to identify DEGs in AD subjects compared with healthy subjects. DEGs are genes that are potentially associated with disease pathology. Table 1 shows the publications using transcriptomic data and bioinformatics tools for identifying AD pathogenic factors. Puthiyedth et al. (2016) identified common DEGs from microarray datasets across six different brain regions. All datasets were integrated using the Colored (α, β)-κ Feature set approach (Puthiyedth et al., 2015), and a few common DEGs were identified across the brain regions, revealing an AD-specific signature. Kawalia et al. (2017) used the BC3Net10 algorithm to infer AD gene regulatory networks. This network was generated by the integration of literature-based knowledge and data-driven analysis. Inferences did not solely depend on the network topology, but also integrated information about DEGs and AD-related genes, after systematic searching from databases. However, the DEGs obtained from different transcriptomic studies of AD are sometimes conflicting because of many factors, such as the use of different experimental designs or statistical methods between studies. The integration of these studies based on meta-analysis therefore resolves inconclusive results and obtains a generalization (Haidich, 2010). The results of meta-analysis are presented as logORs based on the number of dysregulation events in both disease and control samples. The effect sizes are integrated to assess the overall effect size based on either fixed- or random-effect models. Meta-analysis has been applied in genomic analyses to assess the effectiveness of a particular gene in AD. Moradifard et al. (2018) conducted a meta-analysis using the R package RobustRankAggreg to identify statistically significant DEGs in AD across six microarray datasets. The DEGs were further corroborated with three RNA-Seq datasets and input for biological enrichment analysis to reveal the miRNAs that regulate the DEGs. Furthermore, Wang Q. et al. (2017) conducted a meta-analysis using the R package RankProd to explore the molecular mechanisms of AD across seven microarray datasets. They found 37 DEGs commonly shared by six brain regions, and most of these DEGs were downregulated. The significantly enriched pathways of DEGs were associated with mitochondrial oxidative phosphorylation and synaptic vesicle function. However, both studies only focused on a single microarray platform (Affymetrix), and the meta-analysis of DEGs did not include the gene expression profiles from RNA-Seq. For the study by Moradifard et al., the DEGs from RNA-Seq were only used to validate the results of microarray datasets; that is, the DEGs common to both the RNA-Seq and microarray datasets, in the same dysregulated direction. It seems that the results of currently available meta-analyses of DEGS for identifying AD pathogenic genes are limited by the use of microarray platforms and the inability to integrate results from both microarray and RNA-Seq.


TABLE 1. The published transcriptomic data and bioinformatics tools for identifying AD pathogenic factors.
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This study aimed to identify potential pathogenic factors based on the meta-analysis of transcriptomic data from different brain regions in AD. The meta-analysis was conducted according to PRISMA guidelines (Moher et al., 2009), including those for dataset search, dataset selection, and statistical analysis. The raw transcriptomic data were retrieved from databases after a systematic search and were analyzed using a consistent workflow, from quality control and normalization to DEG determination. A statistical meta-analysis was performed when more than one study reported the same DEG. The DEGs that remained statistically significant after P-value adjustment were collected to perform a biological enrichment analysis and subgroup analysis, and to construct a PPIN. The network information and AD seed genes, which were obtained from the GWAS Catalog (Welter et al., 2014), were collected for the DIseAse Module Detection (DIAMoND) algorithm (Ghiassian et al., 2015) to examine the significance of the connectivity patterns among network components. This algorithm identified an AD-specific module from the network, and the nodes within the module with a high degree were treated as potential pathogenic factors. The overall study design is illustrated in Figure 1.
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FIGURE 1. The overall study design.




MATERIALS AND METHODS


Database Search and Dataset Selection

The datasets were collected from GEO1 (Barrett et al., 2012) and ArrayExpress2 (Kolesnikov et al., 2015) from their respective inception dates until January 6, 2019. The search strategy is shown in Supplementary File S1.

Raw DNA microarray and RNA-Seq data reporting the transcriptomes of brain regions from AD and healthy subjects were included. The datasets were excluded if they were (1) not case–control studies; (2) focused on other neurodegenerative diseases; (3) demonstrated treatment effects on AD; or (4) used cell-line or artificial AD models. Sample details were collected if they were provided. If the datasets contained several comparisons, DEGs were determined from each comparison independently.



Data Processing

Each microarray dataset was processed consistently and independently using R packages from Bioconductor. Each dataset was processed through background correction, quantile normalization, and log2-transformation of the averaged expression value of duplicate probes, using the affy (Gautier et al., 2004), oligo (Carvalho and Irizarry, 2010), or limma (Ritchie et al., 2015) package. For each dataset, the quality of each array was assessed using the arrayQualityMetrics (Kauffmann et al., 2009) package. The array was omitted from the subsequent analysis if it was detected as an outliner in any of the three metrics provided by the package. The gene expression ratios between AD and healthy subjects were determined for each dataset using the limma package. Genes with an adjusted P-value (by FDR) of less than 0.05 were considered to be statistically significant DEGs. The DEGs were annotated using the gene annotation table provided by GEO and ArrayExpress. The probes with missing gene symbols were removed. When multiple probes were annotated with the same gene symbol on the same array, the probe with the highest expression value was kept.

The raw sequence data were converted to FASTQ format using the SRA Toolkit (version 2.9.2) (Leinonen et al., 2011). Quality control on FASTQ was conducted using FastQC (version 0.11.8) (Andrews, 2010): (1) sequences with less than 80% of bases with at least quality of 25 were filtered; and (2) the bases with quality less than 25 were trimmed. The cleaner FASTQ files were aligned to the Homo.sapiens reference genome, GRCh38.94 (downloaded from Ensemble), using TopHat (version 2.1.1) (Kim et al., 2013). The aligned sequences were sorted based on the aligned position to the reference genome using SAMtools (version 1.9) (Li H. et al., 2009). After sorting, the count-based gene expression was obtained using HTSeq (version 0.8.0) (Anders et al., 2015), and the reads with alignment scores less than 10 were omitted. Differential expression was performed using the edgeR (Robinson et al., 2009) package for R software. RNA-Seq datasets were processed on a Linux-based HP ProLiant DL580 Gen8 workstation [Inter® Xeon® E7-4820 CPU v2 @ 2.00 GHz; 4 processors with 32 total cores enabled; 128 GB RAM].



Meta-Analysis, Biological Enrichment Analysis, and Subgroup Analysis

The list of DEGs and their dysregulation states (i.e., upregulated or downregulated) from each study were processed using the meta for Chung et al. (2015) package for R software. The meta-analysis was conducted under a random-effects model, and their outcomes were logORs with P-values. For each gene in the i-th study, the effect (θi) based on the numbers of dysregulation events in both AD and control samples was first calculated, then the overall effect was computed according to formula [image: image], where wi is the weight and is equal to 1/vi, where vi is the sample variance. The genes with logORs above or below 0 were considered upregulated or downregulated, respectively. The P-values were adjusted by FDR, and DEGs with adjusted P-values less than 0.05 were regarded as statistically significant. After meta-analysis, the statistically significant DEGs were used to perform a biological enrichment analysis. The enrichment analysis was conducted by the hypergeometric test using the clusterProfiler (Yu et al., 2012) package for R software, based on the KEGG3 (Kanehisa et al., 2012). The statistically significant DEGs after meta-analysis were collected as input for the enrichment analysis to identify biological pathways among them. The pathways with FDR-adjusted P-values less than 0.05 were considered statistically significant.

The DEGs were split into different subgroups based on which brain regions they were from, to compare expression profiles among brain regions. According to Roth et al. (2006), brain regions can be hierarchically clustered into three major branches based on cytological differences. The first branch includes the cerebellum. The second branch is sub-categorized into three sub-branches; the first sub-branch includes the putamen and nucleus accumbens, the second sub-branch includes the amygdala and hippocampus, and the third sub-branch includes the cerebral neocortex. The third branch includes the thalamus, brain stem, and spinal cord. Biological enrichment analysis was also conducted in each subgroup.



Protein–Protein Interaction Network and Potential Pathogenic Factors

After meta-analysis, statistically significant DEGs were used to construct a PPIN based on the data from STRING (version 114 ; Szklarczyk et al., 2011). Only interactions with the highest confidence (0.9) were kept. The PPIN was visualized using Cytoscape (Shannon et al., 2003). Disease-associated genes are not topologically interacted into a dense network module because disease can be the consequence of perturbation in many functional units. AD seed genes were retrieved from the GWAS Catalog (Welter et al., 2014)5 using the key word “AD” and the following selection criteria: a significance p-Value cutoff of no more than 1∗10–8. Genes with official gene symbols were kept as AD seed genes. The PPIN information (e.g., edge list in the co-expression network) and AD seed genes were put into the DIAMOnD algorithm (Ghiassian et al., 2015) to evaluate the significance of the connections that each node had with the seed genes in the biological network. In each iteration until the stopping condition was satisfied, the node with the lowest connectivity P-value was treated as the most significantly connected node for output. The nodes within the module that had a high degree (>95th percentile) were treated as potential pathogenic factors.



Risk of Bias

All studies were collected according to the publication information of datasets. If there was more than one publication for one dataset, the publication with the earlier publication year was selected. The risk of bias for the included studies was evaluated according to MIAME (Minimum information about a microarray experiment) (Brazma, 2009) and MINSEQE (Minimum information about a high-throughput nucleotide sequencing experiment6, proposed by FGED Society in 2012) guidelines by two authors (SY and HZ), independently. Disagreements between the authors were resolved by discussion with the third author (SWL). The MIAME and MINSEQE guidelines are designated to report the quality of DNA microarray and RNA-Seq studies, respectively. And the quality of transcriptomic parts of included studies was assessed, including raw data collection, result presentation, sample annotation, experimental design, array annotation, and data processing pipeline. Items with low risk were counted +1, suggesting high reproducibility; items with unclear risk were counted 0, suggesting ambiguous reproducibility; and items with high risk were counted –1, suggesting low reproducibility.




RESULTS


Included Datasets

The selection process of the datasets is shown in Figure 2. A total of 225 datasets were initially identified from GEO and ArrayExpress. After removing duplicated datasets and datasets that met the exclusion criteria, 25 datasets (21 for microarray and 4 for RNA-Seq) met the eligibility criteria. The dataset characteristics are shown in Table 2. Among the included datasets, the hippocampus (n = 8) was the most extensively studied brain region, followed by the entorhinal cortex and prefrontal cortex (n = 3).


TABLE 2. The characteristics of included datasets.
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FIGURE 2. The flow diagram of datasets selection, including identification, screening, eligibility and inclusion stage.




Preprocessing of Datasets and Determination of Differentially Expressed Genes

After the selection process of the datasets, all included datasets contained complete transcriptomic raw data, and were undergone a quality control as a prioritization procedure. In the included microarray datasets, the quality of the normalized dataset was assessed using the R package arrayQualityMetrics. Different numbers of arrays were identified as outliers and omitted in the subsequent analysis (Table 2). In the included RNA-Seq datasets, the reads were mapped to the Homo.sapiens reference genome (GRCh38.94) after sequence quality assessment. The mapping rates were above 95% for the RNA-Seq datasets. From the mapped reads, the genes were counted to determine DEGs. After preprocessing steps, different numbers of DEGs were determined from each comparison, ranging from 0 to over 10,000 (Table 3). There were 21,064 DEGs in all comparisons that compared AD brain samples with healthy brain samples, and 16,810 DEGs (79.76%) were reported in at least two comparisons (Supplementary File S2). In the meta-analysis of DEGs, 9,298 DEGs were found to be statistically significant (Supplementary File S3); 4,960 genes were downregulated and 4,338 genes were upregulated. The most reported downregulated DEGs were DPP6 and FXYD7, which were reported in 16 comparisons; RHOQ was the most reported upregulated DEG among all 15 reported comparisons. A loss of DPP6 or FXYD7 is reported to dysregulate neuronal excitation (Hoos et al., 2013; Cacace et al., 2019), while RHOQ is reported to enhance Aβ oligomerization (Aguilar et al., 2017). Multiple DEGs involved in Aβ clearance were found statistically significant in meta-analysis (Table 4). These DEGs could be categorized into UPS, autophagy, and UPR, implying the downregulated Aβ clearance. The statistically significant DEGs in UPS and autophagy were mostly downregulated, while those in UPR were mostly upregulated, proposing a dysfunctional homeostasis. The impaired Aβ clearance resulting from dysfunctional homeostasis is suggested to induce Aβ accumulation in sporadic AD, in contrast with the overproduction of Aβ in familial AD (Mawuenyega et al., 2010; Potter et al., 2013).


TABLE 3. The number of DEGs determined from each comparison.
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TABLE 4. The dysregulated status of genes involved in ubiquitin-proteasome system, autophagy, and unfolded-protein response for Aβ clearance.
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However, several genes involved in Aβ clearance were not found statistically significant in meta-analysis, although they were reported as DEGs in separated comparisons. The heat shock proteins work coordinately with UPS for protein clearance, remodeling the misfolded proteins before the degradation by UPS. Both systems are upregulated to restore dysfunctional homeostasis at the beginning (Kästle and Grune, 2012). However, the genes for most heat shock proteins, such as ATXN1, ATXN3, and ATXN7, were not statistically significant (Supplementary File S3), suggesting that the early event of AD might not be truly reflected. PICALM and SQSTM1 which are involved in autophagosome formation (Moreau et al., 2014; Ntsapi and Loos, 2016), were not reported as DEGs in the meta-analysis. Several autophagic marker genes, MAP1LC3B and ATG12, associated with autophagosomal function (Ma et al., 2010), were also found as a statistically insignificant in the meta-analysis. The expression of TREM2 was upregulated, which was contradictory to the role of TREM2 reported in autophagy (Lucin et al., 2013), but consistent with that reported in Aβ plaque-activated microglia (Yuan et al., 2016; Yin et al., 2017). Meanwhile, those genes involved in Aβ plaque-activated microglia, MS4A4A, PLCG2, and ABI3, were also found significantly upregulated in the meta-analysis.

On the enrichment analysis, AD itself was identified as significant (Figure 3A). In the AD pathway, components related to the mitochondrial respiratory chain were downregulated, while components related to Ca2+ channels that transport Ca2+ from the ER into the cytoplasm were upregulated (Figure 3B). Several AD-related pathways, including proteasome, oxidative phosphorylation, and retrograde endocannabinoid signaling pathways, were also identified as statistically significant; most components in these pathways were downregulated (Figures 3C–E). Downregulation of the proteasome decreases the clearance of Aβ (Hong et al., 2014), while downregulation of oxidative phosphorylation decreases the efficacy of the mitochondrial respiratory chain, suggesting hypometabolism in the AD brain (Mosconi et al., 2008). The genes (e.g., MFN1, OPA1, and DNM1L) involved in mitochondrial fusion and fission were downregulated (Westermann, 2012), disturbing mitochondrial biogenesis to adopt energetic demands. The aberrant mitochondria were removed by the process, mitophagy. However, the genes responsible for mitophagy, PINK1 and PRKN (Narendra et al., 2008), were downregulated, which further increased the burden of damaged protein clearance. The regulation of genes involved in oxidative phosphorylation in mitochondria was severely impaired in the present study, including genes for NADH dehydrogenase, succinate dehydrogenase, cytochrome c reductase, and cytochrome c oxidase in the electron transport chain. eCBs are signaling molecules used among nearby cells over short distances, and they modulate neuronal transmission. There is a high density of cannabinoid receptors in presynaptic terminals in the hippocampus and limbic cortex, indicating a role for cannabinoids in cognitive information processing (Zou and Kumar, 2018). A disruption of eCB signaling has been reported in AD, which influences neurotransmitter release (Basavarajappa et al., 2017). In the current study, most members of the retrograde endocannabinoid signaling pathway were downregulated, interfering with the role of eCBs in the release of glutamate and GABA in synapses.
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FIGURE 3. The AD-related biological pathways as impacted in health vs. AD subjects, (A) the top 10 statistically significant pathways from enrichment analysis result; (B) Alzheimer’s disease; (C) Proteasome; (D) Oxidative phosphorylation; and (E) Retrograde endocannabinoid signaling. For figure 3B-E, the red and green represent upregulation and downregulation, respectively.




Subgroup Analysis

Among 77 comparisons, 15 investigated the amygdala and hippocampus of AD subjects, while 28 focused on the cerebral cortex (Table 5). Statistically significant DEGs for each subgroup analysis are shown in Supplementary File S4. There were 2,260 DEGs that were reported as significant in the amygdala and hippocampus, while 6,636 DEGs were reported as significant in the cerebral cortex. Among the 1,390 commonly found DEGs, 359 upregulated and 1,020 downregulated DEGs were consistently found in two subgroups. Eleven DEGs were upregulated in one subgroup but downregulated in another subgroup. The most highly upregulated and downregulated DEGs were S100A6 and STMN4, respectively, in both subgroups. The protein calcyclin (encoded by S100A6) is a calcium-binding protein that is highly expressed in astrocytes surrounding Aβ deposits, and is involved in neuronal death via zinc depletion (Bartkowska et al., 2017). The protein stathmin (encoded by STMN4) binds tubulin to mediate microtubule dynamics, and dysregulation of stathmin-mediated microtubule stability induces memory loss (Uchida et al., 2014).


TABLE 5. The datasets used in the subgroup analysis.
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In the subgroup enrichment analyses, the pathways for proteasome and retrograde endocannabinoid signaling were found in both subgroups (Figures 4, 5). For the subgroup of the amygdala and hippocampus, the synaptic vesicle cycle was identified as statistically significant, and most components in this pathway were downregulated (Figure 4F). Downregulated synaptic functions decrease the release of neurotransmitters from neurons, inducing memory-related symptoms in AD. For the subgroup of the cerebral cortex, several synaptic signaling pathways were identified in AD, including the MAPK signaling pathway, dopaminergic synapses, and the insulin signaling pathway; the components in these pathways were mostly downregulated (Figures 5D–F). The role of the MAPK effector, JNK, is to dissociate Beclin 1 from Bcl-2 to mediate autophagy, and downregulation of JNK reduces autophagy ability (Zhou et al., 2015). The loss of dopaminergic synapses in the ventral tegmental area reduces the release of dopamine toward the cortex and hippocampus, and is reported to be associated with memory loss in AD before the formation of amyloid plaques (Nobili et al., 2017). Although all AD datasets collected in this study did not report suffering from T2DM, the dysfunctional insulin signaling was identified, suggesting an effect of Aβ in insulin signaling pathway. Aβ shares a common sequence with insulin, antagonizing the regulatory effects of insulin (Folch et al., 2018). In the canonical insulin signaling pathway, insulin binds receptors to activate Akt for mediating downstream effects, e.g., translocating glucose receptors to cellular membrane, activating mTOR for autophagy regulation, and inhibiting GSK3β for tau protein phosphorylation. Losing the regulatory effects of insulin may induce dysfunctional autophagy and tau protein hyperphosphorylation, potentiating AD development. The increased level of free insulin due to Aβ blockage reduces Aβ clearance via IDE, because insulin has a higher affinity to IDE than Aβ (Farris et al., 2003). On the other hand, the AD progression reduces the transport of insulin across BBB, decreasing insulin signaling in brain (Stanley et al., 2016).
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FIGURE 4. The AD-related biological pathways from the subgroup amydala and hippocampus, (A) the top 10 statistically significant pathways from enrichment analysis result; (B) Alzheimer’s disease; (C) Proteasome; (D) Oxidative phosphorylation; (E) Retrograde endocannabinoid signaling; and (F) Synaptic vesicle cycle. The red and green represent upregulation and downregulation, respectively.
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FIGURE 5. The AD-related biological pathways from the subgroup cerebral cortex, (A) the top 10 statistically significant pathways from enrichment analysis result; (B) Proteasome; (C) Retrograde endocannabinoid signaling; (D) MAPK signaling pathway; (E) Dopaminergic synapse; and (F) Insulin signaling pathways. The red and green represent upregulation and downregulation, respectively.


In the present study, several datasets focused on the hippocampus and entorhinal cortex because these two regions suffer the most significant neuronal loss in the early stage of AD, while no significant neuronal loss is observed in these regions during normal aging. The transcriptome from these brain regions therefore represents the chronic response to the causes and consequences, or the treatment, of AD.



Quality Assessment of Studies

MIAME and MINSEQE guidelines were used to assess the transcriptomic analysis of studies (Blalock et al., 2004, 2011; Liang et al., 2007; Berchtold et al., 2008; Bronner et al., 2009; Williams et al., 2009; Nunez-Iglesias et al., 2010; Tan et al., 2010; Durrenberger et al., 2012; Antonell et al., 2013; Fischer et al., 2013; Janssen et al., 2013; Miller et al., 2013; Zhang et al., 2013; Hokama et al., 2014; Narayanan et al., 2014; Magistri et al., 2015; Scheckel et al., 2016; Wang et al., 2016; Lachen-Montes et al., 2017; Friedman et al., 2018; Nativio et al., 2018; Stopa et al., 2018) that published the datasets that were used in the present study. The results of quality assessments are shown in Figure 6. Among the 19 studies that published the microarray datasets, 80% did not provide the brain sample size or the weight used for RNA extraction for sample annotation and experimental variables, and only two studies provided sufficient information about experimental design, including quality control of samples. Furthermore, the annotations of array designs, including microarray quality indicators, were not fully reported for most studies (95%). For 40% of the studies, experimental and data processing details, including normalization methods and cut-offs for DEGs, were not fully reported. Among the four studies that published the RNA-Seq datasets, no study provided the brain sample size or the weight used for RNA extraction, or the details of experimental parameters used for RNA-Seq procedures. Furthermore, half of the studies did not provide sufficient information about experimental and data processing protocols, including the cut-offs for DEGs.
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FIGURE 6. The overall quality assessment for (A) 19 studies for DNA microarray and (B) 4 studies for RNA-seq. Green color represents low risk of bias, which the authors clearly provided the information with full detail. Yellow color represents unclear risk of bias, which the authors provided the information without full detail. Red color represents high risk of bias, which the authors did not provide the correct information.


The relatively low quality of the studies indicates the insufficient information related to transcriptomic analysis provided in the studies, raising the reproducibility issue. Also, the transcriptomic results might be influenced, blurring some pathological events in the postmortem AD brains. The genes encoded heat shock proteins (e.g., ATXN1, ATXN3, and ATXN7) were not found statistically significant in the meta-analysis, while the multiple genes involved in neuroinflammation (e.g., CXCL3, IFNG, IL6, IL13, and CXCL9) (Garwood et al., 2011) were only reported as DEGs in one dataset, and therefore were not collected for meta-analysis. Although both heat shock proteins recruitment and neuroinflammation are associated with AD development, their pathological roles in AD development might not fully reflected in this study.



Construction of a Protein–Protein Interaction Network to Identify Potential Pathogenic Factors

The DEGs from the meta-analysis were used to retrieve the corresponding proteins in interactions according to STRING. The PPIN consisted of 4,781 nodes (2,083 upregulated nodes and 2,698 downregulated nodes) and 51,076 edges (Figure 7A) and there were 105 AD seed genes (Supplementary File S5) retrieved from the GWAS Catalog. The PPIN exhibited scale free topology with the degree distribution following a power law distribution (y = 3779.2x–1.481) and the most proteins were closely linked. In the PPIN, polyubiquitin-C (endcoded by UBC) and E3 ubiquitin-protein ligase RBX1 (encoded by RBX1), were the two proteins with the highest degree (372 and 222, respectively). These proteins were downregulated and are parts of UPS for protein degradation. The dysfunctional proteasome is regarded as an early event of AD (Manavalan et al., 2013), e.g., the decreased proteasomal clearance enhances mitochondrial dysfunction (Braun et al., 2015).
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FIGURE 7. (A) The PPIN constructed from DEGs and the PPIN topology parameters. The red and green represent upregulation and downregulation, respectively. (B) A disease module, derived from the DIAMOnD algorithm, consisting of AD seed proteins (represented as squares) and their corresponding DIAMOnD proteins (represented as circles). The colors of the nodes represent upregulation (red), and downregulation (green). The edges represent seed-seed interaction (dark green), seed-DIAMOnD interaction (purple), and DIAMOnD-DIAMOnD interaction (pink).


The PPIN for each protein pair was extracted for the subsequent DIAMOnD algorithm with AD seed genes to obtain a disease module. Not every seed gene was biologically linked to AD; some were involved in AD comorbidity disease. Among the disease modules (Figure 7B), the two nodes with a high degree (>95th percentile) were selected as potential pathogenic factors, and included EGFR and Fyn. The EGFR was the Aβ oligomer receptor, in which Aβ oligomer is regarded as the causative toxic species. The hydrophobic residues of Aβ oligomers are more easily accessible and interacting with cellular proteins, compared with Aβ fibrils (William et al., 2011). Fyn is involved in Aβ signal transduction and tau protein phosphorylation, and is changed in synaptic signaling pathways, including MAPK signaling pathway. These two proteins are both Aβ-relevant receptors, mediating the Aβ oligomers downstream neurotoxicity.




DISCUSSION

We used a meta-analysis approach based on DNA microarray and RNA-Seq datasets from multiple brain regions to reveal potential pathogenic factors of AD. Perturbations in the genes involved in the proteasome, oxidative phosphorylation, and retrograde endocannabinoid signaling pathways were identified. The proteasome is required to degrade the damaged proteins to maintain the cellular functionality. The decreased proteasome activity results in an accumulation of ubiquitinated and damaged proteins (Ciechanover, 2015). The ubiquitination degradation of APP by the proteasome includes several key genes, such as PRKN, NEDD8, PSMC1, UCHL1, and UCHL3 (Bedford et al., 2008; Chen et al., 2012; Zhang et al., 2015; Nomura et al., 2016). Tau-specific ubiquitin–proteasome related genes, including UBE2D2 (Shimura et al., 2004) and STUB1 (Saidi et al., 2015), were also downregulated. The downregulation of these genes might result in impaired Aβ and phosphorylated tau protein clearance (Table 4). The oligomeric Aβ itself disrupts the catalytic activity of proteasome (Tseng et al., 2008), forming a positive feedback loop to worsen the Aβ clearance by proteasome. The disrupted catalytic activity of proteasome may also lose its inhibition of presenilin complex, which is the catalytic complex for γ-secretase, enhancing Aβ production (Chadwick et al., 2012). The accumulated Aβ, located on the mitochondria, deleteriously impairs oxidative phosphorylation, decreasing ATP production in the mitochondria (Chen and Du Yan, 2007; Moreira et al., 2010). The ATP-dependent proteins (i.e., the Ca2+ pumps located on the endoplasmic reticulum (ER) and ATP-dependent ion pumps) are unable to maintain their physiological functions, interfering neurotransmitter release and memory formation (Sudhof, 2012). The ATP-dependent molecular chaperones are also failed to work coordinately with UPS to remodel the misfolded proteins (Mattoo and Goloubinoff, 2014).

The reduced activity of proteasome enhances the burden of Aβ clearance on the autophagy and UPR. Autophagy is the process of degrading redundant cellular components by delivering them to lysosomes and forming autophagosomes. Beclin 1 (encoded by BECN1) is an essential component of autophagososomal structure (Jaeger and Wyss-Coray, 2010), but its autophagy function is inhibited by interacting with Bcl-2 (encoded by BCL2) leading to cellular death (Marquez and Xu, 2012). The downregulation of BECN1 and upregulation of BCL2 in the present study indicated autophagic flux failure. Autophagy is inhibited by the upregulation of mTOR and activated by the downregulation of TFEB (Caccamo et al., 2010; Polito et al., 2014). The downregulation of mTOR and upregulation of TFEB in the present study induced the formation of immature autophagosomes, impairing Aβ clearance. In addition, the downregulation of mTOR is associated with AD development (François et al., 2014), memory impairment (Slipczuk et al., 2009), and neuronal apoptosis (Yin et al., 2011). The depletion of autophagy-related genes, including Atg5 and Atg17, impairs the elongation of phagopores to form autophagosomes, resulting in Aβ accumulation (Hara et al., 2006; Nilsson et al., 2013). Accumulated Aβ on the ER membrane induces ER stress, which is relieved by the activation of UPR. The activation of UPR is induced by the accumulation of misfolded proteins (Stutzbach et al., 2013), and has been reported in AD subjects (Scheper and Hoozemans, 2015). Two main UPR proteins, including PERK (encoded by EIF2AK3) and IRE-1 (encoded by ERN1), were upregulated and activated in AD due to misfolded Aβ oligomers (Joshi et al., 2016), although a recent critical review suggested that the involvement of ER stress in AD might be exaggerated by the misuse of APP/PS1-overexpressing AD mouse models (Hashimoto and Saido, 2018). The activation of UPR is a significant approach to prevent the accumulation of misfolded proteins, but may also increase Aβ production (Scheper and Hoozemans, 2015), and result in synaptic loss (Gong et al., 2016). Taken together, disturbed Aβ clearance could be the upstream event for AD pathological development, to induce Aβ accumulation, altering intracellular ionic gradients and resulting in insufficient oxidative phosphorylation.

The two top pathogenic factors determined in the present study, Fyn and EGFR, are key receptors in Aβ downstream signaling. Fyn is a protein tyrosine kinase belonging to the Src family, and it mediates synaptic plasticity in the central nervous system (Kaufman et al., 2015). The soluble Aβ oligomer binds to PrPC with high affinity (Laurén et al., 2009), and interrupts the PrPC’s autoinhibitory mechanism (Wu et al., 2017), overactivating Fyn to increase glutamate release (Trepanier et al., 2012). Overactivation of Fyn, however, alters NMDA receptor function and intracellular Ca2+ homeostasis, rendering neurons vulnerable to Aβ-induced neurotoxicity. The Aβ-activated Fyn can phosphorylate downstream tau proteins at Tyr18 (Lee, 2004), and tau proteins participate in transporting Fyn to post-synaptic densities around glutamate receptors (Ittner et al., 2010). Fyn is a key protein that links between extracellular Aβ and intracellular tau protein, and unites these two pathologies in AD. The activity of Fyn is gene-dose-dependent (Um et al., 2012); that is, downregulation of FYN reduces Aβ-induced neurotoxicity, while upregulation of FYN exacerbates Aβ-induced neurotoxicity. In previous studies, overexpression of FYN has also been reported to accelerate synaptic loss, making Fyn inhibition a potential therapeutic treatment for AD (Chin et al., 2004; Chin, 2005). Saracatinib (AZD0530) is a Src kinase inhibitor that is being tested clinically for the treatment of AD. Saracatinib blocks Fyn activation to rescue memory deficits, and exhibits well-tolerated effects in mild-to-moderate AD subjects (Nygaard et al., 2015). A recently published clinical trial (VanDyck et al., 2019) revealed that saracatinib does not slow the decline in the CMRgl, and does not exhibit beneficial effects on several cognitive assessments, compared with the placebo group. However, a trend for slowing the reduction of volumetric measure in brain is observed, and a post hoc exploratory analysis deduces a statistically significant decline in CMRgl in the entorhinal cortex. Although the frequent adverse event of saracatinib, e.g., diarrhea, may limit the feasibility of increasing 125 mg daily to a higher dosage, the authors proposed that a higher dosage of saracatinib may be beneficial to slow decline of CMRgl in AD participants, who have greater tolerability.

EGFR is more commonly associated with cancer than with AD. However, the expression of EGFR is statistically correlated with the expression of γ-secretase, suggesting a significant role of EGFR in AD (Zhang et al., 2007). EGFR is widely distributed in the hippocampus and cerebral cortex (Fu et al., 2003), and EGFR signaling exerts neurotrophic functions to regulate synaptic architecture in the central nervous system (Oyagi et al., 2011). The expression of EGFR is reported to be upregulated in the brains of AD animals, and overactivation of EGFR by Aβ oligomers induces memory loss (Wang et al., 2012). The overactivation of EGFR can also be induced by the prolong UPR (Papa and Germain, 2011). The levels of overactivated EGFR can be suppressed by treatment with the EGFR inhibitor gefitnib to rescue memory loss. Activation of EGFR also induces downstream neuroinflammatory cascades in response to Aβ-induced neurotoxicity. Afatinib, an orally available EGFR tyrosine kinase inhibitor, inhibits EGFR activation to alleviate neuroinflammation by reducing caspase 1 activation and interleukin-1β levels in neurodegenerative diseases (Chen et al., 2019). Antagonizing Aβ-induced activation of EGFR may have beneficial effects to slow memory loss and alleviate neuroinflammation. Figure 8 summarizes the mechanism of action of Aβ-mediated Fyn and EGFR in AD, as described above.


[image: image]

FIGURE 8. The mechanism of action of Aβ-mediated Fyn and EGFR in AD.


Besides the genes involved in Aβ downstream neurotoxicity, the genes related to amyloid clearance proteins (e.g., ECE1 and NEU1) are reported as pathogenic factors of AD by other studies. Endothelin 1 (encoded by ECE1) is implicated in Aβ degradation and downregulation of ECE1 enhances Aβ deposition (Pacheco-Quinto and Eckman, 2013). However, upregulation of ECE1 was found in the present study, suggesting that the pathophysiological role of ECE1 was not solely involved in Aβ metabolism, but also associated with the increase Aβ-induced vasoconstriction in AD (Palmer et al., 2013). Sialidase (encoded by NEU1) is a lysosomal enzyme for Aβ clearance through lysosomal exocytosis (Annunziata et al., 2013). Deficit of NEU1 causes Aβ-induced proteasome inhibition, which was consistent with our results. Disruption of Aβ clearance proteins may be the secondary events of AD progression, rather than the primary cause. Increasing evidences show a correlation between T2DM and higher risk of developing AD, through increasing BBB permeability by chronic peripheral inflammation (Holmes et al., 2009). The BBB leakage was supported by the dysregulated genes in this study, including OCLN, TJP1, CDH5, and CTNNB1, which encode the tight junction proteins. The compromised BBB can be exacerbated by chronic hypertension (Santos et al., 2017) and microbial pathogens (Li H. et al., 2018), and alters peripheral immune cell trafficking to the brain and induces neuroinflammation. The neuroinflammation is mediated by p38 (encoded by MAPK14), which is a protein found in MAPK pathway. p38 is also a kinase to phosphorylate tau protein, making p38 as a potential pathogenic factor of AD. However, upregulation of p38 was not observed in this study, since p38 participates in numerous cellular events not only neuroinflammation. This can be supported by that although the inhibition of p38 alleviates neuroinflammation in AD (Yasuda et al., 2012; Ashabi et al., 2013), most p38 inhibitors are failed in clinical trials due to off-target effects. A gene converting glucose into lactate in glycolysis, LDHA, is regarded as a relevant pathogenic factor in AD, although it may not be specific to AD pathogenesis. Overexpression of LDHA is reported to prevent neurons from Aβ neurotoxicity by shifting mitochondrial glucose metabolism to lactate production, and decreasing ROS production (Newington et al., 2012). However, elevated lactate level may be detrimental to neurons (Harris et al., 2016). Although the expression of LDHA was insignificantly downregulated in this study, the opposing neuroprotective and neurotoxic effects of LDHA suggested that neurons might have its own defense mechanism against Aβ in the early onset of AD.

The strength of this study is the integration of transcriptomic data from both DNA microarrays and RNA-Seq using a systematic search and consistent workflow. However, there are some limitations. First, the articles that published the datasets did not provide full details of the experimental procedures, making the transcriptomic results less reliable and more difficult to repeat. In addition, the transcriptomic data retrieved from postmortem brain tissue using different methods might be biased. For example, laser-microdissection mainly targets neuronal soma, but may miss transcripts transporting to the pre- or post-synapses. Lacking of sufficient information about disposal of transcriptomic analysis, resulting in relatively low quality of the selected studies, might raise a reproducibility issue. Second, the confounding factors of postmortem brain tissues include age, sex, and postmortem interval, and may blur the results, e.g., neuroinflammation. Third, most included datasets in this study focused on hippocampus and entorhinal cortex, in which the brain region AD are believed to start. However, AD might start differently from those two brain regions, e.g., the impaired UPS as an early AD event was reported in brainstem (Irmler et al., 2012). Transcriptomic analysis in different regions of postmortem AD brains would provide more novel insights of AD development.



CONCLUSION

This meta-analytical study suggested that the reduced Aβ clearance in AD pathogenesis was associated with the genes encoding Fyn and EGFR, which were key receptors in Aβ downstream signaling.
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Objectives: Till now, the effect of serum lipid levels on cognitive function is still controversial. The apolipoprotein E (APOE) ε4 allele is the most critical genetic risk factor for Alzheimer’s disease (AD) and cognitive impairment. Additionally, APOE ε4 allele has a major impact on lipid metabolism. The aim of this study was to investigate the APOE genotype-dependent relationship between peripheral serum lipid levels and cognitive impairment.

Methods: A total of 1,273 subjects aged 40–86 years participated in this cross-sectional study. Serum lipid levels and the APOE genotype were detected. Mini-Mental State Examination was used to diagnose the cognitive impairment or not. Univariate and multivariate analyses were used to analyze the relationships between APOE genotype, serum lipid levels, and cognition function.

Results: After controlling for all possible covariates, a significant interaction between low serum high-density lipoprotein and the APOE ε4 allele on cognitive impairment (Wald’s χ2 = 4.269, df = 1, OR = 20.094, p = 0.039) was found in the total participants. In APOE ε4 carriers, low serum high-density lipoprotein was positively associated with cognitive impairment (Wald’s χ2 = 8.200, df = 1, OR = 60.335, p = 0.004) and serum high-density lipoprotein levels were positively correlated with Mini-Mental State Examination score (r = 0.217, df = 176, p = 0.004). There was no significant correlation between serum total cholesterol (TC), low-density lipoprotein, triglycerides (TG) levels, and cognitive impairment in either the total participants or APOE ε4 carriers/non-carriers.

Conclusions: APOE ε4 carriers, but not non-carriers, with lower serum high-density lipoprotein had a higher prevalence of cognitive impairment and a lower Mini-Mental State Examination score. These results suggest that the APOE ε4 allele may affect the relationship between serum lipid levels and cognitive impairment. However, the specific mechanism needs to be further elucidated.

Keywords: Alzheimer’s disease, total cholesterol, high-density lipoprotein, low-density lipoprotein, triglyceride, apolipoprotein E, risk factors


INTRODUCTION

Alzheimer’s disease (AD) is the most common type of dementia, and its prevalence has been increasing rapidly in China (Jia et al., 2014). A recent study revealed that, in China, the total annual socioeconomic costs of AD patients were US $167.74 billion in 2015 and were predicted to reach US $1.89 trillion in 2050, imposing an immense burden on patients and their families (Jia et al., 2018). Due to the complexity of the pathogenesis of AD, there are currently no unified and effective approaches for preventing or curing AD.

In the brain, amyloid-β (Aβ) accumulation and the formation of insoluble extracellular senile plaques are pathological hallmarks of AD. Aβ is produced by the endoproteolysis of amyloid precursor protein (APP). When cleaved by β-secretase and γ-secretase, APP is mainly hydrolyzed into the 38–43 amino acid residue Aβ peptide (De Felice and Ferreira, 2002), and senile plaques are mainly composed of amyloid Aβ40 and amyloid Aβ42 (Masters et al., 1985). Researchers have found that reducing cellular cholesterol levels appears to inhibit β-secretase and γ-secretase activity and, thus, decrease the amount of Aβ secreted by neurons (Wahrle et al., 2002; Subasinghe et al., 2003). The responsiveness of Aβ production to cholesterol levels suggests that cholesterol metabolism plays an essential role in the pathogenesis of AD (Hartmann et al., 2007). However, there are still no consistent results of epidemiological studies concerning the role of cholesterol as a risk factor for AD, although some studies have demonstrated that elevated cholesterol increases the risk of AD development, particularly in middle-aged individuals (Kivipelto et al., 2001; Whitmer et al., 2005). Other researchers have failed to confirm this result (Reitz et al., 2004; Tukiainen et al., 2012).

Apolipoprotein E (APOE) ε4 is the most important genetic risk factor for AD. APOE is a polymorphic protein involved in the development of late-onset AD, although the mechanism has not been fully elucidated (Siest et al., 2000). There are three alleles of APOE (E2, E3, and E4) that produce three homozygous (E2/2, E3/3, and E4/4) and three heterozygous (E2/3, E2/4, and E3/4) isoforms (Zannis and Breslow, 1981). Pathophysiological studies show that APOE immunoreactivity exists in senile plaques, indicating a significant role of APOE in the metabolism of Aβ (Kim et al., 2009; Castellano et al., 2011), which is thought to initiate toxic events and further have distinct functions in regulating tau hyperphosphorylation, synaptic plasticity, cell signaling, lipid transport and metabolism, and neuroinflammation (Yu et al., 2014; Giau et al., 2015). Additionally, APOE ε4 has a major impact on lipid metabolism (Mahley, 1988). The APOE gene modulates serum concentrations of lipid and lipoproteins according to its high affinity for binding to cell-surface lipoprotein receptors. Previous research has reported that carriers of APOE ε4 have a higher risk of hyperlipidemia (Dallongeville et al., 1992).

Considering that the APOE genotype plays an important role in both AD pathogenesis and lipid metabolism, we investigated the effects of the APOE genotype on the relationships between peripheral serum lipid levels and cognitive impairment in Chinese middle-aged and elderly subjects from Qubao village in the suburbs of Xi’an, northwest China.



MATERIALS AND METHODS


Participants

Between December 2016 and April 2017, 1,865 subjects were recruited from Qubao village in the suburbs of Xi’an, China. Inclusion criteria were as follows: being 40 years old or older; having lived in Qubao for more than 3 years; agreeing to participate in the study and completing the questionnaire; and having venous blood collected. The exclusion criteria were as follows: (1) participants who had used lipid-lowering drugs in the last 3 months; (2) participants who had severe liver, kidney, thyroid, and hematopoietic system diseases; (3) participants who had suffered from a clear history of acute cerebrovascular disease, including stroke; (4) participants who had suffered from severe nervous system diseases that can cause cognitive impairment, including infection, Parkinson’s disease, epilepsy, congenital intellectual disability, and craniocerebral operations; (5) participants who had suffered from other physical and chemical factors that led to cognitive impairment (drug poisoning, alcoholism, and carbon monoxide poisoning); (6) participants who had suffered from severe psychopathy, including schizophrenia, bipolar disorder, severe depression or anxiety; and (7) participants without a complete MMSE score, biomarkers, or covariates. Considering all the inclusion and exclusion criteria, 1,273 subjects were included in our study (Figure 1).
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FIGURE 1. Flow chart of participant selection. Qubao village: the suburbs of Xi’an in northwest China. APOE, apolipoprotein E.





Questionnaire Survey

All of the participants were asked to complete the questionnaire survey in a structured in-person interview given by trained interviewers. The questionnaire included basic information (gender, age, education, and marital status), lifestyle (exercise, smoking, and alcohol consumption), and medical history (hypertension, diabetes, dyslipidemia, cerebrovascular disease, and heart disease). The definitions of hypertension and diabetes are consistent with those in our previous articles (Jia et al., 2018). According to the diagnostic criteria of Chinese adult dyslipidemia prevention guide (2007 edition; Joint Committee for Developing Chinese guidelines on Prevention and Treatment of Dyslipidemia in Adults, 2007), people who meet any of the following criteria can be defined as dyslipidemia: high total cholesterol (TC): TC ≥ 5.18 mmol/L; high low-density lipoprotein (LDL-c): LDL-c ≥ 3.37 mmol/L; low high-density lipoprotein (HDL-c): HDL-c < 1.04 mmol/L; high triglycerides (TG): TG ≥ 1.70 mmol/L. In addition, anthropometric measurements of participants were taken at the scene, including blood pressure, pulse rate, height, weight, and waist and hip circumference. The body mass index (BMI) was weight (kg) divided by the square of height in meters, and the waist–hip ratio was the waist circumference divided by the hip circumference.



Diagnosis of Cognitive Impairment

The Mini-Mental State Examination (MMSE) questionnaire was completed by the participants to assess global cognitive function. The MMSE was chosen by Katzman et al. (1988) based on a Chinese version that had been shown to have good sensitivity and specificity. Participants with scores below the cutoff value were considered to have cognitive impairment. The cutoff values were as follows: scores ≤17 for illiteracy, scores ≤20 for participants who only finished primary school, and scores ≤24 for participants with junior high school or above level of education.



Biochemical Assessment and APOE Genotype Detection

After completing the questionnaire, 10 ml of blood was extracted from the elbow vein of each participant under the condition of fasting for more than 8 h, which was put into a purple-top EDTA-anticoagulant tube and a red-top non-anticoagulant tube. The red-top tube blood samples were sent to the biochemical laboratory of the First Affiliated Hospital of Xi’an Jiaotong University for biochemical assessment [HDL-c, LDL-c, TG, TC, and fasting blood glucose (FBG)]. The concentrations of serum HDL-c, LDL-c, TC, TG, and FBG levels were tested by enzymatic method using an automated biochemical analyzer (C501, Roche, Sweden). The purple-top tube blood samples were centrifuged within 2 h after collection at a rate of 3,000 revolutions per second for 10 min, and all of the samples were stored in the refrigerator at −80°C for future analysis. An extraction kit (Tiangen Co. Beijing, China) was used to extract DNA from the frozen EDTA–anticoagulant blood according to the manufacturer’s protocol. Using human genome DNA as a template, the 244-bp length of the target DNA fragment that included two polymorphic sites at amino acid residues 112 and 158 (Mahley and Rall, 2000) was amplified by a PCR thermocycler. All PCR products were detected by Sanger sequencing (Sangon Company, Shanghai, China) to finally determine the APOE genotype.



Statistical Analyses

SPSS 18.0 software (SPSS Inc., IBM, Chicago, IL, USA) was used to analyze all of the data. First, participants were divided into a dyslipidemia group and a non-dyslipidemia group. In addition, according to the APOE genotype, the participants could also be divided into APOE ε4 non-carriers (E2/2, E2/3, and E3/3) or APOE ε4 carriers (E2/4, E3/4, and E4/4). Unpaired Student’s t-tests and the mean ± SD were used for data that were approximately normally distributed; the Mann–Whitney U test and the median (quartiles) were used for skewed data distributions, and the Pearson χ2 test and percentages were used for categorical data. A p-value of <0.05 (two-tailed) was considered statistically significant.

Then, a χ2 test or Fisher’s exact test was used to compare the differences in cognitive impairment between serum lipid groups in the total participants and in the subgroups according to APOE ε4 status. For multivariate analysis, binary logistic regression was used to correct for covariates, including gender, age, education years, smoking, drinking, physical activity, medical history, FBG, mean arterial pressure (MAP), pulse rate, and BMI.

Finally, partial correlation analysis was used to research the correlations between MMSE score and serum lipid levels in the subgroups according to the APOE ε4 status. The covariates included age, sex, education years, smoking, drinking, intensity of physical activity, BMI, log-transformed FBG, MAP, pulse rates, and heart disease.




RESULTS


Demographic Characteristics of the Study Samples

A total of 1,273 subjects ranging from 40 to 86 years old (mean 57.1 ± 9.7 years) were included in the study, including 755 (59.3%) women. Participants with dyslipidemia comprised 59.2% (754) of the total population. Ninety-nine (7.8%) subjects met the diagnostic criteria of cognitive impairment, and a total of 189 people (14.8%) were APOE ε4 carriers. Table 1 shows the demographic characteristics of the total participants. There were significant differences in gender, education, smoking, hypertension, diabetes mellitus status, MAP, pulse rate, FBG level, BMI, and APOE ε4 carrier status between the dyslipidemia group and the normal lipids group.

TABLE 1. Demographic and clinical characteristics of the study samples.
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The Current Prevalence of Cognitive Impairment Between the Normal Serum Lipids Group and the Dyslipidemia Group

As shown in Figure 2, in the total samples, the current prevalence of cognitive impairment was not significantly different between the normal serum lipids group and the dyslipidemia group. The stratified analyses according to APOE ε4 status showed that the current prevalence of cognitive impairment was still not significantly different between any of the serum lipid groups in APOE ε4 carriers or non-carriers.
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FIGURE 2. Comparison of the differences in cognitive impairment between serum lipid groups in the total participants and in subgroups according ApoEε4 status. TC, total cholesterol; LDL-c, low-density lipoprotein; HDL-c, high-density lipoprotein; TG, triglycerides; APOE, apolipoprotein E. (A–D) χ2 test. (E) Fisher’s exact test.





Multivariate Analysis of the Relationship Between Serum Lipid Parameters and Cognitive Impairment in the Total Samples

To eliminate the influence of covariates, binary logistic regression analysis was performed. In the total samples, after adjusting for age, gender, and education, no significant correlation was found between high TG, high TC, high LDL, low HDL levels, and cognitive impairment (Table 2, Model 1). When continuing to bring other covariates into the binary logistic regression models, the results were approximately the same (Table 2, Model 2). However, with the binary logistic regression analysis of the interaction between the serum lipids and APOE genotype on cognitive impairment, we found that the interaction between low HDL and APOE ε4 status was positively correlated with cognitive impairment (Wald’s χ2 = 4.269, df = 1, OR = 20.094, 95% CI = 1.167–346.056, p = 0.039), and the interaction between other serum lipid parameters (high TG, high TC, and high LDL levels) and APOE ε4 status had no significant effect on cognitive impairment (Table 2, Model 3).

TABLE 2. The relationships between serum lipid parameters and cognitive impairment with binary logistic regression in the total samples.
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The Effects of the APOE ε4 Allele on Cognitive Impairment and Serum Lipid Levels

Univariate analysis showed that compared with APOE ε4 non-carriers, serum TC, TG, and LDL levels were higher and HDL levels were lower in APOE ε4 carriers [TC: 5.36 ± 0.94 mmol/L vs. 5.15 ± 0.99 mmol/L, df = 1,271, p = 0.008; TG: 1.48 (1.09, 2.15) mmol/L vs. 1.29 (0.96, 1.80) mmol/L, p < 0.001; LDL: 2.82 ± 0.62 mmol/L vs. 2.61 ± 0.66 mmol/L, df = 1,271, p < 0.001; HDL: 1.53 ± 0.32 mmol/L vs. 1.60 ± 0.34 mmol/L, df = 1,271, p = 0.007], and the prevalence of dyslipidemia was also significantly higher in APOE ε4 carriers [132 (69.8%) vs. 622 (57.4%), df = 1, p = 0.001]. The current prevalence of cognitive impairment was not significantly different between APOE ε4 carriers and non-carriers. Other covariates (age, gender, degree of education, smoking, drinking, intensity of physical activity, hypertension, diabetes mellitus, coronary heart disease, MAP, and BMI) also showed no significant difference between the two groups (Table 3).

TABLE 3. Difference of the cognitive impairment, serum lipid levels, and other covariates between APOE ε4 carriers and non-carriers.
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Stratified Multivariate Analysis of the Relationship Between Serum Lipids and Cognitive Impairment According to APOE ε4 Status

Because the APOE ε4 allele had effects on the relationship between serum lipid levels and cognitive impairment, stratified binary logistic regression analyses were performed according to APOE ε4 status. In APOE ε4 carriers, low HDL was positively correlated with cognitive impairment (Wald’s χ2 = 8.200, df = 1, OR = 60.335, 95% CI = 3.646–998.364, p = 0.004; Table 4, Model 5). However, such a correlation disappeared among APOE ε4 non-carriers (Wald’s χ2 = 0.057, df = 1, OR = 0.776, 95% CI = 0.097–6.221, p = 0.811; Table 4, Model 7). For other serum lipid parameters (high TC, high TG, and high LDL levels), there was no significant correlation with cognitive impairment in either APOE ε4 carriers or non-carriers (Table 3, Models 5 and 7).

TABLE 4. The relationships between serum lipid parameters and cognitive impairment with binary logistic regression in the subgroups according APOEε4 status.
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Stratified Multivariate Analysis of the Correlations Between Serum Lipids and MMSE Score According to APOE ε4 Status

To further confirm our results, stratified partial correlation analysis was separately performed to research the correlations between serum lipids and MMSE score in APOE ε4 non-carriers and carriers. When adjusting for age, sex, education, smoking, drinking, intensity of physical activity, BMI, log-transformed FBG, MAP, pulse rates, and heart disease, MMSE scores positively correlated with serum HDL level (r = 0.217, df = 176, p = 0.004) but not with LDL, TG, or TC levels in APOE ε4 carriers. In APOE ε4 non-carriers, no correlations were found between MMSE scores and any of the serum lipids (Figure 3).
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FIGURE 3. Partial correlations of MMSE score and serum lipid levels according APOE ε4 status. Participants were divided into two groups: APOE ε4 carriers and non-carriers, which are represented by red dots and black dots. Partial linear correlations between MMSE scores and serum TC (A), log-transformed TG (B), LDL-c (C), and HDL-c (D) levels are shown in the figure. r(+) and p(+) represent partial correlation coefficients in carriers, while r(-) and p(-) represent non-carriers. Adjusted for age, sex, education, smoking, drinking, intensity of physical activity, body mass index (BMI), log-transformed fasting blood glucose (FBG), mean arterial pressure, pulse rates, and heart disease. TC, total cholesterol; TG, triglycerides; LDL-c, low-density lipoprotein; HDL-c, high-density lipoprotein; APOE, apolipoprotein E.






DISCUSSION

In this cross-sectional study, we found a significant interaction effect between low HDL and the APOE ε4 allele on cognitive impairment in the total participants. In APOE ε4 carriers, low serum HDL-c levels were positively associated with cognitive impairment, and participants with higher HDL levels had higher MMSE scores. No correlation was found between cognitive impairment/MMSE score and any of the serum lipids in APOE ε4 non-carriers.

Although studies have shown that lipid metabolism is involved in the pathogenesis of AD (Hartmann et al., 2007; Anstey et al., 2008), and the effect of lipid levels on cognitive function has attracted the attention of many researchers, there is still no consistent conclusion. A previous study showed that high midlife TC levels can increase the risk of AD in older people (Anstey et al., 2017). In contrast, another study showed that higher TC levels were associated with better memory functioning in very elderly subjects without the APOE ε4 allele (West et al., 2008). One study showed that increased serum LDL levels were independently associated with AD (Chen et al., 2019), and one study showed that higher LDL levels were associated with better memory performance (Leritz et al., 2016). Katsumata et al. (2013) reported that HDL levels and lower TG/HDL-C ratios were associated with better memory performance, while other studies have shown no association between HDL and AD (Li et al., 2005). Therefore, to study the relationship between lipids and cognition, stratified analysis was separately performed according to the APOE genotype. Our study found that low HDL was associated with cognitive impairment in APOE ε4 allele carriers, while TC, LDL, and TG levels were not associated with cognitive function.

Some possible mechanisms might explain the positive correlation between HDL levels and cognitive function. First, it has been shown that ApoA-I, the main component of HDL, is highly efficient at cholesterol efflux in the CSF (Demeester et al., 2000), resulting in increased membrane fluidity that could enhance the α-secretase cleavage of APP at the cell membrane. As mentioned above, increased α-secretase activity can reduce the production of Aβ. Second, apoA-I/HDL can bind to Aβ and make the clearance of Aβ by astrocytes and/or microglia more efficient (Sagare et al., 2012), leading to a decrease in Aβ aggregation and cytotoxicity. Third, it is well established that the antioxidant and anti-inflammatory effects of HDL play an important role in cardiovascular diseases (Barter et al., 2007), so the same disease mechanism may also affect neurodegenerative diseases (Lewis et al., 2010). Finally, the main role of HDL is lipid metabolism, which can reverse lipoprotein transport from the arterial wall of the brain (Mulder and Terwel, 1998), leading to a decrease in ischemic lesions that are involved in the development of cognitive decline and dementia (Kalaria, 2000).

However, the difference in the relationship between HDL and cognitive function between APOE ε4 carriers and APOE ε4 non-carriers remains to be addressed. We hypothesized that in APOE ε4 carriers, there may be two reasons for the positive association between cognitive function and HDL levels. First, this study showed lower levels of HDL in APOE ε4 carriers, suggesting that APOE exerts isoform-specific effects on HDL metabolism in humans. Using C57BL/6 APOE−/− mice, Hopkins et al. (2002) reported that compared with APOE ε3, the presence of APOE ε4 was less efficient at transferring ApoA-I from chylomicron remnants to HDL, resulting in lower plasma HDL levels and smaller HDL volumes. The reduced HDL levels may be associated with eventual cognitive decline, which has been confirmed by some previous studies (van Exel et al., 2002; Zuliani et al., 2010). However, pathophysiological studies have shown that APOE ε4 can directly lead to cognitive decline without HDL involvement by affecting Aβ clearance, tau hyperphosphorylation, synaptic plasticity, cell signaling, and neuroinflammation (Yu et al., 2014; Giau et al., 2015). The combination of these two mechanisms may lead to the emergence of a positive relationship between HDL levels and cognitive function in APOE ε4 carriers. However, in APOE ε4 non-carriers, without APOE ε4 as a risk factor, the effect of HDL alone on cognitive function might not be sufficiently apparent, leading to the result that there was no significant relationship between HDL and cognitive function. Of course, the abovementioned ideas are only our reasonable speculation, and the specific mechanism remains to be further studied.

Consistent with our findings, one community-based study with 2,356 participants showed no correlation between TC levels and the risk of dementia or AD (Elias et al., 2005). In contrast, the 3C study (Schilling et al., 2017) and another 14-year cohort study (Toro et al., 2014) found a positive correlation, and a meta-analysis (Anstey et al., 2017) also showed that high midlife TC levels increase the risk of late-life AD. However, the lipid measurements in these studies were not from cross-sectional studies and were performed significantly earlier than the onset of AD by at least 13 years, and some of the cholesterol levels were measured in midlife and not late life. A previous study of 444 men from the Finnish cohorts of the Seven Countries (Notkola et al., 1998) showed that the TC levels of men in midlife who subsequently developed AD were significantly higher than those of normal men. However, because cholesterol levels decline with age, in the preclinical manifestations of AD stage, the TC levels of those eventually developing AD decreased more rapidly and were eventually lower in late life than those of normal men. This study was a cross-sectional study in Chinese middle-aged and elderly subjects, and all lipid measurements were clustered around the time of the study, which may explain the lack of correlation between TC levels and cognitive impairment.

Some limitations should be mentioned. First, the study is a cross-sectional study, so it can only explain the correlation between blood lipids and cognition; however, the causal relationship between them is difficult to explain, and randomized controlled trial is necessary in the future to see if increasing HDL-c plasma levels can prevent cognitive decline in the at-risk population of APOE ε4 carriers and thus clarify the causal relationship. Second, the serum lipids were only detected at a single time point, not allowing for an evaluation of the dynamic changes. In addition, our study focused on elderly individuals in the Chinese Han population in Northwest China, and the diagnosis of cognitive impairment was based on the Chinese version of the MMSE, so the generalizability of our findings may be limited in other ethnic or age groups, and multi-center and large population studies need to be performed to validate our results. Third, with the numbers of patients with cerebrovascular diseases increasing, the incidence rate of vascular dementia (VaD) rises year by year. VaD has become the second leading cause of dementia after AD itself (Lobo et al., 2000). In this study, we have excluded people with a clear history of acute cerebrovascular disease, including stroke. However, owing to lack of standard diagnostic procedures and biomarkers simultaneously (Formichi et al., 2010), it is still hard to rule out the possibility that some cases with cognitive impairment may be vascular dementia or mixed dementia (AD+VaD; Jellinger, 2005). So, further studies involving AD biomarkers need to be performed to elaborate the conclusion more deeply and accurately.



CONCLUSION

In summary, by measuring serum lipids and cognitive function, this cross-sectional study found that in APOE ε4 carriers, but not APOE ε4 non-carriers, low serum HDL-c levels were positively associated with cognitive impairment and that those with higher HDL levels had higher MMSE scores. These data indicated that the APOE ε4 allele may affect the relationship between serum lipid levels and cognitive impairment. However, this relationship needs to be further elucidated.
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Several lines of evidence point to alteration in brain metabolic homeostasis in Parkinson’s disease (PD) and levodopa-induced dyskinesia (LID), yet the metabolic mechanism in different brain regions underlying PD and LID remains largely unknown. The present study aimed to uncover the metabolic pathways across anatomical regions in the brain of PD and LID. Using an NMR-based metabolomic approach, we generated the metabolomics profiling data from six different brain regions of PD rats and following the onset of LIDs. The diversity of metabolite patterns across the brain and its relation to PD and LID were further investigated through principal component analysis (PCA) and multivariate general linear model. Compared with control rats, dopamine loss in PD rats produced a marked and persistent metabolic disturbance in neurotransmitter metabolism and energy pathway, resulting in a metabolic imbalance among different brain regions. In LID rats, levodopa replacement did not restore the midbrain-striatum metabolic crosstalk and metabolic disturbance throughout the brain was involved in levodopa related involuntary movements. Most notably, the midbrain and right cortex were identified as the primary regions of metabolic abnormalities in PD and LID rats. Neurochemical differences in metabolic phenotypes were mainly defined by various neurotransmitters including glutamate, glutamine and aspartate. Accordingly, we found that the PD and LID rats exhibited lower levels of synaptophysin (SYP), a marker for synaptic plasticity, compared with control rats. These findings provide key insights into the metabolic mechanism underlying PD and LID by defining brain-region specific metabolic phenotype, with implications for developing targeted therapies.
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INTRODUCTION

Parkinson’s disease (PD) is a common age-related neurodegenerative disorder due to the loss of dopaminergic neurons in the substantia nigra par compacta (SNpc) thereby leading to the dopamine depletion in the striatum (Huang et al., 2019). The clinical symptoms of PD are mainly classified into motor abnormalities characterized by static tremor, rigidity, bradykinesia, postural instability and non-motor symptoms, such as cognitive impairment and gut dysfunction (Lee et al., 2019). So far, L-3,4-dihydroxyphenylalanine (L-dopa) remains to be the most effective drug for symptomatic treatment of Parkinson (Smith et al., 2014). However, the adverse effects of long-term L-dopa treatment vary, such as levodopa-induced dyskinesia (LID), which appears in approximately 40% of PD patients after 5 years L-dopa therapy and up to 90% within 10 years (Pourmirbabaei et al., 2019; Sellnow et al., 2019). Furthermore, the uncontrollable LID has been reported to dramatically affect the quality of patients’ life and greatly augment the cost of health care for which no satisfying treatment is available (Dodel et al., 2001; Chapuis et al., 2005; Hechtner et al., 2014). In light of this urgent medical need for rapidly aging populations, there is an urgent need to identify the mechanism underlying PD and LID.

Metabolic abnormality has long been considered to be involved in a lot of diseases, such as neurodegenerative diseases including PD (Shao and Le, 2019) and Alzheimer’ disease (Van Bulck et al., 2019), diabetes mellitus (Del Coco et al., 2019), chronic obstructive pulmonary disease (Lamonaca et al., 2017). 1H-NMR based metabolomics has proven to be a key for the characterization of metabolic profiles relevant to brain function and disease (Ivanisevic and Siuzdak, 2015). Our previous studies demonstrated that metabolic abnormalities in the brain participated in DM-associated cognitive dysfunction (Zheng et al., 2017) and pathogenesis of Alzheimer’s disease (Zheng et al., 2018b). And increasing evidence in recent researches has supported the idea that metabolic abnormality may be causal to PD and LID, though it is unclear how metabolic disruption affects striatal activity in vivo. In our previous study, 1H NMR based metabolomics was applied to evaluate the metabolic signatures and pathways involved in the onset and progression of PD, which indicate that neuron loss and motor function impairment in induction PD mice may be linked to overactive glutamate-glutamine cycle and altered membrane metabolism in the striatum (Lu et al., 2018). There is, however, a dearth of information on understanding the metabolic and cellular mechanisms underlying motor impairment in LID.

Historically, studies of PD and LID have been focused on the striatum, since it is acknowledged that the dopamine depletion in the striatum result from degeneration of dopaminergic neurons is the main cause of PD (Hornykiewicz, 2006; Huang et al., 2019), and the prevailing hypothesis is that subsequent replacement with levodopa causes excessive direct pathway activity in the striatum. For example, Cenci et al. (1998) analyzed the correlations between the dyskinetic symptoms of LID and neurotransmitter-related mRNA expression in the basal ganglia and found that striatal overexpression of prodynorphin- and glutamic acid decarboxylase participated in the occurrence of LID. Santini et al. (2007) found hyperactivation in the striatal medium spiny neuron of cAMP/PKA/DARPP-32 and ERK signaling played a critical role in L-dopa induced dyskinesia. Crucially, L-dopa replacement has little effects on axial symptoms of PD, indicating that disruptions in another neurotransmitter metabolism other than dopamine, even other brain regions beyond the striatum could mediate these PD and levodopa-evoked behaviors. Again, some indirect evidence supports this hypothesis: once LID develops, a given dose of levodopa relieves parkinsonism but produces dyskinesia.

If other brain regions were indeed involved in the onset and progression of PD and LID, then targeted therapies could be more effective than levodopa alone. Therefore, the creation of a detailed map of the human neural metabolic pathway across different brain regions will help to build a knowledge base to unravel complex brain functions. In the present study, we took advantage of a 1H NMR-based metabolomics approach to characterize the involvement of region-specific metabolic phenotype in the brain of PD and following LID rats.



MATERIALS AND METHODS


Animals

Male Sprague–Dawley rats (180–220 g) purchased from the SLAC Laboratory Animal Company Limited (Shanghai, China) were housed under the standard laboratory conditions (controlled temperature/humidity condition, a normal 12/12-h light/dark schedule with the lights on at 08:00 a.m.), in the Laboratory Animal Center of the First Affiliated Hospital of Wenzhou Medical University (Wenzhou, China). All rats were given free access to standard chow and water during the whole experimental process. All experimental operations were performed strictly in accordance with the National Institutes of Health Guide for the Care and Use of Laboratory Animals and were approved by the Institutional Animal Care and Use Committee of Wenzhou Medical College (wydw2018-015).



6-Hydroxydopamine (6-OHDA) Rat Model of PD and Levodopa-Induced Dyskinesia

Animals were weighed and randomly divided into control (n = 8) and lesion groups (n = 20). All rats in lesion group stereotaxically received 4 μl of 6-OHDA (4 μg/ μl, dissolved in 0.9% physiological saline involving 0.2% ascorbic acid) injection at each coordinate in the right medial forebrain bundle (MFB) and the rats in control group received sham-operation with physiological saline at the same locations. The coordinates calculated by the rat brain atlas were as previously reported (Xie et al., 2014): AP −4.4 mm, ML −1.2 mm, DV −7.8 mm; AP −3.7 mm, ML −1.7 mm, DV −7.8 mm. The tooth bar was set to −2.4 mm. After 3 weeks of lesioning, rats in the lesion group received intraperitoneal injection of apomorphine to induce contralateral rotations, and rats with at least seven full contralateral turns/min were selected as successful PD rats (Yang et al., 2012). The successful PD rats were then randomly divided into PD group (n = 10) and LID group (n = 10). In the next 3 weeks, rats in LID group received a daily intraperitoneal injection of L-dopa (15 mg/kg) together with benserazide (3.75 mg/kg) for 3 weeks (Zhang et al., 2014) and the rats in Con and PD group were given equal vehicle during the same period. The body weights of rats were constantly monitored during the process of the study.



Behavioral Test

The onset and severity of LID were evaluated according to a highly validated abnormal involuntary movements (AIMs) scale on days 1, 4, 7, 10, 14, 17 and 20 of L-dopa/benserazide treatment (Lundblad et al., 2002; Mellone et al., 2019). Briefly, AIMs were conducted from 20 min to 120 min after L-dopa or vehicle administration and each rat was continuously observed for 1 min every 20 min each time. The AIMs scores were recorded from 0 to 4 according to the incidence of three subtypes of AIMs (axial, limb and orolingual): 0 = absent; 1 = present less than or equal to 30 s; 2 = present more than 30 s; 3 = present continuously but suppressible by external stimulus; 4 = present continuously but not suppressible by external stimulus.

The forelimb function test is a widely used behavior test to assess the forelimb motor function of rats. The test was performed at days 3, 8, 13, 18 of L-dopa/benserazide treatment and all the process was carried out in a glass beaker (diameter = 22 cm, height = 35 cm) to record the number of wall contacts of right/left forelimb of rats. 1 h after L-dopa or vehicle administration, the forelimb function test was evaluated 5 min every 20 min for four times. The final value was shown as the percentage wall contacts of the contralateral forelimb of 6-OHDA lesion (left forelimb) compared with total wall contacts of bilateral forelimbs (Schallert et al., 2000).



Immunofluorescence Staining

Three rats of each group were processed for immunofluorescence staining studies. In brief, rats were anesthetized with 10% chloral hydrate (0.35 ml/100 g) first after the last L-dopa administration and then perfused transcardially with normal saline followed by a fixing solution containing 4% paraformaldehyde for 30 min. The brains were carefully removed, fixed in 10% buffered formalin overnight, and embedded in paraffin. The brain tissues were cut into coronal sections with a thickness of 5 μm. The paraffin sections were incubated with Anti-Synaptophysin (SYP) antibody (Abcam, 1:200) overnight at 4°C and rinsed in PBS followed by incubation with Alexa Flour™ 488 goat anti-rabbit lgG (H + L; Invitrogen, 1:500). Subsequently, sections were rinsed again in PBS, stained with DAPI (Southern Biotech) and observed using a fluorescence microscope (Nikon, Tokyo, Japan).



Sample Collection and Metabolite Extraction

The remaining rats were sacrificed by decapitation after a 3-weeks L-dopa administration, with the whole brain tissue dissected into midbrain, cortex, striatum, hippocampus, cerebellum, and hypothalamus immediately. All the brain tissues were put into liquid nitrogen at once and then stored at −80°C until use. The metabolite extraction was referred to as our previous method (Liu et al., 2018). Briefly, the frozen tissues were weighted into an Eppendorf tube, Following the homogenization by electric homogenizer with ice-cold methanol (4.0 ml/g) and ultrapure water (0.85 ml/g). The mixture was homogenized again with 2 ml/g of chloroform, then again with 2 ml/g of chloroform and 2 ml/g of ultrapure water using a vortex mixer, placed on ice for 15 min, and centrifuged at 10,000 g for 15 min at 4°C. Finally, the supernatant was carefully transferred into a new Eppendorf tube, lyophilized for 24 h, and stored at −80°C until NMR analysis.



NMR Spectroscopy

The lyophilized extract was dissolved into 0.6 ml of 99.5% D2O containing 0.05% of sodium trimethylsilyl propionate-d4 (TSP), in which D2O provided a field-frequency lock, and TSP was used as the chemical shift reference. All 1H NMR spectra of brain tissue were acquired on the Bruker Avance III 600 MHz NMR spectrometer with a 5-mm TXI probe (Bruker BioSpin, Rheinstetten, Germany) at 298 K. The one-dimensional 1H NMR spectra of right striatum and SN were acquired using a standard single-pulse sequence with water signal presaturation (ZGPR) with number of scans (256), acquisition time (2.65 s/scan), date points (64 k), spectral width (12,000 Hz) and relaxation delay (6 s). Then, the 1H NMR spectra were referenced to the TSP peak at 0.0 ppm and manually adjusted phase and baseline using Topspin (v2.1 pl4, Bruker Biospin, Germany).



Data Processing of NMR Spectra and Multivariate Pattern Recognition

NMR spectra were reduced to integrated regions with a width of 0.01 ppm (bin) corresponding to the region of δ 10–0.5. The regions of 4.7–5.2 ppm (water) was removed to eliminate artifacts related to the residual water resonance. The remaining spectral segments were then normalized to the total sum of the spectral intensity to partially compensate for differences in the concentration of many metabolites in the samples. Before multivariate data analysis, the integral values were mean-centered and Pareto-scaled (Shao et al., 2014). NMR data sets were imported into SIMCA-P + 12.0 software (Umetrics, Umea, Sweden) for multivariate statistical analysis, including principal component analysis discriminant analysis (PCA-DA) and partial least squares-discriminant analysis (PLS-DA). And another data reduced to integrated regions with a width of 0.0015 ppm width corresponding to the region of δ 10–0.5 were used for quantitative analysis.



Real-Time RT-PCR

The Real-time RT-PCR procedure and data analyses were carried out as previously described (Yang et al., 2019). The total RNA was extracted from the right cortexes using standard TRlzol reagent (Invitrogen, Carlsbad, CA, USA) and converted into cDNA following the instruction of PrimeScript™ RT reagent Kit (Takara, RR037A). Individual samples were measured in triplicate. Real-time-PCR was performed on an ABI 7500 Fast Real-Time PCR system using TB Green™ Premix Ex Taq™ II (RR820A). Primer sequences as follows: Actin (5′-ACCCGCGAGTACAACCTTC-3′/5′-ATGCCGTGTTCAATGGGGTA-3′), SYP (5′-GCTAAAAGCAGGAGGGCGTA-3′/5′-GCACAGGAAAGTAGGGGGTC-3′). Relative expression levels were measured with the 2−ΔΔCt method.



Statistical Analysis

Independent sample t-test or one-way ANOVA was applied to compare the difference among different groups. Statistical analyses were performed using SPSS (version 25, IBM, USA). Data were exhibited as mean ± SEM and P-values less than 0.05 were considered statistically significant.




RESULTS


Behavior Tests in Experimental Models of PD and LID

To mimic dyskinesia of PD patients, male SD rats were unilaterally injected with 6-OHDA in the right MFB, causing a nearly complete depletion of ipsilateral dopamine, while the rats in Con group were got same Sham-operation but injected with vehicle (Figures 1A,B). Three weeks later, motor symptoms were validated using apomorphine-induced rotation test (Figure 1C). Then the LID rats were intraperitoneally administrated L-dopa (15 mg/kg, i.p.) with benserazide (3.75 mg/kg, i.p.) once a day for 3 weeks and observed progressive AIMs. Forelimb function test was conducted at days 3, 8, 13, 18 after L-dopa/benserazide treatment, results showed that the percent of left forelimb use of total wall contacts of rats in Con group is around 50%, while the percent of left forelimb use was significantly reduced in PD rats with a partial lesion of the nigrostriatal pathway. After the treatment of L-dopa, the percent of left forelimb use of rats in the LID group was significantly increased compared to that in the PD group (P < 0.05, Figure 1D). These results suggested that PD rats showed reduced forelimb motor function, and L-dopa treatment is quite effective in alleviating PD behavioral symptoms.
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FIGURE 1. Behavior performance of the experimental models of Parkinson’s disease (PD) and levodopa-induced dyskinesia (LID). (A) The time scale of the experiments: 6-OHDA lesioning, L-dopa/benserazide treatment, and behavioral tests. (B) Schematic of stereotactic injection of 6-hydroxydopamine (6-OHDA), the rats in the control group received sham-operation with physiological saline at the same location (n = 8–10 for each group). (C) Apomorphine-induced rotation test. (D) Forelimb function tests at days 3, 8, 13, 18 of L-dopa/benserazide treatment. (E) AIMs 120-min time-score plot of three groups after L-dopa injection. (F) Total AIMs scores plot of three groups at Days 1, 4, 7, 10, 14, 17 and 20 of L-dopa/benserazide treatment. (G) Body weight over time of rats from three groups. *Means the difference between Con group and experimental groups (t-test); #means the difference between PD and LID group (t-test). *P < 0.05, **P < 0.01; #P < 0.05, ##P < 0.01.



However, we found that L-dopa treatment caused both dyskinesia and contralesional rotations. Abnormal involuntary movements (AIMs) score, a standard behavior performance score system for dyskinesia, was significantly higher in the 6-OHDA-lesioned rats after 3 weeks of L-dopa administration (Figure 1E). We observed that AIMs immediately appeared at 20 min after L-dopa injection and did not attenuate until 80 min and then faded away after 120 min. Besides, we continuously monitor the total AIMs scores at days 1, 4, 7, 10, 14, 17 and 20 of L-dopa/benserazide treatment (Figure 1F).The results showed that total AIMs scores of LID rats gradually increased with time went by, while that of rats in Con and PD group had no obvious changes.

In addition, we also questioned whether the growth of rats was affected by the disease. A repeated-measures ANOVA revealed a significant time and treatment interaction effect in the body weight (P = 0.01). To be specific, the bodyweight of PD rats was significantly reduced after 6-OHDA administration, compared with the control group. After L-dopa administration for 3 weeks, the bodyweight of LID rats increased significantly compared with PD rats (P < 0.05, Figure 1G), while no significant difference was found between Con and LID rats.



NMR-Based Metabolic Profiling of Different Brain Regions

In order to characterize the dynamic changes of metabolites throughout the brain, NMR-based metabolic profiling of different brain regions was performed among control, PD and LID rats. Typical 1H-NMR CPMG (600 MHz) spectra of different brain regions (midbrain, cortex, striatum, hippocampus, cerebellum, and hypothalamus, respectively), obtained from control, PD and LID rats are presented in Figure 2. Assignments were performed according to our previous studies (Zheng et al., 2017, 2018a) using the Chenomx NMR suite 7.0 (Chenomx Inc., Edmonton, AB, Canada). A total of 20 metabolites were identified, which can be detected in all six brain regions (Figure 2). Although the NMR spectra appeared similar among different brain regions, there were striking differences in peak intensities for different brain regions. The metabolites identified included lactate, alanine, GABA, NAA, glutamine, glutamate, dimethylamine, aspartate, creatine, choline, glycerol-phosphocholine, taurine, Myo-inositol, glycine, Glu/Gln, Inosine, ADP/AMP, fumarate, AMP and IMP.


[image: image]

FIGURE 2. 1H NMR spectra of different brain sections obtained from control, PD and LID rats: Mid, midbrain; Cor, cortex; Str, striatum; Hip, hippocampus; Cer, cerebellum and Hyp, hypothalamus. 1. Lactate (Lac); 2. Alanine (Ala); 3. GABA; 4. N-acetyl aspartate (NAA); 5. Glutamine (Gln); 6. Glutamate (Glu); 7. Dimethylamine; 8. Aspartate (Asp); 9. Creatine (Cre); 10. Choline (Cho); 11. Glycerol-phosphocholine (GPC); 12. Taurine (Tau); 13. Myo-inositol (Myo); 14. Glycine (Gly); 15. Glu/Gln; 16. Inosine (Ino); 17. ADP/AMP; 18. Fumarate (Fum); 19. AMP; 20. IMP.





Multivariate Analysis of NMR Data

After the pre-processing of the NMR spectra, including the bucketing process and total sum normalization to minimized small differences due to sample concentration among samples, NMR data was subjected for multivariate statistical analysis including unsupervised (PCA) and supervised (PLS-DA) multivariate statistical methods. As a first attempt, the PCA was used to quantitatively compare the global metabolomics profiling data collected from the six different brain regions of control (Figure 3A), PD (Figure 3B) and LID (Figure 3C) rats. The PCA score plot obtained for control rats revealed good separation among the different brain regions, especially along the first principal component PC1 (with PC1 and PC2 accounted for 43.6% and 18.1% of the total variance, respectively, Figure 3A). PCA score plot obtained for PD and LID rats showed similar, distinct separation among different brain regions (Figures 3B,C). As showed in Figure 3, the metabolic pattern in the striatum appeared as separate significantly from other brain regions, especially along the second principal component PC2. Whereas the midbrain and right cortex distribution was significantly different both in PD and LID rats compared with control rats, indicating midbrain-cortex crosstalk was involved in the behavioral symptoms of PD and LID.
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FIGURE 3. Overview of metabolic changes in six different brain regions of Con (A), PD (B) and LID (C) rats.





Brain Regional Specific Metabolic Disturbance Was Involved in Parkinson’s Disease

To further explore discriminating features and potential biomarkers in brain function and disease, the supervised PLS-DA analyses were applied for six different brain regions from three groups (Figure 4). Moreover, a mixed-model analysis was applied to evaluate the effects of dopamine loss and L-dopa replacement on metabolite alterations in the PD and LID rats and the detailed results were shown in Figure 5 and listed in Supplementary Tables S1–S6. As predicted, a clear separation between control and PD rats was observed in the midbrain (Figure 4A) and striatum (Figure 4B). Accordingly, using hierarchical clustering on the profile of the identified 21 metabolites, the metabolic profile of midbrain and striatum was strictly separated between control and PD rats, several interesting metabolite clusters became apparent as well (Figures 5A,B). One of these clusters contained glutamate and glutamine, and this alteration in the glutamate metabolism pathway reflected neurotransmitter homeostasis in the brain (Bak et al., 2006). In addition, various products of energy metabolism pathways (e.g., taurine, lactate, and fumarate) in the striatum were altered in PD rats (Figure 5B).
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FIGURE 4. PLS-DA score plots of Con, PD and LID groups in the different brain regions: (A) Mid, midbrain; (B) Rstr, right striatum; (C) Rcor, right cortex; (D) Rhip, right hippocampus; (E) Rcer, right cerebellum; (F) Hyp, hypothalamus.
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FIGURE 5. Heatmap displaying the identified metabolites in six different brain regions obtained from the brain of Con, PD and LID rats: (A) Mid, midbrain; (B) Rstr, right striatum; (C) Rcor, right cortex; (D) Rhip, right hippocampus; (E) Rcer, right cerebellum; (F) Hyp, hypothalamus.



Surprisingly, the metabolic profile of PD rats was also separated significantly in the other four brain regions: right cortex (Figure 4C), hippocampus (Figure 4D), cerebellum (Figure 4E) and hypothalamus (Figure 4F), respectively. The potential biomarkers, which are responsible for the separation were observed in the corresponding heatmap, respectively (Figures 5C–F). In summary, nine assigned metabolites with a significant difference were identified between Con and PD rats (P < 0.05), including lactate, glutamine, GABA, aspartate, glycerol-phosphocholine, fumarate, Glu/Gln, glycine and taurine. Of note, the midbrain and cortex were the main brain regions that underwent significant metabolic disruption between the Con group and PD groups. These observations suggest that dopamine loss in PD rats produces a marked and persistent metabolic disturbance in neurotransmitter metabolism and energy pathway, resulting in a metabolic imbalance among different brain regions.



L-Dopa Induces Brain Regional Specific Metabolic Disturbance During LID

The standard model predicts that by increasing striatal dopamine, L-dopa is hypothesized to restore the normal balance of striatal activity. To test the metabolic activity of the whole brain during LID, PLS-DA analyses were also performed for control and LID rats (Figure 4). PLS-DA score plots showed an even better separation in all the six brain regions than that observed comparing control and PD rats, especially in the midbrain (Figure 4A), striatum (Figure 4B), and right cortex (Figure 4C). Quantitative analysis on the metabolites from control and LID groups with T-test, total 10 significantly changed metabolites were detected between Con and LID rats, namely lactate, phosphocholine, aspartate, glycerol-phosphocholine, GABA, fumarate, glutamine, Myo-inositol, AMP, and alanine (Figure 5, Supplementary Tables S1–S6). Counter to our expectation, we found that the striatal metabolism was not restored in response to L-dopa, furthermore, during LID, relatively higher lactate, aspartate, glutamine, AMP and Myo-inositol was observed in midbrain and striatum, compared with that of the control group (Figures 5A–C). These findings confirmed that L-dopa replacement did not restore the midbrain-striatum metabolic crosstalk and metabolic disturbance throughout the brain was involved in levodopa related involuntary movements.



Glutamate-Glutamine Metabolic Cycle in Parkinson’s Disease and LID

Since these results point toward neurotransmitter dysregulation as an underlying feature both in PD and LID, we sought to assess how the glutamate-glutamine cycle was affected by the disease in different brain regions (Figure 6). Remarkably, we found that the concentration of glutamate in the PD and LID groups was higher than that in the Con group, except for the hypothalamus in the PD group and the right cortex in the LID group (Figure 6A). Besides, the PD rats had a higher glutamine concentration than Con rats in all six brain regions, especially in the right cortex and right cerebellum (Figure 6B). The concentration of glutamine varied in the LID group compared to the Con group, which was significantly increased in the midbrain and right cerebellum (P < 0.05). More interestingly, compared with the Con rats, the PD rats had a significantly higher concentration of aspartate in the midbrain, right cortex, right cerebellum and right hypothalamus, and a significantly increased of aspartate concentration occurred in all brain regions of the LID rats (Figure 6C). These results provide further evidence that glutamate-glutamine metabolism is dysregulated in D and LID.
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FIGURE 6. Changes in neurotransmitter metabolism-related metabolites in different brain regions. (A) Glu, glutamate; (B) Gln, glutamine; (C) Asp, aspartate. Differences between Con and experimental groups were analyzed using univariate ANOVA, *P < 0.05, **P < 0.01, ***P < 0.001.





Synaptic Plasticity Is Impaired in Parkinson’s Disease and LID

It was noticed that there was a disorder of neurotransmitters in the PD and LID rats, we wondered if the synaptic plasticity, which controls the release and recycle of neurotransmitters was also involved in the PD and LID disease. SYP, a standard presynaptic marker, which was responsible for synapse formation and neurotransmitter recycle (Wu et al., 2015). Immunofluorescence staining was performed to visually evaluate the expression of SYP in the right cortex of PD and LID rats. The immunofluorescence staining results showed that the density of SYP in the right cortex of PD and LID rats was lower than that in the Con rats (Figure 7A). Accordingly, the results of real-time RT-PCR also showed that the gene expression of SYP in the right cortex of PD and LID rats was significantly decreased compared to Con rats (Figure 7B).
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FIGURE 7. Gene and protein expression of synaptophysin (SYP) in the right cortex of control, PD and LID rats. (A) Immunofluorescence staining of SYP in the cortex (n = 3–4 for each group): labeling for SYP (Green) and staining nuclei with DAPI (blue). Magnification: X400. Scale bar: 100 μm. (B) Real-time RT-PCR results showed that the expression of SYP in the right cortex in the experimental groups were significantly decreased compared with that in the control group. Differences among the three groups were analyzed using univariate ANOVA. *P < 0.05 is compared with control group.






DISCUSSION

The potential metabolic mechanisms of PD and LID are not largely elucidated and keep a great challenge for the therapy of PD (Wang et al., 2014). In the present study, the 1H NMR-based metabolomics approach was performed to present the first widespread investigation of metabolic profile throughout the brain in a 6-OHDA-unilaterally-lesioned rat model. We found that: (1) dopamine loss in PD rats produces a marked and persistent metabolic disturbance in neurotransmitter metabolism and energy pathway, resulting in a metabolic imbalance among different brain regions; (2) L-dopa replacement did not restore the midbrain-striatum metabolic crosstalk and metabolic disturbance throughout the brain was involved in levodopa related involuntary movements; and (3) further multivariate general linear model identified that a significant perturbation of Glu-Gln-GABA cycle in midbrain and right cortex of both PD and LID rats, accompanied by reduced synaptic plasticity.

Although many investigators have posited that energy metabolism is critical to maintaining the normal brain function (Bélanger et al., 2011), previous studies of the metabolic mechanism of PD and LID had largely focused on the midbrain and striatum, while the global metabolic profile in the adult brain has not been extensively described. Consistent with a midbrain-striatum mediated mechanism of behavior modulation, the pattern of energy metabolism in midbrain and striatum we identified in the current study is in-line with what described in numerous studies of both human and rodent models (Zheng et al., 2016, 2017). Notably, we found a significantly increased lactate level in the right striatum of 6-OHDA-lesioned PD and LID rats’ respect to Con rats, which confirms previous studies that identified lactate served as a spare energy substrate and was critical in the brain function (Proia et al., 2016). Besides, the concentration of alanine of LID rats was significantly decreased compared with Con rats. Interestingly, compared with Con rats, the fumarate level was significantly decreased in the right cortex of PD rats and in the right hippocampus of LID rats. Taken together, these results suggest that while regional specific metabolic disturbance is a feature of PD, L-dopa replacement did not restore the midbrain-striatum metabolic crosstalk may still contribute to levodopa-evoked facilitation of movement in LID.

The multivariate analysis performed on brain metabolic profile also identified a significant difference in the levels of glutamate (Glu), glutamine (Gln) and aspartate (Asp) in PD and LID rats with respect to control rats. Glu is the main excitatory neurotransmitters which can enhance neuronal excitability whereas GABA is the primary inhibitory in the central nervous system (Rage et al., 1992). Glutamate is the metabolic precursor of GABA, which can be in turn transferred into synthesize glutamate through the TCA cycle (Petroff, 2002). Recent publications indicate that the Glu-Gln-GABA cycle is involved in a variety of neurological disorders (Zheng et al., 2016, 2017; Lu et al., 2018; Zott et al., 2019). In the present study, the Glu levels showed no significant differences among three groups, however, the concentrations of Gln were brain region-specific, for example, compared with Con rats, the Gln level increased in all brain regions of PD rats and most significantly in the right cortex and right cerebellum, and it significantly increased in the midbrain and right cerebellum of LID rats but decreased in the right cortex. Our previous study showed that the disturbed Glu-Gln-GABA cycle occurred in the striatum of PD rats and bFGF treatment might alleviate PD symptoms through regulating these alterations (Zheng et al., 2016), another study reported that there was a significantly decreased striatal level of Glu in LID rats (Wang et al., 2018). Both higher or lower levels of Glu can be noxious, as excessive Glu can stimulate the activation of the NMDA receptor and induce excitatory toxicity (Jazvinšćak Jembrek et al., 2018).

Asp is another excitatory neurotransmitter in the central nervous system (Liu et al., 2013). Notably, the concentrations of Asp increased in all brain regions of rats in the experimental groups compared with the control group. Except for the right striatum and right hippocampus, the Asp level in PD group was significantly higher than that in the Con group and the Asp level in all brain regions had significant differences between Con and LID group. Since Glu, Gln and Asp are critical neurotransmitters, the brain-regional disturbance in neurotransmitters level observed in both PD and LID model could be considered a functional perturbation of Glu-Gln-GABA cycle in the synapse. We wondered if the PD as well as LID was associated with the changes of synaptic plasticity. In recent years, abnormal synaptic plasticity of cortical neurons was found to be causally involved in PD and LID (Ueno et al., 2017). Our results showed that the expression of SYP, a critical marker for synaptic structure and plastic plasticity (Zhu et al., 2019), significantly reduced in the right cortex in PD and LID rats. We, therefore, hypothesized that synaptic damage and neurotransmitter disturbance was involved in LID in parkinsonism, thus could be a potential target in the treatment or prevention of motor function impairment in PD and LID.

Meanwhile, osmoregulation plays an important role in maintaining cell structure and function. Myo is regarded as a marker for astrocytic and has various physiological functions such as membrane structure and osmoregulation (Isaacks et al., 1994; Edamatsu et al., 2018). In the present study, a significantly increased level of Myo in the midbrain and right hypothalamus of LID rats but no differences in PD rats as compared to normal rats may indicate the changed astrocytic activity underlying LID. Tau, another organic osmolyte in the brain, which was critical in osmoregulation and membrane stabilization (Trachtman et al., 1992). However, relative to Con rats, the concentration of Tau was only significantly decreased in the midbrain of PD rats but not in LID rats, suggesting that osmoregulation may be involved in PD. Thus, the disturbed osmoregulation as well as astrocytes-neurons crosstalk might involve in the occurrence of PD and LID.

The results of this study have detailed a widespread yet brain-regional specific metabolic disturbance in PD and LID rats. The midbrain and cortex exhibited significant metabolic disorders more than other brain regions. Moreover, various neurotransmitters and several intriguing metabolites, including glutamate, glutamine, aspartate, and myo-inositol were identified among the most discriminating metabolites. Our results suggest a possible mechanism: metabolic perturbation of neurotransmitter metabolism, especially in the synaptic Glu-Gln-GABA cycle may represent the pathological basis for the onset of PD and dyskinesia. While additional experiments will be necessary to firmly establish causal relations between metabolic disturbance and dyskinesia, these findings highlight the glutamate-glutamine cycle and synaptic plasticity in LID.
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This narrative review aimed to summarize evidence regarding the responses to exercise among patients with preclinical Alzheimer’s disease (AD) and the effectiveness of long-term exercise interventions in improving cognitive function and neuropsychiatric symptoms. We performed a narrative review of existing literature on the effectiveness of long-term exercise interventions in improving cognitive function and neuropsychiatric symptoms in patients with AD. Patients with AD who presented with long-term exercise interventions appeared to have improved blood flow, increased hippocampal volume, and improved neurogenesis. Most prospective studies have proven that physical inactivity is one of the most common preventable risk factors for developing AD and that higher physical activity levels are associated with a reduced risk of AD development. Physical exercise seems to be effective in improving several neuropsychiatric symptoms of AD, notably cognitive function. Compared with medications, exercise has been shown to have fewer side effects and better adherence.
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BACKGROUND

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder characterized by memory loss and multiple cognitive disorders (Reddy and Oliver, 2019). This symptom is the most frequent cause of neurogenesis. Individuals with AD develop progressive mild cognitive impairment (MCI), leading to the development of neuropsychiatric manifestations. Agitation and anxiousness are common complications in individuals diagnosed with AD. Other complications such as bladder and bowel problems, depression, infection, and head trauma or broken bones are the main cause of imbalance and incoordination in these patients (Higuera, 2016).

Alzheimer’s disease is associated with common causes of dementia and is estimated to account for 60–80% of these cases (Alzheimer’s Association [AA], 2016). Aging can be treated as the greatest risk factor for AD progression. About 81% of AD patients are aged over 75 years as estimated by the Alzheimer’s Association [AA], 2016). The diagnosis and treatment of AD involves many challenges. Studies have shown that drug combinations are effective and that there is no efficient treatment for patients diagnosed with preclinical AD or MCI. With respect to the definition of MCI, it is regarded as a syndrome of cognitive decline that is higher than the expectation of the age of individual and level of education without significantly obstructing with daily living activities. Notably, it develops into AD during 5 years in over half of the MCI patients (Gauthier et al., 2006). Based on the possibility of side effects of drugs, people are very interested in the non-pharmacological treatment of AD (Raggi et al., 2017).

Inconsistent benefits of treatments, comprising cognitive training and cognitive stimulation, have been reported. There is an intension to prevent and treat AD, MCI, and dementia via regular exercise (Laurin et al., 2001; Lindsay et al., 2002; Andel et al., 2008). This article aims to review important studies with this scope and consider the association of exercise and AD in patients.



OVERVIEW OF ALZHEIMER’S DISEASE

Alzheimer’s disease is a chronic neurodegenerative disease in which pathological features include changes in the brain structure and function (Scheltens et al., 2016). The consequences have a significant impact on individual lives and societal costs (World Health Organization [WHO] and Alzheimer’s Disease International [ADI], 2012). The emotions derived from the disease, changes in neurocognition, and physical disability are common and also lower the quality of life considerably, e.g., higher dependence on people and reduction of functioning mobility (Glenthøj et al., 2017). Additionally, the prevalence rate of depressive symptoms in AD patients was 10 times higher than that in the normal population (Lee and Lyketsos, 2003; Strober and Arnett, 2009). Approximately 747,000 (15%) Canadians aged over 65 years were affected by a particular form of person cognitive impairment or dementia in 2011 (Alzheimer Society of Canada [ASC], 2011). Around 60–70% of people have AD (World Health Organization [WHO] and Alzheimer’s Disease International [ADI], 2012). Commensurate statistics from United States estimate that nearly one in eight among the aged have AD (Alzheimer’s Association [AA], 2012). Therefore the annual cost for treatment is as high as $600 billion (World Health Organization [WHO] and Alzheimer’s Disease International [ADI], 2012). The care cost is estimated to grow to around $20 trillion for American AD patients if the present trend is unchanged for the next 40 years (Alzheimer’s Society [AS], 2010). Psychosocial care takers still need to take on the burden of AD-related disease even though the economic cost has been cut back in Canada (Herrmann et al., 2010). The age-standardized death rate (per 100,000 people) of the aged in Ontario remains stable (Statistics Canada, 2011). The results show that women’s death rate are higher than men. It seems older people (over 65 years of age) represent number of AD patients’ growth was more than other age groups. Early identification and management of AD is a challenging task but a public health priority.



DIAGNOSIS AND TREATMENT

Diagnosis is mostly clinical and commonly includes the patient’s main care doctor. Acquiring good medical, family medical, and neuropsychiatric history is essential. If necessary, neuropsychological test and serologic tests for biomarkers can bolster the diagnosis. Other causes of dementia are ruled out by routine laboratory test with whole blood cell counts, metabolome comparison, thyroid stimulating hormone, vitamin B-12, folate, and MRI. These are regarded as part of the routine diagnostic examination.

In accordance with the definition of National Institute on Aging in 2011, AD is characterized by three progressive and overlapping stages of deterioration, including preclinical AD, MCI, and Dementia (Sperling et al., 2011). In the early phase of the disease, most of the symptoms may be misinterpreted as ordinary changes in behavior, attention, and forgetfulness (Burns and Illiffe, 2009). The intricacies and gradualness of the symptoms have led to some people classifying the features as “syndromes.”

The only way to obtain a definitive diagnosis of AD is through autopsy and an accurate examination of the brain tissue (Caroli and Frisoni, 2009). However, physician diagnosis can reach relatively high accuracy in a clinical setting because serum or cerebrospinal fluid biomarkers have been proven to provide high diagnostic accuracy, accounting for 85–90% for sensitivity and specificity (Jack et al., 2010; Scheltens et al., 2016). Thus the diagnostic accuracy is as high as 90%.

Factors associated with the clinical analysis of AD cases are particular medical history and physical examination to determine the family history of dementia and changes in behavior, mood, and motor performance and to rule out other explanations so that physicians can oversee, treat, and arrange supporting services (Burns and Illiffe, 2009).



RISK FACTORS

Age is the biggest risk factor for AD. There is a possible minor risk (less than 1%) owing to gene mutation, mutant amyloid precursor proteins, among patients account 40–65% with AD may also accompany APOE-e4 genetic variant (Mahley et al., 2006; Alzheimer’s Association [AA], 2016). Family history can be another risk factor for AD; it can also be influenced by cardiovascular disease, low education level, social factors, and cognitive involvement, as well as traumatic brain injury prior to MCI (Alzheimer’s Association [AA], 2016). The evidence also shows that chronic disease risk factors (such as physical inactivity, diabetes, smoking, abdominal obesity, and high cholesterol) (Purnell et al., 2009; Li et al., 2011) may increase the risk of developing AD, whereas social participation and low saturated fat/high fiber vegetable diet can reduce the risk of developing AD (Alzheimer’s Association [AA], 2012).

It is unclear whether this relationship is dependent on the dose; it seems that there is reduced risk with higher levels of physical activity (Yaffe et al., 2001). This may be vital in patients with risk factors or early progression MCI. Exercise seems to have potential benefits for people diagnosed with AD. However, the management of AD is still challenging. Drug treatment is limited to date. Three most common classes of drugs include: acetylcholinesterase inhibitors for behavioral symptoms; N-methyl D-aspartate antagonists to treat cognitive decline and slow progression of AD; and antipsychotics (not recommended) (National Institute of Aging [NIA], 2008). Other complementary treatments such as group-based social procedures (e.g., art and music) and cognitive and emotional orientation treatments (e.g., psychotherapy, validation, recall, etc.) have been used and have varied ineffectiveness (Olazarán et al., 2010; Ballard et al., 2011).



NEUROPHYSIOLOGY

One of the most vital and majestic organs in an organism is the brain which can be categorized under the CNS. A human brain contains approximately 98% of the body’s neural tissue (Martini et al., 2011). It consists of over 100 billion nerves that are connected to one another through long protoplasmic fibers named axons (Hendrickson, 2004). These fibers carry signal pulses to different parts of the brain and body targeting specific recipient cells. The main function of the brain is to conduct, consolidate, and control different organs of the body physiologically. Brain coordinates and controls most of the sensory system, social behavior, muscle movements and synchronized body functions such as heart and respiratory rate, blood pressure, fluid balance, and body temperature. The brain is the cradle of mood, emotion, cognition, memory, motor, and different forms of learning.

Exercise could be a strategy to prevent or postpone the aging brain from decline in cognition (Barnes, 2015). Thus, a great amount of effort and research have undertaken to understand the physiology of aging brain, which is changed or tempered by exercise (Marks et al., 2011; Burzynska et al., 2014; Bullock et al., 2018). Exercise may cause effects on three areas of the brain: vascular physiology, hippocampal volumes, and neurogenesis (Barnes, 2015). With advancing age, blood flow to the brain is negatively influenced and is related to cognition (Barnes, 2015). It is shown that moderate-intensity exercise causes intense augmentation of blood flow to the brain, also the cerebral blood flow increment is found in participants trained by exercise than participants who were seated for a long period (Bailey et al., 2013). A randomized trial with 12-week-long exercise training showed that the cerebral blood flow is higher in the anterior cingulate cortex (Chapman et al., 2013). In AD, hippocampal circuits that are considered as relatively significant for episodic-like memory are affected initially. Higher volume of the hippocampus is related to improved cognition. Over a year of mild-to-moderate exercise seems to protect against shriveling hippocampal volume (Duzel et al., 2016). Hippocampal volume variation was also associated with improved heart health (Duzel et al., 2016). Physical exercise can improve cognitive ability and is associated with a boost in the hippocampal volume as shown by Erickson et al. (2009). Currently, it has been assessed that AD is caused by neuropathological and physiological factors. The current drug treatment for AD is aimed at an advanced stage, where severe morbidity, mortality and the burden on caregivers may increase. For the early stages of AD and general dementia prevention, exercise seems to be a useful way to treat and prevent it (Tabei et al., 2018).



PHYSICAL ACTIVITY AND ALZHEIMER’S DISEASE

Prospective studies have shown that physical activity can reduce the likelihood of dementia and AD, even at mild to moderate intensity (Yaffe et al., 2001; Erickson et al., 2009; Hamer and Chida, 2009; Smith et al., 2010; Barnes and Yaffe, 2011; Sattler et al., 2011; Buchman et al., 2012; Norton et al., 2014). Exercise could help diminish the occurrence of dementia and AD so that it has been cited as a possible lifestyle intervention. Some previous studies have proof to support this hypothesis. A study measured that 54% of AD risk factors may be avertible (Barnes and Yaffe, 2011). Another study estimated the demographic risk of global AD, which can be attributed to seven potentially adjustable risk factors by using the relative risks of existing meta-analyses (Norton et al., 2014). The lack of physical activity was the highest attributable risk that they found. In a systematic review that collated evidence from 163,000 non-psychotic participants and compared highest physical activity category to the participants with least relative risk of dementia (Hamer and Chida, 2009). They also found that the risk of dementia and AD can be lowered by 28% and 45% with physical activity. A systematic review of randomized controlled trials observing the connection of exercise and cognitive performance between 1966 and 2009 was completed by Smith et al. (2010). They chose research that had ample influence, supervised aerobic exercise programs and control groups. They showed improvement in attention and processing speed in the exercise group, executive function and memory improvement. Inconsistency of the impact on working memory was seen. The duration of exercise or intensity seems to be essential for the benefit. As mentioned earlier, the hippocampus of dementia patients gets decayed. Erickson et al. (2009) observed the relation between exercise and hippocampus because exercise effectively reduces cortical decay in the elderly. They noticed that among 165 non-demented elderly people, active individuals had higher levels of health, larger hippocampus, and better spatial memory by using MRI. The benefits of exercise for diminishing cognitive degeneration and dementia have been demonstrated by population-based prospective studies. A 14-year time course German population study showed a lower risk of MCI and AD in participants with regular physical activity and better performance in the neuropsychological tests (Sattler et al., 2011). Another prospective trial examined the hypothesis that objectively measuring daily activities could forecast the incidence rate in AD and MCI (Buchman et al., 2012). Participants wore wrist activity recorders to observe their overall physical activity instead of relying on questionnaires, which self-reported in this study. It was determined that levels of daily overall activity were associated with incidence of global cognitive decline and AD, at 4 years of follow-up. A significant reduction in AD risk was associated with higher levels of physical activity. Besides, a prospective study of more than 8 years showed that women who walked more had less cognitive decline during the entire study period (Yaffe et al., 2001). A Cochrane review examined how aerobic activity affected mentally healthy older adults. The objective was to assess whether heart health affects the impact of physical activity on cognition (Forbes et al., 2015). With this intention, they included trials that have demonstrated an increase in cardiovascular health through a test for VO2max. Their findings did not show any evidence of the benefits of exercise in cognition and the research they studied had a moderate to high risk of bias (Forbes et al., 2015). It has to be considered that their comments exclude studies where exercise interventions do not add cardiovascular health (i.e., mild aerobic exercise), weightlifting or stretching. Studies that performed a test for VO2max or other tests for heart health were included. We found that comments may be useful for a specific individual subgroup, but should be cautious in interpretation. In addition, other systematic reviews and meta-analyses show that exercise has significant improvements and benefits in cognition (Farina et al., 2014).



EXERCISE AS TREAMENT FOR ALZHEIMER’S DISEASE

Although several studies have shown that exercise has a potential benefit in declined cognition, are there any evidences to prove that exercise is good for people with AD? Some of the previous studies have limitations associated with randomization and surveillance in the group with treatment. There are also relatively few large-scale studies focusing on Alzheimer’s patients.

A randomized, controlled trial was designed to tackle these issues by evaluating whether exercise programs could impact the decline in activities of daily living (ADL) in AD patients (Rolland et al., 2007). With an hour of training twice a week in aerobic exercise, strength level, balance skill and flexibility as intervention for 1 year, they found that ADL was slower than the non-active group. However, there was no effect on behavioral disorders, depression or nutritional scores. Another study attempted to compare the effects of drug and exercise on AD and MCI (Ströhle et al., 2015). The study allowed for including exercise or pharmacological intervention as the treatment group. For AD, exercise had a medium to strong pooled effect size, with a small effect on MCI. Treatment with a cholinesterase inhibitor in the meantime had a consequent slight effect on the perception in AD but had no effect on MCI. Note that the drug withdrawal rate is very high, but the exercise group has a much lower rate of discontinuation. In addition, systematic reviews and meta-analyses display improvement in dementia, reduced neuropsychiatric symptoms, and slight decline in ADL (Hamer and Chida, 2009; Smith et al., 2010; Forbes et al., 2015). In a large systematic review, exercise had less side effects and superior compliance than medications (Ströhle et al., 2015). Exercise also has intrinsic benefits for cardiovascular health and personal health. It is difficult to suggest specific exercises for AD patients or for prevention of AD based on the available evidence. These studies including the various types of exercises are established based on the duration of intervention. Nelson et al. (2007) believe the American Sports Medicine Association and the American Heart Association’s recommendations can be used to comprehensively treat the elderly. These suggestions are also more likely to cover most of the support activities needed to identify potential benefits.

A randomized controlled trial examined aerobic exercise programs with moderate to high-intensity on mild AD patients (Hoffmann et al., 2016). Training for 60 min was performed three times a week for 16 weeks, but there was no benefit for cognitive ability; however, the score on neuropsychiatric symptoms significantly improved. This study is indeed related to subjects that follow the training program. A general problem is that most people use intentional treatment models in their studies. During longer intervention studies, you are more likely to see compliance disruptions throughout the process. This makes the duration of intervention support for observation questionable. A 3-month randomized study looked at supervised exercise program three times a week (Chapman et al., 2013). Through the training interval, they found immediate and delayed memory improvements. In the anterior cingulate area, the exercise group also showed a cerebral blood flow while resting. Unfortunately, we may not be able to compare findings of AD patients to adults with normal cognition. Another minor study of eight people with MCI observed an exercise intervention for 9-months and a training during 2, 3-months (Sacco et al., 2016). Their cognitive performance improved, but their influence weakened after disrupting the training. A Cochrane review investigated the effects of exercise on Alzheimer’s patients (Forbes et al., 2015). Their meta-analysis showed no clear evidence that exercise is beneficial for cognitive function. However, they did get the ability to perform ADL from the exercises. It should be noted that the results and studies found by the reviewers comprised diverse data and lack of quality owing to insufficient evidence. They suggest more qualified trials to assess various dementias of different types with severity, which will help to improve the quality of evidence for reviews (Forbes et al., 2015). Finally, a few systematic reviews and accompanying analyzed results showed a favorable effect on AD patients receiving exercise programs based on six randomized controlled trials (Farina et al., 2014). Farina, Rusted, and Tabet show a downturn in a declining rate of cognition and a positive impact on global cognitive function (Farina et al., 2014).



LIMITATIONS

The study was conducted under narrative review approach. There are several limitations of this research. First, hypothesis was set as board overview of a topic-related research area. Second, search method depends on non-predefined protocol based which may involve subjective selection bias. Third, inclusion criteria of studies for review also rely on researchers’ experiences. Finally, search media usually via PubMed or Medline. In the meantime, extracted studies with non-protocol based may partially grade objectively by anecdotal resources for their quality.



CONCLUSION

To present the core information of this review, we constructed a Supplementary Table S1 has brief summary extracted from aforementioned references (except citations from specific associations and monograph). Systematic reviews and meta-analyses indicate the benefits of physical activity based on large-scale prospective trials. Unfortunately, many of these comments and studies have been plagued by methodological problems and noted the heterogeneity of the population.

In the next few decades, AD will be a huge challenge for the country in the field of medicine. Moreover, there are still much to learn despite a lot of rigorous and large-scale research. More high quality randomized trials are needed to really determine if AD can be prevented and treated by exercise.
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Identifying patients with mild cognitive impairment (MCI) who are at high risk of progressing to Alzheimer’s disease (AD) is crucial for early treatment of AD. However, it is difficult to predict the cognitive states of patients. This study developed an extreme learning machine (ELM)-based grading method to efficiently fuse multimodal data and predict MCI-to-AD conversion. First, features were extracted from magnetic resonance (MR) images, and useful features were selected using a feature selection method. Second, multiple modalities of MCI subjects, including MRI, positron emission tomography, cerebrospinal fluid biomarkers, and gene data, were individually graded using the ELM method. Finally, these grading scores calculated from different modalities were fed into a classifier to discriminate subjects with progressive MCI from those with stable MCI. The proposed approach has been validated on the Alzheimer’s Disease Neuroimaging Initiative (ADNI) cohort, and an accuracy of 84.7% was achieved for an AD prediction within 3 years. Experiments on predicting AD conversion from MCI within different periods showed similar results with the 3-year prediction. The experimental results demonstrate that the proposed approach benefits from the efficient fusion of four modalities, resulting in an accurate prediction of MCI-to-AD conversion.

Keywords: Alzheimer’s disease, extreme learning machine, mild cognitive impairment, multimodal, prediction


INTRODUCTION

Alzheimer’s disease (AD) is the most common cognitive impairment disease, which gradually impacts the activities of a patient’s daily life. The number of AD patients was estimated to be approximately 30 million in 2015 (Vos et al., 2016), which has placed a huge socioeconomic burden on those taking care of AD patients. The pathology changes of AD begin several years before the first clinical symptoms, and mild cognitive impairment (MCI) is thought to be the prodromal stage of AD (Markesbery and Lovell, 2010). Approximately 10–17% of those with MCI progress to AD over the course of a few years, yet some MCI patients remain stable after several years (Hamel et al., 2015). It is crucial to identify people who are at high risk of progressing from MCI to AD because it can help physicians treat these patients sooner and apply suitable therapies to slow down the progression or even improve a patient’s condition. Numerous studies have used machine learning techniques for computer-aided diagnosis of AD or prediction of AD conversion. The diagnosis of AD is relatively easier than the prediction of AD because there are apparent differences between AD and a normal control (NC), and the accuracy of diagnosis has reached to above 96% (Lei et al., 2016; Kim and Lee, 2018). However, the prediction of AD, more specifically, discriminating progressive MCI (pMCI) from stable MCI (sMCI), is more challenging because the differences between these two groups are slight.

Different modalities of medical data have been used to detect the pathology associated with AD. Structural magnetic resonance imaging (sMRI) is one of the most widely used modality due to its high resolution and non-invasive characteristics (Querbes et al., 2009; Oliveira et al., 2010; Coupé et al., 2012; Eskildsen et al., 2013). AD patients are always accompanied by cerebral atrophy or ventricular expansion that is caused by the death of neurons in the affected regions. The cerebral atrophy patterns associated with AD can be revealed by MRI, and MRI is a good detection technique for the atrophy of AD. Moradi et al. (2015) calculated an MRI-based biomarker for the prediction of MCI-to-AD conversion. Tong et al. (2017a) applied an elastic net regression to grade MRI features and to predict MCI-to-AD conversion. Lin et al. (2018) used a convolutional neural network-based framework to extract high-level AD-related features from MRI for the prediction of AD. These methods only focused on MRI data and could only predict a 3-year AD conversion with an accuracy no greater than 80%. Fluorodeoxyglucose positron emission tomography (FDG-PET) is another useful neuroimaging modality for the detection of AD. Studies (Mosconi et al., 2009; JackJr., Knopman et al., 2010; Landau et al., 2011) have shown that AD and MCI patients have reduced glucose metabolism in certain cerebral regions, which occur prior to the changes in brain structure. The brain’s metabolic activity can be quantitatively measured by FDG-PET, which makes FDG-PET a potential tool for the early detection of AD (Gray et al., 2013; Cheng et al., 2015; Iaccarino et al., 2017). In a recent study (Lu et al., 2018), FDG-PET images were used in a multiscale deep neural network to classify AD/NC and pMCI/sMCI, where accuracies of 93.58 and 82.51% were achieved, respectively. In addition to MRI and FDG-PET, biological biomarkers can also contribute to the detection of AD. The abnormal concentrations of proteins in cerebrospinal fluid (CSF), such as total tau (T-tau), hyperphosphorylated tau (P-tau), and the 42 amino acid isoforms of amyloid β (Aβ42), are some of the earliest signs of AD that occur many years before the onset of clinical symptoms (Niemantsverdriet et al., 2017). Therefore, these biomarkers can provide valuable information for the early detection of AD. Genetics are also an important indicator of the risk of AD. Individuals with the apolipoprotein E (APOE) ϵ4 gene have a much higher risk of developing AD than those without APOE ϵ4 (Vounou et al., 2012; Lambert et al., 2013). Taking APOE ϵ4 into account with imaging or biological biomarkers can improve the accuracy of AD prediction.

Different modalities of biomarkers reflect the AD-related pathological changes in different aspects, thus there may be complementary information among several modalities. Combining multimodal biomarkers would provide more information and improve the accuracy of AD prediction. A simple way to fuse different modalities is to directly concatenate multimodal features and feed them into a classifier (Kohannim et al., 2010; Walhovd et al., 2010; Westman et al., 2012). However, this is not the optimal approach, and it can lead to bias of the modality with a larger number of features. A better way is to map these multimodal features into a kernel space before concatenation (Hinrichs et al., 2011; Zhang et al., 2011; Young et al., 2013), but these methods are sensitive to the weight assigned to each modality. In recent years, deep learning architecture has been employed to extract multimodal feature representations. Liu et al. (2015) used stacked auto-encoders and a zero-mask strategy to fuse MRI and PET data. Suk et al. (2014) proposed a joint feature representation of MRI and PET with a multimodal deep Boltzmann machine. Liu et al. (2018) constructed multiple deep three-dimensional (3D) convolutional neural networks to transform MRI and PET images into compact high-level features. These deep learning-based methods achieved promising results in the classification of AD/NC, but the accuracy of classifying pMCI/sMCI was just 74.58% (Suk et al., 2014). To exploit the complementarity across multimodal data, Tong et al. (2017b) employed a non-linear graph fusion that achieved better results in the diagnosis of AD and a three-way classification of AD/MCI/NC than the approaches based on a linear combination, but the classification of pMCI from sMCI was not validated. Although all of these multimodal data-based methods achieved promising results in the diagnosis of AD, the performance of AD prediction needs to be further improved for clinical use with the help of an efficient fusion of multimodal biomarkers.

Since the efficient multimodality fusion can improve the performance of an artificial intelligence system (Hu et al., 2018), in this work, we present a novel extreme learning machine (ELM)-based (Huang et al., 2012) grading method to combine four modalities (MRI, FDG-PET, CSF, and APOE ϵ4) that predict MCI-to-AD conversion. Specifically, each modality feature, from the MCI subjects, was individually graded by an ELM that trained with the corresponding modality features of AD and NC, and the grading score represented the similarity of MCI-to-AD or NC. Then, the scores of all modalities were concatenated and fed to an ELM classifier for classification of pMCI/sMCI. The results of the proposed method were evaluated by 100 runs of 10-fold cross-validation with data from the ADNI cohort. The contributions of this paper are as follows:

(i) Useful information about AD/NC was included by using the AD/NC features when training the grading ELMs, which improved the process of discriminating pMCI from sMCI.

(ii) These grading ELMs were trained with discrete labels of AD/NC and modified to output grading values, instead of discrete labels, to represent the similarity of MCI to AD or NC.

(iii) Each modality was graded into one single score, avoiding bias of the modality with a greater number of features.

(iv) The proposed approach achieved promising results in the prediction of MCI-to-AD conversion.



MATERIALS

The multimodal data used in this study included 313 MRI features, 20 FDG-PET features, three CSF biomarkers, and one gene feature. The MRI features, consisting of volume, surface area, and cortical thickness of the cerebral regions, were obtained through analysis with the FreeSurfer software using cross-sectional processing (Fischl and Dale, 2000; Fischl et al., 2004). There was 345 features obtained from the FreeSurfer analysis; however, because 32 features were absent from most subjects, only 313 MRI features were selected. For FDG-PET scans, five regions, frequently cited in FDG-PET studies of AD, were adopted, including left angular, right angular, bilateral posterior cingulate, left inferior temporal, and right inferior temporal (Landau et al., 2010; Landau et al., 2011). The mean, minimum, maximum, and standard deviation values of the intensity in each region were taken as the FDG-PET features. The levels of the biomarkers Aβ42, T-tau, and P-tau in CSF were used as the CSF features. The gene feature was a single categorical variable indicating the presence of APOE ϵ4 in subjects. All the multimodal data were downloaded from the ADNI website. Specifically, the MRI, CSF, and gene data were provided by the Tadpole Challenge Data files, and the FDG-PET data were provided by the UC Berkeley FDG Analysis file.

To date, there have been over 1,500 participants, ages 55 to 90 years, recruited by ADNI, and most of them were visited and tested multiple times in the following years for long-term study. In this study, we only take baseline data to predict the future state (progress to AD or remain MCI) for MCI subjects. Because not all subjects underwent all possible examinations, we excluded subjects without all modalities data available at the baseline visit, which presented 200 NC subjects, 102 AD subjects, 110 pMCI subjects who converted to AD within 3 years, and 205 sMCI subjects who did not convert to AD. Demographic and clinical information of these subjects are listed in Table 1, including gender, age, education history, and Mini Mental State Examination (MMSE) score.


TABLE 1. The demographic information of subjects.
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METHODS

The overall framework of the proposed approach is shown in Figure 1, and we also summarize the process of our proposed approach as pseudo-code in Algorithm 1. There are three major steps in this framework: (i) MRI features are first preprocessed by feature selection with the least absolute shrinkage and selection operator (LASSO) algorithm; (ii) each modality (CSF and gene are combined as biological modality) of MCI is graded by ELM. These ELMs are trained with corresponding modality of features and labels from AD/NC groups. A grading score is calculated for each modality, which represents the similarity of MCI-to-AD or NC; (iii) these scores are combined to form the new representative features of MCI and fed into an ELM classifier to discriminate pMCI from sMCI. Ten-fold cross-validation is utilized to assess the performance of the proposed approach. Before these steps, all features of AD/NC are first normalized to have zero mean and unit variance. The features of MCI are also normalized with the mean and deviation of the AD/NC features. In the following sections, we will present the details of these steps.
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FIGURE 1. The overall framework of the proposed approach.



TABLE 1. The pseudo-code of the proposed method.
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Feature Selection With Least Absolute Shrinkage and Selection Operator

Different from other modalities, the MRI features are the morphological characters of all cerebral regions. However, some of them may be aging-related and not AD-related, which can interfere with the classification, and thus need to be excluded. In this study, we adopted LASSO to select only useful MRI features. LASSO is an L2,1 norm sparse regression model (Kukreja et al., 2006) and has the following formula:

[image: image]

In formula (1), y∈R1×N is the vector of N labels, and D∈RN×M is a feature matrix that consists of N training samples with M features in each sample. The variable λ is the penalty coefficient that was set to 0.015 in this study, and α∈R1×M is the target sparse coefficients. When this model is solved, only some coefficients in α would be non-zero, where the larger absolute value of these coefficients indicates higher usefulness of the corresponding features. Therefore, the results of α can be used to select discriminative features. Unlike previous studies (Lee et al., 2016; Lin et al., 2018), which trained the LASSO model with pMCI/sMCI features for the pMCI/sMCI classification task, we thought the features of AD/NC were more representative and used them to train LASSO model. Then, the features with non-zero coefficients in α were selected.



Extreme Learning Machine

Extreme learning machine is a one-step learning algorithm that is faster and has a higher performance than the support vector machine (Huang et al., 2012; Zeng et al., 2017). There are two types of basic ELM; the first is a feed-forward neural network with only a single layer of randomly generated hidden nodes (Huang et al., 2006). The second type is an ELM with kernels (Huang et al., 2012), which avoids the random generation of an input weight matrix. ELM with kernels yields more stable results and has a higher performance than the feed-forward neural network. In our previous work (Lin et al., 2018), the ELM with kernels showed more efficiency than support vector machine and random forest in the prediction of AD. Therefore, we adopted ELM with a Gaussian kernel in this study. The process of ELM with a Gaussian kernel can be described as follows:

Suppose we have N training samples [x1, x2, ⋯, xN] and N labels. The variable xn represents a vector with M features of one sample, and Y∈RN×2 is a ground truth label matrix with N rows. In each row, the element corresponding to the true label is set to 1, and the other is set to −1. When a new sample, x, is obtained, the label of x can be predicted as
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where K(x, xN) is the Gaussian kernel described as
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and Ω is an N × N kernel matrix that is related to the training samples, which is calculated in the training phase as
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The variable C in formula (2) is a regularization coefficient and is set to 1. The variable γ in formula (3) is a parameter of the Gaussian kernel, which is set to 10 times M number of features in this study.

The output of formula (2) is a vector with two elements: [s1, s2]. When ELM is used as the classifier, the output is the result of comparing the values of s1 and s2. In this study, we used the ELM to grade MCI samples, and the output of ELM was modified as s = s1–s2. When the ELM was trained with AD/NC and tested on MCI, the output score s can represent the similarity of MCI-to-AD or NC.



Classification and Performance Analysis

Ten-fold cross-validation was implemented to assess the performance of the proposed approach. All MCI subjects were separated into 10-folds randomly. In each validation iteration, one different fold was selected as testing data and the other nine folds were used as training data. This process was repeated for 10 iterations. The classification results of 10 iterations were compared to the true labels, and the accuracy, sensitivity, specificity, and area under receiver operating characteristic (ROC) curve (AUC) were calculated. To avoid sampling bias, the 10-fold cross-validation was run 100 times with randomly permuted samples, and the mean and standard deviation of the accuracy, sensitivity, specificity, and AUC were given.



EXPERIMENTS AND RESULTS


Results Using Multimodality Data

To evaluate the improvement of the proposed approach, we compared it with the method that directly concatenates multimodal data. The results of the comparison are shown in Figure 2. From these results, we found that the method that directly concatenates the four modalities had a high accuracy and specificity of 80.1 and 91.1%, respectively, but the sensitivity was quite low. For a non-biased performance evaluation, we calculated the balanced accuracy, which is the average of sensitivity and specificity, and obtained 75.3%, which is not optimal. The proposed approach had better results in terms of accuracy and sensitivity, with an accuracy of 84.7% and a sensitivity of 72.7%. This is approximately 13% higher than the direct concatenation method. The proposed approach also has a promising balanced accuracy of 81.9%, which is 6.6% higher than the other method. Beside these scores, we also obtained an improved AUC of 88.8% for our proposed method. This comparison indicates that the proposed approach is more efficient at predicting the MCI-to-AD conversion than the method using directly concatenated multimodal data.
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FIGURE 2. The comparison of the proposed approach with the method that directly concatenates multiple modalities. The black lines superimposed on each bar, and the second number in each bar represents the standard deviations derived from 100 runs of validation. ACC, accuracy; AUC, area under receiver operating characteristic curve; BACC, balanced accuracy; SEN, sensitivity; SPE, specificity.




Contributions of Different Modalities

To reveal the contributions of the different modalities in the proposed method, experiments were conducted with only one modality and one modality absent. The results are listed in Table 2. Because the APOE ϵ4 data failed to classify pMCI/sMCI individually (with balanced accuracy of 55.2%), we used CSF + APOE ϵ4 to demonstrate the effect of APOE ϵ4.


TABLE 2. The contributions of different modalities.

[image: Table 2]From these results, we can see that when only one modality was used, the performance of the CSF ranked third in terms of accuracy and AUC, but it had the best sensitivity. The APOE ϵ4 feature can slightly improve the results using CSF. FDG-PET achieved the best results, but the best accuracy and balanced accuracy were only 76.7 and 71.7%, respectively. When all modalities were used, the accuracy and balanced accuracy was greatly improved to 84.7 and 81.9%, respectively, and there was also a significant improvement in AUC. Figure 3 shows the improvement in the ROC curves of the proposed approach, when all modalities were used compared with only one modality used. In the situation with one modality absent, it shows that the performance declined without CSF, especially a significant decline of sensitivity, which led to the decline of balanced accuracy. The MRI and FDG-PET had a similar impact on the performance of the proposed method, while the APOE ϵ4 had minimal influence on the performance. Even when all modalities were used, if the LASSO was disabled, the performance suffered from a 1.2 and 1.8% drop in the accuracy and balanced accuracy, respectively, which illustrates the contribution of LASSO.
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FIGURE 3. The receiver operating characteristic curves when different modalities were used.




Prediction Within Different Periods

The 3-year cutoff period for predicting MCI-to-AD conversion is not a unique criterion. We also conducted experiments to predict the states of MCI patients with different periods from 1 to 5 years. With the criterion changed, different numbers of pMCI/sMCI for different conversion times were obtained: 46/343 (1 year), 89/268 (2 years), 110/205 (3 years), 119/146 (4 years), 117/62 (5 years). The results of predicting MCI-to-AD conversion at different time periods are shown in Figure 4. From Figure 4A, we can see that the accuracies are all above 83% for 1–5 years prediction. However, from Figure 4B, we found the specificity was high and the sensitivity was low at the point of 1 year, owing to the disparity of the number of individuals with pMCI versus sMCI (46/343), and the balanced accuracy was only 60.2%. At the point of 2 years, the bias is still large: 89/268 pMCI/sMCI. As a result, the balanced accuracy was only 74.9%. At the 3–5-year mark, the bias reduced and the balanced accuracies stabilized at approximately 82%. At the points of 3–5 years, we achieved an accuracy, balanced accuracy, and AUC of 83, 81.8, and 88.8%, respectively. These results show a promising performance of the proposed approach for predicting MCI-to-AD conversion within different periods.
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FIGURE 4. The performance of predicting MCI-to-AD conversion at different time periods. (A) Performance of accuracy and AUC. (B) Performance of sensitivity, specificity, and balanced accuracy. AD, Alzheimer’s disease; AUC, area under receiver operating characteristic curve; MCI, mild cognitive impairment.




Experiments on Other Conditions

We also conducted the experiments on different conditions, including:

(i) An Support Vector Machine (SVM) version, in which SVM was the classifier instead of ELM.

(ii) In some studies, neuropsychological test scores (MMSE, clinical dementia rating-sum of boxes, Alzheimer’s disease assessment scale-cognitive subtest, Rey’s auditory verbal learning test, functional activities questionnaire) were included to boost the performance of prediction. Therefore, these neuropsychological test scores were also included and concatenated with grading scores.

(iii) In previous studies (Moradi et al., 2015; Tong et al., 2017a), the definition of sMCI was stricter, and the subjects who converted to AD beyond 3 years or the diagnosis changed from MCI to NC were removed from the sMCI group. Therefore, we also excluded 64 subjects with the same criterion, and then obtained 141 sMCI and 110 pMCI.

The results are listed in Table 3, from which it can be seen that the ELM classifier has a better performance than the SVM classifier. When neuropsychological test scores were included in the proposed method, there was not a significant improvement in accuracy, but the AUC greatly improved. When the ambiguous subjects were excluded from the sMCI group, the performance was further improved. To the best of our knowledge, the accuracy of 87.1% and AUC of 94.7%, achieved in this experiment, are the best for predicting AD.


TABLE 3. The experiments on different conditions.
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DISCUSSION

In this study, we propose a novel approach for predicting MCI-to-AD conversion with multimodal data. To effectively fuse different modalities and avoid the bias of a number of features in each modality; an ELM-based grading method was employed to calculate a grading score for each modality. The scores of multiple modalities were combined and fed into the ELM classifier to discriminate the pMCI from sMCI. With the help of AD/NC information included in the grading procedure, the scores effectively represented the states of the MCI subjects and were used to predict the AD conversion individually. When the scores from all modalities were combined, the accuracy of prediction was boosted to 84.7%. The results of the experiments conducted on the ADNI cohort demonstrate that: (i) the proposed method with multimodality scores has a much higher accuracy than with a single modality score, such that the proposed method has at least a 10% higher balanced accuracy than when a single modality is used. This means that the complementary information among the multimodal data can be represented by these scores. (ii) Direct concatenation of multimodal data is not the best way of exploiting the complementary information, and the proposed method showed a more efficient fusion of multimodal data and achieved a much better performance. (iii) The proposed method can predict MCI-to-AD conversion of different periods with a high accuracy.

As more modalities bring more complementary information, the performance of the prediction should improve. As shown in Table 3, when the neuropsychological test scores were included in our approach, the AUC improved, but the accuracy only had a 0.4% improvement. The assumption is that there might be an up-boundary for discriminating pMCI from sMCI, from the fact that the diagnosis in ADNI is not 100% reliable (Ranginwala et al., 2008). Therefore, when we defined the sMCI more strictly and excluded ambiguous samples, the accuracy was further boosted to 87.1% as shown in Table 3. It is also observed that the specificity was much higher than sensitivity in Table 2, and we assume the reason for this might be a bias in the number of pMCI against the number of sMCI. This can be explained in Figure 4B that shows that as the bias in the number of pMCI versus sMCI decreased, a similar specificity and sensitivity were obtained.

Although the proposed approach achieved a promising result in predicting AD conversion, it requires four modalities, which is difficult to obtain in clinical practice. However, in the research of longitudinal regression for modeling the trajectory of AD progression, it is crucial to estimate the cognitive states of patients. In our future work, we will consider the use of the ELM-based grading method proposed in this study to improve the accuracy of longitudinal regression for AD trajectory modeling.

In the proposed approach, the feature selection was only applied to MRI features since the PET features were from five AD-related regions and the three CSF biomarkers and APOE ϵ4 gene contained useful information about AD. Because the MRI features from the FreeSurfer analysis were morphology features of whole brain, inevitably it had to include some useless features. As a result, LASSO was employed to do the feature selection on MRI features, and it improved the results of prediction. To explore which MRI features were selected, we have listed the top 10 features in Table 4. We can observe that the volumes and thicknesses of the hippocampus, amygdala, temporal lobe, and entorhinal cortex play an important role in the detection of AD, which is consistent with previous studies (Van Hoesen et al., 1991; Convit et al., 2000; Mu and Gage, 2011; Poulin et al., 2011).


TABLE 4. The top 10 AD-related MRI features from LASSO feature selection.

[image: Table 4]


CONCLUSION

In this study, we have developed an ELM-based grading method to fuse multimodal data for the prediction of MCI-to-AD conversion within 3 years. With the input of four modalities: MRI, FDG-PET, CSF, and gene presence, we achieved a promising result with an accuracy of 84.7% and AUC of 88.8%. When compared with method that directly concatenates multiple modalities, the proposed approach outperformed the other in terms of accuracy and AUC. The experiments demonstrated that this approach can also predict AD conversion of other periods with a similar performance of the 3-year prediction.
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Objective: The purpose of this study was to examine the neural substrates and mechanisms that generate memory deficits, seizures and neuropsychiatric abnormalities in encephalitis with LGI1 antibodies using a data-driven, multimodal magnetic resonance imaging (MRI) approach.

Methods: Functional MRI data were acquired from 14 anti-LGI1 encephalitis patients and 14 age and gender matched normal controls. Independent component analysis with hierarchical partner matching (HPM-ICA) was used to assess the whole-brain intrinsic functional connectivity. Granger causality (GC) was applied to investigate the effective connectivity among the brain regions that identified by HPM-ICA. Diffusion tensor imaging (DTI) was utilized to investigate white matter microstructural changes of the patients.

Results: Participants with LGI1 antibodies encephalitis presented reduced functional connectivity in the brain areas associated with memory, cognition and motion circuits, while increased functional connectivity in putamen and caudate in comparison to the normal controls. Moreover, the effective connectivity in patients was decreased from the frontal cortex to supplementary motor area. Finally, patients had significant reductions in fractional anisotropy (FA) for the corpus callosum, internal capsule, corona radiata and superior longitudinal fasciculus, accompanied by increases in mean diffusivity (MD) for these regions as compared to controls.

Conclusion: Our findings suggest that the neural disorder and behavioral deficits of anti-LGI1 encephalitis may be associated with extensive changes in brain connectivity and microstructure. These pathological alterations affect the basal ganglia and limbic system besides the temporal and frontal lobe.

Keywords: anti-LGI1 encephalitis, multimodal MRI, functional connectivity, effective connectivity, white matter microstructure


INTRODUCTION

Encephalitis with leucine-rich, glioma-inactivated 1 (LGI1) antibodies is a disease characterized by progressive memory loss, confusion, sleep disturbances, and problems with behaviors and spatial orientation. The most common clinical symptoms include memory dysfunction, multiform seizures, faciobrachial dystonic seizures (FBDS) and hyponatremia (Irani et al., 2010; van Sonderen et al., 2016; Beimer and Selwa, 2017; Wang et al., 2017). The LGI1 is a protein that binds together two epilepsy-related proteins called ADAM22 (a disintegrin and metalloproteinase 22) and ADAM23 (Kegel et al., 2013). Encephalitis with LGI1 antibodies occurs when antibodies mistakenly attack LGI1 (Gao et al., 2016; van Sonderen et al., 2016).

Prior neuroimaging studies have reported structural and functional neural differences in various brain areas between anti-LGI1 encephalitis patients and normal controls (NC). Several positron emission tomography (PET) studies have reported alterations of basal ganglia hyperintensities in LGI1-autoantibody faciobrachial dystonic seizures (FBDS) (Flanagan et al., 2015; d’Orsi et al., 2018). In addition, structural magnetic resonance imaging (MRI) studies have revealed decreased volumes of the hippocampus, pallidum, nucleus accumbens, brainstem and cerebellum in patients with anti-LGI1 encephalitis (Finke et al., 2017; Miller et al., 2017; Szots et al., 2017). Hippocampal atrophy with further reduced mediodorsal thalamic and posteromedial cortical volumes were reported in the limbic encephalitis associated with antibodies to components of the voltage-gated potassium channel complex (VGKCC-Ab-LE), where LGI1 was the prominent autoantibody (Loane et al., 2019). Another recent study showed that hippocampal dentate gyrus atrophy predicted pattern separation impairment in patients with LGI1 encephalitis (Hanert et al., 2019). Besides, diffusion tensor imaging (DTI) has been extensively applied to unveil white matter abnormalities in diverse neurological diseases (Gatto et al., 2018; Gatto and Weissmann, 2019). The microstructural integrity impairments of the hippocampus (Finke et al., 2017), corona radiata, capsula interna and corpus callosum (Szots et al., 2017) were found in patients with anti-LGI1 encephalitis in the DTI studies. The magnetic resonance spectroscopy (MRS) revealed lower glutamine/glutamate white matter (WM) levels compared with controls (Szots et al., 2017).

Disruptions of large-scale functional networks including default mode network (DMN), sensorimotor, salience and higher visual networks in patients with anti-LGI1 encephalitis have been revealed in the resting-state fMRI study (Heine et al., 2018). Another VGKCC-Ab-LE study in which LGI1 was the main autoantibody demonstrated that patients had reduced posteromedial cortico-hippocampal and interhippocampal functional connectivities which were correlated with memory scores (Loane et al., 2019). A task-based fMRI study in autoimmune encephalitis with FBDS have reported that higher peak FBDS frequency was significantly related to lower hippocampal activity during scene-encoding task (Nantes et al., 2018).

However, the neural mechanisms underlying memory deficits, seizures and neuropsychiatric abnormalities in anti-LGI1 encephalitis remain unclear. Therefore, the aim of this study was to examine the whole-brain functional and structural alterations as well as their correlations with clinical disease severity in encephalitis with LGI1 antibodies using a data-driven, multimodal MRI approach. We applied the independent component analysis with hierarchical partner matching (HPM-ICA) to assess the brain functional connectivity networks. The causal influence between the independent components was estimated by utilizing granger causality method. Diffusion tensor imaging was used to investigate white matter microstructural changes of the patients. The hypothesis was that we would detect brain connectivity and microstructure differences in anti-LGI1 encephalitis within the cortical-subcortical neural systems that support memory, cognition, and motion dysregulation for anti-LGI1 encephalitis.



MATERIALS AND METHODS


Participants

Fourteen participants with anti-LGI1 encephalitis (11 males, 3 females, mean age 55.9 ± 10.6 years) were recruited from the psychological outpatient clinic at the Qilu Hospital of Shandong University (Table 1). Anti-LGI encephalitis was diagnosed by LGI1 antibodies positive in all patients who had serum LGI1 antibodies. The (+) scoring was found in one patient, and (++) scoring was found in thirteen patients. Ten patients were CSF LGI1 antibody positive that showed (+) scoring. Thirteen patients underwent CSF examination with twelve CSF samples showing a normal white cell count. Four patients had increased protein concentrations (Four patients: 0.75, 0.46, 0.53 and 0.5 g/L [normal: <0.45 g/L]). Six patients had increased lactic acid concentrations (Six patients: 2.7, 2.5, 2.3, 2.5, 2.5, and 2.3 mmol/L [normal: 1.2–2.1 mmol/L]). Ten patients had memory impairment. Eleven patients experienced seizure and four patients had mental and behavioral changes. The FBDS occurred in four patients. All anti-LGI1 encephalitis participants had been diagnosed by a licensed neurology pathologist before enrollment. We evaluated symptom severity on the day of MRI scan using the assessment of the modified Rankin Scale (mRS) for all patients. The mental and cognitive functions of patients were assessed by Mini-Mental State Examination (MMSE) and Montreal Cognitive Assessment (MoCA).


TABLE 1. Demographic and clinical characteristics of anti-LGI1 encephalitis patients.

[image: Table 1]Fourteen group-matched by age and sex normal controls (9 males, 5 females, mean age 55.5 ± 9.3 years) were recruited by public advertisement to take part in the study. All participants were right-handed, native Chinese speakers. The safety screening form and informed consent form were approved by the Institutional Review Board of Qilu Hospital of Shandong University. The written informed consents were obtained from all participants.



Image Acquisition

Imaging was performed on a Siemens Verio 3.0 Tesla MRI scanner (Siemens, Erlangen, Germany) with a 32-channel head coil at the Qilu Hospital of Shandong University. Participants were instructed to rest with their eyes closed but not to fall asleep during scanning. Foam cushions were used to reduce head movement. We acquired the resting-state functional MRI data using a single-shot gradient-echo echo-planar imaging (EPI) sequence with the following parameters: repetition time (TR) = 2000 ms, echo time (TE) = 30 ms, flip angle = 90°, field of view (FOV) = 24 cm × 24 cm, matrix size = 64 × 64, voxel size = 3.4 × 3.4 × 4.0 mm, slice thickness = 3 mm. Thirty-six axial slices were acquired aligned the AC-PC plane. The acquisition time was about eight minutes, resulting in a total of 240 volumes. The DTI scanning parameters were as follows: 65 diffusion directions in the axial plane, TR = 6400 ms, TE = 98 ms, flip angle = 90°, FOV = 24 cm × 24 cm, matrix size = 128 × 128, voxel size = 2 × 2 × 2 mm3, b-value = 1000 s/mm2, slice thickness = 3 mm, no slice gap.



The Functional MRI Image Analysis

The resting-state fMRI image analysis consisted of five procedures: preprocessing of functional imaging data, spatial independent component analysis (ICA) of the preprocessed data, identification of reproducible ICA components, statistical comparison of the processed ICA components, granger causality analysis of the ICA components.

The fMRI images were preprocessed using SPM12 (Welcome Department of Imaging Neuroscience, London, United Kingdom) that was run under MATLAB. The slice timing correction was performed to correct phase shifts between slices caused by interleaved scans. Then motion correction was conducted to correct for head movements. After that, all images were normalized to the Montreal Neurological Institute (MNI) coordinate system and smoothed by an isotropic Gaussian kernel of 8 mm full-width at half-maximum.

The spatial independent component analysis with hierarchical partner matching (HPM-ICA) (Wang et al., 2011; Qiao et al., 2015, 2017) was performed on the preprocessed data to explore the functional connectivity networks. In detail, spatial ICA was firstly used to generate N components for each participant in which the number of sets of independent components (ICs) N was determined by information criteria. The minimum description length and Akaike’s information criterion were combined to estimate the lower and upper bounds of the numbers of ICs, defining an interval for the number N of components. Secondly, the hierarchical partner matching was performed to identify independent components that were reproducible in their spatial configuration across all individuals.

Statistical analysis was implemented to detect random effects of group difference in functional connectivity between anti-LGI1 encephalitis patients and normal controls. The z-score maps of the identified reproducible ICs were entered into a second-level factorial analysis, covarying for age and sex. The uncorrected p-value of 0.001 with cluster extent threshold of 30 voxels (determined by Monte Carlo simulation) was used for the correction of multiple comparisons. The Pearson’s correlation analysis was also performed in patients to investigate the correlation between the severity (mRS score) and functional connectivity.

Granger causality was carried out to analyze causal influences across the ICs identified by HPM-ICA method. The granger causality indices (GCIs) were computed using the time courses of the identified ICs (Wang et al., 2011; Qiao et al., 2018). The two-sample t-tests were finally used to detect group difference in GCIs between patients and normal controls in which age and sex were applied as covariates.



Diffusion Tensor Imaging Analysis

The DTI images were analyzed using FMRIB Software Library (FSL) software1. We first performed eddy-current correction on DTI data for each participant to adjust the distortions and motion artifacts. Then we used the brain extraction tool (BET) (Smith, 2002) to extract brain tissue from the eddy-current-corrected B0 image and generate brain mask. The FMRIB Diffusion Toolbox (FDT) was subsequently used to reconstruct the diffusion tensor and calculate the fractional anisotropy (FA) and mean diffusivity (MD) map for each participant.

The voxel-wise statistical analysis of the DTI images was performed using tract-based spatial statistics (TBSS) (Smith et al., 2006). First, FA maps of all subjects were aligned to the standard MNI152 space through a non-linear registration. Second, the mean FA image was created and skeletonised. A threshold of 0.2 was used to exclude non-skeleton voxels and generate the mean skeleton. The aligned FA and MD map of each subject were then projected onto the skeleton. Finally, permutation-based non-parametric inference with 5,000 permutations was adopted to identify the differences in the FA and MD images between patients and controls. Age and sex were entered as covariates in the statistical analysis. The threshold-free cluster enhancement (TFCE) was used as multiple comparison correction (Smith and Nichols, 2009; Winkler et al., 2016). A family wise error corrected P < 0.05 was considered statistically significant.



RESULTS


Reproducible Independent Components

We identified nine clusters of ICs that were significantly reliable and reproducible in their spatial patterns across anti-LGI1 encephalitis patients and normal controls groups by HPM-ICA method. The general linear model in SPM was applied to conduct a one-sample t-test on each of the clusters to generate nine independent component maps that represented statistically significant functional connectivity. The nine ICs of patients and controls were then compared in a second-level analysis. Compared with controls, patients showed significantly reduced connectivity in hippocampus, inferior frontal gyrus (IFG), amygdala, superior temporal gyrus (STG), anterior cingulate cortex (ACC) and posterior cingulate cortex (PCC), but increased connectivity in caudate, putamen and supplementary motor area (SMA) (Table 2 and Figure 1). The higher disease severity (mRS score) correlated with the weaker functional connectivity in the left hippocampus in patients (r = 0.76, p < 0.01).


TABLE 2. Regional locations and significant comparisons of the independent component maps between patients with anti-LGI1 encephalitis and normal controls.
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FIGURE 1. Comparisons of brain connectivity between patients and controls. The first three columns display the connectivity maps detected from the patients group. The second three columns display the connectivity maps detected from the controls group. The last three columns display t-contrast maps comparing the group connectivity maps from the patients and controls. IFG, inferior frontal gyrus; SMA, supplementary motor area; STG, superior temporal gyrus; ACC, anterior cingulate cortex; PCC, posterior cingulate cortex.




Granger Causality Interactions

The granger causality index was used to assess the effective connectivity between the regions associated with memory, cognition and motion dysregulation brain networks. The patients had decreased effective connections from the IFG to PCC [(0.15 ± 0.02 versus 0.07 ± 0.01; p = 0.01) (mean ± std)], from the IFG to SMA (0.12 ± 0.03 versus 0.07 ± 0.02; p = 0.01), while increased effective connectivity from the SMA to caudate (0.16 ± 0.03 versus 0.36 ± 0.09; p = 0.007).



White Matter Microstructure Integrity Alterations

The voxelwise statistical group comparison between patients and controls showed significantly lower FA in patients for the genu, body, and splenium of corpus callosum, anterior limb, retrolenticular part of internal capsule, external capsule, corona radiata, posterior thalamic radiation, sagittal stratum, fornix/stria terminalis, and superior longitudinal fasciculus (Figure 2 and Table 3), accompanied by increases in MD for these brain regions (Figure 3 and Table 4), as compared to controls. There was a negative association between mRS scores and FA values (r = 0.83 p < 0.001) and a positive association with MD (r = 0.87, p < 0.001) in the anterior corona radiate.
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FIGURE 2. Distribution map of the fractional anisotropy (FA) value that was significantly lower in the patients group compared with the control group based on the TBSS analysis (blue-lightblue). Statistical images (pFWE < 0.05 corrected for multiple comparisons) were overlapped onto the mean of the skeleton (green) and the MNI152 template (gray-scale) for visualization. TBSS, tract-based spatial statistics; FST, fornix/stria terminalis; PTR, posterior thalamic radiation; SCR, superior corona radiate; ACR, anterior corona radiate; ALIC, anterior limb of internal capsule; GCC, genu of corpus callosum; SLF, superior longitudinal fasciculus; SS, sagittal stratum; PCR, posterior corona radiate; BCC, body of corpus callosum; EC, external capsule; SCC, splenium of corpus callosum; RLIC, retrolenticular part of internal capsule.



TABLE 3. Comparisons of FA maps between patients with anti-LGI1 encephalitis and normal controls.
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FIGURE 3. Distribution map of the mean diffusion (MD) value that was significantly higher in the patients group compared with the control group based on the TBSS analysis (red-yellow). Statistical images (pFWE < 0.05 corrected for multiple comparisons) were overlapped onto the mean of the skeleton (green) and the MNI152 template (gray-scale) for visualization. TBSS, tract-based spatial statistics; GCC, genu of corpus callosum; BCC, body of corpus callosum; SCC, splenium of corpus callosum; ALIC, anterior limb of internal capsule; PLIC, posterior limb of internal capsule; RLIC, retrolenticular part of internal capsule; ACR, anterior corona radiate; SCR, superior corona radiate; PCR, posterior corona radiate; PTR, posterior thalamic radiation; SS, sagittal stratum; EC, external capsule; FST, fornix/stria terminalis; SLF, superior longitudinal fasciculus.



TABLE 4. Comparisons of MD maps between patients with anti-LGI1 encephalitis and normal controls.
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DISCUSSION

In this study, we found that patients with LGI1 antibodies encephalitis presented reduced functional connectivities in the hippocampus, IFG, STG, ACC, PCC and amygdala, while increased functional connectivities in putamen, caudate and SMA. Furthermore, the effective connectivity in patients was decreased from the frontal cortex to supplementary motor area. Meanwhile, patients had significant decreased FA and increased MD for the corpus callosum, internal capsule and external capsule, corona radiata, posterior thalamic radiation, sagittal stratum and superior longitudinal fasciculus as compared to controls. The results indicated that abnormal brain connectivity and microstructure in brain areas associated with memory, cognition and motion dysregulation circuits were related to the generic risk of anti-LGI1 encephalitis, which makes it a potential endophenotype for anti-LGI1 encephalitis.

The most commonly brain alteration in anti-LGI1 encephalitis was hippocampal atrophy in the previous MRI studies (Finke et al., 2017; Miller et al., 2017; Szots et al., 2017). Correspondingly, we identified the decreased functional connectivity in hippocampus and its correlation with the disease severity in this study. Moreover, changed functional connectivities were shown in widespread brain regions related to frontal cortex, temporal cortex, motor cortex, basal ganglia and limbic system. These findings were consistent with the previous neuroimaging studies. A resting state fMRI study found disrupted large-scale functional networks including DMNs, sensorimotor, salience and higher visual networks (Heine et al., 2018). The involvement of ACC and frontal lobe in non-paraneoplastic limbic encephalitis has been reported in a recent case study (Ibi et al., 2019). Another PET study showed the hypermetabolism in the anterior cingulate cortex in an anti-NMDAR encephalitis patient (Chanson et al., 2012). The motor cortex has been demonstrated as one of the major signs of LGI1-antibody encephalitis with striatum involvement in parallel (Navarro et al., 2016). In addition, the DTI analysis revealed impaired microstructural integrity in more extensive brain areas compared with the previous surveys (Finke et al., 2017; Szots et al., 2017).

The hippocampus plays important roles in the consolidation of information from short-term memory to long-term memory, and in spatial memory that enables navigation (Eichenbaum, 2017; Lisman et al., 2017; Voss et al., 2017), which is one of the major signs of LGI1-antibody encephalitis (Navarro et al., 2016). The hippocampal atrophy and impaired hippocampal microstructural integrity have been reported in encephalitis with LGI1 antibodies in the previous studies (Finke et al., 2017; Szots et al., 2017). In this study, we identified that patients with anti-LGI1 encephalitis exhibit decreased functional connectivity in hippocampus compared with normal controls, confirming that the alteration of the hippocampus may be related to the development of memory disorders. Furthermore, the correlation of the reduced connectivity in hippocampus with disease severity suggests that the hippocampal damage plays an important role in the symptomatology of anti-LGI1 encephalitis.

We found significantly decreased intrinsic functional connectivity in patients compared to controls in the inferior frontal gyrus and superior temporal gyrus. As one of the major components of executive control functions, the IFG is critical for inhibiting inappropriate motor responses in the framework of top-down control of behavior (Miyake et al., 2000; Swick et al., 2008; Hampshire et al., 2010; Hallam et al., 2018). Evidence has shown that interictal epileptic events were preferentially generated by the temporal or frontal lobes during sleep or drowsiness (Navarro et al., 2016). Therefore, the unsuccessful implementation of inhibitory control over motor responses of the frontal cortex may result in the motor abnormalities such as multiform seizures and FBDS. In addition, the superior temporal gyrus was identified to support auditory short-term memory capacity and speech comprehension ability (Bigler et al., 2007; Leff et al., 2009) as well as social cognition (Guo et al., 2017; Mier et al., 2017). Thus, the functional connectivity reduction in STG may lead to abnormal memory capacity and cognitive impairments in anti-LGI1 encephalitis patients.

We found decreased connectivity in PCC which is the central core of the default mode network (DMN). Increased DMN connectivity has been revealed as a compensatory mechanism for memory impairment induced by hippocampal damage (Heine et al., 2018). The ventral PCC is involved in internally directed cognition such as memory retrieval and planning, while the dorsal PCC has a specific role in modulating the metastability of networks involved in internally directed attention (Leech and Sharp, 2014). The decreased connectivity in PCC may be associated with a reduction in metastability, resulting in an inability to flexibly change between different cognitive states and uncontrolling of attentional focus in patients. In addition, we found reduced functional connectivity in ACC in anti-LGI1 encephalitis patients compared with controls. The ACC is a part of the limbic system and involved in rational cognitive functions, such as reward anticipation, decision-making and impulse control (Agam et al., 2010; Tolomeo et al., 2016). Therefore, the results of our study indicate that the dysregulation of the functional connectivity in ACC might be associated with impaired cognitive control in anti-LGI1 encephalitis.

The anti-LGI1 encephalitis patients exhibited increased connectivity in motor-related brain areas including putamen, caudate and SMA. The striatum which consists of the caudate and the putamen is crucial in the planning and modulation of movement pathways as well as some cognitive processes involving executive function (Zink et al., 2004). The abnormal functional connectivity of striatum may result in the dysfunction of motor generation or control. The decreased effective connectivity from the frontal cortex to supplementary motor area in patients further suggests that the uncontrolled movement in patients may be caused by the disruption of the motor circuits.

Meanwhile, TBSS analysis revealed widespread structural white matter damage in anti-LGI1 encephalitis as assessed using DTI. The corpus callosum (CC) is the largest fiber bundle which transfers motor, sensory, and cognitive information between the brain hemispheres (Bloom and Hynd, 2005; Roland et al., 2017). The genu of CC connects the left and right frontal lobes of the brain. The body and splenium of CC connect the hemispheres of the temporal lobes and the hemispheres of the occipital lobes. We found that anti-LGI1 encephalitis patients had decreased white matter integrity in the genu, body, and splenium of corpus callosum than controls, leading to the lack of movement coordination, low muscle tone, distorted head or facial features, spasms, and seizures. In addition, the internal capsule is a pathway connecting nerves that control the sensation and motor function (Smania et al., 2003). We found the patients exhibited reduced FA in the bilateral anterior limb and right retrolenticular part of internal capsule, which may cause the uncontrolled motor function or the sensation loss in the arm, leg, neck or face of the patients. Moreover, the corona radiata consists of afferent and efferent fibers that connect the cerebral cortex and the brain stem. The decreased white matter integrity of the anterior, superior and posterior of corona radiata in the anti-LGI1 encephalitis patients may affect the sensory input sent from the body to the brain and the messages that are sent from the brain to the body, resulting in the motor and sensory dysfunction of the patients. Furthermore, the superior longitudinal fasciculus is the largest association fiber, which connects the gray matter in frontal, parietal and temporal lobes. It is an important component of the working memory brain network. In this study, the decreased FA in the superior longitudinal fasciculus indicated that the integrity of frontal-parietal network connection was destroyed, which may be the main reason for the significant decline of memory in anti-LGI1 encephalitis patients.

Several limitations should be addressed. First, the sample size in this study was not large, which may decrease the statistical power of our analysis. The future work should be done on more cases to replicate our findings. Second, the patients in the study were all at the acute disease stage, a longitudinal design should be used to address the clinical symptoms and neural alterations with a longer follow-up period such as 3–5 years (Szots et al., 2014). Third, the DTI data processing method using in this study is a mono-exponential approach which has intrinsic limitations to accurately capture intricate WM tracts, particularly around crossing fiber regions, as well as in superficial and deep GM structures. Therefore, other non-Gaussian approaches would potentially be applied on the future clinical investigations such as diffusion kurtosis (Gatto et al., 2019a) and continuous random-walk models (Gatto et al., 2019b) which have been validated in neurological diseases. Finally, it will be important to confirm our results using other techniques, such as EEG-fMRI, which can provide simultaneous cortical and subcortical recording of brain activity with high spatiotemporal resolution.
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Introduction: Freezing phenomenon is a striking feature of Parkinson’s disease. However, it has never been studied in people with dementia with Lewy bodies (DLB). We designed a freezing of speech single questionnaire (FOSSQ) and investigated the frequency and association of freezing of speech (FOS) in patients with DLB and other types of dementia.

Methods: This is a retrospective analysis of data from the project of history-based artificial intelligent computerized dementia diagnostic system. We compared the frequencies of FOS among non-demented (ND) participants, patients with Alzheimer’s disease (AD), vascular dementia (VaD), and DLB. Further, we explored the association factors of FOS in all the participants.

Results: We enrolled 666 individuals with the following disease distribution: 190, ND; 230, AD; 183, VaD; and 63, DLB. Compared to individuals with ND (2.1%), patients with AD (6.1%), or VaD (18.0%), DLB (54.0%) showed a significantly higher frequency of positive FOS (all p < 0.001). The association factors of FOS were older age, more severe dementia, more severe motor dysfunction, fluctuating cognition, visual hallucinations, parkinsonism, rapid eye movement sleep behavior disorder, attention, mental manipulation, and language.

Conclusion: Our study showed that the informant-based FOSSQ may be a practical screening tool for discriminating DLB from individuals with ND or other forms of dementia. The FOSSQ can be applied in clinical practice as well as on the artificial intelligent platform.
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INTRODUCTION

Freezing phenomenon is a striking feature of Parkinson’s disease (PD). Freezing of gait (FOG) is a form of akinesia and is one of the most disabling symptoms of PD (Giladi et al., 2001). Previous studies on FOG in PD have reported a prevalence of 7.1–46% (Giladi et al., 2001; Macht et al., 2007) according to different criteria. However, there have only been a few studies on the freezing of speech (FOS) phenomenon (Ackermann et al., 1993; Giladi et al., 1997; Louis et al., 2001; Park et al., 2014; Vercruysse et al., 2014) in PD. Further, freezing phenomenon has rarely been mentioned or studied in neurological disorders other than PD, with some mentioning the phenomenon of FOS sharing a similar neural mechanism with FOG (Park et al., 2014; Vercruysse et al., 2014). The underlying mechanism of the freezing phenomenon is probably related to dysfunction of the fronto-striatal circuits (Vercruysse et al., 2014). To our knowledge, there have been no studies on FOS in dementia with Lewy bodies (DLB) or other degenerative types of dementia. DLB is one of the Lewy body diseases (LBD) and it shares a similar pathological manifestation with PD, especially PD with dementia (PDD) (Kosaka et al., 1984; Jellinger, 2018). Therefore, patients with DLB should demonstrate similar freezing phenomenon as PD/PDD. It remains unclear whether FOS is a deficit of language or other cognitive functions. However, language dysfunction is indeed one of the common cognitive features of a diagnosis of dementia due to Alzheimer’s disease (AD) or other forms of dementia (McKeith et al., 2005; McKhann et al., 2011; Hardy et al., 2016). Similarly, the association factors of FOS have not yet been well studied.

To study FOS, we designed a simple informant-based FOS single questionnaire (FOSSQ) that was embedded in the History-based Artificial Intelligent Clinical Dementia Diagnostic System (HAICDDS) (Lin et al., 2018; Chiu et al., 2019). We aimed to investigate the frequency and association of FOS in DLB and other types of dementia. We proposed that since the FOS phenomenon is a striking feature of PD, it could be an important feature of DLB because both language (Lin et al., 2018) and motor deficits (McKeith et al., 2005) are common clinical presentations of DLB. Based on the findings that the underlying mechanism of the freezing phenomenon is probably related to dysfunction of the fronto-striatal circuits (Vercruysse et al., 2014), we proposed that FOS could be a deficit involving language and motor dysfunction as well as dysfunction of other cognitive functions such as attention and executive dysfunction. Similarly, as a striking clinical phenomenon, we also proposed that FOS may involve fluctuation of attention and cognition, and thus performed fluctuation scale comparisons.



MATERIALS AND METHODS

This is a sub-study of the project of HAICDDS, which is currently used as a registration platform in the Show Chwan Healthcare System (Lin et al., 2018; Chiu et al., 2019). Participants who visited either hospital of the healthcare system with suspected cognitive or motor dysfunction were registered with their demographical, clinical, cognitive, neuropsychiatric, motor, laboratory, and neuroimaging data in the database. The HAICDDS questionnaire is part of the database for recording of clinical history. It is composed of 100 questions designed after a consensus meeting of 12 neurologists, one geriatric psychiatrist, three nuclear medicine doctors, and one neuroradiologist. The fundamental structure of the questionnaire is similar to that of history-taking used by physicians for acquiring detailed clinical information. Before commencing the project, thirty patients with their informants were assessed by neuropsychologists from three centers and the reproducibility was studied using the interrater reliability analysis. Cronbach’s alpha coefficient was calculated to estimate the reliability of the entire novel screening questionnaire. The original writing of FOSSQ was in Chinese as follows: 跟人講話時常常思緒突然中斷，腦袋好像一片空白，難以互動嗎 (The tentative translation to English is: “When speaking, does he/she pause frequently, seem blank, and have trouble communicating?”). In this sub-study, we analyzed and compared the FOSSQ results among non-demented (ND) participants as well as participants with AD, vascular dementia (VaD), and DLB. Further, we studied the association factors of FOS among the participants.


Diagnosis of AD, VaD, or DLB

A diagnosis of AD was made according to the criteria for dementia due to AD developed by the National Institute on Aging-Alzheimer’s Association workgroups on diagnostic guidelines for AD (McKhann et al., 2011). A diagnosis of VaD was made according to the criteria for probable VaD or possible VaD in the 2011 AHA/ASA criteria for vascular cognitive impairment (VCI) (Gorelick et al., 2011). A diagnosis of DLB was made according to the revised consensus criteria for probable DLB developed by the fourth report of the DLB consortium (McKeith et al., 2017).



Diagnosis of ND, or Different Stages of Dementia

ND participant was diagnosed with a global CDR (Morris, 1993) score of 0 or 0.5 without significantly impaired activities of daily living, which was defined by an Instrumental Activities of Daily Living (IADL) score greater than 6 (Mao et al., 2018). A diagnosis of dementia was made according to the criteria for dementia developed by the NIA-AA (McKhann et al., 2011). Specifically, people with dementia had impairments in two cognitive domains or more as well as declined daily functions (at least one of the domains of community affairs, home hobbies, and personal care with a CDR score ≥ 0.5 and an IADL score ≤ 6) (Mao et al., 2018). Dementia severity was defined by the global CDR scale score; specifically, participants with a global CDR score of 0.5, 1, 2, and 3 were defined as having very mild, mild, moderate, and severe dementia, respectively (Morris, 1993).



Procedure of the Study

This is a retrospective analysis of data from the HAICDDS, which is currently applied in three centers in Taiwan (two in central Taiwan and one in southern Taiwan). Daily function was assessed using the Instrumental Activities of Daily Living (IADL) Scale (Lawton and Brody, 1969). Cognitive function was assessed using the Cognitive Abilities Screening Instrument (CASI) (Lin et al., 2002) and the Montreal Cognitive Assessment (MoCA) (Chen et al., 2016). Neuropsychiatric symptoms were assessed using the Neuropsychiatric Inventory (NPI) (Cummings, 1988). Language function was assessed using the language subscales in the CASI and HAICDDS (HAICDDS-Language) (Lin et al., 2018). Language domain in CASI screens cognitive performance on reading, writing, naming, and comprehension whereas, language questions in HAICDDS acquire information on speech fluency, comprehension, naming, volume, and tone based on clinical history (Lin et al., 2018). Trained neuropsychologists administered the cognitive tests and NPI to all the patients.



Statistics

The Chinese version of SPSS 22.0 for Windows (IBM, SPSS Inc., Chicago) was used for statistical analyses. Between-group comparisons of demographic data, neuropsychological tests, CDR sum of boxes (CDR-SB), IADL score, MoCA score, CASI score, NPI total score (NPI-sum), motor subscale of the Unified Parkinson’s Disease Rating Scale (UPDRS-M), and DLB features were analyzed using independent t-test or one-way ANOVA with either Bonferroni or Dunnett T3 post hoc analysis according to the homogeneity of variance. Between-group comparisons of demographic and background characteristics with positive FOSSQ (FOSSQ +) and negative FOSSQ (FOSSQ-) were adjusted for age and disease severity. Comparisons of each cognitive domain in the CASI between FOSSQ + and FOSSQ- groups were adjusted for age, gender, and disease severity. Comparison of frequency of symptom fluctuation in the Mayo Fluctuation Composite Score (MFCS) and language symptoms in the HAICDDS-Language between FOSSQ + and FOSSQ- groups were adjusted for age and disease severity.



Ethical Consideration

The participants were selected from a registry-based database of the Show Chwan Health System. The study design was retrospective, and the data were anonymously analyzed. The Committee for Medical Research Ethics of Show Chwan Memorial Hospital reviewed the project and the Data Inspectorate approved the study.



RESULTS

We enrolled 666 individuals with the following disease distribution: 190, ND; 230, AD; 183, VaD; and 63, DLB. The frequency of FOSSQ + in patients with CDR scores of 0, 0.5, 1, 2, and 3 were 3.8, 3.0, 15.2, 26.1, and 43.5%, respectively. Compared to patients with ND (2.1%), AD (6.1%), or VaD (18.0%), those with DLB (54.0%) showed a significantly higher frequency of FOSSQ + (all p < 0.001). Comparison of demographic and background characteristics among patients with ND, AD, VaD, and DLB revealed significant differences in all the parameters (p < 0.001), except for informant age or education (Table 1).


TABLE 1. Comparison of demographic data among ND, AD, VaD, and DLB groups.

[image: Table 1]Comparison of demographic and background characteristics between the FOSSQ + and FOSSQ- groups before adjustment revealed that the FOSSQ + group had a significantly older age and more severe dementia stages. Further, there were significant differences in all other parameters (p < 0.001) except for gender, education, and history of cerebrovascular accident (Table 2). After adjustment for age and disease severity, FOSSQ + had more males and higher DLB features including UPDRS-M, cognitive fluctuations, visual hallucinations, parkinsonism, and REM sleep behavior disorder (Table 2).


TABLE 2. Comparison of demographic and background characteristics between groups with FOSSQ + and FOSSQ – adjusted for age and disease severity according to CDR.

[image: Table 2]Comparison of each cognitive domain in the CASI between the FOSSQ + and FOSSQ- groups before adjustment revealed that the FOSSQ + group had significantly lower scores in all domains (p < 0.001). After adjustment for age and disease severity, the FOSSQ + group had significantly lower scores only in the attention and language domains (Table 3).


TABLE 3. Comparison of each cognitive domain in CASI between groups with FOSSQ + and FOSSQ – adjusted for age, education, gender, and disease severity according to CDR.

[image: Table 3]Comparison of frequency of symptom fluctuation in the MFCS and language symptoms in the HAICDDS-Language between FOSSQ + and FOSSQ- before and after adjustment for age and disease severity showed that FOSSQ + had a significantly higher frequency in all domains in the MFCS and HAICDDS-Language except for language impairment, which occurred much earlier than the other symptoms (HAICDDS-L7) (Table 4). Given our recent finding that HAICDDS-L8 has the highest power for discrimination of DLB when compared to other types of dementia (Lin et al., 2018), we further combined FOSSQ with HAICDDS-L8 and found that the positive rate for each question were DLB (61.9%), VaD (29.0%), AD (7.8%), and ND (2.6%).


TABLE 4. Comparison of frequency of fluctuation symptoms in MFCS and language symptoms in HAICDDS-Language between groups with FOSSQ + and FOSSQ – adjusted for age and disease severity according to CDR.

[image: Table 4]


DISCUSSION

As a sub-study of the project HAICDDS, we analyzed data from a relatively large population (666 individuals) and obtained important results. First, we successfully demonstrated that even a single question could provide good discrimination among dementia stages and subtypes. The frequencies of FOSSQ + in patients with CDR scores of 0, 0.5, 1, 2, and 3 were 3.8, 3.0, 15.2, 26.1, and 43.5%, respectively, indicating that the frequency of FOS significantly increased with increase in dementia severity. Regarding discrimination of dementia subtypes, the FOS phenomenon was found more often in patients with DLB (54.0%) compared to those with either AD (6.1%) or VaD (18.0%). The frequency of FOSSQ + was lower among females, which is consistent with previous findings on freezing phenomenon in Parkinson’s disease (Park et al., 2014).

Second, the frequency of FOS was not only highest in patients with DLB but was also more significantly associated with DLB features (p < 0.001), including cognitive fluctuations (OR = 10.22), visual hallucinations (OR = 4.18), parkinsonism (OR = 4.68), and REM sleep behavior disorder (OR = 2.84). Motor dysfunction according to the UPDRS-M is more severe in the FOSSQ + group (OR = 1.02; p = 0.002). Therefore, it is reasonable to consider FOS as part of the characteristic features in the diagnosis of DLB than that of ND or other types of dementia. The dopamine transporter imaging is not significantly different after adjustment, however. We proposed that non-DLB participants who performed dopamine transporter imaging were comorbid with motor dysfunction and were highly suspected to have parkinsonism. Hence, a relatively high percentage of DaTabN was found among these patients (47.1 and 20% in VaD and AD). Our next piece of research to address this issue and to clarify the association of FOS and dopamine transporter uptake in the striatal area is underway.

Third, after adjustment for age and dementia severity, the FOSSQ + demonstrated a strong relationship with dysfunctions in attention, mental manipulation, and language domains in the CASI. This indicated that FOS might be a combination of these types of cognitive dysfunction, which is consistent with our hypothesis. Some researchers may argue that using the cognitive screening tool CASI, attention domain screens only registration and repetition and language domain screening cognitive performance on reading, writing, naming, and comprehension. Whether attention and language subscales in CASI represent the actual functions of attention and language might be controversial based only on a cognitive screening tool. Further detailed and specific neuropsychological tests to clarify the association of FOS with cognitive functions will be necessary.

Fourth, it is consistent with our recent findings of language dysfunction being more severe in patients with DLB than those with other dementia using the HAICDDS-Language questionnaire (Lin et al., 2018). In the study, we found that the discriminative ability of the HAICDDS-Language, especially the HAICDDS-L8 (“Does his/her speech reduce pitch range and reduced volume?”) among patients with DLB/PDD and AD was robust (OR = 9.16; 95% CI: 6.33–13.25) (Lin et al., 2018). Therefore, in the current study, we combined the FOSSQ with HAICDDS-L8 and found an increase of positive rate in DLB (61.9%) which is much higher than those in VaD (29.0%), AD (7.8%), or ND (2.6%).

Finally, in the HAICDDS project, we have continuously provided evidence that the combination of multiple standardized and structured questions is more powerful and can be optimized using artificial intelligence with machine learning techniques. This was the original idea behind the design of the HAICDDS questionnaire.

This study has several limitations. First, we used a single questionnaire for detecting FOS in patients with DLB and other forms of dementia; therefore, further studies using more tools are required to confirm the findings. Second, we used the original Taiwanese version of the questionnaire, which, although we translated to English, would call for a more precise and colloquial translation. Third, our study was conducted in only three centers in Taiwan. Therefore, the findings on the prevalence and association factors of FOS are not generalizable to all patients with DLB or other types of dementia.



CONCLUSION

In conclusion, our study showed that the informant-based single questionnaire FOSSQ can be a practical screening tool for the discrimination of DLB from ND or other types of dementia. The FOSSQ can be applied in clinical practice as well as in the dementia registration platform. Further machine learning techniques using artificial intelligence could improve the accuracy and efficiency of the questionnaire.
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Nanotechnology utilizes engineered materials and devices which function with biological systems at the molecular level and could transform the management of neurodegenerative diseases (NDs) by provoking, reacting to, and intermingling with target sites to stimulate physiological responses while minimizing side effects. Blood–brain barrier (BBB) protects the brain from harmful agents, and transporting drugs across the BBB is a major challenge for diagnosis, targeting, and treatment of NDs. The BBB provides severe limitations for diagnosis and treatment of Alzheimer’s disease (AD), Parkinson’s disease (PD), and various other neurological diseases. Conventional drug delivery systems generally fail to cross the BBB, thus are inefficient in treatment. Although gradual development through research is ensuring the progress of nanotheranostic approaches from animal to human modeling, aspects of translational applicability and safety are a key concern. This demands a deep understanding of the interaction of body systems with nanomaterials. There are various plant-based nanobioactive compounds which are reported to have applicability in the diagnosis and treatment of these NDs. This review article provides an overview of applications of nanotheranostics in AD and PD. The review also discusses nano-enabled drug delivery systems and their current and potential applications for the treatment of various NDs.
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INTRODUCTION

Technological developments across various fields have proven to be beneficial for the advancements of medical research. These developments have assisted in developing various novel and efficient techniques, machines, and methods which can cure different challenging conditions and disorders of the human body. In addition to these technological advancements, an increase in research in the field has also led to the development of various techniques which can help in combating different disorders (Bronzino, 2014). One such recent development is nanotheranostics, which has been defined by Lammers et al. (2010) as an approach which integrates target-specific diagnostics as well as therapeutics for complete recovery from the disease. These integrated practices are dependent on the use of different nanotechnology platforms, which are specifically designed for being able to target a given physical condition or disorder and hence can be used for both diagnostics and therapeutics purposes. One of the most common applications of this therapy or practice is in the treatment of neurodegenerative disorders, which are caused by different hereditary or sporadic conditions and mostly result in various dysfunctions of the nervous system of patients (Sharma, 2014). This review provides an overview of applications of nanotheranostics in neurodegenerative diseases (NDs) and recent advancements in nano-enabled drug delivery systems.



DISCUSSION AND ANALYSIS


Neurodegeneration

Neurodegeneration, as explained by Williams (2002), is the basis of all neurodegenerative disorders like Parkinson’s disease (PD), Huntington’s disease, and Alzheimer’s disease (AD) and is primarily used to describe any condition which tends to affect the normal functioning of neurons in the brain. Williams (2002) explained that neurodegeneration combines two words, “neuro” and “degeneration,” and hence refers to the degeneration of neurons, which in turn affects memory and other cognitive abilities of the patients. There are several researches which focused on the analyses of these neurological disorders. While several people assume it to be incurable, latest findings have revealed that the use of new techniques and approaches like nanotheranostics can render better outcomes. In addition to genetic mutations, other factors which have been found to result in neurodegeneration among patients include the buildup of different toxic proteins in the brain and the formation of neurotoxic molecules that can be caused by the loss of mitochondrial functions (Ingelsson, 2016). Further discussions explain the symptoms and molecular mechanisms associated with some of the neurodegenerative disorders which will help to understand the effectiveness of various nanotheranostic approaches.



Common Neurodegenerative Disorders


Alzheimer’s Disease

Alzheimer’s Disease is one of the most commonly observed neurodegenerative disorders across the world. According to Glenner and Wong (1984), it is one of the major causes of dementia among older patients, which further leads to the death of huge masses of people in developed countries across the globe. According to the data presented by Vos et al. (2015), more than 25 million people in the world are suffering from AD at present, among which the most prevalent countries being China, Western Europe, and Latin and North America. The total incidences of AD in the world are expected to rise to almost 42.3 million by the end of 2020 (Das et al., 2012). The key implication of the disorder which is witnessed in patients suffering from this disease is neurodegeneration, which may be initiated by protein deposition or synaptic injury and then results in neuronal loss, which tends to cause memory loss, cognitive disabilities, and behavioral changes in the patients (Garand et al., 2000).

Although there have been several studies that explain the molecular mechanisms associated with the disease, Sastre et al. (2006) argue that it continues to be unclear as to which of the mechanisms are most suitable and relevant in describing the occurrence of AD in people. One of the most commonly discussed molecular mechanisms used to explain the disorder is the hyperactivation of cyclin-dependent kinase-5 (CDK5), which is a signaling protein. As explained by Masters et al. (2006), CDK5 is one of the most important proteins which is responsible for neuronal development and usually gets activated by the generation of p35 or p39, which ultimately results in the formation of a specific complex, which tends to become a very important element of the overall neuroplasticity as observed in the pathogenesis of the disorder (Masters et al., 2006).

The molecular mechanism occurring during the interaction of CDK5 with p25 leads to over activation of CDK5 and also results into tau hyper phosphorylation, and these two occurrences collaboratively lead to the formation of neurofibrillary tangles (NFTs), which results in neural disorder (Dong et al., 2009). The cleavage of the activators has been found to occur because of the abnormal processing of amyloid precursor protein (APP) due to genetic disorders, which results in the changes in overall calcium signaling. The model suggests that the p25 activator is associated with the memory of people and hence over generation of the same in patients’ brains results in memory loss (Giese, 2014).

However, the recent discussions presented by Lloret et al. (2015) confirmed that there is actually a decline and not increase in the quantity of p25 in AD. While there have been several debates regarding the same, Lloret et al. (2015) explained that the reduction in overall quantity of p25 leads to higher levels of amyloid-induced synaptic toxicity, which eventually results in a reduction in calcium signaling, thus causing degeneration of the neurons. In addition to this, there is yet another model that describes the occurrence and molecular phenomenon and mechanism associated with the disease which is related to abnormal accumulation of amyloid-β (Aβ) and plaques containing the same, which finally results in toxic oligomers and neuronal disorders (Rajmohan and Reddy, 2017). Thus, these molecular changes and reactions have been found to be the main causes of AD and will further help in understanding the application of nanotheranostics for treating the same.



Parkinson’s Disease

The second most common neurodegenerative disorder is PD, which is a disorder of the central nervous system (CNS), thus leading to various problems in motor abilities and system of the patients. As explained by De Lau and Breteler (2006), the disorder leads to malfunctioning or even death of the different vital neurons in the brain, especially those present in the substantia nigra region. The death of these neurons leads to a decrease in the production of dopamine (DA), which is a key chemical and is used for instructing brain to carry out and control different activities and movements. Thus, a reduction in DA leads to impaired movement and affects other body functions (Mazzoni et al., 2012). Some of the key signs or symptoms of PD include stiffness of limbs, slow movement, tremor in hands and other joints, and difficulty in balance and coordination of different body parts and movements (Jankovic, 2008). Although the exact cause of PD has not been established yet, studies have explained the molecular mechanisms underlying the same that help in explaining the occurrence of the disease.

One of the key molecular mechanisms that is found to be associated with the onset of PD is the development of filamentous structures of the major protein constituent of the brain, i.e., alpha-synuclein (α-synuclein), which results into the development of toxic materials (Burré et al., 2010). As explained by Stefanis (2012), the protein α-synuclein plays an extremely pivotal and significant role in the recycling and compartmentalization of neurotransmitters in the brain and also exhibits a key propensity to get aggregated because of its internal constituents. The enhanced aggregation of the protein is then found to lead to elevated toxicity, which can result in neuron dysfunction in the patients. Another perspective or mechanism via which this protein tends to lead to PD is when the protein gets aggregated in the form of Lewy bodies inside the brain, it leads to the development of α-synucleinopathies (Kim et al., 2014). The molecular mechanism of cell–cell transmission is known to activate and push the accumulation of the protein, thus resulting in the reduction of DA production, causing an increase in the onset of the disorder (Mothes et al., 2010).

These mechanisms as described above have explained the causes behind the two most commonly observed neurodegenerative disorders. Further discussions thus evaluate and explain the recent advancements in the field of translational nanotheranostics for treating these disorders. The study presents the findings obtained from the approach used in different forms of modeling to deduce its applicability and limitations.



NANOTHERANOSTICS AND ITS DEVELOPMENT IN THE CONTEXT OF NEURODEGENERATION

Nanotheranostics, as described by Zhang et al. (2018), includes the injection of the nanotheranostic agent via different drug particles, and after reaching the target area of the body, the shell of the medicine tends to disintegrate, resulting in the release of the agents. This helps in aiming at the molecules or neurons that are causing or leading to the disorder. According to Tripathy et al. (2018), the fact that the treatment is being given so much attention in the medical field is because it is an extremely aggressive treatment and targets directly the affected area in patients’ bodies. Moreover, it can be tailored according to the disease and needs of every individual, which leads to an enhancement in the overall practical applications of the approach, hence resulting in the provision of personalized treatment and medicine options (Assaraf et al., 2014). It has been argued that the therapy or treatment has become possible only because of the recent developments that have taken place in the field of chemistry and technologies as the chemical developments have led to the development of a phenomenon, wherein electromagnetic waves can be easily converted into processes that are medically relevant at the nanoscale because of the use of different metal nanoparticles (NPs) (Han et al., 2017). This chemical phenomenon is thus combined with the laser technologies that can help in penetration of the agents to a deeper level in tissues of human bodies, thus making the process simpler and much more effective. While these developments seem to make the application of nanotheranostic process extremely effective (Melancon et al., 2012), it is arguable whether the results that have been obtained until now are completely based on in vitro studies and the in vivo applicability still remains a challenge. The therapy has been tested in different situations and developed via animal, cell, and human modeling. Various tests have been conducted, and their outcomes are described below to explain the recent developments that have taken place in the field (McCarroll et al., 2014; Clift et al., 2015; Kievit et al., 2017; Zavaleta et al., 2018).


Possible Methods to Overcome the Blood–Brain Barrier

There are a number of pharmacologically active substances that have the potential to treat CNS disorders, but due to the blood–brain barrier (BBB), they are not able to access their targets (Cipolla, 2009). Naturally, there are two transport methods (a) active and (b) passive by which molecules are absorbed by the BBB (Tsuji, 2005). Passive transport is a passive diffusion which follows two non-energetic transportation pathways known as paracellular and transcellular diffusion. Hydrophilic compounds are diffused between endothelial cells via paracellular diffusion, and small lipophilic molecules are diffused through endothelial cells via transcellular diffusion. Here, one thing is noted that lipid solubility plays a critical role in passive transport into the BBB, this method can be used for the chemical transformation of water-soluble molecules into lipid-soluble molecules that can cross the BBB. The drug molecules can be designed by the addition of lipid or functional moiety to them (Lu et al., 2014). Steroids and diphenhydramine are the examples of these types of drugs that can cross the BBB (Au-Yeung et al., 2006; De Gregori et al., 2012). Antibodies and erythropoietin are the examples of paracellular pathways that influence the molecules entering to some extent into the brain. These are usually the case of molecules that have long half-lives, small distribution volumes, and strong effects on the CNS (Banks, 2004). Passive diffusion of liposoluble molecules occurs via the transcellular transport (Abbott, 2005; Vos et al., 2015). The active transport requires energy for transport of therapeutic molecules to reach the CNS via crossing the BBB through biological gradients, i.e., as opioid analgesics, cardiac glycosides, and calcium channel blockers (Sanchez-Covarrubias et al., 2014). Passage of amino acids across the BBB is mediated by specialized transporters, i.e., glucose transporter (GLUT-1), that assist glucose to cross the brain (Du et al., 2014). Several amino acids, i.e., methionine, valine, histidine, and tyrosine, are required for crossing the BBB to gain access to the CNS via the transporter. L-DOPA or levodopa, an anti-PD drug, is the classical example of drug that enters the CNS by this mechanism which operates with large amino acid transporter 1 (LAT-1) (del Amo et al., 2008). Glucose, vitamins, and some peptides follow the same mechanism to cross the BBB to gain access to the CNS at a faster rate than expected (Banks, 2016). Transport through the BBB also occurs by efflux mechanisms. P-glycoprotein (Pgp) mechanism is the example efflux unwanted complexes, such as anticancer drugs and antibiotics (Begley, 2004; Huwyler et al., 2008). NP interactions with the blood coagulation can be engineered to carry anticoagulant drugs initiating factors to treat PD and AD. Coagulation system with nanomaterials and anticoagulant properties of NPs on the blood coagulation system represent significant concerns in the field of nanomedicine using physicochemical properties (e.g., size, charge, and hydrophobicity) that regulate their undesirable properties on the blood coagulation system to understand unwanted side effects that are used for industrial and medical applications because of their small size, toxicity, risk assessment, and management which warrant attention to clotting, reactions triggering inflammatory, immune responses, and hemolysis.



Animal Modeling

Animal modeling has been one of the key approaches used by researchers to evaluate the impacts and implications of nanotheranostics, and the results of the same have been extremely positive. The modeling was started with small animals like mice and is now being scaled up to the human levels (Kievit and Zhang, 2011). One of the key carriers, whose impacta have been studied and evaluated on animals, is gold nanoparticles (AuNPs). AuNPs have been found to exhibit characteristics that make them extremely suitable for the purpose of nanotheranostics, and they can also be used in various shapes, thus providing higher flexibility to the clinicians (De Lau et al., 2006). The research carried out by Mieszawska et al. (2013) made use of the peptide-functionalized AuNPs to evaluate its impact on the gastric-releasing peptide (GRP) receptor. The AuNPs were conjugated along with an RGD-peptide and injected into small animals, i.e., mice, to evaluate the impacts of the elements on the animal. The application and injection of the NPs in the mice indicated higher tumor accumulation, thus providing a successful approach for treating tumors as well as NDs like AD (Ramanathan et al., 2018).

A similar study carried out by Muthu et al. (2014) included the testing on 24 mice, wherein AuNPs were injected in local tumors contained in those animals (Muthu et al., 2014). The mice were also divided into four different groups to be able to compare the results effectively; the groups contained agent-only group, laser-only group, control group, and lastly agent and laser group. The results of the study revealed that the use of gold coating on the medicine proved to be extremely beneficial in treating the animals and led to the destruction of tumor cells without having any impact on the animal (Muthu et al., 2014). Further explaining the fact that the practice or approach has been found to be effective for tumor ablation makes it effective for even treating diseases like PD wherein the proteins tend to accumulate and cause motor dysfunction, and thus the practice of nanotheranostics can be used to address those areas and destroy the over-accumulation of particles for better outcomes and results. Lee et al. (2015) have discussed that the developments that have taken place in nanotheranostics in South Korea and explained the way the application and modeling of the approach on animals like mice have given key insights into the benefits of the technique. One of the key nanotheranostic techniques that have been tested on mice is the synchrotron radiation x-ray computerized topography (SR-CT) approach, which is a high-speed imaging process (Lee et al., 2015). The approach was used on mice along with a colloidal hybrid silica NP, which resulted in an in vivo broad circulation and distribution of the same in the animal, thus leading to treatment of neuron-related defects. While these discussions reveal and confirm the effectiveness of nanotheranostics in treating neurodegenerative disorders in animals, Conde et al. (2015) argue that whether the same can be scaled up to humans or not is something that has not been verified yet.



Cell Modeling

Another approach or practice that has been adopted in addition to the animal modeling approach is that of cell modeling, wherein different models are developed based on cell culture and characteristics of the human body to evaluate the impacts of the applied treatment. Researchers have made use of the cellular models of brains of different animals like mice to evaluate the impacts of nanotheranostics technique or approach on the factors causing the onset of neurodegenerative disorders (Chen et al., 2017; Kievit et al., 2017; Ulapane et al., 2017). Zhang et al. (2015) developed and made use of the cell-based models of different disorders like AD and PD and evaluated the impacts of NPs on macrophages on the cells contained in the model. The cell modeling based on the use of theranostics in microphage assisted in highlighting that the technique helps in ablation of macrophages, which tends to inhibit and reduce the overall inflammation in cells, thus resulting into treatment of the neurodegenerative disorder. However, the cell modeling-based results as presented by Zhao et al. (2017) highlight that the use of nanotheranostics has been found to be effective only at the preliminary stage on different cell structures of diseases and have not been very effective in the long run (Dilnawaz et al., 2012).

Cell modeling has been found to be majorly used for highlighting the benefits and application of the nanotheranostics technique in the diagnosis of neurodegenerative disorders. Mohan and Rapoport (2010) carried out multiple experiments, in which different nanotheranostic agents were developed and used for different diagnostic practices and approaches such as computed tomography and cellular imaging (Chowdhury et al., 2018). The results presented by Mohan and Rapoport (2010) highlighted that the inclusion of nanotheranostic agents and processes have led to the development of new practices, such as magnetic resonance spectroscopy, which help in better diagnosis of neurodegenerative disorders like AD and PD due to the enhanced ability of identifying the activation of CDK5 protein or identifying the areas of excessive accumulation of proteins causing PD. Niu et al. (2017) developed a silicon model of the cells of PD patients wherein the DA transporter cells were modeled. The use of nanotheranostic approach using NPs on the model was found to be aggressive and invasive and led to the stimulation of these transporter cells, thus resulting in the creation of higher DA which, as discussed earlier, has been found to be responsible for facilitating motor activities in humans.

These results obtained from human and cell modeling have given satisfactory results and outcomes but whether the approach can be used for clinical applications for treating neurodegenerative disorders is still doubtful. Recent developments have hence made use of a few human models to test the same, which are being described below.



Human Modeling

García et al. (2017) carried out an evidence-based study of using nanotheranostics for personalized medicine in treating neurodegenerative disorders. The study made use of metallothioneins (MTs) as a drug discovery biomarker which was injected in patients suffering from neurodegenerative disorders. This nanotheranostic approach proved that the use of such biomarkers helps in targeting specific cells in human bodies, thus resulting in eradication of different malignancies and neural dysfunctions that usually results in disorders like AD and PD (García et al., 2017; Kumar et al., 2017; Kaushik et al., 2018b, 2019a,c; Pan et al., 2019). However, the study carried out by Ruozi et al. (2014) which focused on injecting AuNPs in voluntary AD patients revealed that the approach was effective and beneficial for early diagnosis of the neurodegenerative disorders, but was not yet completely able to treat the same.

Similar human modeling and test were carried out by Maysinger et al. (2015), and they studied the characteristics and problem areas of multiple human beings and identified different biomarkers on the basis of their conditions such that the unique characteristics of each of the NPs could be targeted at treating specific conditions. The study confirmed that while the use of these NPs is effective for diagnostics of neurodegenerative disorders, they still cannot be validated as an effective approach for treating them. Similar discussions as presented in a paper (Wang et al., 2017) confirm that the technique holds great promises for being used as a non-invasive technique for treating NDs like AD by targeting the specific problem areas and spots. Dual-functional NPs targeting amyloid plaques in the brains of AD mice have also been reported (Zhang et al., 2014; Kaushik et al., 2019b). However, these studies do not confirm the effectiveness of the method, and there are various limitations of the same that have been identified by experts. Some of the key limitations of the technique are hence being described in this review.



Access of Nanoparticles to the Central Nervous System

With the advent of nanotechnology, new perspective to treat NDs has been opened for diagnostics as well as therapeutics purposes. Due to multifunctional and versatile structures of NPs, they can be utilized for brain drug delivery. But prior to their application, the major considerations are the surface chemistry, hydrophobicity, shape, size and charge, etc. An ideal NP should be biocompatible, has reduced toxicity, and has the ability to bind and transport drugs or therapeutics. It should not be degraded readily in vivo to control therapeutics release for prolonged time periods and can navigate via the BBB. All these features lead to those NPs which can penetrate the BBB with high efficacy (Goldsmith et al., 2014). Deliver NP conveniently and effectively has controlled to a deep examination of site-specific drug delivery, toward the convenient non-invasive delivery to specific sites of the delivered dose, to gain access to specific concentrate of therapeutic dose at the specific sites of pharmacological action. Currently, drugs/NPs gain access to the CNS via non-invasive methods, i.e., intranasal delivery that are based on drug modification to enhance the permeability of the BBB (Illum, 2003; Kaushik et al., 2018a) and invasive methods that impart direct intraventricular or intracerebral injection/implantation, infusion (Pardridge, 2016). Temporary disruption is also useful to some extent to cross the BBB (McDannold et al., 2012). The BBB disruption is broadly used to enhance drug delivery efficiency to the brain. For example, to treat certain CNS cancers, mannitol is used for osmotic opening to disrupt the BBB (KrolI and Neuwelt, 1998) and temporary pores are made open by using ultrasound in the BBB (Dasgupta et al., 2016). Recently, it has been evident that in the case of AD and multiple sclerosis, pathological BBB disruption occurs which leads to permeability for small therapeutic molecules (<1,000 Da) (Cheng et al., 2010). NPs have their intrinsic physical and chemical properties which decide the route of transport and mechanisms to cross the BBB (Chowdhury et al., 2018). When NPs are functionalized with an appropriate ligand, they can cross the BBB and are capable to distribute drugs in the diseased brain (Tosi et al., 2008; Kaushik and Wei, 2019). In Figure 1, several transport mechanisms of NPs have been illustrated and discussed. They can enhance the permeabilization of the BBB by opening tight junctions and letting drugs or drug-conjugated NPs infiltrate into the CNS (Choi et al., 2010); may follow transcytosis mechanism to pass through endothelial cells (Choi et al., 2010); and can be transported by endocytosis into endothelial cells (Kong et al., 2012). Neuropharmaceuticals research is the new emerging niche that is evolving gradually by understanding the receptor-mediated transcytosis and the adsorptive-mediated transcytosis mechanisms and by studying all the intrinsic physicochemical properties of NPs. This could lead to therapeutics that can cross the BBB more efficiently and can provide a patient-oriented therapy (Smith and Gumbleton, 2006).


[image: image]

FIGURE 1. Different modes of transport across the blood–brain barrier (BBB; Teleanu et al., 2019).




NANOPARTICLE APPLICATIONS IN NEURODEGENERATIVE DISEASES


Nanocomposite

Most of the AD treatments have focused on Aβ-targeted therapy. Chen et al. (2018) brought into picture that tau pathway is closely related to the development of AD (Kaushik et al., 2018b) (Uddin et al., 2018). They constructed a methylene blue-loaded multifunctional nanocomposite (CeNC/IONC/MSN-T807), which possessed a high binding affinity to hyper phosphorylated tau. The surface-decorated CeNC mitigated mitochondrial oxidative stress and suppressed tau hyper phosphorylation, whereas the loaded MB inhibited hyper phosphorylated tau aggregation. As a result, in comparison with the effectiveness of CeNC/IONC/MSN-T807 or MB alone, when both are combined to form a multifunctional nanocomposite, a synergistic therapeutic effect was achieved.

Siddique et al. (2016) studied the effect of alginate nanocomposite (BANC) on PD model flies. A significant decrease in lipid peroxidation and glutathione-S-transferase activity and an increase in glutathione content were observed in PD flies when exposed to BANC. Nevertheless, there was no gross morphological change in the brains of PD flies. The results suggested that BANC is effective in reducing the PD symptoms in these transgenic flies (Siddique et al., 2016).

Oxidative stress disorders have a wide influence on pulmonary, neurodegenerative, and autoimmune diseases and on many more disorders. Selenium (Se) is capable of suppressing oxidative stress disorder, but there is a very thin line between the toxicity and beneficial effects of Se, which makes it difficult and challenging to be used in therapy. Deng et al. (2017) developed porous Se:SiO2 nanocomposites which ensured controlled release of Se particles, having favorable biocompatibility and could effectively reduce reactive oxygen species (ROS) damage.



Metal Nanoparticles

Nerve growth factor (NGF) is one of the most essential factors for neuronal growth. Nevertheless, its application in neurogeneration is limited due to slow diffusion and short half-life. Moreover, the main obstruction is that the NGF cannot be easily transported through the BBB because of its selective permeability of the BBB. Although there are many magnetic NPs that have been used as an effective nano-carrier for NGF, uncoated magnetic NPs face problems due to their instability in neuronal environment, aggregation, and cellular toxicity. To address these issues, Yuan et al. (2018) proposed that coating them with a thin and impenetrable shell with materials such as polymer, alloy, metals, etc. can solve the problem to some extent. NGF functionalized Au coated SPIO core NPs [Diameter (D): 20.8 nm] was synthesized by them. They selected gold (Au) stating it to be the best candidate due to its outstanding biocompatibility, high stabilities, and tunable surface function. This gold coating not only protects the iron oxide but also provides tunable surface functionalization with several ligands, such as proteins, aptamers, and peptides, due to which precise and controlled release of neuroregeneration can be achieved toward specific sites.

It has been reported that microRNA 141 (miR141) could silence the expression of lncRNA HOTAIR by binding to specific sites on lncRNA HOTAIR. Liu et al. (2018) mediated the high expression of microRNA141 in human amniotic epithelial stem cells by using super paramagnetic iron oxide NPs (SPIONs). They also reported that SPION-mediated overexpression of miR141 is able to promote the expression of brain-derived neurotrophic factor DAT and 5-TH are brain-derived neurotrophic factor (BDNF), DAT, and 5TH in human amniotic epithelial stem cells (HuAESCs)-derived dopaminergic neuron-like cells (iDNLCs). Their study confirmed that the efficiency of HuAESC differentiation into dopaminergic neuron-like cells could be highly improved by miR141 mediated by SPIONs.

Amyloid fibrils are closely associated with various NDs. The hindrance to the diagnosis and development of therapeutic strategies is the identification of fibrils at low concentrations (Kumar et al., 2018). Employed gold nanorods to detect the formation of amyloid fibrils based on α-synuclein. They observed no apparent interaction of gold nanorods with monomeric proteins. However, effective adsorption onto fibril structures via non-covalent interactions was reported. The strong dipolar coupling in helical Au nanorod promoted the intense chiral response as a result allowed them to detect amyloid fibrils as low as nanomolar concentrations.

Selective detection and quantification of DA is an important key to monitor NDs. However, the limit of detection for DA is in the lower nanometer range. It is significant to push the detection limit to few picomolar or lower. Cao et al. (2018) utilized DA DNA aptamer (DAAPT)–AuNP conjugate to enhance the surface plasmon resonance (SPR) signal (Xue et al., 2018). As a result, this enabled the detection and quantification of DA in the femtomolar to picomolar range. They reported that this is the lowest detection limit achieved for sensing of DA through SPR (Yuan et al., 2018).



Quantum Dots

With emerging technology, it is indicated that the pathogenesis of PD is strongly related to the accumulation of α-synuclein aggregates. Anti-aggregation agent is yet to be achieved for this disease (Dong et al., 2009). Kim H. et al. (2018) showed that graphene quantum dots (GQDs) interact with α-synuclein to exhibit anti-amyloid activity. They reported that GQDs have notable potency not only in inhibiting fibrillization of α-synuclein, but they can also disaggregate mature fibrils with time. They also reported remarkable property of GQDs such as rescued neuronal death and synaptic loss. Moreover, GQDs were found out to help reduce Lewy body (LB)/Lewy neurite (LN) formation, ameliorate mitochondrial dysfunctions, and prevent neuron-to-neuron transmission of α-synuclein pathology induced by α-synuclein preformed fibrils (PFFs) in neurons. They proposed that GQD could function as an anti-aggregation agent, which provides a promising novel therapeutic target for the treatment of PD. The toxicity of QDs in the milieu and biological systems become a key point for the NP, and the potential toxicity of QDs on immunotoxicity of QDs is still unclear. Brain disorders’ major hurdle is BBB, many drugs are being proposed for brain disorders, which however fail because of their inability to cross the BBB. Hence, as the molecular structure of the BBB is better elucidated, several approaches are being evaluated, such as adsorptive-mediated transcytosis, inhibition of active efflux pumps, receptor-mediated transport, cell-mediated endocytosis, and delivery from microspheres, biodegradable wafers, and colloidal drug-carrier systems (e.g., liposomes, NPs, nanogels, dendrimers, micelles, nanoemulsions, polymersomes, exosomes, and QDs).



Labeling and Biomarkers

Subtle alterations in synaptic connections and perturbed neuronal network functionality are the main characteristics to determine neurodevelopmental and neurodegenerative disorders. The presence of dendritic spines, micron-sized protrusions of the dendritic shaft that compartmentalize single synapses to fine-tune synaptic strength, is the hallmark of neuronal connectivity. However, it is hard to quantify spine density and morphology in mature neuronal networks due to the lack of targeted labeling strategies (Xiong et al., 2018) and optimize a method to deliver cell-impermeable compounds into selected cells based on spatially resolved nanoparticle-enhanced photoporation (SNAP) to resolve the above-stated problem (Xiong et al., 2018). They showed that efficient labeling of selected individual neurons and their spines in dense cultured networks can be achieved by SNAP without affecting short-term viability. SNAP holds promise for high-content screening campaigns of neuronal connectivity in the context of neurodevelopmental and neurodegenerative disorders.



Biosensor

Multifactorial pathways affect AD, which is associated with the loss of nerve cells in the brain. This as a result leads to changes in related biomolecular levels as AD progresses. Therefore, for accuracy regarding AD, diagnosis is supposed to be done with combined detection of several lesions. Amyloid beta 1–40, 1–42, and τ (tau) protein can be used as main diagnostic target markers. Kim D. et al. (2018) reported highly selective biosensor for detection of AD core biomarkers using distinct localized SPR (LSPR) depending on AuNP shapes, which is called shape-code biosensor. This plasmonic sensor does not need any other method for separation of samples and identification of markers. It consists of only AuNPs and antibody. In addition to this, they reported that this is the first highly sensitive shape-code biosensor to detect AD biomarkers (Indrasekara et al., 2014).



LIMITATIONS

One of the key limitations or challenges of making use of the nanotheranostic technique for treating neurodegenerative disorders, as identified by Indrasekara et al. (2014) is that every patient has a different genome and neural functioning and characteristics, and hence no single approach can be used to treat all of them. The practitioners not only are required to be able to diagnose the causes of these neurodegenerative disorders in every individual separately but also need to identify the suitable treatment for them, which is a challenging task and does not help in identifying one method or treatment technique that is suitable for all (De Lau et al., 2006).

Another challenge or limitation that has been identified by Kim et al. (2013) and suggests that the technique tends to become ineffective because the absorption time of the NPs used in the technique is very low and hence if the injection is not done adequately, these NPs might get absorbed in the blood or by other body parts instead of the area at where it was targeted. It has been found that the neurodegenerative disorders like AD and PD are caused by the neurodysfunction or accumulation of proteins and hence if the drug is not injected adequately, it will not be absorbed or used for treating the desired area (Kim et al., 2013). In fact, it has been argued that, in practice, only a small proportion or part of the drug gets transmitted and transferred to the affected areas and hence the treatment has not yet been established to be completely effective (Rahman et al., 2015).

Another limitation as identified is that the treatment cannot be monitored effectively and efficiently, which imposes a big challenge for the practitioners because they are not able to monitor the progress and impacts of the treatment that they are giving to the patients. This thus makes the treatment method and technique ineffective. The treatment is also extremely expensive currently. Diou et al. (2012) discuss that most of the research done in the field has failed massively, which has led to an increase in the overall costs of research, thus also leading to higher costs of delivery of the same in the market. These limitations are thus needed to be overcome in order to enhance the applicability of the technique (Hans and Lowman, 2002; Diou et al., 2012; Ilinskaya and Dobrovolskaia, 2013; Luo et al., 2015; Liu et al., 2017; Radhakrishnan and Kamalasanan, 2018; Khan et al., 2019).



CONCLUSION

The molecular changes and reactions have been found to be the key causes of NDs. The research in this field predominantly focuses on genetic mutations, building up of toxic proteins, and formation of neurotoxic molecules. The discussions presented in this study reveal that the nanotheranostics approach has a huge potential in the field of medicine for treating different neurodegenerative disorders. Animal, cell, and human modeling using nanotheranostics approaches for the treatment of neurodegenerative disorders has revolutionized the field. Nanocomposite, metal NPs, and QDs are well reported to treat these neurodegenerative disorders. Limitations that are associated with these NPs are needed to be overcome. Although the studies that have been carried out for the field until now have not provided any significant results to be scaled up to humans, their impacts on the reduction of molecular activities causing neurodegenerative disorders have been significant and hence the approach has a strong potential for developing significant outcomes in the long run.
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Background: With recent technology, multivariate time-series electrocardiogram (ECG) analysis has played an important role in diagnosing cardiovascular diseases. However, discovering the association of wide range aging disease and chronic habit with ECG analysis still has room to be explored. This article mainly analyzes the possible relationship between common aging diseases or chorionic habits of medical record and ECG, such as diabetes, obesity, and hypertension, or the habit of smoking.

Methods: In the research, we first conducted different ECG features, such as those of reduced binary pattern, waveform, and wavelet and then performed a k-means clustering analysis on the correlation between ECGs and the aforementioned diseases and habits, from which it is expected to find a firm association between them and the best characteristics that can be used for future research.

Results: In summary, we discovered a weak and strong evidence between ECG and medical records. For strong evidence, most patients with diabetes are always assigned into a specified group no matter the number of classes in the k-means clustering, which means we can find their association between them. For weak evidence, smokers, obesity, and hypertension have less unique ECG feature vector, enabling clustering them into specific groups, so the ECGs might be used to identify smokers, obesity, and hypertension. It is also interesting that we found obesity and hypertension, which are thought to be related to cardiovascular system. However, they are not highly correlated in our clustering analysis, which might indirectly tell us that the impact of obesity and hypertension to our body is various. In addition, the clustering effect of waveform feature is better than the other two methods.

Keywords: electrocardiogram, disease analysis, habit analysis, feature extraction, k-means clustering


INTRODUCTION

In modern clinical medicine, electrocardiogram (ECG) technology is a common diagnostic technique for cardiovascular diseases. Electrocardiogram signal is multivariate time-series data to represent the time of electrical change of the voltage variation, which is detected on the skin. Electrocardiogram technology started in 1903, and so it has existed for more than a century. In this century, rapidly developing ECG technology has made a great contribution to health, and it has become an indispensable routine examination technology in clinics.

Electrocardiography plays an important role in the diagnosis of heart diseases, such as heart rate variability, myocardial ischemia, and myocardial infarction. However, pathological ECG has complex causes and variations. There are significant differences among the ECGs of patients with the same kind of pathology, even among ECGs of the same patient. To make an accurate judgment, physicians usually need to have a rich knowledge and clinical experience. If the physicians have been engaged in identifying a large number of graphics, fatigue could easily cause them to make a mistake. Thus, there is a strong demand for automatic ECG diagnosis, which has been intensively concerned and studied for a period of time.

For automatic ECG diagnosis, there has been much discussion among many scholars, from the suppression of noise to the identification of feature points, detection of the characteristic parameters, waveform category judgment, and even to the final diagnosis approach. Even though some automatic ECG analysis programs have been put into clinical applications from the laboratory, many research results have not been widely accepted by clinicians because ECGs are inaccurate and not uniform, changing from time to time. Moreover, automatic ECG analysis is still confined to heart disease, such as arrhythmia and myocardial infarction. However, for other diseases, such as obesity, hypertension, and diabetes, or habits, such as smoking, there is little related research. In the latest survey, there is only a simple study where heart rate and diabetes are investigated (Niu et al., 2018).

However, we suspect ECG can provide more information on aging diseases and chronic habits. This article is dedicated to finding the relationships between ECGs and common diseases and habits using k-means clustering (Alsabti et al., 1997; Qin et al., 2018) based on ECG features [reduced binary pattern (RBP) (Tseng et al., 2015), waveform (Tseng et al., 2018), and wavelet (Saechia et al., 2005; Chan et al., 2008; Chiu et al., 2009)], expecting that we can extract accurate feature information from ECG signals for further research of automatic diagnosis.

In this article, some related studies are introduced in Related Studies, and Methods With Feature Extraction presents the used feature extraction methods. In Methods With K-Means Clustering, we introduce the k-means clustering method for this research; Experimental Results and Discussion follow.



RELATED STUDIES


ECG Signal and Noise

Since the ECG signal (Figure 1) is relatively weak, it is vulnerable to environmental disturbances. In order to enhance the active ingredients in the ECG signal, suppress noise and interference, and improve the accuracy of waveform detection, not only is it necessary to have high requirements for the anti-interference ability of the ECG recorder hardware, but it is also necessary to have effective ECG signal filtering preprocessing.


[image: image]

FIGURE 1. Components of ECG signal.


Electrocardiogram signal acquisition can be divided into two types: one uses multiple (three or more) ECG leads to record the body surface ECG, so obtaining more comprehensive information about heart activity over a certain period of time and focusing on understanding whether heart electrical activity is abnormal, the nature and degree of any abnormality, and the extent of the lesion area; the other uses one or two ECG leads to record and analyze the ECG continuously for a prolonged period (up to hours or even days), so focusing on understanding the rhythm of the heart’s electrical activity over a long period, whether the individual heart rate is normal, and the time, type, and frequency of arrhythmia occurring. Electrocardiogram disease diagnosis commonly uses the standard 12-lead ECG acquisition method. The ECG should be collected in a relatively quiet environment, with the person relaxed and calm. In general, the basic requirements (Miao et al., 2015) for ECG acquisition include high gain, high common mode rejection ratio, high input impedance, low noise, low drift, high security, and so on.

During the ECG recording, the signal may be corrupted by low-frequency or high-frequency noise, which alters the waveform of the ECG trace from its original structure. To eliminate this noise, the most common types of noise should be considered (Blanco-Velasco et al., 2008; Li et al., 2016) as follows:

Extraneous noise: Extraneous noise in the ECG trace may be caused by a variety of noise sources including perspiration, respiration, body movements, and poor electrode contact.

Electrode motion artifacts: These are manifested as large-amplitude waveforms primarily caused by stretching that alters the impedance of the skin around the electrode.

Power line interference: This is high-frequency noise caused by interference from nearby devices, resulting from improper grounding of the ECG equipment.

Electromyography noise (EMG noise): EMG noise is caused by the electrical activity of skeletal muscles during periods of contraction or owing to a sudden body movement. Although the frequency component of EMG overlaps considerably with that of the QRS complex, it also extends into higher frequencies.

Baseline wander: Baseline wander is caused by body tiny movements and poor electrode contact, 0.05 to 2.00 Hz.

There are several commonly used filtering methods (Figure 2), such as the traditional finite impulse response (FIR) filter method (Gholam-Hosseini et al., 1998; Lu et al., 2009; Li et al., 2016), wavelet transform method (Agante and Marques de Sa, 1999; Alfaouri and Daqrouq, 2008), and empirical mode decomposition (EMD) method (Pan et al., 2007; Blanco-Velasco et al., 2008). In recent years, wavelet analysis has been introduced into the ECG filtering process and is widely used. Wavelet transform has good time-frequency localization characteristics, achieving conversion of the signal from time domain to frequency domain. Through multiscale analysis, we can obtain different local characteristics of signals in different scales, which is applicable in analyzing and processing such biomedical signals as ECGs with strong randomness, lower signal-to-noise ratio, non-linear and non-stationary nature, and more singular points.
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FIGURE 2. Algorithms of ECG clustering analysis.




Algorithms of ECG Clustering Analysis

Figure 2 presents the three steps of algorithms used in the ECG clustering analysis. According to experimental flow, it consists of three parts sequentially: step 1: preprocessing, step 2: feature extraction, and step 3: clustering. Denoising methods and QRS detection are the main schemes employed in signal preprocessing. The high- and low-pass filters, wavelet transform, and EMD transform are commonly used for ECG denoising.

Most ECG-based disease analyses rely on features that are derived from the ECG signals. According to our survey, the features are usually extracted according to three various models, that is, transform-based, waveform-based, and statistical-based as is shown in Figure 2.

First, transform-based algorithms consist of wavelet transforms (Saechia et al., 2005; Chan et al., 2008; Chiu et al., 2009) and frequency domain transforms, including Fourier transform or discrete cosine transform (Sorwar et al., 2001). Because the wavelet transform contains information in the time and frequency domains, it is more popular than the frequency domain transform.

Waveform-based algorithms extract different time-domain characteristics (distance, height, and area) from fiducial points inside the ECG waveform. These waveform descriptors will be used to match or classify ECG signals in the disease analysis process. These algorithms usually have good accuracy in recognizing regular ECG signals but show the opposite results for irregular data.

An ECG signal can be described as a non-stationary time series that presents some irregularities in the waveform. Unlike the waveform-based algorithms, the transform-based algorithms analyze the non-stationary information based on the signal’s presentation in the frequency domain. Not only is this process slow, but it is also difficult to extract good features for the purpose of classification.

Statistical-based algorithms usually depend on statistical evaluations (count, mean, and variance). They are usually less time-consuming but definitely need a well-designed statistical model to ensure high-quality accuracy. A method based on rank-order statistics was presented to analyze the human heartbeat (Tseng et al., 2015).

For clustering analysis, k-means and neural network are two commonly used clustering methods, but for the sake of simplicity and processing speed, k-means is more applicable in this experiment. Moreover, experiments showed that k-means clustering achieves a positive performance in exploring the relationship between ECGs and the aforementioned diseases and habits.



PREPROCESSING

During the ECG recording, the signal may be corrupted by low- or high-frequency noise, which alters the waveform of the ECG trace from its original structure. As mentioned above, the raw data in the Physikalisch-Technische Bundesanstalt (PTB) Diagnostic ECG Database are severely affected by noise, whereas the quality of signal in the ECG database from the local hospital is significantly better that in the PTB database, which influences the preprocessing methods, and QRS detection has impact on feature extraction and even the final clustering of ECG features. Therefore, we may need to investigate different features for different ECG databases in order to find the best features for each diagnostic system.


ECG Denoising

Extraneous noise in the ECG trace may be caused by a variety of noise sources including perspiration, respiration, body movements, and poor electrode contact. Electrode motion artifacts manifest as large-amplitude waveforms primarily caused by stretching, which alters the impedance of the skin around the electrode. Power line interference is high-frequency noise caused by interference from nearby devices resulting from improper grounding of the ECG equipment. Electromyography noise is caused by the electrical activity of skeletal muscles during periods of contraction or resulting from a sudden body movement. Although the frequency component of EMG overlaps considerably with that of the QRS complex, it also extends into higher frequencies. Commonly used filtering methods include the traditional FIR filter method, wavelet transform method, and the EEMD (ensemble EMD) method.



QRS Detection

For the waveform feature extraction, a more accurate ECG segmentation is needed, so QRS detection and ECG cutting are needed first. QRS detection is based on the matched filter. In order to improve the accuracy of QRS detection under the conditions of Gaussian noise and variable QRS amplitude, the first-order derivative is used for zero threshold detection. In addition, the two non-linear circuits cut off low-amplitude noise and all spikes that occur within a certain time after QRS detection.



METHODS WITH FEATURE EXTRACTION


RBP Feature Extraction

The idea of RBP algorithm (Tseng et al., 2015) for ECG disease is related to Yang et al. (2003) and Kumar et al. (2005) works, but we expand it to a different field of application.

All ECG signals are non-stationary. Consider an ECG signal asx = {x1,x2,x3,…,xN}, where the real-valued xi corresponds to the ith input datum. Each pair of consecutive input signals is compared, and the data are categorized into one of the two cases: a decrease or increase inxi. A preliminary reduced function then maps these two cases to 0 or 1, respectively, according to the rule:

[image: image]

This procedure converts the ECG signal of length N to a binary sequenceY = {y1, y2,…,yN−1} of lengthN−1. Every m bit in Y is grouped to construct a reduced binary sequence of lengthm, referred to as an m-bit word, and then all such words are collected to form an RBP B = {b1, b2,…,bN−m} where bk = {yk, yk + 1, …,yk + m−1}. We then convert each m-bit wordbk to its decimal expansion wk. The relative occurrence frequency of wk is considered as the features of ECG signals, which we use as the input of clustering method. Figure 3 presents the process of RBP feature extraction.


[image: image]

FIGURE 3. Process of RBP feature extraction.




Wavelet Feature Extraction

The procedures of the wavelet-based algorithm (Chiu et al., 2009) include the following: each R-R cardiac cycle is obtained through R-R detection; the first 169 and the last 85 points in each R-R cycle are assembled to form a 256-point segment; every four segments are grouped, and an n-level discrete wavelet transform (DWT) is performed to obtain the corresponding wavelet coefficients. Four of the computed wavelet coefficients are gathered as a wavelet vector. Here we use the coefficients vector of DWT as the ECG feature. An example with n = 9 is illustrated in Figure 4.


[image: image]

FIGURE 4. Process of wavelet feature extraction.




Waveform Feature Extraction

In a waveform-based feature study (Tseng et al., 2018), a total of 24 features are extracted from five classes: position (P, Q, R, S, T), amplitude (PQ, RQ, TQ, RT, PS, RP, TS, RS, PT, QS), duration (QS, PR, QR, ST, QT), slope (RS, ST and QR), and area (area of the QRS triangle). These features form a feature vectorS. Before extracting the features mentioned above, we need to first accurately locate R, P, Q, T, and S points, which is a key issue for waveform feature extraction. Figure 5 displays the extraction procedure of waveform feature.


[image: image]

FIGURE 5. Process of waveform feature extraction.




METHODS WITH K-MEANS CLUSTERING

K-means clustering (Alsabti et al., 1997; Qin et al., 2018) is a rather simple but well-known algorithm for grouping objects. Each object can be represented by a feature vector. First, it extracts ECG features with RBP, waveform, and wavelet and then randomly chooses k samples in that vector space, which serve as the initial centers of the clusters. Afterward, all objects are each assigned to their closest center. Usually, the distance measure is chosen by the user and determined by the learning task. In this experiment, we chose the Euclidean distance as follows:

[image: image]

where Xi and Xj are samples, and xik and xjk are the kth attribute of Xi and   Xj.

Then, for each class, a new center is computed by averaging the feature vectors of all objects belonging to this class. The process of assigning objects and recomputing the centers is repeated until the process converges. The algorithm can be proven to converge after a finite number of iterations. Usually, to determine whether the process converges, we take the square error criterion as follows:

[image: image]

where E is the sum of the square errors of all samples in the database, P denotes a sample in the database, and mi denotes the means of clustering group Ci.



EXPERIMENTAL RESULTS


Dataset

We conducted a comprehensive experiment on a public ECG dataset, the PTB Diagnostic ECG Database (Bousseljot et al., 1995). The database contains 549 records from 290 subjects (aged 17–87 years, mean 57.2 years; 209 men, mean age 55.5; and 81 women, mean age 61.6; ages were not recorded for 1 female and 14 male subjects, the data of patients 124, 132, 134, and 161 were missed in the PTB database). Each subject is represented by one to five records. Each record includes 15 simultaneously measured signals: the conventional 12 leads (i, ii, iii, avr, avl, avf, v1, v2, v3, v4, v5, v6) together with the three Frank lead ECGs (vx, vy, vz). Each signal is digitized at 1,000 samples per second, with 16-bit resolution over a range of ±16.384 mV. By special request to the contributors of the database, recordings may be available at sampling rates of up to 10 kHz.

Within the header (.hea) file of most of these ECG records is a detailed clinical summary, including age, gender, diagnosis, and, where applicable, data on medical history, medication and interventions, coronary artery pathology, ventriculography, echocardiography, and hemodynamics. The clinical summary is not available for 22 subjects. The diagnostic classes of the remaining 268 subjects are summarized in Table 1.


TABLE 1. Demographic of PTB database.

[image: Table 1]


Metrics

In the k clustering algorithm, two metrics are used to evaluate the relationship between ECGs and diseases or habits.


Ratio

This is a commonly used measurement criterion in the clustering analysis. In order to measure the extent of relationship between ECGs and specified disease or habit, the ratio of the number of subjects with disease or habit to the number of subjects in a group is a good criterion. If the ratio in a group is greater than 50%, there should be a significant correlation between ECGs and disease or habit.



Concentricity

Sometimes, because of various disturbances, such as shortage of data, it is difficult to achieve a ratio greater than 50%, which cannot indicate there is no correlation between disease and ECGs, so we need a new criterion to measure the performance of clustering. If all or most of samples with the same disease or habit are assigned into the same group, this disease or habit may be identified based on the ECG feature of this group. This is called concentricity.



Experiment Software

This research mainly focuses on the ECG signal processing; there are many ECG analysis software developed by MATLAB (Natick, MA, United States). Thus, this research uses MATLAB tools as programming language, especially in signal processing, pattern recognition, mathematical modeling, and other aspects. MATLAB also includes matrix arithmetic operation, relational operation, logical operation, conditional operation, and assignment operation, and these matrix operation methods can be copied into array operation. MATLAB does not need to define dimension in matrix operation and has rich matrix function library for various matrix operations.



Result Based on RBP Feature

In the experiment, we would cluster the PTB database based on RBP features and chose k = 24, and 8 (k being the number of class), which is helpful in observing the variance of clustering performance with increasing k.

In the clustering with the RBP feature as shown in Table 2 with k = 4 and 8, typically the ratios in the different classes are relatively less than 50%, which indicates that the samples scatter into different classes with k increasing, and the differences among these classes are not obvious. While k = 2, the obvious characteristic is that although the number of two groups is approximate, most samples (72.41%) with diabetes are assigned into the second class. Moreover, even though the number of classes in the k-means clustering increases from 2 to 4, even to 8, and the dispersivity of the samples expands, there is always a group in each clustering, for example, group 1 with k = 4 and group 4 with k = 8, in which the number of samples with diabetes is significantly larger than that in other groups in the same clustering. It demonstrates that diabetes mellitus may be closely related with RBP features of group 2 with k = 2, group 1 with k = 4 and group 4 with k = 8.


TABLE 2. Clustering statistics based on RBP feature, k = 2, 4, and 8.

[image: Table 2]For other three research targets, there are no highlighted groups in Table 2 in which samples with same disease or habit present the distribution of aggregation, indicating that we cannot detect the relationships between ECGs and obesity, smoking, and hypertension through RBP feature.



Result Based on Waveform Feature

Similar to the clustering with RBP feature, we would utilize k-means clustering to cluster the PTB database based on waveform feature. Table 3 displays the results of clustering when the number of groups k is 2, 4, and 8.


TABLE 3. Clustering statistics based on waveform feature.

[image: Table 3]With k = 4 and 8, most of samples with diabetes are assigned into a specified group, for example, 22 samples in group 4 of k = 4 and 22 samples in group 6 of k = 8; thus, although the number of groups increases from 4 to 8, this group (group 4 with k = 4 and group 6 with k = 8) still retains the distribution and composition of various diseases and habits. Moreover, 75.85% of samples with diabetes are allocated in the group with half of all samples, whereas it is a natural and proportional distribution for other three research aspects that only approximately half of their samples are respectively, assigned in this group with half of all samples in the PTB database. It is indicated that diabetes is closely associated with waveform feature extracted from ECGs of the sixth group with k = 8.

It is observed that there are four classes with k = 4 (corresponding to k = 8) with rather higher ratios of smokers, that is, 52.38% in the first group, 77.78% in the fourth group, 66.67% in the seventh group, and 61.45% in the last group. However, there are only three samples in the seventh group, and two of them are also, respectively, patients with obesity or hypertension, which indicates that this group is not practicable and useful because of sparse samples. Perhaps, the sparse samples in the fourth, seventh, and last groups, although with higher ratio of smokers, cannot support the existence of relationship between ECGs and smoking. If we combine these groups with the first group with 21 samples to compose a new group, the problem of sparse samples will be solved, and it is sufficient to determine the relationship between waveform feature of ECGs and smoking, which paves the way of further research about smoking classification.



Result Based on Wavelet Feature

In the wavelet feature extraction, four segments are grouped, and an n-level DWT is performed to obtain the corresponding wavelet coefficients. Table 4 presents the clustering results with different number of groups k.


TABLE 4. Clustering statistics based on wavelet feature, k = 2, 4, and 8.

[image: Table 4]Compared with RBP feature and waveform feature, clustering upon wavelet feature cannot achieve a positive performance both in the ratio criterion and concentricity criterion. With the number of groups increasing in the k-means clustering, the samples with specified disease or habit scatter in these groups randomly without any concentricity. Moreover, when the number of groups k is 8, the ratios in the groups with enough samples are almost less than 50%. So we cannot find useful information to support the relationship between ECGs and the aforementioned diseases or habits in the k-means clustering with wavelet feature.



DISCUSSION

In this section, we discuss some issues that may be interest to readers. There are the issues of k parameter, feature extraction, ECG dataset, and evidence.


Issues of k Parameter


Why Were Multiple Feature Extraction Algorithms Used?

Each feature extraction algorithm has different characteristics; for example, in Figure 6, wavelet has a good clustering performance at k = 2, but waveform performs better than the other two algorithms at k = 4 and k = 8.
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FIGURE 6. Percentage chart of clustering result: (A) RBP-based, (B) waveform-based, and (C) wavelet-based feature extractions.




Why Was the Elbow Method Not Used?

We are exploring the effects of different k parameters and different feature extraction, so we did not use the elbow method. The reason that we use different k values as k = 2, 4, and 8 for comparative study, in addition to see the result under different k, if a disease can show a better clustering effect under different k parameters, it means that it has a higher degree of stability. In the future, if we want design the classification system, we should use the elbow method.



Issues of Feature Extraction


Why Choose These Three Feature Extraction Algorithms for Comparison?

Each feature extraction algorithm has different characteristics; for example, in Figure 6, wavelet has a good clustering performance at k = 2, RBP performance after k = 2, better than waveform. But waveform performs better than the other two algorithms at k = 4 and 8. In addition, the three feature extraction methods we selected are also representative. The RBP feature is statistical method; waveform feature is morphological method, and wavelet is transformation method.



Why Not Perform Fusion Clustering on the Three Methods of Feature Extraction?

According to our previous clustering and classification experiments, if multiple feature extractions are used together, the performance is often worse, because different features may interfere with each other. Moreover, this study mainly focuses on the clustering correlation study between ECG and disease; using different features for comparative analysis is more desired in this article. In the future, when we develop the classification and diagnosis system, we will seek more sophisticated feature extraction method; the feature fusion issue will be studied as well.



Issues of ECG Dataset


Why Did We Select Only Aging Chronic Diseases for Clustering Analysis?

We have performed only clustering analysis on arterial hypertension, diabetes mellitus, obesity, and smoker. Because other common heart diseases such as myocardial infarction, cardiomyopathy, bundle-branch block, and dysrhythmia have been proven to be observed by ECG, we do not have motivation to conduct further clustering studies. And the purpose of this article is also to explore the future possibility of automatic ECG diagnosis for chronic diseases.



Is the Number of Samples Sufficient?

Both clustering and classification problems use the same preprocessing and feature processing method. If stable clustering results can be obtained, the sample base should be sufficient as in classification and clustering problems. In addition, we have conducted the experiment on a public ECG dataset, the PTB Diagnostic ECG Database. This database has been used for many researches; thus, the clustering results should be credible.



Issues of Evidence


Overall Observation Evidence

As shown in Figure 6, we divided different k parameters into k = 2, 4, and 8 groups and compared them. At the same time, three different characteristics were compared with the same k-parameter experiments. In addition, in Figure 6, if a group occupies a larger proportion, it indicates that the clustering effect is better. Based on this, our observations are summarized as follows: (Niu et al., 2018) diabetes has strong association with ECG feature; it can almost get better clustering results in different feature extractions and k parameters, and other chronic diseases have better clustering performance in experiments with different feature extractions and k parameters (Miao et al., 2015). The smokers, obesity, and hypertension have weak association in ECG features; they have less unique ECG feature vector enabling clustering them into specific groups, although they have some correlation in their ECG features (Blanco-Velasco et al., 2008). Waveform feature extractions have better clustering performance than RBP and wavelet.



Other Reference for Association Evidence

Previous clinical case studies have explored the relationship between ECG and other chronic diseases. These are mostly the analysis results from physicians’ observation. They found that diabetic patients may have some ECG abnormalities, such as fibrotic changes in the left ventricle (Stern and Sclarowsky, 2009), painless myocardial ischemia (Dweck et al., 2009), and a prolonged QRS duration (Rollins et al., 1992). In addition, as for the other three diseases, we have also found some related studies to prove that they are related to ECG. For example, Renuka Devi et al. (2013) discuss the relationship between heart rate and smoking. The article by Ang and Lang (2008) mentions that left ventricular hypertrophy is related to ECG. The article by Rautaharju et al. (1994) mentions obesity is associated with a wide variety of electrocardiographic abnormalities. Their clinical research and our cluster analysis should prove each other. However, our research results summarize that diabetes has more obvious clustering characteristics than other chronic diseases and should be more suitable for the application of automated ECG diagnosis.



CONCLUSION AND FUTURE WORK

In this article, three different models of feature extraction, RBP-based, wavelet-based, and waveform-based, are investigated and utilized to analyze the possible relationship between ECGs and diseases and habits, such as the aging diseases of diabetes, obesity, and hypertension and the chronic habit of smoking in the k-means clustering. Based on previous experiments and research, our conclusions are summarized as follows:

(1) Waveform feature has better clustering effect in the ECG analysis of the four diseases, and it will be stable under different k parameters. Experiments show that waveform feature is more applicable to the clustering analysis of the correlation in contrast to RBP and wavelet features.

(2) Diabetes has the most obvious clustering effect. The three feature extractions and different k parameters are relatively stable. In the k-means clustering based on RBP, waveform, and wavelet features, most patients with diabetes mellitus are always assigned into a specified group no matter the number of groups; that is, samples with diabetes mellitus have an excellent concentricity upon these characteristics extracted from ECGs.

(3) The other three diseases may have less influencing factors, and the clustering characteristics are not significantly stable, which can be further studied in the future. However, the remaining groups with higher ratio of smokers, obesity, and hypertension, the relationship between them and ECGs paves the way of further research about their clustering and classification. The results of smoking, hypertension, and obesity are not positive, and they scatter in every group in the k-means clustering. So, we cannot find strong relationships between ECG and them and cannot choose a better feature to implement the classification and diagnosis of hypertension and obesity based on ECGs.

Regarding future research, we should have the following detailed issues to explore:

(1) The PTB Diagnostic ECG Dataset may not be specialized for discovering the relationship between hypertension, obesity, and diabetes mellitus. Some categories have fewer samples; for example, the number of samples with obesity is 20, which may not perform well for clustering analysis.

(2) The same person may be suffering from a variety of diseases, particularly myocardial infarction, cardiomyopathy, bundle-branch block, and so on, severely affecting the waveform of ECG.

(3) These feature extractions may not include all the useful information for these diseases and habits. Therefore, lack of useful characteristics may bring about clustering performance.

(4) The diseases and habits might have various factors from our body; it is not easy to classify from ECG.

Although our research has explained some question of ECG clustering, there are still some detailed issues that need to be further explored as above. In the future, we will explore these issues and also make further contributions to the future ECG diagnostic system.
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Introduction: Studies have shown that excess formaldehyde accumulation in the brain accelerates cognitive decline in people with Alzheimer’s disease (AD). Recently, reports from our research team revealed that red light treatment (RLT) improved memory in AD mice by activating formaldehyde dehydrogenase (FDH) and thus reducing formaldehyde levels. Here, we developed a medical RLT device to investigate the safety and efficacy of this device in older adults with mild to moderate AD.

Methods: This will be a randomized controlled trial (RCT) that will include 60 participants who will be recruited and randomly divided into an RLT group and a control group. The RLT group will receive RLT intervention 5 days a week for 30 min each time for 24 weeks while the control group will continue their routine treatments without RLT. All participants will undergo neuropsychological and functional assessments including the Mini-Mental State Examination, the AD assessment scale-cognitive subscale (ADAS-cog), the Geriatric Depression Scale (GDS), the Neuropsychiatric Inventory (NPI) and the Barthel Index at baseline, 12 weeks and 24 weeks. All participants will undergo functional magnetic resonance imaging (fMRI) scanning and blood/urine biomarkers tests at baseline and 24 weeks. The primary outcome will be the ADAS-cog score while the secondary outcomes will be the GDS and NPI scores. Adverse events will be recorded and treated when necessary. Both an intention-to-treat analysis and a per-protocol analysis will be performed to evaluate the safety and efficacy of RLT.

Discussion: This protocol outlines the objectives of the study and explained the RLT device developed by the research team. The study is designed as an RCT to evaluate the safety and effects of the RLT device on older adults with mild to moderate AD. This study will provide evidence for the clinical use of RLT on treatment for AD.

Clinical Trial Registration: www.ClinicalTrials.gov, ChiCTR1800020163; Pre-results.

Keywords: Alzheimer’s disease, cognitive function, red light treatment, formaldehyde, functional magnetic resonance imaging


INTRODUCTION

As the most common cause of dementia in the elderly, Alzheimer’s disease (AD) is becoming increasingly prevalent as the population ages. The Alzheimer’s Association has now estimated and reported that the number of people with AD in the world will be more than 130 million by 2050 (Alzheimer’s Association, 2019). The neuropathology of AD is characterized by the accumulation of β-amyloid (Aβ)-related amyloid plaques and phosphorylated tau (p-tau)-related neurofibrillary tangles outside and inside neurons, respectively. These changes are widely believed pathogenic to the onset of AD (Serrano-Pozo et al., 2011; Alzheimer’s Association, 2019). As a persistent, disabling, and costly disease, AD unavoidably puts a huge burden on the family and society (Jia et al., 2018). Unfortunately, over the past decades new medications targeting Aβ production, aggregation and clearance, and tau hyperphosphorylation, such as antibodies, vaccines, and small molecule medicines, have not resulted in desirable clinical efficacy (Lane et al., 2018).

Recently, as a non-pharmacological therapy, low levels of laser light have been found to disaggregate Aβ (Son et al., 2018); hence phototherapy targeting Aβ is being increasingly investigated as an alternative therapy for AD (Salehpour et al., 2018). Previous studies showed that endogenous formaldehyde (FA) concentrations were gradually accumulated in animals and humans during the aging process and that FA was abnormally elevated in AD patients (Tulpule and Dringen, 2013). Indeed, excess FA injection led to memory decline in healthy animal models (Tong et al., 2013, 2017; Wang et al., 2019). Notably, excess FA also directly induces Aβ aggregation (Chen et al., 2006, 2007; Rizak et al., 2014; Yang et al., 2014; Liu et al., 2018), tau protein phosphorylation and aggregation (Lu et al., 2013; Yang et al., 2014; He et al., 2017; Liu et al., 2018), and oxidative stress (Songur et al., 2008; MacAllister et al., 2011). These findings strongly suggest that disaggregation of Aβ by scavenging FA may contribute to the treatment of AD. Our recent studies found that red light at 630 nm improved cognitive function by activating formaldehyde dehydrogenase (FDH) and thus degrading FA and increasing catalase activity to reduce oxidative stress in senescence-accelerated mouse-prone 8 (SAMP8) mice (Zhang et al., 2019). Red light at 630 nm also reversed memory deterioration by de-aggregating Aβ and enhancing FA metabolism in amyloid precursor protein/presenilin-1 (APP/PS1) transgenic AD mice (Yue et al., 2019).

Based on the above experimental evidence in animal models, our research team developed a therapeutic device for people with AD by using light-emitting diodes (LED) with a 630-nm red light in 2015. The penetration of the LED red light at 630 nm has been previously tested and we found that 630 nm red light had a strong penetration rate into the human brain cortex (approximately 48%) and liver (approximately 68%; Yue et al., 2019). This device is made of three main parts, including a power control board, an LED helmet for transcranial irradiation of the head, and an LED belly band for transabdominal illumination of the liver (Figure 3), and works by reducing the body’s FA levels by activating FDH in the brain and liver. In this study, a 24-week randomized controlled trial (RCT) was designed to investigate the safety and efficacy of this therapeutic red light treatment (RLT) device on older adults with mild to moderate AD. This protocol is reported according to the Standard Protocol Items: Recommendations for Intervention Trials (SPIRIT) guidelines (Chan et al., 2013).
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FIGURE 1. Schedule of recruitment, intervention, and assessment. Abbreviation: ADAS-cog, Alzheimer’s disease assessment scale-cognitive subscale; MMSE, Mini-Mental State Examination; NPI, Neuropsychiatric Inventory; GDS, Geriatric Depression Scale; BI, Barthel Index; fMRI, functional magnetic resonance imaging; FA, formaldehyde; FDH, formaldehyde dehydrogenase; Aβ, β-amyloid peptides; p-tau, phosphorylated tau protein.
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FIGURE 2. Flow diagram of study design. Abbreviation: fMRI, functional magnetic resonance imaging.
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FIGURE 3. The therapeutic device: a 630-nm red light device used for the treatment of AD patients. (A) The device is constructed of three main parts. From left to right, there is a power control board, an LED helmet for transcranial illumination of the head, and an LED belly band for transabdominal irradiation of the liver. (B,C) Images of the therapeutic illuminated LED lights in the “ON” position for treatment of AD patients. Abbreviation: LED, light-emitting diode.




Objectives

The primary objectives are to test the safety and effects of the RLT on cognitive function, behavior/mood, and activities of daily living in older adults with mild to moderate AD.

The secondary objectives are: (1) to explore the changes in brain function by using functional magnetic resonance imaging (fMRI); and (2) to examine the changes in the levels or activities of blood/urine biomarkers, such as FA, Aβ, total tau, p-tau, and FDH.




METHODS


Settings

This device was developed and this study was designed at the Beijing Institute of Brain Disorders, Capital Medical University, China. The recruitment, assessment, intervention, and follow-ups of participants will be conducted at the Center for Cognitive Disorders of Beijing Geriatric Hospital (BGH), China. The Case Report Forms will be filled and kept in BGH.



Study Design

This is an RCT study with two parallel arms (1:1 allocation ratio): an intervention group receiving an RLT program and a control group receiving routine therapy without RLT treatment (Figures 1, 2).



Recruitment of Participants

Participants will be recruited from the clinic, inpatient ward, or long-term care facilities near BGH. Residents who meet the inclusion criteria will be recruited.



Inclusion Criteria

The inclusion criteria will be as follows: (1) 60 years old or older; (2) with a diagnosis of probable AD based on the National Institute of Neurological and Communicative Disorders and Stroke and the AD and Related Disorders Association (NINCDS-ADRDA) criteria (McKhann et al., 1984); and (3) with a clinical dementia rating score ≤2. If the participants are receiving cholinesterase inhibitors, memantine, or other dementia-related medications, they will have to take a therapeutic and stable dose for at least 3 months before screening.



Exclusion Criteria

Participants will be excluded if they are experiencing any of the following conditions: (1) severe visual or auditory impairment; (2) serious medical conditions in major organs (such as the heart, lung, kidney, or liver) that limit the ability to participate in the study; (3) current alcohol or drug abuse; (4) any other conditions which may disturb assessments or interventions required in this study; (5) history of epilepsy; or (6) having been enrolled into any other interventional studies.



Randomization and Allocation

Participants will be enrolled by dementia specialists. The randomization will be carried out by an independent research assistant who will not be involved in the enrollment, assessment, or intervention of the participants. Random number sequences will be generated using SAS software version 9.4 (SAS Institute Inc., Cary, NC, USA). Sealed envelopes with the serial number outside and group number inside will be produced and kept in a locked drawer that will be inaccessible to all the researchers. The envelopes will be opened sequentially by the independent research assistant after baseline assessments, and participants will be assigned to an intervention group and a control group at a ratio of 1:1 according to the group number printed inside the envelopes. Outcome evaluators and data analysts will be blinded to the group assignment.



Interventions

In addition to their routine treatments and personalized daily care, participants in the RLT group will receive the 24-week intervention of RLT with a frequency of 5 days per week for 30 min each time. The RLT treatment will be performed by researchers or caregivers who are trained to operate the RLT device in advance. The participants will be put on the LED helmet and the LED belly band and receive RLT therapy with concurrent transcranial and transabdominal illumination in the morning (Figure 3). The light parameters of the RLT device are shown in Table 1. The researchers or caregivers will be asked to keep a strict watch over the participants during the intervention process. A form of RLT treatment schedule will be made for each participant in the RLT group. The researchers or caregivers who perform the RLT intervention will be asked to sign on the report form after every session of treatment to ensure compliance of the intervention.

TABLE 1. Parameters of the therapeutic device of 630-nm red light for AD patients.
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Participants in the control group will continue their routine treatments and personalized daily care during the 24-week study period, including usual medicine, recreational therapy, and management of behavioral disorders following current guidelines. Except for the RLT intervention for the RLT group, all the other treatment strategies for the two groups will be the same.



Demographic Data Collection

Demographic characteristics of all participants including age, gender, educational level, as well as medical history, medication list, and comorbidities will be documented.



Neuropsychological Assessments

A set of neuropsychological tests will be used to assess cognitive function and behavior/mood of all the participants, and their activities of daily living will also be measured. The assessments will be performed at baseline, 12 weeks, and 24 weeks during the study period. (1) The Mini-Mental State Examination (Katzman et al., 1988) is the most frequently used assessment to measure global cognitive function. It is a 30-point scale that assesses orientation, memory, attention and calculation, recall, and language, with higher scores indicating better cognitive function. (2) The AD assessment scale-cognitive subscale (ADAS-cog; Chu et al., 2000) is a 12-item scale that primarily measures word recall, ability to follow commands, constructional praxis, naming, ideational praxis, orientation, word recognition, comprehension of spoken language, word-finding, language ability, and attention. The scores range from 0 to 75 and higher scores indicate greater cognitive impairment. (3) The Geriatric Depression Scale (GDS; Yesavage et al., 1982) is a short questionnaire to identify depression in older people and it is validated in mild to moderate dementia. (4) The Neuropsychiatric Inventory (NPI; Wang et al., 2012) is an assessment of 12 different behavioral and psychological symptoms common in AD. Each symptom is rated and scored according to the frequency and severity reported by the informants. The distress level of the caregivers associated with each symptom is also rated. (5) The Barthel Index (Mahoney and Barthel, 1965), is a 10-item, ordinal scale used to measure performance in activities of daily living. It is also performed by interviewing the caregivers.



fMRI

fMRI is a non-invasive brain imaging technique to measure and map brain activity. In this study, we will collect the data of resting-state fMRI (rs-fMRI) for the analysis of neurophysiological changes (Lee et al., 2013; Smitha et al., 2017). Participants will receive fMRI scans by using a Philips Ingenia 3.0 T magnetic resonance system at BGH at baseline and 24 weeks. The following sequences will be acquired: (1) High-resolution anatomic images using a 3D T1-weighted inversion recovery turbo field echo sequence with the following parameters: repetition time (TR) 7.9 ms, echo time (TE) 3.5 ms, contiguous 180 sagittal slices of 1 mm thickness, flip angle 8°, 1 × 1 × 1 mm voxels, 160 × 210 × 180 matrices, and field of view (FOV) 160 × 211 × 180 mm. (2) Single-shot field echo echo-planar imaging sequence for rs-fMRI images with the following parameters: 200 sets of contiguous 40 transverse slices, 4 mm thickness, TR 3,000 ms, TE 35 ms, flip angle 90°, 2 × 2 × 4 mm voxels, 120 × 116 × 40 matrices, and FOV 240 × 240 × 160 mm. The total acquisition time of rs-fMRI is 609 s. During the scanning process, participants will be asked to keep their eyes closed and remain motionless.



Blood/Urine Biomarkers

The biomarkers of blood and/or urine of all participants will be measured at baseline and 24 weeks. The concentrations of blood Aβ, total tau, and p-tau, which are related to the pathology of AD, will be quantified by human Aβ and tau ELISA kits. Meanwhile, blood and urine FA levels and blood FDH activity will be measured.



Outcomes

The primary outcome will be the ADAS-cog score. The secondary outcomes will be the GDS and NPI scores. The safety of the RLT will be evaluated according to the incidence and severity of adverse events such as headache, dizziness, or nausea. The adverse events will be immediately reported, and handled by experienced physicians. Details of these possible adverse events and the treatments they receive will be recorded by filling in the case report forms. Physical examinations and necessary laboratory examinations, such as blood routine examination, liver function, and renal function, will be completed at baseline and the end of this study.



Sample Size Calculation

No studies have investigated the effects of RLT treatment on people with AD. However, there have been relevant published literature that reported positive effects of photobiomodulation (PBM) with 810 nm near-infrared light on people with dementia. For example, PBM was shown to reduce ADAS-cog scores by 6.73 points after a 12-week consecutive treatment (Saltmarche et al., 2017), and by 5.18 points in another report (Chao, 2019). In this study, we anticipate at least an effect size of 0.48 in ADAS-cog scores after 24-week RLT intervention. The sample size was calculated using Power Analysis and Sample Size software version 15.0 (NCSS, LLC)1. A total sample size of 48 participants is sufficient to detect the target effect size with 90% power (β = 0.10) and a type I error of 5% (α = 0.05). Considering a dropout rate of 10%, a total of 54 participants is necessary. In this study, we intend to recruit 60 participants, with 30 participants in each group.



Quality Control and Quality Assurance

At least three dementia specialists will work together to examine the participants and provide a diagnosis for each participant. All data will be monitored and reviewed by the principal investigator or research coordinators. Training will be provided to all researchers. Consistency coefficients in scoring assessment scales between researchers should be no less than 0.85. Data entry will be verified by a second researcher in the team. To protect participant confidentiality, only supervisors, researchers of this study, and the ethics committee will be authorized to access to the personal information and medical records of the participants.



Statistical Methods

Statistical analysis of demographics and clinical characteristics will be performed using IBM SPSS Statistics for Windows, Version 20.0 (Release 2011, IBM Corp, Armonk, NY, USA). Continuous data will be reported as means ± standard deviations or 95% confidence intervals, and as numbers with percentage for categorical data. The difference in demographic and baseline characteristics between two groups will be analyzed by using the independent t-test, and a chi-square test will be used for categorical variables.

The main analysis method for the safety and efficacy of RLT intervention in this study will use the intention-to-treat analysis including all randomized participants (Hollis and Campbell, 1999). Besides, a per-protocol analysis will be performed on individuals who complete the total study (Sedgwick, 2015). The repeated measures of variance analysis will be used to examine variations of scores of neuropsychological tests over time between two groups. The association between intervention and incidence of adverse events will be analyzed using the chi-square test.

fMRI data will be preprocessed by using Statistical Parametric Mapping version 12.0 (The Wellcome Trust Centre for Neuroimaging at UCL, London, UK) on the MATLAB platform (Release 2013b, The MathWorks Inc, Natick, MA, USA). There are several critical steps including motion correction, slice timing correction, spatial normalization, and smoothing. After fMRI data preprocessing, the fractional amplitude of low-frequency fluctuation and functional connectivity analysis will be analyzed by using the REST software version 1.8 (Song et al., 2011).

The level of significance for statistical analysis will be set at 5% (P < 0.05). The researchers who perform the data analysis will be blinded to the allocation and the intervention.



Patient and Public Involvement

The original research question and outcome measures were conceived by the authors and were then modified based on face-to-face screening interviews with 16 elderly volunteers with cognitive impairment by a research assistant. They were also invited to use the RLT device for 3 months during the design phase of this study. The duration of treatment per time and frequency of treatment was determined based on their feedback to ensure the tolerance and the applicability of the intervention. These volunteers will not be included in this study. Both the potential burden and benefit of this study will be assessed by the participants and their guardians before signing the informed consent. The findings of this study will be made available to the participants and their guardians.




ETHICS AND DISSEMINATION

This study protocol has been approved by the ethical review committee of the Beijing Geriatric Hospital (approval number: 2019-024). Information leaflets of the study will be available at the public area of the Center for Cognitive disorders of BGH. The leaflets will explain in full detail the aims and objectives of the study, selection criteria, and the processes that the study will be adhering to. The research team will provide an individual face to face consultation to all potential participants and their guardians to answer any questions they may have before signing the consent form. Informed consent will be obtained from all participants and/or their legal representatives. Participants will be allowed to withdraw from the study at any time and the reason for withdrawal will be recorded. The results of this study will be reported in peer-reviewed journals and presented at national or international conferences on aging and dementia.



DISCUSSION

To our knowledge, this is the first RCT to investigate the safety and efficacy of RLT on AD. This 24-week study is designed to evaluate the effects of RLT intervention on cognitive function, mood, psychiatric and behavioral performances, and activities of daily living in older adults with mild to moderate AD. Also, neurophysiological changes assessed by fMRI and changes in blood/urine biomarkers associated with RLT will also be evaluated.

Preliminary evidence for the benefits of the RLT on AD has been obtained. The RLT can not only prevent early-stage memory decline but also rescue late-stage memory deficits in AD mice by reducing FA levels and oxidative stress (Zhang et al., 2019). Moreover, PBM with red to near-infrared light has been proposed as a non-invasive and innovative therapy for brain disorders. Some other beneficial effects of PBM have been reported, such as improved cerebral metabolic function (Oron et al., 2007; Rojas et al., 2012; Ferraresi et al., 2015), increased expression of neurotrophic factor expression, improved neurogenesis (Oron et al., 2006; Xuan et al., 2014, 2015), and reduced neuroinflammation (Lee et al., 2016; Aragona et al., 2017). Therefore, PBM appears to be a promising strategy for AD treatment.

There are limitations to this study. The first is that as the first preliminary clinical trial for the RLT device it is a single-center design. The second is the absence of a sham intervention for the control group for ethical and practical considerations. To minimize these shortcomings, the processes of randomization and blindness will be strictly carried out, and objective examinations including fMRI and blood/urine biomarkers will be conducted. Moreover, because of the cognitive impairments in patients with AD, the placebo effect can be greatly eliminated. The third is that follow-up assessment after cessation of the intervention is not planed in this protocol because the effects of the RLT are still unknown. If positive results are found in this initial study, future research will be conducted to assess the long-term influence of the RLT, which will help to identify the optimal RLT duration.

In summary, this RCT will explore the potential beneficial effects and safety of RLT on older adults with mild to moderate AD. The study will provide evidence for the clinical use of RLT on treatment for mild to moderate AD.
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Mild cognitive impairment (MCI) is the clinical precursor of Alzheimer's disease (AD), which is considered the most common neurodegenerative disease in the elderly. Some MCI patients tend to remain stable over time and do not evolve to AD. It is essential to diagnose MCI in its early stages and provide timely treatment to the patient. In this study, we propose a neuroimaging approach to identify MCI using a deep learning method and functional near-infrared spectroscopy (fNIRS). For this purpose, fifteen MCI subjects and nine healthy controls (HCs) were asked to perform three mental tasks: N-back, Stroop, and verbal fluency (VF) tasks. Besides examining the oxygenated hemoglobin changes (ΔHbO) in the region of interest, ΔHbO maps at 13 specific time points (i.e., 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, and 65 s) during the tasks and seven temporal feature maps (i.e., two types of mean, three types of slope, kurtosis, and skewness) in the prefrontal cortex were investigated. A four-layer convolutional neural network (CNN) was applied to identify the subjects into either MCI or HC, individually, after training the CNN model with ΔHbO maps and temporal feature maps above. Finally, we used the 5-fold cross-validation approach to evaluate the performance of the CNN. The results of temporal feature maps exhibited high classification accuracies: The average accuracies for the N-back task, Stroop task, and VFT, respectively, were 89.46, 87.80, and 90.37%. Notably, the highest accuracy of 98.61% was achieved from the ΔHbO slope map during 20–60 s interval of N-back tasks. Our results indicate that the fNIRS imaging approach based on temporal feature maps is a promising diagnostic method for early detection of MCI and can be used as a tool for clinical doctors to identify MCI from their patients.

Keywords: functional near-infrared spectroscopy (fNIRS), mild cognitive impairment (MCI), convolutional neural network (CNN), temporal feature, brain map, N-back, Stroop, verbal fluency task


INTRODUCTION

Alzheimer's disease (AD) is authoritatively listed as the sixth leading cause of death in the United States (US), and it is also the fifth primary cause of death for those aged 65 years and above (Taylor et al., 2017). Seven hundred thousand people aged 65 years and above in the US were estimated death based on AD in 2019 (Hebert et al., 2013). As recently reported by Alzheimer Association, it estimated 18.5 billion hours of assistance (valued at $233.9 billion) was provided by the caregivers of people with AD or other dementias (Alzheimer Association, 2019). It is thought that AD starts at least 20 years before the symptoms occur with small unnoticeable changes in the brain. Symptoms arise because of the damaged nerve cells (neurons) related to thinking, learning, and memory (Gordon et al., 2018). Symptoms tend to grow over time and gradually start to interfere with the ability of an individual to perform everyday activities until death. AD is considered a progressive, irreversible neurological brain disorder. Currently, no pharmacological treatment exists that can decelerate or prevent the symptoms of AD (Alzheimer Association, 2019). Many researchers suppose that the early stage in the AD process, at either the mild cognitive impairment (MCI) or preclinical stage, will be the most effective period for future treatments to slow down or prevent the progression of AD (Yiannopoulou and Papageorgiou, 2013). Thus, it is essential to assess biomarkers (i.e., the indication of the medical state observed from outside of patients; Strimbu and Tavel, 2010) for identifying individuals who are in these early stages of the disease and can receive appropriate treatment.

There are three categories of diagnostic biomarkers for AD, which are named β-amyloid-Aβ deposits (A), hyperphosphorylated tau aggregates (T), and neurodegeneration or neuronal injury (N) (Jack et al., 2018). The ATN synopsis is widely assessed through cerebrospinal fluid (CSF) or medical imaging. Thus far, no evidence that supports the preeminence of any biomarker over another (CSF vs. imaging) for the diagnostic assessment of AD exists. The selection of biomarkers typically relies on the cost, availability, and convenience of tests (Khoury and Ghossoub, 2019). However, because medical imaging can identify the different stages of the AD temporally and anatomically, some researchers claim that the superiority of medical imaging over the biofluid biomarkers mentioned above (Márquez and Yassa, 2019).

Functional near-infrared spectroscopy (fNIRS) is a non-invasive neuroimaging technique, which is used to measure activation-induced changes in the cerebral hemoglobin concentrations of oxyhemoglobin (ΔHbO) and deoxyhemoglobin (ΔHbR) (Perrey, 2014; Shin and Im, 2018; Hong et al., 2020). The blood flow and oxygen metabolism are induced by the neural activity in the neighboring capillary network (Hong et al., 2014; Zafar and Hong, 2018; Ghafoor et al., 2019). In comparison with the existing neuroimaging techniques involving direct neural activation measurement methods such as magnetoencephalography (MEG) and electroencephalography (EEG) (Kumar et al., 2019), fNIRS offers the advantage of higher spatial resolution and lower susceptibility to the movement artifact (Naseer and Hong, 2015; Wilcox and Biondi, 2015; Hong et al., 2018; Pfeifer et al., 2018). In contrast, other well-established neuroimaging techniques are typically associated with the metabolism of biochemical components during neural activity and exist a limitation in terms of temporal resolution. These techniques include positron emission tomography (PET), single-positron emission computed tomography (SPECT), and functional magnetic resonance imaging (fMRI) (Strangman et al., 2002). In particular, because of the property requirement of the radioactive isotopes, PET and SPECT do not allow continuous or repeated measurements, a factor that also limits their application in the cases of children and pregnant women (Irani et al., 2007). Although fMRI is non-radiative and involves no risk, it is physically constraining, is sensitive to movement artifacts, exposes participants to an excessively noisy environment, and is expensive (Ferrari and Quaresima, 2012). These features render fMRI inappropriate for certain research and many clinical applications (Santosa et al., 2014). In contrast, fNIRS is a novel neuroimaging modality with the following advantages: it is non-invasive, safe, less costly, portable, and tolerant of motion artifacts (Perrey, 2008); it also has great temporal resolution and moderate spatial resolution (Ghafoor et al., 2017; Zafar and Hong, 2020). In addition, fNIRS is in progress to improve the spatial and temporal resolutions with the development of bundled-optodes configurations (Nguyen and Hong, 2016; Nguyen et al., 2016), detection of the initial dip (Zafar and Hong, 2017; Hong and Zafar, 2018), and combination of adaptive method (Iqbal et al., 2018; Hong and Pham, 2019; Pamosoaji et al., 2019) to improve information transfer rate.

In the past decades, the fNIRS study of psychiatric or neural-disorder patients highly depended on mass-univariate analytical techniques such as statistical parametric mapping (Vieira et al., 2017). Traditionally, the research studies compared the hemodynamic response of a patient with that of healthy control (HC) and determined neuroanatomical or neurofunctional differences at the group level. Most AD/MCI detection studies typically employed the ΔHbO/ΔHbR (Jahani et al., 2017; Perpetuini et al., 2017; Vermeij et al., 2017; Katzorke et al., 2018; Yoon et al., 2019) and relative temporal features such as the mean value, slope value, number of active channels, peak location, skewness, and kurtosis (Yap et al., 2017; Li et al., 2018a), and they determined the significant differences for comparison. The straightforwardness and interpretability of this methodology has led to considerable advances in our comprehension of the neurological disorders. With the development of technology, the following limitations of mass-univariate analytical techniques have been revealed. (1) Statistical information is extracted according to each region of interest (ROI) channel based on the assumption that various brain regions perform independently. In practice, this assumption is inconsistent with brain function (Biswal et al., 2010). The network-level comparison explains the neurological symptoms better than the focal-level comparison (Mulders et al., 2015). (2) Statistical analysis cannot easily yield individual diagnosis results (Vieira et al., 2017). Mass-univariate techniques are suitable only for detecting differences between groups. According to the evaluation conducted in our initial study, the results of statistical analysis are not consistent with the classification results (Yang et al., 2019). Thus, an effective classification method based on fNIRS neuroimaging is crucial for the detection of MCI in the clinical stage.

Deep learning (DL) has allowed significant progress in the identification and classification of image patterns and is considered a promising machine-learning methodology (Ravi et al., 2017). Convolutional neural networks (CNNs), the most broadly used DL architecture, have delivered excellent performances in computer-aided prediction for neurological disorders (Mamoshina et al., 2016; Tanveer et al., 2019). The great success of CNNs in neural-image classification and analysis, which evidences their strong image-classification ability (Cecotti and Gräser, 2011; Ieracitano et al., 2018; Lin et al., 2018; Waytowich et al., 2018; Oh et al., 2019), motivated us to develop a CNN-based classification method for early-stage AD detection. So far, there are not any discussions in the literature, which used the DL method as an assistive tool for the diagnosis of early-stage AD by fNIRS signals, except for our group.

In our initial investigation (Yang et al., 2019), we compared the hemodynamic responses and statistical information between the groups of MCI and HC: We evaluated the digital biomarkers (i.e., mean, slope, peak, kurtosis, and skewness) and image biomarkers (i.e., t-map and connectivity map) for MCI identification. The MCI group showed decreased ΔHbO responses in comparison with the HC group, which is consistent with the literature (Vermeij et al., 2017; Katzorke et al., 2018). As digital biomarkers, 15 features (i.e., mean value of ΔHbO for 5–65 s, mean value of ΔHbR for 5–65 s, mean value of ΔHbO for 5–25 s, mean value of ΔHbR for 5–25 s, mean value of ΔHbO for 0–peak time, slope of ΔHbO for 5–15 s, slope of ΔHbR for 5–15 s, slope of ΔHbO for 20–60 s, slope of ΔHbR for 20–60 s, slope of ΔHbO for 60–70 s, slope of ΔHbR for 60–70 s, slope of ΔHbO for 0–peak time, peak time itself, skewness of ΔHbO for 5–65 s, and kurtosis of ΔHbO for 5–65 s) were introduced for the statistical analysis and three brain regions (i.e., left, middle, and right prefrontal brain regions) were examined. Some of the features (e.g., mean value of ΔHbO for 5–65 s in the right prefrontal brain region with N-back task) indicated a significant difference (p < 0.05) between the MCI and HC groups. For classification, linear discriminant analysis (LDA) was used. The highest accuracy out of three mental tasks (i.e., N-back task, Stroop task, and VFT) was 76.67% from N-back and Stroop tasks, which were based on manually selected ROI channels. Also, we evaluated the t-map and connectivity map as image biomarkers. The CNN result based on t-maps of the N-back task achieved the best performance of 90.62%. Based upon these findings, the conclusion was that image biomarkers like t-map or connectivity map provide a better classification accuracy than digital biomarkers. Motivated on this, we will investigate whether the combined digital biomarkers on a given space (i.e., mean-value image in a specified time interval, or slope-value image in a specific time interval, etc.) can provide an improved classification accuracy than the t-map result obtained in the previous work.

In this study, we investigated 63 types of neural images based on temporal (3 types), spatial (39 types), and temporal-spatial (21 types) features of fNIRS signals, which were acquired based on three mental tasks—the N-back, Stroop, and verbal fluency tasks (VFT)—for the early detection of AD via a CNN. The temporal features refer to the raw ΔHbO in time series, neuroimaging in the spatial domain refers to the brain map generated at specific time points, and the temporal-spatial features represent temporal features (mean value, slope value, skewness, and kurtosis) in the spatial domain. To the best of the author's knowledge, this is the first fNIRS neuroimaging study integrating digital biomarkers in a spatial domain, in which the diagnosis performance for early AD detection via a DL approach has been explored.



METHODS

Figure 1 presents a diagram of the proposed system. fNIRS data were acquired while the subjects were performing the three aforementioned mental tasks. After the signal preprocessing, the ROI channels were selected for the subsequent steps. In the feature-extraction step, the raw concentration changes in HbO, neuroimaging at a specific time point (i.e., 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, and 65 s) in the spatial domain and neuroimaging of temporal features (mean value of ΔHbO for 5–65 s, mean value of ΔHbO for 5–25 s, slope of ΔHbO for 5–15 s, slope of ΔHbO for 20–60 s, slope of ΔHbO for 60–70 s, skewness of ΔHbO for 5–65 s, and kurtosis of ΔHbO for 5–65 s) in the spatial domain were generated for training the CNN model separately. Finally, 5-fold cross-validation was employed to assess the performance of the CNN model trained by the features mentioned above.


[image: Figure 1]
FIGURE 1. Systematic diagram of the proposed system.



Participants

In this study, 15 MCI patients (1 male and 14 females) and 9 HCs (2 males and 7 females) were recruited from the Pusan National University Hospital (Busan, South Korea). All 24 subjects are right-handed, able to communicate in Korean, similar ages, and educational backgrounds. The mental health state of each participant was assessed using three criteria: the Korean-mini-mental state examination (K-MMSE) (Han et al., 2008), the Seoul Neuropsychological Screening Battery (Ahn et al., 2010), and magnetic resonance imaging (MRI) data. Table 1 shows the summarized demographic information for 24 participants, comprising age (mean ± SD), gender, educational background (mean ± SD), statistical information, and K-MMSE scores (mean ± SD). The experiment was performed consistently with the approval of the Pusan National University Institutional Review Board (General Assembly of the World Medical Association, 2013). All the subjects were provided with a comprehensive explanation of the whole experimental contents before the start of the experiment. After the introduction, they were asked to write consent agreeing of the test.


Table 1. Demographic information of participants.
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Experimental Paradigm

As shown in Figure 2, the experiment comprised three mental task sections, where each section consisted of three trials. In this study, the N-back task was used to assess working memory (Kane et al., 2007). The ability to inhibit cognition was evaluated by the Stroop task. This suppression occurs when the other attribute of the same stimulus simultaneously effects during the processing of a stimulus (McVay and Kane, 2009; Scarpina and Tagini, 2017). The performance of semantic verbal fluency task indicated the ability of the vocabulary size, lexical access speed, updating, and inhibition for each subject (Shao et al., 2014).


[image: Figure 2]
FIGURE 2. Experiment paradigm for various mental tasks (i.e., N-back task, Stroop task, and verbal fluency task) during the examination.


Participants were asked to sit on a comfortable chair and were directed to avoid movement. Each task trial took 60 s, and a 30 s rest was given between tasks. First, the subjects enjoyed a 10 m resting state before a task-based experiment section began. Then, they performed the 2-back version of the N-back task wherein a digital number between one and nine was randomly showed on the screen. When the current number matched the second to last number previously displayed on display, the participants were instructed to press the keyboard. The subjects were then asked to execute the Stroop task. The Korean-color word Stroop test (K-CWST) was utilized in this study. The participants were requested to read the color of letters within a limited time. Those letters were written by four different colors, i.e., red, blue, yellow, and black, respectively. Finally, the subjects executed the semantic VFT by generating as many words as possible within 1 min; the words should relate to the given semantic category. The amount of information of participants, which can be retrieved based on the categorization and memorial source of text during the limited time, were measured during this task.



fNIRS Data Acquisition

The data utilized in this study were acquired by NIRSIT (OBELAB Inc., Rep. of Korea), which is a near-infrared multi-channel continuous wave system using a sampling rate of 8.138 Hz. The wavelengths employed for detecting two chromophores (i.e., oxygenated hemoglobin and deoxygenated hemoglobin) were 780 and 850 nm, respectively. A total of 24 emitters and 32 detectors, the placements of which are illustrated in Figure 3A, were used to measure the neural activation of the prefrontal cortex comprehensively. In total, 48 channels were selected for covering the entire prefrontal cortex. The channel configuration, illustrated in Figure 3B, was set up in accordance with the international 10–20 EEG system with the reference point FpZ. The pairs of emitter and detector (one channel) were placed 30 mm apart.


[image: Figure 3]
FIGURE 3. (A) The placement of Emitter and detector, (B) channel configuration with FpZ as a reference point based on the 10–20 international system.




fNIRS Data Pre-processing

The modified Beer-Lambert law was utilized to convert the optical densities to ΔHbO and ΔHbR (Sassaroli and Fantini, 2004). The converted signals passed 4th-order Butterworth low- and high-pass filters (i.e., cutoff frequencies: 0.001 and 0.1 Hz, respectively) to remove physiological noise, i.e., cardiac noise−1 Hz, respiration−0.25 Hz, and Mayer signal−0.1 Hz (Naseer et al., 2016; Khan and Hong, 2017; Liu et al., 2018; Nguyen et al., 2018). In accordance with our previously published evaluation results (Yang et al., 2019) and the relevant literature (Hoshi, 2007), it was observed that ΔHbO is more sensitive and dependable than ΔHbR. Besides, ΔHbO shows a stronger correlation with the fMRI BOLD response than ΔHbR (Cui et al., 2011; Li et al., 2018a). Therefore, ΔHbO signals were used because their signal-to-noise ratio was higher than that of ΔHbR signals.

As the limitation of the spatial resolution (as compared to fMRI), the ROIs—the areas that are active during the mental task—must be estimated. ROI analyses have been widely as a means of testing prior hypotheses above brain function in fMRI and PET areas; they enhance the statistical power as compared to entire brain area analyses and facilitate comparisons through multiple participants (Mitsis et al., 2008). In this study, the ROI was defined by the weighting factor (t-value) between the desired hemodynamic response function (dHRF) and the fNIRS measurement. The measurement (y) can be represented by the linear relationship of the dHRF with the coefficients and the error (ε), as shown in Equation (1). The dHRF was generated by convoluting the canonical hemodynamic response function (using two gamma functions) with the stimulation duration (i.e., the 60 s task and 30 s rest period). The t-value (t) was calculated using the robustfit function of MATLABTM. The null hypothesis is β1 = 0, and SE represents standard error. ROI channels (i.e., activated channel) were selected when the calculated t-value was higher than the critical t-value (tcrt = 1.9632). The critical t-value was computed by the degree of freedom of the signals and statistical significance (p < 0.05 for two-sided tests).
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Feature Extraction

In this study, the extracted features were divided into three categories: temporal, spatial, and temporal-spatial features. Temporal features referred to the raw ΔHbO in the time series and were considered to contain the concentration change in ΔHbO with time. The spatial feature describes neuroimaging at the specific time points. In this study, we selected 13 time points (i.e., 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, and 65 s) to create the neural image for comparison purposes. The spatial feature indicates the neural activation at a specific time point in the spatial domain (prefrontal brain cortex). Figure 4A illustrates an example of neuroimaging at the 15 s time point. In this study, the selected time windows between 5 and 65 s were considered the effect of initial time delay (3–5 s) during the hemodynamic response.


[image: Figure 4]
FIGURE 4. Overview of (A) spatial features and (B) temporal-spatial features using the hemodynamic response of ΔHbO.


The temporal-spatial feature expresses the temporal information (mean value of ΔHbO for 5–65 s, mean value of ΔHbO for 5–25 s, slope of ΔHbO for 5–15 s, slope of ΔHbO for 20–60 s, slope of ΔHbO for 60–70 s, skewness of ΔHbO for 5–65 s, and kurtosis of ΔHbO for 5–65 s) in the spatial domain as shown in Figure 5. In other words, they display the values of specific time points according to the channel placement in the prefrontal cortex. Figure 4B illustrates the neuroimaging of the slope map for the period between 5 and 15 s. The mean value distinguishes the difference in the neural activation of the MCI and HC. Since the initial peak time of the hemodynamic response typically occurs during the time windows of the first 20 s, the time interval of 5–25 s was chosen. The slope features, i.e., the slope maps of 5–15 s, 20–60 s, and 60–70 s, were selected based on the characteristic from three intervals of the hemodynamic response: the initial increasing, plateau, and final period of ΔHbO, i.e., 5–15 s, 20–60 s, and 60–70 s, respectively. The slope indicates the difference in speed of activation between two groups, MCI and HC. Lastly, the difference in the asymmetry and the point of the probability distribution were measured by skewness (i.e., from 5 to 65 s) and kurtosis (i.e., from 5 to 65 s). These measurements are intended to investigate the overall difference of hemodynamic responses between MCI patients and HCs. All temporal information (mean, slope, skewness, and kurtosis) was determined by utilizing functions of mean, polyfit, skewness, and kurtosis, respectively, based on the MATLABTM.


[image: Figure 5]
FIGURE 5. Time interval distribution of the temporal features (i.e., mean, slope, skewness, and kurtosis) for temporal-spatial neural images generation.




Convolutional Neural Network

CNN is a special type of feedforward neural network. It takes advantage of local spatial coherence in the input, which allows the model to include fewer weights because of the parameter-sharing strategy (Cecotti and Gräser, 2011; Kim and Choi, 2019; Oh et al., 2019). In addition, CNN can learn features automatically from the input images by adjusting the parameters to minimize classification errors (Trakoolwilaiwan et al., 2017; Liu and Stathaki, 2018; Moon et al., 2018). Typically, CNN comprises convolutional, activation, pooling, and fully connected layers (Yi et al., 2018; Kim et al., 2019). Convolutional layers are the crucial component of CNN. Suppose the input is X with the 2-dimensional image (h × w), and the weight matrices (called kernels) have the size (k1 × k2), the local input region Xi can be converted to feature map (Yj) as shown in Equation (3), and size is y1 × y2.

[image: image]

where (●) denotes the convolution operator, and βj is the bias term. One feature map (Yj) would be generated based on the sharing parameters of the j-th kernel with stride s. Thus, the size of the feature map can be calculated by using:
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where p refers to the parameter of zero padding. This parameter is applied to keep the size of the output and input the same by padding the input edges with zeros. The activation layers are utilized after the convolutional layer. Typically, a non-linear transfer function called rectified linear units (ReLu) is widely used to achieve a better performance in regard to generalization and learning time (Yarotsky, 2017; Ieracitano et al., 2018). The function is shown in Equation (6). Thus, the feature map transfers the negative activation to be zero.

[image: image]

There are two options in the pooling layer—average pooling and maximum pooling—that are used to reduce the resolution of the input feature map. As discussed in the literature (Sun et al., 2017), the effectiveness of maximum pooling is significantly superior to average pooling because of the ability to capture invariant features and better generalization performance. For this reason, we also employed maximum pooling in this study. The output (z1 × z2) of the pooling layer is as follows:
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where sp is the stride of maximum pooling, and p1 = p2 represents the pooling size. Drop-out is applied for improving the CNN performance and avoiding overfitting. In this layer, the input and output are the same size. It is randomly initialized to turn the on or off of the corresponding neuron of the CNN at the beginning of the training iteration. As in the standard DL method, each neuron of a fully connected layer is connected with the previous layer. Since this is the issue of two group classification, there are two neurons for the last fully connected layer.

The architecture of the proposed CNN model contains four layers that two convolutional layers and two fully connected layers—as shown in Figure 6. In order for the input size to be consistent, the input neural image size is set to 200 × 200. The number of kernels is eight; the kernel size is 4 × 4; the size of the pooling area is 2 × 2; the value of the stride is 1. There were 128 neurons in the first fully connected layer with the activation function of ReLu. The loss function employed is categorical cross-entropy. Adam optimization was used to select the adaptive learning rate and the parameters during gradient descent.


[image: Figure 6]
FIGURE 6. Convolutional neural network architecture used during the study for mild cognitive impairment and healthy control classification.


In this study, the CNN model may have suffered from an overfitting problem because of the limitation of the sample data. We employed 5-fold cross-validation to decrease the influence of this problem on the experiment results. The data were randomly divided into 5-folds. One subsample fold was selected to test the performance of the trained model, and the remaining 4-folds were set to train the CNN model. This process was reiterated five times to ensure that each subsample was utilized as a validation set once.




RESULTS


Hemodynamic Response and Behavioral Result

As shown in Table 1, the statistical analysis of the behavioral measurement (i.e., the averaged K-MMSE score) was performed by two independent sample t-test with a significant level of 0.05. The result (p = 0.49) presents a negative correlation between the behavioral state and the real subject mental state. In this study, we analyzed 3,456 fNIRS channels (i.e., 24 subjects × 3 trials × 48 channels) for each task. As shown in Table 2, the total number of selected ROI channels (activated channels) was 1,826 (N-back task), 1,609 (Stroop task), and 1,867 (VFT). The percentage of activation/deactivation was calculated by dividing the number of the ROI channels by the total number of channels. Therefore, the percentages of activated patterns are 52.83% (N-back task), 46.56% (Stroop task), and 54.02% (VFT), respectively.


Table 2. Number of ROI channels of each subject for three mental tasks (i.e., N-back task, Stroop task, and verbal fluency task).

[image: Table 2]

Figure 7 summarizes the averages and standard deviations (STDs) of the hemodynamic response from the ROI channels of the patients with MCI and the HCs during various mental tasks—N-back task, Stroop task, and VFT. The solid lines refer to the mean of the ΔHbO, and shaded areas represent the STD of ΔHbO among the subjects. To compare the unique patterns (i.e., an increase or a decrease) of the hemodynamic response of the HCs and the MCI individuals in the N-back task (MCI: solid magenta line and HC: solid green line), Stroop task (MCI: solid red line and HC: solid blue line), and VFT task (MCI: solid cyan line and HC: solid yellow line), respectively, we applied two independently sampled t-tests. The results indicate that the average hemodynamic response of MCI patients is significantly lower than that of HCs in the N-back task (p < 0.001) and VFT task (p < 0.001). In the Stroop task, the average hemodynamic change in MCI individuals appears to be similar to that of HCs (p = 0.06825).


[image: Figure 7]
FIGURE 7. Temporal feature of the ΔHbO for three mental tasks (i.e., N-back task, Stroop task, and verbal fluency task) for mild cognitive impairment and healthy control groups, respectively.




Neural Images in Spatial and Temporal-Spatial Domain

The results of the neuroimaging that was conducted based on the concentration change in oxygen-hemoglobin of the specific time point (i.e., 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, and 65 s), are presented in Figure 8. The neural activation slightly changed over time in the entire prefrontal cortex. It is also easily observed that the MCI group displays a lower neural activation than the HCs in the three mental tasks. Figure 9 illustrates the neuroimaging created by the temporal features (i.e., mean values from 5 to 65 s and from 5 to 25 s, slopes from 5 to 15 s, from 20 to 60 s, and from 60 to 70 s, skewness from 5 to 65 s, and kurtosis from 5 to 65 s) in the spatial domain. As compared to Figure 8, the patterns of the neural images of temporal features in the spatial domain area differ; for example, the neural images in Figure 8 are highly correlated, and the neural images generated by each temporal feature in Figure 9 have their individual characteristics. Interestingly, the neural images generated by the mean values also display the same patterns as characteristics generated by the specific time points. Among the three mental tasks, the VFT task shows the highest neural activation pattern in the HC group. The lowest neural activation is shown by the Stroop task in the MCI group. In addition, the neural images at 5 s among the six groups show lower neural firing than the neural images at 10 s and at other time points. In contrast, neural images at 60 s and previous time points show higher neural firing than those at 65 s.


[image: Figure 8]
FIGURE 8. Neuroimaging of specific time points (i.e., 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, and 65 s) in spatial domain among three mental tasks (i.e., N-back task, Stroop task, and verbal fluency task).



[image: Figure 9]
FIGURE 9. Neuroimaging of temporal features (i.e., mean value from 5 to 65 s, mean value from 5 to 25 s, slope value from 5 to 15 s, slope value from 20 to 60 s, slope value from 60 to 70 s, skewness value from 5 to 65 s, and kurtosis from 5 to 65 s) in spatial domain.




CNN Results for Classification of Neural Images

The input dataset of the temporal feature contained 24 (subjects) × 3 (trials) × ROI channels. In the neural images in the spatial and temporal-spatial domain cases, each category had a dataset of size 24 (subjects) × 3 (trials). To verify the CNN's capability to classify MCI individuals and HCs, we utilized the standard metrics (accuracy, recall, precision, and F1-score) (Powers, 2011; Lin et al., 2018) to assess the results. Their definitions are
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where TP, TN, FP, and FN represent the true positive, true negative, false positive, and false negative, respectively. In this study, TP indicated the number of MCI patients correctly classified; TN is the number of HCs identified correctly; FP refers to the number misclassified as MCI patients, and FN is the number misclassified as HCs.

The CNN results for the dataset extracted by the temporal domain are listed in Table 3. The average accuracy among the three mental tasks is 80.15% with an STD of 3.95%, and the results of recall, precision, and F1-score are 73.26% (4.10%), 64.23% (6.63%), and 67.48% (5.40%), respectively. Stroop achieved a higher accuracy rate than both the N-back task and VTF: 84.70%.


Table 3. Convolutional neural network results of the temporal features among three mental tasks (i.e., N-back task, Stroop task, and verbal fluency task).
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Tables 4–6 depicts the CNN's performance for neural images at various time points in the spatial domain of the N-back task, Stroop task, and VFT, respectively. CNN's classification performance is divided into four different categories, as mentioned previously: accuracy (%), recall (%), precision (%), and F1-score (%). Furthermore, for each category, the results for specific time points are shown in the first column. Table 4 represents CNN classification results of the N-back task. For the N-back task, the accuracy rate ranges from 65.28 to 93.06%, recall from 55.66 to 60%, precision from 41.11 to 86.43%, and F1-score from 46.34 to 87.83%. The classification result at the 15 s time point shows the best performance. The average accuracy rate is 82.59%. In the Stroop task case (shown in Table 5), the best performance appeared at the 60 s time point. Interestingly, this is consistent with the results for the hemodynamic response in Figure 7, i.e., there is a peak at the 60 s time point in the case of the Stroop task. The lower accuracies occur at 5 s (76.86%), 20 s (75.43%), 35 s (78.57%), and 65 s (77.71%). The average accuracy is 85.03%. In contrast, at the 60 s time point, the worst results (65.28%) were obtained in the Stroop task. The higher accuracies appear at the time points of 5 s (91.43%), 15 s (92.00%), and 50 s (92.00%) during the VFT task (shown in Table 6). These results are in accordance with the hemodynamic response in Figure 7 (solid yellow line and cyan solid line). The average accuracy is 82.20%. Among the results of the three mental tasks, the four verifying factors are always congruent. This means that when the accuracy rate is higher, the values of the corresponding recall, precision, and F1-score are also higher. For instance, when the highest accuracy is 98.57%, the highest recall (98.89%), precision (98.33%), and F1-score (98.50%) also appear for the same features.


Table 4. Convolutional neural network classification results of neuroimaging with spatial features for the N-back task.
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Table 5. Convolutional neural network classification results of neuroimaging with spatial features for the Stroop task.
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Table 6. Convolutional neural network classification results of neuroimaging with spatial features for the VFT task.
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The CNN classification results of neuroimaging of temporal features in the spatial domain are shown in Tables 7–9. The first column of “mean map (5:65 s),” “mean map (5:25 s),” “slope map (5:15 s),” “slope map (20:60 s),” “slope map (60:70 s),” “kurtosis map (5:65 s),” and “skewness map (5:65 s)” represents the neural map generated based on a mean value of 5–65 s, mean value of 5–25 s, slope value of 5–15 s, slope value of 20–60 s, slope value of 60–70 s, kurtosis of 5–65 s, and skewness of 5–65 s, respectively. In comparison, in the results of neural imaging of spatial features, the average accuracies are higher for all three mental tasks (i.e., N-back task: 89.46%, Stroop task: 88.00%, and VFT: 90.37%) as shown in Tables 7–9, respectively. In the N-back task, the highest accuracy (98.61%) occurred in the slope map from 20 to 60 s, and the lowest accuracy appeared in the mean map (5–25 s). The highest accuracy is 98.57% in the slope map (5–15 s) during the Stroop task, and the lowest accuracy is 77.71% in the slope map (20–60 s). For the VFT task, the accuracy range is from 84.86% (mean map during 5–65 s and skewness map) to 98.57% (mean map 5–25 s).


Table 7. Convolutional neural network classification results of neuroimaging with temporal-spatial features for the N-back task.
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Table 8. Convolutional neural network classification results of neuroimaging with temporal-spatial features for the Stroop task.
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Table 9. Convolutional neural network classification results of neuroimaging with temporal-spatial features for the VFT task.
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DISCUSSION

The objective of the study was to investigate the neuroimaging biomarkers and select the possible candidate biomarkers for the early detection of AD. To attain this goal, we examined neural images that were generated based on 3 temporal features, 13 spatial features, and 7 temporal-spatial features for training the CNN model, respectively. Finally, we suggest the use of two temporal-spatial features (mean map, slope map) for identification of MCI patients due to the high classification accuracy (90.37%, the averaged accuracy of VFT, Table 9). Especially, the slope map from 20 to 60 s with the N-back task achieved the highest accuracy of 98.61%, see Table 7, Slope map (20:60 s). It is the first study to assess neural images obtained by fNIRS signals for early AD detection. Furthermore, the results obtained for MCI detection constitute the highest diagnosis performance in fNIRS areas. Interpretable, non-invasive, reliable, low cost, and portable biomarkers are always the necessary tools for the identification of patients with MCI symptoms. The computer-aided neural imaging method could provide a novel direction for the clinical diagnosis of MCI.

fNIRS, a novel non-invasive neuroimaging modality, has proven its worth during the last decade, especially in the healthcare industries (Khan et al., 2018; Hong and Yaqub, 2019). The first article on the use of fNIRS for MCI detection appeared in 2006. This paper proposed that MCI patients show a decreased ΔHbO in the right parietal cortex during the VFT (Arai et al., 2006), and it was the first study to suggest fNIRS as a potential tool for screening AD/MCI. After 7 years, more related papers were published. One of the articles proved that the difference in ΔHbO of MCI individuals and HCs could also be measured in the prefrontal cortex (Doi et al., 2013). In addition, the ΔHbO during the resting state (Viola et al., 2013) and N-back task (Niu et al., 2013) also presents signs of neurodegeneration in the MCI group. In 2014, abnormal metabolisms of MCI were observed by some clinical research groups (Babiloni et al., 2014; Liu et al., 2014), such as the hypercapnia effect, global brain hypoperfusion, oxygen hypometabolism, and neurovascular decoupling. Later, the verification of neurodegeneration was also extended to the other cerebral brain regions, i.e., prefrontal cortex (Uemura et al., 2016; Yeung et al., 2016b; Vermeij et al., 2017) inferior frontotemporal cortex (Katzorke et al., 2018), and lateral prefrontal cortex (Marmarelis et al., 2017). Meanwhile, some researchers (Yeung et al., 2016a; Yap et al., 2017; Li et al., 2018a,b,c; Zeller et al., 2019) started to explore reliable biomarkers, i.e., complexity, number of activated channels, mean value of ΔHbO, time to reach peak value, and slope, and lateralization hyperactivation patterns. Interestingly, neurodegeneration symptoms similar to those mentioned above could be repeated. By virtue of these studies, novel directions for understanding the neurological information of MCI symptoms better were provided. Moreover, the relative results also proved that fNIRS is a promising tool for detecting the difference between MCI individuals and HCs. In this study, the hemodynamic responses (shown in Figure 7) of ΔHbO during three tasks, the N-back task, the Stroop task, and VFT, were consistent with the result of the researches (Yap et al., 2017; Li et al., 2018b) related to AD/MCI detection. Interestingly, the percentages of the activated channels (i.e., N-back: 52.83%, Stroop: 46.56%, and VFT: 54.02%) were similar to Mandrick et al. (2013), in which the percentage of activation in the prefrontal cortex during the mental and motor tasks was 51%. However, the provision of a diagnostic decision based on the group difference presents a challenge, because a high STD exists between the two groups.

As mentioned above, researchers prefer to observe the hemodynamic response in time series. Typically, the fluctuation of concentration changes in oxygenated hemoglobin provides evidence for differences in metabolism between the two groups. However, this technique suffers from at least two limitations. (1) Poor robustness: Because of the disturbance of the noise and some intrinsic physiological causes, there is a high possibility that some channels will not be activated or fully activated by noise (Birn, 2012; Wald and Polimeni, 2017). To a large extent, the affected channel would influence the fluctuation of ΔHbO/ΔHbR. (2) Loss of information from the brain network: According to the recent literature (Fornito and Harrison, 2012), the neural disorder is associated with subtle abnormalities distributed throughout the brain. Studies have implied that the neurodegeneration arises from disordered interaction in the connected neural system rather than in the focal channel (Breakspear and Jirsa, 2007). Thus, neglecting the spatial (network level) domain would lead to a significant loss in terms of understanding better the symptom of neural disorders. This comparison was also evaluated in our previous publication (Yang et al., 2019). As our initial investigated indicated, the digital biomarkers, which were obtained based on ROI channels, showed lower accuracy than the image biomarkers (network level). Similarly, the difference of the hemodynamic response for the MCI and HC groups is easy to observe in the spatial domain, which is demonstrated in Figures 8, 9.

To meet the demand for clinical diagnoses, it is crucial to converting the neural images into a form that allows an interpretable clinical decision (Martinez-Murcia et al., 2018). With the development of machine/deep learning methods, researchers have started to utilize machine/deep learning for identifying AD/MCI, because the natural images and brain images have similarities (Vieira et al., 2017). In the recent literature (Ieracitano et al., 2018; Ju et al., 2019), it was claimed that deep learning methods (e.g., CNN) would present a superiority for diagnosis for AD/MCI by using EEG and fMRI signals. Also, in our initial fNIRS study (Yang et al., 2019), we compared the statistical analysis, LDA, and CNN for identifying MCI patients from HCs. The results are consistent with the EEG (Ieracitano et al., 2018) and fMRI studies (Ju et al., 2019) that deep learning methods have a better performance than LDA/statistical analysis. Therefore, in this study, we employed the CNN and evaluated the temporal, spatial, temporal-spatial biomarkers for MCI diagnosis.

One of the first studies (Gupta et al., 2013) in which a CNN was applied to structural MRI data achieved classification accuracy rates of 94.7% for AD vs. HC and 86.4% for MCI vs. HC. Thus far, with the development of DL, the classification accuracy has reached a high accuracy for MRI (98/99%) (Khagi et al., 2019), EEG (98.4%) (Amezquita-Sanchez et al., 2016), and fMRI (97%) (Hojjati et al., 2018). According to the results shown in Tables 4–9, the average classification accuracy (i.e., N-back task: 89.46%, Stroop task: 88.00%, and VFT: 90.37%) in the temporal and spatial domain could prove that fNIRS is also a promising diagnostical modality. In comparison to our previous study, which utilized the image biomarkers (t-map and connectivity map) for MCI identification with fNIRS signals (Yang et al., 2019). Our current classification accuracy (highest accuracy: 98.61%) is further improved, and more reliable image biomarkers (e.g., mean map and slope map) are provided for the clinical diagnosis.

Among the three mental tasks, there was no significant difference based on the CNN classification performance. In comparison with the results of the mental task, the feature selection seems considerably more informative. The performance yielded by the temporal-spatial feature is superior to that yielded by the temporal and spatial features. According to our results, the temporal feature (i.e., the slope map between 5 and 15 s) always showed a good performance. The possible reason is the lower hemodynamic response of people with MCI during the initial stage of the task, which in turn explains why the slope value of the HC group increases faster than that of the MCI group. To reach a more reliable and precise decision, we suggest utilizing a combination of features.

Although the present study has proposed and evaluated the imaging biomarkers for MCI detection with the fNIRS signals using the CNN method (i.e., the highest accuracy was 98.61%), some limitations need be mentioned. First, the fNIRS signals were measured only from the prefrontal cortex, since the benefit of no hair in the prefrontal region can minimize the scattering and attenuation effects. A different result with different biomarkers might also be observed from other brain regions (e.g., the parietal cortex). Derosière et al. (2014) have shown that the parietal cortex revealed a better classification accuracy than the prefrontal cortex for attention state classification. Therefore, a combination of both prefrontal and parietal cortices will provide an improved classification accuracy for MCI case too. Second, the exact location of the FpZ reference point in the International 10–20 System might not have been observed consistently, because the fNIRS device (NIRSIT, OBELAB Inc., Republic of Korea) had fixed emitter-detector distances, and the head shapes of individual subjects were not the same. In addition, data augmentation might be another way to avoid CNN overfitting issues. In this study, we used two drop out layers to overcome the overfitting problem, and the loss plot showed that the overfitting did not appear. The data augmentation method will be considered in our future work to deal with the overfitting issue. For the investigation of the spatial feature, we randomly selected 13 specific time points as features for conducting the comparison. Because of the limitation of the computation, it is difficult to list all the time points (i.e., 8.138 Hz × 90 s = 732 points) and conduct the process as mentioned above. This limitation could be compensated by using a real-time analysis system or dividing more time segments by a shorter time window (i.e., 5–15 s). Likewise, in the temporal-spatial features, the time point selection also presents a challenge. In general, a neural image based on the first 15 s always yields a good accuracy level. Driving more time points in the time windows between 5 and 15 s would like to be done in future work to reduce the processing time. In the real clinical application, the biggest challenge is data training: However, once the model gets appropriately trained, the system can be used as a reliable tool for diagnosing MCI patients.



CONCLUSION

In this study, we highlighted the feasibility of using fNIRS for the early detection of AD by using neural imaging based on the temporal, spatial, and temporal-spatial features. This systematically analyzed results indicate that neural imaging of the combined temporal and spatial features (i.e., the average accuracy of N-back: 89.46%, Stroop: 87.80%, and VFT: 90.37%) produces a more reliable performance than those when using temporal and spatial features separately. In particular, the slope map (20–60 s) during the N-back task achieved the highest accuracy of 98.61%. In the Stroop task and VFT case, the maximum accuracy is 98.57% by the slope map (5–15 s) and mean map (5–25 s). Besides that, all the mental tasks could achieve a good accuracy (>90%) within the time windows (5–15 s). This finding provides the possibility to use the short time windows for early detection of the AD. Conclusively, our results indicate that the CNN-aided temporal-spatial neuroimaging method could assist the clinical diagnosis of MCI. Additionally, the classification performance based on the spatial neural image also provides a possibility of reducing the diagnosis time in future studies.
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The aim of this study is to explore functional and structural properties of abnormal brain networks associated with Parkinson’s disease (PD). 18F-Fluorodeoxyglucose positron emission tomography (18F-FDG PET) and T1-weighted magnetic resonance imaging from 20 patients with moderate-stage PD and 20 age-matched healthy controls were acquired to identify disease-related patterns in functional and structural networks. Dual-modal images from another prospective subject of 15 PD patients were used as the validation group. Scaled Subprofile Modeling based on principal component analysis method was applied to determine disease-related patterns in both modalities, and brain connectome analysis based on graph theory was applied to verify these patterns. The results showed that the expressions of the metabolic and structural patterns in PD patients were significantly higher than healthy controls (PD1-HC, p = 0.0039, p = 0.0058; PD2-HC, p < 0.001, p = 0.044). The metabolic pattern was characterized by relative increased metabolic activity in pallidothalamic, pons, putamen, and cerebellum, associated with metabolic decreased in parietal–occipital areas. The structural pattern was characterized by relative decreased gray matter (GM) volume in pons, transverse temporal gyrus, left cuneus, right superior occipital gyrus, and right superior parietal lobule, associated with preservation in GM volume in pallidum and putamen. In addition, both patterns were verified in the connectome analysis. The findings suggest that significant overlaps between metabolic and structural patterns provide new evidence for elucidating the neuropathological mechanisms of PD.

Keywords: Parkinson’s disease, brain network, pattern, 18F-FDG PET, MRI


INTRODUCTION

Parkinson’s disease (PD) is a complex, chronic, and neurodegenerative disorder, pathologically characterized predominately by a loss of substantia nigra pars compacta dopaminergic neurons, manifesting in functional and structural alterations throughout the brain (Lee and Trojanowski, 2006; Choi et al., 2013; Rocha et al., 2018). Pathological studies have shown that the cortical and subcortical regions are widely involved in PD pathology (Braak et al., 2003). Current efficient diagnostic tools for PD neuroimaging—including magnetic resonance imaging (MRI), positron emission tomography (PET), and single-photon emission computed tomography (SPECT)—rely on different principles that could be useful depending on the research or clinical setting available (Politis, 2014). In particular, 18F-fluorodeoxyglucose positron emission tomography (18F-FDG PET) has been used to localize and quantify abnormal brain energy metabolism in vivo and recently been used in metabolic connectivity studies to identify different disease-specific patterns (Titov et al., 2017). It is increasingly used in routine clinical practice (Teune et al., 2013). For instance, spatial covariance analysis of 18F-FDG PET data consistently reveals the presence of a stereotyped spatial covariance pattern associated with different stages of motor symptoms in PD patients. The metabolic Parkinson’s disease-related pattern (PDRP) associated with motor symptoms is characterized by increased metabolism in the putamen, globus pallidus, bilateral thalamus, and pontine, and relatively decreased metabolism in the premotor and parieto-occipital cortex (Ma et al., 2007; Eidelberg, 2009; Spetsieris and Eidelberg, 2011; Spetsieris et al., 2013; Wu et al., 2013; Ko et al., 2017; Tomše et al., 2017). The reproducibility of metabolic PDRP in different cohorts, according to the extensive literature, indicated that the metabolic PDRP was a reliable marker of disease across various ethnic groups and PET instrumentations as well as imaging protocols (Schindlbeck and Eidelberg, 2018). Moreover, the PDRP expression values (subject scores) from various studies have also shown significant positive correlations with disease progression and have decreased after effective treatments of motor symptoms (Huang et al., 2007; Peng et al., 2014b).

While metabolic PDRP can effectively reveal the abnormal metabolic function in PD, these functional abnormalities may also have corresponding changes in neuroanatomical structures. MRI, as a noninvasive examination and cost-effective imaging technique, has become more and more important to the study of neurodegenerative diseases, which revealed the structural and functional alterations underlying these conditions. For example, T1-weighted structural MRI is able to measure the volume/thickness alterations of the gray and white matters in the subcortical and cortical areas associated with PD (Wilson et al., 2019). Currently, imaging studies have provided preliminary evidence for structural abnormalities in the brain of PD patients, especially brain atrophy. Given that prolonged metabolic derangement causes atrophy, the spatial pattern of atrophy demonstrated an overlap with the metabolic PDRP topography, as well as with intrinsic networks present in healthy brain (Zeighami et al., 2015). However, it is still under speculation whether both spatial patterns of metabolic function and atrophy are effective to address PD progression at the same time.

In response to this issue, we explored the topographical relationship between both spatial patterns of metabolic function and atrophy. In addition, we also explored corresponding disease intrinsic networks defined using brain connectome analysis based on graph theory. This analysis method is an innovative approach that has revealed fundamental aspects of brain structural or functional network organization, and it can reveal abnormalities in network characteristics associated with neurological diseases and the potential impact of the disease network on brain information processing (Fox, 2018). Currently, graph theory in conjunction with spatial covariance analysis was used to examine the topology of disease networks in metabolic PDRP (Ko et al., 2017). The results in that study showed that disease networks defined by the spatial covariance analysis in PD patients exhibit exaggerated small world property, suggesting that it is more beneficial to elucidate the pathological basis of PD from the perspective of PD-related metabolic functional alterations in disease intrinsic networks. Nevertheless, it remains to be determined whether such alterations also occur in PD-related structural networks.

The primary objective of this work was to characterize inherently metabolic PDRP and structural PDRP together in PD patients and explore their correlations. A secondary aim was to explore whether the disease brain networks derived from metabolic or structural PDRP from graph theory has abnormal topological characteristics. We also hypothesized that there are abnormal topological characteristics in the disease structure and metabolic networks in the PD.



MATERIALS AND METHODS

Figure 1 provides the general framework of our study. First, both 18F-FDG PET and T1-weighted structural MRI scans from PD1 and HC subjects in cohort A were analyzed using spatial covariance analysis to identify a significant region-of-interest (ROI)-based metabolic PDRP (PET-PDRP) topography and a structural PDRP (MRI-PDRP) topography. Both topographies and corresponding pattern expression values were compared with each other. Data from PD2 subjects in cohort B were used for a prospective evaluation of both metabolic and structural PDRPs in single cases. Second, based on the customized criteria, we identified some salient abnormal brain regions from the PET-PDRP or MRI-PDRP topographies as network nodes in the disease subspace, and the remaining regions constituted the nondisease subspace. Finally, to explore network properties in the disease and nondisease subspaces in PD patients, connectome analysis based on graph theory was performed from each group. We calculated the corresponding network metrics between the disease and nondisease subspace and compared differences in network metrics for the PD groups relative to the corresponding control values.
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FIGURE 1. The overall framework of the experimental process used in this study.




Subjects

This study included two different cohorts (cohort A and B) of healthy subjects and PD patients (Table 1). Cohort A included 20 nondemented patients with PD and 20 age-matched healthy controls recruited from Huashan Hospital (Shanghai, China) in one project conducted from January 2014 to September 2015. Cohort B included 15 nondemented patients with PD recruited from Huashan Hospital (Shanghai, China) in another project conducted from January 2013 to September 2013. All subjects in cohorts A and B underwent both 18F-FDG PET and T1-weighted structural MRI scans. All patients were scanned and clinically examined by two senior neurologists specializing in dyskinesia before their inclusion in the study. The PD diagnosis was according to the United Kingdom Brain Bank criteria (Hughes et al., 1992). Patients with PD have no dementia, supranuclear gaze abnormalities, or ataxia, and are not caused by encephalitis or antipsychotic medication. The Unified Parkinson’s Disease Rating Scale (UPDRS) motor examination was administered at least 12 h after the cessation of antiparkinsonian medications. Mini-mental State Examination (MMSE) was administered synchronously.

TABLE 1. Demographic characteristics of PD patients and healthy controls.
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All healthy controls received the same clinical scanning procedures as PD patients. Exclusion criteria for all subjects included: (a) primary psychiatric illness; (b) central nervous system comorbidities; and (c) abnormal neurological examination.

Ethical permission for the study was obtained from the Research Ethics Committee of Huashan Hospital, Shanghai, China (approval number: KY2013-336). Written informed consent was obtained from each subject after providing detailed instructions of the procedures.



Acquisition Protocol


18F-FDG PET

All subjects underwent 18F-FDG PET examination at resting state. PET scans were performed with a Siemens Biograph 64 HD PET/CT (Siemens, Germany) in three-dimensional (3D) mode. All subjects were fasted for at least 6 h before scanning. After intravenous injection of 185 MBq 18F-FDG, the PET scan was started after a 45-min rest in a quiet and dimly lit environment. Prior to the PET scan, a low-dose CT transmission scan was performed for attenuation correction. The PET scan was performed in 3D mode for 10 min. All PET data were reconstructed using a 3D ordered subset expectation maximization algorithm and corrected for random coupling, scattering, and radioactive decay.



T1-Weighted Structural MRI

All MRI measurements were obtained on a 3-T GE Discovery MR750 Scanner (Milwaukee, WI, USA) equipped with a circular polarized eight-channel head matrix coil at the Department of Radiology of Huashan Hospital of Fudan University, China. High-resolution, T1-weighted, 3D anatomical brain images were obtained using an inversion recovery prepared fast spoiled gradient recalled sequence (repetition time = 11.1 ms; echo time = 5.0 ms; flip angle = 20°; matrix resolution = 256 × 256; voxel size = 1 × 1 × 1 mm3; field of view = 240 mm2; slice thickness = 1.0 mm; 146 slices without slice gap, transverse acquisition), with the scan range from the calvarium to foramen magnum.


Data Preprocessing

Data preprocessing for both PET and MRI images was done using Statistical Parametric Mapping 12 (the Wellcome Department of Neurology, London, UK) package implemented in Matlab2016b (Mathworks Inc.). First, 18F-FDG PET scan for each subject was aligned with corresponding T1-weighted MRI scan. Second, MRI images were segmented into gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF) tissue probability maps. Then, the GM map was registered to the Montreal Neurological Institute (MNI) stereotaxic template using nonlinear transformation parameters. The aligned PET image was also normalized to the MNI template using the same transformation parameters. Finally, the normalized MRI and PET images were smoothed equivalent to a convolution with an isotropic Gaussian kernel of 8 mm to increase signal-to-noise ratios.



Pattern Analysis

Pattern analysis was performed using ScanVP 7.0w package implemented in Matlab2016b1 (Eidelberg, 2009; Spetsieris and Eidelberg, 2011). The PD-related covariance pattern was generated using ROI-based spatial covariance mapping algorithms known as Scaled Subprofile Modeling based on principal component analysis (SSM/PCA). In this step, the smoothed 18F-FDG PET data from the combined PD1 patients and healthy subjects in cohort A was used as inputs. First, we performed a logarithmic transformation on the mean glucose metabolism within each region for each subject, and the subject × ROI data matrix was obtained. Second, the PCA was executed on the matrix to identify a disease-related spatial covariance pattern reflected major sources of variation. This pattern was a linear combination of selected principal components (PCs), so that the expression values corresponding to the pattern could maximally separate the PD patients from the control subjects. The number of PCs was determined by the lowest Akaike information standard (AIC) value in the logistic regression model. Third, the regional weights of the pattern were z-scored based upon the mean and standard deviation of all regions (Spetsieris et al., 2013). Therefore, the subject expression of this pattern in a prospective subject can be computed using an ROI-based topographic profile rating (TPR) algorithms (Eidelberg, 2009; Spetsieris et al., 2013). Finally, the resulting expression was Z-transformed using the subject expressions of the control subjects participating in the pattern identification. In this study, we preselected 95 ROIs. In addition to 90 ROIs from the automated anatomical labeling (AAL) atlas (Tzourio-Mazoyer et al., 2002), we also included five other regions where functional imaging studies in PD commonly report altered metabolism, including bilateral cerebellum, bilateral pons, and cerebellar vermis. The MRI images were analyzed by the same process as above.

As a result, a significant ROI-based metabolic PDRP (and structural) topography was identified from 18F-FDG PET (and T1-weighted GM MRI) scans of combined PD1 and HC subjects in cohort A. Subject expressions of corresponding PDRP were then computed for all scans in the combined PD1 and HC subjects and Z-scored using subject expressions of the HC. We validated corresponding PDRP topography by computing its expression in the 18F-FDG PET (and T1-weighted GM MRI) scans from PD2 subjects in cohort B. The corresponding PDRP expressions of PD2 subjects were Z-scored the same way as above and then compared with those of the original subjects in PD1 and HC. The diagnostic power of the corresponding PDRP expressions for discriminating PD patients from healthy controls was evaluated by the area under the curve (AUC) in the receiver operating characteristic (ROC) curves. ROC analysis in cohort B was obtained by comparing PD2 and HC groups. ROC analysis in cohorts A and B (cohort A + B) was obtained by comparing combined PD1 and PD2 groups compared to HC group. We also evaluated whether the combination of PET-PDRP and MRI-PDRP expressions could improve diagnostic power. In addition, correlation analysis of corresponding PDRP expression and clinical ratings in PD patients in cohorts A and B were also performed.



Correlation Analysis Between PET-PDRP and MRI-PDRP Topographies

The metabolic and structural topographies were assessed by ROI-based correlation of regional weights in a set of salient abnormal brain regions. The correlation between the two patterns was calculated using only the regions with absolute values ≥1.0 (Ge et al., 2018). The pattern expression for PET-PDRP was also correlated with corresponding MRI-PDRP expression in combined PD1 (or PD2) and HC samples.



Brain Connectome Analysis

Graph theory was used to explore network properties in brain connectome analysis. Globally normalized glucose metabolism within each ROI was used to construct a region × region correlation matrix across each of three individual groups (PD1, PD2, and HC groups). In each correlation matrix, functional connectivity (FC) between each pair of regions was calculated by partial correlation coefficient between ROI values for local FDG uptake in each pair of regions, across participants, to conduct for the control of age and gender effects (Lo et al., 2010; Duan et al., 2017; Jiang et al., 2017). We used a sparsity (or named cost, representing present connections as a percentage of all possible connections) threshold to generate a series of undirected graphs (Baggio et al., 2014; Duan et al., 2017). The correlation matrices were thresholded at a range of sparsity thresholds, in 0.01 steps (sparsitymin: 0.01: sparsitymax). The minimum sparsity guaranteed that networks of all groups (HC, PD1, and PD2) were fully connected, and no nodes were fragmented. The maximum sparsity selected 0.5 because the randomness of the network larger than this threshold would increase, and the results would be unreliable (Hosseini et al., 2012). At each threshold, we calculated the following network metrics: (1) the clustering coefficient (C, quantification of the degree to which nodes in a graph tend to cluster together and a representation of network segregation, measuring the local information transmission capability in a network); (2) the characteristic path length (L, the average number of connections on the shortest path between any two regions in a network and a marker of network integration, measuring the global information transmission capability in a network); and (3) small worldness (S, the balance between local segregation and global integration).

Next, we divided the brain into disease subspace and nondisease subspace based upon the PET-PDRP topographies for further analysis. The nodes in the disease subspace consisted of the salient abnormal brain regions (absolute regional weight ≥1.0; high local contributions to overall PDRP activity) identified by the PDRP topography and the remaining regions constituting the nondisease subspace (absolute regional weight <1.0; low local contributions to overall PDRP activity). We calculated the corresponding network metrics among disease subspace, nondisease subspace, and whole brain, and we compared differences in network metrics for the PD1/PD2 groups relative to HC control values.

The graph theoretical analyses of brain structural network were the same as in the procedure for metabolic brain network but based on T1-weighted GM imaging data. It was worth noting that disease subspace and nondisease subspace in brain structural network were divided according to MRI-PDRP topography.

Brain connectome analysis was performed using Brain Connectivity Toolbox2 and Graph Analysis Toolbox (Hosseini et al., 2012) implemented in Matlab2016b.



Statistical Analysis

Differences in PET-PDRP (and MRI-PDRP) expressions between patients and healthy controls were evaluated using two-sample t-tests. PDRP expressions of patients were correlated with corresponding MMSE, UPDRS, and six motor items (speech, facial expression, static tremor, postural tremor, rigidity, and gait) by computing Pearson’s correlations. Regional weight and pattern expression between the two PDRPs identified in the 18F-FDG PET scans and structural MRI scans was compared using Pearson’s correlations. In order to determine the significance of the differences in network metrics between the patient group and HC group in each subspace, a permutation test repeated 1,000 times was used (Hosseini et al., 2012; Ko et al., 2017). All statistical tests were performed using Matlab2016b (p < 0.05, two-tailed).






RESULTS


Abnormal Disease Topographies in Pattern Analysis


PET-PDRP Identification and Validation

The ROI-based SSM/PCA multivariate analysis of 18F-FDG PET data from cohort A investigated the first four PCs that explained 55.4% of the subject × ROI variance. The PET-PDRP topography generated from a linear combination of PC1, PC3, and PC4 with expression successfully discriminated PD1 patients and healthy controls, and produced the lowest AIC value in the logistic regression model. The pattern was characterized by relative increased metabolic activity in pallidothalamic, pons, bilateral putamen, and cerebellum, associated with metabolic decrease in parietal–occipital areas (Figure 2A). Subject expressions for the PET-PDRP topography were significantly elevated (p = 0.0039) in PD1 compared to HC subjects (Figure 2B). Significant increases in pattern expression were also seen in PD2 validation subjects with respect to HC control values (p < 0.001). Subject PET-PDRP expressions were without a difference between PD1 and PD2 subjects (p = 0.097). ROC analysis revealed an AUC = 0.74 (95% confidence intervals of 0.59–0.89; Figure 2C) to distinguish the PD patients from the controls in cohort A. The ROC curves also showed that PET-PDRP expression accurately distinguished PD patients from the control individuals in cohorts B and A + B. The AUC values were 0.88 (95% confidence intervals of 0.75–1.00) and 0.80 (95% confidence intervals of 0.68–0.92) for subjects in cohorts B and A + B, respectively (Figure 2C).
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FIGURE 2. (A) Metabolic Parkinson’s disease-related pattern (PET-PDRP) identified by Scaled Subprofile Modeling (SSM) multivariate analysis of 18F-FDG PET scans from 20 (PD) patients in PD1 and 20 age- and gender-matched healthy controls. The pattern was characterized by relative increased metabolic activity in the pallidothalamic, pons, bilateral putamen, and cerebellum, associated with metabolic decreased in parietal–occipital areas. (B) Subject expressions for the PET-PDRP topography measured using violin plots in the HC, PD1, and PD2 scans (horizontal lines indicate group medians). Significant increases in pattern expression were seen in PD1 original derivation subjects and PD2 validation subjects with respect to HC control values. (C) Receiver operating characteristic (ROC) curve for discriminating PD patients from healthy controls.





MRI-PDRP Identification and Validation

The pattern analysis of MRI images examined the first four PCs accounting for 52.4% subject × ROI variance. An MRI-PDRP was generated by a linear combination of PC2 and PC3. The pattern was characterized by relative decreased GM volumes in bilateral pons, bilateral transverse temporal gyrus, left cuneus, right superior occipital gyrus, and right superior parietal lobule, associated with preservation in GM volumes in bilateral pallidum and bilateral putamen (Figure 3A). Subject expressions for the MRI-PDRP topography were significantly elevated (p = 0.0058) in PD1 compared to HC subjects (Figure 3B). Significant increases in pattern expression were seen in PD2 validation subjects with respect to HC control values (p = 0.044). Subject MRI-PDRP expressions were not different between PD1 and PD2 subjects (p = 0.599). As for ROC curves distinguishing the PD patients from the normal controls, AUC values were 0.74 (95% confidence intervals of 0.59–0.90), 0.68 (95% confidence intervals of 0.50–0.86), and 0.72 (95% confidence intervals of 0.57–0.86) for subjects in cohorts A, B, and A + B, respectively (Figure 3C).
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FIGURE 3. (A) Structural Parkinson’s Disease-Related Pattern (MRI-PDRP) derived from the same subjects. The pattern was characterized by relative decreased gray matter (GM) volume in bilateral pons, bilateral transverse temporal gyrus, left cuneus, right superior occipital gyrus, and right superior parietal lobule, associated with preservation in GM volume in bilateral pallidum and bilateral putamen. (B) Subject expressions for the MRI-PDRP topography measured using violin plots in the HC, PD1 and PD2 scans (horizontal lines indicate group medians). Significant increases in pattern expression were seen in PD1 original derivation subjects and PD2 validation subjects with respect to HC control values. (C) ROC curve for discriminating PD patients from healthy controls.




Correlation Analysis


Correlations Between PDRP and Clinical Scales

PET-PDRP and MRI-PDRP expressions were not correlated with MMSE in the PD group. The correlations between PET-PDRP expressions and the corresponding UPDRS within each PD group are shown in Figure 4. In PD1 group, PET-PDRP expressions in patients correlated positively with UPDRS motor ratings (r = 0.55, P = 0.01; Figure 4A). In PD2 group, PET-PDRP expressions in patients also correlated with UPDRS motor ratings (r = 0.60, P = 0.02; Figure 4B). In a combined PD group from PD1 and PD2, PET-PDRP expressions had positive correlations with UPDRS motor ratings (r = 0.54, P < 0.001). MRI-PDRP expressions were also associated with UPDRS motor ratings in PD1 group (r = 0.51, P = 0.02) but not PD2 group. In a combined PD group (PD1 + PD2), MRI-PDRP expressions were not correlated with UPDRS motor ratings. The correlation results between PET-PDRP expressions, MRI-PDRP expressions, and the six motor items of UDRPS are shown in Figure 5. PET-PDRP expressions in patients correlated positively with the scores of speech (r = 0.485, P = 0.003), facial expression (r = 0.336, P = 0.0049), postural tremor (r = 0.379, P = 0.025), rigidity (r = 0.361, P = 0.033), and gait (r = 0.360, P = 0.034). MRI-PDRP expressions in patients correlated positively with the scores of static tremor (r = 0.505, P = 0.002).
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FIGURE 4. PET-PDRP expressions in individual patients correlated with UPDRS motor ratings in the (A) original derivation subjects as well as in the (B) subsequent validation subjects. Shaded areas represent 95% confidence of intervals. UPDRS, Unified Parkinson’s Disease Rating Scale.
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FIGURE 5. PET-PDRP expressions in PD patients correlated with their levels of (A) speech, (B) facial expression, (D) postural tremor, (E) rigidity and (F) gait. MRI-PDRP expressions in PD patients correlated with the levels of (C) static tremor. Shaded areas represent 95% confidence of intervals.





Correlations Between PET-PDRP and MRI-PDRP

In the two PDRPs, six regions were salient abnormal brain regions (absolute region weight ≥1.0) in both patterns, including bilateral pons, bilateral pallidum, and bilateral putamen (Supplementary Tables S1, S2). Regional weights between the two PDRPs of these regions were negatively correlated (r = −0.88, P = 0.02; Figure 6A). Two pattern expression of the combined PD1 patients and healthy controls showed positive correlations (r = 0.45, P = 0.0038; Figure 6B) but not associated with combined PD2 and HC subjects or combined PD1, PD2, and HC subjects. The correlations between two pattern expressions in the single PD1 group was found (r = 0.42, P = 0.064) but not found in single PD2 group or combined PD1 and PD2 subjects.
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FIGURE 6. (A) Regional weights on PET-PDRP and MRI-PDRP in a set of salient abnormal brain regions were correlated. (B) PET-PDRP expressions in combination with PD1 patients and healthy controls and MRI-PDRP expressions in the same subjects were correlated. Shaded areas represent 95% confidence of intervals.




Brain Connectome Analysis


PD-Related Metabolic Network

Connectome analysis was used to reveal abnormalities in network features associated with PD. In our study, in order to determine whether this feature is different between PD patients and healthy subjects, we separated each group’s network into two discrete subspaces. Eventually, 25 nodes constituted the disease subspace, which had a higher local contributions to overall PET-PDRP activity (for more details, please refer to Supplementary Table S1). The remaining 70 brain regions served as nodes in the nondisease subspace. The sparsitymin (ensuring both the disease subspace and nondisease subspace are fully connected) of the HC, PD1, and PD2 groups was 15, 38, and 28%, respectively. Network metrics in each group were computed with a sparsity threshold ranging from 38% to 50%. At sparsity 38%, the clustering coefficient for the disease subspace in the PD1 group was significantly (P < 0.05) increased compared with the HC group (PD1, 0.80; HC, 0.50; Figures 7A,B,D). The characteristic path length had a tendency to increase in PD1 compared to HC (PD1, 2.42; HC, 1.67; Figures 7A,B,E). However, significant differences were not observed for the small-worldness coefficient. Indeed, permutation analysis showed that, in the entire sparsity threshold range (38–50%), the clustering coefficient of PD1 group in the disease space increased significantly (P < 0.05); in the sparsity threshold range of 41–50%, the characteristic path length also increased significantly (P < 0.05; Supplementary Figure S1).
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FIGURE 7. Node-to-node functional connectivity (FC) in the (A) HC, (B) PD1, and (C) PD2 groups in the disease subspace and nondisease subspace, and (D–F) network attributes. (A) Binary functional network in the HC group at sparsity 38%. (B) Binary functional network in the PD1 group at sparsity 38%. (C) Binary functional network in the PD2 group at sparsity 38%. (D) Comparison of the clustering coefficient among HC, PD1, and PD2 groups in different spaces at sparsity 38%. (E) Characteristic path length. (F) Small world coefficient. In (A–C), the nodes in the upper part of the circle represent brain regions in the disease subspace (25 ROIs), and the nodes in the lower part of circle represent brain regions in the nondisease subspace (70 ROIs). Colors of nodes on the circle represent different anatomical classifications of corresponding brain regions based on existing literature (Wang et al., 2007; Bai et al., 2011). The lines within the circle represent FC between pairs of nodes, where the red lines (within-disease subspace edges) indicate FC between nodes within the disease subspace; the green lines (within-nondisease subspace edges) indicate FC between nodes within the nondisease subspace; the blue lines (trans-disease subspace edges) indicate FC between the disease subspace nodes and the nondisease subspace nodes. The asterisk refers to significant differences between the PD compared to HC groups (p < 0.05).



The clustering coefficient for the disease subspace was significantly (P < 0.05) increased in PD2 compared to HC over the sparsity range of 38–42% (for example, at sparsity 38%, C in PD2 is 0.76; C in HC is 0.50; Figures 7A,C,D). The small world coefficient for the disease subspace in PD2 group increased significantly (P < 0.05) at sparsity range of 39–41% (Supplementary Figure S2) and had an increasing trend at sparsity 38% (S in PD2, 1.91; S in HC, 1.19; Figures 7A,C,F). The characteristic path length (had a tendency to increase, such as, at sparsity 38%, L in PD2 is 2.16; L in HC is 1.67; Figures 7A,C,E) did not show group differences (Supplementary Figure S2). Group differences of network metrics were not significant for the nondisease subspace or for the whole brain.



PD-Related Brain Structural Network

According to the local contributions to overall MRI-PDRP activity, 11 nodes constituted the disease subspace (Supplementary Table S2), and the remaining 84 brain regions served as nodes in the nondisease subspace. PD-related brain structural network was also analyzed based on T1-weighted GM imaging data in different spaces. In the HC group, the minimum sparsity in which all nodes became fully connected in both the disease subspace and nondisease subspace was 20%, PD1 group was 32%, and PD2 group was 17%. Network metrics were computed at a sparsity range of 32–50% for the comparisons between PD1 (or PD2) and HC. At sparsity 32%, increased path length and slightly elevated small-world coefficients for the disease subspace were observed in PD1 group but not PD2 group (L in PD1, 2.15; L in PD2, 1.70; L in HC, 1.42; S in PD1, 2.88; S in PD2, 1.05; S in HC, 1.28; Supplementary Figure S3). As above, in the nonparametric permutation test analysis, we also found that increased path length (in the sparsity range of 38–47% and 49–50%) and slightly elevated small-world coefficient (at sparsity 39% and 50%) over corresponding sparsity range for the disease subspace in PD1 group but not PD2 group (Supplementary Figures S4, S5). Group differences of network metrics were not significant for the nondisease subspace or for the whole brain.









DISCUSSION

In this study, we investigated 18F-FDG PET-based metabolic covariance pattern (PET-PDRP) and T1 MRI-based structural covariance pattern (MRI-PDRP) associated with PD for the same patients. The MRI-PDRP topography revealed brain region-level abnormalities containing a large number of cortical neurons that partially overlap with the metabolic pattern derived from 18F-FDG PET scans. Connectome analysis also showed that the topological organization for the disease network in the PET-PDRP and MRI-PDRP topographies were significantly disrupted. These findings provide new evidence for elucidating the neuropathological mechanisms of PD.


Reproducible Metabolic PDRP Topography

Using spatial covariance analysis, we reproduced a metabolic PDRP topography (PET-PDRP) that was compatible with previous imaging studies in both American and Chinese PD patients (Ma et al., 2007; Wu et al., 2013; Ko et al., 2017; Schindlbeck and Eidelberg, 2018). In our study, the PET-PDRP expression in PD patients was significantly elevated in the original derivation subjects and the subsequent validation subjects. The regional metabolic dysfunction within this abnormal topography could describe abnormal cerebral metabolism or blood flow and reveal clinical disability and treatment response in patients with PD (Hirano et al., 2008; Eidelberg, 2009; Wu et al., 2013; Ko et al., 2017). This topography revealed the presence of abnormal metabolic changes at key nodes of the cortico-striato-pallido-thalamo-cortical (CSPTC) loops and other related anatomical/functional pathways, which is in line with previous reports (Eidelberg, 2009; Poston and Eidelberg, 2009; Tang and Eidelberg, 2010). The abnormalities in the CSPTC circuits are commonly associated with the clinical manifestations of akinetic rigid in PD patients, but they do not fully explain other disease manifestations, such as tremors (Wichmann and Delong, 2007; Zaidel et al., 2009; Wu et al., 2013). By contrast, relative hypermetabolism in the cerebellum/dorsal pons, putamen, and primary motor cortex captured the abnormal activity in the cerebello-thalamo-cortical (CbTC) circuits, which was associated with the generation of tremor (Timmermann et al., 2002; Wu et al., 2013). Particularly, the cerebellum, pons, thalamus, and putamen evident overlaps in both CSPTC and CbTC circuits were considered as regions of severer involvement of these circuits. In this study, the dysfunction of CSPTC circuits was involved in functional network abnormalities of PDRP topography. The premotor area receives less excitatory impulses from the thalamus, resulting in a decrease in parietal lobe metabolism (Wu et al., 2013). On the other hand, posterior cortical dysfunction is considered as the imaging marker of PD patients with the risk of dementia (Wu et al., 2013; Peng et al., 2014a). However, understanding the contributions of different brain regions to motor and cognitive impairments requires more relevant cross-sectional and longitudinal studies.



Structural PDRP Topography

We demonstrated for the first time that spatial covariance analysis can reveal a wide range of regions affected by PD using T1-weighted structural MRI. In this study, a reduced GM volume in PD was observed in bilateral pons, bilateral transverse temporal gyrus, left cuneus, right superior occipital gyrus, and right superior parietal lobule, associated with preservation in GM volume in bilateral pallidum and bilateral putamen. In PD patients, more than 70% of dopamine (DA) terminals were lost when motor symptoms occur (Fearnley and Lees, 1991), and in the early stages of PD, human dyskinesia might be due to the compensatory mechanism that promoted the release and renewal of DA and reduced the uptake of DA so that the DA concentration was stable at normal levels (Silverdale et al., 2003). Besides, there are other possible compensatory changes, including the increase or appearance of striatum TH+ neurons and enhanced DA synthesis by alternative biochemical pathways, etc. These changes might preserve the GM volume in pallidum and putamen in early PD patients (Blesa et al., 2017). Pathological studies related to PD also indicated that the progression of lesions begins with the brainstem (which includes pons) and the substantia nigra (Braak et al., 2003). An decrease in gray volume in the pons has also been reported in previous studies (Jubault et al., 2009). Therefore, the finding in this study is consistent with the pons as the anatomical starting point of PD pathology according to Braak et al. (2003, 2004) and Jubault et al. (2009). In our study, morphological abnormalities in other cortical regions were also found. In cognitively intact PD patients, cortical morphology may be normal (Tessitore et al., 2012) or abnormal in the frontal lobe (Biundo et al., 2011) or in a wider range of cortical regions, including the parietal, temporal, and occipital lobes (Jubault et al., 2011). Uncoordinated results may be caused by different experimental methodologies or the heterogeneity of PD disease.



Correlations Between PDRP and Clinical Scale

There was no significant correlation between PET-PDRP and MMSE, MRI-PDRP and MMSE, but there were significant positive correlations with UPDRS and six motor items, suggesting that the abnormal metabolic and structural characteristics of nondemented PD patients are related to their dyskinesias, but not to cognitive dysfunction. The injury of PD patients on speech, facial expressions, tremors, rigidity, and gait became worse with the increase in PD pathology, which was consistent with clinical manifestations. Postural tremor is associated with metabolic abnormalities, while stationary tremor is associated with structural abnormalities, indicating that the causes of postural tremor and stationary tremor in PD patients may be different and therapeutic interventions for primary tremor in PD patients need to distinguish postural tremor from resting tremor.



Correlations Between PET-PDRP and MRI-PDRP

The ROC curves revealed that PET-PDRP and MRI-PDRP expressions significantly discriminated PD patients from the control individuals with approving sensitivity and specificity. Since PET-PDRP expression value was demonstrated reliable diagnosis power, it revealed that MRI-PDRP may be also a promising diagnostic biomarker for the non-inferiority compared to PET-PDRP. However, further validation work should be followed.

As expected, several overlapping regions were identified between the metabolic PET-PDRP topography and the structural MRI-PDRP topography, including the bilateral pons, bilateral pallidum, and bilateral putamen. Surprisingly, the regional weights between the two PDRPs identified in the two imaging modalities were correlated within these regions (r = −0.88, P = 0.02), and the two pattern expressions were also correlated in patients and normal subjects. In a structural MRI study in combination with deformation-based morphometry and independent component analysis (ICA), researchers identified that the PD-ICA atrophy pattern in a larger number of participants showed a certain spatial topography overlap with the metabolic PD-related pattern derived from spatial covariance analysis using 18F-FDG PET (Zeighami et al., 2015). These included the globus pallidus, thalamus, putamen, premotor and supplementary motor regions. Our study obtained a consistent result. The consistent findings indicate a possible link between brain function and structure dysfunction of the related anatomical and functional circuit in PD, particularly the cortico-basal ganglia-thalamocortical motor circuit. In addition, our study demonstrated the potential value of the integration of different neuroimaging techniques to improve the neuropathological understanding of PD. Consistent abnormalities in brain structure and function, and causal relationships between them, in patients with PD await further investigation and understanding.



Structurally and Functionally Disrupted Network Topology in PD

Brain connectome analysis can reveal abnormalities in network characteristics associated with PD and the potential impact of the disease network on brain information processing. We found that the functional brain network in the two independent PD groups exhibited a disrupted network topology in the disease subspace. Compared with the HC group, the clustering coefficient for the disease subspace was significantly increased, the characteristic path length in the PD1 group was significantly increased, and the small-worldness attribute in the PD2 group was significantly elevated. Similarly, we also found a significantly increased characteristic path length for the brain structure network in PD1 group. An earlier study has used 18F-FDG PET data to identify an ROI-based metabolic PD-related pattern, and the disrupted network topology (increased clustering coefficient, reduced characteristic path length, and exaggerated small-worldness attribute) in the disease network consisting of brain regions with significant abnormalities in this pattern has also been confirmed in four independent patient subjects and in an experimental nonhuman primate model (Ko et al., 2017). Consistent with our results, significantly increased clustering coefficients in the disease space could be observed in both studies. However, changes of characteristic path length in the disease space in both studies were against. This may resulted from different disease spaces in morphological topography and nation differences between the western and eastern populations in the two studies. Interestingly, these descriptor changes are limited to the space occupied by the disease network, which might correspond to the relatively intact anatomy of other spaces (nondisease subspace and the whole brain).




LIMITATIONS

There are several issues that still need to be further considered in this study. First, in the pattern analysis, we used the ROI-based rather than the voxel-based SSM/PCA algorithm for the subsequent determination of the disease subspace. The effect of the two different analytical methods on the results needs further investigation. Second, due to limited experimental subjects, for prospective evaluation of PET-PDRP and MRI-PDRP, we only used another new set of PD subjects but did not include both HC and PD subjects. Third, we did not further examine the intrinsic link between pattern and connectome analyses, for example, to see whether the correlation between the metabolic PET-PDRP pattern and structural MRI-PDRP can be further explained from the perspective of connectome analysis.



CONCLUSIONS

In this study, we investigated 18F-FDG PET-based metabolic covariance pattern and MRI-based structural covariance pattern associated with PD in the same patients. The metabolic pattern is highly consistent with the disease-related metabolic brain patterns previously described in different cohorts of PD patients. This structural pattern was characterized by relative decreased GM volume in bilateral pons, bilateral transverse temporal gyrus, left cuneus, right superior occipital gyrus, and right superior parietal lobule, associated with preservation in GM volume in bilateral pallidum and bilateral putamen. Expectantly, we found a significantly negative correlation regional weight between metabolic and structural patterns in a set of salient abnormal brain regions, which provides a new perspective for insight into disrupted brain abnormal metabolism and structure in PD patients. In order to verify the effectiveness of two patterns, we used connectome analysis methods to explore the brain metabolic network constructed by PET and the brain structural network. The results showed that more obvious changes could be found in these two patterns. In summary, significant overlaps between metabolic and structural patterns, as well as the convergence of metabolic network and structural network disruption, provide new evidence for elucidating the neuropathological mechanisms of the disease.
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Prevention of Early Alzheimer’s Disease by Erinacine A-Enriched Hericium erinaceus Mycelia Pilot Double-Blind Placebo-Controlled Study
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Objective: To investigate the efficacy and safety of three H. erinaceus mycelia (EAHE) capsules (350 mg/capsule; containing 5 mg/g erinacine A active ingredient) per day for the treatment of patients with mild Alzheimer’s Disease (AD).

Methods: This study comprised a 3-week no-drug screening period, followed by a 49-week double-blind treatment period with 2-parallel groups in which eligible patients were randomized to either three 5 mg/g EAHE mycelia capsules per day or identical appearing placebo capsules. Cognitive assessments, ophthalmic examinations, biomarker collection, and neuroimaging were followed throughout the study period.

Results: After 49 weeks of EAHE intervention, a significant decrease in Cognitive Abilities Screening Instrument score was noted in the placebo group, a significant improvement in Mini-Mental State Examination score was observed in the EAHE group and a significant Instrumental Activities of Daily Living score difference were found between the two groups. In addition, EAHE group achieved a significantly better contrast sensitivity when compared to the placebo group. Moreover, only the placebo group observed significantly lowered biomarkers such as calcium, albumin, apolipoprotein E4, hemoglobin, and brain-derived neurotrophic factor and significantly elevated alpha1-antichymotrypsin and amyloid-beta peptide 1–40 over the study period. Using diffusion tensor imaging, the mean apparent diffusion coefficient (ADC) values from the arcuate fasciculus region in the dominant hemisphere significantly increased in the placebo group while no significant difference was found in the EAHE group in comparison to their baselines. Moreover, ADC values from the parahippocampal cingulum region in the dominant hemisphere significantly decreased in the EAHE group whereas no significant difference was found in the placebo group when compared to their baselines. Lastly, except for four subjects who dropped out of the study due to abdominal discomfort, nausea, and skin rash, no other adverse events were reported.

Conclusion: Three 350 mg/g EAHE capsules intervention for 49 weeks demonstrated higher CASI, MMSE, and IADL scores and achieved a better contrast sensitivity in patients with mild AD when compared to the placebo group, suggesting that EAHE is safe, well-tolerated, and may be important in achieving neurocognitive benefits.

Clinical Trial Registration: ClinicalTrials.gov, identifier NCT04065061.

Keywords: erinacine A-enriched H. erinaceus mycelia, Alzheimer’s disease, pilot study, prevention, magnetic resonance imaging


INTRODUCTION

The pace of population aging across the world over the past half-century is increasing dramatically, triggering a Silver Tsunami of chronic age-related diseases. Among these diseases, Alzheimer’s Disease (AD) is the fifth-leading cause of death among adults aged 65 years and older and is also a leading cause of disability and morbidity (Alzheimer’s Association, 2019). Unlike other major diseases for which there have been steady progress in the development of novel therapies, no new pharmacologic treatment for AD has been approved since 2003 (Hung and Fu, 2017). One theory as to why many intervention trials have failed is that the pathophysiological process of AD is thought to begin many years before the onset of clinical symptoms, and the use of interventions later in the disease may not effectively slow its progression due to established pathological burden (Sperling et al., 2011). As a result, there has been a shift in the clinical research field, with the focus to develop safe and effective interventions in early and presymptomatic AD stages (Graham et al., 2017). To date, several prevention trials have been carried out and shown promising results, suggesting the potential feasibility of implementing non-pharmacological approaches, including dietary interventions (Ngandu et al., 2015; Andrieu et al., 2017).

In a recent study, the lifestyle of 633 Chinese seniors living in Singapore between 2011 and 2017 was analyzed, and it was revealed that various mushrooms have therapeutic effects in combatting AD by exerting neuroprotective and antioxidant effects (Feng et al., 2019). Mushrooms and their extracts have been well-known for their nutritional and culinary values, which may be regarded as novel nature-based nutraceuticals to mitigate AD and other age-related neurodegenerative disorders. In fact, a number of mushrooms including Hericium erinaceus (Bull.: Fr.) Pers., Dictyophora indusiata (Vent.) Desv., Grifola frondosa (Dicks.: Fr.) S.F. Gray, Tremella fuciformis Berk, Tricholoma sp., Termitomyces albuminosus (Berk.) R. Heim, Lignosus rhinocerotis (Cooke) Ryvarden, Cordyceps militaris (L.:Fr.) Link, Pleurotus giganteus (Berk.) Karunarathna and K.D. Hyde, Ganoderma lucidum P. Karst, and Ganoderma neo-japonicum Imazeki have been reported to have activities related to nerve and brain health (Phan et al., 2017). Among these, the neurohealth properties of Hericium erinaceus (Bull.:Fr.) Pers., or its common names Lion’s mane or Monkey’s head mushroom, have been most extensively studied.

Hericenones and erinacines are the two important classes of constitutes isolated from the fruiting body and mycelium of H. erinaceus, respectively (Kawagishi et al., 1991, 1992, 1994, 1996a,b; Lee et al., 2000). Both hericenones and erinacines are low-molecular weight, relatively hydrophobic compounds, and proven to stimulate nerve growth factor (NGF) synthesis and promote NGF-induced neurite outgrowth in nerve cells in vitro (Lai et al., 2013). However, hericenones failed to promote NGF gene expression in 1321N1 human astrocytoma cells (Mori et al., 2008) while erinacine A successfully upregulated the NGF level in the locus coeruleus and hippocampus of rats (Shimbo et al., 2005). To date, only erinacines A (unpublished results) and S (Hu et al., 2019) but not hericenones have been verified to cross the blood-brain-barrier, suggesting a greater of likelihood of them targeting the central nervous system. Furthermore, the in vivo neuroprotection of erinacine A-enriched H. erinaceus (EAHE) mycelia has been demonstrated in several studies against stroke, Parkinson’s disease, AD, depression, and aging (Li et al., 2018b). Based on these findings, it is highly suggestive that erinacine A is one of the key components responsible for the neurotrophic and neuroprotective activities of H. erinaceus.

A previous human pilot study has been carried out to investigate the efficacy of oral administration of H. erinaceus with 50- to 80-year-old Japanese men and women diagnosed with mild cognitive impairment. The subjects in the H. erinaceus group took four H. erinaceus tablets three times a day for 16 weeks and showed an improvement in cognitive functions (Mori et al., 2009). However, in this study, the active constituents, representative markers, and major chemical constituents of H. erinaceus tablets have not been extensively addressed. While there is still a controversy regarding whether hericenones in the H. erinaceus fruiting body have neuroprotective activities in vivo, erinacine A in the H. erinaceus mycelia, on the other hand, confers neuroprotective effects and attenuates the oxidative stress against stroke (Lee et al., 2014), AD (Tzeng et al., 2018), Parkinson’s disease (Kuo et al., 2016), depression (Chiu et al., 2018), and aging (Li et al., 2019) in mouse models. As there is an urgent need to translate basic discovery research to clinical evaluation, this is the first clinical investigation of three H. erinaceus mycelia capsules (350 mg/capsule; containing 5 mg/g erinacine A active ingredient) per day for the treatment of patients with early AD.



MATERIALS AND METHODS


Sample Preparation and High-Performance Liquid Chromatography (HPLC) Analysis

Hericium erinaceus mycelia enriched with 5 mg/g erinacine A were prepared and evaluated according to a procedure described previously (Li et al., 2014b). In brief, EAHE mycelia was grown in a submerged liquid medium comprised of 0.25 % yeast extract, 4.5% glucose, 0.5% soybean powder, 0.25 % peptone, and 0.05 % MgSO4 with an initial pH set to 4.5 at 26°C for 5 days. This process is then scaled up in 500-L and 20-ton fermenters for 5 days and 12 days, respectively. Following mass production, the mycelia were lyophilized, extracted with methanol, and analyzed by HPLC to quantify 5 mg/g erinacine A in EAHE mycelia. For study’s intervention, 350 mg EAHE mycelia were encapsulated in each gelatin capsule and used as treatments.



Study Design

The present study was a 1-year, double-blind, randomized, placebo-controlled, fixed-dose intervention pilot trial conducted at Chung Shan Medical University in patients with mild AD. The study protocol was approved by the Institutional Review Board of Chung Shan Medical University and registered with ClinicalTrials.gov under the number NCT04065061. This study comprised of a 3-week no-drug screening period, followed by a 49-week double-blind treatment period with 2-parallel groups in which eligible patients were randomized to either three 350 mg/capsules containing 5 mg/g erinacine A per day or identical appearing placebo capsules with meals. This dose was chosen according to a previous study design (Li et al., 2019) and converted to human dose as specified by FDA guidelines (FDA, 2005). Cognitive assessments, ophthalmic examinations, biomarker collection, and neuroimaging were followed throughout the study period. Written informed consent from all patients or their legal representatives was obtained before their enrollment.



Participants, Randomization, and Blinding

The inclusion criteria for enrollment included patients with age >50 years and diagnosis of probable AD according to the Diagnostic and Statistical Manual of Mental Disorders (fourth edition, DSM-IV) (American Psychiatric Association, 2013) and National Institute of Neurological and Communicative Disorders and Stroke–Alzheimer’s Disease and Related Disorders Association (Mckhann et al., 1984) criteria. The exclusion criteria included patients with severe somatic or psychiatric comorbidity as they may significantly impair cooperation with the study. Once a participant met the study’s eligibility criteria, a baseline visit was planned, and thorough somatic and neurological examinations were carried out.

Following the baseline assessments, participants were randomly assigned to receive either the placebo or three EAHE mycelia capsules per day according to a randomization list produced by a computerized random-number generator. Except for two trial-independent statisticians that were unmasked, all patients, caregivers, raters, and investigators were blinded to the interventions until the database was finalized. The schedule of trial enrollment, interventions, and assessments according to the Standard Protocol Items: Recommendations for Interventional Trials (SPIRIT) Statement (Chan et al., 2013) is presented in Figure 1.


[image: image]

FIGURE 1. Schedule of enrollment, interventions and assessments (SPIRIT Figure).




Efficacy and Safety Parameters

All participants received either three EAHE mycelia capsules per day or placebo for 49 weeks and were assessed by a rater at 0, 13, 25, and 49 weeks after commencing the treatment. The efficacy of EAHE mycelia was determined by the mean change from baseline to the final analysis and was evaluated by a comprehensive battery, which included cognitive assessments, ophthalmic examinations, biomarker collection, and neuroimaging.

The cognitive assessments were performed at baseline, week 13, week 25, and week 49. Reference measures for cognition included the Neuropsychiatric Inventory (NPI) (Cummings et al., 1994), Cognitive Abilities Screening Instrument (CASI) (Teng et al., 1994), Mini-Mental State Examination (MMSE) (Folstein et al., 1975), and Instrumental Activities of Daily Living (IADL) (Nygard, 2003). These standard tests are used extensively in both clinical practice and research to measure treatment effects in patients with mild to moderate dementia.

A complete ophthalmologic examination including the measurement of best-corrected visual acuity (BCVA) and contrast sensitivity (CS) was conducted at baseline, week 25, and week 49. Monocular and binocular best-corrected distant visual acuity were determined using a standard clinical Snellen eye chart at a 5-meter distance from the chart. The contrast sensitivity test was performed with a standard Pelli-Robson chart under the same conditions for all the patients.

Blood biomarkers were collected at baseline, week 25, and week 49. After overnight fasting, blood samples from each patient were drawn through 22-gauge needles and transferred into either ethylene diamine tetraacetic acid-potassium (EDTA-K2) tubes for hematological analysis or stored in tubes without anti-coagulants for biochemical analysis. For hematological analysis, homocysteine (Hcy) and hemoglobin (Hb) were measured using an automated hematology analyzer (Gen-STM, Beckman Coulter, Inc., United States) while the serum biochemistry parameters including albumin and calcium were performed using an automated biochemistry analyzer (LX®-20, Beckman Coulter, Inc., United States). Quantitative determination of other blood biomarkers such as alpha1-antichymotrypsin (α-ACT; ab171574, Abcam, United Kingdom), amyloid-beta peptide 1–40 (β-amyloid; CEA864Hu, Wuhan USCN Business Co., Ltd., China), apolipoprotein E4 (APOE4; K4699, BioVision Inc., United States), dehydroepiandrosterone-sulfate (DHEAS; ab108669, Abcam, United Kingdom), brain-derived neurotrophic factor (BDNF; KA0329, Abnova, Taiwan), and superoxide dismutase (SOD; #19160, Sigma-Aldrich, United States) were measured using commercially available enzyme-linked immunosorbent assay (ELISA) kits.

Neuroimaging such as magnetic resonance imaging (MRI) assessment was performed before and after the intervention period. All subjects had brain imaging using diffusion tensor imaging (DTI) through a Siemens Magnetom Skyra three-tesla (3T) scanner. Diffusion datasets were collected with the following parameters: repetition time (TR) = 4800 ms, echo time (TE) = 97 ms, field of view (FOV) = 25 cm, image matrix = 128 × 128, slice number = 35, thickness = 4 mm, flip angle = 90°, 4 b-values = 0, 1000, 1500, 2000 s/mm2, diffusion direction = 64, and bandwidth = 1562 Hz/pixel. The fiber number, the fractional anisotropy (FA), and the apparent diffusion coefficient (ADC) from the arcuate fasciculus (ARC), parahippocampal cingulum (PHC), inferior fronto-occipital fasciculus (IFOF), and uncinate fasciculus (UNC) regions in the dominant and non-dominant hemispheres were determined based on the diffusion tensor analyzed through using the specialized software nordicICE v4.0.2.

Safety was evaluated by monitoring adverse events according to the Food and Drug Administration regulations (Behrman Sherman et al., 2011). Moreover, adverse event reporting was also reviewed by an independent safety monitoring committee systematically throughout the study.



Sample Size and Statistical Analysis

Considering this study is a pilot study to assess the cognitive efficacy of EAHE mycelia in patients with mild AD and the feasibility of a further larger clinical trial, a total of at least 60 people were recruited based on a simulation study to maintain adequate power while keeping the overall sample size of the pilot and main trial together to a minimum (Teare et al., 2014). Statistical analyses were performed using SPSS software (version 18). Data are presented as means ± standard deviation (SD). The Mann–Whitney U test was used to compare the data between the two study groups while the Wilcoxon signed-rank test was used to compare variables before and after the intervention. The statistically significant value was set at p < 0.05.



RESULTS


Participants

A total of 68 participants who had been diagnosed with mild AD were recruited in this study. Participants were randomly assigned to either the EAHE intervention group or the placebo control group. Of the 68 patients who participated in the surveillance, 19 declined to participate due to personal reasons (n = 5) and non-compliance (n = 14). Forty-nine participants were randomized, of whom seven subjects withdrew consent and one subject lost to follow-up. In the end, 41 subjects completed the study, and the data from 17 male and 24 female study participants were analyzed (Figure 2). Demographic and baseline characteristics are shown in Table 1. There were no statistical differences between the EAHE group and the placebo group in gender, age, and education characteristics at baseline.
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FIGURE 2. CONSORT diagram.



TABLE 1. Participant demographics.
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Cognitive Assessments

The NPI, CASI, MMSE, and IADL tests were performed at baseline, after weeks 13, weeks 25, and weeks 49 of supplementation with EAHE. The means scores of each parameter in the EAHE and placebo group are presented in Table 2. For the NPI test, the mean NPI scores at all time-points decreased in both the EAHE and placebo groups compared to the baseline. Although subjects who received EAHE has a lower mean NPI score than the placebo group at week 49 (0.67 ± 1.15 vs. 2.25 ± 3.3), the comparison to baseline values showed no significant difference in both groups (p = 0.077 and 0.163, respectively). Moreover, when compared to the baseline values and different time points of CASI scores, subjects in the EAHE group showed an increasing trend with marginal significance (71.75 ± 17.12 to 75.35 ± 15.86; p = 0.058) whereas the subjects in the placebo group showed a decreasing trend from the baseline to 49 weeks (73.52 ± 14.51 to 69.67 ± 16.62; p = 0.064). However, there was no significance in relation to the intra-group and inter-group CASI analysis except for the difference between the baseline and week 25 of the placebo group (p = 0.043). Furthermore, MMSE scores significantly increased (21.75 ± 6.1 to 23.2 ± 5.92; p = 0.035) in the EAHE group from the baseline to week 49 whereas the comparison of all time-points showed no significant change in the placebo group. Nevertheless, all the pairwise comparisons of the MMSE test were not statistically significant (p > 0.05). Finally, for the IADL test, no baseline differences between the EAHE and placebo groups at any time points were observed except for the pairwise comparison at week 49 which was statistically significant (6.7 ± 2.47 vs. 5 ± 2.7; p = 0.012, respectively).


TABLE 2. Comparison of cognitive assessments between EAHE and placebo groups.
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Ophthalmologic Examination

Table 3 summarizes the ophthalmologic examination for the EAHE and placebo groups after 25 and 49 weeks of intervention. The analysis of BCVA in OD (right eye), OS (left eye), and OU (both eyes) of the EAHE and placebo groups showed no difference from their baselines to the end of the study. Although significant baseline differences in BCVA of OD, OS, and OU were found between the groups, these differences remained unchanged throughout the study period except for BCVA OS at week 25 (p = 0.101). Meanwhile, subjects with EAHE treatment showed improvements in the mean monocular CS (OD: 0.84 ± 0.19 to 0.90 ± 0.08; OS: 0.83 ± 0.2 to 0.86 ± 0.13) and binocular CS (OU: 0.88 ± 0.15 to 0.89 ± 0.11) values following 49 weeks of intervention whereas the placebo group showed an upward trend in the CS OD (0.72 ± 0.32 to 0.77 ± 0.27), a downward trend in the CS OS (0.83 ± 0.18 to 0.78 ± 0.17), and remained unchanged (0.85 ± 0.19 to 0.85 ± 0.08) in the CS OU at the end of the study. Nevertheless, all these groups did not reach statistical significance except for the changes in CS OU from baseline to 49 weeks in the placebo group (0.85 ± 0.19 to 0.85 ± 0.08; p = 0.033) and differences of CS OS at week 49 between treatment groups (p = 0.046).


TABLE 3. Comparison of ophthalmologic examination between EAHE and placebo groups.
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Blood Biomarker Assessments

With further analysis of the blood biomarkers over the 49-week study period within the groups (Table 4), significant improvements of Hcy at week 25 and 49 (p = 0.007 and p = 0.012, respectively) were observed in the EAHE group while significant negative effects in calcium at week 25 (p = 0.004), albumin at week 49 (p = 0.004), Hb at week 25 and 49 (p = 0.003 and p = 0.009, respectively), and BDNF at week 25 (p = 0.012) were noted in the placebo group. Moreover, although both groups showed significant decreases in SOD and APOE4 as well as significant increases in α-ACT and β-amyloid (p < 0.05), APOE4, α-ACT, and β-amyloid had an improving trend in the EAHE group than the placebo group at week 49. No significant difference, however, was observed for all other parameters.


TABLE 4. Comparison of blood biomarkers between EAHE and placebo groups.
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Magnetic Resonance Imaging (MRI) Assessments

The total fiber number, FA, and ADC values from the ARC, PHC, IFOF, and UNC regions in the dominant and non-dominant hemispheres of the EAHE and control group are listed in Table 5. After 49 weeks of EAHE intervention, the total fibers were significantly less decreased than those in the placebo group. Nevertheless, they did not reach statistical significance between groups (p = 0.715). In addition, compared to their baselines, the mean ADC values from the ARC region in the dominant hemisphere significantly increased in the placebo group while the ADC values from the PHC region in the dominant hemisphere significantly decreased in the EAHE group at week 49. No statistically significant differences were found in other parameters.


TABLE 5. Comparison of MRI assessments between EAHE and placebo groups.
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Adverse Events

During the study, 1 subject lost to follow-up while 7 subjects (7/49; 14.3%) left the study. Reasons for dropout that have been investigated include unsatisfactory efficacy (2 from EAHE group and 1 from the placebo group) and the presence of side effects (3 from EAHE group and 1 from the placebo group). Possible or probable side effects related to the intervention included nausea in the placebo group and abdominal discomfort, nausea, and skin rash in the EAHE group.



DISCUSSION

Diet is an important modifiable risk factor for AD (Sindi et al., 2018) as it is able to modulate structural brain connectivity (Park et al., 2018), cause positive changes in brain function and behavior (Bolton and Bilbo, 2014), as well as help regulate cognition and emotion (Spencer et al., 2017). As benefits of EAHE associated with brain and nerve health have been well-studied (Li et al., 2018b), this is the first study to endorse its potential in mitigating neurodegenerative disorders. Based on the results of this pilot, randomized, double-blinded, controlled study, subjects with mild AD showed a significant benefit in reducing cognitive decline and improving contrast sensitivity after oral administration of three 5 mg/g EAHE mycelia capsules per day for 49 weeks when compared with placebo.

In this study, through random allocation, the baseline demographic information including age, gender, and education level between EAHE and placebo groups showed no significant differences before the intervention. Nevertheless, after the intervention, a significant deterioration in CASI from baseline to week 25 was noted in the placebo group, a significant improvement in MMSE from baseline to week 49 was observed in the EAHE group, and a significant IADL difference at week 49 were found between the two groups. Higher CASI and MMSE scores represent better cognition, and higher IADL scores represent a lower level of dependence (Chiu et al., 2016). Although there were no significant differences in CASI and MMSE between the EAHE and placebo groups, the scores were higher in the EAHE group compared to those in the placebo group for participants with mild AD, implying that subjects could achieve more benefits from the intervention.

To date, human studies on H. erinaceus are scarce. Only three trials were found to examine the efficacy of oral administration of H. erinacues for improving brain pathology. In one double-blind placebo-controlled study, 50- to 80-year-old Japanese men and women (n = 30) diagnosed with mild cognitive impairment showed marked improvement in cognitive function when compared to controls, using a cognitive function scale based on the revised Hasegawa Dementia Scale and following the effects of oral intake of four 250 mg tablets containing 96% of H. erinaceus fruiting body dry powder three times a day for 16 weeks (Mori et al., 2009). In another randomized, double-blind placebo-controlled study, administration of 0.5 g H. erinaceus fruiting body in cookies over 4 weeks showed a reduction in anxiety and depression in menopausal women (n = 30) compared to those taking placebo, as measured by the Center for Epidemiologic Studies Depression Scale and Indefinite Complaints Index (Nagano et al., 2010). In the third randomized, double-blind, placebo-controlled parallel-group comparative study, the consumption of cookies containing 0.8 g of H. erinaceus fruiting body dry powder alleviated the deterioration of short memories and improved the cognitive functions in 31 participants with an average age of 61.3 years old over the period of 12 weeks, as measured by MMSE (Saitsu et al., 2019). Prior studies have reported that NGF could enhance neurogenesis-inducing effects, which led to antidepressant and antianxiety activities (Shohayeb et al., 2018). Although hericenones C and D from the fruiting body of H. erinaceus have shown to induce neuroprotective properties (Kawagishi et al., 1991) in rats by stimulating NGF synthesis via activation of the c-jun N-terminal kinase (JNK) pathway, they failed to promote NGF gene expression in 1321N1 human astrocytoma cells (Mori et al., 2008). This result suggested that H. erinaceus fruiting body may contains other active compounds and/or hericenones that can potentially improve mild cognitive impairment as well as reduce depression and anxiety.

On the contrary, erinacines isolated from the mycelium of the mushroom are able to pass through the brain-blood barrier into the brain (Hu et al., 2019) to promote NGF synthesis in vivo (Shimbo et al., 2005). During normal physiological conditions, NGF is released by the postsynaptic cortical and hippocampal neurons to activate further signaling cascades that include cell survival, maintenance, and proliferation (Biane et al., 2014). However, NGF has been found to be reduced during the pathological conditions of AD, resulting in induced loss of cortical synapses and atrophy of cholinergic neurons in the basal forebrain (Iulita and Cuello, 2014). Moreover, analyzing AD11 anti-NGF transgenic mice that express NGF antibodies in the brain, it was observed that NGF deprivation leads to early inflammation and Alzheimer’s neurodegeneration (Capsoni et al., 2011). In this regard, as erinacine A has been proven to promote NGF synthesis in vivo, it may contribute to the survival and regeneration of cholinergic neurons as well as revive cholinergic signaling in the cortex and hippocampus, thereby improving the cognitive ability in subjects with mild AD. However, the precise mechanism of its action needs further investigation.

Not only could NGF markedly protect degenerating neurons in the brain, studies have also shown that NGF administration could modulate the development and differentiation of the retina and the optic nerve, as well as promote the survival and recovery of retinal ganglion cells (Aloe et al., 2012). To our knowledge, this is the first study to examine the efficacy of EAHE on visual acuity and contrast sensitivity. No significant differences were observed in the ophthalmologic examination in this study except for a higher CS OS at week 49 after EAHE treatment. This finding of EAHE as a NGF stimulator in improving CS but not VA in subjects with mild AD is consistent with previous studies. They have found that contrast sensitivity was significantly reduced in patients with AD compared to elderly control subjects while no significant difference in visual acuity were found between the patients with AD and control subjects (Crow et al., 2003) suggesting that EAHE targeting astrocytes only responded to an injury or damaged area by maintaining neurogenesis as a mechanism of repair (Poulose et al., 2017). Future studies, however, are required to further explore this possible mechanism.

With EAHE consumption, it is important to note that an altered diet or a multiplicity of environmental changes could change the blood proteome as well as ions (Te Pas et al., 2013). In different studies, EAHE treatment was accompanied by improvements in blood biomarkers in subjects with mild AD. Biomarkers monitoring based on biochemical analysis of blood during or after the intervention period could offer considerable promise for improving the treatment of AD (Cummings et al., 2019). Recent studies have identified a biomarker panel that included blood-based markers that significantly increased alpha-1-Antichymotrypsin, β-amyloid, superoxide dismutase, and homocysteine levels as well as decreased calcium, albumin, dehydroepiandrosterone sulfate, apolipoprotein E, hemoglobin, and BDNF levels in AD (Dekosky et al., 2003; Laske et al., 2011; Doecke et al., 2012; Ng et al., 2019; Pan et al., 2019). Consistent with the current study, biomarkers such as calcium, albumin, APOE4, Hb, and BDNF were significantly lowered while α-ACT and β- amyloid were significantly elevated during the study period in the placebo group. However, there were no significant changes in calcium, albumin, Hb, and BDNF compared to the baseline and a trend toward improving SOD, APOE4, and α-ACT levels were observed in the EAHE group, indicating that EAHE may have possible effects in arresting or delaying further neurodegenerative processes.

The effects of EAHE on the rate of neurodegeneration could also be detected using advanced MRI, such as DTI, to probe human brain microstructures (Cho et al., 2008). DTI provides quantitative measures of FA and ADC, which enable the assessment of the cellular microstructure and fiber tract integrity in live tissues. Fiber tracts such as PHC and UNC contribute to learning and memory, and IFOF and AF contribute to language functioning (Mcdonald et al., 2008). These were evaluated in each subject to depict their global white matter status. In this study, although a statistical significance was not found between the groups, the total fibers of six fiber tracts calculated were significantly less decreased than those in the placebo group after EAHE intervention, suggesting that EAHE ameliorates the loss of fiber numbers by stimulating NGF synthesis and inducing neurogenesis. Moreover, within the six fiber tracts, the mean ADC values from the ARC region in the dominant hemisphere significantly increased in the placebo group while no significant difference was found in the EAHE group in comparison to their baselines, implying that there was a greater disorganization in the neural structure observed in the placebo group. Moreover, ADC values from the PHC region in the dominant hemisphere significantly decreased in the EAHE group whereas no significant difference was found in the placebo group when compared to their baselines, indicating that there was a more well-organized neural structure noted in the EAHE group. These results tie well with a previous study wherein the ADC values increased in the ARC and PHC of patients with mild AD when compared with a control group (Mayo et al., 2019), signifying that EAHE could improve structural deterioration of ARC and PHC in patients with mild AD.

Lastly, despite four subjects who dropped out during the study period due to reported adverse events such as abdominal discomfort, nausea, and skin rash, no other adverse event were reported. The overall incidence was 8.2% during the entire 49-weeks. However, due to the increasing trend in clinical practice to treat elderly patients with multiple medications (Poleksic and Xie, 2019), it remains a challenge to identify if these adverse events were caused by EAHE consumption. Yet, reports on genotoxicity (Li et al., 2014a), acute toxicity (Li et al., 2018a), 28 days subchronic toxicity (Li et al., 2014b) 90 days subchronic toxicity (Lee et al., 2019) and teratotoxicity (Li et al., 2018a) have been conducted in animals and showed no adverse effects. Moreover, no adverse events have been reported after the launch of EAHE products into the Taiwanese market since 2015 (Li et al., 2018b). Nevertheless, further studies, especially the serum biochemical and hematological data along with urinalysis values after long-term consumption in humans, are important to consider.

In comparison to the placebo group, the intake of EAHE for 49 weeks showed higher CASI, MMSE, and IADL scores and achieved a better contrast sensitivity in patients with mild AD. The benefit of EAHE in reducing cognitive decline may be associated with improved blood biomarkers such as calcium, albumin, Hb, Hcy, SOD, BDNF, APOE4, and α-ACT, as well as reduced structural deterioration in the ARC and PHC regions of patients with mild AD. However, further studies on the mechanism of action of EAHE at the biochemical and molecular levels are necessary. In addition, although EAHE is safe and well-tolerated, a larger study is required to determine the benefits of EAHE consumption for patients with MCI or mild AD.
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Background: Mild cognitive impairment (MCI) is the early phase of Alzheimer's disease (AD). The aim of early intervention for MCI is to decrease the rate of conversion from MCI to AD. However, the efficacy of multiple interventions in MCI, and the optimal methods of delivery, remain controversial. We aimed to compare and rank the treatment methods for MCI in AD, in order to find an optimal intervention for MCI and a way to prevent or delay the occurrence of AD.

Methods: Pair-wise and network meta-analysis were conducted to integrate the treatment effectiveness through direct and indirect evidence. Four English databases and three Chinese databases were searched for international registers of eligible published, single or double blind, randomized controlled trials up to September 31st 2019. We included nine comparative interventions: pharmacological therapies which incorporated cholinesterase inhibitors (ChEI), ginkgo, nimodipine, and Chinese medicine; non-pharmacological therapies comprising of acupuncture, music therapy, exercise therapy, and nutrition therapy; and a placebo group. The primary outcome was the Mini-Mental State Examination (MMSE) score. The secondary outcome was the AD Assessment Scale-cognitive subscale (ADAS-cog).

Results: Twenty-eight trials were eligible, including 6,863 participants. In the direct meta-analysis, as for the Mini-Mental State Examination scale, the ChEIs (MD: −0.38; 95% CI: −0.74, −0.01), Chinese medicine (MD: −0.31; 95% CI: −0.75, 0.13), exercise therapy (MD: −0.50; 95% CI: −0.65, −0.35), music therapy (MD: −1.71; 95% CI: −4.49, 1.07), were statistically more efficient than placebo. For AD Assessment Scalecognitive subscale outcome, ChEIs (MD: 1.20; 95% CI: 0.73, 1.68), Acupuncture (MD: 1.36; 95% CI: 1.28, 1.44), Chinese medicine (MD: 0.61; 95% CI: 0.49, 0.73) and exercise (MD: 0.61; 95% CI: 0.49, 0.73) were better than placebo. In the network meta-analysis, the MMSE outcome ranked music therapy (59%) as the best and Acupuncture (26%) as second. Nutrition and Ginkgo treatment had the lowest rank among all interventions. For ADAS-cog outcome, acupuncture (52) ranked the best.

Conclusion: Among the nine treatments studied, music therapy appears to be the best treatment for MCI, followed by acupuncture. Our study provides new insights into potential clinical treatments for MCI due to AD, and may aid the development of guidelines for MCI in AD.

Keywords: acupuncture, Alzheimer's disease, mild cognitive impairment, multiple interventions, music therapy, network meta-analysis


INTRODUCTION

Mild cognitive impairment (MCI) has been defined as a “transitional” state to describe individuals who are not cognitively “active” for their age, but who would not meet a clinical diagnosis of early dementia (Brendan and Kelley, 2015). It is an intermediate clinical condition with a number of sub-types and multiple pathologies (Petersen, 2004; Rountree et al., 2007).

MCI is currently an area of considerable clinical and research interest because a large proportion of patients with MCI develop Alzheimer's disease (AD). In order to delay the progress of AD, it is important to recognize the key neurobiological difference between MCI and AD. Several journal articles have demonstrated that MCI patients progress to AD at a higher rate (10–15% per year) than normal elderly patients (1–3% per year). Furthermore, two-thirds of patients with AD were previously recognized as having MCI (Rubin et al., 1989; Almkvist et al., 1998; Wolf et al., 1998; Kluger et al., 1999; Petersen et al., 1999, 2001; Collie and Maruff, 2000; Morris et al., 2001). Therefore, patients who have MCI are considered to be at a greater risk for AD. Unfortunately, treatment options for AD are currently suboptimal, especially in the advanced stage of AD where the brain damage is irreversible. Thus, it is important to start treatment for AD as early as possible, and intervention during the MCI stage may prevent or delay the occurrence of AD.

Several treatments have been used for MCI, including cholinesterase inhibitors (ChEIs), complementary and alternative medicine, lifestyle and nutrition interventions, and Chinese medicine. However, which of these interventions work, and to what extent, remains unknown.

Pairwise meta-analysis have previously been conducted to assess the efficacy of ChEIs, including donepezil, galantamine, and rivastigmine (Cooper et al., 2013; Tricco et al., 2013; Matsunaga et al., 2019). These studies suggested that ChEIs have a low efficacy in the treatment of MCI and many safety issues were raised. Therefore, before using ChEIs for MCI, other methods should be considered.

Other studies (Andreas et al., 2015; Liang et al., 2018) have suggested that physical exercise and computerized cognitive training could improve cognitive function and neuropsychiatric symptoms. Furthermore, non-pharmacological therapies might perform more effectively than pharmacological therapies. However, these studies were incomplete and provide insufficient data, because they were unable to introduce clear hierarchies among treatments and a number of interventions were not analyzed. Therefore, the aim of this article was to conduct a network meta-analysis to thoroughly compare and rank different treatments for MCI that help to improve cognitive function and prevent or delay the occurrence of AD.



METHODS


Search Strategy

Four English databases (Medline [via Ovid], Embase [via Ovid], Cochrane Library [Central Register of Controlled Trials], and Web of Science [via Ovid]) and three Chinese databases (China Science Journal Citation Report [VIP], China National Knowledge Infrastructure [CNKI], and Wanfang) were searched for all relevant citations published from the date of the respective database onset to September 31st 2019. We established search strategies which combined subject word (keyword) and random words related to MCI, interventions of interest (drug therapy, diet/lifestyle therapy, physical activity/exercise, complementary therapies, sham/placebo) and randomized controlled trial (RCT). Furthermore, the reference lists of the included studies were manually reviewed to look for additional relevant manuscripts. The specific search strategies are shown in Supplementary Datasheet 1.



Selection and Exclusion Criteria

The RCTs which met the following criteria were included: (1) participants had mild cognitive impairment due to AD; (2) the interventions were pharmacological therapies including Cholinesterase inhibitors, Memantine, Ginkgo biloba, Huperzine A, Piracetam, Nimodipine, and Chinese medicine, or non-pharmacological therapies including acupuncture, music therapy, lifestyle therapy, exercise therapy, and nutrition therapy; (3) the comparisons were placebo, no intervention, usual care control, or other comparable interventions; (4) the study included at least one cognitive performance outcome measure in the form of either the MMSE (Mini-Mental State Examination) or ADAS-cog (AD Assessment Scale-cognitive subscale) and the efficacy of the studies must include mean changes from baseline to endpoint.

Studies with the following characteristics were excluded: (1) participants with a diagnosis of MCI due to diseases other than AD; (2) irrelevant outcomes or deficient data; and (3) case reports, review articles, clinical protocols, conference abstracts, and animal experimental studies.



Data Extraction and Quality Assessment

Two investigators (XL and YL) screened the articles and extracted the data and related statistics independently. Basic information was organized into a standard table, including information on the characteristics of the population, intervention(s), comparison(s), treatment duration, event(s), and outcome. The Cochrane Risk of Bias Tool (Savovic et al., 2014) was used by two researchers (XL and YL) to assessed the risk of bias and quality of included trials. A third reviewer (HW) was consulted to recheck studies when the first two reviewers had disagreements and discrepancies.



Outcomes

Our network meta-analysis used Mini-Mental State Examination (MMSE) as the primary outcome to measure global cognition, with higher MMSE scores meaning better cognitive function. The second outcome was the AD Assessment Scale-cognitive subscale (ADAS-cog), in which lower scores mean better cognitive function. If the complete data on outcomes were not reported in the original article, we contacted authors via email to obtain the raw data, otherwise studies lacking such data were eliminated. The data were independently collected by two reviewers (XL and YL) and rechecked by a third investigator (HW).



Statistical Analysis

Firstly, a pair-wise meta-analysis was used to compare the compliance of different therapies. By using the Aggregate Data Drug Information System (ADDIS ver. 1.16.8, available at: https://drugis.org/software/addis/index) with a random-effects model, the odds ratio (OR) was measured for discontinuous outcomes along with 95% credible intervals (CI). Statistical heterogeneity was calculated in the pair-wise comparisons with an I2 statistic and the p-value.

Furthermore, we conducted a network meta-analysis. This network meta-analysis was set up with a Bayesian framework using the Aggregate Data Drug Information System (ADDIS ver. 1.16.8, available at: https://drugis.org/software/addis/index) to determine the cognitive outcomes of nine interventions. This software uses the Bayesian framework as a base combined with the Markov chain Monte Carlo method to evaluate research data. A random-effects model was used to evaluate the effect sizes in this network meta-analysis. Random-effect model attempted to generalize findings beyond the included studies by assuming that the selected studies are random samples from a larger population (Cheung et al., 2012). The mean difference (MD) was the effect size for continuous outcomes. The models used to estimate the effect size in ADDIS were “consistency” and “inconsistency.” The consistency model aims to evaluate effect sizes of the interventions, which was used to calculate the ranking probabilities for the whole group of interventions. Node-splitting analysis helps to determine the consistency test with an inconsistency model. For instance, a consistency model was chosen when the p-value of the node-splitting analysis was >0.05. If the p-value of the node-splitting analysis was <0.05, an inconsistency model was selected. In order to evaluate the convergence of the model, the potential scale reduction factor (PSRF) was used. If the PSRF value was close to 1, the convergence of the model was more desirable. If the PSRF value was <1.2, it was still considered as acceptable. For each intervention, the ranking probabilities were estimated for every treatment at every possible rank.




RESULTS


Study Identification and Selection

Overall, a total of 13,522 studies were identified from the seven electronic databases using the search strategy, and 198 relevant full-text articles were evaluated for eligibility. There were 169 citations excluded, including 17 duplicates, 21 conference abstracts, 28 clinical protocols, 14 non-RCTs, and 90 unrelated intervention or outcome articles. Ultimately, 28 studies including 6,863 patients were clinical eligible to be included in this network meta-analysis (Figure 1). The characteristics of the selected studies were listed in Table 1.


[image: Figure 1]
FIGURE 1. Study selection. RCT, randomized controlled trial.



Table 1. Characteristics of included studies.
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Study Quality

The Cochrane Risk of Bias Tool was used to assess the quality of all 28 trials included in our study (Figure 2 shows the summary risk of bias for selected studies). Among the 28 trials, 19 (66%) represented a random sequence generation process using a computer random number generator or a random number table. Fourteen trials (48.3%) described the use of allocation concealment methods, and 22 trials (75.9%) described the blinding methods for researchers and participants. Acupuncture, music therapy, and exercise therapy are non-pharmacologic therapies, therefore some participants and researchers involved in these studies were not able to be blinded. Six trials (21.4%) had an uncertain risk of outcome assessment and 25 trials (86.2%) had a low risk of attrition bias.


[image: Figure 2]
FIGURE 2. Quality assessment of included studies.




Pair-Wise Meta-Analysis

We conducted a classic pair-wise meta-analysis using a random-effects model to synthesize studies with the same pair of interventions. All interventions, except for nimodipine, had at least one placebo controlled trial. As for the MMSE outcome, the ChEIs (MD: −0.38; 95% CI: −0.74, −0.01), Chinese medicine (MD: −0.31; 95% CI: −0.75, 0.13), exercise therapy (MD: −0.50; 95% CI: −0.65, −0.35), music therapy (MD: −1.71; 95% CI: −4.49, 1.07), were worse than placebo,and other interventions were statistically more efficient than placebo. For ADAS-cog outcome, ChEIs (MD: 1.20; 95% CI: 0.73, 1.68), Acupuncture (MD: 1.36; 95% CI: 1.28, 1.44), Chinese medicine (MD: 0.61; 95% CI: 0.49, 0.73) and exercise (MD: 0.61; 95% CI: 0.49, 0.73) were better than placebo. The detailed results of the pair-wise meta-analysis are shown in Supplementary Datasheet 2.



Network Meta-Analysis
 
Primary Outcome: MMSE

We ran a network meta-analysis to thoroughly compare and assess different treatment rankings for MCI, the network of MMSE include 23 trails and 15 interventions,the network plot presented in Figure 3A. Node-splitting analysis was used to assess consistency, and all p-values between the direct and indirect effects were > 0.05. A PSRF value of 1 indicated that the model was convergent and the result was stable. Therefore, the consistency model was selected for the subsequent network analysis.


[image: Figure 3]
FIGURE 3. (A) The network structure of the analyzed treatment comparisons for the outcome of MMSE. (B) Rank probability of cognitive effects of MMSE. ACU, acupuncture; CM, Chinese medicine; CHEI, cholinesterase inhibitors; ET, exercise therapy; MT, music therapy; NIM, nimodipine; NT, nutrition therapy.


The network meta-analysis for the primary outcome (MMSE) is shown in Table 2. In terms of efficacy music therapy (MD: 1.74; 95% CI: 0.21, 3.26), Acupuncture (MD: 1.22; 95% CI:−0.97, 3.39), and exercise therapy (MD: 0.52; 95% CI: −1.22, 2.28) achieved better than placebo. Ginkgo (MD: −0.40; 95% CI: −2.34, 1.57) and nutrition therapy (MD: −0.75; 95% CI: −2.04, 0.61) were significantly less effective than other interventions and placebo. Other pharmacological therapies including Chinese medicine (MD: 0.27; 95% CI: −0.96, 1.52) and ChEIs (MD: 0.46; 95% CI: −1.02, 1.96) showed a slight improvement in MMSE scores; however, their efficacy in MCI needs further investigation. The ranking probability of MMSE is presented in Figure 3B, the results showed that music therapy had the highest probability (59%) of being the best treatment for MCI, followed by Acupuncture (26%) and then exercise (7%).


Table 2. The consistency model of MMSE, comparisons should be read from left to right.
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Secondary Outcome: ADAS-cog

In relation to the secondary outcome (ADAS-cog score), 17 trails and 6 treatments were involved, 2 arms of Acupuncture, 6 arms of ChEIs, 3 arms of Chinese medicine, 2 arms of exercise therapy and 4 arms of nutrition therapy (presented in Figure 4A). After Node-splitting analysis,we adopted the consistency model to compare these different interventions. Chinese medicine (MD: −2.72; 95% CI: −4.83, −0.56), Acupuncture (MD: −2.84; 95% CI: −5.61, −0.34), exercise therapy (MD: −0.71; 95% CI: −3.12, 1.68), and ChEIs (MD: −0.88; 95% CI: −2.23, 0.53) were better than placebo. Nutrition therapy (MD: 1.43; 95% CI: −0.34, 3.14) was least effective compared to other interventions and placebo (shown in Table 3). The ranking probability of ADAS-cog is presented in Figure 3B. Acupuncture ranked the best (52%), it might be the most effective way to change the ADAS-cog score.


[image: Figure 4]
FIGURE 4. (A) The network structure of the analyzed treatment comparisons for the outcome of ADAS-cog. (B) Rank probability of cognitive effects of ADAS-cog.



Table 3. The consistency model of ADAS-cog, comparisons should be read from left to right.
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Adverse Events

Out of 28 trials, 13 trails reported adverse events occurred, 14 trails did not mention whether there was adverse events and one trial stated no injures reported (Table 1). 9 out of 13 trials reported adverse events related to gastrointestinal discomforts such as diarrhea, nausea, vomiting and anorexia, these interventions were mainly ChEIs, nutrition therapy and Chinese medicine. 8 out of 13 trails reported insomnia as adverse effect which mainly related to ChEIs and nutrition interventions. 1 out of 13 trails reported cardiovascular problem due to exercises intervention and 1 out of 13 trials reported Acupuncture-fainting due to Acupuncture intervention.




DISCUSSION

This study is the first network meta-analysis performed on potential pharmacological and non-pharmacological treatments for MCI, and has incorporated the most comprehensive data. The Bayesian statistical methods that we used allowed us to rank many different treatments by measuring comparable probability and then reporting them as the best, the second best, and so on. Through this method, we found that among all interventions, both pharmacological therapies (ChEIs, ginkgo, nimodipine, and Chinese medicine) and non-pharmacological therapies (acupuncture, music therapy, exercise, and nutrition therapy), music therapy and acupuncture were better than other treatments. Some pharmacological treatments like CHEIs such as donepezil, galantamine, and rivastigmine showed a slight efficacy to improve MMSE scores and cognitive function, but have many safety issues which require further clarification and study. In addition, ginkgo and nutrition therapy might be ineffective for MCI, which are thus not strongly recommended in clinical medicine.

Music therapy is one of the non-pharmacological therapies which incorporates active and passive therapy. Active music therapy can be defined as therapeutic music activities which involve active participation by clients, such as singing, dancing with music, playing an instrument, composing, and discussing clients' thoughts and feelings in regards to music-related activities in order to reach the optimal treatment effect. Passive music therapy, on the other hand, means achieving the treatment effect by listening and enjoying music. Passive music therapy is also called receptive music therapy and is widely used (Chang et al., 2015; Han et al., 2017; Claudia et al., 2019). Previous research has shown that music can activate some brain regions that govern cognitive function, affective function, and motor skills, and activate neurological stimulation which may develop new neural networks (Raglio et al., 2014; Mofredj et al., 2016). Evidence has shown that, in the context of patients with cognitive function decline, music therapy intervention increases cerebral blood flow and pre-frontal cortex activity (Shimizu et al., 2018).

Acupuncture has been shown to be a good management option in neurological diseases, with studies demonstrating acupuncture is associated with activation in motor-related brain regions as shown in functional magnetic resonance imaging (fMRI) (Chen et al., 2008, 2012; Chae et al., 2009). Other studies supplemented that Acupuncture is able to regulate the emotional components of the pain matrix, and inducing brain activation which provides a neurobiological basis of acupuncture (Shangjie et al., 2014; Shan et al., 2018). Research also suggests that acupuncture can activate resting brain networks, which incorporate anti-nociceptive, memory, and emotion brain regions. Our network meta-analysis suggests that music therapy is the optimal intervention to treat MCI patients and improve their cognitive function, whereas acupuncture was the second best option.Further research is required to assess other interventions not included in this meta-analysis. A recent study found that mindfulness therapy improved inflammatory biomarkers in patients with MCI (Ng et al., 2020). This provides an interesting perspective on the current management paradigms for MCI.

The adverse events reports showed that some participants experienced gastrointestinal reactions and insomnia due to ChEIs, nutrition and Chinese medicine interventions. However, none of these events was related to cognitive distress. Other small samples such as exercise and Acupuncture reported therapy related adverse effects such as cardiovascular problems and Acupuncture fainting respectively. Music therapy didn't report any adverse events.

There were limitations to our study. Firstly, a few RCTs showed potential bias because of the small number of participants and elective reporting. Fortunately, there was no obvious inconsistency or heterogeneity shown in this network meta-analysis, but there is a possibility that some included articles might have overestimated the effectiveness of treatments, and this might have influenced our results. Secondly, a few included reports were non-pharmaceutical therapies which cannot be blinded to participants, especially acupuncture. However, blinding of outcome assessment and single-blind methodologies should be used where possible to reduce the potential for any bias. Thirdly, we have excluded some drug interventions because of our selection criterion of outcome measures, which may influence the strength of evidence.



CONCLUSION

The findings of this comprehensive network meta-analysis provide some evidence that music therapy and acupuncture might improve the cognitive function of patients with MCI. Our results indicate that music therapy and, to a lesser extent, acupuncture may be the preferred options for treatment of MCI. Ginkgo and nutrition therapy do not seem to be adequate as regular treatment options. Our study provides new insights into the clinical treatments available for MCI, and may help the development of guidelines for the management of MCI.
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Objective: To investigate the effect of telmisartan, rosuvastatin, or their combination on dementia and to understand the impact of apolipoprotein E (APOE) genotype on the effect of the medications in older patients with hypertension.

Methods: This is a double-blind, randomized, and placebo-controlled trial using a 2 × 2 factorial design. Between April 2008 and November 2010, 1,244 hypertensive patients aged ≥60 years without cognitive impairment were recruited from communities in six cities in Shandong area, China. Patients were randomized into telmisartan and rosuvastatin administration after a 2-week washout period. APOE genotype was identified at the baseline. Possible dementia was determined using the combination of the global cognitive function and Assessment of the Informant Questionnaire on Cognitive Decline in the Elderly (IQCODE).

Results: Over an average follow-up of 7 [interquartile range (IQR): 6.7–7.2] years, telmisartan and rosuvastatin significantly reduced the cognitive impairment progression and the incidence of dementia. There was a synergistic interaction between telmisartan and rosuvastatin to reduce the cognitive impairment and the incidence of dementia (Padjusted < 0.001). The cognitive impairment progression and the risk of dementia were higher in the hypertensive patients with APOE ε4 allele than in those without APOE ε4 allele. Rosuvastatin medication significantly alleviated the cognitive impairment progression and the risks of dementia in patients with APOE ε4 allele.

Conclusion: The combination of telmisartan and rosuvastatin might be an effective prevention and/or treatment strategy for cognitive impairment and dementia, especially in hypertensive patients with the APOE ε4 allele.

Clinical Trial Registration: www.ClinicalTrials.gov, ChiCTR.org.cn, identifier ChiCTR-IOR-17013557. Registered on April 12, 2017 – Retrospectively registered, http://www.chictr.org.cn/showproj.aspx?proj=23121

Keywords: dementia, cognitive impairment, apolipoprotein E, lipid lowering, anti-hypertension, hypertension


INTRODUCTION

Dementia is an age-related and progressive neurodegenerative disease characterized by a decline in cognitive function that affects the quality of life in older adults (Peng et al., 2014; Sabia et al., 2017). Epidemiological studies reported 47 million cases of dementia worldwide in 2015 and have predicted that this will triple by 2050, given the steadily increasing life expectancy (Prince et al., 2013; Sabia et al., 2017), placing a heavy burden on individuals, families, and society. Hence, preventing and delaying the progression of dementia and cognitive impairment is a global public health issue (Shah et al., 2016).

Dementia and cognitive impairment are multifactorial diseases that are most frequently caused by aging, hypertension, dyslipidemia, and genetic factors (Farao and Iadecola, 2013; Sabia et al., 2017; Van Middelaar et al., 2018). Although hypertension is often accompanied by dyslipidemia, it is debatable whether antihypertensive treatment can improve cognitive outcome in the elderly (Farao and Iadecola, 2013; Sörös et al., 2013), and there are no specific classes of antihypertensive agents that have consistently shown greater efficacy in alleviating dementia or cognitive impairment (Gorelick et al., 2011; Farao and Iadecola, 2013). Moreover, it is unclear whether lipid-lowering statin treatment is beneficial, since different studies have reported conflicting findings (Jick et al., 2000; Hajjar et al., 2002; Rodrigues et al., 2002).

Sartans are some of the widely used antihypertensive medications. This popularity of sartans is due to its superior efficacy and tolerability profiles and the long duration of action. Sartans have been demonstrated to protect against cognitive deficits in animal models of Alzheimer’s disease (Kehoe et al., 2009; Ahmed et al., 2018) and in human beings (Petek et al., 2018). However, there is an argument on the beneficial effect of sartans on cognitive decline (Diener et al., 2008; Tsukuda et al., 2009; Ho and Nation, 2017).

Statins has been recommended by guidelines as the medication for primary prevention of cardiovascular disease (Bibbins-Domingo et al., 2016; Mortensen and Nordestgaard, 2018; Arnett et al., 2019). A recent meta-analysis study demonstrated that statin medications could produce significant reductions in major vascular events irrespective of age (Cholesterol Treatment Trialists’ Collaboration, 2019). Studies also showed that statins possess beneficial effects on reducing stroke risks and ameliorating dementia (Power et al., 2015; Geifman et al., 2017; Zissimopoulos et al., 2017; Petek et al., 2018). However, similar to sartans, the beneficial effect of statins on cognitive decline also remains controversial (Power et al., 2015; Geifman et al., 2017; Zissimopoulos et al., 2017; Sinyavskaya et al., 2018).

Several genes have been identified as risk factors for dementia and cognitive impairment in genome-wide association studies (Dergunov, 2011; Nazarian et al., 2019). One of these, apolipoprotein E (APOE), has three common alleles (ε2, ε3, and ε4) encoding distinct protein isoforms (Dergunov, 2011; Ji et al., 2018). In particular, the APOE ε4 allele is closely associated with elevated levels of total cholesterol and low-density lipoprotein cholesterol (Dergunov, 2011) with increased risk of dementia and cognitive impairment (Mahely and Huang, 1999; Reitz, 2012). However, the relationships between the APOE gene and blood pressure and APOE gene and plasma lipid-lowering treatments are not well understood. To address this issue, the present study investigated how the APOE ε4 genotype influences the effects of sartans and statins on dementia and cognitive impairment risk in older hypertensive patients.



METHODS


Standard Protocol Approval, Registration, and Patient Consent

This study was conducted in compliance with the Declaration of Helsinki and adhered to good clinical practice guidelines. The study protocol was approved by the Research Ethics Committee of the Institute of Basic Medicine, Shandong Academy of Medical Sciences, and was retrospectively registered with ChiCTR.org.cn (ChiCTR-IOR-17013557). Written informed consents were obtained from all the patients.



Study Design and Sample Size Determination

This study was a double-blind, randomized, and placebo-controlled trial using a 2 × 2 factorial design. The protocol of this study is described elsewhere (Ji et al., 2018). The major objective was to investigate the interaction of sartans and low-dose statins on the incident cardio- and cerebro-vascular events including stroke and myocardial infarction. The sample size was determined using the stroke incidence, and 1,244 essential hypertensive elderly aged ≥60 years were determined (Ji et al., 2018). In this study, we mainly investigated the interaction of sartans, statins, and APOE genotype on dementia incidence and the trajectory of global cognitive function during the study period. So, the sample size should be determined using the incidence of dementia. Given that the incidence of dementia is 5.1% per year (Jia et al., 2014), the sample size of 1,244 patients could well provide a statistical power of 90% including taking into account a dropout rate of 10% in this study.



Study Patients

Details of the study patients are as described in our previous study (Ji et al., 2018). Briefly, 1,244 essential hypertensive patients aged ≥60 years were eligible and recruited from communities in six cities in Shandong, China, between April 2008 and November 2010. The exclusion criteria were patients with Alzheimer’s disease, Parkinson’s disease, schizophrenia, seizures, Mini-Mental State Examination (MMSE) score ≤23, secondary hypertension, diabetes mellitus, myocardial infarction or stroke in the last 6 months, clear hypersensitivity or contraindication to the medications administered in the study, chronic liver disease or renal dysfunction, inflammatory muscle disease, connective tissue diseases or malignancy, drug or alcohol abuse, intention to leave current residence within 6 years, inability to walk to the clinic, and unwillingness to provide informed consent.



Study Randomization, Intervention, and Follow-Up

After a 2-week washout period, the patients were randomized on a 1:1:1:1 ratio into control (telmisartan placebo and rosuvastatin placebo), telmisartan (telmisartan activator and rosuvastatin placebo), rosuvastatin (telmisartan placebo and rosuvastatin activator), and combination (telmisartan activator and rosuvastatin activator) groups. A computer-generated randomization was conducted by members who were not directly working on the study according to the order of recruitment with a block size of eight without stratification. Each patient was assigned a unique number that was used throughout the study. The investigators and patients were masked to treatment assignment until the completion of the study and until final clinical database lockdown.

Telmisartan was administered at a concentration of either 40 mg or increased to 80 mg once daily if needed and rosuvastatin at 10 mg once daily. Hydrochlorothiazide (12.5 mg increased to 25 mg once daily if needed) was used as an open-label medication and a background treatment in the four groups. Patients were visited weekly during the washout period, then at trial months 1, 3, and 6, every 6 months thereafter, and at final visit.



Evaluation of Global Cognitive Function

Assessments of global cognitive function include the MMSE (Liu et al., 2016; Duan et al., 2017), Montreal Cognitive Assessment (MoCA; Duan et al., 2017), Mattis Dementia Rating Scale (DRS; Chan et al., 2001), and Clinical Dementia Rating (CDR; Yue et al., 2016). The scales were implemented at baseline, annual follow-up, and final visits using the Chinese versions. All tests were conducted by experienced neuropsychology research assistants who were blinded to clinical and laboratory data, genotype, and psychological outcomes. The MMSE, MoCA, DRS, and CDR are widely used standard tests for assessing, screening, and staging cognitive dysfunction and dementia with excellent test–retest and inter-rater reliability. Lower MMSE, MoCA, and DRS scores reflect more severe cognitive impairment and dementia, whereas a higher CDR score represents more severe dementia. After testing 90 patients in random, the coefficients of variation of the interobserver were 0.91 for the MMSE score, 0.89 for the MoCA score, 0.87 for DRS score, and 0.84 for CDR score.



The Informant Questionnaire on Cognitive Decline in the Elderly

Assessment of the Informant Questionnaire on Cognitive Decline in the Elderly (IQCODE) was implemented at baseline, biennial follow-up, and final visits. The IQCODE is one of the worldwide used informant (proxy)-rated complementary screening tool for dementia that rates the change in cognitive function from a previous level of 10 years earlier (Jorm and Jacomb, 1989; Jorm, 1994, 2004). It is available in various versions (Jorm and Jacomb, 1989; Jorm, 1994, 2004; Harrison et al., 2016), has demonstrated utility in multiple cultural groups (Jorm and Jacomb, 1989; Fuh et al., 1995; Morales et al., 1995; Harrison et al., 2016), and has high internal (alpha = 0.95) and test–retest (correlation coefficient = 0.75) reliabilities (Jorm and Jacomb, 1989; Gavett et al., 2011). Our study used a shortened version consisting of 16 items, which was demonstrated essentially to be comparable to the original version (Jorm, 1994), to measuring cognitive decline during the follow-up period. The IQCODE was independently completed by the spouses, relatives, friends, or carers who closely knew the patients for at least 10 years. Each item on the IQCODE is rated on a five-point scale, where 1 represents “Much better,” 2 “A bit better,” 3 “Not much change,” 4 “A bit worse,” and 5 “Much worse.” The final score is the average of the rated 16 item scores. A higher score represents a greater cognitive impairment. The coefficient of variation of the interobserver was 0.93 after being tested in random samples of 90 patients.



APOE Genotyping

DNA was extracted from 10 ml peripheral blood mixed with ethylenediaminetetraacetic acid (EDTA). APOE genotyping based on the presence of the single-nucleotide polymorphisms rs429358 and rs7412 was carried out by polymerase chain reaction using the TaqMan genotyping kit (Applied Biosystems, Foster City, CA, USA). The primers used were forward primer: 5′-TTG AAG GCC TAC AAA TCG GAA CTG-3′ and reversed primer: 5′-CCG GCT GCC CAT CTC CTC CAT CCG-3′ (Molinuevo et al., 2016). Patients were categorized as ε4-positive carriers (genotypes ε2/ε4, ε3/ε4, or ε4/ε4) or ε4-negative carriers (genotypes ε2/ε2, ε2/ε3, or ε3/ε3; Ji et al., 2018).



Outcomes

Primary outcomes included changes in global cognitive function including MMSE, MoCA, DRS, and CDR scores and dementia incidence. Possible dementia was diagnosed depending on a combination of IQCODE and global cognitive function assessment according to the recommendations from the National Institute on Aging–Alzheimer’s Association workgroups on diagnostic guidelines for Alzheimer’s disease (Narasimhalu et al., 2008; Albert et al., 2011). The cut-off of MMSE was ≤23 points or a decline of ≥3 points between any two annual follow-up visits (Liu et al., 2016; Duan et al., 2017), MoCA was >20 points (Delgado et al., 2017), DRS was >120 points (Chan et al., 2001), CDR was ≥1.0 (Yue et al., 2016), and IQCODE was ≥3.38 (Biessels et al., 2006). The secondary outcomes were incident stroke and all-cause mortality during the follow-up period.



Statistical Analysis

The intention-to-treat principle was followed in the analysis of this study. Continuous data are expressed as mean with standard deviation (SD) or the median with interquartile range (IQR; the range between the 25th and 75th percentiles) depending on the normality of the data, and categorical data are expressed as a frequency with percentages. The Kolmogorov–Smirnov test was used to assess the normality of the continuous data. Comparisons of continuous data between groups were performed with the one-way analysis of variance (ANOVA) with the Bonferroni procedure or Kruskal–Wallis H test with a Wilcoxon rank-sum test depending on the normality of the data; categorical data were compared with the chi-square test. A linear mixed model was used to assess differences in the trajectory of MMSE, MoCA, CDR, and DRS scores over the follow-up period among groups. A Kaplan–Meier analysis with the log-rank test was used to evaluate differences in the risks of dementia incidence. The Cox proportional hazards model was used to assess the hazard ratio (HR) and 95% confidence interval (CI).

In this study, we tested the interactions between telmisartan and rosuvastatin; APOE ε4 allele status and telmisartan; APOE ε4 allele status and rosuvastatin; and among APOE ε4 allele status, telmisartan, and rosuvastatin on the trajectory of global cognitive function and the dementia incidence. First, we classified patients into control, telmisartan, rosuvastatin, and combination groups to investigate the interaction between telmisartan and rosuvastatin. Then, we reclassified patients into telmisartan placebo * ε4 negative/positive [telmisartan(−) * ε4(−)/(+)] and telmisartan activator * ε4 negative/positive [telmisartan(+) * ε4(−)/(+)] groups to investigate the interaction between telmisartan and APOE ε4 allele status. Third, we reclassified patients into rosuvastatin placebo * ε4 negative/positive [rosuvastatin(−) * ε4(−)/(+)] and rosuvastatin activator * ε4 negative/positive [rosuvastatin(+) * ε4(−)/(+)] groups to investigate the interaction between rosuvastatin and APOE ε4 allele status. Finally, we subclassified the control, telmisartan, rosuvastatin, and combination groups into control * ε4(−)/(+), telmisartan * ε4(−)/(+), rosuvastatin * ε4(−)/(+), and combination * ε4(−)/(+) groups, respectively, to investigate the interaction among APOE ε4 allele status, telmisartan, and rosuvastatin.

Models were adjusted for age, sex, education, smoking, alcohol consumption, baseline body mass index, baseline blood pressure, baseline fasting plasma glucose, baseline plasma lipids, the status of hydrochlorothiazide administration, changes in blood pressure, lipids, and fasting plasma glucose during the trial period, and the stroke incidence during the trial period. Multiple sensitivity analyses were performed using: (1) first diagnosed dementia during the trial period; (2) multiple imputation by chained equations for imputing missing data for variables; (3) stratified analysis to make sure that the associations found are robust; and (4) confounders included the changes in blood pressure, lipids, and fasting plasma glucose and the stroke incidence during the trial period in models. Statistical analyses were performed using SPSS v.24.0 (SPSS Inc., Chicago, IL, USA). A two-sided P-value < 0.05 was considered statistically significant.




RESULTS


Baseline Characteristics

Figure 1 shows a flowchart of this study. The first patient was recruited on April 28, 2008, and the final follow-up visit was completed on September 25, 2017. The average follow-up period was 7.0 (IQR: 6.7–7.2) years. The mean age at baseline was 70.11 ± 6.08 years, 597 (48.0%) subjects were female, and 323 (26.0%) were APOE ε4(+). The demographic and baseline clinical characteristics of the patients in control, telmisartan, rosuvastatin, and combination groups are shown in Table 1. There were no significant differences in the demographic and clinical characteristics among the four groups (all P > 0.05).
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FIGURE 1. Flowchart.



TABLE 1. Demographic and clinical characteristics of the study population at baseline.
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Outcomes

Over the follow-up period, a total of 176 patients (2.0% per year) developed dementia. The scores of MMSE, MoCA, and DRS were declined, and the scores of CDR and IQCODE were increased relative to the baseline.



Interactions Between Telmisartan and Rosuvastatin

The trajectories of MMSE, MoCA, DRS, CDR, and IQCODE scores in the duration of follow-up are presented in Figure 2. There were declining trends in MMSE, MoCA, and DRS and increasing trends in CDR and IQCODE in the four groups. However, the differences in the trends were significant among the four groups after adjustment for confounders as above described (all Padjusted < 0.001). The declining trends in MMSE, MoCA, and DRS and the increasing trends in CDR and IQCODE were significantly lower in the combination group than in the control, telmisartan, and rosuvastatin groups (all Padjusted < 0.05). These trends in telmisartan and rosuvastatin groups were slower in the telmisartan and rosuvastatin groups when compared with the control group (all Padjusted < 0.05). Moreover, similar results were found when we further compared the changes in MMSE, MoCA, DRS, CDR, and IQCODE scores from the baseline among the four groups (all Padjusted < 0.05; Supplementary Figure S1). There were significant differences in the incidences of dementia among the four groups after adjustment for covariates (Padjusted < 0.001). The risks of dementia in the combination, telmisartan, and rosuvastatin groups were significantly lower when compared to the control group (all Padjusted < 0.001; Figure 2, Supplementary Table S1). Compared with the combination group, the risks of dementia were higher in the telmisartan group and the rosuvastatin group (all Padjusted < 0.05). There was a significant interaction between telmisartan and rosuvastatin based on the changing trends in MMSE (Padjusted = 0.011), MoCA (Padjusted = 0.007), DRS (Padjusted = 0.013), CDR (Padjusted = 0.019), and IQCODE (Padjusted = 0.014), and the incidences of dementia (Padjusted < 0.001) after adjustment for confounders including the changes in blood pressure and lipids and the stroke incidence during the trial period.
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FIGURE 2. Trajectory of global cognitive function and IQCODE and cumulative hazards of dementia incidence during the follow-up period in the patients grouped by telmisartan and rosuvastatin administration. Panel (A) is the trajectory of MMSE; panel (B) is the trajectory of MoCA; panel (C) is the trajectory of DRS; panel (D) is the trajectory of CDR; panel (E) is the trajectory of IQCODE, and panel (F) is the cumulative hazard of dementia incidence. MMSE, Mini-Mental Scale Estimation; MoCA, Montreal Cognitive Assessment; DRS, Mattis Dementia Rating Scale; CDR, Clinical Dementia Rating; IQCODE, Informant Questionnaire on Cognitive Decline in the Elderly.





Interactions Between Telmisartan and APOE ε4 Allele

Compared to the telmisartan(−) * ε4(+) group, the declining trends in MMSE, MoCA, and DRS and the increasing trends in CDR and IQCODE were significantly lower in the other three groups after adjustment for confounders (all Padjusted < 0.05; Figure 3). The declining trends in MMSE and MoCA in the telmisartan(+) * ε4(−) group were lower than those in the telmisartan(−) * ε4(−) group (Padjusted = 0.002 and = 0.023, respectively). The increasing trend in IQCODE in the telmisartan(−) * ε4(−) group was lower than that in the telmisartan(−) * ε4(+) group (Padjusted = 0.017). We further compared the changes in MMSE, MoCA, DRS, CDR, and IQCODE scores from the baseline among the four groups (Supplementary Figure S2). The changes in MMSE, MoCA, DRS, CDR, and IQCODE scores from the baseline were significantly higher in the telmisartan(−) * ε4(+) group than the other three groups (all Padjusted < 0.05). The risks of dementia in the telmisartan(+) * ε4(−) group were lower when compared to the telmisartan(−) * ε4(−) and telmisartan(−) * ε4(+) groups (Figure 3, Supplementary Table S1). No statistical interaction was observed between telmisartan and APOE ε4 allele on the changes in MMSE, MoCA, DRS, CDR, and IQCODE and in the incidences of dementia (all Padjusted > 0.05).
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FIGURE 3. Trajectory of global cognitive function and IQCODE and cumulative hazards of dementia incidence during the follow-up period in the patients grouped by telmisartan administration and APOE genotype. Panel (A) is the trajectory of MMSE; panel (B) is the trajectory of MoCA; panel (C) is the trajectory of DRS; panel (D) is the trajectory of CDR; panel (E) is the trajectory of IQCODE, and panel (F) is the cumulative hazard of dementia incidence. MMSE, Mini-Mental Scale Estimation; MoCA, Montreal Cognitive Assessment; DRS, Mattis Dementia Rating Scale; CDR, Clinical Dementia Rating; IQCODE, Informant Questionnaire on Cognitive Decline in the Elderly; APOE, apolipoprotein E.





Interactions Between Rosuvastatin and APOE ε4 Allele

The declining trends in MMSE, MoCA, and DRS and the increasing trends in CDR and IQCODE and the risks of the dementia were significantly lower in the rosuvastatin(+) * ε4(−) group than in the rosuvastatin (−) * ε4(+) and rosuvastatin(−) * ε4(−) groups (all Padjusted < 0.05; Figure 4). The declining trends in MoCA and DRS and the increasing trend in CDR were lower in the rosuvastatin(+) * ε4(+) group than in the rosuvastatin(−) * ε4(+) group (all Padjusted < 0.05). The increasing trend in IQCODE was lower in the rosuvastatin(+) * ε4(−) group than in the rosuvastatin(−) * ε4(+) and lower in the rosuvastatin(−) * ε4(−) group than in the rosuvastatin(−) * ε4(+) group (all Padjusted < 0.05). We further found that there were significant differences in the changes in MMSE, MoCA, DRS, CDR, and IQCODE scores from the baseline among the four groups (all Padjusted < 0.05; Supplementary Figure S3). However, the differences in the changes in MMSE, MoCA, DRS, CDR, and IQCODE scores from the baseline were not significant between rosuvastatin(+) * ε4(+) and rosuvastatin(+) * ε4(−) group (all Padjusted > 0.05). The risks of the dementia incidence were significantly lower in the rosuvastatin(+) * ε4(−) group than in the rosuvastatin(−) * ε4(+) and rosuvastatin(−) * ε4(−) groups (all Padjusted < 0.05; Figure 4, Supplementary Table S1). The statistical interactions were observed between rosuvastatin and APOE ε4 allele on the changes in MMSE (Padjusted = 0.018), MoCA (Padjusted = 0.020), DRS (Padjusted = 0.031), CDR (Padjusted = 0.027), and IQCODE (Padjusted = 0.022) and in the dementia (Padjusted = 0.022).
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FIGURE 4. Trajectory of global cognitive function and IQCODE and cumulative hazards of dementia incidence during the follow-up period in the patients grouped by rosuvastatin administration and APOE genotype. Panel (A) is the trajectory of MMSE; panel (B) is the trajectory of MoCA; panel (C) is the trajectory of DRS; panel (D) is the trajectory of CDR; panel (E) is the trajectory of IQCODE, and panel (F) is the cumulative hazard of dementia incidence. MMSE, Mini-Mental Scale Estimation; MoCA, Montreal Cognitive Assessment; DRS, Mattis Dementia Rating Scale; CDR, Clinical Dementia Rating; IQCODE, Informant Questionnaire on Cognitive Decline in the Elderly; APOE, apolipoprotein E.





Interactions Among Telmisartan, Rosuvastatin, and APOE ε4 Allele

The declining trends in MMSE, MoCA, and DRS and the increasing trends in CDR and IQCODE were the lowest in the combination * ε4(−) group and the highest in the control * ε4(+) group after the patients were grouped based on telmisartan, rosuvastatin, and APOE ε4 genotype. There were significant differences in the changing trends among these groups (all Padjusted < 0.05; Figure 5). Considering the changes in MMSE, MoCA, DRS, CDR, and IQCODE scores from the baseline, we did not find significant differences between the rosuvastatin * ε4(−) and rosuvastatin * ε4(+) groups and between the combination * ε4(−) and combination * ε4(+) groups (all Padjusted > 0.05; Supplementary Figure S4). The cumulative hazards of the incidences of dementia were the lowest in the combination * ε4(−) group and the highest in the control * ε4(+) group (Figure 5; Supplementary Table S1). There were interactions among telmisartan, rosuvastatin, and APOE ε4 genotype on the changing trends in MMSE (Padjusted = 0.029), MoCA (Padjusted = 0.033), DRS (Padjusted = 0.040), CDR (Padjusted = 0.036), and IQCODE (Padjusted = 0.031) and in the incidences of dementia (Padjusted = 0.028) after adjustment for confounders.
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FIGURE 5. Trajectory of global cognitive function and IQCODE and cumulative hazards of dementia incidence during the follow-up period in the patients grouped by telmisartan, rosuvastatin, and APOE genotype. Panel (A) is the trajectory of MMSE; panel (B) is the trajectory of MoCA; panel (C) is the trajectory of DRS; panel (D) is the trajectory of CDR; panel (E) is the trajectory of IQCODE, and panel (F) is the cumulative hazard of dementia incidence. MMSE, Mini-Mental Scale Estimation; MoCA, Montreal Cognitive Assessment; DRS, Mattis Dementia Rating Scale; CDR, Clinical Dementia Rating; IQCODE, Informant Questionnaire on Cognitive Decline in the Elderly; APOE, apolipoprotein E.





Changes in Blood Pressure, Lipids, and Fasting Plasma Glucose and Cumulative Hazards of Stroke Incidence

Supplementary Figures S5–S8 summarized the changes in blood pressure, lipids, and fasting plasma glucose and the cumulative hazards of stroke during the follow-up period in the patients after being grouped by different classification methods.




DISCUSSION

In this randomized clinical trial, we investigated the effects of antihypertensive and anti-lipidemic treatment on dementia, stroke incidence, and all-cause mortality in older hypertensive patients. Furthermore, the impact of APOE genotypes on the treatment was investigated in this study. The main findings were as follows: (1) both telmisartan and rosuvastatin alleviated the progression of cognitive impairment and reduced the risk of dementia; (2) telmisartan synergistically interacts with rosuvastatin to reduce the progression of cognitive impairment and the risk of dementia; (3) the hypertensive patients with APOE ε4 allele had a higher risk of cognitive impairment progression and the dementia incidence than those without APOE ε4 allele; and (4) rosuvastatin significantly alleviated the progression of cognitive impairment and the risks of dementia in patients with APOE ε4 allele.

Although the argument on the effects of sartans and statins alleviating the progression of cognitive impairment and reducing the risk of dementia remains (Diener et al., 2008; Kehoe et al., 2009; Tsukuda et al., 2009; Power et al., 2015; Geifman et al., 2017; Ho and Nation, 2017; Zissimopoulos et al., 2017; Ahmed et al., 2018; Petek et al., 2018; Sinyavskaya et al., 2018), we found that both telmisartan and rosuvastatin significantly alleviated the progression of cognitive impairment and reduced the risk of dementia even after adjustment for confounders including the level of education and the status of hydrochlorothiazide administration. A previous study indicated that telmisartan performed slightly better than placebo on attenuating the progression of cognitive impairment and the risk of dementia (Zhang et al., 2019).

In a case-control and retrospective cohort study, the use of statins was associated with a lower prevalence of dementia and improved MMSE scores compared to patients who did not receive statin treatment (Hajjar et al., 2002). A previous study (Ji et al., 2018) showed that the risk of white matter hyperintensity progression was lower in the rosuvastatin than in the placebo group, which could underlie the lower risk of dementia and cognitive impairment progression in the former patients.

In this study, we observed that telmisartan synergistically interacted with rosuvastatin to reduce the progression of cognitive impairment and the risks of dementia. This result may be due to the fact that telmisartan mainly lowers blood pressure whereas rosuvastatin mainly lowers plasma lipid. As is known, hypertension is often accompanied by dyslipidemia. Another reason might be that telmisartan and rosuvastatin exhibit pleiotropic and protective effects on the cardio- and cerebrovascular systems including anti-inflammatory and antioxidant effects (Rizos et al., 2013; Liu et al., 2014), which is significant since inflammation and oxidative stress play important roles in dementia and cognitive impairment (Bulzacka et al., 2016; Liu et al., 2018).

Genotype frequencies can be used to evaluate the efficacy of health care practices. In this study, we observed that the risk of dementia in the patients with APOE ε4 allele was higher than those without APOE ε4 allele irrespective of treatment they received. We did not find any interaction between telmisartan and APOE ε4 allele. However, as expected, a significant interaction was found between rosuvastatin and APOE ε4 allele. The differences in the changes in global cognitive function from baseline were not significant between rosuvastatin * ε4(−) and rosuvastatin * ε4(+) groups and between combination * ε4(−) and combination * ε4(+) groups. A previous study showed that the risk factors for the incidence of small cerebral vessel diseases including white matter hyperintensities, lacunes, and microbleeds that were strongly associated with dementia and cognitive impairment in subjects with APOE ε4 allele were markedly mitigated by rosuvastatin (Ji et al., 2018). Meanwhile, APOE ε4 allele is closely associated with elevated levels of plasma lipids and has been demonstrated to increase the risk of dementia and cognitive impairment (Mahely and Huang, 1999; Reitz, 2012). Thus, the risks of dementia might be reduced by rosuvastain in subjects with APOE ε4 allele that has been regarded as a statin treatment threshold in clinical practice (Davies et al., 2011).

One of the major strengths of our study is that dementia was diagnosed using the combination of global cognitive function scale testing the patients themselves and based on the informant interview on cognitive decline. Second, the changes in blood pressure and lipids and the stroke incidence were included as confounders in analysis models. Third, the impact of APOE genotype on the treatment of telmisartan, rosuvastatin, and their combination was examined. The randomized, double-blind, placebo-controlled design and long-term follow-up might also be an advantage in this study.

On the other hand, our study also had several limitations. Firstly, hydrochlorothiazide was used as a basic medication in all patients. It is difficult to distinguish between these two groups in terms of differences in the incidence of dementia and cognitive impairment, although the status of hydrochlorothiazide administration was adjusted in the analysis models. Second, we did not consider the effects of ethnicity and gender. A previous meta-analysis showed that these factors do not alter the influence of the APOE ε4 allele in dementia (Farrer et al., 1997), whereas others have reported that the effects of statins on Alzheimer’s disease patients varied according to race (Zissimopoulos et al., 2017). The differences in gender may affect the treatments of statins and sartans on cognitive impairment (Zissimopoulos et al., 2017; Ji et al., 2018). Third, a lower socioeconomic status was found to be closely associated with an increased risk of dementia and cognitive decline (Russ et al., 2013; Rusmaully et al., 2017). Socioeconomic background could bias the results of this study. Fourth, dementia was not subclassified into Alzheimer’s disease, senile dementia, and vascular dementia in this study. Lastly, we did not assess the effect of antiplatelet agents and antihyperglycemic medications as potential confounders on cognitive impairment and dementia in this study.

In conclusion, after over an average of 7 years’ follow-up, our findings indicate that the combination of telmisartan and rosuvastatin might be an effective prevention and/or treatment strategy for cognitive impairment and dementia in hypertensive patients, especially in those with APOE ε4 allele. However, our results should be validated by additional studies which take into account the differences in ethnicity, socioeconomic background, and statin agents.



DATA AVAILABILITY STATEMENT

The datasets used and/or analyzed during the current study are available from the corresponding author on reasonable request.



ETHICS STATEMENT

This study involving patients were reviewed and approved by the Research Ethics Committee of the Institute of Basic Medicine, Shandong Academy of Medical Sciences (registration number: 2007-12-09) on December 9, 2007. Each patient gave a written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

ZL, HZ, and YZ had full access to all the data in the study and had final responsibility for the decision to submit for publication and planned and initiated the trial. HZ, YL, and YD contributed to the management of data. ZL, WH, JW, and HZ contributed to the analysis and interpretation of data. WH, YL, and ZL contributed to the drafting of the manuscript. ZL, GG, and QC contributed to the critical revision of the manuscript for important intellectual content. All the authors contributed to the data collection. All authors interpreted data, critically reviewed the report, and approved the final version of the report.



FUNDING

This work was supported by the National Natural Science Foundation of China (grant numbers 81670432, 81973139, 81470489), the Key Technology Research and Development Project of Shandong (grant numbers 2018GSF118044, 2017GSF218060, 2019GSF108079, 2011GSF11822), the Innovation Project of Shandong Academy of Medical Sciences, and the Academic Promotion Programme of Shandong First Medical University.



ACKNOWLEDGMENTS

We thank the participated patients, general practitioners, and nurses who were involved in this study as well as all individuals who offered their assistance.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnagi.2020.00154/full#supplementary-material.



REFERENCES

Ahmed, H. A., Ishrat, T., Pillai, B., Fouda, A. Y., Sayed, M. A., Eldahshan, W., et al. (2018). RAS modulation prevents progressive cognitive impairment after experimental stroke: a randomized, blinded preclinical trial. J. Neuroinflammation 15:229. doi: 10.1186/s12974-018-1262-x

Albert, M. S., Dekosky, S. T., Dickson, D., Dubois, B., Feldman, H. H., Fox, N. C., et al. (2011). The diagnosis of mild cognitive impairment due to Alzhermer’s disease: recommendations from the National Institute on Aging-Alzheimer’s Association workgroups on diagnostic guidelines for Alzheimer’s disease. Alzheimers Dement. 7, 270–279. doi: 10.1016/j.jalz.2011.03.008

Arnett, D. K., Blumenthal, R. S., Albert, M. A., Buroker, A. B., Goldberger, Z. D., Hahn, E. J., et al. (2019). 2019 ACC/AHA guideline on the primary prevention of cardiovascular disease: a report of the american college of cardiology/american heart association task force on clinical practice guidelines. Circulation 140, e596–e646. doi: 10.1161/CIR.0000000000000678

Biessels, G. J., Staekenborg, S., Brunner, E., Brayne, C., and Scheltens, P. (2006). Risk of dementia in diabetes mellitus: a systematic review. Lancet Neurol. 5, 64–74. doi: 10.1016/S1474-4422(05)70284-2

Bulzacka, E., Boyer, L., Schürhoff, F., Godin, O., Berna, F., Brunel, L., et al. (2016). Chronic peripheral inflammation is associated with cognitive impairment in schizophrenia: results from the multicentric FACE-SZ dataset. Schizophr. Bull. 42, 1290–1302. doi: 10.1093/schbul/sbw029

Chan, A. S., Choi, M. K., and Salmon, D. P. (2001). The effects of age, education, and gender on the Mattis Dementia Rating Scale performance of elderly Chinese and American individuals. J. Gerontol. B. Psychol. Sci. Soc. Sci. 56, P356–P363. doi: 10.1093/geronb/56.6.p356

Cholesterol Treatment Trialists’ Collaboration. (2019). Efficacy and safety of statin therapy in older people: a meta-analysis of individual participant data from 28 randomised controlled trials. Lancet 393, 407–415. doi: 10.1016/S0140-6736(18)31942-1

Davies, N. M., Windmeijer, F., Martin, R. M., Abdollahi, M. R., Smith, G. D., Lawlor, D. A., et al. (2011). Use of genotype frequencies in medicated groups to investigate prescribing practice: APOE and statins as a proof of principle. Clin. Chem. 57, 502–510. doi: 10.1373/clinchem.2010.156356

Delgado, C., Araneda, A., and Behrens, M. I. (2017). Validation of the Spanish-language version of the motreal cognitive assessment test in adults older than 60 years. Neurologia 34, 376–385. doi: 10.1016/j.nrl.2017.01.013

Dergunov, A. D. (2011). Apolipoprotein E genotype as a most significant predictor of lipid response at lipid-lowering therapy: mechanistic and clinical studies. Biomed. Pharmacother. 65, 597–603. doi: 10.1016/j.biopha.2011.04.003

Diener, H. C., Sacco, R. L., Yusuf, S., Cotton, D., Ounpuu, S., Lawton, W. A., et al. (2008). Effects of aspirin plus extended-telease dipyridamole versus clopidogrel and telmisartan on disability and cognitive function after recurrent stroke in patients with ischaemic stroke in the Prevention Regimen for Effectively Avoiding Second Strokes (PRoFESS) trial: a double-blind, active and placebo-controlled study. Lancet Neurol. 7, 875–884. doi: 10.1016/S1474-4422(08)70198-4

Duan, D., Dong, Y., Zhang, H., Zhao, Y., Diao, Y., Cui, Y., et al. (2017). Empty-nest-related psychological distress is associated with progression of brain white matter lesions and cognitive impairment in the elderly. Sci. Rep. 7:43816. doi: 10.1038/srep43816

Farao, G., and Iadecola, C. (2013). Hypertension: a harbinger of stroke and dementia. Hypertension 62, 810–817. doi: 10.1161/hypertensionaha.113.01063

Farrer, L. A., Cupples, L. A., Haines, J. L., Hyman, B., Kukull, W. A., Mayeux, R., et al. (1997). Effects of age, sex, and ethnicity on the association between apoliporotein E genotype and Alzheimer disease. A meta-analysis. APOE and Alzheimer Disease Meta Analysis Consortium. JAMA 278, 1349–1356. doi: 10.1001/jama.278.16.1349

Fuh, J. L., Teng, E. L., Lin, K. N., Larson, E. B., Wang, S. J., Liu, C. Y., et al. (1995). The Informant Questionniare on Cognitive Decline in the Elderly (IQCODE) as a screening tool for dementia for a predominantly illiterate Chinese population. Neurology 45, 92–96. doi: 10.1212/wnl.45.1.92

Gavett, R. A., Dunn, J. E., Stoddard, A., Harty, B., and Weintraub, S. (2011). The Cognitive Change in Women study (CCW): informant ratings of cognitive change but not selft ratings are associated with neuropsychological performance over three years. Alzheimer. Dis. Assoc. Disord. 25, 305–311. doi: 10.1097/wad.0b013e31820d8652

Geifman, N., Brinton, R. D., Kennedy, R. E., Schneider, L. S., and Butte, A. J. (2017). Evidence for benefit of statins to modify cognitive decline and risk in Alzheimer’s disease. Alzheimers Res. Ther. 9:10. doi: 10.1186/s13195-017-0237-y

Gorelick, P. B., Scuteri, A., Black, S. E., Decarli, C., Greenberg, S. M., Iadecola, C., et al. (2011). Vascular contributions to cognitive impairment and dementia: a statement for healthcare professionals from the American Heart Association/American Stroke Association. Stroke 42, 2672–2713. doi: 10.1161/STR.0b013e3182299496

Hajjar, I., Schumpert, J., Hirth, V., Wieland, D., and Eleazer, G. P. (2002). The impact of the use of statins on the prevalence of dementia and the progression of cognitive impairment. J. Gerontol. A. Biol. Sci. Med. Sci. 57, M414–M418. doi: 10.1093/gerona/57.7.m414

Harrison, J. K., Stott, D. J., McShane, R., Noel-Storr, A. H., Swann-Price, R. S., and Quinn, T. J. (2016). Informant Questionnaire on Cognitive Decline in the Elderly (IQCODE) for the early diagnosis of dementia across a variety of healthcare settings. Cochrane Database Syst. Rev. 11:CD011333. doi: 10.1002/14651858.cd011333.pub2

Ho, J. K., Nation, D. A., and Alzheimer’s Disease Neuroimaging Initiative. (2017). Memory is preserved in older adults taing AT1 receptor blockers. Alzheimers Res. Ther. 9:33. doi: 10.1186/s13195-017-0255-9

Ji, T., Zhao, Y., Wang, J., Cui, Y., Duan, D., Chai, Q., et al. (2018). Effect of low-dose statins and apolipoprotein E genotype on cerebral small vessel disease in older hypertensive patients: a subgroup analysis of a randomized clinical trial. J. Am. Med. Dir. Assoc. 19, 995.e4–1002.e4. doi: 10.1016/j.jamda.2018.05.025

Jia, J., Wang, F., Wei, C., Zhou, A., Jia, X., Li, F., et al. (2014). The prevalence of dementia in urban and rural areas of China. Alzheimers Dement. 10, 1–9. doi: 10.1016/j.jalz.2013.01.012

Jick, H., Zornberg, G. L., Jick, S. S., Seshadri, S., and Drachman, D. A. (2000). Statins and the risk of dementia. Lancet 356, 1627–1631. doi: 10.1016/s0140-6736(00)03155-x

Jorm, A. F. (1994). A short form of the Informant Questionnaire on Cognitive Decline in the Elderly (IQCODE): development and cross-validation. Psychol. Med. 24, 145–153. doi: 10.1017/s003329170002691x

Jorm, A. F. (2004). The Informant Questionnaire on cognitive decline in the elderly (IQCODE): a review. Int. Psychogeriatr. 16, 275–293. doi: 10.1017/s1041610204000390

Jorm, A. F., and Jacomb, P. A. (1989). The Informant Questionnaire on Cognitive Decline in the Elderly (IQCODE): socio-demographic correlates, reliability, validity and some norms. Psychol. Med. 19, 1015–1022. doi: 10.1017/s0033291700005742

Kehoe, P., Miners, S., and Love, S. (2009). Angiotensins in Alzheimer’s disease-friend of foe? Trends Neurosci. 32, 619–628. doi: 10.1016/j.tins.2009.07.006

Liu, Z., Zhao, Y., Wang, X., Zhang, H., Cui, Y., Diao, Y., et al. (2016). Low carotid artery wall shear stress is independently associated with brain white-matter hyperintensities and cognitive impairment in older patient. Atherosclerosis 247, 78–86. doi: 10.1016/j.atherosclerosis.2016.02.003

Liu, Z., Zhao, Y., Wei, F., Ye, L., Lu, F., Zhang, H., et al. (2014). Treatment with telmisartan/rosuvastatin combination has a beneficial synergistic effect on ameliorating Th17/Treg functional imbalance in hypertensive patients with carotid atherosclerosis. Atherosclerosis 233, 291–299. doi: 10.1016/j.atherosclerosis.2013.12.004

Liu, W., Zhao, Y., Zhang, X., and Ji, J. (2018). Simvastatin ameliorates cognitive impairments via inhibition of oxidative stress-induced apoptosis of hippocampal cells through the ERK/AKT signaling pathway in a rat model of senile dementia. Mol. Med. Rep. 17, 1885–1892. doi: 10.3892/mmr.2017.8098

Mahely, R. W., and Huang, Y. (1999). Apolipoprotein E: from atherosclerosis to Alzheimer’s disease and beyond. Curr. Opin. Lipidol. 10, 207–217. doi: 10.1097/00041433-199906000-00003

Molinuevo, J. L., Gramunt, N., Gispert, J. D., Fauria, K., Esteller, M., Minguillon, C., et al. (2016). The AlFA project: a research platform to identify early pathophysiological features of Alzheimer’s disease. Alzheimers Dement. 2, 82–92. doi: 10.1016/j.trci.2016.02.003

Morales, J. M., Gonzalez-Montalvo, J. I., Bermejo, F., and Del-Ser, T. (1995). The screening of mild dementia with a shortened Spanish version of the “Informant Questionnaire on Cognitive Decline in the Elderly”. Alzheimer. Dis. Assoc. Disord. 9, 105–111. doi: 10.1097/00002093-199509020-00008

Mortensen, M. B., and Nordestgaard, B. G. (2018). Comparison of five major guidelines for statin use in primary prevention in a contemporary general population. Ann. Intern. Med. 168, 85–92. doi: 10.7326/m17-0681

Narasimhalu, K., Lee, J., Auchus, A. P., and Chen, C. P. (2008). Improving detection of dementia in Asian patients with low education: combining the Mini-mental State Examination and the Informant Questionnaire on Cognitive Decline in the Elderly. Dement. Geriatr. Gogn. Disord. 25, 17–22. doi: 10.1159/000111128

Nazarian, A., Arbeev, K. G., Yashkin, A. P., and Kulminski, A. M. (2019). Genetic heterogeneity of Alzheimer’s disease in subjects with and without hypertension. Geroscience 41, 137–154. doi: 10.1007/s11357-019-00071-5

Peng, J., Lu, F., Wang, Z., Zhong, M., Sun, L., Hu, N., et al. (2014). Excessive lowering of blood pressure is not beneficial for progression of brain white matter hyperintensive and cognitive impairment in elderly hypertensive patients: 4-year follow-up study. J. Am. Med. Dir. Assoc. 15, 904–910. doi: 10.1016/j.jamda.2014.07.005

Petek, B., Villa-Lopez, M., Loera-Valencia, R., Gerenu, G., Winblad, B., kramberger, M. G., et al. (2018). Connecting the brain cholesterol and rennin-angiotensin systems: potential role of statins and RAS-modifying medications in dementia. J. Intern. Med. 284, 620–642. doi: 10.1111/joim.12838

Power, M. C., Weuve, J., Sharrett, A. R., Blacker, D., and Gottesman, R. F. (2015). Statins, cognition and dementia - systematic review and methodological commentary. Nat. Rev. Neurol. 11, 220–229. doi: 10.1038/nrneurol.2015.35

Prince, M., Bryce, R., Albanese, E., Wimo, A., Riberiro, W., and Ferri, C. P. (2013). The global prevalence of dementia: a systematic review and metaanalysis. Alzheimers Dement. 9, 63–75. doi: 10.1016/j.jalz.2012.11.007

Reitz, C. (2012). Dyslipidemia and dementia: current epidemiology, genetic evidence, and mechanisms behind the associations. J. Alzheimers Dis. 30, 127–145. doi: 10.3233/jad-2011-110599

Rizos, C. V., Liberopoulos, E. N., Tellis, C. C., Tselepis, A. D., and Elisaf, M. S. (2013). The effect of combining rosuvastatin with sartans of different peroxisome proliferator receptor-γ activating capacity on plasma 8-isoprostane prostaglandin F2α levels. Arch. Med. Sci. 9, 172–176. doi: 10.5114/aoms.2013.33357

Rodrigues, E. G., Dodge, H. H., Birzescu, M. A., Stoehr, G. P., and Ganguli, M. (2002). Use of lipid-lowering drugs in older adults with and without dementia: a community-based epidemiological study. J. Am. Geriatr. Soc. 50, 1852–1856. doi: 10.1046/j.1532-5415.2002.50515.x

Rusmaully, J., Dugravot, A., Moatti, J. P., Marmot, M. G., Elbaz, A., Kivimaki, M., et al. (2017). Contribution of cognitive performance and cognitive decline to associations between socioeconomic factors and dementia: a cohort study. PloS Med. 14:e1002334. doi: 10.1371/journal.pmed.1002334

Russ, T. C., Stamatakis, E., Hamer, M., Starr, J. M., Kivimäki, M., and Batty, G. D. (2013). Socioeconomic status as a risk factor for dementia death: individual participant meta-analysis of 86 508 men and women from the UK. Br. J. Psychiatry 203, 10–17. doi: 10.1192/bjp.bp.112.119479

Sabia, S., Dugravot, A., Dartigues, J. F., Abell, J., Elbaz, A., Kivimäki, M., et al. (2017). Physical activity, cognitive decline and risk of dementia: 28 year follow-up of Whitehall II cohort study. BMJ 357:j2709. doi: 10.1136/bmj.j2709

Shah, H., Albanese, E., Duggan, C., Rudan, I., Langa, K. M., Carrillo, M. C., et al. (2016). Research priorities to reduce the global burden of dementia by 2025. Lancet Neurol. 15, 1285–1294. doi: 10.1016/s1474-4422(16)30235-6

Sinyavskaya, L., Gauthier, S., Renoux, C., Dell’Aniello, S., Suissa, S., and Brassard, P. (2018). Comparative effect of statins on the risk of incident Alzheimer disease. Neurology 90, e179–e187. doi: 10.1212/wnl.0000000000004818

Sörös, P., Whitehead, S., Spence, J. D., and Hachinski, V. (2013). Antihypertensive treatment can prevent stroke and cognitive decline. Nat. Rev. Neurol. 9, 174–178. doi: 10.1038/nrneurol.2012.255

Tsukuda, K., Mogi, M., Iwanami, J., Min, L. J., Sakata, A., Jing, F., et al. (2009). Cognitive deficit in amyloid-β-injected mice was improved by pretreatment with a low dose of telmisartan partly because of peroxisome proliferators-activated receptor-γ activation. Hypertension 54, 782–787. doi: 10.1161/hypertensionaha.109.136879

US Preventive Services Task Force, Bibbins-Domingo K., Grossman, D. C., Curry, S. J., Davidson, K. W., Epling, J. W. Jr., et al. (2016). Statin use for the primary prevention of cardiovascular disease in adults: US Preventive Services Task Force Recommendation Statement. JAMA 316, 1997–2007. doi: 10.1001/jama.2016.15450

Van Middelaar, T., van Vught, L. A., van Gool, W. A., Simons, E. M., van den Born, B. H., Moll van Charante, E. P., et al. (2018). Blood pressure-lowering interventions to prevent dementia: a systematic review and meta-analysis. J. Hypertens. 36, 1780–1787. doi: 10.1097/hjh.0000000000001829

Yue, W., Wang, X. D., Shi, Z., Wang, Y., Liu, S., Liu, S., et al. (2016). The prevalence of dementia with lewy bodies in a rural area of China. Parkinsonism Relat. Disord. 29, 72–77. doi: 10.1016/j.parkreldis.2016.05.022

Zhang, H., Cui, Y., Zhao, Y., Dong, Y., Duan, D., Wang, J., et al. (2019). Effects of sartans and low-dose statins on cerebral white matter hyperintensities and cognitive function in older patients with hypertension: a randomized, double-blind and placebo-controlled clinical trial. Hypertens. Res. 42, 717–729. doi: 10.1038/s41440-018-0165-7

Zissimopoulos, J. M., Barthold, D., Brinton, R. D., and Joyce, G. (2017). Sex and race differences in the association between statin use and the incidence of Alzheimer disease. JAMA Neurol. 74, 225–232. doi: 10.1001/jamaneurol.2016.3783

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2020 Hu, Li, Zhao, Dong, Cui, Sun, Gong, Zhang, Chai, Wang and Liu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.












	 
	REVIEW
published: 17 June 2020
doi: 10.3389/fnins.2020.00626





[image: image]

Parkinson’s Disease and the Gut: Future Perspectives for Early Diagnosis

Jana Harsanyiova1, Tomas Buday1 and Alzbeta Kralova Trancikova2*

1Departmet of Pahophysiology, Jessenius Faculty of Medicine in Martin, Comenius University, Bratislava, Slovakia

2Biomedical Center Martin, Jessenius Faculty of Medicine in Martin, Comenius University, Bratislava, Slovakia

Edited by:
Woon-Man Kung, Chinese Culture University, Taiwan

Reviewed by:
Nicola B. Mercuri, University of Rome Tor Vergata, Italy
Yogesh Singh, Tübingen University Hospital, Germany
Masaki Takao, National Center of Neurology and Psychiatry, Japan

*Correspondence: Alzbeta Kralova Trancikova, alzbeta.trancikova@uniba.sk

Specialty section: This article was submitted to Neurodegeneration, a section of the journal Frontiers in Neuroscience

Received: 12 March 2020
Accepted: 19 May 2020
Published: 17 June 2020

Citation: Harsanyiova J, Buday T and Kralova Trancikova A (2020) Parkinson’s Disease and the Gut: Future Perspectives for Early Diagnosis. Front. Neurosci. 14:626. doi: 10.3389/fnins.2020.00626

Parkinson’s disease (PD) is a neurodegenerative disease characterized by progressive degeneration of dopaminergic neurons, and at the cellular level by the formation of Lewy bodies in the central nervous system (CNS). However, the onset of the disease is believed to be localized to peripheral organs, particularly the gastrointestinal tract (GIT) and the olfactory bulb sooner before neuropathological changes occur in the CNS. Patients already in the pre-motor stage of PD suffer from various digestive problems and/or due to significant changes in the composition of the intestinal microbiome in this early stage of the disease. Detailed analyses of patient biopsies and autopsies as well as animal models of neuropathological changes characteristic of PD provided important information on the pathology or treatment of PD symptoms. However, presently is not clarified (i) the specific tissue in the GIT where the pathological processes associated with PD is initiated; (ii) the mechanism by which these processes are disseminated to the CNS or other tissues within the GIT; and (iii) which neuropathological changes could also serve as a reliable diagnostic marker of the premotor stages of PD, or (iv) which type of GIT tissue would be the most appropriate choice for routine examination of patient biopsies.
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INTRODUCTION

Parkinson’s disease (PD) with the prevalence of approximately 2%, is the second most common neurodegenerative disease in the world after Alzheimer’s disease (AD) (de Lau and Breteler, 2006), in which the incidence increases rapidly with age (Dauer and Przedborski, 2003). Most cases of PD, approximately 90%, represent the idiopathic forms of the disease (Hansen and Li, 2012). The disease is characterized by progressive degeneration of dopaminergic neurons in the central nervous system (CNS), namely, the substantia nigra pars compacta (SNpc), and dopamine (DA) deficiency in the striatum, which is associated with the occurrence of many motor and non-motor symptoms (Dauer and Przedborski, 2003; Jankovic, 2008; Santos et al., 2019). In addition to the characteristic clinical motor symptoms such as tremor, bradykinesia, stiffness and postural instability, the disease is also manifested by non-motor symptoms, most commonly by dysfunction of the gastrointestinal tract (GIT) and olfaction (Braak et al., 2003).

The neuropathological feature of PD is the formation of intraneuronal cytoplasmic eosinophilic protein inclusions, Lewy bodies (LB) and Lewy neurites (LNs) in neurons of both the central and enteric nervous systems (ENS). The major component of LB and LNs, among other proteins, is pathologically aggregated alpha-synuclein (αS) (Braak et al., 2006; Caputi and Giron, 2018). The αS is a presynaptic protein whose exact physiological function is currently not fully understood, but its localization in the presynaptic nerve terminals may indicate an influence on the regulation of synaptic vesicle transduction (Cabin et al., 2002; Trancikova et al., 2011). Physiologically, αS most commonly occurs in the form of stable unfolded monomers (Eliezer et al., 2001) or folded tetramers (Bartels et al., 2011). Oligomers, protofibrils, and fibrils (Lashuel et al., 2013), typically phosphorylated at serine 129 (S129) (Okochi et al., 2000; Fujiwara et al., 2002) are considered to be pathological conformers associated with the αS pathogenesis in neurodegenerative diseases (Figure 1).
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FIGURE 1. Schematic overview of the physiological and pathological forms of αS. The physiological forms of αS commonly found in the CNS or peripheral tissues of the CNS are mainly stable unfolded monomers or folded tetramers. Under pathological conditions, conformational changes of αS with beta-sheet formation occur that are associated with the occurrence of oligomers, followed by protofibrils and fibrils typically phosphorylated on serine 129, until they eventually deposit in Lewy bodies. These forms are considered to be pathological conformers of αS associated with the pathogenesis of neurodegenerative diseases.


As early as the beginning of the 21st century, Braak et al. (2003, 2006) suggested that the development of PD initiates in the ENS based on the effect of an unknown toxin and/or pathogen, and progresses to the CNS through anatomical connections of these systems or that ENS may be affected by PD pathology in the initial stage of the disease. However, the exact GIT localization of initial PD pathology and specific mechanisms of disease spreading to the CNS are still not fully understood.

The aim of this article is to: (i) summarize experimental possibilities of early PD diagnosis based on biopsies and autopsies of PD patients and animal models; (ii) on the basis of current knowledge, delineate possible mechanisms by which the disease can develop and spread in the CNS, and (iii) finally, we focused on the complexity and lack of information in the studies and attempted to explore the possibilities for improving the detection of PD-related pathological processes in GIT tissues.



IMPACT OF PD-ASSOCIATED PATHOLOGICAL PROCESSES ON THE ENTERIC NERVOUS SYSTEM

The enteric nervous system (“second brain”) is a complex neural network made up of about 100 million neurons (Furness, 2008) consisting of two plexuses: myenteric (Auerbach’s) and submucosal (Meissner’s). These innervate both the proximal part of GIT, the oral cavity, the salivary glands, the esophagus, and the stomach; as well as the distal GIT, the small intestine, colon and rectum (Lebouvier et al., 2009; Visanji et al., 2014). The myenteric plexus is located between the longitudinal and circular muscle layers throughout the entire GIT, where it controls mainly smooth muscle activity and motility. The submucosal plexus is mainly present in the small and large intestine, to a lesser extent in the stomach, while in the esophagus it is not present at all (Visanji et al., 2014). Enteric neurons are unevenly distributed in both plexuses, ENS along the entire GIT consists of intrinsic innervation located in the gastrointestinal wall and extrinsic innervation derived from sympathetic and parasympathetic nervous systems. Regulation of GIT function, such as motility and secretion by the ENS is independent of the CNS. However, ENS is bidirectionally connected to the CNS and together they form the so-called gut–brain axis (GBA) at the level of the autonomic nervous system (Lebouvier et al., 2009; Carabotti et al., 2015). Despite the fact that the ENS controls the physiological processes taking place in GIT independently of the CNS, the link between the two systems mediates their mutual influence (Rao and Gershon, 2016). Because of this connection, a healthy organism maintains intestinal homeostasis, and vice versa, neurodegenerative CNS diseases are reflected in ENS disorders and thus in gastrointestinal problems of patients. This causality is also seen in other neurodegenerative diseases such as AD, transmissible spongiform encephalopathies, or amyotrophic lateral sclerosis (Spielman et al., 2018), while GIT disorders often result in CNS-related symptoms (Caputi and Giron, 2018). The ENS, similar to the CNS, also contains a small proportion of dopaminergic neurons present at higher concentrations in both plexuses of the proximal parts of the GIT, with a decreasing tendency in its distal parts (Anlauf et al., 2003). However, the correlation between PD and the loss of dopaminergic neurons in GIT has only been demonstrated by Singaram in the analysis of colon tissues from patients with developed PD (Singaram et al., 1995). The study of the presence of LBs and LNs is still receiving a great deal of attention. We will deal with this issue in more detail in the following sections.

We must not forget the effect of the intestinal microbiome on the gut–brain relationship and their crosstalk. The intestinal microbiome constantly interacts with the ENS, either through bacterial metabolites or components of the bacterial walls and thus influences neural transmission in the ENS (Thomas et al., 2012; Forsythe and Kunze, 2013; Elfil et al., 2020). The intestinal epithelium forms a barrier that prevents the passage of harmful content and at the same time allows the absorption and secretion of nutrients (Marchiando et al., 2010; Chapelet et al., 2019) or drugs (Jin et al., 2019). The composition of the intestinal microbiota affects the proper function of this barrier, by regulating the expression of the tight junction proteins such as occludin, claudins, and zonula occludens-1 (ZO-1) (Bhattarai, 2018; Chapelet et al., 2019). Increased bowel permeability, called “leaky gut,” is typical for patients with early PD (Forsyth et al., 2011), when the function of the intestinal barrier is disrupted with subsequent inflammatory processes and increased oxidative stress. This environment further promotes αS accumulation and aggregation in the ENS (Sampson et al., 2016). Consistent with these findings, decreased expression of some tight junction proteins has been found in animal PD models (Gorecki et al., 2019; Dodiya et al., 2020) or in PD patients (Maes and Leunis, 2008; Clairembault et al., 2015a). In addition, increased expression of inflammatory cytokines and glial markers, also detected in GIT biopsies of PD patients, was positively correlated with disease progression and severity (Devos et al., 2013; Lin et al., 2019; Elfil et al., 2020).

An even higher incidence of peptic ulcer and Helicobacter pylori infections has been found in patients with PD up to 8–10 years before the onset of motor symptoms (Alvarez-Arellano and Maldonado-Bernal, 2014; Elfil et al., 2020). PD-associated neurodegeneration is likely to occur through the Helicobacter pylori-induced autoimmune and inflammatory response with increased production of pro-inflammatory cytokines and leukocyte activation. These can cross the disrupted blood–brain barrier (BBB), causing neurotoxicity and neurodegeneration (Dobbs et al., 2008; Elfil et al., 2020). In addition, Helicobacter pylori infection is associated with decreased L-DOPA absorption, whether due to Helicobacter pylori-induced inflammatory response in the gut of PD patients or increased gastric acid secretion. In these patients, eradication of Helicobacter pylori led to an improvement in L-DOPA responsive motor problems (Pierantozzi et al., 2006; Lee et al., 2008; Elfil et al., 2020). Several studies have confirmed reproducible and significant changes in the intestinal microbiome composition that correlate with PD-related motor symptoms (Scheperjans et al., 2015; Sampson et al., 2016; Perez-Pardo et al., 2017; Elfil et al., 2020). These changes are summarized in detail by several authors (Sun and Shen, 2018; Chapelet et al., 2019; Elfil et al., 2020; Shen, 2020).

These authors agree that the intestinal microbiome is also important for the development of the “parkinsonian intestine” phenotype. For example, a significantly increased concentration of Enterobacteriaceae in PD patients, which correlates with the severity of postural instability and gait difficulty. Conversely, reduced level of Prevotellaceae family correlates with increased intestinal permeability and vitamin B1 and B9 deficiency in these patients (Scheperjans et al., 2015). In addition, significantly reduced levels of the Lactobacillaceae family (Mukherjee et al., 2016) in patients with PD are mainly associated with the development of inflammatory processes, since anti-inflammatory effects are attributed to this bacterial family (Borre et al., 2014; Scheperjans et al., 2015; Unger et al., 2016). Decreased levels of some bacterial families (such as Prevotellaceae, Lactobacillaceae, Lachnospiraceae) in PD patients are interesting in terms of their ability to reduce short-chain fatty acid (SCFA) levels (Scher et al., 2013; Zmora et al., 2019) or ghrelin (Song et al., 2017; Yanagi et al., 2017). Both SCFA and ghrelin have a neuroprotective function, so their reduced levels observed in patients with PD can be considered not only as one of the critical factors of PD but also potentially reflect disease severity (Hill-Burns et al., 2017; Song et al., 2017; Elfil et al., 2020).

Intestinal microbiota may also affect drug metabolism and uptake, as confirmed by a negative correlation in the case of Prevotellaceae or, conversely, a positive correlation in the case of Turicibacteraceae (Lin et al., 2019). In this context, the positive effect of probiotic supportive treatment on the motor as well as non-motor symptoms of the disease was confirmed not only in PD patients (Tamtaji et al., 2019) but also in experimental animal models of PD (Srivastav et al., 2019; Hsieh et al., 2020).



LOCALIZATION OF PATHOLOGICAL FORMS OF α-SYNUCLEIN IN THE ENS OF PD PATIENTS

Since Qualman et al. (1984) published the presence of LBs in the esophagus in 1 PD patient and 1 PD patient in the colon in 1984, an increasing number of post-mortem and in vivo studies have focused on finding or developing a suitable method for reliable detection of neuropathological changes in peripheral organs that would be suitable for taking biopsies. Pathologically aggregated αS in GIT has been identified to date in biopsies of PD patients from different parts of GIT (summarized in Table 1). However, the number of studies provided, the size of the individual groups used in these studies and controversy in obtained results (see below) does not make it possible to clearly determine the primary initiation site of the disease pathology onset within GIT and where or to which organs the pathology subsequently spreads (Cersosimo, 2015).


TABLE 1. Summary of studies focused on the presence of pathological forms of αS in various peripheral tissues.
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Salivary Glands and Pharynx

Salivary glands as a tissue with a relatively high number of αS aggregates have been studied in autopsies (Beach et al., 2010) as well as in biopsies of PD patients (Cersosimo et al., 2011). The presence of αS inclusions in minor salivary glands biopsies was confirmed in all PD (n = 3) patients, whereas control biopsies (n = 3) did not show this pathology (Cersosimo, 2015).

A needle core biopsy of the submandibular gland of PD revealed the presence of LBs was confirmed in 75% of cases but the study did not include control patients or patients with another type of neurodegenerative disease. However, due to minimal invasiveness, the possibility of using only local anesthesia, and the overall simplicity and reproducibility, this method presents a suitable method for monitoring Lewy body pathology in patients with PD (Adler et al., 2014).

Dysphagia is one of the many clinical problems of PD patients but often leads to more serious clinical complications, such as aspiration pneumonia, the most common cause of death in PD patients (Mu et al., 2013). Analysis of the pharynx autopsies of patients with confirmed PD (n = 10) and control samples (n = 4) confirmed the presence of phosphorylated αS (P- αS) aggregates in the sensory nerve axons of all PD patients with PD, compared to control samples. Patients with dysphagia even exhibited more αS-positive fibers than PD patients without diagnosed dysphagia. These results, therefore, suggest that pharyngeal sensory nerves are primarily affected by PD pathology, which may be related to subsequent sensitization of pharyngeal tissue, presence of oedema and further development of dysphagia in PD patients (Mu et al., 2013).



Esophagus

At about the same time as Qualman published the first mention of LBs in ENS, Wakabayashi et al. (1988) focused on autopsies of GIT tissues in patients with histologically confirmed PD (n = 7). The presence of LBs was observed across the entire GIT with the highest concentration in the myenteric plexus at the lower part of the esophagus. However, healthy individuals (8/24) also showed LB-positivity (Wakabayashi et al., 1988). Extensive analysis of the presence of P-αS in autopsies of various tissues of patients not only with PD (n = 17) but also AD (n = 19), dementia with LBs (DLB, n = 9) and incidental Lewy body disease (n = 7) in comparison with healthy individuals (n = 23), confirmed the rostrocaudal P-αS distribution in the GIT of PD patients. The highest incidence was detected in the submandibular gland and lower part of the esophagus, while the concentration of aggregates decreased in the stomach, small intestine, colon, and rectum and even no presence of P-αS positive inclusions has been reported in the upper 2/3 of the esophagus (Beach et al., 2010).

Similarly, in a post-mortem histopathological study of tissues derived from the CNS-and autonomous nervous system from PD patients PD (n = 10), DLB (n = 5) and others (n = 13) including atypical parkinsonism and dementia without LBs (n = 13), the presence of αS aggregates was confirmed in all PD and DLB case, in contrast to the atypical form of parkinsonism and dementia without LBs. These aggregates have been confirmed not only in GIT tissues, but also in the adrenal gland, heart, sympathetic ganglia, vagus nerve, and genitourinary tract, with the typical rostrocaudal distribution. Distal esophagus and stomach contained the most observed αS aggregates, while the rectum contained the least (Gelpi et al., 2014).



Stomach and Small Intestine

Analysis of the gastric mucosa in PD patients, control subjects, including cases with premotor symptoms, confirmed αS inclusions in the gastric mucosa were found in (17/28) patients with PD, in control biopsies (1/23) and patients with premotor symptoms (1/6) (Sanchez-Ferro et al., 2015). Besides that, the intraneuronal αS-positive inclusions have also been observed across the entire gastric ENS (cardia, fundus, pylorus), in the myenteric and submucosal plexus, as well as in the peripheral nerves found in the adventitia, in autopsies obtained from the brain and stomach of patients with sporadic PD (Braak et al., 2006). Also, the presence of αS-positive LNs was determined in fundic, antral and duodenal submucosa biopsies from one PD patient (Pouclet et al., 2012).



Colon

To date, the colon has been the most studied part of the GIT in relation to PD (Schneider et al., 2016). Several studies have confirmed the occurrence of P-αS-positive LNs in colon biopsies from PD patients suggesting that conventional colon biopsies can be used to study the submucosal plexus of the ENS (Lebouvier et al., 2009, 2010; Shannon et al., 2012a, b; Gold et al., 2013; Visanji et al., 2014; Clairembault et al., 2015a).

In colon biopsies from PD patients (21/29) but not in healthy individuals (0/10), Lebouvier observed αS-positive LNs along with the loss of neurofilament-positive neurons in the ganglia. This increased number of LNs correlated with PD symptoms (Lebouvier et al., 2010). Similarly, Clairembault et al. (2015a) detected P-αS-positive LNs in the submucosal plexus of the colon (23/31). In all cases, control samples were negative for P-αS.

Several studies have focused on early PD symptoms in the GIT, and thus on pre-motor PD patients (Shannon et al., 2012a, b; Hilton et al., 2014; Visanji et al., 2014). Shannon et al. (2012a) confirmed the presence of αS in colon biopsies confirmed in all premotor PD patients (9/9) but not in healthy individuals (0/23), supporting the hypothesis of the incidence of pathological αS in GIT tissues in the pre-motor stages of the disease. In addition, increased oxidative stress was present in PD patients as well as in both control groups, suggesting that the pathological occurrence of αS is not the result of an inflammatory process or oxidative stress (Shannon et al., 2012b). Visanji et al. (2015) compared the presence of αS and P-αS in colon biopsies from patients at various stages of the disease (early PD n = 15; late PD n = 7) and healthy individuals (n = 11). However, the analysis did not confirm the difference in the presence of αS and P-αS within the studies groups, mainly due to the high positivity for αS and P-αS in control samples (Visanji et al., 2015). To date, the largest study has focused on analyzing the accumulation of pathological P-αS in various types of GIT tissues in patients with a very early pre-motor phase of the disease, at least 8 years before the first motor symptoms of PD. Together, they studied 117 biopsies from 62 PD patients and 161 samples from healthy subjects. Accumulation of P-αS was confirmed in mucosal and submucosal neurites in only seven PD patients, with all control biopsies without positive findings. Regarding GIT tissues, P-αS positivity was detected in gastric, duodenal and colon biopsies. However, in contrast to the abovementioned studies by Qualman et al. (1984), Wakabayashi et al. (1988), and Gelpi et al., 2014, esophageal samples did not confirm this positivity (Hilton et al., 2014).

In colon mucosa biopsies of idiopathic PD patients, αS positivity was present in most PD subjects studied (18/19), but P-αS was found in all PD patients (19/19) and all healthy individuals (8/8) (Antunes et al., 2016). When comparing colon biopsy samples of PD patients with AD and healthy individuals, up to 53% of all study subjects being positive for αS in an age-independent manner. While all samples from PD patients (10/10) were positive for αS, with significantly higher prevalence and expression compared to the control group, AD patients were in most cases negative for the presence of αS or did not exceed the control group (Gold et al., 2013).

A recent study focused not only on the detection of pathological forms of αS in the GIT, but the results have been correlated with non-motor symptoms of the disease (Lee et al., 2018). However, the presence of αS in gastric and colonic biopsies of PD patients (n = 35) and healthy individuals (n = 52) did not significantly correlate with complex GI dysfunction such as constipation, dyspepsia, abdominal pain or with the deterioration of a specific intestinal segment (Lee et al., 2018). Despite the relatively large sample of subjects studied, this study has several limitations: (i) analysis of deeper intestinal layers (especially ENS of submucosal and myenteric plexuses) and other GIT tissue types, (ii) immunohistochemical staining for pathological αS, (iii) the use of conventional histological approach only, (iv) lack of other experimental methods (e.g., biochemical) and (v) the low sample quality.

In general, the results agree that immunohistochemical confirmation of colorectal αS pathology in PD patients may be a suitable pre-mortem diagnosis of the disease. However, due to the slight inconsistency of the results in relation to healthy individuals, it is necessary to extend the standard immunological analysis to other types of analysis. Corbille et al. (2016) evaluated and compared four different immunohistochemical methods for optimal detection of Lewy-type synucleinopathy from submucosal colon biopsies of PD patients (n = 9) and healthy individuals (n = 3). However, none of the compared αS detection methods, granular staining in the lamina propria, perivascular/vascular wall submucosal staining, lacy-granular pattern in the submucosa and epithelial cell nuclear staining, showed specificity and sensitivity of more than 80%, which evaluates these methods as inadequate for routine PD diagnostics (Corbille et al., 2016). Similarly, biochemical analysis by one-dimensional or two-dimensional electrophoresis of colon biopsy samples from 17 PD patients (n = 17) and healthy individuals (n = 13) did not confirm a difference in αS expression levels, phosphorylation and aggregation between the groups in the study (Corbille et al., 2017). These findings reflect the limitations of individual methods suggesting the need for new and more sensitive methods, as well as the necessity to combine several methodologies for an accurate diagnosis.

Furthermore, Fenyi et al. (2019) recently studied GIT biopsies from the antrum, sigmoid colon and rectum from 18 PD patients and 11 healthy individuals. However, the classical immunohistochemical detection has been extended by the protein misfolding cyclic amplification (PMCA) assay. Interestingly, control subject with positive PMCA test subsequently developed PD symptoms. The immunohistochemical detection revealed the presence of P-aS in 5/15 PD samples, with four of these samples also being PMCA positive, indicating the diagnostic potential of the PMCA method. Control samples did not show any positivity for P-aS. Rectal biopsy does not represent a possibility of obtaining material in the case of PMCA due to insufficient number of aS aggregates (Fenyi et al., 2019).



Appendix

It is now well documented that the vermiform appendix is part of the immune tissues associated with GIT, and also serves as a reservoir of the intestinal microbiome (Killinger and Labrie, 2019). Nevertheless, the mechanisms by which the appendix affects intestinal immunity and microbiome are still unknown today. In relation to PD, epidemiological studies have found that early appendectomy correlates with a reduction in the risk of developing PD (Killinger et al., 2018). This is probably due to the presence of aggregated aS also in healthy individuals in the mucosa and enteric plexuses of the appendix (Killinger et al., 2018). The fact, that a higher density of αS aggregates in the appendix was detected in PD patients as well as asymptomatic patients (Stokholm et al., 2016) suggest, that misfolded αS accumulates in the appendix, from where the pathology may have spread to other organs. Therefore, early removal of lymphoid organs with accumulated misfolded αS could potentially represent a therapeutic tool for patients in the early stages of PD or with familiar form (Gray et al., 2014; Killinger et al., 2018).



ANIMAL MODELS

Animal models in PD research represent an irreplaceable source of new knowledge, whether in connection with the understanding of the pathomechanisms that of PD initiation and progression, but also as preclinical models of PD (Metzger and Emborg, 2019). They can also help to elucidate whether intestinal dysbiosis is a cause or a consequence of PD-related pathology. However, no animal model can recapitulate all the symptoms and processes associated with the pathogenesis and progression of PD (summarized in Table 2) (Klingelhoefer and Reichmann, 2015). Just in an effort to address these shortcomings, a new generation of PD models is constantly being developed (Metzger and Emborg, 2019).


TABLE 2. Overview of the most used animal models of PD, their associated phenotypes and AS pathology.
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Toxin-Induced Models

Toxin-induced models are widely used models mainly due to the relatively simple use of the toxin, clear phenotype, the rapid onset of motor or non-motor symptoms of the disease and the ability to reflect motor complications of antiparkinsonian drugs, such as L-DOPA-induced dyskinesia (Morin et al., 2014; Taguchi et al., 2020b). The disadvantage is the exposure of experimenters to toxins, the frequent criticism that the concentrations used to induce PD-related symptoms do not commonly occur in the natural environment, but in particular that robust motor phenotypes may interfere with the analysis of non-motor symptoms (Taguchi et al., 2020b).



Rotenone Models

Rotenone is a highly lipophilic pesticide that readily crosses the BBB, spreads to neurons, and accumulates in mitochondria, where it acts as an inhibitor of mitochondrial complex I (Duty and Jenner, 2011). Rotenone-induced rodent models of PD are able to reproduce the neuropathological, anatomical as well as behavioral properties of the disease (Betarbet et al., 2000). In addition to the neurodegeneration of the nigrostriatal dopaminergic system and the presence of cytoplasmic inclusions in these neurons, accompanied by motor problems (Tieu, 2011), non-motor symptoms at the GIT level were also observed (Drolet et al., 2009; Greene et al., 2009; Tieu, 2011). However, Tasselli et al. (2013) did not confirm the delay in gastric emptying after oral application of rotenone to mice, despite the present neurodegeneration in SNpc. Similarly, the presence or absence of LB or pathological αS in the GIT or ENS depends on the route of rotenone administration, the dose used, and the length of exposure (Drolet et al., 2009; Greene et al., 2009; Pan-Montojo et al., 2010; Metzger and Emborg, 2019).

Regarding microbiota changes in the GIT, a significant decrease in the beneficial Bifidobacterium bacteria (Perez-Pardo et al., 2018) or, conversely, an increase in Gram-negative mucin-degrading bacteria (Akkermansia) (Dodiya et al., 2020) were observed in the rotenone-induced PD model. Chronic stress is another factor leading to an increase in intestinal hyperpermeability and a reduction of anti-inflammatory bacteria (Lactobacillus) in experimental animals. In combination with rotenone, chronic stress even promoted its potential to induce CNS pathology, manifested by a significant increase in the number of dystrophic microglia, increased reactivity of lipopolysaccharides (LPS) in SNpc and decreased DA in the striatum compared to control mice (Dodiya et al., 2020).



MPTP Models

MPTP (1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine) is a potent neurotoxin with high affinity for the DA transporter, as a result of which the metabolite MPTP (MPP+) accumulates in the mitochondria and acts as an inhibitor of mitochondrial complex I (Cleeter et al., 1992). MPTP is used to induce a parkinsonian-like phenotype in a number of mammalian animal models, e.g., in monkeys, mice, rats, swine, cats and sheep (Tieu, 2011). The mouse and monkey model are most commonly used, as the sensitivity to MPTP is comparatively lower in other mammals (e.g., rats) (Hisahara and Shimohama, 2010). The neuropathological effect of MPTP on the nigrostriatal DA pathway in animal models is similar to that observed in PD patients (Langston et al., 1999).

In ENS, an MPTP-induced significant decrease in dopaminergic neurons, tyrosine hydroxylase-positive (TH+), in the myenteric plexus has been described in monkeys (Chaumette et al., 2009) as well as in a mouse model of PD (Anderson et al., 2007). Other GIT dysfunctions have been described in a mouse model, but the information is controversial in some cases. While Anderson et al., 2007 reported increased MPTP-induced colon motility as well as unchanged emptying time compared to control animals, several other authors observed a significant reduction in colonic motility and constipation (Natale et al., 2010; Ellett et al., 2016). Selective loss of TH+ neurons was observed in the myenteric and submucosal plexuses of the colon, but not in the esophagus and stomach. The decrease in DA was accompanied by an increase in αS levels (Natale et al., 2010). Furthermore, in mice, MPTP-induced loss of TH+ neurons in ENS led to a strong immune response in the GIT (Cote et al., 2015; Ellett et al., 2016). Interestingly, partial depletion of pro-inflammatory M1 monocytes had a positive effect in terms of protecting ENS from TH+ neuronal loss, but this effect was ton manifested in the CNS (Cote et al., 2015). On the other hand, therapeutics (CuII) with a neuroprotective effect on the CNS improve not only motor functions but also intestinal functions defined by improved stool frequency, reduced enteric glial cell reactivity and markers of inflammation, as well as restoration of neuronal subpopulations in myenteric plexus damaged by MPTP exposure. These results suggest the existence of similar pathomechanisms in the CNS and ENS (Ellett et al., 2016).



6-OHDA Models

6-OHDA is a hydroxylated DA analog acting as a selective catecholaminergic neurotoxin that inhibits mitochondrial complex I and IV (Glinka and Youdim, 1995) and produces reactive oxygen species in cells (Cohen and Heikkila, 1974). Since 6-OHDA cannot effectively cross the BBB, direct injection of this toxin into a specific site in the brain is required (Perese et al., 1989; Przedborski et al., 1995; Hisahara and Shimohama, 2010; Duty and Jenner, 2011). As early as 1968 (Ungerstedt, 1968), complete anterograde degeneration of the nigrostriatal dopaminergic neural system associated with motor problems was described in rats after administration of 6-OHDA into the SNpc. In addition to the ability to recapitulate the motor symptoms of the disease (Hisahara and Shimohama, 2010; Tieu, 2011), the 6-OHDA rat model mimics many of the biochemical features of PD, such as a reduction in DA and TH levels in the striatum (Duty and Jenner, 2011). However, like many other animal models of PD, the 6-OHDA model fails to induce the formation of LBs, an important pathological feature of PD.

Regarding pre-motor symptoms, several authors reported PD-like constipation in 6-OHDA animal models (Blandini et al., 2009; Zhu et al., 2012; Levandis et al., 2015; Zhang et al., 2015; Fornai et al., 2016). Unilateral (Zhu et al., 2012) or bilateral (Zheng et al., 2011) injection of 6-OHDA to SNpc of rats leads to a general decrease of central DA as well as delayed gastric emptying, suggesting that central DA may regulate GIT function (Zheng et al., 2011; Zhu et al., 2012; Metzger and Emborg, 2019).



Paraquat Models

The herbicide Paraquat, (1,1’-dimethyl-4,4’-bipyridine) is the inducer of αS aggregation and the oxidative stress in dopaminergic neurons (Kuter et al., 2007, 2010). Anselmi et al. (2017, 2018) reported a paraquat-induced decrease in gastric motility, and gastric tone, followed by increased αS immunoreactivity in dorsal motor nucleus of the vagus (DMV) in a rat model of PD (Anselmi et al., 2017, 2018). Co-administration of subthreshold doses of paraquat with lectin directly into the stomach of rats leads to a progressive PD-like phenotype, represented by the decrease in TH+ neurons in SNpc, the presence of misfolded αS in the SNpc and DMV, and L-DOPA responsive motor deficits. These symptoms were preceded by gastric dysmotility. Interestingly, vagotomy was able to block the spread of misfolded αS outside the myenteric neurons and even prevented the development of PD-related symptoms in these rats (Anselmi et al., 2018).



Genetic Models

Since the number of patients with the familial form of PD is significantly lower than the incidence of an idiopathic form of the disease, genetic research of affected families is very demanding (Hisahara and Shimohama, 2010). Particularly because of this fact, it is extremely important to develop appropriate genetic animal models for research to investigate the etiopathology of PD. In these models, we must not forget that the choice of promoter fully influences the observed phenotype, whether in terms of the level of expression or the regions in which this gene will be expressed. A disadvantage compared to toxic models is the slower onset of the phenotype, and also that only a few models show loss of DA neurons and an associated motor phenotype (Taguchi et al., 2020b). Nevertheless, these models can significantly contribute not only to the understanding of PD-related pathomechanisms but also in the development of symptomatic or disease-modifying therapies that target non-motor symptoms associated with the disease. Therefore, efforts are constantly increasing to develop a PD model that would reproduce several PD-specific premotor symptoms at the same time, followed by slowly progressive DA neurodegeneration (Taguchi et al., 2020b).



αS Overexpressing Models

In the case of αS, it is known that quantitative, as well as qualitative changes in αS, contribute to the development of PD. Several models have been developed, either based on over-expression of the wt αS gene (SNCA) or with the insertion of pathological mutations (A53T, A30P) (Singleton et al., 2003; Chartier-Harlin et al., 2004; Ibanez et al., 2004; Taguchi et al., 2020b). As mentioned above, the choice of strong exogenous promoters used in these models affects not only the phenotype but also the spatial and temporal distribution of the pathology, which may not always reflect the real human PD pathology. However, in general, we can say that αS transgenic models are able to recapitulate αS aggregation, similar to PD patients (Taguchi et al., 2020b).

Overexpression of αS (Thy1-αS) results in decreased basal stool, slower colonic transit time with significantly higher stool content (Wang et al., 2008). This manifestation was preceded by increased αS in myenteric plexuses with numerous varicose terminals surrounding specifically immunoreactive pChAT neurons (Wang et al., 2012). Sampson et al. (2016) revealed that in Thy1-αS mice, microbial depletion reduces the CNS pathology, characterized by reduced accumulation of pathological αS in the brain, as well as motor and GIT dysfunction. Microbiota transplants from PD patients lead to a significant deterioration of intestinal dysfunction as well as overall PD symptoms in these mice (Sampson et al., 2016). Similarly, colonization of curli (amyloid protein)-producing Escherichia coli, in Thy1-αS mice induces the αS pathology in both the gut and brain, along with classical intestinal and motor dysfunctions. Interestingly, treatment of these mice with a gut-restricted amyloid inhibitor blocks the progression of curli-induced pathology (Sampson et al., 2020). These results confirm the role of intestinal microbiota and bacteria-produced amyloids in the progression of PD-related CNS pathology, presumably through microglial activation and neuroinflammation, suggesting a potential positive effect of antibiotic treatment on ameliorating GIT as well as CNS symptoms in PD patients (Sampson et al., 2016, 2020).

Several studies have addressed the induction of the PD phenotype by lipopolysaccharide (LPS). LPS is a pro-inflammatory bowel-derived bacterial endotoxin that has been shown to induce progressive nigrostriatal pathology (Qin et al., 2007; Liu et al., 2008; Kelly et al., 2014). In addition, an increased amount of LPS-producing Gammaproteobacteria or mucin-degrading bacteria Verrucomicrobiaceae has been confirmed in patients with PD (Gorecki et al., 2019). In Thy1-αS mice, low dose oral administration of LPS induces the early onset of motor symptoms along with increased αS in the CNS. However, microbiota analysis did not confirm a higher rate of Gammaproteobacteria or the amount of Verrucomicrobiaceae, which were even reduced. These results confirm that elevated central levels of αS alone may not lead to early intestinal manifestations in PD (Gorecki et al., 2019). In contrast, induction of PD-related pathology by IP application of LPS in a wt mice led to increased αS expression and accumulation of pathological P-αS specifically in the colon, accompanied by a temporary increased colon permeability. However, nigrostriatal degeneration or other significant pathological changes in the CNS have not been confirmed (Kelly et al., 2014).



αS-A53T Transgenic Models

Previous studies using experimental animals have confirmed the role of the pathological A53T mutation of αS in the development of PD-related motor and non-motor dysfunctions, such as age-related anxiety and loss of olfaction associated with αS aggregation in the olfactory bulb as well as myenteric plexus and adrenal neurons (Farrell et al., 2014; Kujawska and Jodynis-Liebert, 2018; Taguchi et al., 2020b). Similarly, in PrP-A53T-αS (M83 tg) mice, the age-related significant accumulation of P-αS was detected first in the intestinal nervous system and later in the brain, but in both cases, it preceded the onset of motor symptoms of the disease (Bencsik et al., 2014). The combination of oral paraquat application in M83 tg mice accelerated the onset of αS-associated pathology, with motor dysfunction as well as the presence of P-αS and neuroinflammation in ENS already present in young mice (Naudet et al., 2017). In the context of GIT symptoms, already young M83 tg mice show remarkable signs of gastrointestinal dysfunction, which precede motor abnormalities and CNS pathology. The presence of aggregated forms of αS has been detected in neurons in both myenteric and submucosal plexuses but specifically only in the colon. The problems with intestinal peristalsis are indicated by a slowed transit time through the colon and an abnormal stool. This assertion was supported by electrically evoked contractions of the colon, which showed a reduced motor response in these mice (Rota et al., 2019).

Recently, a new BAC-A53T-αS mouse model with the insertion of two single nucleotide polymorphisms associated with familial PD or with an increased risk of sporadic PD has been published. The expression of pathological forms of αS (truncated, oligomeric and phosphorylated) has been confirmed in areas consistent with clinical findings, including the olfactory bulb, cerebral cortex, striatum and SNpc. Among the first symptoms, the authors observed REM sleep disorders, with P-αS present in areas regulating neuronal populations in the lower brainstem such as the sublaterodorsal tegmental nucleus, nuclei in the ventromedial medullary reticular formation, and pedunculopontine nuclei. With the delay, the present hyposmia correlated with the accumulation of P-αS in the olfactory bulb. These manifestations appeared long before the degeneration of dopaminergic neurons in the SNpc. However, the authors did not observe any associated motor dysfunction (Taguchi et al., 2020a). Together, these results support the hypothesis that GIT dysfunction and other non-motor symptoms represent an early symptom of αS-mediated pathology without parallel involvement of the CNS (Farrell et al., 2014; Naudet et al., 2017; Rota et al., 2019; Taguchi et al., 2020a).



Other Genetic Models

Mutations in phosphatase and tensin homolog- (PTEN-) induced novel kinase 1 (PINK1) are associated with early-onset PD. In addition to its role in mitophagy (Narendra et al., 2008), it also plays an important role in adaptive immunity (Matheoud et al., 2016), supporting the hypothesis that autoimmune mechanisms are involved in the etiology of Parkinson’s disease (Matheoud et al., 2019). The deletion of the pink1 gene in mouse alone does not reflect the characteristic features of the disease, suggesting that the development of the disease symptoms is likely to occur in conjunction with other factors. In this respect, in a recent interesting study, the authors described that intestinal infection of PINK–/– mice with Gram-negative bacteria induces autoimmune mechanisms not only in the periphery but also in the CNS, which are presented by a decrease in the density of dopaminergic axonal varices in the striatum or L-DOPA responsive motor functions. The authors suggest that PINK1 also plays a role in immune system repression and support the gut–brain axis hypothesis of PD-related pathomechanisms (Matheoud et al., 2019).

MitoPark is a chronic, progressive mouse model that recapitulates several key motor (Ekstrand et al., 2007; Li et al., 2013; Ay et al., 2017; Langley et al., 2018) as well as non-motor (Ekstrand and Galter, 2009; Li et al., 2013; Ghaisas et al., 2019) aspects of PD. From the point of view of the GIT itself, among the first non-motor symptoms of PD, decreased motility of the GIT was observed with gradual progression of colon transit times, reduced fecal water content and intestinal inflammation characterized by activation of glial cells in the myenteric plexus. Later, a loss of TH+ neurons was also observed, as well as reduced levels of DA in midbrain as well as in the intestine. Metabolomics analysis also showed slight changes in the composition of the intestinal microbiota or bacterial metabolites (Ghaisas et al., 2019). In this context, Hsieh et al. (2020) observed that long-term administration of probiotics has neuroprotective effects on dopamine neurons and significantly reduced motor dysfunction in MitoPark PD mice (Hsieh et al., 2020). These results suggest the neuroprotective potential of probiotics, probably due to their inhibition of glial cell activation and neuroinflammation, increased butyrate levels, and increased levels of some neurotrophic factors (Fang, 2019; Srivastav et al., 2019). However, the effects and basic mechanisms of such probiotic treatment in PD are unclear (Ghaisas et al., 2019).



αS Propagation Models

Although αS propagation models are still in development, but due to the shorter onset of the phenotype, their widespread use in terms of experimental models, they represent a promising model in the study of prodromal PD (Kim et al., 2019; Taguchi et al., 2020b). However, it should be borne in mind that different approaches to the purification of αS fibrils, as well as application in different models, can significantly affect the degree of their spread in cells as well as the observed phenotype (Uemura et al., 2018; Kim et al., 2019).

One possibility is the purification of pathological forms of αS from extracts of human brain tissue from patients with dementia with LB (DLB) (Lee et al., 2011) or PD (Holmqvist et al., 2014). Injection of human brain tissue extracts from DLB patients containing stable αS aggregates into the gastric walls of transgenic M83 tg mice resulted in increased deposition and aggregation of αS in myenteric neurons, accompanied by a transiently increased inflammatory response in the GIT. These results indicate that pathological αS aggregates may induce aggregation of endogenous αS in myenteric neurons in M83 tg mice, suggesting the transmission of αS-associated pathology within the ENS (Lee et al., 2011). Application of human brain tissue extracts from PD patients containing various physiological as well as pathological forms of αS to the intestinal wall of rats confirmed retrograde transport of aggregated αS through vagal nerves from the intestine to the brain and that slow and fast components of axonal transport are involved in this process (Holmqvist et al., 2014).

The second, frequently used, the possibility is the preparation of recombinant αS preformed fibrils (PFF). Intramuscular administration of PFF in M83 tg transgenic mice resulted in motor disorders accompanied by the presence of CNS protein inclusions and neuroinflammation. Transection of the sciatic nerve in these mice significantly delayed the onset of CNS pathology as well as motor symptoms themselves, suggesting the involvement of retrograde transport in the induction of αS pathology in the CNS (Sacino et al., 2014). Intraperitoneal or intraglossal application of PFF in M83 tg led to the development of paralysis and the presence of aggregated as well as P-αS in the CNS and spinal cord (Breid et al., 2016). In another study, the authors focused on the propagation of PFFs applied to the olfactory bulb of wild-type (WT) mice. They observed the progression of αS-associated pathology initially manifested by the olfactory disorders, and gradually spread to distant areas of the brain (Rey et al., 2018). Uemura et al. (2018) focused on the propagation of αS-associated pathology mediated by the injection of PFF into the gastric wall of WT or αS-A53T BAC transgenic mice (Uemura et al., 2020). In the case of WT mice, the presence of aggregates of P-αS was observed in the DMV, which, however, did not progress further. Performed vagotomy resulted in a gradual reduction of P-αS aggregates in DMV but did not affect the P-αS-positive aggregates in the myenteric plexus (Uemura et al., 2018). When αS PFF were applied to the gastric wall of αS A53T BAC transgenic mice, they observed a significant increase in αS levels in the brain as well as in stomach compared to WT mice, along with an increased amount of P-αS in DMV. These results indicate, that BAC transgenic expression of αS promoted the propagation of αS-associated pathology in the brainstem, but not subsequent caudo-rostral spread in line with Braak’s hypothesis (Uemura et al., 2020).



POSSIBLE PATHWAYS OF PD PATHOLOGY PROPAGATION FROM ENS TO CNS

According to Braak’s model, neuropathological changes from GIT are transmitted through anatomical connections between ENS and CNS (Braak et al., 2003, 2006), with the initiation of PD pathogenesis in the ENS and DMV much earlier than SNpc pathology. This hypothesis is also supported by the results of biopsies, experimental animals but also with the use of cellular models. For example, in cellular models, the oligomeric αS can be endocytosed by neurons and induce αS aggregation in primary neuronal cultures (Lee et al., 2008; Desplats et al., 2009; Liu et al., 2009). Several either toxin-induced (Pan-Montojo et al., 2012) or PFF-propagation (Holmqvist et al., 2014; Uemura et al., 2018; Kim et al., 2019) mouse models demonstrated vagus-dependent transmission of αS-pathology from peripheral tissues to the CNS followed by the development of motor symptoms. Slight differences in observations in these studies, such as the degree of αS-pathology in the CNS, in some cases its gradual decrease with the inability to lead to the loss of dopaminergic neurons, may also be the result of various PFF purification as well as application protocols used in experiments (Kim et al., 2019). However, important findings were that the hemivagotomy or sympathectomy blocked (Pan-Montojo et al., 2012; Kim et al., 2019), reduced or at least delayed the observed CNS pathology. Similarly, in patients who underwent truncal vagotomy, the risk of PD was significantly reduced (Svensson et al., 2015; Tysnes et al., 2015). All these data suggest that transmission via nervus vagus is one of the possible ways of spreading αS-related PD pathology.

On the other hand, in mice with PFF-induced pathology in the duodenum, the presence of αS inclusion, has been observed in the ENS, intermediolateral spinal cord but also stomach, the dorsal motor nucleus of the vagus nerve, locus coeruleus and even heart. In control animals, these pathological features were not observed. These results open new possibilities for bidirectional αS propagation through the nervus vagus: duodenum–brainstem–stomach, which means the possibility of secondary transmission of αS pathology through the anterograde pathway after initial retrograde transmission (Van Den Berge et al., 2019).

An interesting view of the origin and development of PD-associated pathology is provided by the so-called “the threshold hypothesis,” which is based on the parallel degeneration of PNS and CNS (Engelender and Isacson, 2017). According to this theory, almost non-motor symptoms in PD are the result of a “lower functional threshold of enteric neurons,” due to their less-developed network with a smaller number of compensatory mechanisms and connections in the ENS compared to the CNS. As PD-associated motor symptoms occur with the loss of approximately 70% of dopaminergic neurons in the SNpC, multiple compensatory mechanisms are thought to exist in the CNS (Marsden, 1982; Hantraye et al., 1992; Wullner et al., 1994; Brownell et al., 1998; Cooper et al., 2009; Mou et al., 2020).

The authors claim that this principle reflects current knowledge of the neurobiology of PD better compared to Braak’s hypothesis. The main counter-arguments are that the only presumed mechanism of selective sensitivity of certain enteric neurons is the less developed compensatory mechanisms in the ENS and also that it does not explain experimental data on αS -associated pathology between ENS and CNS (Mou et al., 2020).

Finally, we must not forget the observed changes in the composition of the intestinal microbiota in PD patients as well as in experimental animals. These changes may affect the local immune response, which leads to disruption of the mucosal barrier of the GIT and subsequent inflammatory reactions. Systemic inflammation as a result of migrated gut bacteria and cytokines may results in an impairment of BBB, progressively to neuroinflammation and through the over-response of the CNS immune system or CNS inflammatory response to neurodegeneration (Maes and Leunis, 2008; Clairembault et al., 2015b; Yang et al., 2017; Morais et al., 2018; Perez-Pardo et al., 2018; Dodiya et al., 2020). However, the role of the intestinal microbiota in the initiation and progression of PD-related pathology is currently unclear, as well as whether these changes in the intestinal microbiome are the cause or consequence of aS-related pathology. In any case, changes in the composition of the intestinal microbiome, as well as gut inflammation, are considered a risk factor in the development of PD (Chapelet et al., 2019).



CONCLUDING REMARKS AND PERSPECTIVES

The finding that primary PD pathogenesis occurs in peripheral tissues already several years prior the onset of typical motor symptoms suggests that it is extremely important to focus further PD research on early detection of disease, which could bring new treatment options to patients in early stages of PD and improvement of the life quality.

However, despite the incredible efforts and progress in this area, a number of principal questions remain unanswered. One of them poses the question of why, despite the presence of pathological αS forms in peripheral tissues, for example in the appendix (Killinger et al., 2018), there is no pathogenesis of PD in all humans (Mazurskyy and Howitt, 2019).

Moreover, it is currently unknown which GIT tissue would be most suitable for early detection of neuropathological PD changes with respect to minimal invasiveness and patient safety. Therefore, further research into the pathogenesis of PD would need to focus on a more comprehensive examination of tissues, whether obtained from appropriate animal models or biopsy patients obtained both in the pre-motor stage of PD and after the onset of neuropathological changes in the CNS and the development of motor symptoms. These more detailed and, in particular, more comprehensive studies would help several questions to be answered:

(i) in which part of the GIT the pathogenesis of PD occurs

(ii) whether the pathology from that particular tissue progressively spreads to the CNS

(iii) or is first disseminated within the GIT itself

(iv) or the onset is localized across the entire GIT.

The next limiting step in such studies is the methodology itself. Each method, as we all know very well, has its limitations, advantages, and disadvantages, therefore, it is necessary not only to continually improve and optimize these methods but also to confirm the obtained results with other methodologies. Recent studies suggest that a combination of several methodologies could provide answers to the questions asked (Fenyi et al., 2019) (Figure 2). A large number of studies that we summarized in this review are based on immunohistochemical detection of neuropathological changes in the peripheral tissues of PD patients. In these types of experiments, however, very few studies are concerned with comprehensive research into PD neuropathology, often lacking appropriate control subjects, colocalization of several types of pathological forms of αS, or confirmation of results by biochemical methods. Animal experiments can provide a more comprehensive view, but in these cases, conventional immunohistochemical analysis is often combined only with behavioral tests or basic biochemical methods.
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FIGURE 2. Possibilities to extend of αS-detection methods in GIT tissues of PD patients or animal models. Each method has its limits, so in order to find a reliable method of PD diagnosis, a more comprehensive approach to the analysis of studied tissues is necessary. In contrast to conventional immunohistochemistry, immunohistochemical analysis of whole-mount tissues provides a more comprehensive view of the processes taking place in the studied tissue under. The conformation-specific antibody may significantly improve the ability to detect pathological αS, as the detection of total αS, or its phosphorylated form, does not appear to be sufficient at present. These can be used not only for immunohistochemical or biochemical analyzes and, together with various currently widely available signal amplification systems, they can increase not only the specificity but also the sensitivity of the given methods. PMCA appears to be very versatile and specific in detecting αS pathological forms, as well as in distinguishing individual pathological αS strains. Imaging methods may rely on the continuous development of either fluorescent probes or the development of the methodologies themselves. Luminescent-conjugated oligothiophenes (LCO) represent a new generation of probes with the ability to detect a broader spectrum of protein aggregate proteins, compared to conventional probes. In addition, based on changes in emission spectra, they also provide information on the conformation of the studied aggregated proteins. Fluorescent lifetime imaging (FLIM) reflects the qualitative changes near fluorophore, and therefore with higher sensitivity can detect very small, such as conformational, changes. Although the role of the intestinal microbiome in the PD pathogenesis is currently unclear, analysis of the intestinal microbiota, inflammatory response or permeability of the intestinal barrier can provide a more comprehensive view of the processes taking place in the GIT.


Detection of pathological changes by classical histology with analysis and staining of microsections obtained from patient biopsies has, similar to other methods, its limitations. These arise mainly from the nature of the methodology where the tissue is not analyzed as a whole, which can lead to the loss of important information within individual micro-sections. A significant advantage of this methodology, however, is the minimal invasiveness in the removal of biological material from a living patient. Unlike micro-section analysis, the wholemount tissue analysis approach can visualize and analyze innervation from a larger area of the GIT, at a greater depth that can provide a more comprehensive view of the processes taking place in a given tissue (Wang et al., 2012; Harsanyiova et al., 2019). Increasing the sensitivity of immunohistochemical staining, for example by the amplification method (Harsanyiova et al., 2019), could help detect even minimal levels of various pathological forms of αS. The availability of antibodies against a wider spectrum of pathological forms of αS makes it possible to extend the possibilities of immunohistochemical staining and may suggest a time course of the disease.

It is believed that the toxicity of oligomeric forms of αS is higher than insoluble fibrils. Therefore, it is the oligomeric forms that are considered to be initiators of neurodegeneration not only in PD but also in other neurodegenerative diseases (Glabe and Kayed, 2006; Benilova et al., 2012; Mou et al., 2020). Conformational-specific antibodies may be useful in detecting the initiation stages of αS-associated pathology in GIT tissues, not only by immunohistochemical staining of tissues but in some cases also in biochemical analyzes such as, e.g., dot blot or ELISA. The PMCA assay utilizes the functional properties of oligomers to inoculate polymerization of monomeric protein. Its versatility and high specificity are confirmed by studies where PMCA has been used to detect the pathological forms of αS in colony biopsies (Fenyi et al., 2019), or cerebrospinal fluid (Shahnawaz et al., 2017; Kang et al., 2019). PMCA is also able to distinguish different conformational strains of αS that are involved in the development of various synucleinopathies, as confirmed by analysis of samples from patients with PD multiple systemic atrophy (MSA), with an overall sensitivity of up to 95.4% (Shahnawaz et al., 2020).

Furthermore, using more sophisticated FLIM-based detection methods that analyze the lifetime of fluorescence emitted by endogenous or exogenous fluorophores can help resolve the onset and progression of PD pathogenesis at the very early stages of the disease. The lifetime of fluorescence emitted by a fluorophore is affected by the environment of a given fluorophore, which allows the detection of even very small changes (e.g., conformational changes of αS) with higher sensitivity compared to immunohistochemical or biochemical methods.

Several fluorescent probes used as a “gold standard” (Thioflavin S and Thioflavin T) in the detection of aggregated proteins associated with neurodegenerative diseases have been successfully used in FLIM analysis not only in recombinant systems (Plotegher et al., 2015) but also in cellular models (Pokusa and Kralova Trancikova, 2018). Furthermore, FLIM analysis using luminescent conjugated oligothiophenes (LCOs) was able to distinguish αS-positive inclusions in the brain sections of the brain of PD patients and patients with MSA (Klingstedt et al., 2019 #174). LCOs are, in comparison with classical fluorescent probes, such as Thioflavins or Congo red, able to detect a wider range of protein aggregates. Due to their flexible thiophene backbone, the emitted light depends on their binding to proteins in different conformations. In addition, differences in the emission spectra of these LCOs reveals different conformations of αS strains in patients with PD and MSA (Klingstedt et al., 2011, 2019).
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SRC-1 Knockout Exerts No Effect on Amyloid β Deposition in APP/PS1 Mice
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Steroid receptor coactivator 1 (SRC-1) is the key coactivator because of its transcriptional activity. Previous studies have shown that SRC-1 is abundant in the hippocampus and has been implicated in cognition. SRC-1 is also related to some major risk factors for Alzheimer’s disease (AD), such as a decline in estrogen and aging, however, whether SRC-1 is involved in the pathogenesis of AD remains unclear. In this study, we established SRC-1 knockout in AD mice by cross breeding SRC-1−/− mutant mice with APP/PS1 transgenic mice, and investigated the expression of some synaptic proteins, the amyloid β (Aβ) deposition, and activation of astrocytes and microglia in the hippocampus of APP/PS1×SRC-1−/− mice. The results showed that SRC-1 knockout neither affects the Aβ plaque and activation of glia, nor changes the expression of synaptic proteins in AD model mice. The above results suggest that the complete deletion of SRC-1 in the embryo exerts no effect on the pathogenesis of APP/PS1 mice. Nevertheless, this study could not eliminate the possible role of SRC-1 in the development of AD due to the lack of observation of other events in AD such as tau hyperphosphorylation and the limitation of the animal model employed.

Keywords: steroid receptor coactivator 1, Alzheimer’s disease, amyloid-β, synapse, glia


INTRODUCTION

Alzheimer’s disease (AD), the most prevalent cause of dementia, is characterized by progressive cognitive impairment (Fernandez et al., 2019; Lu et al., 2019). The mechanisms of sporadic AD (representing more than 95% of AD cases) are uncertain, but some major risk factors have been identified. The incidence of AD rises exponentially with age (Villemagne et al., 2013; Wattmo and Wallin, 2017). The sex hormone offers protective effects on the brain and the deprivation during menopause or andropause triggers neurodysfunction, neurodegeneration, and cognitive disease (Meng et al., 2010; Ross et al., 2017) and disproportionately increases the risk of AD (Zhao et al., 2015; Tang et al., 2018).

Steroids, such as estrogen and androgen, have profound roles in the hippocampal function and may causally be involved in cognitive deficits in AD (Hasanpour et al., 2018). Steroid receptor coactivator 1 (SRC-1) is the key coactivator to the nuclear receptors (NRs) of the steroids and is important to their effect on transcriptional activities (Bayele, 2019; Heck et al., 2020). It has been reported that SRC-1 is abundantly expressed in specific brain regions such as the hippocampus and cortex, which are recognized as the crucial brain structures in cognition (Charlier et al., 2005, 2013; Qiu et al., 2016; Zalachoras et al., 2016). Previous studies have shown that SRC-1 is in involved in the estrogen receptor (ER) or androgen receptor (AR) induced memory formulation and synaptic plasticity in the hippocampus (Bian et al., 2012; Liu et al., 2015; Qiu et al., 2016; Zhao et al., 2017). The aged-related decrease of SRC-1 expression is also observed, especially in the hippocampus region (Zhang et al., 2011; Zhao et al., 2017). Taken together, these studies indicate that SRC-1 might be implicated in the interaction of these risk factors and the development of AD, which leads to the question of whether SRC-1 is involved in the pathogenesis of AD or not.

In this study, we first evaluated the SRC-1 level in APP/PS1 transgenic mice, and then investigated the effect of SRC-1 in the pathogenesis of AD mice by cross breeding the SRC-1 knockout (SRC-1−/−) mice with the APP/PS1 mice. Our results showed that SRC-1 expression in the APP/PS1 mice was not different from the wild type (WT) mice and SRC-1 deletion had no effect on Aβ deposition, activation of microglia and astrocytes, and synaptic protein expression in APP/PS1 mice. These negative results suggest that SRC-1 does not interfere with AD progression, at least in the current experimental condition.



MATERIALS AND METHODS


Animals

SRC-1+/− mice (with a C57BL/6J background) were kindly provided by Dr. Jianming Xu from Baylor College of Medicine, TX, USA. APPswe/PS1Δe9 (APP/PS1) mice (with a C57BL/6J background) were purchased from Jackson Laboratory. C57BL/6J were provided by the Animal Center of Dalian Medical University (DMU).

Male SRC-1+/− were bred with SRC-1+/− females. Offspring males homozygous for the SRC-1−/− (SRC-1 knockout, KO) and the WT littermates (SRC-1+/+) were used in the experiments at 3–4 months of age.

APP/PS1 mice were bred with WT C57BL/6J. Male offspring heterozygous for the APP/PS1 transgenic construct and the WT littermates (not expressing any transgene) were used as the control. APP/PS1 mice develop plaque deposition by 6 months of age, while the plaque would be clearly visible when the mice are more than 7-months old. Male APP/PS1 and the WT littermates used in the experiments were at 8–9 months old.

All the animals were raised and bred in the Animal Center of DMU and allowed access to food and water ad libitum. Animals were maintained on a 12:12 light–dark cycle (lights on at 08:00, lights off at 20:00), within a temperature-controlled room (T: 24°C ± 1°C). All tests were performed during the light cycle. All experiments were carried out under the guidelines of the National Institutes of Health Guide for the Care and Use of Laboratory Animals.



Generation of APP/PS1×SRC-1−/− Mice

SRC-1 knockout in APP/PS1 (APP/PS1×SRC-1−/−) mice were obtained by breeding SRC-1−/− mice with APP/PS1 mice, using a three-generation breeding scheme (Supplementary Figure S1). APP/PS1 mice were crossed with SRC-1−/− mice to introduce the SRC-1 knockout allele into the F1 generation (APP/PS1×SRC-1+). APP/PS1×SRC-1+/− mice were then crossed with SRC-1+/− mice to obtain the F2 generation which could comprise APP/PS1×SRC-1+/+ (APP/PS1), APP/PS1×SRC-1+/−, APP/PS1×SRC-1−/−, SRC-1+/+ (WT), SRC-1+/− and SRC-1−/−. The proportions of each genotype of the mice are shown in Supplementary Figure S1.

APP/PS1×SRC-1−/− mice were then age-matched with APP/PS1×SRC-1+/+ mice, which were used as the control. The SRC-1+/+ littermates express neither the APP/PS1 gene nor SRC-1 mutants and could be considered as wildtype (WT). Female mice were only used for the breeding. All the male mice used in the experiment were 8–9 months old.



Western Blot

The proteins were extracted using an extraction kit (Keygen Biotech, China), and the protein content was measured by a BCA protein assay (Keygen Biotech, China). For Western Blotting, the proteins (10–30 μg) for each sample were loaded into a 10% SDS PAGE gel for electrophoresis, then the protein components were transferred to polyvinylidene difluoride (PVDF) membranes. Later, the PVDF membranes were blocked with 5% bull serum albumin (BSA) in TBST (TBS + 0.1% Tween-20) for 1 h, and immunoblotted overnight at 4°C with the primary antibodies: SRC-1 (180 KD, 1:1,000, Cell signaling technology, Millipore, 2191S); PSD95 (1:1,000, Abcam, ab2723); Synapsin (70 KD, 1:1,000, Abcam, ab64581); GluR1 (100 KD, 1:1,000, Abcam, ab31232); APP (87 KD, 1:1,000, Abcam, ab15272); beta-site APP-cleaving enzyme 1 (BACE-1; 70 KD, 1:1,000, Abcam, ab2077); β-actin (1:2,000, Abcam, ab6276). The following day, the membranes were washed in TBST three times, then incubated with a horseradish peroxidase-labeled secondary antibody (anti-mouse or anti-rabbit, 1:5,000; ZSJQ-BIO Company, Beijing, China) for 1 h at room temperature. The infrared band signals were detected using BIO-RAD gel analysis software (Hercules, CA, USA). The densitometric analysis of immunoreactivity was conducted using the NIH ImageJ software (Li et al., 2019).



Immunohistochemistry (IHC) and Immunofluorescence (IF)

IHC and IF were carried out according to our previous work (Wang et al., 2018). The primary antibodies: SRC-1 (1:100–200); 6E10 (for Aβ; 1:100, Covance, S39320260); GFAP (1:200, DAKO, 20334); Iba-1 (1:200, WAKO, 019-19741) were used. The mice were anesthetized with pentobarbital (50 mg/kg, 0.05 ml/10 g body weight, i.p.) and perfused with 0.1% phosphate buffer (PB), followed by 4% paraformaldehyde (PFA) dissolved in 0.1% PB. Afterward, the brains were removed and left in 4% PFA at 4°C for 24 h, and then transferred to 30% sucrose dissolved in 0.1% PB. Following saturation of the brains in sucrose, serial 16 μm coronal sections were made with a cryostat (Leica CM 3050 S, Leica Microsystems AG, Wetzlar, Germany) after OCT embedding. The slices that contained cortex and ventral hippocampus were used for the staining. For the IHC staining procedure, the slices were thoroughly rinsed in 0.3% PBS-T for 15 min, then quenched by 3% H2O2 in 0.01 M PBS for 15 min. Subsequently, they were rinsed again and pre-incubated in 2% BSA and 0.3% Triton X-100 in 0.01 M PBS at room temperature for 1 h, and then incubated at 4°C with the primary antibody in 0.01 M PBS containing 2% BSA and 0.3% Triton X-100 overnight. After incubation with a biotinylated goat anti-rabbit or anti-mouse IgG secondary antibody (1:200; Vector Laboratories, Burlingame, CA, USA) for 2 h, the bound antibodies were visualized using an avidin–biotin–peroxidase complex system (Vectastain ABC Elite Kit, Vector Laboratories, Burlingame, CA, USA) and then stained with diaminobenzidine (DAB; Vectro Laboratories) as a chromogen. The slides were visualized with a microscope and digitally photographed (Pannoramic Digital Slide Scanners, 3DHISTECH, Budapest, Hungary).

For the IF staining procedure, the sections were washed with 0.3% PBST (three times, 10 min each time). After that, the sections were blocked with 5% BSA in PBS containing 0.3% Triton X-100 at room temperature for 1 h, and then incubated with primary antibody overnight at 4°C. On the second day, the sections were incubated with secondary antibody for 2 h at room temperature after being washed with 0.3% PBST three times. Images were captured under a microscope (Pannoramic Digital Slide Scanners, 3DHISTECH, Budapest, Hungary). The analysis of mean integrated optical density (MIOD) was performed using ImageJ software from the National Institutes of Health.



Statistical Analysis

All statistical analyses were performed using SPSS22.0 and the figures were created using GraphPad Prism (GraphPad Software Inc.). Data were presented as the mean ± SEM. Comparisons between two groups were made by student 2-tailed unpaired t-test. Comparisons between three or four groups were made by one-way ANOVA. p value < 0.05 was considered statistically significant (*p < 0.05, **p < 0.01, ***p < 0.001).




RESULTS


SRC-1 Expression in APP/PS1 Mice

APP/PS1 mice, which express human mutant APP and PS1 (Garcia-Alloza et al., 2006), are commonly used as an Aβ-induced AD model. We first examined the expression of SRC-1 in the hippocampus (Figure 1A) and cortex (Figure 1F) of APP/PS1 mice. Both IHC (Figures 1A,B) and western (Figures 1C,D) results showed that SRC-1 is abundant in the region of the hippocampus but no changed expression was observed in the APP/PS1 mice compared to the littermate WT mice.
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FIGURE 1. The expression of Steroid receptor coactivator 1 (SRC-1) protein in APP/PS1 mice. (A,B) SRC-1 expression in the coronal sections of the hippocampus (10×) in APP/PS1 mice at 8–9 months of age. Dentate gyrus (20× and 40×), CA1 region (20× and 40×), and CA3 region (20× and 40×). (C,D) Representative immuno-blot and densitometry analysis of SRC-1 expression in the hippocampus of APP/PS1 mice. (E,F) SRC-1 expression in the coronal sections of the cortex (10×, 20× and 40×). Data are presented as the mean ± SEM of six mice in each group. N.S., no significance.





SRC-1 Knockout Shows No Effect on Synaptic Protein Expression in APP/PS1 Mice

In order to observe the possible role of SRC-1 in the AD model, we bred SRC-1−/− mice with APP/PS1 mice and obtained APP/PS1×SRC-1−/− mice at the F2 generation, with the control APP/PS1×SRC-1+/+ (Supplementary Figure S1). The immunofluorescent staining of SRC-1 in WT (SRC-1+/+), APP/PS1×SRC-1+/+ and APP/PS1×SRC-1−/− mice (Supplementary Figure S2) showed no positive staining of SRC-1 in APP/PS1×SRC-1−/− mice, and non-changed SRC-1 expression between the WT and APP/PS1×SRC-1+/+ mice, which is consistent with the result in Figure 1.

Synaptic loss is the main reason of the cause cognitive deficiency in AD. Postsynaptic density (PSD) 95, Synapsin and glutamate receptor 1 (GluR1) are the important proteins in synapse and their level shows a positive correlation to synaptic function. The expression of the three selected proteins was detected in the hippocampus of APP/PS1×SRC-1−/− mice (Figure 2). The results showed, compared to the WT mice, that the APP/PS1 (shown as APP/PS1×SRC-1+/+) mice exhibited a notable decrease in the expression of PSD95, Synapsin, and GluR1 (Figure 2). However, none of the three synaptic proteins showed any changed expression in the hippocampus of APP/PS1×SRC-1−/− mice, compared to the APP/PS1×SRC-1+/+ mice. These findings indicates that the deletion of SRC-1 has no effect on synaptic protein expression in the AD mouse model. Similarly, in the non-AD model (as shown in Supplementary Figure S3), PSD95, Synapsin, and GluR1 expression remain constant in the SRC-1 knockout (SRC-1−/−) mice compared to their WT littermates.
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FIGURE 2. Expression of PSD95, Synapsin and GluR1 in the hippocampus of APP/PS1×SRC-1−/− mice. (A–C) The coronal sections of the hippocampus were stained for PSD95 (A), Synapsin (B), GluR1 (C), and 4’,6-diamidino-2-phenylindole (DAPI) in APP/PS1×SRC-1−/−, APP/PS1×SRC-1+/+ control and wildtype (WT) mice (8–9 months age). Scale bars: 50 μm. (D,E) Representative immunoblots and densitometry analysis of PSD95, Synapsin and GluR1 expressions in each group. Data are presented as the mean ± SEM of six mice in each group. *p < 0.05, **p < 0.01 and N.S., no significance.





SRC-1 Knockout Exerts No Effect on Aβ Deposition in APP/PS1 Mice

The Aβ senile plaque is the major pathological hallmark of AD. To further determine the effects of SRC-1 knockout on AD, we detected the Aβ plaque in both APP/PS1×SRC-1+/+ and APP/PS1×SRC-1−/− mice (Figures 3A,C). The IHC results demonstrated that the number and area of the Aβ plaque in APP/PS1×SRC-1−/− mice was comparable to those in APP/PS1×SRC-1+/+ mice (Figures 3A,B). It is known that Aβ production is affected by protein levels of APP and APP processing enzymes such as BACE-1. We discovered that APP/PS1×SRC-1+/+ mice showed an increased expression of both APP and BACE-1 compared to WT mice (Figures 3D–F); but APP/PS1×SRC-1−/− mice showed an expression change of neither APP nor BACE-1 compared to APP/PS1×SRC-1+/+ mice (Figures 3D–F). In addition, we also detected an APP and BACE-1 level in the non-transgenic AD mice and the result showed no expression difference of APP or BACE-1 between SRC-1−/− mice and their WT littermates (Supplementary Figure S4).
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FIGURE 3. The Aβ plaque in the hippocampus of APP/PS1×SRC-1−/− mice. (A,C) The coronal sections of the hippocampus in APP/PS1 with (APP/PS1×SRC-1+/+) or without SRC-1 APP/PS1×SRC-1−/−), mice of 8–9 months age were stained for Aβ (6E10). Scale bars: 100 μm. (B) The mean Aβ plaque load (% area) and number were quantified. (D–F) Representative immune-blot and densitometry analysis of APP and BACE-1 expression in the APP/PS1×SRC-1−/−, APP/PS1×SRC-1+/+ control and WT. Data are presented as the mean ± SEM of six mice in each group. *p < 0.05, **p < 0.01 and N.S., no significance.





SRC-1 Knockout Exerts No Effect on the Activation of Microglia and Astrocytes in APP/PS1 Mice

Neuroinflammation characterized by the activation of astrocytes and microglia is also a significant contributor to the pathological progression of AD (Zheng et al., 2018). To investigate whether SRC-1 is involved in the neuroinflammation of APP/PS1 mice, we then stained the coronal sections of the hippocampus of each group of mice with antibodies against GFAP (a marker for astrocytes) or Iba-1 (a marker for microglia; Figures 4A,C). Over activation of glial cells was shown in APP/PS1×SRC-1+/+ mice in contrast to WT mice, however, the volume of both astrocytes and microglia in the hippocampus of APP/PS1×SRC-1−/− is similar to that of APP/PS1×SRC-1+/+ mice (Figures 4B,D). This result showed that SRC-1 deletion would not affect the over activation status of microglia and astrocytes in the APP/PS1 mice.
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FIGURE 4. The activation of microglia and astrocyte in the hippocampus of APP/PS1×SRC-1−/− mice. (A,C) The coronal sections of the hippocampus in each group were stained for GFAP (A), Iba-1 (C) and DAPI. Scale bars: 50 μm. (B,D) The volume of astrocyte (B) and microglia (D) in APP/PS1×SRC-1−/− mice, respectively. Data are presented as the mean ± SEM of six mice in each group. **p < 0.01 and N.S., no significance.






DISCUSSION

Steroids modulate the structure and function of the brain by binding to the NRs (Bayele, 2019; Heck et al., 2020), then the activated NRs recruit the steroid receptor coactivators (SRCs, also named nuclear receptor coactivators) to enhance their transcriptional activities (McEwen and Milner, 2017). SRC-1 is the key coactivator for the transcriptional regulation of NRs (Bayele, 2019; Heck et al., 2020). There are studies that have reported that SRC-1 is widely expressed in the brain (Chen et al., 2015; Kerver and Wade, 2015) and modulates many brain functions, such as motor, energy homeostasis, and reproductive behavior (Charlier et al., 2005; Yang et al., 2019) through the effect on cerebellar Purkinje cells (Eijun et al., 2003), hypothalamic neurons (Yang et al., 2019; Heck et al., 2020), and so on. Furthermore, a recent study has shown that SRC-1 is highly expressed in the hippocampus, and hippocampal SRC-1 knockdown mediated by the lentivirus could cause decreased synaptic protein expression and memory impairment (Bian et al., 2018; Chen et al., 2020). On the other hand, the ER regulates the synaptic protein expression, such as PSD95 and Synapsin, and the cognitive function through the SRC-1-dependent pathway (Liu et al., 2015; Zhao et al., 2017, 2018). This evidence suggests that SRC-1 is implicated in the cognitive function under the physiological condition and might even play a role in brain disorders with defects of cognition.

AD is a neurodegenerative disease and its major symptom is impaired cognitive function. It is of interest to see whether the SRC-1 protein level correlates with AD. In the present study, we first examined the SRC-1 protein level in the hippocampus and cortex of APP/PS1 mice, and the result showed no difference in SRC-1 expression between AD mice and the WT littermates. This result indicates that the transgene of APP/PS1 and the consequent pathology, have no effect on SRC-1 expression. Furthermore, we investigated whether SRC-1 knockout affected the expression of the synaptic protein in AD mice. Our results demonstrated that SRC-1 deficiency (APP/PS1×SRC-1−/−) had no effect on the expression of PSD95, Synapsin, and the GluR1 protein in AD. Consistently, the level of the three synaptic proteins in the SRC-1 KO mice was comparable to those in the WT mice.

However, a previous study has reported that SRC-1 knockdown in the hippocampus of mice during adulthood leads to the decreased expression of PSD95 and other synaptic proteins for weeks (Bian et al., 2018; Chen et al., 2020). The discrepancies between their studies and ours might be explained by the different gene manipulations of SRC-1. SRC-1 knockout is the complete deletion of SRC-1 from the embryo period, so its function might be compensated by other coactivators, such as SRC-2 or SRC-3. Another study has actually revealed that knockout of both SRC-1 and SRC-3 during the embryo stage would cause a cardiomyopathy phenotype, however, the heart morphology and tissue structures in mice with either SRC-1 or SRC-3 knockout were very similar to those of WT mice (Chen et al., 2015). Similarly, the same reason might be used to explain that SRC-1 knockdown in adulthood caused the memory loss (Bian et al., 2018) but the SRC-1 knockout did not (Eijun et al., 2003).

The Aβ plaque is the major pathological feature in AD (Masters and Beyreuther, 2006). A decrease of synaptic protein expression in the APP/PS1 mice is probably the result of the overproduction of Aβ (Evin and Weidemann, 2002). Aβ peptides are generated from APP sequentially cleaving by β- and then γ-secretase (Maia and Sousa, 2019; Zhang et al., 2020). In our study, SRC-1 deletion has not affected the Aβ plaque in the APP/PS1 mice, in neither the number nor the area of the plaque load. We also demonstrated that APP/PS1×SRC-1−/− mice showed no change of the expression of the APP and BACE-1 protein. Futhermore, SRC-1−/− mice also exhibited the non-changed expression of APP or BACE-1, similar to that in the AD model. As the source of Aβ, APP and BACE-1 expression was not affected by SRC-1 deletion, which would sustain the result of the invariable Aβ plaque in APP/PS1×SRC-1−/− mice, at least to some extent. Aβ deposition is often accompanied by activation of microglia and astrocytes, an important event in AD brain, which produces proinflammatory cytokines and chemokines causing neuronal dysfunction and further neurodegeneration (Galea et al., 2015). Here, the cell number of astrocytes and microglia increased in the hippocampus of APP/PS1 mice compared to the WT, consistent with previous reports (Lu et al., 2019); but in the APP/PS1×SRC-1−/− group, no clear changes of astrocytes and microglia were observed compared to the APP/PS1×SRC-1+/+ group.

Altogether, our results suggest that the SRC-1 knockout would neither change the synaptic protein expression, nor affect the Aβ plaque or activation of astrocytes and microglia in APP/PS1 mice. But this outcome could not completely eliminate the possible role of SRC-1 in AD. First, as we have discussed, SRC-1 knockout and knockdown shows different consequences. SRC-1 knockdown during the adulthood of APP/PS1 mice might possibly exhibit quite different results from this present study. Second, our experiments only detected the effect of SRC-1 deletion, but not the effects of SRC-1 over-expression or activation. Wang et al. (2015) has reported that MCB613 could be a potent small molecule “stimulator” for SRC-1, which could be used to enhance the activity of SRC-1 in APP/PS1 mice for further investigation of the role of SRC-1. Finally, we could not completely exclude the possible connection between SRC-1 and tau hyperphosphorylation, and more experiments are required to further address this question. In summary, our study confirms that SRC-1 knockout has no effect on some of the pathologic features of APP/PS1 mice.
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Calcium-sensing receptor (CaSR) is a G protein-coupled receptor (GPCRs). Soluble β-amyloid peptide (Aβ) is one of the orthosteric modulators of CaSR, while, the role and underlying mechanism of CaSR in cognitive decline in Alzheimer’s disease (AD) is unclear. In this study, molecular technology such as live-cell imaging combined with behavioral tests were used to explore the role and the underlying mechanism of CaSR in the cognitive deficits in AD mice. The expression levels of CaSR were increased both in AD mice and Aβ1–42 (β-amyloid protein)-treated primary cultured neurons. Pharmacological inhibition of CaSR ameliorated recognitive and spatial memory deficits of Aβ1–42-oligomer-treated mice in a dose-dependent manner. Pharmacological inhibition of CaSR or down-regulation of the expression of CaSR by CaSR-shRNA-lentivirus prevented the impairment of filopodia, and the synapse induced by oligomeric Aβ1–42. The contents of cytosolic phospholipase A2 (cPLA2) and prostaglandin E2 (PGE2) in hippocampal neurons and tissue were increased after treatment with Aβ1–42 oligomers. Inhibition or down-regulation of CaSR mediates Aβ-induced synapse formation and cognitive deficits partially, through the activation of the cPLA2/PGE2 pathway. This study provides novel insights on CaSR, which is a promising therapeutic target for AD.

Keywords: Alzheimer’s disease (AD), β-amyloid peptide (Aβ), calcium-sensing receptor (CaSR), synapse formation, cytosolic phospholipase A2, prostaglandin E2


INTRODUCTION

Alzheimer’s disease (AD) is one of the most common neurodegenerative diseases with a slow and gradual deterioration of the memory that affects language, personality, and cognitive control (Wyss-Coray and Rogers, 2012; Mhatre et al., 2014; Dos Santos Picanco et al., 2018). AD is a severe threat for human health, along with an aging population, however, the pathogenesis of it is still unclear. Mounting evidence shows that the accumulation of β-amyloid peptide (Aβ) is an important contributing factor in the pathology of AD (Baek et al., 2017; Choi et al., 2017). Aβ has different aggregated forms, including monomers, oligomers, protofibrils, and mature fibrils (Ahmed et al., 2010). It is well demonstrated that soluble oligomers of Aβ is the pertinent toxic form of Aβ (Wang H. C. et al., 2016; Wang T. et al., 2016). Both others, and our previous studies have shown that soluble Aβ oligomers could decrease the number of dendritic spines and inhibit the long-term potentiation (LTP), leading to the decline of cognitive function in AD mice (Price et al., 2014; Jiang et al., 2016). Disrupting synapse function plays an important role in the memory deficits of AD, which stands out in early AD pathological changes (Price et al., 2014; Teich et al., 2015; Wang X. et al., 2018). Therefore, it is a promising strategy to consider amelioration of synaptic impairment induced by Aβ oligomers as the target of prevention or treatment of AD.

Aβ is also one of the allosteric agonists of calcium-sensing receptor (CaSR). Aβ has been shown to interact directly with CaSR via a proximity ligation assay (Diez-Fraile et al., 2013; Leach et al., 2015). CaSR, a member of the G protein-coupled receptor (GPCRs) C family, is a seven-transmembrane protein (Brauner-Osborne et al., 2007; Conigrave and Ward, 2013; Summers, 2016). CaSR has been detected in the hippocampus which is an important brain structure that is essential for spatial memory, language learning, and episodic memory (Ferry et al., 2000). CaSR is mainly localized in nerve endings in the neurons and is involved in regulating brain excitability (Chen et al., 2010). CaSR activation depends on the persistent interaction with its agonists. At physiological conditions, CaSR is partially activated (Ruat and Traiffort, 2013; Díaz-Soto et al., 2016). In cultured cells, Aβ-activated CaSR could cause excessive release of Aβ (Armato et al., 2013; Dal Prà et al., 2014). The expression of CaSR was significantly increased in AD transgenic mice (Leach et al., 2015; Gardenal et al., 2017). The role of CaSR in AD is unclear and the cellular mechanisms have not been well characterized. As a promising therapeutic target, we therefore evaluated the role of CaSR in cognitive deficits in the mouse model of AD and its underlying cellular mechanisms. The effects of CaSR on oligomeric Aβ-induced synaptic injury are unknown. In the current study, we have also evaluated the role and the underlying mechanisms of CaSR in Aβ-mediated synaptic impairment.



MATERIALS AND METHODS


Aβ1–42 Oligomers Preparation

Preparation of soluble Aβ1–42 oligomers was done according to the protocol previously described (Jiang et al., 2016; Ding et al., 2019). One milligram of Aβ1–42 (Bachem, Cat# H-1368.1000) powder was dissolved in 400 μl ice-cold 1,1,1,3,3,3-hexafluoro-2-propanol (HFIP; Aladdin, Cat# K1625063), and incubated at room temperature for 20 min. Hundred microliter of this complete solution was diluted into 900 μl of deionized water to a final concentration of 0.25 g/l. After centrifugation at 14,000 g for 15 min, the supernatant was collected and the HFIP was completely evaporated. Then the collected supernatant was kept stirring for 48 h at room temperature. A 50 μM Aβ1–42 solution was obtained and stored at 4°C. The preparation is the combination of low molecular weight forms of soluble Aβ (Chunhui et al., 2018).



Animals

ICR mice (RRID:IMSR_CRL:22) or B6C3-Tg (APPswe/PSEN1dE9) mice were used in our experiments. Breeding pairs of APPswe/PSEN1dE9 transgenic mice were originally purchased from Jackson Laboratories, USA. A breeding colony of APPswe/PSEN1dE9 mice was established at the Medical School of Ningbo University. All experimental animals were housed in a temperature and humidity-controlled animal facility (22 ± 3°C, 60% ± 5%) with a 12 h light and dark cycle and free access to standard chow and water. Experiments were carried out in accordance with the National Institute of Health Guide for the Care and Use of Laboratory Animals (NIH Publications No. 80-23, revised 1996) and approved by the Institutional Animal Care and Use Committee of the Ningbo University. The approval number for the animal experiments is SYXK (ZHE) 2013-0191. Genotypes of APPswe/PSEN1dE9 mice were analyzed as follows: DNA was isolated from the tail tip of each mouse and PCR was performed using the following primer pairs: APP, forward primer5′-GACTGCCACTCGACCAGGTTCTG-3′, reverse primer 5′-CTTGTAAGTTGGATTCTCATATCCG-3′; PS1, forward primer 5′-GTGGATAACCCCTCCCCCAGCCTAGACC-3′, reverse primer 5′-AATAGAGAACGGCAGGAGCA-3′. APPswe/PSEN1dE9 transgenic mice and wild type mice were identified by agarose gel electrophoresis. In each identification experiment, both positive and negative controls were designed.



Animal Surgery

Two-month-old healthy male ICR mice (25–30 g) were pseudo-randomly assigned to the experimental groups using a random number generated from Excel, and all mice were marked by staining in different parts of the back. A pre-test open field experiment was first performed on all mice to determine the locomotor activity before the formal experiments and to exclude those with an obvious movement disorder. No obvious movement disorder was found among the mice. Thus, no mice were excluded. ICR mice were anesthetized by intraperitoneal administration of sodium pentobarbital (50 mg/kg) before they were placed in a stereotaxic apparatus (Stoelting, Wood Dale, IL, USA). Cannulas (RWD Life Science, Shenzhen, China) were surgically implanted into bilateral hippocampal regions of the mice using the following coordinates: AP −1.7 mm from Bregma; ML ± 1.0 mm from the midline; DV −1.5 mm from pia mater. After 7 days of post-operative recovery, the minipump needle tips were inserted into the ventricle through cannulas to inject pharmaceuticals. Experimental mice were given three consecutive infusions of Aβ1–42 (4 μmol/kg) and/or NPS 2143 (Sigma, Cat# SML0360, 0.08 or 0.16 μmol/kg), while the control mice received saline injections instead of the drugs.



Behavior Tests

The novel object recognition (NOR) task, consisting of a familiarization phase and a test phase, was carried out in an open-field arena (60 × 60 × 15 cm) on the 11th to 12th day after the first injection. On the first day, they were familiarized with two identical objects for 5 min. On the second day, one of the objects was replaced by a novel one with a different shape and color, and the mice were allowed to explore the arena for 5 min. To ensure the absence of olfactory cues, the open-field arena and the objects were cleaned thoroughly. Exploration was defined as sniffing or touching the objects. The distance between the nose and object was no more than 2 cm. If the mice traveled around or sat on the objects, this was not defined as object recognition. The discrimination index, the ratio of the amount of time spent exploring any one of the two objects (training session) or the novel object (retention session), over the total time spent exploring both objects, was used to measure the cognitive function of animals.

A Morris water maze (MWM) was performed as described (Jiang et al., 2016). Briefly, the equipment included a pool with a diameter of 110 cm that was filled with opaque water at approximately 22 ± 1°C. Spatial memory was assessed by recording the latency time for the animal to escape from the water onto an escape platform during the place navigation phase. At the learning phase, mice were given 90 s to find the hidden platform that was 1 cm below the water surface. The place navigation test of the MWM, which consisted of four trials (interval 20–30 min) each day, took place during the 14th day to the 17th day and the latency time was recorded. On the 18th day, the platform was removed from the maze. A probe trial was conducted to measure the trajectories and entries of mice to the target quadrant with a video tracking system (Ethovision XT). The assessor was blinded to the experimental conditions for analysis of the behavioral tests.



Primary Hippocampal Neuronal Cultures

Neurons were derived from the dissociating hippocampus of newborn ICR mice (RRID:IMSR_CRL:22). To achieve dissociated and single cells, the tissue was cut into tiny pieces, and the cells within released by a mild treatment with 0.125% (v/v) trypsin (Gibco, Cat# 11668–019) for 15 min at 37°C. Isolated neurons were then planted on coverslips (Fisherbrand, Cat# 12–545–83), pre-coated with poly-D-lysine (Sigma, Cat# P0899–10MG) in Dulbecco’s modified Eagle media (Gibco, Cat# 11995065) containing 10% (v/v) FBS (Gibco, Cat# 10099141), 10% (v/v) F-12 (Gibco, Cat# 11765054), and 1% (v/v) of penicillin-streptomycin solution (Solarbio, Cat# P1400). After the cells were incubated at 37°C, 5% (v/v) CO2 for 24 h, the medium was changed to Neurobasal medium supplemented with 2% (v/v) B27 (Gibco, Cat# 17504044) and 1% (v/v) L-glutamine (Gibco, Cat# 25030–081). The medium was half-replaced every 3 days. At the 5th day in vitro (DIV 5), cytosine arabinofuranoside (Sigma, Cat# 147–94–4) was added at a final concentration of 2 μM to decrease glial cell growth. The neurons were transfected with farnesylated enhanced green fluorescent protein (F-GFP) and GFP-actin using Lipofectamine 2000 (Invitrogen, Cat# 11668–019). At DIV 7 or DIV 14 of culture, NPS 2143 was added to cultures of hippocampal neurons at a final concentration of 0.1 μM for 2 h. After the treatment of NPS 2143, neurons were incubated with Aβ1–42 (final concentration 0.5 μM) for 3 h. For the effect of Aβ1–42 on the expression of CaSR, primary hippocampal neurons (DIV 7) were incubated with Aβ1–42 for 36 h.



Immunohistochemistry and Immunocytochemistry

Mice were decapitated and their brains were removed after perfusion. After fixation with 4% paraformaldehyde (Solarbio, Cat# P1110), dehydration with 30% sucrose solution and after being embedded with an optimum cutting temperature compound (Solarbio, Cat# 4583), the brains were cut into 30 μm frozen brain slices. Cultured cells were also fixed with 4% paraformaldehyde at room temperature. After being washed with phosphate-buffered saline (PBS) three times, the brain slices or cultured cells were blocked with sheep serum at room temperature for 1 h, to saturate unspecific binding sites, and then permeabilized in PBS containing 0.01% (V/V) triton (Solarbio, Cat# T8200). The sections or coverslips were incubated overnight (4°C) with anti-postsynaptic density 95 antibody (PSD 95, 1:200, Abcam, Cat# ab2723), anti-synaptotagmin-1 antibody (1:200, Millipore, Cat# AB5600–50UL), anti-MAP2 antibody (1:200, CST, Cat# 8707), anti-CaSR antibody (1:200, Santa Cruz Biotechnology, Cat# sc-47741), or DAPI (1:5000, Beyotime, Cat# C1002). After thorough washing, sections or coverslips were incubated with Alexa-488 anti-mouse secondary antibodies (1:1,000, Invitrogen, Cat# A-10680) or Cyanine 5 anti-mouse secondary antibody (1:1,000, Invitrogen, Cat# A10524) and Alexa-546 anti-rabbit secondary antibodies (1:1,000, Invitrogen, Cat# A11010) for 1 h at room temperature. Images of distal neuronal dendrites were captured by a confocal microscope (Olympus, Tokyo, Japan).



Lentivirus Construction

The Lentivirus was purchased from Shanghai Genechem Company, Limited (China). The company used the following procedures: The coding sequence of the CaSR was from GenBank: NM_013803.3. For small hairpin RNA (shRNA) against mouse CaSR, vectors were constructed from the original plasmid GV lentiviral vector, and the GV118 serotype was selected; the reaction element sequence of which is U6-MCS-Ubi-EGFP. The target gene was inserted into the MCS element by HpaI and XhoI, two restriction endonucleases. The optimal target sequence (TCTTCATCAAGTTCCGAAA) was selected for small hairpin RNA (shRNA) against mouse CaSR, and a scrambled shRNA (TTCTCCGAACGTGTCACGT) served as a control. For viral packaging, the respective recombinant plasmids were cotransfected into 293T cells (ATCC, RRID:CVCL_0063). The GV stocks were titered by quantitative PCR, stored at −80°C of a titer of 109 particles/ml and shipped with 20 μl in every tube. We then used a total of 5*105 TU/ml of the virus to transfect the hippocampal neurons. All procedures were performed under a biosafety cabinet in a biosafety level 2 facility.



Confocal Imaging and Analysis

At DIV 7 or DIV 14 of culture, living neurons were captured by a Fluoview-1000 confocal microscope. After drug treatments, the neurons were maintained in a recording chamber with extracellular solution (148.00 mM NaCl, 3.00 mM KCl, 3.00 mM CaCl2, 10.00 mM HEPES, and 8.00 mM glucose, pH 7.3) at room temperature. Digital images of GFP were collected on a Fluoview-1000 confocal microscope (Olympus) using a 60× oil objective lens without optical zoom at an excitation wavelength of 488 nm. They were analyzed using Fluoview-1000 software. All lengths of the secondary dendritic branches were measured by tracing their extension, and the filopodia and spines were counted. For all analyses, images were analyzed blind to treatments and data were collected from at least three independent experiments.



Cytosolic Phospholipase A2 (cPLA2) and Prostaglandin E2 (PGE2) Assay

Cytosolic phospholipase A2 (cPLA2) or prostaglandin E2 (PGE2) levels in cultured hippocampal neurons and tissues were assayed using a commercial mouse cPLA2 (Qiaodu-Bio, Cat# CK-E92479M) or PGE2 ELISA Kit (Qiaodu-Bio, Cat# CK-E90213M), respectively. The hippocampal neurons and tissues were homogenized in ice-cold 70 μl RIPA (Solarbio, Cat# R0010) buffer. The samples were centrifuged at 13,000 g (4°C for 10 min). Ten micro-liter of the supernatant from the hippocampal homogenate was used to assay cPLA2 or PGE2 level, according to the manufacturer’s protocols. The content of cPLA2 was based on measures of absorbance at 450 nm/well in a 96 well plate reader (Thermo Scientific, USA).



Western Blot Assay

The hippocampus was collected after the behavioral assessments. Tissues were homogenized in RIPA lysis buffer (Beyotime, Cat# P0013C) containing a Protease Inhibitor Cocktail (one tablet for every 50 ml RIPA lysis buffer, Roche, Cat# 11697498001) and a Phosphoprotease Inhibitor Cocktail (one tablet for every 50 ml RIPA lysis buffer, Roche, Cat# 4906845001), then, crushed by ultrasound for 10 min by an ultrasonic cell disruptor (Banoelin, Germany). After 30 min of being adequately crushed, the lysates were centrifuged at 12,000 rpm, for 30 min at 4°C and the supernatant fraction was used for the Western blot assay. The protein concentration in the supernatant fraction was determined using the BCA protein assay kit (Beyotime, Cat# P0012). Equal amounts of soluble protein (25 μg) were separated by 10% SDS-PAGE (Beyotime, Cat# P0456) and transferred onto poly-vinylidene fluoride (PVDF) membranes (0.45 μm, Millipore, Cat# IPVH08100). After blocking with 5% fat-free milk; Beyotime, Cat# P0216) for 1 h, membranes were incubated with rabbit anti-PSD 95 (1:1,000, Cell Signaling, Cat# 3409), mouse anti-synaptotagmine-1 (1:1,000, Abcam, Cat# 13259), and rabbit anti-β-actin (1:1,000, Cell Signaling, Cat# 4970) at 4°C overnight. Membranes were then incubated with HRP linked anti-rabbit Antibody (1:5,000, Cell Signaling, Cat# 7074) or HRP linked anti-mouse antibody (1:5,000, Cell Signaling, Cat# 7076), respectively. Target bands were detected and quantified with BeyoECL Plus (1:1, Beyotime, Cat# P0018) by Amersham imager 600 (GE Healthcare Life Sciences, USA).



Quantitative RT-PCR

Total RNA was extracted from primary cultured hippocampal neurons and reverse transcribed into cDNA following standard experimental procedures. The relative transcript level of CaSR was measured by quantitative PCR using LightCycle 480VR II PCR (Roche, Switzerland) with specific primers (CaSR, forward primer 5′-TTGCAAGGGCCAATGGTGG-3′, reverse primer 5′-GCTTCCTGGGAAGACCCAT-3′; mouse-actin, forward primer 5′-AACAGTCCGCCTAGAAGCAC-3′, reverse primer 5′-CGTTGACATCCGTAAAGACC-3′).



Statistical Analyses

Statistical analyses were performed with GraphPad PRISM software (GraphPad Software Inc., La Jolla, CA, USA, RRID:SCR_00298). Data were presented as mean ± SEM. Two-group comparisons were analyzed by a two-tailed student’s t-test. Multiple group data were analyzed using a one-way analysis of variance (ANOVA) followed by a Tukey post hoc test, with the exception of the data of the place navigation test of the MWM tests, which were analyzed by two-way repeated-measures ANOVA with Tukey post hoc comparisons. P < 0.05 was considered statistically significant. A test for outliers was not performed on the data.




RESULTS


The Expression Levels of CaSR Are Increased in AD Mice and Aβ1–42-Treated Primary Hippocampal Neurons

The expression levels of CaSR in APPswe/PSEN1dE9 transgenic mice and wild type mice were detected (Figures 1A,B). The expression levels of CaSR were significantly increased in the 9-month-old AD mice (P < 0.01, Figure 1G). The expression levels of CaSR in the control and Aβ1–42-treated primary hippocampal neurons were also detected (Figures 1C–F). Both the mRNA and protein levels were increased by Aβ1–42 treatment (P < 0.05, Figure 1H; P < 0.01, Figure 1I). The results demonstrated that Aβ1–42 treatment upregulates the expression level of CaSR.
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FIGURE 1. The expression levels of calcium-sensing receptor (CaSR) were increased in Alzheimer’s disease (AD) mice and β-amyloid peptide (Aβ1–42)-treated primary hippocampal neurons. (A,B) Immunostaining of CaSR (red) and DAPI (blue) in the hippocampus of wild type and APPswe/PSEN1dE9 transgenic mice. Scale bar 20 μm. (C–F) Immunostaining of CaSR (red) and neuronal marker MAP2 (green) in primary cultured neurons in the control and 0.5 μM Aβ1–42-treated group. (G) Quantitative comparison of the mean density of CaSR in the hippocampus of wild type and APPswe/PSEN1dE9 transgenic mice. **P < 0.01 vs. wild type group. Values represent mean ± SEM, n = 6 animals for each group. (H) Quantitative comparison of the mRNA levels of CaSR in control and Aβ1–42-treated neurons. *P < 0.05 vs. control group. n = 9 repeats from three independent primary cell culture preparations. (I) Quantitative comparison of the mean density of CaSR in control and Aβ1–42-treated neurons. **P < 0.01 vs. control group, n = 48–51 neurons from three independent primary cell culture preparations.





Pharmacological Inhibition of CaSR Prevents Dendritic Filopodium Loss Caused by Oligomeric Aβ1–42 in Hippocampal Neurons

To find out whether CaSR mediates Aβ1–42-induced early synapse formation impairment, we measured the density of dendritic filopodium of hippocampal neurons at DIV 7 treated with Aβ1–42 oligomers, in the presence or the absence of CaSR antagonist NPS 2143 the density of dendrite filopodium of the Aβ1–42-treated group was significantly reduced compared to the control group (P < 0.01, Figure 2). Treatment with NPS 2143 (0.1 μM) significantly ameliorated the reduction of filopodium density induced by Aβ1–42 oligomers (P < 0.01), while, NPS 2143 treatment alone did not alter the density of dendrite filopodium (P > 0.05, Figure 2).
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FIGURE 2. Pharmacological inhibition of CaSR protected hippocampal neurons from soluble Aβ1–42 oligomer-induced filopodium loss at day in vitro (DIV) 7. Structural morphology of filopodium of hippocampal neurons was displayed by co-transfection of F-GFP and GFP-actin. Fluorescent figures were displayed with the control group (A), the 0.5 μM Aβ1–42 group (B), the 0.5 μM Aβ1–42 + 0.1 μM NPS 2143 group (C) and the 0.1 μM NPS 2143 group (D). Scale bar 20 μm and 5 μm. (E) Quantitative comparison of the density of dendritic filopodia of the four groups. **P < 0.01 vs. control group, ##P < 0.01 vs. Aβ1–42 oligomer-treated group. Values represent mean ± SEM, n = 21–25 neurons from three independent primary cell culture preparations.





NPS 2143 Prevents Spine Loss and Synaptic Impairment Caused by Oligomeric Aβ1–42 in Hippocampal Neurons

To further analyze the role of CaSR in synapse formation, the dendritic spine densities at DIV 14 were quantified in the control group, oligomeric Aβ1–42-treated group, oligomeric Aβ1–42 + NPS 2143 group and the NPS 2143 alone group. The oligomeric Aβ1–42-treated group prominently decreased the spine density (P < 0.01, Figure 3). Treatment with NPS 2143 (0.1 μM) significantly prevented the decreased spine density induced by Aβ1–42 oligomers (P < 0.01, Figure 3), while, NPS 2143 treatment alone did not alter the density of the spine (P > 0.05, Figure 3). These results suggest that CaSR is involved in dendritic spine loss caused by Aβ1–42 oligomers in hippocampal neurons.
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FIGURE 3. NPS 2143 protected hippocampal neurons from soluble Aβ1–42 oligomer-induced spine loss at DIV 14. Structural morphology of the spine of hippocampal neurons was displayed by co-transfection of F-GFP and GFP-actin. Fluorescent figures captured by confocal were displayed with the control group (A), the 0.5 μM Aβ1–42 group (B), the 0.5 μM Aβ1–42 + 0.1 μM NPS 2143 group (C) and the 0.1 μM NPS 2143 group (D). Scale bar 20 μm and 5 μm. (E) Quantitative comparison of the density of the dendritic spine of the four groups. **P < 0.01 vs. control group, ##P < 0.01 vs. Aβ1–42 oligomer-treated group. Values represent mean ± SEM, n = 21–25 neurons from three independent primary cell culture preparations.



To confirm the effects of CaSR on synaptic impairment induced by Aβ1–42, the synapse density was captured by immunocytochemistry (Figures 4A–L). At DIV 14, anti-presynaptic marker synaptotagmine-1 and anti-postsynaptic marker PSD 95 specific antibodies were used, and puncta per 100 μm dendrite from secondary dendritic branches were analyzed. Compared with the control group, the numbers of synaptotagmine-1-positive puncta and PSD 95-positive puncta were significantly decreased after treatment with Aβ1–42 oligomers (P < 0.01, Figures 4M,N). The NPS 2143 (0.1 μM) treatment significantly prevented the decreased puncta numbers of synaptotagmine-1 and PSD 95 induced by Aβ1–42 oligomers (P < 0.01, Figures 4M,N), while, NPS 2143 treatment alone (0.1 μM) did not alter the numbers of synaptotagmine-1-positive puncta and PSD 95-positive puncta (P > 0.05, Figures 4M,N). The synaptic density of the Aβ1–42 group was also significantly declined (P < 0.01, Figure 4O). The NPS 2143 (0.1 μM) treatment significantly ameliorated the reduction of synaptic density induced by Aβ1–42 oligomers (P < 0.01), while, NPS 2143 treatment alone (0.1 μM) had no effect on the synaptic density (P > 0.05, Figure 4O).
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FIGURE 4. NPS 2143 prevented hippocampal neurons from soluble Aβ1–42 oligomer-induced synapse loss at DIV 14. Synapse was labeled through the co-localization of presynaptic marker synaptotagmine-1(red) and postsynaptic marker PSD 95 (green). Sample figures of the control group (A,E,I), the 0.5 μM Aβ1–42 group (B,F,J), the 0.5 μM Aβ1–42 + 0.1 μM NPS 2143 group (C,G,K), and the 0.1 μM NPS 2143 group (D,H,L). Scale bar 20 μm and 5 μm. (M) Quantitative comparison of the numbers of synaptotagmine-1-positive puncta of the four groups. (N) Quantitative comparison of the numbers of PSD 95-positive puncta of different groups. (O) Quantitative comparison of the density of dendritic synapse of the four groups. **P < 0.01 vs. control group, ##P < 0.01 vs. Aβ1–42 oligomer-treated group. Values represent mean ± SEM, n = 24–34 neurons from three independent primary cell culture preparations.





Down-Regulation of CaSR Expression Prevents Synaptic Impairment Induced by Oligomeric Aβ1–42 in Hippocampal Neurons

To further verify that CaSR mediates the synaptic impairment induced by Aβ1–42, the synaptic densities of neurons treated by the CaSR-shRNA-lentivirus or NC shRNA were analyzed by immunocytochemistry (Figures 5A–P). The expression level of CaSR was down regulated by the CaSR-shRNA-lentivirus (P < 0.01, Figure 5Q). Compared with the control group, the numbers of synaptotagmine-1-positive puncta and PSD 95-positive puncta were significantly decreased (P < 0.01, Figures 5R,S) in the oligomeric Aβ1–42-treated cells. Down-regulation of the CaSR expression significantly prevented the decreased puncta numbers of synaptotagmine-1 and PSD 95 (P < 0.01, Figures 5R,S). The synapse number was also measured, and down-regulation of CaSR significantly protected hippocampal neurons from synapse loss induced by oligomeric Aβ1–42 (P < 0.01, Figure 5T).
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FIGURE 5. Down-regulation of CaSR expression prevented synaptic impairment induced by oligomeric Aβ1–42 in hippocampal neurons. Sample figures of the NC shRNA (A,E,I,M), the 0.5 μM Aβ1–42 + NC shRNA group (B,F,J,N), the 0.5 μM Aβ1–42 + CasR-shRNA group (C,G,K,O), and the CasR-shRNA group (D,H,L,P). Scale bar 20 μm and 5 μm. (Q) The expression level of CaSR was significantly down-regulated by CaSR-shRNA. **P < 0.01 vs. NC shRNA group. (R,S) Quantitative comparison of the number of synaptotagmine-1-positive puncta and PSD 95-positive puncta of the four groups. (T) Down-regulation of CaSR protected hippocampal neurons from synapse loss induced by oligomeric Aβ1–42. **P < 0.01 vs. NC shRNA group, #P < 0.05 vs. Aβ1–42 + NC shRNA group, ##P < 0.01 vs. Aβ1–42 + NC shRNA group. Values represent mean ± SEM, n = 17–20 neurons from three independent primary cell culture preparations.





NPS 2143 Prevents the Decreased Expression Levels of Synaptotagmine-1 and PSD 95 in AD Model Mice

Collective evidence shows that oligomeric Aβ1–42 is regarded as the pertinent toxic form of Aβ (Baek et al., 2017; Choi et al., 2017). In order to study the single factor of Aβ and the underlying mechanism of CaSR in Aβ-mediated synaptic and cognitive impairment, the AD mouse model, made by microinjection with Aβ1–42 oligomers, were used in the rest of our study.

To investigate whether CaSR also mediates the synaptic impairment in the AD mouse model, the expression levels of the presynaptic marker synaptotagmine-1 and postsynaptic mark PSD 95 were measured in the hippocampus of the mice which were microinjected with Aβ1–42 (4 μmol/kg) and/or (0.08 or 0.16 μmol/kg) NPS 2143 (Figures 6A,C). The expression levels of synaptotagmine-1 and PSD 95 were significantly decreased in the hippocampus of the Aβ1–42-treated mice (P < 0.01, Figure 6B; P < 0.01, Figure 6D). The NPS 2143 (0.16 μmol/kg) treatment significantly prevented the decreased expression levels of PSD 95 and synaptotagmine-1 (P < 0.01, Figure 6B; P < 0.01, Figure 6D).
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FIGURE 6. Pharmacological inhibition of CaSR prevented the decreased expression levels of synaptotagmine-1 and PSD 95 induced by oligomeric Aβ1–42. (A) Sample western-blot plot of synaptotagmine-1 and β-actin in the control, the oligomeric Aβ1–42-treated group (4 μmol/kg), and/or the NPS 2143-treated group (0.08 or 0.16 μmol/kg). (B) Quantitative comparison of hippocampal synaptotagmin-1 level in different groups. (C) Sample western-blot plot of PSD 95 and β-actin in six groups. (D) Quantitative comparison of hippocampal PSD 95 level in different groups. **P < 0.01 vs. control group, ##P < 0.01 vs. Aβ1–42 oligomer-treated group. Values represent mean ± SEM, n = 6 animals for each group.





Pharmacological Inhibition of CaSR Prevents Cognitive Deficits of Aβ1–42 Oligomer-Treated Mice

Normal synapse formation is considered to be the structure basis of cognitive function. To find out whether the impairment of synapse formation mediated by CaSR was also involved in the cognitive deficits of the AD mouse model, NOR tests and MWM tests were used to estimate the role of CaSR in soluble Aβ1–42 oligomer induced recognitive and spatial memory deficits (Figure 7), respectively.
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FIGURE 7. Protective function of inhibiting CaSR on oligomeric Aβ1–42-induced recognitive and spatial learning deficits. (A) Experimental schedule of behavioral tests. Cannulas were implanted into bilateral hippocampal regions. Vehicle, Aβ1–42 (4 μmol/kg) and/or CaSR inhibitor NPS 2143 (0.08 or 0.16 μmol/kg body weight per day) were microinjected for 3 days from day 7 to 9. From day 11 to day 12, the novel object recognition (NOR) tests were performed. Morris water maze (MWM) tests were conducted from day 14 to 18 day. Place navigation tests (PNT) of the MWM were conducted four times a day for four consecutive days, followed by a probe trial test (PT) 24 h after the last PNT. The mice were sacrificed after behavioral experiments. (B) Discrimination indexes displayed no significant difference among these groups in the training session. (C) Quantitative comparison of the discrimination indexes in the retention session, n = 8 animals for each group. (D) The escape latency of the control, the oligomeric Aβ1–42-treated group (4 μmol/kg), and/or the NPS 2143-treated group (0.08 or 0.16 μmol/kg) during the four training days. (E) Quantitative comparison of the time in the target quadrant of the six groups. (F) Quantitative comparison of the number of target platform crosses of the six groups. (G) Swimming speed of the six groups did not show significant different. *P < 0.05 vs. control group, **P < 0.01 vs. control group, #P < 0.05 vs. Aβ1–42 oligomer-treated group, ##P < 0.01 vs. Aβ1–42 oligomer-treated group. Values represent mean ± SEM, n = 8 animals for each group.



The discrimination indexes were used to evaluate the recognitive memory of animals in NOR tests. There was no significant difference in discrimination indexes among these groups in the training session (P > 0.05, Figure 7B). In the retention session, discrimination indexes were decreased in the mice injected with soluble Aβ1–42 oligomers (P < 0.05, Figure 7C). Inhibition of CaSR with NPS 2143 (0.16 μmol/kg) had no effect on discrimination indexes, but it significantly attenuated the Aβ1–42 oligomer-induced reduction of discrimination indexes (P < 0.05, Figure 7C). The NPS 2143 (0.08 μmol/kg) treatment had no effect on Aβ1–42-induced change in the discrimination indexes (P > 0.05, Figure 7C). These results indicated that NPS 2143 rescues Aβ1–42-induced recognitive deficits in a dose dependent manner.

To further investigate whether CaSR is involved in Aβ1–42 oligomer-mediated spatial memory impairment, we examined memory performance with MWM tests in mice treated with Aβ1–42 oligomers in presence or absence of CaSR antagonist NPS 2143. Two-way ANOVA for repeated-measures revealed significant changes in drug effects (P < 0.01, Figure 7D) and time effects (P < 0.01, Figure 7D), but no interaction was found (P > 0.05, Figure 7D). The escape latency of Aβ1–42-treated mice on day 3 and 4 was significantly longer compared with the control mice (P < 0.05 and P < 0.01 for day 3 and 4 respectively, Figure 7D). The escape latency of NPS 2143-treated mice (0.08 or 0.16 μmol/kg) was stable compared to that of the control mice. The NPS 2143 (0.08 μmol/kg) did not prevent the increase escape latency of Aβ1–42-treated mice, however, the NPS 2143 (0.16 μmol/kg) treatment prevented the prolongation of latency induced by Aβ1–42 on day 3 and 4 (P < 0.05, Figure 7D). In the probe test, after the hidden platform was removed from the target quadrant, the Aβ1–42-treated mice spent a shorter time in the target quadrant compared with the control mice (P < 0.01, Figure 7E). A 0.16 μmol/kg NPS 2143 treatment reversed the decrease of time in the target quadrant of the Aβ1–42-treated mice (P < 0.01, Figure 7E). However, treatment of NPS 2143 alone, at the dose of 0.08 or 0.16 μmol/kg, had no effect on the time spent in the target quadrant (Figure 7E). Moreover, we measured the numbers of times the mice swam cross the place where the original platform was. The numbers of the target platform crosses were decreased in the Aβ1–42-treated mice (P < 0.01, Figure 7F). Injection of NPS 2143 (0.16 μmol/kg) reversed the decreased crosses over the target platform of Aβ1–42-treated mice (P < 0.01, Figure 7F). However, treatment of NPS 2143 alone had no effect on the numbers of the target platform crosses (Figure 7F). We did not observe a significant difference in velocity among the six groups in the MWM tests (Figure 7G), indicating that the differences in latency, time and number of crosses over the target platform among the groups were not caused by the differences in velocity. Altogether, these data suggested that pharmacological inhibition of CaSR prevents mice from Aβ1–42 oligomer- induced spatial learning and memory deficits in MWM tests.



CaSR Participates in Aβ1–42-Induced Increase in the Levels of cPLA2 and PGE2

To explore the downstream pathways mediated by CaSR and soluble Aβ1–42 oligomers, the contents of cPLA2 and PGE2 were measured in hippocampal neurons. Aβ1–42 treatment increased the content of cPLA2 (P < 0.01, Figure 8A). NPS 2143 (0.1 μM) treatment significantly prevented the increased level of cPLA2 induced by Aβ1–42 oligomers (P < 0.01), while the level of cPLA2 remained stable under NPS 2143 (0.1 μM) alone treated neurons, compared with that of the control neurons. The expression level of CaSR was reduced by the CaSR-shRNA-lentivirus, and knocking down CaSR also prevented the increased cPLA2 content induced by Aβ1–42 oligomers (P < 0.01, Figure 8C). Aβ1–42 treatment also increased the content of PGE2 (P < 0.01, Figure 8B). The NPS 2143 (0.1 μM) treatment significantly prevented Aβ1–42 oligomer-induced increase of the level of PGE2 (P < 0.01), while, the level of PGE2 remained stable under NPS 2143 (0.1 μM) alone treated neurons, compared with that of the control neurons (P > 0.05 Figure 8B). Down-regulation the expression level of CaSR also prevented the increased PGE2 content induced by Aβ1–42 oligomers (P < 0.01, Figure 8D).


[image: image]

FIGURE 8. CaSR was involved in Aβ1–42-induced increase of cytosolic phospholipase A2 (cPLA2) and prostaglandin E2 (PGE2) in hippocampal neurons. (A,B) Quantitative comparison of the contents of cPLA2 and PGE2 in the Aβ1–42—(0.5 μM) and/or NPS 2143—(0.1 μM) treated groups. **P < 0.01 vs. control group, ##P < 0.01 vs. Aβ1–42 oligomer-treated group. Values represent mean ± SEM, n = 12–13 independent replicates. (C,D) Quantitative comparison of the contents of cPLA2 and PGE2 in the Aβ1–42 and/or CaSR-shRNA-lentivirus-treated groups. **P < 0.01 vs. NC shRNA group. ##P < 0.01 vs. Aβ1–42 + NC shRNA group, n = 9 independent replicates.



To verify the above results, the contents of cPLA2 and PGE2 in the hippocampus of the Aβ1–42 (4 μmol/kg) and/or NPS 2143 (0.08 or 0.16 μmol/kg) treated mice were also measured. The contents of PGE2 and cPLA2 were significantly increased in the hippocampus of the Aβ1–42-treated mice (P < 0.01, Figure 9A; P < 0.01, Figure 9B). The NPS 2143 (0.16 μmol/kg) treatment reversed the increased levels of PGE2 and cPLA2 (P < 0.05, Figure 9A; P < 0.01, Figure 9B).
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FIGURE 9. CaSR was involved in Aβ1–42-induced increase of cPLA2 and PGE2 in the hippocampus. (A) Quantitative comparison of the content of cPLA2 in the control, oligomeric Aβ1–42-treated group (4 μmol/kg), and/or NPS 2143-treated group (0.08 or 0.16 μmol/kg). (B) Quantitative comparison of the content of PGE2 in six groups. #P < 0.05 vs. Aβ1–42 oligomer-treated group, **P < 0.01 vs. control group, ##P < 0.01 vs. Aβ1–42 oligomer-treated group. Values represent mean ± SEM, n = 6 animals for each group.






DISCUSSION

To the best of our knowledge, our results, for the first, time demonstrate that the expression level of CaSR is increased by Aβ1–42. The increase expression or activity of CaSR mediates the AD-like phenotypes/pathology induced by Aβ1–42 oligomers partially through activation of the cPLA2/PGE2 pathway. CaSR is located in nerve terminals which are related to synaptic plasticity and neuronal transmission (Bandyopadhyay et al., 2010). In this study, we provided novel insights to the possible role and underlying mechanisms of CaSR in AD.

It is well accepted that the hippocampus is a region of the adult brain where neurogenesis occurs. Perturbations in synapse formation by forms of oligomeric Aβ are tightly correlated with memory deficits in AD (Bandyopadhyay et al., 2010; Marchetti and Marie, 2011; Ardiles et al., 2012; Ma and Klann, 2012; Sanchez et al., 2012; Xu et al., 2014). Growing evidence indicates that Aβ-induced synaptic loss in the hippocampus occurs at the early stage of AD (Teich et al., 2015; Wang X. et al., 2018). We demonstrated that exposure of Aβ1–42 oligomers potently decreased filopodium density in hippocampal neurons, while CaSR inhibitor NPS 2143 significantly prevented Aβ1–42 oligomer-induced filopodium loss. These results suggest that CaSR is involved in the negative role of Aβ1–42 during initial synapse formation. Dendritic spines, small membranous protrusions from neuronal dendrites, are developed from filopodia. Consistent with the role of CaSR in the Aβ1–42-induced decrease in filopodium density, CaSR was also involved in the impairment of spine and synapse formation mediated by Aβ1–42 oligomers. Both pharmacological inhibition of CaSR and knockdown of CaSR prevented Aβ1–42-induced synapse developmental deficits. Moreover, we found that CaSR also mediated Aβ1–42-induced cognitive deficits. Using behavioral tasks, including MWM and NOR tests, we also showed that Aβ1–42 oligomers cause recognitive and spatial memory impairment. Inhibition of CaSR with NPS 2143 prevented Aβ1–42-induced cognitive deficits in a dose-depended manner. Thus, CaSR mediates AD-like synaptic and cognitive impairment induced by Aβ1–42 oligomers.

cPLA2/PGE2 signaling pathways might be involved in the effects of CaSR on Aβ-induced cognitive impairment. PGE2, a lipid molecule derived from arachidonic acid (AA; Brummett et al., 2014). cPLA2 affects the synthesis of PGE2 by promoting the release of AA (Bate and Williams, 2015a). It has been found that the activation of cPLA2/PGE2 is associated with multiple signaling pathways such as neuronal excitation, synaptic secretion, lipid metabolism, and neuroinflammation (Murakami and Kudo, 2004; Igarashi et al., 2011; Sun et al., 2014). Activation of cPLA2 enzymes plays an important role in age-associated neuronal and memory impairment (Hermann et al., 2014). Neurons isolated from mice deficient in cPLA2−/− showed resistance to the toxic effects of Aβ (Desbàne et al., 2012). PGE2 also regulates synaptic function and plasticity (Koch et al., 2010). Addition of PGE2 reduced the content of synaptic proteins in cortical neurons, and impaired hippocampal presynaptic long-term plasticity in a mouse model of AD (Bate et al., 2010; Maingret et al., 2017). Our results showed that the contents of cPLA2 and PGE2 in hippocampal neurons and hippocampal encephalic region were significantly increased due to oligomeric Aβ1–42 treatment. These results are consistent with previous studies showing that Aβ oligomers could activate cPLA2 and increase the level of PGE2, resulting in a reduction of synaptic markers and a decline in cognitive function (Desbàne et al., 2012; Bate and Williams, 2015b). Both pharmacological inhibition of CaSR and down-regulation of the expression of CaSR prevented Aβ-induced increase of cPLA2/PGE2 and synaptic damage. Thus, CaSR might mediate Aβ-induced synaptic and cognitive damage through increasing cPLA2 and PGE2 contents.

Besides activation of the cPLA2/PGE2 pathway, CaSR has also been reported to be involved in the Aβ-induced increase of Aβ and phospho-tau (Dal Prà et al., 2014; Chiarini et al., 2017); this might also contribute to the decrease in cognitive decline in AD mice. At physiological conditions, CaSR was only partially activated (Ruat and Traiffort, 2013; Díaz-Soto et al., 2016). Increased Aβ made CaSR full or over activated, which further induced the early impairment of synapse formation and cognitive function. Together with our observations, the current data showed that CaSR is an important factor mediating the progress of AD.

In conclusion, we demonstrated that CaSR is involved in oligomeric Aβ1–42-induced cognitive dysfunction as well as synapse formation and developmental impairment in the pathogenesis of AD, in addition, our results indicated that cPLA2 and PGE2 are downstream targets of CaSR, which mediate cognitive decline in AD. Thus, we provided support for the efficacy of specific antagonists of CaSR in the treatment of AD.
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Current researches on default mode network (DMN) in normal elderly have mainly focused on finding some dysfunctional areas with decreased or increased connectivity. The global network dynamics of apolipoprotein E (APOE) e4 allele group is rarely studied. In our previous brain network study, we have demonstrated the advantage of persistent homology. It can distinguish robust and noisy topological features over multiscale nested networks, and the derived properties are more stable. In this study, for the first time we applied persistent homology to analyze APOE-related effects on whole-brain functional network. In our experiments, the risk allele group exhibited lower network radius and modularity in whole brain DMN based on graph theory, suggesting the abnormal organization structure. Moreover, two suggested measures from persistent homology detected significant differences between groups within the left hemisphere and in the whole brain in two datasets. They were more statistically sensitive to APOE genotypic differences than standard graph-based measures. In summary, we provide evidence that the e4 genotype leads to distinct DMN functional alterations in the early phases of Alzheimer’s disease using persistent homology approach. Our study offers a novel insight to explore potential biomarkers in healthy elderly populations carrying APOE e4 allele.
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INTRODUCTION

Alzheimer,s disease (AD) (Lane et al., 2018) is the most common form of dementia among the elderly and the sixth leading cause of death in the United States. There are more than 50 million patients worldwide in 2018, and it is expected to reach a staggering 152 million by 2050 (Patterson, 2018). It is crucial to develop the AD-related biomarkers early in the aging process before the onset of overt cognitive impairment and irreversible brain damage (Korthauer et al., 2018). One hypothesis (Reiman et al., 2009; Lambert et al., 2013; Yu et al., 2019) for the pathogenesis (Karch and Goate, 2015) of AD indicate the apolipoprotein E (APOE) e4 allele (Lane-Donovan and Herz, 2017) involves the accumulation of Amyloid-β (Caselli et al., 2010), leading to increasing neuronal atrophy and synapse loss. To date, APOE is a major genetic risk factor for developing AD (Thompson et al., 2013; Zhu et al., 2019). Functional neuroimaging genetics provides an effective strategy for characterizing the intermediate phenotype of AD and identifying genes that contribute to functional alterations in brain networks (Chiesa et al., 2017, Chiesa et al., 2019). In particular, recent research has demonstrated that default mode network (DMN) (Raichle, 2015) is associated with progressive brain dysfunction and is susceptible to APOE genotype (Song et al., 2015; Ma et al., 2016; Yuan et al., 2016; Palmqvist et al., 2017; Staffaroni et al., 2018; Chiesa et al., 2019).

Graph theory has increasingly been used as a theoretical framework for studying brain network characteristics. At the level of regional connection, functional connectivity between brain nodes as an important biomarker can identify early brain function alteration related to AD pathophysiology (Bokde et al., 2009). It is dedicated to investigating the distinct connectivity within the DMN that could represent the progressive biomarker. However, the results of resting state functional MRI (rs-fMRI) (Teipel et al., 2015) and APOE studies have reported mixed results (Cai et al., 2017; Luo et al., 2017; Caldwell et al., 2019; Zhu et al., 2019). Some reported decreased functional connectivity (Yan et al., 2015) in APOE e4 allele carriers (APOE4+) compared with non-carries (APOE4-), the others found some increased functional connectivity (Song et al., 2015; Zhu et al., 2018), while others didn’t found any differences (Chiesa et al., 2019). At the global whole-brain level, some neurobiologically meaningful graph-theoretic properties have become important indicators for measuring brain functional networks, through which we can understand the altered network architecture in those carrying risk genotype, including a loss of small-world network (Korthauer et al., 2018), a redistribution of hubs (Wink et al., 2018), and a disrupted modular organization (Li et al., 2019). However, there are currently few network measures based on graph theory have been studied in cognitively unimpaired elderly (Seo et al., 2013; Luo et al., 2017; Pietzuch et al., 2019) and some of their results were reported as inconsistent (Seo et al., 2013; Qiu et al., 2016; Luo et al., 2017). For instance, Wink et al. (2018) found decreased centrality of DMN in APOE4+ comparing to non-carriers, while Wang et al. (2017) didn’t find such genotype difference of centrality in normal elderly. Overall, graph-theoretic methods cannot consistently demonstrate functional DMN difference between APOE4+ and APOE4- in normal elderly, and the reason has been debated in the literature (Chiesa et al., 2017).

Recently, persistent homology (Edelsbrunner and Harer, 2010) from algebraic topology has been adopted for the analysis of brain network. It uses graph filtration to construct a multiscale brain network with all possible thresholds wherever the persistent topological features over the network dynamics are identified (Giusti et al., 2016). This method can distinguish robust and noisy topological features over a wide range of filtration values in measuring global brain network organization. The typical approach of persistent homology is Betti number plot (BNP) (Edelsbrunner and Harer, 2010; Lee et al., 2012), which has successfully applied to the brain network research on epilepsy (Choi et al., 2014), autism spectrum disorder and attention-deficit hyperactivity disorder (Lee et al., 2012, 2017), etc. In our previous works (Kuang et al., 2019a, b), we have developed some network properties based on persistent homology and have successfully applied them to measure the metabolic and functional networks of AD and MCI patients. Although the persistent homology works well in cognitively impaired elderly, it has never been applied to study the genetic influence on brain network yet, especially in unimpaired individuals.

In this paper, we study the effect of APOE genotype on functional DMN in cognitively unimpaired subjects. We hypothesized the topological properties of persistent homology may reveal the APOE-related alteration in DMN even before clinical symptoms appear better than graph-theoretic approaches. Using the cross-sectional rs-fMRI imaging data of 27 APOE4+ and 31 APOE4- normal elderly, we test this hypothesis by computing two persistent homology-based properties and measuring the differences between APOE4+ and APOE4- groups. We further run the statistical inference to validate their powers and compare them with some graph-theoretic methods.



MATERIALS AND METHODS

We summarize the pipeline of our framework in Figure 1. The rs-fMRI (Teipel et al., 2015) data of each subject are preprocessed and the blood oxygen level dependent (BOLD) signals within each region-of-interest (ROI) are obtained. Then we construct one weighted DMN per subject and quantify its global topological structure using graph theory and persistent homology. The details are described in following subsections.
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FIGURE 1. The flow of measuring DMN topological structure based on graph theory and persistent homology in cognitively unimpaired subjects using rs-fMRI data from ADNI.



Participants

Data used in the preparation of this article were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database1 (Jack et al., 2008; Jagust et al., 2010). The ADNI was launched in 2003 as a public-private partnership, led by Principal Investigator Michael W. Weiner, MD. The primary goal of ADNI has been to test whether serial magnetic resonance imaging (MRI), positron emission tomography (PET), other biological markers, and clinical and neuropsychological assessment can be combined to measure the progression of mild cognitive impairment (MCI) and early Alzheimer’s disease (AD).

There were only 38 Normal Controls (NC) between the ages of 60 and 90 from the ADNI-2 who had available rs-fMRI and APOE data. Due to the small sample size of NC, we also introduced Subjective Memory Complaints (SMC), producing a dataset of cognitively unimpaired subjects in this study. The only difference from NC is that SMC reported memory problems by themselves. Individuals with two copies of the apolipoprotein e2 allele (APOE e2/2) were excluded due to its possible protective effects (Suri et al., 2013). Finally, individuals carrying at least one APOE ε4 allele (genotype e3/e4 and e4/e4) were classified as APOE4+, while individuals with genotype e3/e3 were classified as APOE4-.



Data Acquisition and Preprocessing

The experimental dataset were acquired at multiple ADNI sites using 3.0 T Philips MRI scanners. All rs-fMRI data were obtained using an echo-planar imaging (EPI) sequence and the parameters included repetition time (TR) = 3000 ms, echo time (TE) = 30 ms, flip angle = 80°, number of slices = 48, slice thickness = 3.3 mm, voxel size = 3 mm × 3 mm × 3 mm, voxel matrix = 64 × 64, and time points = 140.

All functional images were pre-processed using SPM8 toolbox2, DPARSF3 (Yan and Zang, 2010), and REST3 (Song et al., 2011) according to well-accepted pipelines, the same as our prior work (Kuang et al., 2019a). Briefly, the first ten time points were removed before temporal correction and spatial normalization. Then image smoothing, linear trend adjustment and band-pass filter were performed sequentially.



Construction of DMN

First, the whole brain is divided into 90 functional ROI using standard automated anatomical labeling atlas (AAL90) (Tzourio-Mazoyer et al., 2002). Then 26 areas (Vriend et al., 2018) in AAL90 are identified as the ROI of DMN, as shown in Table 1. There are 13 ROI per hemisphere and each ROI is considered as a network node of DMN.


TABLE 1. The division of twenty six ROI nodes in DMN based on AAL90 atlas.

[image: Table 1]
The average timing BOLD signal serial Ti = (Ti1, Ti2,…Tik) within the i-th ROI node is used as its measurement (Step 2 in Figure 1). We define the functional connectivity (i.e., edge weight) between any pair of ROI as 1-Pearson coefficient of their BOLD signal serials, i.e.
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where Tip represents the average BOLD signal within the i-th ROI at p-th time point and K = 130 is total number of time points of the rs-fMRI data. Thus, the functional connection matrix (N × N) per subject is obtained (Step 3 in Figure 1) and each subject’s DMN is constructed. Here N = 26 if the DMN of entire brain is studied, otherwise N = 13 if only one hemispheric DMN is studied.



Measuring DMN Using Graph Theory

In the past decade, the neurobiologically meaningful network properties based on graph theory have become important indicators in measuring brain functional networks. We validate some widely used graph measures in this study (Right part of step 5 in Figure 1), including characteristic path length (CPL) (Li et al., 2019), global efficiency (GC) (Shu et al., 2015), network radius (NR) (Fujita et al., 2017), modularity (Mod) (Li et al., 2019), and eigenvector centrality (EC) (Luo et al., 2017). Briefly, the average shortest path length between all pairs of nodes in the network is CPL, while the average inverse shortest path length is called GC. Then NR is the minimum eccentricity of all nodes in the network and nodal eccentricity is the greatest distance between this node and any other nodes. Further, Mod measures the extent to which the network can be subdivided into clearly delineated and non-overlapping groups, and EC computes the sum of centralities of the node’s direct neighbors. All these network measures were calculated by Brain Connectivity Toolbox (BCT)4 in Matlab R2017a.



Measuring DMN Using Persistent Homology

Persistent homology (Edelsbrunner and Harer, 2010) is a mathematical concept derived from algebraic topology and is used to characterize topological features in complex data. There is an important tool, graph filtration (Giusti et al., 2016), in persistent homology that constructs a family of nested networks along an axis at their threshold values by thresholding original weighted network at every possible entry (Step 4 in Figure 1). Thus, it can distinguish robust and noisy topological characteristics in a wide range and enables reasonable inferences regarding the underlying organization. The classic network property based on persistent homology is BNP which detects the dynamic of the zeroth Betti number (i.e., the number of connected components) over all filtration values (Lee et al., 2012). It has been successfully applied to the some studies (Lee et al., 2012, 2017; Choi et al., 2014) of brain network in neurodegenerative diseases.

In our previous work (Kuang et al., 2019a), we proposed an integrated persistent feature (IPF) based on BNP, which introduced a connected component aggregation cost into the zeroth Betti number and thus achieves a holistic description of network dynamics. The IPF at filtration λi is defined as (Kuang et al., 2019a).
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Here, m is total number of network nodes and λ0 = 0 < λ0 < λ1 < λ2 < … < λm–1 is the filtration value which is actually the set of weights of minimum spanning tree of the original weighted network. Previous work has proven that the IPF is a monotonically decreasing convergence function over all possible filtration. In summary, when λ increases from zero, the IPF value of the network will decrease to zero accordingly until all nodes are connected into a single connected component. Therefore, the slope of the IPF plot (SIP) can be used as an important network property to quantify the brain network dynamics. Both network measures BNP and SIP can be considered as information diffusion rate or convergence rate of the network. We provided their implementations at http://gsl.lab.asu.edu/software/IPF and applied them in this study (Left part of step 5 in Figure 1).




RESULTS


Demographic Information

In this experiment, 58 subjects without cognitive impairment were selected from ADNI-2, and were divided into two groups, APOE e4 carriers and non-carriers, according to their APOE genotype. Among them, 20 subjects were identified as SMC and remaining 38 subjects were NC. The only difference from NC is that SMC reported memory problems by themselves. We considered both as cognitively impairment subjects in this study. As shown in Table 2, there were no significant differences in age, education, Mini Mental State Examination (MMSE) score, and Clinical Dementia Rating (CDR) global scores between groups. All subjects had MMSE of 24–30, CDR = 0, and were cognitively unimpaired. Furthermore, all studied images did not have excessive head motion (six-parameter rigid body) defined by a displacement of less than 1 mm or an angular rotation of less than in any direction 1°.


TABLE 2. Demographic characteristics of the high-risk (APOE4+) and low-risk (APOE4-) groups.
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Multiscale Brain DMN Dynamics

We constructed one original weighted DMN per subject. The 26 network nodes in whole brain DMN were determined according to Table 2 and are visualized in Figure 2 using Brain Net Viewer software (Xia et al., 2013). Then, the edge weights between them were calculated using Eq. (1). We further constructed multiscale networks based on the original DMN using graph filtration tool (Step 4 in Figure 1). As we only observe the zeroth homology in this study, the filtration value λ is actually the set of weights of minimum spanning tree of DMN. Figure 3 shows the multiscale network dynamics for two mean DMN of two groups over some filtration values. Figure 4 shows the change of zeroth Betti number using single linkage dendrogram (Lee et al., 2012). All the nodes on the left are connected to form the larger component on the right, until finally a fully connected network is constructed. The zeroth Betti number starts at 26, and gradually decreases to 1 while more and more nodes are connected.


[image: image]

FIGURE 2. The ROI in DMN from (A) sagittal view, (B) axial view, and (C) coronal view. The color bar shows the ROI node index predefined in AAL90 atlas.
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FIGURE 3. Multiscale DMN dynamics for two mean networks of (A) APOE4+ and (B) APOE4- groups at six different filtration values 0.20, 0.25, 0.30, …, 0.45. The color bar shows the ROI node index predefined in AAL90 atlas.
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FIGURE 4. The single linkage dendrograms of (A) APOE4 carriers and (B) non-carriers groups show the change of the zeroth Betti number. The color represents the target distance (total edge weight) from current connected component to the full connected component (the rightmost line).


From Figures 3, 4, we intuitively saw that the connected components in APOE+ aggregated slightly faster than APOE-, especially after λ is larger than 0.35. However, it needs to be further quantitatively measured by network properties based on persistent homology.



Brain DMN Properties

We calculated the corresponding Betti number β0 and IPF of the multiscale DMN at all different filtration values for two group means, and plotted them, as shown in Figure 5. We found that the APOE+ curve in both Betti number plot and IPF plot were steeper than the APOE- curve, suggesting the faster aggregation of APOE+, which is consistent with the above observation of multiscale brain dynamics (see Figures 3, 4). All subjects’ values of BNP and SIP properties based on persistent homology were summarized using box plot as shown in Figures 6A,B, separately, where 1 represents APOE4+ and 2 is APOE4-. The distributions of both BNP and SIP property values between groups are obviously different, indicating both persistent features may be able to discriminate APOE4+ from APOE4-.
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FIGURE 5. The persistent feature dynamics over filtrations for APOE4+ and APOE4- by (A) Betti number plot and (B) IPF plot.
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FIGURE 6. The box plots of property values for APOE4 carriers (1) and non-carriers (2) groups using two persistent homology properties, (A) SIP and (B) BNP, and five graph-theoretic properties, (C) CPL, (D) NR, (E) EC, (F) Mod, and (G) GC.


Traditionally, brain network properties have been measured using graph theory methods. In order to compare with our suggested methods based on persistent homology, we also calculated some classical graph theory properties, including CPL, NR, EC, Mod, and GC. The distributions of all attribute values are shown in Figures 6C–G where 1 and 2 represents APOE4+ and APOE4-, respectively. We observed that the between-group differences of SIP, BNP, NR, and Mod are more apparent than those of CPL, EC, and GC.



Statistical Group Difference

In the statistical analysis of differences between groups of APOE4+ and APOE4-, we performed the permutation test of 10,000 permutations on all network properties using Matlab R2017a and calculated their resulting p-values as shown in Table 3. First, the differences between groups in whole brain DMN with 26 ROI nodes were measured. Two persistent features SIP and BNP obtained significant differences at significance level of 0.05, which were p = 0.021 and p = 0.009, respectively. In the statistic inferences for five compared graph theory-based properties, only NR and Mod obtained significant differences with p = 0.024 and p = 0.037, respectively, while there were no significant differences in other three properties, CPL, EC, and GC. Then, we analyzed the group differences within the single hemisphere and only two measures SIP and BNP achieved significant differences (p = 0.027, both) within the left hemisphere. We did not find any differences within the right hemisphere.


TABLE 3. Statistical p-values of different network properties between APOE4+ and APOE4- groups.
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In short, our experimental results show that both persistent properties achieved more significant group differences between APOE4+ and APOE4- than traditional graph-theoretic measures, and BNP obtained the most significant difference (p = 0.009) in the study of whole brain DMN.




DISCUSSION


Present Findings

There are three main findings in this study.

First, we found that the e4 allele carriers exhibited lower NR and Mod (p = 0.024, 0.037, respectively) in the study of whole brain DMN using traditional graph-theoretic methods, suggesting the abnormal organization structure in the risk allele group. To our knowledge, there have been few studies (Luo et al., 2017; Pietzuch et al., 2019) on graph theory that have reported APOE genotypic differences in functional network properties of whole brain DMN in normal elderly, although a lot of studies have found differences in functional network properties between AD/MCI and NC. Some studies (Staffaroni et al., 2018; Chiesa et al., 2019) even found no difference between elderly APOE4+ and APOE4- groups in functional DMN. The reason why findings of DMN on unimpaired individuals do not consistently demonstrate differences between APOE4+ and APOE4- is still debated in the literature (Chiesa et al., 2017). In our study, we found two measures could detect their differences significantly, which would further enhance the APOE research based on graph theory.

Second, we introduced two measures from our previous studies based on persistent homology and found they were more statistically powerful than graph-theoretic measures in discriminating APOE4+ from APOE4- in our experiment, and the BNP obtained the most significant difference (p = 0.009) between groups. The persistent homology approach can distinguish robust and noisy topological features over multiscale nested networks, and the obtained properties are more persistent and stable. So far, many studies of brain network based on persistent homology have demonstrated the superiority of the performance. To our knowledge, it is the first time we introduced persistent homology to study the APOE genotype effect on DMN.

Finally, the functional disruption within the left hemisphere may be more pronounced than the right one. All persistent homology-based features SIP and BNP detected the significant differences of DMN in whole brain and left hemisphere. However, no significant differences were found within the right hemispheric DMN using any network measures. This finding is consistent with existing APOE studies documenting the effect of the e4 allele on left hippocampus rather than right hippocampus of non-demented individuals (Shi et al., 2014; Li et al., 2016; Dong et al., 2019).



Verification on Normal Control Subjects

As there were only 16 NC individuals who had e4 allele and available rs-fMRI data in ADNI-2, we expanded our experimental sample size by including SMC subjects. However, some studies (Caldwell et al., 2019) on APOE have only investigated NC individuals from ADNI. Thus, we excluded all SMC subjects (see Table 2) and further repeated our experiment on NC subjects. As shown in Table 4, there were no significant differences in age, education, sex, and MMSE between APOE+ and APOE- in NC dataset. We calculated the differences of DMN between groups using different measures, as shown in Table 5. Again, two measures based on persistent homology obtained stronger statistical power than graph theory methods, and the differences within the left hemispheric DMN is more significant than the right one. Moreover, compared to experiments performed on cognitively unimpaired dataset (Table 3), the SIP obtained very significant difference (p = 0.006) on NC dataset.


TABLE 4. Demographic characteristics of NC dataset.
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TABLE 5. Statistical p-values of different network properties on NC between APOE4+ and APOE4- groups.
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Limitation and Future Works

Despite the promising results were obtained by applying two suggested network properties SIP and BNP based on persistent homology to discriminate APOE e4 allele carriers from non-carriers in cognitively unimpaired subjects, there are three important caveats.

First, both persistent homology-based properties BNP and SIP adopted in this study only investigated the dynamics of the zeroth persistent homology. Higher-dimensional persistent homology characterizes higher-dimensional topological features, and more complexed topological structures such as circular holes can be detected. Therefore, the performance of network measurement may be further boosted if higher-dimensional homology is applied, especially in the sparse network that tends to have more holes.

Then, although the DMN have been heavily studied and are reported as a promising kind of network to study, current researches have mainly focused on finding some dysfunctional areas with decreased or increased connectivity (Song et al., 2015; Yan et al., 2015; Zhu et al., 2018; Chiesa et al., 2019). There are relatively few studies on global network dynamics of e4 allele group in normal elderly. In this study, we measured the global brain network in two datasets (cognitively unimpaired dataset and its subset NC) and found some statistically powerful measures. In future, we will validate these measures in other independent datasets.

Finally, current findings are achieved based on cross-sectional study. With longitudinal analysis, we may further study the longitudinal trajectories (Chiesa et al., 2019) of functional brain dynamics and the impact of e4 allele on individuals at risk for Alzheimer’s disease by quantifying the difference of their persistent features. In addition, the more aggregated structure in APOE e4 allele carriers may be due to worse development in childhood. Examining longitudinal MRI since childhood, the possibility of this phenomenon could be further assessed.




CONCLUSION

This work measured the DMN structure of rs-fMRI on cognitively unimpaired e4 allele carriers based on our prior work of persistent homology, which encodes a great deal of dynamic information over all possible scales. The significant differences between APOE4+ and APOE4- are identified within the left hemispheric DMN and in the whole brain DMN in two datasets, providing evidence that the APOE e4 genotype leads to distinct alterations of functional DMN several years before the occurrence of dementia symptoms. Moreover, our suggested approaches of persistent homology are more sensitive to APOE genotypic differences than standard graph-based network measures. To the best of our knowledge, this is the first study applying persistent homology to analyze APOE-related effect on whole-brain functional network. This study offers a novel insight to explore potential biomarkers in healthy elderly populations carrying APOE e4 allele.
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Molecular imaging of tauopathies is complicated by the differing specificities and off-target binding properties of available radioligands for positron emission tomography (PET). [18F]-APN-1607 ([18F]-PM-PBB3) is a newly developed PET tracer with promising properties for tau imaging. We aimed to characterize the cerebral binding of [18F]-APN-1607 in Alzheimer’s disease (AD) patients compared to normal control (NC) subjects. Therefore, we obtained static late frame PET recordings with [18F]-APN-1607 and [18F]-FDG in patients with a clinical diagnosis of AD group, along with an age-matched NC group ([18F]-APN-1607 only). Using statistical parametric mapping (SPM) and volume of interest (VOI) analyses of the reference region normalized standardized uptake value ratio maps, we then tested for group differences and relationships between both PET biomarkers, as well as their associations with clinical general cognition. In the AD group, [18F]-APN-1607 binding was elevated in widespread cortical regions (P < 0.001 for VOI analysis, familywise error-corrected P < 0.01 for SPM analysis). The regional uptake in AD patients correlated negatively with Mini-Mental State Examination score (frontal lobe: R = -0.632, P = 0.004; temporal lobe: R = -0.593, P = 0.008; parietal lobe: R = -0.552, P = 0.014; insula: R = -0.650, P = 0.003; cingulum: R = -0.665, P = 0.002) except occipital lobe (R = -0.417, P = 0.076). The hypometabolism to [18F]-FDG PET in AD patients also showed negative correlations with regional [18F]-APN-1607 binding in some signature areas of AD (temporal lobe: R = -0.530, P = 0.020; parietal lobe: R = -0.637, P = 0.003; occipital lobe: R = -0.567, P = 0.011). In conclusion, our results suggested that [18F]-APN-1607 PET sensitively detected tau deposition in AD and that individual tauopathy correlated with impaired cerebral glucose metabolism and cognitive function.

Keywords: tau, neurodegeneration, metabolism, cognition, Alzheimer’s disease, positron emission tomography


INTRODUCTION

The hyperphosphorylated, aggregated tau that comprises intracellular filamentous inclusions is implicated in a number of neurodegenerative pathologies (Spillantini and Goedert, 2013). In healthy adults, equal amounts of tau protein isoforms with three microtubule-binding domains (3R) and four microtubule-binding domains (4R) occur in the cerebral cortex (Goedert and Jakes, 1990). Misassembly of the normally unfolded microtubule-associated protein tau into a highly structured amyloid fibril is implicated in the pathological process underlying human tauopathies (Goedert et al., 2017). Alzheimer’s disease (AD), which is primarily associated with 3R and 4R tau (Rosler et al., 2019), is one of the most clinically relevant tauopathies and is the most common neurodegenerative disorder globally, bringing enormous burdens to society and caregivers.

Consequently, molecular imaging of tauopathies has garnered much interest in recent years, and there is increasing recognition of tauopathy as a potential target in the early detection of neurodegenerative disease or indeed as a potential therapeutic target. Among available tracers for positron emission tomography (PET), the selectivity for tau isoforms determines their suitability for particular neurodegenerative disease. For example, a head-to-head comparison of [11C]-THK5351 and [11C]-PBB3 in AD patients revealed distinct binding patterns for the two tracers in the same patients. [11C]-THK5351 binding matched the tau pathology expected for AD, whereas [11C]-PBB3 binding showed a greater affiliation with β-amyloid distribution (Chiotis et al., 2018). An immunofluorescence study with PBB3 and AV-1451 both showed intense labeling of non-ghost and ghost tangles, whereas detection of dystrophic neurites in brain of AD patients was clearer for PBB3 (Ono et al., 2017). Further quantitative autoradiographic analysis post-mortem showed moderate [11C]-PBB3 autoradiographic binding vs. relatively faint [18F]-AV-1451 labeling of the 3R isoforms in brains of patients dying with Pick’s disease (PiD), and likewise for the 4R isoforms in brains of patients dying with progressive supranuclear palsy (PSP) or corticobasal degeneration. However, the binding of the two ligands was similar for paired helical filament (PHF)-tau in patients dying with AD (Ono et al., 2017).

Off-target binding, at present one of the great challenges in molecular neuroimaging of tauopathy, occurs then the tracer has affinity to an unintended molecular target in the brain. For example, the interpretation of tau burden in PET scans with [18F]-THK5351 (Ng et al., 2017) and several other ostensibly tau-selective tracers (Murugan et al., 2019) was complicated by off-target binding to monoamine oxidase B (MAO-B). Furthermore, the tau tracers [18F]-AV-1451, [18F]-THK5351, and [18F]-MK6240 all showed additional binding to neuromelanin (Aguero et al., 2019; Tago et al., 2019), which likely accounted for their binding in the midbrain dopamine neurons of the substantia nigra (Marquie et al., 2015; Harada et al., 2016).

PBB3-based tracers show much promise in overcoming the problem of incomplete specificity for tau. Previous studies regarding the prototype [11C]-PBB3 revealed no cross-reactivity with monoamine oxidase A (MAO-A) and MAO-B (Ni et al., 2018), although there was a low affinity for non-tau fibrils such as assemblages of amyloid-β (Maruyama et al., 2013; Ono et al., 2017) and α-synuclein aggregates (Koga et al., 2017). Nevertheless, [11C]-PBB3 binding was highly selective for tau at the nm radioligand concentrations typically achieved in a human PET study (Koga et al., 2017; Ni et al., 2018). However, routine clinical use of the compound [11C]-PBB3 presented logistic difficulties due to the short physical half-life of carbon-11 (Hashimoto et al., 2014, 2015; Shimada et al., 2017). A PBB3 derivative labeled with longer-lived fluorine-18 might overcome this limitation.

Moreover, according to the latest National Institute on Aging – Alzheimer’s Association framework on AD (Jack et al., 2018; Cummings, 2019), a framework comprising three biomarkers β-amyloid (A), tau (T), and neurodegeneration (N) is recommended for defining the AD spectrum and for distinguishing AD from non-AD causes of cognitive impairment. Detection of β-amyloid is accomplished with established PET tracers such as [11C]-PiB (Klunk et al., 2004; Jimenez-Bonilla et al., 2016) and [18F]-AV45 (Nemmi et al., 2014; Brendel et al., 2015; Lin et al., 2016). These tracers show progressive accumulation of β-amyloid first in isocortical areas and later in limbic and cortical structures. Positron emission tomography with [18F]-FDG reveals a characteristic pattern of hypometabolism in temporoparietal cortex and posterior cingulate of AD patients (Minoshima et al., 1995; Kato et al., 2016; Hsu et al., 2017; Rice and Bisdas, 2017; Blazhenets et al., 2019). Multimodal studies combining A/T/N biomarkers showed tau deposition as measured by [18F]-AV-1451 (Sintini et al., 2019) or [18F]-THK5351 (Baghel et al., 2019) PET, which correlated with hypometabolism to [18F]-FDG PET and with atrophy, as measured by structural magnetic resonance imaging (MRI) (Sintini et al., 2019).

In this context, we presented [18F]-APN-1607 ([18F]-PM-PBB3), a next-generation tau tracer derived from the PBB3 series, but possessing a superior drug metabolism and pharmacokinetic profile, improved specific binding in brain, and the logistic advantage imparted by fluorine-18 (Shimada et al., 2017, 2018; Tagai et al., 2020; see Supplementary Table 1). We aimed in this study to characterize the cerebral uptake pattern of [18F]-APN-1607 as a marker for hyperphosphorylated tau in patients with clinically diagnosed AD in comparison to a normal control (NC) group and to investigate the correlation of this regional uptake with hypometabolism to [18F]-FDG PET and in relation to impaired cognitive function.



MATERIALS AND METHODS


Subjects

Nineteen clinically diagnosed and amyloid PET-positive AD patients (6 underwent [11C]-PiB PET, and 13 underwent [18F]-AV45 PET) and 11 NC subjects who also underwent [18F]-APN-1607 PET in Huashan Hospital, Shanghai, China, were enrolled in this study from 2018/11 to 2019/11. All subjects underwent anatomical MRI, and all AD patients underwent an [18F]-FDG PET within 1 month before or after [18F]-APN-1607 PET. The diagnosis of clinically probable AD was based on current diagnostic criteria (McKhann et al., 2011). Experienced radiologists assessed medial temporal lobe atrophy (MTA) using MTA–Visual Rating Scale (VRS) blinded to clinical conditions in all subjects. Experienced neurologists from the cognitive impairment clinic administered the Mini-Mental State Examination (MMSE) and Clinical Dementia Rating (CDR) test for all patients. Meanwhile, the NC group also accepted CDR test. None of the NCs had a history of cognitive impairment, psychiatric illness, central nervous system disease, or head injury. Furthermore, dementia caused by other reasons and mild cognitive impairment (MCI) were excluded after clinical screening by experienced neurologist/cognitive specialists. This study was approved by the ethics committee of Huashan Hospital (no. 2018-363). All procedures performed in this study were in accordance with the ethical standards of the institutional research committee and with the Helsinki Declaration of 1975 and its later amendments. All subjects or a legally responsible relative gave written informed consent before the study.



Imaging and Processing


Radiosynthesis

[18F]-APN-1607 was prepared in Huashan Hospital by a nucleophic substitution reaction followed by an acid hydrolysis carried out with an [18F]-multifunction synthesizer (Beijing PET Technology Co., Ltd., Beijing, China). APRINOIA Therapeutics (Suzhou, China) provided the tosylate precursor used for the radiosynthesis. After purification with semipreparative high-performance liquid chromatography, the product [18F]-APN-1607 was formulated in ascorbate-containing normal saline for injection and was filtered through a sterile membrane filter. The radiosynthesis was completed in 90 min, giving [18F]-APN-1607 with a radiochemical purity of ≥90% and a molar activity of ≥37 MBq/μmol at the end of synthesis. The production was conducted under the green light-emitting diode light (510 nm) illumination, and the product was sterile and negative for pyrogens.



Image Acquisition and Reconstruction

All subjects were scanned on a Siemens Biograph 64 PET/computed tomography (CT) (Siemens, Erlangen, Germany) in three-dimensional (3D) mode in Huashan Hospital. A low-dose CT transmission scan was performed before PET scanning for attenuation correction. Static emission recordings were acquired during the interval of 90–110 min after intravenous injection of 370 MBq [18F]-APN-1607. Image reconstruction was obtained by the ordered subset expectation maximization 3D (OSEM 3D) method. Patients with AD underwent [18F]-FDG PET on another scanning day with intravenous injection of 185 MBq, following a scanning procedure and OSEM 3D reconstruction as described in a previous study (Wu et al., 2013). All subjects also underwent anatomical MRI in a 3.0-T horizontal magnet (Discovery MR750; GE Medical Systems, Milwaukee, WI, United States) at Huashan Hospital.



Semiquantitative Volume of Interest–Based PET Analyses

The PNEURO data processing pipeline of PMOD version 4.005 (PMOD Technologies Ltd., Zurich, Switzerland) was used for spatial normalization of all PET images to the Montreal Neurological Institute (MNI) space, using the individual MRI as an intermediate. Both [18F]-APN-1607 and [18F]-FDG PET images were analyzed in the following manner: we first segmented the individual MRI into gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF) and made the spatial normalization to the MNI space. Subsequently, each subject’s individual PET images were spatially matched to MRI and then resampled using the normalization arising from the GM/WM/CSF MRI segmentation procedure (Ashburner, 2007). Based on the Atlas template [adult brain maximum probability map (“Hammersmith atlas”; n30r83)], the whole brain was parcellated into the following regions for standardized uptake value ratio (SUVR) calculations: frontal, temporal, occipital, and parietal lobes; insula; cingulum; caudate; putamen; pallidum; thalamus; midbrain; pons; medulla; and cerebellar cortex. The cerebellar cortex was selected as the reference region for tau images because it has negligible tau pathology to examination post-mortem AD cerebellum (Herrmann et al., 1999; Baghel et al., 2019). The same reference region was used for [18F]-FDG PET images (Leuzy et al., 2018; Baghel et al., 2019).



Voxel-Wise Analyses

Statistical parametric mapping (SPM) analysis was performed using SPM8 (Wellcome Department of Cognitive Neurology, London, United Kingdom) implemented in MATLAB 8.4 (R2014) (Mathworks Inc., Sherborn, MA, United States). The [18F]-APN-1607 SUVR maps from the AD and NC groups were compared by a voxel-wise two-tailed Student t-test after 10-mm Gaussian smoothing. To evaluate significant differences, we set the voxel threshold at P < 0.01 [familywise error (FWE)-corrected] over the whole brain with an extent threshold empirically chosen to be at least twice of the expected number of voxels per cluster estimated in the SPM run. Significant regions were localized by Talairach–Daemon software (Research Imaging Center, University of Texas Health Science Center, San Antonio, TX, United States). The SPM maps for abnormal [18F]-APN-1607 uptakes were overlaid on a standard structural MRI brain template in stereotaxic space. We then used multiple regression analyses to determine the relationship between [18F]-APN-1607 uptake values and MMSE in the AD patients. Voxels surviving P < 0.01 (uncorrected) with an extent threshold of at least twice of the expected number of voxels per cluster estimated in the SPM run were considered significant for the multiple regression analyses. Moreover, clusters surviving at FWE P < 0.05 were also searched for these multiple regression analyses.



Statistical Analysis

Demographic characteristics and semiquantitative PET results in different target volumes of interest (VOIs) were compared between AD and NC groups using the independent two-tailed Student t-test, χ2 test, or Mann-Whitney U test as appropriate. Effect sizes for the discrimination between patients and NC subjects were evaluated by Cohen d. Correlation analyses between PET SUVR in target VOIs and clinical parameter (MMSE), as well as intermodality correlations, were performed using Spearman correlation. All statistical analyses were performed in SPSS version 22.0 software (SPSS Inc., Chicago, IL, United States). P < 0.05 was considered significant.



RESULTS


Demographic Information and Clinical Characteristics

Our AD group consisted of 7 males and 12 females with mean age 61.8 (±11.3) years, whereas NC group included seven males and four females with mean age 61.8years (±4.6) years. There were 14 early onset AD, who showed symptoms younger than 65 years old and five late-onset AD (LOAD) in our cohort. Both groups were comparable for age of scanning (P = 0.992) and gender (P = 0.156). The general cognition of the AD group as assessed by CDR-Global Score (CDR-GS) and MMSE score showed that our patient cohort was mainly at moderate to advanced stages of the disease (CDR-GS: 1 (1–2); MMSE: 17.0 ± 7.6). The MTA-VRS showed that AD group had abnormal brain atrophy while NC group showed normal (Table 1).


TABLE 1. Demographic information and clinical characteristics.
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Semiquantitative VOI-Based PET Analyses

Figure 1 shows the representative examples of [18F]-APN-1607 PET and anatomical MRI superimposed images of AD and NC subjects.


[image: image]

FIGURE 1. Representative examples of [18F]-APN-1607 PET and anatomical MRI superimposed images of AD and NC subjects. (A) [18F]-APN-1607 PET of an AD patient (male, 56 years old, MMSE 17, 11 years’ education experience, memory impairment complaint for 5 years with positive [11C]-PiB result). (B) [18F]-APN-1607 PET of a NC subject (Male, 61y). AD, Alzheimer’s disease; NC, normal control. The color stripe indicates the standard uptake value ratio with cerebellar cortex as the reference region.


The AD group showed abnormally higher [18F]-APN-1607 binding than did the NC group in all cerebral lobes (P < 0.001, Cohen d varying from 1.5 to 2.1), as well as in caudate (P < 0.05, Cohen d = 0.9) and putamen (P < 0.001, Cohen d = 1.5). Meanwhile, the AD group showed lower uptake of [18F]-APN-1607 in midbrain (P < 0.01, Cohen d = 1.0), pons (P < 0.001, Cohen d = 1.4), and medulla (P < 0.001, Cohen d = 1.5) (Table 2 and Figure 2).


TABLE 2. Differences of [18F]-APN-1607 regional SUVR between AD and NC groups.
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FIGURE 2. Differences of regional [18F]-APN-1607 SUVR between AD and NC groups. AD, Alzheimer’s disease; NC, normal control. *P < 0.05, **P < 0.01, ***P < 0.001.


As for clinical associations, [18F]-APN-1607 binding in all cerebral lobes (with the exception of the occipital lobe) correlated negatively with the MMSE score (frontal lobe: R = −0.632, P = 0.004; temporal lobe: R = −0.593, P = 0.008; parietal lobe: R = −0.552, P = 0.014; insula: R = −0.650, P = 0P = 0.003; cingulum: R = −0.665, P = 0.002). Likewise, [18F]-APN-1607 binding in putamen, thalamus and medulla showed similar correlations (putamen: R = −0.557, P = 0.013; thalamus: R = −0.595, P = 0.007; medulla: R = −0.469, P = 0.043). [18F]-FDG uptake, as a surrogate marker for neuronal metabolic activity, showed positive correlations with MMSE in the frontal and parietal lobes (frontal lobe: R = 0.469, P = 0.043, parietal lobe: R = 0.550, P = 0.015). The temporal lobe also showed a broadly similar correlation with MMSE, albeit without reaching significance (R = 0.444, P = 0.057) (Table 3).


TABLE 3. Correlations between regional SUVR and MMSE score, and correlations between multimodes in AD group.

[image: Table 3]We then interrogated the relationships between [18F]-APN-1607 and [18F]-FDG. We found negative correlations between tau deposition and FDG uptake in the temporal, parietal, and occipital lobes (temporal lobe: R = −0.530, P = 0.020; parietal lobe: R = −0.637, P = 0.003; occipital lobe: R = −0.567, P = 0.011). A similar pattern was observed for the frontal lobe, albeit without reaching statistical significance (R = −0.421, P = 0.073) (Table 3).



Voxel-Wise PET Analyses

Compared to the NC group, the AD group had elevated [18F]-APN-1607 binding in fusiform gyrus (BA 37), superior temporal gyrus (BA 21), inferior temporal gyrus (BA 20), middle frontal gyrus (BA 8, 9, 11), and cingulate gyrus (BA 32) at FWE P < 0.01 (Table 4 and Figure 3).


TABLE 4. Brain regions with significant increased uptakes of [18F]-APN-1607 in AD group compared to NC Group (P < 0.01, FWE corrected).
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FIGURE 3. Voxel-wise differences of whole-brain [18F]-APN-1607 binding in the AD group compared to the NC Group. AD, Alzheimer’s disease; NC, normal control. Increased binding is displayed in red; decreased binding is displayed in blue. The color stripe indicates the t value; voxel threshold P < 0.01, FWE-corrected. T statistic maps are displayed in MNI standard space.


Significantly negative correlations between MMSE and brain [18F]-APN-1607 binding were found mainly in superior frontal gyrus (BA 10), middle frontal gyrus (BA 9, 10, 11, 47), parahippocampal gyrus (BA 36) and lateral globus pallidus at P < 0.01 (uncorrected). Of these, both the superior frontal gyrus (BA 10) and middle frontal gyrus (BA 9, 10) survived FWE at P < 0.05 (Table 5 and Figure 4).


TABLE 5. Brain regions exhibiting a significant negative correlation between MMSE score and regional brain uptakes of [18F]-APN-1607 in AD group (P < 0.01, uncorrected).
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FIGURE 4. Voxel-wise correlation of MMSE score and whole-brain [18F]-APN-1607 binding in the AD group. AD, Alzheimer’s disease; NC, normal control. Positive correlations are displayed in red; negative correlations are displayed in blue. The color stripe indicates the t value; voxel threshold P < 0.01, uncorrected. Images are displayed in MNI standard space.




DISCUSSION

In this present study, we characterized the [18F]-APN-1607 uptake pattern in patients with AD in comparison with NC subjects. Furthermore, we assessed the correlation with between tau PET with [18F]-FDG PET and clinical parameters (MMSE). Our main objective was to characterize the utility of this next-generation tau tracer in terms of effect size for detecting disease-specific tau deposition, thus confirming the known relationship between tau deposition and decreased FDG uptake and cognitive impairment in AD patients.

In the regional analysis of [18F]-APN-1607, we found AD patients had higher binding than NC subjects in widespread regions of the cerebral cortex, caudate, and putamen and conversely relatively low uptake in the brainstem. The voxel-wise analysis results were in agreement with those of the region-based analysis, and the cerebral regions with increased tau deposition to [18F]-APN-1607 were consistent with previously published studies for previous-generation tau tracers (Table 6).


TABLE 6. Summary of ROI analyses of different tau tracers in AD and NC groups.

[image: Table 6]Hitherto, only limited data for second-generation tau tracers have been reported (Leuzy et al., 2019). Some novel tau tracers generally presented a number of advantages over the previous generation, notably with respect to target selectivity. For example, in vitro studies suggested that [18F]-MK6240 and [18F]-JNJ-067 bound with neurofibrillary tangle (NFT) (Hostetler et al., 2016), whereas [18F]-RO948 bound to both NFT and neuropil threads (Honer et al., 2018), whereas [18F]-JNJ64349311 interacted with PHF-tau and neuropil threads (Declercq et al., 2017). [18F]-PI2620 showed ambivalent binding to 3R-tau from PiD brain and to 4R-tau from PSP samples (Kroth et al., 2019). [18F]-APN-1607 showed specific binding with tau aggregates in AD and PSP (Shimada et al., 2018). Furthermore, such tracers showed improvement in off-target binding. [18F]-APN-1607 showed no off-target binding in the basal ganglia and thalamus (Shimada et al., 2017), and [18F]-APN-1607, [18F]-MK6240, [18F]-JNJ-607, and [18F]-PI2620 revealed no off-target binding with MAO-A and MAO-B. Extensive screening of [18F]-RO948 also revealed no off-target binding. These limited available data suggested that novel-generation tau tracers had significant advantages in comparison to previous generation tracers. The selectivity for tau isoforms of the different series renders them particularly suitable for the investigation of neurodegenerative disease apparent. Further clinical studies are required to demonstrate their diagnostic utility and to further evaluate their performance.

The limited in vivo data reported for other new-generation tau tracers showed similar results to our study: [18F]-MK6240, [18F]RO-948, and [18F]-PI6260 showed elevated signals in temporal areas and more broadly throughout the cortex in AD patients compared to NC subjects. The SUVRs in temporal lobe of AD/MCI patients were 1.64 (±0.72) with [18F]-MK6240 [MMSE = 18.8 (±6.9), Cohen d = 1.3) (Lohith et al., 2019), 2.75 (±1.40) with [18F]RO-948 (inferior temporal lobe, MMSE = 20.8 (±2.7), Cohen d = 1.6] (Wong et al., 2018), and 1.80 (±0.40) with [18F]-PI2620 [inferior temporal, MMSE = 20.4 (±6.3), Cohen d = 2.4] (Mueller et al., 2019). Our findings of [18F]-APN-1607 had relatively lower SUVR in the present study [temporal lobe: 1.64 (±0.50), MMSE = 17.0 (±7.6), Cohen d = 2.1] comparing to [18F]RO-948 and [18F]-PI2620, which might arise from the relatively rough ROI; however, the relatively high Cohen d value indicated that [18F]-APN-1607 was a highly sensitive tracer for detecting tau aggregates in AD. Findings in other brain regions were also comparable among the next-generation tau tracers, including [18F]-APN-1607 (Table 6).

In addition to the finding of distinctly elevated [18F]-APN-1607 binding in the widespread cerebral cortex of patients with AD of moderate severity, we also saw increased signals in the striatum. We noted that [18F]-AV-1451, [18F]-RO948, and [18F]-PI2620 likewise showed similarly increased signals in the striatum (Shcherbinin et al., 2016; Wong et al., 2018; Mueller et al., 2019). Previous neuropathological observation addressed that NFT occurs in striatum in late Braak stages of AD (V and VI) (Chan and Shea, 2006). Another autopsied study reinforced AD cases with severe putaminal tauopathy at the advanced stages and indicated that severe microtubule-associated protein tau accumulation in the basal ganglia might occur most frequently in AD cases, without comorbidity of other neurodegenerative diseases in a general aging population (Hamasaki et al., 2019). Accordingly, the higher [18F]-APN-1607 PET signal seen in caudate and putamen of our AD group might suggest higher than expected tauopathy (Su et al., 2015). Nonetheless, previous MRI studies reported iron overloading in striatum in AD (Bartzokis et al., 1993, 1994; Acosta-Cabronero et al., 2013). Iron is a known component of neuritic plaques (Grundke-Iqbal et al., 1990; Connor et al., 1992; LeVine, 1997; Lovell et al., 1998) and neurofibrillary tangles (Good et al., 1992), and the Fenton reaction has long been suspected to contribute to AD pathology (Smith et al., 1997). Indeed, excessive ferrous iron may well favor β-amyloid aggregation and otherwise produce neurotoxicity (Schubert and Chevion, 1995; Leskovjan et al., 2011). Furthermore, iron can induce hyperphosphorylation and aggregation of tau (Lovell et al., 2004; Chan and Shea, 2006). Altogether, we interpreted these findings with much caution, given that previous generation tau tracers such as [18F]-AV-1451 demonstrated off-target binding to ferrous iron (Lowe et al., 2016; Passamonti et al., 2017; Choi et al., 2018; Baker et al., 2019), which as described above was implicated in the neuropathology of neurofibrillary tangle formation. Noteworthy, [18F]-AV-1451 has shown non-specific binding in the striatum in healthy elderly subjects (Marquie et al., 2015; Passamonti et al., 2017; Smith et al., 2017), and its binding appeared to increase with healthy aging (Smith et al., 2017). Similarly, the first-generation [11C]-PBB3 also showed off-target binding in the basal ganglia, the reason for which was yet to be determined (Ono et al., 2017), although a recent abstract indicated there was no off-target binding in the basal ganglia and thalamus for [18F]-APN-1607 (Shimada et al., 2017).

In this study, we investigated clinical correlations for [18F]-APN-1607 and [18F]-FDG uptakes separately. The MMSE score, as a surrogate for general cognition, showed strong correlations with [18F]-APN-1607 SUVR in all cerebral cortical regions except the occipital lobe, and with [18F]-FDG SUVR in the frontal and parietal lobes (Table 3). In [18F]-APN-1607, we also saw relatively weaker correlations in the putamen, thalamus, and medulla.

It was hypothesized that accumulation of toxic intracellular aggregate accompanied by a loss of soluble tau capable of stabilizing microtubules might synergistically lead to compromised neuronal survival (Lee et al., 2011), accounting for the putative relationship between NFT burden and cognitive decline in AD patients (Terry et al., 1981; Gomez-Isla et al., 1997). According to the Braak theory of AD propagation (Braak and Braak, 1991b; Braak and Del Tredici, 2011), tau deposition spreads widely and aggregates in neocortical areas in advanced AD patients. The association we observed between tau depositions to [18F]-PAPN-1607 and general cognitive impairment was consistent with these known relationships, which we could now confirm here with a new-generation tau tracer. The occipital lobe was thought to be affected at only a late stage of typical AD progression (Delacourte et al., 1999) and likewise showed tau accumulation only at a late stage (Alafuzoff et al., 2008). In this regard, our study’s failure to show a correlation between tau deposition and [18F]-APN-1607 in the occipital lobe, and MMSE score was consistent with the moderate severity of disease in our patient group.

We found a negative correlation between tau deposition to [18F]-APN-1607 in some subcortical regions and MMSE score. Degeneration of deep gray matter structures other than the hippocampus and the amygdala occurred in the process of AD and ultimately contributes to cognitive deterioration. The thalamus pathology played an increasingly recognized role in early memory loss of AD patients (Aggleton and Brown, 1999; Harding et al., 2000; Taber et al., 2004; Carlesimo et al., 2011). The anterodorsal thalamic nucleus was posited to undergo neurofibrillary changes concomitant with the hippocampus (Braak Stages III–IV) (Braak and Braak, 1991b). Nonetheless, some thalamic nuclei appeared unaffected or show only mild neurofibrillary changes, even in cases of severe AD (Braak and Braak, 1991b). Recent studies have provided evidence that AD-related tau cytoskeletal pathology is initiated in subcortical regions, which supports the widely held hypothesis that early occurring subcortical tau cytoskeletal pathology, including that in the thalamus, may play a crucial role in the cascade of the early pathological events of AD (Rub et al., 2000; Grinberg et al., 2009; Stratmann et al., 2016). In addition, the clinical manifestation and progression of AD correlated with loss of neurons, synaptic degeneration in the neocortex and the topographical distribution of the tau cytoskeletal pathology in diseased brains (Jack et al., 2016). The role of the cortical and subcortical regions of the limbic system in the performance of normal cognitive and memory functions was well-known. The presence of severe tau cytoskeletal pathology in the thalamic nuclei with limbic connectivity likely contributed to impaired neural processing in limbic circuits, manifesting in certain cardinal symptoms of AD (Braak and Braak, 1991a, b; Rub et al., 2000, 2002; Blennow et al., 2006; Lace et al., 2007; Grinberg et al., 2009; Braak and Del Trecidi, 2015). Structural MRI studies also showed that overall thalamic volume correlates with cognitive status in MCI and AD patients (de Jong et al., 2008; Pedro et al., 2012; Yi et al., 2016), further highlighting its role in the pathogenesis of AD. In this regard, the negative correlation between [18F]-APN-1607 binding in the thalamus and MMSE score in the AD group offered further support, a link between thalamic pathology and cognitive impairment. Like thalamus, the basal nuclei participated in many different neuronal pathways, with functions extending to emotional, motivational, associative, and cognitive processes (Herrero et al., 2002). A previous MRI study has found significantly reduced putamen volumes in AD patients, correlating with impaired cognition (de Jong et al., 2008). Combined with the neuropathological observation that NFT occurs in striatum in Braak stages V and VI in AD (Chan and Shea, 2006), our findings strongly suggested that the tau deposition in the subcortical regions may also contribute to cognitive decline in AD.

Cerebral [18F]-FDG uptake provides a surrogate marker for neuronal metabolism. [18F]-FDG uptake in the frontal (R = 0.469, P = 0.043) and parietal lobes (R = 0.550, P = 0.015) correlated with MMSE score of our AD group, with weaker association for the temporal lobe (R = 0.444, P = 0.057). Numerous PET studies have demonstrated hypometabolism in the temporoparietal cortex of AD patients (Minoshima et al., 1995; Kato et al., 2016; Rice and Bisdas, 2017), whereas hypometabolism in the frontal lobe is often observed during the progression of AD dementia (Herholz et al., 2007). Thus, our present findings of regional correlation were concordant with the known hypometabolic regions in AD. The relatively weak correlation in the temporal lobe could be indicative of involvement at an early stage of neurodegeneration, with stabilization of the hypometabolism late in this disease, resulting in a weakening of the relationship between temporal hypometabolism with cognitive scores. Indeed, previous [18F]-FDG PET studies have suggested that temporal hypometabolism peaks at the MCI stage and does not progress at later stages of the disease (Dukart et al., 2013), which seems consistent with present findings.

Our multimodal analysis revealed several brain regions showing correlations between uptake of both tracers. Previous studies posited that cognitive deficits in AD could arise directly from both tau pathology and subsequent downstream neurodegeneration (Bejanin et al., 2017). We found that SUVRs in the temporal (R = −0.530, P = 0.020), parietal (R = −0.637, P = 0.003), and occipital (R = −0.567, P = 0.011) lobes correlated negatively between [18F]-APN-1607 and [18F]-FDG uptakes, with a trend toward negative correlation in the frontal lobe (P = 0.073, R = −0.421). These findings were consistent with results disclosed using other tau tracers [[18F]-AV-1451 (Gordon et al., 2019; Sintini et al., 2019) and [18F]-THK5351 (Baghel et al., 2019)]. Previous stereological and non-stereological quantitative post-mortem studies of cerebral cortex (Terry et al., 1981, 1987; Cras et al., 1995; Schwab et al., 1998, 1999; Bussiere et al., 2002; Kril et al., 2002) and clinicopathologic studies (Giannakopoulos et al., 2003) reported a close association between NFT counts and neuron loss. However, non–NFT-related mechanisms of neurodegeneration may also play a role in the loss of cortical neurons in AD (Gomez-Isla et al., 1997).

In summary, this preliminary clinical study confirmed the utility of the new compound [18F]-APN-1607 for the detection of tau pathology and reinforced previous studies showing an overlap between cerebral glucose hypometabolism (using [18F]-FDG PET) and tau deposition and their association with dementia.


Limitations

We noted several shortcomings in this study. First, our group size in this preliminary study was relatively small. Second, to reduce the radiation exposure to the NC group, we did not perform additional β-amyloid or [18F]-FDG PET scanning to conform lack of pathology. However, clinical and MRI assessment revealed normal results. Although the abnormal metabolic regions of AD patients are well-described from a plethora of previous publications, we lacked [18F]-FDG PET data for the NC group. In mitigation, we restricted our exploration in the AD group with region-to-region analysis, aiming to explore anatomic relationships between tau deposition and abnormal metabolism. We draw attention to the fact that MMSE reflected only general cognition, whereas individuals may suffer from cognitive impairment in different domains. Future studies involving more detailed cognitive assessments would support a better exploration of the relationships between tauopathy and cognition.

We were cognizant of the methodological challenges associated with choice of reference region. We used cerebellum, a commonly chosen region, for normalization of [18F]-APN-1607 and [18F]-FDG scans to SUVR maps. Validity of this approach naturally required absence of important pathologies in cerebellum. In future studies, we shall consider other possible methods of normalization. Finally, clinical studies of prospective design are required to further validate the promising results reported here.
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Background: Periodontitis is one of the most common oral diseases and is a potential risk factor for systemic diseases. In this study, we aimed to investigate the association between periodontitis and learning and memory impairment.

Methods: We established a periodontitis model by topical application of Porphyromonas gingivalis lipopolysaccharide (P. gingivalis-LPS) into the palatal gingival sulcus of the maxillary first molars of 10-week-old male rats for a 10-week period. We assessed alveolar bone resorption using micro–computed tomography analysis and learning and memory ability using the Morris water maze test. We determined the levels of cytokines [interleukin (IL)-1β, IL-6, IL-8, and IL-21] and LPS in the peripheral blood and cortex, as well as toll-like receptor 4 (TLR4)/NF-κB signaling pathway activation, using reverse transcription-polymerase chain reaction (RT-PCR), enzyme-linked immunosorbent assay (ELISA), and western blot. We determined activation of microglia and astrocytes, expression of Aβ1-42, APP and Tau by immunohistochemistry. Finally, we measured the expression of amyloid precursor protein (APP) and its key secretases, as well as the Aβ1-40/1-42 ratio, by RT-PCR, western blot, and ELISA.

Results: We found that periodontitis induced learning and memory impairment in the rats. Further, we observed that it induced significant alveolar bone resorption. There was an increase in the levels of inflammatory cytokines and LPS. Moreover, we confirmed TLR4/NF-κB signaling pathway activation. We also observed activated microglia and astrocytes with enlarged cell bodies and irregular protrusions. Finally, we observed the promotion of β- and γ-secretases APP processing.

Conclusion: Our findings indicated that periodontitis was associated with learning and memory impairment, probably induced by neuroinflammation via activating the TLR4/NF-κB signaling pathway. Furthermore, abnormal APP processing could be involved in this progress.

Keywords: periodontitis, neuroinflammation, learning and memory impairment, APP processing, TLR4/NF-κB signaling pathway


INTRODUCTION

Periodontitis is a potentially transmissible chronic infection caused by plaque biofilm. It is responsible for 70% of the global population presenting one or more damages in the periodontium (Oppermann et al., 2015). Considering that periodontitis involves interacting bacterial pathogens, including their toxic factors and host inflammatory responses, it has a multifactorial etiology with a marked inflammatory profile (Papapanou et al., 2018). Chronic recurrent periodontal inflammation could destroy the tooth support organization; further, there is increasing evidence that periodontal disease is an important risk factor for systemic diseases, including cardiovascular disease, diabetes, and reduced respiratory function (Preshaw et al., 2012; Hamilton et al., 2017; Winning et al., 2019).

Given the accelerating trend of population aging, the harm caused by cognitive disorders on human health has become increasingly prominent. It clinically manifests as gradual cognitive dysfunction and psychosis (Wimo et al., 2017; Brookmeyer et al., 2018). Epidemiological surveys reported that periodontitis was associated with an increase in the rate of cognitive decline (Ide et al., 2016; Harding et al., 2017). Periodontitis is not only an oral localized inflammatory disease, but also elicits low-grade inflammation via both the release of pro-inflammatory cytokines and the invasion of periodontitis bacteria along with their components (Hashioka et al., 2019). Level of pro-inflammatory cytokines could increase with worsened periodontal status and cognitive decline (Sochocka et al., 2017). Keeping oral hygiene could decrease the risk of dementia (Harding et al., 2017).

Periodontal pathogens and virulence factors that cause chronic periodontitis may also possibly contribute to the development of dementia (Olsen and Singhrao, 2015). Porphyromonas gingivalis (P. gingivalis), the most important periodontal pathogen, and its virulence factor lipopolysaccharide (LPS) are main pathogenic factor of periodontitis (Jain and Darveau, 2010; Poole et al., 2013). Dominy et al. (2019) reported P. gingivalis in brain samples of patients with AD, which indicates that it could be a risk factor for AD. Ilievski et al. (2018) reported brain inflammation and neurodegeneration after oral administration of P. gingivalis. Wu et al. (2017) reported that intraperitoneal injection of P. gingivalis-LPS promoted learning and memory deficits and intracellular accumulation of Aβ. Our previous study also suggested that intraperitoneal injection of P. gingivalis-LPS, which induced systemic inflammation, could impair cognition through neuroinflammation (Zhang et al., 2018). However, the association between topical application of P. gingivalis-LPS into the gingival sulcus and learning and memory ability remains unclear.

In this study, we aimed to investigate the effects of periodontitis with topical application of P. gingivalis-LPS on learning and memory using the Morris Water Maze test. We used micro–computed tomography to assess bone resorption. Activation of microglial and astrocyte was confirmed through immunohistochemistry. The relative level of LPS and expression of inflammatory factors, as well as TLR4/NF-κB signaling pathway activation were analyzed using reverse transcription-polymerase chain reaction, enzyme-linked immunosorbent assay, and western blot. For further analysis of the underlying mechanism, we assessed APP processing.



MATERIALS AND METHODS


Animals

All experimental protocols were approved by the ethical committee of the Animal Care and Experimental Committee of Shanghai Jiao Tong University School of Medicine and were performed according to the guidelines of the EU Directive 2010/63/EU. Efforts were made to minimize surgery-induced suffering and reduce the overall number of animals used.

We obtained 10-week-old male Sprague-Dawley rats of specific pathogen-free (SPF) grade from the Shanghai SIPPR-BK Laboratory Animal Co., Ltd. The rats were provided with standard housing at temperature (18–22°C) and humidity (55–65%) with a 12-h light/dark cycle and free access to food and water. We randomly divided 32 rats into four groups, namely, the control group (Control), P. gingivalis-LPS group (LPS), P. gingivalis-LPS plus TAK-242 group (LPS+TAK-242), and TAK-242 group. TAK-242 (also known as CLI-095), a novel cyclohexene derivative, is an effectively/specifically TLR4 inhibitor (Ii et al., 2006). After inducing anesthesia using 10% chloral hydrate, the rats in the LPS and LPS+TAK-242 groups were topical applied with P. gingivalis-LPS (0.5 mg/kg, twice a week) into the palatal gingival sulcus of the maxillary first molars for 10 weeks using a 5-μl microsyringe (Hamilton, Switzerland). Moreover, we injected TAK-242 (0.5 mg/kg, i.p., twice a week) in rats in the LPS+TAK-242 group in advance. The rats in the TAK-242 group were injected with TAK-242 (0.5 mg/kg, i.p., twice a week). The rats in the control group received an equivalent saline volume. The LPS and TAK-242 amounts were determined based on previous studies (Nishida et al., 2001; Gárate et al., 2014). Three days after the last administration, the rats underwent behavioral tests for learning and memory ability assessment. We purchased P. gingivalis-LPS Ultrapure and TAK-242 from Invivogen (tlrl-ppglps and tlrl-cli95, San Diego, CA, United States) and dissolved them according to the manufacturer’s instructions.



Open Filed Test (OFT)

The open field in the present study consisted of a rectangular arena (530 mm × 478 mm), enclosed by a black wall, 590 mm in height (Mobile Datum, Shanghai, China). The test was initiated by gently placing a single rat in the middle of the arena, allowing the animal to move freely for 5 min while being recorded.



Morris Water Maze (MWM) Test

The MWM test was conducted in a round pool 160 cm in diameter and 55 cm in depth (Mobile Datum, Shanghai, China). The pool was filled with water made opaque with white non-toxic water-based tempura paint. The water temperature was controlled to remain with a range equivalent to that of room temperature (22 ± 1°C). The platform was placed in the center of one quadrant of the pool and submerged 2.5 cm beneath the water surface; it remained in the same position throughout the learning trials and was removed from the pool during the probe test. A video-tracking system (Shanghai Jiliang Software Technology Co., Ltd.) was used to monitor and record the swimming activity of the rats. The rats should have learned to use the visual tips around the pool to find the hidden platform within 90 s, otherwise it would be gently guided to the platform and allowed to re-orient for an additional 10 s. Each rat was trained four times per day with a 30 s of rest per training interval. To examine spatial reference memory, a probe test was carried out on the sixth day when the platform was removed from the pool and each rat was placed into the water at the two quadrants furthest from the platform used on days 1–5, being allowed to navigate freely for 60 s.



Measurement of Alveolar Bone Resorption by Micro-Computed Tomography (CT)

The maxillae of rats were obtained to detect bone parameters by micro-CT. Fixed in 4% paraformaldehyde, the bone morphometry was assessed using Skyscan1172 (Bruker, Kontich, Belgium) with an accuracy of 18 μm. Parameters including Bone volume/total volume (BV/TV), Bone surface/volume ratio (BS/BV) and Bone mineral density (BMD) were calculated.



Isolation of Peripheral Blood Mononuclear Cells (PBMCs)

Peripheral blood from rats (5 ml per rat) was collected from abdominal aorta in the presence of heparin as the anticoagulant. Three milliliters of the whole blood was diluted with sterile PBS of the same volume and gently resuspended. Six milliliters of the diluted whole blood fraction was overlaid onto 3 ml of the Ficoll-Paque Plus (GE Healthcare Bio-Sciences Corp., Piscataway, NJ, United States) and then subjected to 800 × g for 20 min at RT with the centrifuge brake “off.” Then PBMC layers were washed twice with RPMI 1640 media by centrifugation at 1200 rpm for 5 min at 4°C. After isolation, all samples were dissolved in Trizol reagent (Takara, Kusatsu, Shiga, Japan) for lysis of cells to extract RNA.



RNA Extraction and RT-PCR Analysis

The RNA was extracted from PBMCs and homogenization of cortex using Trizol reagent (Takara, Kusatsu, Shiga, Japan) and the Total RNA Kit (Omega Bio-Tek, Inc., Norcross, GA, United States), respectively. The purity and concentration of RNA, as well as the cDNA synthesis, were conducted according to Li et al. (2018). Subsequently, an RT-PCR assay was performed using SYBR Premix Ex TaqTM (Takara, Kusatsu, Shiga, Japan) on a Roche LightCycler 480 Real-Time PCR Detection System (Roche, Basel, Switzerland) according to the manufacturer’s protocol. Data were then processed using the 2–Δ Δ CT method. All results were based on at least three independent tests, and the final results were expressed as normalized fold values relative to the control group. The sequences of genes including Glyceraldehyde-3-phosphate dehydrogenase (GAPDH), IL-1β, IL-6, IL-8 and IL-21, APP, amyloid precursor-like protein 1 (APLP1), APLP2, a disintegrin and metalloproteinase 10 (ADAM10), β-site APP cleaving enzyme 1 (BACE1), presenilin 1 (PS1), PS2, TLR4, cluster of differentiation 14 (CD14) and their primer pairs were listed in Table 1.


TABLE 1. The sequences of genes and primer pairs.
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Measurements of Interleukins, Aβ and LPS by ELISA

Of the approximately 5 ml of blood collected as previously described, 2 ml of blood were collected in heparinized tubes for the measurement of plasma cytokines. After centrifuging (4°C, 2500 rpm*15 min), supernatant medium was separated and immediately aliquoted into 1.5 ml cryogenic tubes and frozen at –80°C until use. For tissue, radioimmunoprecipitation assay (RIPA) lysis buffer (Beyotime, Beijing, China), 1% protease inhibitor cocktail (Sigma, St. Louis, MO, United States), and 1% PMSF (Beyotime, Beijing, China) were used to homogenize samples of the cerebral cortex. Protein qualification was performed by BCA Protein Assay Kit (Beyotime, Beijing, China). Equal amounts of protein were used in ELISA to measure levels of IL-1β, IL-6, IL-8, IL-21 (UBI, Sunnyvale, CA, United States) and Aβ1-40, Aβ1-42 (Enzyme-linked Biotechnology, Shanghai, China) both in the cortex and plasma according to the manufacturer’s instructions. Level of LPS in the plasma of rats was detected by ELISA as well (SAB, College Park, Maryland, United States).



Western Blot

The samples of the cerebral cortex of rats in four groups were homogenized and lysed by RIPA containing 1% protease inhibitor cocktail and 1% PMSF (Beyotime, Shanghai, China). Equal amounts of protein were separated by SDS polyacrylamide gel electrophoresis and transferred onto PVDF membrane blocked with 5% skimmed milk as previously described (Li et al., 2018). A pre-stained protein marker (Thermo Fisher Scientific, MA, United States) was run in parallel to detect the molecular weight of proteins. Proteins were probed with appropriate antibodies including anti-TLR4 (1:1000, abs132000; Absin Bioscience Inc., Shanghai, China), anti-CD14 (1:500, abs121538; Absin Bioscience Inc., Shanghai, China), anti-IRAK1 (1:1000, abs143411; Absin Bioscience Inc., Shanghai, China), anti-p65 (1:1000, no. 8242; Cell Signaling Technology, United States), anti-pp65 (1:1000, no.3033; Cell Signaling Technology, United States) anti-BACE1 (1:1000, no. 5606; Cell Signaling Technology, United States), anti-APP (1:1000, no. 2452; Cell Signaling Technology, United States) and anti-GAPDH (1:1000, AB-P-R001, Goodhere Biotechnology Co., Hangzhou, China). The data were quantified using the Image Studio Lite ver. 5.2 software.



Immunohistochemistry

Rats were anesthetized with 10% chloral hydrate and perfused with cool PBS before removal of the brain. One hemisphere was placed in 4% paraformaldehyde overnight at 4°C, after which paraffin sections were prepared. This procedure is consistent with the previous study (Zhang et al., 2018). Briefly, brain sections were incubated with 3% H2O2 in methanol, blocked with 10% goat serum and incubated overnight at 4°C with the following primary antibodies: Ionized calciumbinding adaptor molecule 1 (Iba1) (1:400, ARG63338; Arigo Biolaboratories, Hsinchu City, Taiwan, China), Glial fibrillary acidic protein (GFAP) (1:400, ab7260; Abcam) to label microglia and astrocytes, anti-beta Amyloid1-42 antibody (1:50, ab10148; Abcam), anti-Tau antibody (1:400, ab32057; Abcam) and anti-APP antibody (1:100, MAB348; Millipore). After being washed, sections were incubated with biotinylated goat anti-rabbit or goat secondary antibody (1:200; Vector Laboratories, Burlingame, CA, United States). Images were obtained with a Leica camera.

The quantification of the immunohistochemical analysis for Iba1, GFAP, Aβ1-42, APP and Tau positive cells was performed by Image J software. The endpoints and process length were evaluated, and the numbers of positive cells were determined according to previous studies (Zhang et al., 2017; Young and Morrison, 2018). The average of the individual measurements was used to calculate group means.



Statistical Analysis

All data are presented as the mean ± standard error of the mean (SEM). P-values were calculated with one-way ANOVA and two-way ANOVA with the GraphPad Prism software. An analysis of variance was performed using Turkey’s post-hoc multiple comparison test. A value of p < 0.05 was indicative of statistical significance.



RESULTS


Assessment of Alveolar Bone Resorption

As shown in Figure 1A, P. gingivalis-LPS led to posterior maxillary bone loss. There was a decrease in BV/TV and BMD (66.13 ± 1.98% vs. 49.56 ± 2.83% and 0.8743 ± 0.02 g/cc vs. 0.755 ± 0.02 g/cc, respectively) and an increase in BS/BV (14.92 ± 1.22/mm vs. 20.7 ± 0.40/mm) in the LPS group, which was reversed by TAK-242 (Figures 1B–D). This indicated that P. gingivalis-LPS could induce bone resorption similar to that in periodontitis. Moreover, these changes induced by P. gingivalis-LPS could be alleviated by TAK-242.
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FIGURE 1. Effects of topical application of P. gingivalis-LPS into the gingival sulcus of maxillary first molars on alveolar bone. (A) Images captured by micro-CT scanning of molar region. Bone density analysis of alveolar bone including (B) BV/TV, one-way ANOVA, F = 13.65, **p < 0.01 compared to the control group. (C) BS/BV, one-way ANOVA, F = 13.35, **p < 0.01 compared to the control group and #p < 0.05 compared to the LPS group. (D) BMD, one-way ANOVA, F = 6.979, **p < 0.01 compared to the control group and #p < 0.05 compared to the LPS group (n = 4–6 per group).




Effects of Periodontal Inflammation on Locomotor Activity

We used the OFT to assess whether periodontitis induced by P. gingivalis-LPS with/without intraperitoneal administration of TAK-242 could affect spontaneous activity in rats. As shown in Figure 2, there was no significant among-group difference in the behaviors, including total distance covered (Figure 2A), time of rest motion (Figure 2B), average speed (Figure 2C), percentage of time spent on the central (%) (Figure 2D), percentage of time spent near the wall (%) (Figure 2E). This indicated that the locomotor activity of the rats was not affected by P. gingivalis-LPS or TAK-242.
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FIGURE 2. Effects of periodontal inflammation on animal activities. The open field test (OFT) was used to evaluate the locomotor activities of rats 3 days after the final administration (A–E): (A) Total distance; one-way ANOVA, p = 0.3170. (B) Time of rest motion; one-way ANOVA, F = 0.2203, p = 0.8812. (C) Average speed. F = 0.8259, p = 0.4950. (D) Percentage of time spent on the central (%); one-way ANOVA, F = 0.03944, p = 0.9891. (E) Percentage of time spent near the wall; one-way ANOVA, F = 0.5656, p = 0.6455. Overall, no significant differences were observed between groups in OFT (n = 4–6 per group).




Effects of Periodontal Inflammation on Spatial Learning and Memory

We used the MWM test to determine whether topical application of P. gingivalis-LPS into the palatal gingival sulcus of the maxillary first molars could affect learning and memory ability in rats. There was a chronological latency decrease in all the groups over the 5-day training period (Figure 3A). In the LPS group, the escape latency was significantly longer than it was in the control group at days 3, 4, and 5. There were no significant differences between the control group and the LPS+TAK-242 group. We removed the platform on the sixth day and found a significant decrease in the number of platform crossings in the target quadrant and the percentage of time spent in the target quadrant in the LPS group (Figures 3B,C). During the probe test, rats in the control group learned to directly navigate to the quadrant containing the hidden platform; however, this was not observed in the LPS group (Figure 3D). The changes mentioned above could be restored by TAK-242 administration. This indicated that periodontitis induced by P. gingivalis-LPS could be an important risk factor for learning and memory impairment.
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FIGURE 3. Effects of periodontal inflammation on spatial learning and memory. After the OFT, the MWM test was conducted to assess the learning and memory ability. (A) Latency to find the platform during the acquisition phase of the MWM test; two-way ANOVA, F = 1.154, *p < 0.05 compared to the control group and #p < 0.05, ##p < 0.01 compared to the LPS group. (B) Number of platform crossings in the target quadrant; one-way ANOVA, F = 3.662, *p < 0.05 compared to the control group and #p < 0.05 compared to the LPS group. (C) Percentage of time spent in the target quadrant; one-way ANOVA, F = 7.356, *p < 0.05 and **p < 0.01 compared to the control group, #p < 0.05 compared to the LPS group. The LPS group was compared to the control group while the LPS+TAK-242 group was compared to the LPS group. (D) The typical trajectories of the LPS group approximated the arc of a circle, without any crossings over the original platform (platform is represented by a small circle) (n = 4–6 per group).




Effects of Periodontal Inflammation on the Plasma Levels of LPS and Inflammatory Cytokines

Plasma levels of IL-1β, IL-6, IL-8, IL-21, and LPS were significantly higher in the LPS group than in the control group. Compared to the LPS group, the LPS+TAK-242 group showed reduced levels of IL-1β, IL-6, IL-8, and IL-21 proteins and LPS (Figure 4).
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FIGURE 4. Effects of periodontal inflammation on level of LPS and inflammatory cytokines in plasma. ELISA was performed to detect level of LPS and protein expression of inflammatory cytokines in plasma. The protein level of cytokines in plasma in each group (A–D) according to a one-way ANOVA analysis: IL-1β (F = 8.168, p = 0.0012), IL-6 (F = 8.005, p = 0.0020), IL-8 (F = 8.358, p = 0.0010), IL-21 (F = 2.25, p = 0.1275). The level of LPS in plasma (E) according to a one-way ANOVA analysis: F = 5.750, p = 0.0112 (n = 4–6 per group, one-way ANOVA, *p < 0.05 and **p < 0.01 compared to the Control group, #p < 0.05 and ##p < 0.01 compared to the LPS group).




Effects of Periodontal Inflammation on Microglia and Astrocytes in the Cortex

As shown in Figure 5, activation of microglia and astrocytes could be found in the LPS group. Activated microglia, which are characterized by irregular protrusions and increased volume of cell bodies, were positively stained with Iba1. Activated microglia were observed in the cortex of the LPS group but rarely in the control group while activated astrocytes were positively stained with GFAP (Figures 5A,E). A relative increase in endpoints and process length was found, presenting as volume hypertrophy and irregular protrusions (Figures 5B–D,F–H). Changes mentioned above could be reversed by TAK-242 administration. These findings indicate that periodontitis induced by P. gingivalis-LPS could play an important role in neuroinflammation.
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FIGURE 5. Effects of periodontal inflammation on microglia and astrocytes in the cortex. Histopathological analysis of brain sections was performed using immunohistochemistry. As shown in (A,B), activated microglia labeled by Iba1 with irregular protrusions were observed in cortex of the LPS group, while a similar situation could be found in astrocytes labeled by GFAP (E,F). The changes mentioned above could be attenuated by TAK-242 (200× and 400×, bar = 200 μm). The endpoints (C,G) and process length (D,H) according to a one-way ANOVA analysis: endpoints (F = 6.219, p = 0.0174) and process length (F = 10.74, p = 0.0025) of microglia, endpoints (F = 8.354, p = 0.0076) and process length (F = 2.595, p = 0.1249) of astrocytes (n = 3–4 per group, one-way ANOVA, *p < 0.05 and **p < 0.01 compared to the Control group, #p < 0.05 compared to the LPS group).




Effects of Periodontal Inflammation on Inflammatory Cytokine Levels in the Cortex

Compared to the control group, there were significantly higher mRNA and protein levels of IL-1β, IL-6, IL-8, and IL-21 in the cortex in the LPS group. Compared to the LPS group, the LPS+TAK-242 group showed reduced levels of IL-1β, IL-6, and IL-8 proteins (Figure 6). These findings demonstrate that periodontitis induced by P. gingivalis-LPS increases the expression of inflammatory factors in the central nervous system, which is significantly prevented by TAK-242.
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FIGURE 6. Effects of periodontal inflammation on protein expression of inflammatory cytokines in cortex. RT-PCR was performed to detect mRNA levels of IL-1β (F = 6.861, p = 0.0045), IL-6 (F = 11.05, p = 0.0007), IL-8 (F = 9.223, p = 0.0013), IL-21 (F = 11.89, p = 0.0007) in cortex of rats, while these changes were relieved by TAK-242 (A–D). ELISA was performed to detect protein levels in cortex (E–H) in each group according to a one-way ANOVA analysis: IL-1β (F = 7.045, p = 0.0020), IL-6 (F = 7.145, p = 0.0019), IL-8 (F = 3.866, p = 0.0248), IL-21 (F = 15.22, p < 0.0001) (n = 4–6 per group, one-way ANOVA, *p < 0.05, **p < 0.01, and ***p < 0.001 compared to the Control group, #p < 0.05 and ##p < 0.01 compared to the LPS group).




Effects of Periodontal Inflammation on APP Processing and Tau

Periodontitis induced by P. gingivalis-LPS increased the expression of APP and its homologs (APLP1 and APLP2) (Figures 7A–C). Further, it induced an increase in BACE1 and PS2 mRNA expression. In the control group, there was a decrease in ADAM10 mRNA expression (Figures 7D–G). Increased intracellular levels of Aβ1-42 and APP were observed in the LPS group, presenting as cytoplasmic yellow/brown particles (Figure 8). Besides, detection of Tau showed similar results. The number of positive cells were increased in the LPS group (Figures 8A–C). All the changes mentioned above could be alleviated by TLR4 inhibitor. The Aβ ratio (Aβ1-40/Aβ1-42) was upregulated in both the plasma and cortex (Figures 9A,B). Moreover, we measured BACE1 and APP protein expression in the cortex to confirm the increase in β-site APP cleaving in the LPS group (Figures 9C–E). Compared with the LPS group, the LPS+TAK-242 group showed reduced mRNA and protein expression related to APP processing.
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FIGURE 7. Effects of periodontal inflammation on mRNA level of APP processing. RT-PCR was performed to detect mRNA levels of APP, APLP1, and APLP2 on genes in comparison to the control group, while these changes were reversed by TAK-242 (A–C). The mRNA expression of APP and the homologs in cortex in each group according to a one-way ANOVA analysis: APP (F = 6.327, p = 0.0049), APLP1 (F = 3.13, p = 0.0549), APLP2 (F = 6.611, p = 0.0052). mRNA levels of APP secretases including α-, β-, and γ-secretase were also upregulated, while these changes were reversed by TAK-242 (D–G). The mRNA expression of secretases in cortex in each group according to a one-way ANOVA analysis: ADAM10 (F = 5.377, p = 0.0094), BACE1 (F = 7.911, p = 0.0021), PS1 (F = 2.292, p = 0.1227), PS2 (F = 5.18, p = 0.0142) (n = 4–6 per group, one-way ANOVA, *p < 0.05 and **p < 0.01 compared to the Control group and #p < 0.05 compared to the LPS group).
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FIGURE 8. Effects of periodontal inflammation on expression of Aβ1-42, APP and Tau in the cortex. Histopathological analysis of brain sections was performed using immunohistochemistry. As shown in Figure 8, the positive expression of Aβ1-42 and APP in cytoplasm was observed in the LPS group, presenting as cytoplasmic yellow/brown particles. The number of Aβ1-42, APP, and Tau positive cells was increased. The changes mentioned above could be attenuated by TAK-242. Quantification of Aβ1-42, APP and Tau levels in cortex are shown, including (A) Aβ1-42 positive cells (number/field) (F = 15.59, p = 0.0011); (B) APP positive cells (number/field) (F = 18.9, p = 0.0005), and (C) Tau positive cells (number/field) (F = 12.35, p = 0.0023) (n = 3 per group, one-way ANOVA, **p < 0.01 and ***p < 0.001 compared to the Control group, #p < 0.05 and ##p < 0.01 compared to the LPS group) (100× and 400×, bar = 400 μm).
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FIGURE 9. Effects of periodontal inflammation on the Aβ ratio and protein level of APP processing. ELISA was performed to detect the Aβ ratio (Aβ1-40/Aβ1-42) in plasma and cortex (A,B). Periodontitis induced by P. gingivalis-LPS increased expression of the Aβ ratio in comparison to the control group, while these changes were reversed by TAK-242. According to a one-way ANOVA analysis, the Aβ ratio in plasma (F = 11.39, p = 0.0003), the Aβ ratio in cortex (F = 4.186, p = 0.0304). Protein level of BACE1 and APP in cortex was measured by western blot analysis (C). Both proteins were upregulated by P. gingivalis-LPS and could be inhibited by TAK-242. The quantification of protein expression in each group according to a one-way ANOVA analysis (D,E): BACE1 (F = 8.201, p = 0.0080), APP (F = 5.751, p = 0.0214). *p < 0.05, **p < 0.01 and ***p < 0.001 compared to the Control group and #p < 0.05 and ##p < 0.01 compared to the LPS group.




Role of the TLR4/NF-κB Signaling Pathway

Results of RT-PCR revealed that periodontal inflammation significantly increased the mRNA levels of TLR4 and CD14. Compared to the control group, the LPS group showed 2-fold and 1.5-fold increases in TLR4 and CD14 mRNA expression in the PBMCs and the cortex, respectively, which could be reversed by TAK-242 (Figures 10A–D). As shown in Figures 10E–J, we conducted western blot analysis to assess the underlying mechanisms of the neuroinflammation induced by periodontitis. We observed increased expression of TLR4, CD14, IRAK1, p65, and pp65 in the cortex of rats in the LPS group, which was reduced by TAK-242 administration. This indicated that periodontitis induced neuroinflammation through TLR4/NF-κB pathway cascades.


[image: image]

FIGURE 10. Periodontal inflammation could induce neuroinflammation via the activation of TLR4/NF-κB signaling pathway. RT-PCR was performed to detect mRNA levels of TLR4 and CD14 in PBMCs (A,B) and cortex (C,D). RNA expression of TLR4 and CD14 was both upregulated by P. gingivalis-LPS; however, similar effects were not observed in LPS plus TAK-242 group. The mRNA expression in PBMCs in each group according to a one-way ANOVA analysis: TLR4 (F = 9.042, p = 0.0008), CD14 (F = 6.004, p = 0.0061) (A,B). The mRNA expression in cortex in each group according to a one-way ANOVA analysis: TLR4 (F = 5.346, p = 0.0105), CD14 (F = 5.186, p = 0.0117) (C,D). Expression of TLR4, CD14, IRAK1, p65, and pp65 was further measured by western blot analysis (E). All above proteins was upregulated by P. gingivalis-LPS. High expression of these proteins was effectively inhibited by TAK-242. (F–I) The quantification of related protein expression in each group according to a one-way ANOVA analysis: TLR4 (F = 10.85, p = 0.0024), CD14 (F = 18.54, p = 0.0003), IRAK1 (F = 15.4, p < 0.0011), pp65 (F = 17.59, p = 0.0003) (n = 4–6 per group, one-way ANOVA, *p < 0.05, **p < 0.01, and ***p < 0.001 compared to the Control group, #p < 0.05 and ##p < 0.01 compared to the LPS group).




DISCUSSION

In this study, we demonstrated the association between periodontitis induced by topical application of P. gingivalis-LPS and learning and memory impairment in vivo. Micro-CT showed alveolar bone resorption. The MWM test showed that periodontitis impaired learning and memory ability. There was an increase in cortical and peripheral blood levels of inflammatory factors, as well as TLR4/NF-κB signaling pathway activation, which could be reversed by the TLR4 inhibitor TAK-242. Significant microglia and astrocyte activation were found in the cortex, which induced neuroinflammation. Furthermore, APP processing could be involved in this progress.

The association between systemic infection/inflammation and cognitive impairment has been reported (Zhang et al., 2018; Nie et al., 2019). In the present research, topical application of P. gingivalis-LPS into the gingival sulcus of maxillary first molars was used to cause periodontal inflammation according to a previous study (Yoshinaga et al., 2012). The most significant difference was the way of drug administration. Previous studies mostly used intraperitoneal injection that induced systemic inflammation, while we established periodontitis via topical application into the gingival sulcus. As the result of Micro-CT showed, a decrease in the trabecular bone volume fraction and bone mineral density could be found. This model was more similar to clinical periodontitis, considering it could mimic the damage of junctional epithelium and the formation of periodontal pocket (Bosshardt, 2018).

The locomotor activity of rats were not affected by topical application of P. gingivalis-LPST according to the results of the OFT. During the MWM test, however, the learning and memory ability could be impaired by periodontitis. Behavioral assessments demonstrated that topical application of P. gingivalis-LPS could induce learning and memory impairment. To investigate the association more comprehensively, more cognitive evaluation should be included in behavioral assessments using AD models in the following studies.

Periodontitis elicits a significant inflammatory response (Wu and Nakanishi, 2014). It has been proposed that peripheral inflammation/infection may be not only a contributor but also indeed a key determinant of the cognitive decline (Sochocka et al., 2017). Recent studies have shown that systemic infection/inflammation could induce cognitive impairment through neuroinflammation (Wu et al., 2017; Zhang et al., 2018). In periodontitis, local pro-inflammatory cytokines can enter the circulation, in turn contributing to atherosclerosis or exacerbating intra-uterine inflammation (Paraskevas et al., 2008). Patients with severe periodontitis have increased systemic inflammation (elevated cytokines such as IL-6) compared with healthy controls, whereas treatment of periodontitis reduces inflammation load (Friedewald et al., 2009). Similarly, we found significantly increased inflammatory cytokine expression (IL-1β, IL-6, IL-8, and IL-21) in the peripheral blood, which could be alleviated by TAK-242.

Neuroinflammation could play a significant role in cognitive dysfunction (Lyman et al., 2014). Inflammation in the brain is mainly caused by microglia and astrocyte activation, as well as the release of cytokines, chemokines or growth factors, which typically occur prior to cognitive dysfunction (Michelucci et al., 2009). We observed stimulation of microglia and astrocytes, which were labeled with Iba1 and GFAP, respectively, from a resting state to an activated state, which might have had toxic effects. Activated microglia could secret proinflammatory mediators (Schwab and McGeer, 2008; Venneti et al., 2008). Over-activated astrocytes could induce the production of inflammatory cytokines, which subsequently causes neuronal death and contributes to cognitive decline (Choi et al., 2016; Lian et al., 2016). Among these cytokines, IL-1β is the key molecule involved in neuroinflammation, which stimulates the release of multiple inflammatory mediators by activated microglia and leads to self-propagating neuroinflammation (Lai et al., 2017; Mendiola and Cardona, 2018). Regarding IL-6, an upstream IL-21 target, has been reported to enhance neuronal damage (Ringheim et al., 1998; Qiu and Gruol, 2003). IL-8 upregulation could be a very early event in neurodegeneration (Arosio et al., 2004; Galimberti et al., 2006). We found a positive correlation between levels of these cytokines in periphery and cortex. Therefore, we speculated that periodontitis could induce learning and memory impairment through neuroinflammation, which presented as microglial and astrocyte activation. Similar results could be found in previous studies (Martin et al., 2001; Liu et al., 2008; Terrando et al., 2010).

As one of the main triggers of inflammatory response, not only could the TLR4 signaling pathway regulate peripheral inflammation, but also neuroinflammation (Laflamme and Rivest, 2001). Specifically, TLR4 plays an important role in microglial neurotoxicity given that it is activated by LPS binding to initiate signal transduction and pro-inflammatory cytokines (Walter et al., 2007). Moreover, increased expression of TLR4, CD14, IRAK1, and pp65/p65 could be attenuated by the TLR4 selective blocker TAK-242. Consistent with the findings of Zakaria et al. (2017), this suggests that P. gingivalis-LPS could stimulate brain secretion of inflammatory cytokines via TLR4 activation, which subsequently induces neuroinflammation.

Besides, activated TLR4 signaling pathway and dysregulated cytokines might stimulate inflammatory processes by affecting APP processing (Reed-Geaghan et al., 2009). Multiple proinflammatory cytokines have been shown to upregulate APP expression and BACE1 activity in the brain (Brugg et al., 1995; Chen et al., 2012). The APP family has two mammalian homologs; namely, APLP1 and APLP2 (Müller and Zheng, 2012; Müller et al., 2017). Several common features of the APP family members include processing by α-(ADAM10), β- (BACE1), and γ-secretase (PS1 and PS2) (Eggert et al., 2004; Li and Südhof, 2004). As a rate-limiting enzyme that initiates Aβ formation, BACE1 plays an essential role (Trojanowski et al., 1993). Expression of APP, BACE1, and PS1/2 was increased. All the changes mentioned above could be alleviated by TLR4 inhibitor. Our study demonstrated that periodontitis induced by P. gingivalis -LPS could facilitate abnormal APP processing. This indicated that periodontitis induced by P. gingivalis-LPS could modulate APP processing through enhanced β- and γ-site secretase activity, consistent with the increase of APP in patients with chronic periodontitis (Abe et al., 2011). According to our results, cytoplasmic yellow/brown particles could be found and intracellular levels of Aβ1-42 as well as APP were increased in the cortex of LPS group, indicating that periodontitis could induce abnormal APP processing. Due to the process of Aβ extracellular deposition may occur at a later time point due to severe neuronal dysfunction and degeneration, it was hard to find obvious Aβ1-42 plaques in the present model induced by LPS, similar to the results of Sheng et al. (2003) and Pintado et al. (2012).

Abnormal APP processing could generate Aβ, which plays a pivotal role in the pathogenesis of cognitive disorders. It has traditionally been thought that Aβ in the brain originates from the brain tissue itself (Bu et al., 2018). However, some have suggested that the source of cerebral amyloid may originate in the periphery, including platelets, liver monocytes/macrophages, skin fibroblasts, skeletal muscles and cerebrovascular smooth muscle cells (Citron et al., 1994; Li et al., 1995; Kuo et al., 2000; Van Nostrand and Melchor, 2001; DeMattos et al., 2002; Nie et al., 2019). Aβ produced in peripheral tissues or cells could be secreted into blood circulation and subsequently entered brain (Li et al., 1995; Bu et al., 2018; Nie et al., 2019). Our results showed an increase in the ratio of Aβ1-40/Aβ1-42 in both plasma and cortex, which was in concordance with Anantharaman et al. (2006). We speculated that periodontitis could directly/indirectly expand Aβ pools in periphery and thereby contributes to the increase of Aβ in the brain.

In this work, we established a periodontitis model and indicated the association between periodontitis and learning and memory impairment. Increase of inflammatory factors, activation of microglia and astrocytes and abnormal APP processing were found, suggesting that periodontitis might be a possible contributor to AD-like pathology. However, AD models should be used in following researches for further assessment of AD-pathologies and more sophisticated evaluation of association between periodontitis and AD.



CONCLUSION

Our findings indicated that periodontitis induced by topical application of P. gingivalis-LPS could contribute to learning and memory impairment via neuroinflammation induced by TLR4/NF-κB signaling pathway activation in SD rats. Furthermore, abnormal APP processing could be involved in this progress. Therefore, periodontitis could not only affect the teeth-supporting structures but also cause a significant inflammatory load in both the peripheral blood and central nervous system, which leads to learning and memory impairment.
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Background: Objective motor ratings and subjective motor complaints are both widely used in Parkinson’s disease (PD). However, the objective basis to the self-perceived mobility quality is still not well elucidated.

Purposes: We aimed to figure out the relevancy between the UPDRS motor scores and PDQ39 mobility sub-scores, and further explore whether physician-assessed motor dysfunctions and patients-reported mobility deficits have some shared mechanisms.

Methods: 49 patients with PD who completed the PDQ39 scale were retrospectively included. The relevancy between mobility quality and UPDRS scores was assessed, as well as the related presynaptic dopaminergic binding (11C-CFT) and glucose metabolism (18F-FDG) in this dual-tracer PET imaging study.

Results: Modest correlation was found between UPDRS motor score and the PDQ39 mobility sub-score (r = 0.440, p = 0.002). No correlation was found between PDQ39 mobility SI and the dopaminergic lesions in putamen; however, the strict correlation was found with the UPDRS motor scores. In terms of global PD related pattern (PDRP) scores, the two motor scores both correlated strictly. In the further regional metabolism exploration, cerebellum correlated positively with PDQ39 mobility sub-scores, and the frontal and parietal regions mainly correlated negatively with the motor quality scores.

Conclusion: UPDRS motor scores and PDQ39 mobility scores were only modestly correlated. The mechanisms involved under mobility quality were beyond dopaminergic deficiency, including motor related cerebellum hyper-metabolism and non-motor related frontal hypo-metabolism. Conclusively, the self-reported mobility experience may have the neurophysiological basis related to both motor and non-motor manifestations in PD.

Keywords: Parkinson’s disease, quality of life, PET, dopamine transporter, glucose metabolism


INTRODUCTION

Parkinson’s disease is a most common neurodegenerative movement disorder, in which the motor evaluation is of great importance. In clinical practices, the motor assessment can be obtained by objective motor rating from physicians and subjective motor complaints from patients. The UPDRS is the most commonly used scales by physicians for motor evaluation (Goetz et al., 2008). The 39-item Parkinson’s Disease Questionnaire is the most commonly adopted patient completed rating scale in PD QoL evaluation (Marinus et al., 2002), in which mobility is one of eight subdomains. Such assessments are quite helpful for disease severity assessment and therapeutic evaluation.

Though higher UPDRS motor scores contribute to poor QoL in PD patients, the improvement of motor symptoms does not necessarily guarantee better subjective feeling. In our previous study (Liu et al., 2019) including 45 PD patients with 1-year follow-up after DBS, the motor severities were greatly improved, however, only half participants were satisfied with the QoL improvement. Similarly, in a study (Daniels et al., 2011) including 61 PD patients after bilateral STN-DBS surgery, 57.0% of them did feel improved about their QoL despite 43.0% patients didn’t show satisfaction. Therefore, there should be similarities and differences between the subjective and objective motor assessments.

Objective motor evaluation may have some correlation with subjective motor experience, and such correlation should be fixed on some common material base. PET imaging has proven useful to explore the underlying mechanisms for clinical phenomenon of PD. 11C-CFT PET imaging could reflect the presynaptic DAT dysfunction (Nandhagopal et al., 2009), and 18F-fluorodeoxyglucose (18F-FDG) PET has been used for measuring the metabolic abnormalities in PD patients. Our previous findings revealed the relationship between clinical manifestations, dopaminergic and glucose-metabolic PET imaging in a dual-tracer PET imaging cohort (Liu et al., 2018). However, until now almost no study pays attention to the subjective bias of individual feelings related to the motor symptoms, and PET imaging may be helpful to understand the neurobiological basis in the patients’ subjective bias to the motor deficits in PD.

In our retrospective study, we aimed to figure out the relevancy between UPDRS motor score and QoL mobility subdomain, the two motor evaluation methods in PD. Furthermore, we attempted to figure out whether physician-assessed and patients-reported mobility dysfunctions had some shared material basis via cerebral presynaptic dopaminergic and glucose metabolic characteristics in our dual-tracer PET imaging cohort.



SUBJECTS AND METHODS


Subjects

We retrospectively included 49 patients (31 males/18 females, 53.43 ± 12.06 years old) who completed the QoL evaluation (PDQ39 scale) from our previous DTPD cohort (Liu et al., 2018). DTPD study was a dual-tracer PET imaging study in Parkinson’s disease ever performed in Huashan Hospital between January 2010 and June 2014 (Liu et al., 2018). In the DTPD cohort, 103 patients (65 males/38 females, 54.1 ± 12.0 years old) diagnosed as PD were scanned with both 11C-CFT and 18F-FDG PET. All subjects have written informed consent according to the Declaration of Helsinki. The study was approved by the Human Studies Institutional Review Board, Huashan Hospital, Fudan University.



Study Design

This is a retrospective study. The 49 PD subjects completed the PDQ39 scale, the UPDRS and H&Y scale in the “off” state. After the clinical assessments, all subjects were scanned with 11C-CFT PET and 18F-FDG PET.



PET Imaging and Imaging Processing

Before the scanning, all the subjects withdrew anti-parkinsonian drugs for at least 12 h and started the fast for 6 h. Before the injection and PET imaging, all the participants should be settled under dark and quiet environment and stay sober during the whole examination. The equipment used for PET imaging in our center is Siemens’ Biograph 64 PET/CT scanner. During the scanning, cranial computed tomography (CT) was firstly conducted for photon attenuation correction.

In 11C-CFT PET imaging, 60 to 80 min after the intravenous injection of CFT (350–400 MBq), scanning data were obtained and then reconstructed with the OSEM method. In 18F-FDG PET imaging, within 45 to 55 min post-injection (150–200 MBq), scanning data were obtained for 10 min and then reconstructed with the OSEM method. All the PET data was captured in a three-dimensional (3D) mode. 18F-FDG was used to calculate rCMRglc.

11C-CFT and 18F-FDG PET data were both reconstructed using SPM5 software (Statistical Parametric Mapping; Wellcome Department of Imaging Neuroscience, Institute of Neurology, London, United Kingdom) implemented in Matlab7.4.0 (MathWorks Inc., Sherborn, MA, United States). A brain DAT binding template in Montreal Neurological Institute (MNI) space that was created by using 11C-CFT PET and corresponding structural MR images of another group consisting of 16 normal controls was used to normalize the 11C-CFT images. The procedures were presented in detail in former studies (Bu et al., 2018). As for 18F-FDG images, template within the SPM software was used for normalization. The normalized PET images were smoothed by a Gaussian filter of 10 mm FWHM (Full Width at Half Maximum) over a 3D space to increase signal to noise ratio for statistical analysis.



Quantitative Analysis of Imaging Processing

To realize the individualized quantitative analysis of 11C-CFT binding of every participant, we placed standardized ROIs for caudate, anterior putamen, posterior putamen and occipital cortex on the mean image summed over central slices and manually adjust their position to meet the requirement, and subsequently, confirm the individual data with reference to standardized cerebral template in SPM5. The standard uptake value ratio (SUVR) of regional 11C-CFT binding in striatum was calculated by (striatum -occipital)/occipital counts as described previously (Ma et al., 2002).

The analysis of PDRP was based on an independent Chinese cohort (Wu et al., 2013). PET data of every patient can be calculated with independent network value using voxel-based algorithm (ScAnVP software1; at the Centre for Neuroscience, the Feinstein Institute for Medical Research, Manhasset, NY, United States), and then transformed into Z value (Z score) using subject scores of the healthy controls in the Chinese derivation cohort for PDRP as described previously.

To investigate the relationship between whole-brain metabolism and the mobility sub-scores, a multiple regression analysis was performed in SPM5. The global metabolic values of individual patient were entered as covariates in the ANCOVA model. To evaluate the significant correlation, we set the voxel threshold at P < 0.001 over whole-brain and search.



Statistics Analysis

Quantitative data was performed as Mean ± Standard Deviation (SD). Kolmogorov–Smirnov test was used to evaluate the normal distribution of the continuous variables, if the data in different groups meets the standard of normal distribution, T-test was applied to compare the variable differences of clinical information, PDRP Z score and SUVRs of regional DAT binding in striatum between PD-QoL group and PD-Non-QoL group, if not, Mann Whitney’s U test was employed. Pearson correlation analysis was performed to analyze the correlation among DAT binding (ROIs), PDRP value and the two motor ratings in all patients. All analyses were settled with SPSS 22.0 (SPSS Inc., Chicago, IL, United States), and the two tailed P < 0.05 was considered as significant.



RESULTS

The demographic and clinical information were demonstrated in Table 1, and there was no obvious difference between the 49 included PD patients with QoL assessment (PD-QoL patients) and those without QoL assessment (PD-Non-QoL patients) (p > 0.05). In both 11C-CFT PET imaging and 18F-FDG PET imaging, the two groups matched well with each other, with no significant differences (Table 1).


TABLE 1. Demographic and clinical characteristics (including PET information) in the PD patients.
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Correlation Between the Physician-Assessed and Patients-Reported Mobility Deficits

In the Pearson correlation analysis, a modest correlation between the UPDRS motor score and PDQ39 mobility SI was found (r = 0.440, p = 0.002) (Figure 1A), supporting the correlation between the physician-assessed and patients-reported mobility deficits.


[image: image]

FIGURE 1. The correlations between UPDRS III scores and PDQ-39 mobility SI (A), PDRP z scores and UPDRS III scores (B), and PDRP z scores and PDQ-39 mobility SI (C).




Correlations Between Striatal DAT Bindings (ROIs), UPDRS Motor Scores and PDQ39 Mobility SI

In our study, UPDRS III score correlated significantly (p < 0.01) with the striatal DAT binding (ROIs) (on the contralateral side, caudate: r = −0.462, p = 0.001; anterior putamen: r = −0.486, p = 0.000; posterior putamen: r = −0.419, p = 0.003; on the ipsilateral side, caudate: r = −0.450, p = 0.001; anterior putamen: r = −0.495, p < 0.001; posterior putamen: r = −0.409, p = 0.004). However, no significant correlation (p > 0.05) was found between the PDQ39 mobility SI and the DAT binding (ROIs) in putamen, but weak correlation was found in the caudate (on the contralateral side, caudate: r = −0.304, p = 0.033; anterior putamen: r = −0.202, p = 0.163; posterior putamen: r = −0.130, p = 0.374; on the ipsilateral side, caudate: r = −0.310, p = 0.030; anterior putamen: r = −0.258, p = 0.073; posterior putamen: r = −0.135, p = 0.357).



Correlations Between Brain Glucose Metabolism, UPDRS III Scores and PDQ39 Mobility SI

In our study with 18F-FDG PET imaging, the PDRP z scores correlated positively with the UPDRS motor scores (r = 0.368, p = 0.009) (Figure 1B), as well as a positive interaction with PDQ39 mobility SI (r = 0.406, p = 0.004) (Figure 1C).

Besides the PDRP scores, we also explored the brain regions correlating with the PDQ39 mobility SI. As was shown in the Table 2 and Figure 2, cerebellum correlated positively with the PDQ39 mobility subdomain, and brain regions that correlated negatively with the mobility subdomain were mainly distributed in the caudate, inferior and middle frontal lobe and parietal lobe regions. The cerebral regions related to PDQ39 mobility SI was similar to the regions previously reported in the PD-related metabolic pattern.


TABLE 2. Brain regions exhibiting significant correlations between the PDQ-39 mobility sub-scores and regional brain metabolism.
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FIGURE 2. The brain regions correlating with the mobility sub-score. Positively correlated regions were displayed using a red–yellow scale and negatively correlated regions were displayed using a blue–green scale. The overlays are depicted in neurologic orientation. The gray-scale image is the standard T1-weighted structural magnetic resonance image (MRI) in Montreal Neurological Institute (MNI) space. The thresholds of the color bars represent T values. Voxel threshold was set at P < 0.001.




DISCUSSION

In this retrospective study, a modest correlation was found between UPDRS motor ratings and PDQ39 mobility sub-scores. The UPDRS motor scores correlated strictly with striatal dopaminergic lesions. However, the mechanisms related to PDQ39 mobility were beyond striatal dopaminergic deficiency. In the glucose metabolic analysis, the poor mobility quality was found to correlate with higher global PDRP scores, increased metabolism in cerebellum and decreased metabolism in prefrontal gyrus. Our study might offer a new perspective in understanding the objectively assessed and self-reported motor dysfunctions in PD.

As shown in our study, the UPDRS motor scores correlated modestly with the self-reported mobility dysfunction affecting the QoL. Although they both reflected the motor dysfunction, they lay emphasis on different aspects of motor deficits in PD. UPDRS motor scores record detailed motor descriptions and severities, nevertheless, PDQ39 is dedicated on the QoL of PD patients, more inclined to individual experience. Besides the different contents between the two scales, as aforementioned, subjective improvement of motor symptoms was not equivalent to better objective experience. Skorvanek et al. (2015) reported the overall burden of non-motor symptoms in PD was prior to motor symptoms with regard to QoL, and similar outcome was acquired that PDQ39 mobility sub-score was related to the MDS-UPDRS items pain and other sensations, fatigue and higher MDS-UPDRS part III scores.

Similar to our previous reports, the motor deficits as detected by UPDRS III scores correlated significantly with the dopaminergic lesions in putamen. To our surprise, the mobility QoL was irrelevant with the dopaminergic loss in putamen, but correlated more with specific cerebral glucose metabolism. This result inspired us that the perception of mobility dysfunction was beyond dopaminergic lesions.

The parkinsonian motor features could not be fully explained by dopamine depletion alone, and the brain energy metabolism might offer another perspective to understand the cause of motor symptoms. Schrack et al. (2010) performed a research on metabolic change with aging based on the BLSA and indicated that the changing movement performance may be an adaption to aging and neurodegeneration since available energy supplied for human physical needs in addition to RMR declined with aging. Some studies (Amano et al., 2015) further supported the hypothesis that neural metabolic dysfunction could play a role in Parkinsonian motor symptoms. In our previous dual-tracer PET study (Liu et al., 2018), the tremor severities did not correlate with striatal dopaminergic lesions, but correlated with the global PDRP values and related regional glucose metabolism. Therefore, the cerebral changes related to the motor lesions were beyond dopaminergic dysfunctions.

In our study, the metabolism in cerebellum correlated positively with PDQ39 mobility sub-scores, and the metabolism in inferior and middle frontal gyrus correlated negatively with mobility sub-scores. In detail, the higher PDQ39 mobility scores, indicating poorer movement performances, tended to be accompanied by elevated metabolism in cerebellum and decreased metabolism in frontal cortex.

The hyper-metabolism in cerebellum was a typical feature as suggested in the PDRP (Ma et al., 2007). In PD, the dopamine depletion in striatum consequently lead to dysfunctions in cortico–striatal–thalamic–cortical circuits (Alexander et al., 1986), inducing many functional compensation pathways including cerebellum (Wu and Hallett, 2005). Such compensatory effects by cerebellum might be mediated by the overlapping cortical areas between cerebello-thalamo-cortical circuits (Middleton and Strick, 2001) and BG circuits (Middleton and Strick, 2000), or direct projections from the cerebellum to the BG (Ichinohe et al., 2000; Hoshi et al., 2005). In our study, the increased metabolism in cerebellum accompanied poor mobility quality, supporting some neurophysiological basis to the self-perceived mobility feelings.

Besides cerebellum, the metabolism in prefrontal cortex was also found to be involved in mobility quality perception. As previously reported, decreased functional connectivity between these prefrontal regions and the putamen should be responsible for cognitive deficits in PD patients, and more severe cortical thinning in frontal and temporo-parietal cortices has been found in PD patients with mild cognitive deficits (Wilson et al., 2019). Also, an 18F-FDG-PET study (Wang et al., 2017) including 28 PD patients with anxiety has revealed decreased glucose metabolism in the bilateral orbitofrontal cortex. All these data supported the clinical findings that complex non-motor symptoms would interfere in the subjective experience in addition to motor symptoms. However, the underlying pathophysiological mechanism still remains to be defined.



CONCLUSION

Though both of them were widely used to assess motor dysfunctions in PD, UPDRS motor scores, and PDQ39 mobility scores were not completely a same thing, showing only modest correlations. In this dual tracer PET imaging study, the mechanisms involved under mobility quality were beyond dopaminergic deficiency. The motor related cerebellum hyper-metabolism and non-motor related frontal hypo-metabolism contributed to the poor mobility quality. Conclusively, the self-reported mobility experience may have the neurophysiological basis related to both motor and non-motor manifestations in PD.
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Cyclooxygenases (COX) are enzymes catalyzing arachidonic acid into prostanoids. COX exists in three isoforms: COX-1, 2, and 3. COX-1 and COX-2 have been widely studied in order to explore and understand their involvement in Alzheimer’s disease (AD), a progressive neuroinflammatory dementia. COX-2 was traditionally viewed to be expressed only under pathological conditions and to have detrimental effects in AD pathophysiology and neurodegeneration. However, an increasing number of reports point to much more complex roles of COX-2 in AD. Mammalian/mechanistic target of rapamycin (mTOR) has been considered as a hub which integrates multiple signaling cascades, some of which are also involved in AD progression. COX-2 and mTOR are both involved in environmental sensing, growth, and metabolic processes of the cell. They are also known to act in cooperation in many different cancers and thus, their role together in normal cellular functions as well as AD has been explored in this review. Some of the therapeutic approaches targeting COX-2 and mTOR in AD and cancer are also discussed.
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CYCLOOXYGENASE AND ITS ISOFORMS

Cyclooxygenase-2 (COX-2) is an isoform of the cyclooxygenase enzyme family, along with COX-1 and COX-3, which are involved in the synthesis of prostanoids (eicosanoid sub-class) from an essential fatty acid, namely arachidonic acid (AA). AA is first released by the action of phospholipase A2 (PLA2) from plasma membranephospholipids, which acts at the sn-2 position of the phospholipid backbone (Engelking, 2015; Hanna and Hafez, 2018). PLA2 activity is stimulated by microbial products, thrombin, immunoglobulins, etc., whereas anti-inflammatory glucocorticoids are known to inhibit it (Engelking, 2015). Out of the 20 + different types of PLA2s known to occur, type IIA secretory PLA2 and type IV cytosolic PLA2α have been shown to be coupled with COX-2 in different cell types. These two subclasses of enzymes have also exhibited cross-talk amongst themselves (Murakami et al., 1997; Balsinde et al., 1998; Bidgood et al., 2000; Sun et al., 2010). However, there are views that sufficient and conclusive data is still not present to establish a clear relationship between secretory PLA2 and eicosanoid signaling (Burke and Dennis, 2009).

Once AA is released, it is further metabolized by either enzymatic or non-enzymatic processes. Four different enzymatic pathways can act on AA: cyclooxygenase, lipoxygenase, anandamide, and cytochrome p450, resulting in different kinds of eicosanoids (Figure 1). Both COX-1 and COX-2 are part of the cyclooxygenase pathway, giving rise to prostanoids such as prostaglandin (PG) E2, PGF2α, PGD2, PGI2 (prostacyclin), and thromboxane (TX) A2. Prostanoids are a part of vasoactive lipids that act as local hormones and play crucial roles in normal physiology as well as certain pathophysiological states. The COX enzymes were popularized in 1971 upon demonstrating that non-steroidal anti-inflammatory drugs (NSAIDs) exert their potent anti-inflammatory properties via inhibition of COX. Since then, a lot of research has been dedicated to this unique enzyme and the various roles it plays in human physiology. Now, it has been established that NSAIDs also affect many other molecules, but COX remains an important player in various conditions, including certain neuropathologies. Some of these pathologies are also found to be epigenetically regulated as faulty DNA hypermethylation causes transcriptional silencing of COX-2 gene (Kikuchi et al., 2002; Ma et al., 2004).
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FIGURE 1. Synthesis and metabolization of Arachidonic Acid. Different phospholipases act at different sites on membrane phospholipids generating various products, including free AA by PLA2. AA is then enzymatically metabolized by (1) Cyclooxygenases into prostaglandins; (2) Lipoxygenases into leukotrienes, lipoxins, and 8- 12- 15-hydroperoxyeicosatetraenoic acid (HPETE); (3) Cyctochrome P450 into epoxyeicosatrienoic acid (EET) and 20-hydroxyeicosatetraenoic acid (20-HETE); and (4) Fatty acid amide hydrolase into endocannabinoid and anadamide.


COX is an integral membrane glycoprotein that carries out the first two committed steps of the prostanoid synthesis pathway: cyclooxygenation and peroxidation. Thus, it’s a bi-functional enzyme with a homodimeric structure and a single heme, involved in both the catalytic steps, situated in the middle of the two active sites of the enzyme (Rouzer and Marnett, 2009). In cyclooxygenation, two oxygen molecules are added to AA, forming the cyclic PGG2 (Prostaglandin G2) and later PGH2 (Prostaglandin H2) in the peroxidation step. PGH2 is an unstable intermediate that is acted upon by specific synthases and isomerases giving rise to different PGs and TX in a cell-specific manner (Clària, 2003). The COX isoforms are encoded on different chromosomes and have a lot of differences in their structural and regulatory organization, although they share a 60% amino acid sequence homology in their respective proteins (Clària, 2003). COX-2 gene has many regulatory sequences, like a TATA box, two NF-κB sites, a NF-IL6 motif, a CRE motif, and an E box, among others, which are absent in COX-1 gene (Clària, 2003; Kang et al., 2007). Many studies have been conducted in this regard; for example, CREB and Ets family-proteins (Ets-1 and Elk-1) were found to upregulate COX-2 expression in pancreatic β-cells. A detailed account of the different transcriptional factors involved in COX-2 regulation in different cell types has been given by Kang et al. (2007). This is keeping in line with the fact that COX-1 is generally constitutively expressed (Minghetti, 2004; Hoozemans et al., 2008), whereas COX-2 is induced in response to inflammatory reactions (Clària, 2003). Thus, COX-1 is often associated with PG synthesis under normal physiological conditions leading to phenomena like platelet aggregation, renal perfusion maintenance, and gastric cytoprotection. However, it has been found that COX-2 is also expressed in the kidneys, brain, and testes under physiological conditions along with COX-1 (Minghetti, 2004; Hoozemans et al., 2008). Specifically, in the brain, COX-2 has been proposed to influence memory, sensory integration, and autonomic regulation in the central nervous system (CNS) (Kaufmann et al., 1997). COX-3, on the other hand, is most populated in the cerebral cortex region of the brain and its enzymatic activity is inhibited by acetaminophen (Minghetti, 2004). However, much remains to be done to completely understand the functioning of COX-3. Both COX-2 and COX-1 are sources of pro-inflammatory prostanoids (Smyth et al., 2009); however, new evidence is fast emerging that also points to their role in resolution of inflammation (Williams et al., 1999; Fukunaga et al., 2005; Maskrey et al., 2011). Resolution is a complex process that kicks in once a sufficient inflammatory response has been mounted at the site of inflammation and is triggered by many cellular and molecular cues, such as macrophagic ingestion of apoptotic neutrophils (Ortega-Gómez et al., 2013).



MAMMALIAN/MECHANISTIC TARGET OF RAPAMYCIN (mTOR)

Rapamycin is a bacterial compound with anti-fungal, anti-cancer, and immunosuppressive properties, and thus, its target molecule, mTOR (mammalian/mechanistic target of rapamycin) has been implicated in processes such as aging, autophagy, and immune responses (Iglesias-Bartolome et al., 2012; Saxton and Sabatini, 2017) along with cellular pathways of proliferation, transcription, and translation (Shafei et al., 2017). The mTOR protein forms two complexes called mTORC1 and mTORC2, with a set of adaptor proteins. mTORC1 and mTORC2 are involved in different regulatory pathways and have different functions. The upstream regulatory components of mTOR include AMP-activated protein kinase (AMPK), glycogen synthase kinase (GSK3), insulin/insulin-like growth factor 1 (IGF-1), and phosphoinositide 3-kinase (PI3-K)/protein kinase B (Akt) while some of the major downstream regulators are 4E-binding proteins (4EBPs) and ribosomal protein S kinase (S6K) (Mueed et al., 2019; Papadopoli et al., 2019).



COX AND ALZHEIMER’S DISEASE

A lot of work has especially been dedicated to studying the role of COX-2 in neuroinflammatory and neurodegenerative conditions as its overexpression has been related to some of these pathologies (Minghetti, 2004). One of the prime targets of PGs includes the central and peripheral nervous system. The expression of COX-2 in certain types of mammalian neurons is “dynamically regulated” (Minghetti, 2004) by the synaptic activity of these neurons. Many in vitro as well as animal model studies have implicated the role of COX-2 in normal synaptic activity and plasticity (Hölscher, 1995; Kaufmann et al., 1997; Bazan, 2003), yet mice that had been genetically manipulated to knockout COX-2 gene exhibited a more or less normally functioning brain. However, in all these cases, accurate behavioral studies could not be performed as the mice suffered from renal failure very early in their lifespan (Dinchuk et al., 1995; Minghetti, 2004).

Alzheimer’s disease (AD) is a progressive neurodegenerative disease and one of the most prevalent types of dementia worldwide (Mueed et al., 2019). It is pathologically marked by the presence of two specific types of deposits in the brain: β-amyloid plaques and neurofibrillary tangles (NFTs), leading to neuroinflammation, synaptic dysfunction, and eventually neurodegeneration. NFTs are mainly composed of hyperphosphorylated tau (a microtubule associated protein) (Grundke-Iqbal et al., 1986; Alonso et al., 2001) while β-amyloid plaques are formed due to self-aggregation of the hydrophobic Aβ peptide produced upon cleavage of amyloid precursor protein (APP) (Luo et al., 2016; Mueed et al., 2019). The neuronal autophagy-lysosomal system is affected in AD pathology and results in low clearance of misfolded and damaged proteins, leading to aggregate formation (Shacka et al., 2008).

Epidemiological studies conducted on AD showed that populations which had a long history of NSAID use, were at a lower risk of AD (Breitner, 1996; Aisen, 2002; Minghetti, 2004; Hoozemans et al., 2008). This, along with other studies showing associations between COX-2 induction and neurodegeneration (Miettinen et al., 1997) as well as brain parenchymal amyloid plaque formation (Stewart et al., 1997), sparked interest, and subsequent research on potential effects of the COX enzymes and their various pathways in AD progression as NSAIDs are known inhibitors of COX.

Additionally, it has also been shown that lipids and PGs play vital roles in AD (Bazan et al., 2002; Thomas et al., 2016). AA, which gives rise to PGs, also happens to be the second most abundant polyunsaturated fatty acid in the brain (Thomas et al., 2016). It was also found that free AA affects synaptic functions of the brain (Latham et al., 2007). Thus, the levels of free AA in the brain cells, along with a balance between enzymes converting it to other molecules like PGs and enzymes releasing free AA, is also an important factor in AD (Thomas et al., 2016). In spite of this buzz about involvement of COX in AD, clinical studies carried out with NSAIDs and selective COX-2 inhibitors did not show any significant effects in treatment of AD (Hoozemans et al., 2008). Thus, it can be inferred that the effects of COX enzymes are not as straightforward in the case of AD as previously thought and the exact mechanisms by which they influence AD progression are not yet known.

The amyloid plaques, a classical hallmark of AD, are associated with pro-inflammatory cells and proteins. These proteins are found in the brain throughout the various stages of AD progression (Hoozemans et al., 2008). It is also speculated that inflammatory molecules may have dual role in AD as they exert both beneficial as well as detrimental effects based on their concentration and the stage of AD in which they are being expressed (Hoozemans et al., 2008). Along with this, epidemiological and genetic evidence also exist which points to the fact that inflammation is one of the key processes contributing to AD. However, due to failure of NSAIDs and selective COX-2 inhibitors against AD, alternate views are being considered which think of these drugs to perhaps have a preventive role with respect to AD and inflammation as merely a secondary phenomenon to clear off debris generated from more central underlying processes of AD (Wyss-Coray and Mucke, 2002; Hoozemans et al., 2006). It has also been reported that COX-2 expression in AD brains is correlated with altered expression of cell cycle proteins (Hoozemans et al., 2008). It was found that cell proliferation, adhesion, and differentiation genes were some of the most commonly upregulated ones along with PG synthesis genes in AD brains (Blalock et al., 2004).

COX-2 is constitutively expressed in certain cell populations of the brain, and additionally it is induced by inflammatory molecules such as cytokines, IL-1, IL-2, and TNF-α (Hoozemans et al., 2008). But, it is expressed in microglia (the local macrophages of the brain) only under very specific conditions, such as in chronic cases of cerebral ischemia (Tomimoto et al., 2000; Walsh et al., 2000). The expression of COX-2 is also absent in astrocytes (Pasinetti and Aisen, 1998; Hoozemans et al., 2001). COX-2 expresses differentially in different stages of AD and has pleiotropic functions in the brain (Hoozemans et al., 2008). In the early stages of the disease, COX-2 expression is increased (Ho et al., 2001; Hoozemans et al., 2001, 2002) and it is primarily expressed in pyramidal neurons (Braak and Braak, 1991). IL-1 levels also go up in AD due to association of neuritic plaques with microglial cells that express IL-1 (Blum-Degena et al., 1995). It is then reasonable to think that these IL-1 molecules perhaps induce higher expressions of COX-2. The expression of COX-2 has also been linked to cell cycle control (Xiang et al., 2002; Wu Chen et al., 2004), which may be involved in (re)generative pathways. However, these reasons are still controversial as the elevated expressions of COX-2 occur before the activation of microglia and astrocytes as shown by neuropathological studies (Hoozemans et al., 2002), whereas the expression has been found to reduce later on as the disease progresses and the number of neurons expressing COX-2 in severe cases of AD is very few (Hoozemans et al., 2004), which might be due to selective degeneration of neurons at these stages and a loss in the synaptic activity (Hoozemans et al., 2008).

It has even been observed that NSAIDs affected molecules and pathways involved in AD other than COX; for example peroxisome proliferator activated receptor γ (PPARγ) is found to be up-regulated in AD and can be activated by NSAIDs (Kitamura et al., 1999). Activation of PPARγ leads to clearance of Aβ deposits in neuronal as well as non-neuronal cells (Camacho et al., 2004). NSAIDs have also been found to lower Aβ deposits by targeting the γ-secretase enzyme and inhibition of nuclear factor-κB (NF-κB) pathway (Weggen et al., 2001; Morihara et al., 2002; Eriksen et al., 2003).



ROLE OF mTOR IN AD

Recently, mTOR has also been found to be associated with AD pathology. Since AD is an age-associated disease, classical signs of aging like loss of proteostasis, mitochondrial dysfunction, altered intercellular communication, etc. can also be associated with mTOR (López-otín et al., 2013; Papadopoli et al., 2019). Since mTOR hinders autophagy, it promotes Aβ deposition in brain (Uddin et al., 2018). Due to disruption of the autophagic-lysosomal pathway, immature autophagolysosomes give rise to autophagic vacuoles that are then populated by β-amyloid plaques (Mueed et al., 2019). Rapamycin, however, is known to lessen these numbers (Haung Yu et al., 2005). Normally, adults contain very few autophagic vacuoles in their neurons (Cuervo et al., 2005) while these go up significantly in the affected regions of an AD brain (Haung Yu et al., 2005). An opposite connection has also been reported where induction with Aβ activates mTOR and its regulatory components (Bhaskar et al., 2009). Studies in both mouse models and humans have shown that the mTOR pathway is hyperactivated in AD (Perluigi et al., 2015). However, it has also been suggested that different neurons in an AD brain may have either upregulated or downregulated signaling cascades of mTOR based on how they react to AD stresses (Pei and Hugon, 2008).

Protein misfolding and subsequent aggregation is at the heart of Alzheimer’s pathophysiology (Mueed et al., 2019). The mTORC1 complex has been reported to stimulate protein synthesis (Papadopoli et al., 2019). However, there have been contradicting reports in case of regulation of proteolysis, with some claims of mTOR suppressing protein degradation (Zhao et al., 2015; Rousseau and Bertolotti, 2016) and others of mTOR enhancing it (Papadopoli et al., 2019). Thus, mTOR can play a role in the aberrant proteostasis in AD patients. Tau is one of the proteins whose translational pathway involves mTOR-dependent signaling via a 5’top mRNA (Pei and Hugon, 2008). Thus, upregulated and continuous production of tau proteins in degenerating neurons is regulated by mTOR signaling via the P70S6K and 4EBP1 pathways (Pei et al., 2008).

Moreover, mTOR mediates tau synthesis and phosphorylation at specific sites and is found to co-localize with NFTs (An et al., 2003; Tang et al., 2013). This results in microtubule instability as tau is an essential microtubule associated protein and its hyperphosphorylation causes it to detach from microtubules (Mueed et al., 2019).



COX-2 AND mTOR IN CELL METABOLISM AND SIGNALING CASCADES: IMPLICATIONS IN AD

Small metabolites are known to be able to cross the blood-brain barrier and are also affected by environmental and genetic cues. Aberrant levels of amino acids, lipids, certain neurotransmitters, and other metabolites are found in both blood and brain in mouse models of AD (Pan et al., 2016). Many phospholipids have also been demonstrated to contribute to AD occurrence and progression (Li D. et al., 2016). Additionally, a general loss of protein homeostasis and glucose metabolism are characteristic of AD (Papadopoli et al., 2019).

Along with growth factors, cellular energy levels, and oxygen levels, mTOR is also involved in sensing nutrients like amino acids and integrating these multitude of signals to produce a response according to the cell’s need to further grow or differentiate (Figure 2; Howie et al., 2014; Goberdhan et al., 2016). Two models have been suggested to describe amino acid sensing by mTORC1 and the subsequent effector responses: a single hub, comprising of a single mTORC1 collecting all the micro-environmental cues to produce a variety of outputs; and a multi-hub model, where two different mTORC1 function in different parts of the cell (Jewell et al., 2015; Fan et al., 2016; Goberdhan et al., 2016). Many amino acid transporters, such as members of the proton-assisted transporters (PATs) family, are localized on the late endosomal and lysosomal (LEL) surfaces (Goberdhan et al., 2005; Goberdhan, 2010; Figure 2). Apart from the LELs, other possible amino acid sensing locations via mTORC1 have also been suggested such as the Golgi complex, supporting the multi-hub model of sensing. The entire process of amino acid sensing by mTORC1 has been divided into a priming step (sensitization of mTORC1 for the final activation) and an actual activation step. L-Glutamine, L-glycine, L-glutamic acid, L-serine, and L-arginine are some of the amino acids involved in priming whereas activation is majorly carried out by L-leucine and to some extent by L-methionine, L-isoleucine, and L-valine. L-Cysteine mostly impedes the priming step. Some of these amino acids (leucine, glutamine, serine, and arginine) are known to aid in autophagy inhibition by activating mTORC1 (Shafei et al., 2017). As previously mentioned, autophagy dysfunction is a key player in AD development (Saxton and Sabatini, 2017). Moreover, amino acids as well as enzymes metabolizing them in AD patients are also known to deter from their normal levels (Shafei et al., 2017). Lower levels of branched chain amino acids like valine, especially in later stages of life, have been associated with a higher risk of AD (Tynkkynen et al., 2018). Cysteine has also been directly linked to AD and other neurodegenerative diseases as plasma levels of AD patients were found to have higher cysteine and sulfate ratio early in the morning. Higher cysteine implies higher thiol concentration in the cell, which could hinder with the functioning, confirmation, and synthesis of protein (Heafield et al., 1990). Glutamate is also known to regulate mTORC1via glutamate dehydrogenase (GDH) and human branched chain aminotransferase (hBCAT) enzymes. Interestingly, glutamate, which is a neurotransmitter involved in excitatory functions, has also been found to be toxic and damaging to neurons when present in higher concentrations (Schubert and Piasecki, 2001).
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FIGURE 2. Role of mTOR in cell metabolism and signaling cascades. mTOR is involved in various environmental sensing and growth-related processes in the cell. mTORC1 stimulates de novo synthesis of nucleotides as well as responds to amino acid availability by promoting cell growth and differentiation; mTOR furthers helper T-cell differentiation while impeding regulatory T-cell differentiation; a higher AMP/ATP ratio can suppress mTORC1 and thus inhibit energy expending processes; and mTORC1 inhibits transcription of COX-2 which promotes obesity.


Analogous to amino acid sensing, mTORC1 is also involved in nucleotide sensing in a cell (Hoxhaj et al., 2017). As mTORC1 promotes ribosome biogenesis, 60% of which consists of rRNA, it was found to boost de novo nucleotide (both purine and pyrimidine) synthesis (Ben-Sahra et al., 2013; Figure 2). The pathway for de novo pyrimidine synthesis has been reported in an adult human brain, but whether or not mTORC1 has any role to play in it is not yet known. Moreover, the expression levels of several genes involved in synthesis of mRNAs (such as dihydroorotate dehydrogenase and uridine-cytidine kinase 2) for both the de novo as well as salvage pathways were found to be modified in case of AD patients (Pesini et al., 2019). The depletion of purines, specifically adenylates, was found to inhibit mTORC1 via the GTPase-activating protein (GAP) activity of TSC (Tuberous sclerosis complex) (Hoxhaj et al., 2017). The same study also reported mTORC1 inhibition on longer periods of guanylate-depletion due to degradation of Rheb. The TSC complex helps in maintaining Rheb in a GDP-bound state thereby inhibiting mTORC1 (Dibble et al., 2012). However, mTORC1 is also reported to be inhibited by guanylate depletion due to binding of Rheb-GTP and farnesylation (Emmanuel et al., 2017; Figure 2). Supplementation of uridine and other nutrients has positive effects in AD therapy (Engelborghs et al., 2014). In fact, uridine is also a part of the recipe for a rather popular medical supplement called Souvenaid®, known to support synaptic generation and function as a part of AD therapy (Ritchie et al., 2014).

The nutrient microenvironment inside a cell and sensing by mTOR is also closely related to T cell regulation, activation, and differentiation. While mTOR activation is needed for effector T cell proliferation and differentiation, it inhibits FOXP3 expression, the master transcription factor for regulatory T cells (Sauer et al., 2008; Delgoffe et al., 2010). Regulatory T cells are reported to be upregulated in an AD patient’s blood (Sommer et al., 2017). It was also shown that mTORC1 promotes selective Th1 differentiation while mTORC2 Th2 differentiation (Lee et al., 2010). The potential role of adaptive immune cells in AD, however, is still unclear with reports of both an enhanced pro- and anti-inflammatory response (Sommer et al., 2017; Figure 2).

The COX-2/PG axis, in addition to its role in tissue inflammation, also mediates insulin secretion in adipose tissue and differentiation of adipocytes (Fjaere et al., 2014). Epidemiological studies have linked diabetes and obesity with dementia (Ferreira et al., 2018). In fact, a lot of recent studies have highlighted the common cellular pathways underlying both diabetes and AD, thereby coining the term “type-3-diabetes” or “brain diabetes” to refer to AD (Xu et al., 2019). Anti-diabetic drugs are being explored as potential candidates of anti-AD therapy (De Felice, 2013). PGs have been reported to exert both pro- as well as anti-obesogenic effects (Madsen et al., 2008). Beige adipocytes play important roles in counteracting obesity and other related disorders like diabetes and cardiovascular diseases (Boström et al., 2012; Harms and Seale, 2013; Cohen et al., 2014; X. Zhang et al., 2018). The inter-communications between adipose tissue and CNS puts obese people at a higher risk of developing cognitive and other mental disorders (Forny-Germano et al., 2019). Interestingly, mTORC1 is also hyperactivated in adipose tissues of obese rodents and its enhanced expression in fact gives rise to adiposity as well as obesity (Um et al., 2004; Khamzina et al., 2005; Polak et al., 2008; Laplante and Sabatini, 2012). Most groups have reported that mTORC1 is inhibitory for thermogenesis and “browning effect” (conversion of white adipose tissue to brown/beige adipocytes), which help tackle obesity by inducing enhanced energy consumption processes (M. Um et al., 2004; Polak et al., 2008; Liu et al., 2014; Wada et al., 2016). Nevertheless, there have been a few studies which have shown that inactivation of mTORC1 also compromises thermogenesis (D. Liu et al., 2016; Tran et al., 2016). While exposure to cold is also known to induce browning effect in mammals, it has been found to modify pathways involved in AD in a study carried out in mice models (Xu et al., 2019). Since mTOR and COX-2 have been found to operate together directly or indirectly in various other disorders or conditions, it can also be speculated that they may affect each other in this particular case. In one such study, mTORC1 inactivation in the mice adipose tissue causes COX-2/PG pathway induction, sending off a paracrine signal to initiate browning effect (Zhang et al., 2018), whereas when mTORC1 is activated, it phosphorylates a serine residue (Ser136) in CREB-regulated transcription coactivator 2, preventing its efficient association with CREB and subsequently CREB binding with COX-2 promoter (Zhang et al., 2018). As CREB binding enhances COX-2 promoter activation (Reddy et al., 2000; Yang and Bleich, 2004), mTORC1 activation eventually leads to transcriptional inhibition of COX-2, thereby preventing beige adipogenesis (Figure 2).



COX-2 AND mTOR IN OSMOPROTECTION

For normal cell functioning it is essential that the cellular volume, electrolytes, and other solute concentrations be maintained. Changes in the extracellular tonicity results in accompanying changes in the intracellular environment to ensure the cell maintains its normal volume (Macknight, 1988). The kidneys are one of those mammalian organs wherein cells are subjected to extreme concentrations of solutes like urea and NaCl (Burg et al., 2007). However, many diseases are known to be caused by the hyperosmotic stresses faced by non-renal tissues (Brocker et al., 2012). Cells deal with these conditions using certain small organic molecules, called osmolytes, that are dissolved in the cellular as well as extracellular fluids (Wijayasinghe et al., 2017). These organic osmolytes have been found to be accumulated in the renal medullary cells in situations of osmotic stress (Wijayasinghe et al., 2017). COX-2 and mTOR are involved in different kinds of osmoprotective pathways in different cell types (Figure 3).
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FIGURE 3. Hyperosmotic induction of COX-2 and mTOR. COX-2 is overexpressed in the reno-medullary interstitial cells in a hyperosmotic environment. This leads to higher transcriptional rates of osmolyte transporters, and thus the cell can accumulate large amounts of osmolytes to aid in its survival, while GSK-3β opposes this pathway; Nucleus pulposus (NP) cells also cope with hypertonic conditions by overexpressing COX-2 via two different cascades-TonEBP and MAPK; Yeast cells exhibit higher levels of TORC2 under hypertonic conditions resulting in higher glycerol concentrations which eventually reestablishes cell turgor pressure.


Both COX-1 and COX-2 are expressed in different parts of the kidney (Y. Harris et al., 1994; Guan et al., 1997) with different regulatory mechanisms. While COX-2 exhibits expression based on the surrounding tonicity, COX-1 does not follow any such pattern (Briggs, 1999). Thus, there were speculations that COX-2 might have an osmoprotective function in the kidneys. Treatment with NSAIDs and COX-2 specific inhibitors in the reno-medullary interstitial (RMI) cells reduces osmolyte accumulation induced by hypertonic conditions in these cells and affects their survival (Moeckel et al., 2003). It was found that COX-2 causes this effect by transcriptional regulation of osmolyte transporters. Later on, it was also shown that GSK-3β kinase is a key player in this process and affects COX-2 via a signaling pathway involving NF-κB (Rao et al., 2004). The increased hypertonic conditions upregulate GSK-3β activity in the RMI cells, which increases their apoptotic rate (Rao et al., 2004). Thus, GSK-3β works as an antagonist of COX-2. TonEBP/NFAT5, a master transcription factor of osmoprotective genes (Favale et al., 2007), has also been found to enhance COX-2 mRNA levels in osmotically stressed RMI cells (Favale et al., 2009). MAPK family members and Src kinases are other known enzymes that are implicated in hypertonicity-induced COX-2 regulation (Burg et al., 2007; Yang et al., 2000; Figure 3).

Another part of the body that experiences higher and a constantly changing osmolarity is the inner core of vertebral disc, called nucleus pulposus (NP) (Choi et al., 2018). Therefore, the NP cells have mechanisms to adapt to these hyperosmotic microenvironments, which involve up-regulation of COX-2. This upregulation is intracellular calcium-dependent, but rather than the calceneurin signaling pathway, it occurs through TonEBP (Choi et al., 2018). It was found that TonEBP overexpression resulted in enhanced COX-2 promoter activity while its silencing resulted in diminished COX-2 promoter activity (Choi et al., 2018). TonEBP silencing also causes COX-2 enzyme levels to fall in iso-osmotic conditions (Choi et al., 2018). Additionally, p38 MAPK pathway also induced elevated expression of COX-2 under hyperosmotic conditions in NP cells. However, ionomycin treatment nullified this effect (Choi et al., 2018). This COX-2 overexpression eventually aids in (NP) cell survival under osmotic stress (Figure 3).

Additionally, in case of yeasts, mTORC2 (referred to as TORC2 in this case) has been demonstrated to be involved in osmotic-homeostasis maintenance (Eltschinger and Loewith, 2016; Figure 3). Ypk1 and Ypk2, homologs of Akt, are two important downstream substrates of TORC2. Hypertonic conditions inhibit TORC2 and Ypk1, which eventually results in increased glycerol concentrations in the cell and reestablishes the turgor pressure.

Osmolytes are reported to play corrective roles in many human pathologies caused by protein misfolding, although nothing specifically for AD (Kim et al., 2006). Meanwhile, a typical AD brain is marked by misfolded proteins that keep getting accumulated and result in autophagic and lysosomal dysfunction as well as amyloid and tau aggregate formation (Efeyan et al., 2013). In fact, hypertonicity is one of the many causes of protein damage in cells (Hahr, 2015).



COX-2 MODULATION OF mTOR

Both COX-2 and mTOR have been extensively studied individually and in combination with other speculated regulators of AD in the disease’s progression (Hoozemans et al., 2008; Pei and Hugon, 2008; Tang et al., 2015; Thomas et al., 2016; Mueed et al., 2019). The exact role COX-2 plays in the various stages of the disease is still debated, with reports claiming both beneficial as well as detrimental effects of the enzyme in the various AD associated pathologies (Minghetti, 2004; Hoozemans et al., 2008). However, mTOR is mostly known to be hyperactivated in AD and causes excessive phosphorylation of tau protein and formation of Aβ plaques and NFTs (Figure 4). Both have been implicated in development of synaptic plasticity under physiological conditions (Minghetti, 2004; Papadopoli et al., 2019). Interconnected signaling and working of COX-2 and mTOR has been the subject of many studies in the case of various types of cancer (Chuang et al., 2019(H. Lipskar et al., 2009; Rouzer and Marnett, 2009; Li H. et al., 2016), but no such studies have yet been conducted for AD. Both cancer and AD have a faulty DNA damage repair mechanism at their core that causes uninhibited growth and neuronal loss, respectively (Behrens et al., 2009). Rapamycin has been found to exert anti-tumor and anti-angiogenic effects by inhibiting neovascularization (Guba et al., 2002; Phung et al., 2006). It can do this via either an mTOR-dependent or independent pathway. In case of the mTOR-independent pathway, the phosphorylation of downstream effectors of mTOR remains unchanged and other molecules including COX-2 are instead involved (Jung et al., 2003; Lipskar et al., 2009). Moreover, cancer and AD have been shown to manifest an inverse relationship via many cellular pathways and signaling molecules such as p53 and cAMP and hormones like estrogen, growth factors, neutrophins, etc (Shafi, 2016).


[image: image]

FIGURE 4. Involvement of COX-2 and mTOR in AD. Pro-inflammatory molecules induce COX-2 expression in certain brain cells. It is upregulated in the initial stages of AD and is expected to be involved in cell cycle control and regenerative pathways while in the later stages a decline in COX-2 levels is seen, mainly due to degeneration of neurons by the disease; mTOR, on the other hand, is always hyperactivated in case of AD and exerts its effects in mainly 4 ways: mitochondrial dysfunction, aberrant proteostasis, tau hyperphosphorylation, and inhibition of autophagy.


In yet another study carried out on endometrial cancer (EMC) on mouse models and human cell lines, it was established that both COX-2 and mTORC1 work cooperatively to reduce tumor load and exacerbate the cancer. This common signaling pathway also involved Akt as both COX-2 and mTORC1 are downstream targets of Akt (Gadducci et al., 2008; Jae et al., 2009; Slomovitz and Coleman, 2012; Figure 4). Although these studies have been limited to mostly cancer models, similar pathways could exist in case of AD as well. If the presence of such a connection between COX-2 and mTOR could be established in AD, it could be exploited as a therapeutic strategy.

As mentioned in previous sections, mTOR controls T-cell activation and innate immune responses. mTOR is also known to modulate COX-2 expression in immune reactions. An in vitro study conducted on enhancement of immunomodulatory effects of human bone marrow mesenchymal stem cells showed elevated levels of COX-2 and higher phosphorylation of kinases, GSK-3b, and Akt, upon mTOR inhibition by short-term (4 h) rapamycin treatment (Wang et al., 2017; Figure 4). However, COX-2 is significantly downregulated on longer rapamycin treatments. PGE2, which plays important roles in immunosuppression by inhibition of NK (natural killer) cell cytotoxicity, dendritic cell maturation, and T cell proliferation (Spaggiari et al., 2008; Wang et al., 2017), was also found to be upregulated (Figure 4). Apart from COX-2 being overexpressed during inflammatory reactions including AD and cancers, it is also known to resist apoptosis (Tsujii and DuBois, 1995). Similar to COX-2, mTOR is also thought to be involved in apoptosis and activation of cell cycle in post mitotic neurons (Pei and Hugon, 2008; Figure 4). Thus, NSAIDs and selective COX-2 inhibitors induce apoptosis. Two pathways have been suggested for this: stimulation of ceramide (a death signal) production by availability of higher amounts of AA (Chan et al., 1998), and downregulation of Bcl-2 (X. Liu et al., 1998; Sheng et al., 1998). Alternatively, a selective COX-2 inhibitor, celecoxib, is thought to induce apoptosis by selectively blocking Akt pathway (Hsu et al., 2000). However, the mechanism behind this remains elusive as celecoxib does not significantly affect the major kinase, PI-3K, or the phosphatase, protein phosphatase 2A, involved in the activation of Akt (Hsu et al., 2000). Interestingly, this might indicate another possible pathway by which COX-2 modulates mTOR signaling as Akt is one of the major upstream regulators of mTOR.



COX-2 AND mTOR-BASED THERAPIES

As discussed earlier, NSAIDs were found to be associated with a lower vulnerability to AD due to lowering levels of Aβ42 as well as reducing inflammation. A lot of studies have been conducted in this regard exploring different aspects of the disease development and progression. Various therapeutic approaches for AD have also been reviewed previously (Mueed et al., 2019).

It was found that selective COX-2 inhibitors could restore long term potentiating which was lost due to incubation with external Aβ42 in studies carried out in rat hippocampal slices, while inhibition of only COX-1 failed to produce any such effects (Kotilinek et al., 2008). The same study also reported regarding restoration of memory in Tg2576 mice over-expressing APP by both selective COX-2 inhibitors as well as non-selective NSAIDs. However, these beneficial effects of COX-2 inhibition were lost on addition of exogenous PGE2 but not by inflammatory cytokines like IL-1β, TNF-α, or even Aβ. Thus, the authors proposed an alternative mechanism of NSAID action on AD: preventing PGE2 response at synapses due to blockage of COX-2.

As previously stated, mTOR is known to be hyperactivated in an AD brain and exerts its effects by affecting key cellular processes such as nucleotide synthesis, protein synthesis, and modifications, mitochondrial dynamics, lipid metabolism and the cellular autophagic system. Therapies against AD and other neurodegenerative disorders have thus also targeted mTOR. Inhibition of mTOR using rapamycin and its analogs has shown reduction in the amounts of amyloid and tau deposits in early stage-AD-affected brains of mice and improved their cognitive abilities (Spilman et al., 2010; Majumder et al., 2011). In fact, humans who were administered with a rapamycin analog, everolimus, in order to elicit immunosuppression after a heart transplant also showed better memory skills than the control group (Papadopoli et al., 2019). mTOR overexpression has been routinely linked to intracellular tau accumulation and translocation. Its inhibition via rapamycin or silencing by mutation leads to lower tau levels in the cell (Tang et al., 2015). This has implications across various tauopathies and presents a potential therapeutic approach. mTOR inactivation has proved to be helpful in reducing microglial-inflammatory responses in the brain. Some of these studies have also shown a possible COX involvement in the process as rapamycin treated microglia also resulted in lower levels of COX-2 (Dello Russo et al., 2013).

COX-2 is also implicated in a variety of cancers (Hwang et al., 1998; Pandey et al., 2008; Greenhough et al., 2009; Alexanian et al., 2014; Mattsson et al., 2015) and its inhibition can also be used as one of the ways for cancer therapy. Tuberous sclerosis complex (TSC) caused as a result of mutations in any of the two tumor suppressor genes, TSC1 and TSC2, leads to formation of localized tumor masses in multiple organs (Borkowska et al., 2011; Kwiatkowski and Manning, 2014; Schepis, 2016). mTORC1 is known to be hyperactivated by loss of TSC2 in TSC tumors (Moavero et al., 2015; Li H. et al., 2016). This leads to downregulation of COX-2 activity via activation of STAT3 (signal transducer and activator of transcription 3). It was also found that IL-6 is a downstream target of COX-2 in cells with loss-of-Tsc2 mutation and thus reduced activity of COX-2 inhibits IL-6 which limits cellular proliferation (Li H. et al., 2016). Rapamycin and celecoxib, together, were found to be most useful against TSC in Tsc2 negative cells, than either individually (Li H. et al., 2016).



CONCLUSION AND FUTURE PERSPECTIVES

COX-2 is involved in diverse cellular functions in the human body such as PG synthesis, insulin secretion, adipogenesis, CNS autonomic regulation, etc., and thus, any structural or functional aberrations in the enzyme will have varied repercussions across many pathways. Many inflammatory and neoplastic disorders are related to COX-2 expression levels and activity. Similarly, mTOR affects central cellular activities such as growth, transcription, and translation. It has also been found to play a vital role in inflammatory and age-related diseases. COX-2 and mTOR operate in a number of overlapping pathways such as nutrient sensing, obesity, apoptosis, immune reactions, osmoprotection, etc.

Alzheimer’s is one of the world’s leading types of dementia and a neuro-inflammatory disease. COX-2 has been classically implicated in AD and much research has been done to develop therapies against AD based on blocking or deleting COX-2. However, it has been known for some time now that neither the cause of AD nor the role COX-2 plays in its occurrence and progression is as it was traditionally considered. There have been many views rejecting the amyloid as well as tau hypotheses to be at the heart of AD. Also, COX-2 is now thought to have pleiotropic effects in the brain and AD pathophysiology as the enzyme exhibits different expression levels during different stages of the disease with elevated levels in the early stages and a gradual fall later on. Moreover, other molecular targets of NSAIDs rather than the COX enzymes are being considered as possible key players in AD. Thus, in order to effectively tackle AD, it has to be considered in its entirety and not as isolated underlying pathways.

mTOR entered the AD picture as a molecule of interest quite recently but it has since been well established in AD pathology. It is supposedly overexpressed in AD, promotes amyloid- as well as tau-deposition, and is also involved in their targeting to various cell organelles to a certain extent. Inhibition of mTOR in vitro and in vivo models of AD has demonstrated improved memory and other cognitive abilities which are compromised in the disease.

The main aim of this review was to explore the biphasic nature of relationship between COX-2 and mTOR in key cellular processes, some of which have direct roles in AD progression. This suggests a very strong possibility that their relationship could be exploited in order to develop an effective counter for AD. Moreover, their actions have already been found to be inter-dependent in the case of a number of cancers, and anti-cancer therapies targeting the two of them are underway. However, dedicated studies in this direction in the case of AD are still, to the best of our knowledge, non-existent. The possible future prospective in this direction would include exploring in detail selected targets of interest, such as Akt, and all their associated pathways which may provide specific answers as to if and how COX-2 and mTOR co-operate in AD and if drugs targeting either or both of these would be helpful in combating the disease.
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Alzheimer disease (AD) has an insidious onset and heterogeneous clinical symptoms. The well-accepted biomarkers for clinical diagnosis of AD include β-amyloid (Aβ) deposition and pathologic tau level within cerebral spinal fluid (CSF) and imaging AD pathology such as positive emission tomography (PET) imaging of the amyloid-binding agent Pittsburgh compound B (PET-PiB). However, the high expense and invasive nature of these methods highly limit their wide usage in clinic practice. Therefore, it is imperious to develop less expensive and invasive methods, and plasma biomarkers are the premium targets. In the current study, we utilized a single-blind comparison method; all the probable AD cases met the core clinical National Institute on Aging and Alzheimer’s Association (NIA-AA) criteria and validated by PET-PiB. We used ultrasensitive immunomagnetic reduction (IMR) assays to measure plasma Aβ42 and total-tau (t-tau) levels, in combination with different variables including Aβ42 × t-tau value, Montreal Cognitive Assessment (MoCA), and Mini Mental State Examination (MMSE). We used logistic regression to analyze the effect of all these variables in the algorism. Our results showed that (1) plasma Aβ42 and t-tau are efficient biomarkers for AD diagnosis using IMR platform, whereas Aβ42 × t-tau value is more efficient for discriminating control and AD; (2) in the control group, Aβ42 level and age demonstrated strong negative correlation; Aβ42 × t-tau value and age demonstrated significant negative correlation; (3) in the AD group, t-tau level and MMSE score demonstrated strong negative correlation; (4) using the model that Aβ42, Aβ42 × t-tau, and MoCA as the variable to generate receiver operating characteristic (ROC) curve, cutoff value = 0.48, sensitivity = 0.973, specificity = 0.982, area under the curve (AUC) = 0.986, offered better categorical efficacy, sensitivity, specificity, and AUC. The multifactor model of plasma Aβ42 and t-tau in combination with MoCA can be a viable model separate health and AD subjects in clinical practice.

Keywords: Alzheimer disease, β-amyloid, tau, Montreal Cognitive Assessment, ultrasensitive immunomagnetic reduction


INTRODUCTION

Alzheimer disease (AD) is a neurodegenerative disease with latent initiation and progressive course, which is the most common cause of dementia and the fourth cause of mortality in the elder population (Katzman, 2008). Growing evidences have shown the early diagnosis, before massive neuron loss and dementia occur, is crucial to AD treatment (Jack et al., 2013; Dubois et al., 2016). IWG 2016 and the National Institute on Aging and Alzheimer’s Association (NIA-AA) research framework are aligned on the key issue that although AD is currently defined as a biological event throughout the course, the combination of abnormal β-amyloid (Aβ) and tau biomarkers is conclusive enough to define AD regardless of cognitive symptoms (Jack et al., 2018).

Aβ level in cerebral spinal fluid (CSF) and Aβ accumulation measured by positive emission tomography (PET) imaging of the amyloid-binding agent Pittsburgh compound B (PET-PiB) have been validated as viable AD biomarkers. Absolute sensitivity of amyloid PET is comparable to the gold standard of autopsy (Roberts et al., 2017). However, the high expense and limited availability of the amyloid PET and the invasive nature of CSF collection highly limit its wide used in clinic practice (Villemagne et al., 2013; Vos et al., 2013; Sperling et al., 2014; Baird et al., 2015). Therefore, it is imperious to develop less expensive and invasive methods, and plasma biomarkers are the premium targets. Moreover, blood biomarkers such as plasma total tau (t-tau) have shown promising potential to identify neurodegenerations, whereas plasma Aβ42 was shown to be a high-performance biomarker for AD (Dage et al., 2016; Ovod et al., 2017; Nakamura et al., 2018). However, the sensitivity and specificity of blood biomarkers detection will determine the future of their clinical application, thus needing further clinical validation.

Currently, many technologies have been developed for detecting plasma Aβ42, t-tau: ELISA, CLIA, ultrasensitive immunomagnetic reduction (IMR), and so on. Immunomagnetic reduction has shown far better sensitivity than others, with clinical validation (Chiu et al., 2012, 2013; Chen et al., 2019; Lue et al., 2019a). But more clinical validation is needed to determine the reliability of IMR in AD diagnosis.

In our study, 97 cases of volunteers were discretely screened and diagnosed by experienced neurologists, to guarantee the quality for selected subjects. Through cognitive psychophysiology evaluation analysis and confirmed by PET-PiB neuroimaging analysis, all the AD patients met the core clinical NIA-AA criteria. We used IMR technology measuring plasma Aβ42 and t-tau, in combination with other factors, and thus comprehensively evaluated the sensitivity and specificity of AD diagnosis, which paved the avenue of potential using IMR technology for AD early diagnosis.



MATERIALS AND METHODS


Participants

Alzheimer disease group: 40 AD patients were recruited from the neurology department of PLA hospital between August 2017 and June 2018. All the patients underwent cognitive psychology scale evaluation and neuroimaging measurement and confirmed by PET-PiB examination. All probable AD patients met the core clinical NIA-AA criteria (Jack et al., 2011), without family history.

Normal control (NC) group: 57 healthy volunteers were recruited. All the subjects have normal cognitive function by neuropsychology evaluation, also without severe heart, liver, kidney, or other systematic diseases; mental illness; surgery; and injury history or other major disease history, without dementia patients in the family.

Consensus agreements were signed by patients himself/herself or custodians and provided blood samples; the entire process met human rights, humanity, and medical ethical standard.



Methods

Sample collection: 5 mL non-fasting venous blood sample (K2 EDTA tube) was drawn from every subject. The blood samples were centrifuged at 2,500 × g for 15 min within 3 h of collection, and plasmas were aliquoted into cryotubes (1 mL per tube) and stored at −80°C. Each sample was assigned an identification number following reception. The laboratory staffs handling the sample processing were blind to the clinical status and the demographic data of the subjects.

The Mini Mental State Examination (MMSE) (Li et al., 2016) and Montreal Cognitive Assessment (MoCA) Beijing version1 (Lu et al., 2011) evaluation were performed by the same doctor for the entire study: in the normal age range (score > 1.5 standard deviation), age- and education-matched normal recipient, and CDR = 0. Every patient underwent magnetic resonance imaging (MRI) and PET-PiB imaging scan examination. Aβ42 and t-tau concentration were measured using IMR technology for all the collected plasma samples.

Reagents: Calibrator60 (Aβ42 standard), MagQu, CA-DEX-0080; tau IMR Reagent, MagQu, MF-tau-0060; tau Solution-L (standard L), MagQu, CL-tau-000T; tau Solution-H (standard H), MagQu, CL-tau-050T; Aβ42 IMR Reagent, MagQu, MF-AB2-0060; Aβ42 Solution-M (standard M), MagQu, CL-AB2-020T; 6 × 50 mm sample analysis tubes, MagQu, MQ-TUB-0100; disposable vacuum blood collection tube (K2 EDTA tube), Jiangsu Yuli Medical Instrument Co. Ltd., Y30983502; Cryo tube, CORNING, 430659.

Immunomagnetic reduction measurements: Details of the mechanism and technology of IMR have been previously reported (Nasreddine et al., 2005; Lee et al., 2016; Yang et al., 2017b). The reagents used to determine plasma Aβ and t-tau protein levels in this study consisted of dextran-coated Fe3O4 nanoparticles functionalized with antibodies. The percentage reduction in an alternating current (ac) that reflects the magnetic susceptibility (Xac) of a reagent due to the interactions of functionalized magnetic nanoparticles and target proteins. The percentage reductions of immunomagnetic signals are then converted to target protein concentrations using the standard curves of the respective analyses. The selection of the antibodies conjugated to the IMR reagents was based on epitopes, affinity to antigens, ability to be conjugated onto nanoparticles, and the ability to provide linearity of standard curves quantified by magnetic signal reduction. For t-tau assay, 40 μL of plasma sample was mixed with 80 μL IMR reagents at room temperature, and for Aβ42 assay, 60 μL of plasma sample was mixed with 60 μL of IMR reagent.



Statistical Analysis

Data were expressed as means ± SD or an absolute number with a proportion for descriptive statistics. Spearman correlation analysis was applied to examine the correlations between plasma Aβ measures and cerebral uptake values of 11C Pittsburgh Compound B PET, 11C-PiB PET in different brain regions. Significant correlations were validated using non-parametric Spearman rank-order correlations. Correlation analysis was also used to evaluate the correlations between the plasma Aβ measures, 11C-PiB PET SUVRs and each parameter of the demographic data, clinical characteristics, and cognitive tests. Multiple linear regression analysis was used to further evaluate the associations between plasma Aβ measures and 11C-PiB PET binding after controlling for age. A P-value of 0.05 was defined as the threshold of statistical significance in each test. To elucidate the AD-related tests, the current study used statistical analysis with SPSS for data analysis; considering the data do not obey Gaussian distribution, we used Spearman correlation analysis, to describe the level and direction of the correlation of two variables (r > 0 represents positive correlation, r < 0 represents negative correlation, the closer r value to 1, the stronger correlation is, and P < 0.05 represents a significant difference). Within the final prediction model, binary logistic regression analysis demonstrated the result of (PMoCA, PAβ 42, and PAβ 42 × t–tau) < 0.05, whereas (PMMSE and Pt–tau) > 0.05. Considering the stability of using this model, we decided to choose Aβ42, Aβ42 × t-tau and MoCA these three variables as prediction factors.



RESULTS


Patients Selection

Ninety-seven volunteers aged between 54 and 78 years (mean = 68.0 ± 9.3) were recruited, of which 57.7% were females. The control group had 57 subjects; the AD group had 40 subjects, with an average age of 67.9 ± 9.5 and 68.1 ± 9.0 years, respectively. Average MMSE value was 28.25 ± 3.36 in control group and 12.67 ± 9.21 in AD group; Average MoCA value was 26.25 ± 4.61 in control group and 10.69 ± 7.33 in AD group, therefore, both MMSE (P = 1.41 × 10–19) and MoCA (P = 8.81 × 10–22) showed highly significant difference between control and AD group (Table 1).


TABLE 1. Statistic detail of the recruits.

[image: Table 1]


IMR Measurement of Plasma Aβ42 and T-tau Levels

Immunomagnetic reduction technology was used to measure the human plasma Aβ42 and t-tau levels. Table 1 demonstrated that the mean value of t-tau concentration was 20.65 ± 3.52 pg/mL in the control group and 25.9 ± 8.12 pg/mL in the AD group; the difference was strongly significant (P = 3.42 × 10–5). Mean value of Aβ42 concentration was 16.92 ± 1.67 pg/mL in the control group and 18.77 ± 1.93 pg/mL in the AD group; the difference was strongly significant between control and AD group (P = 2.31 × 10–6). Mean value of Aβ42 × t-tau was 352.53 ± 90.88 pg/mL in the control group and 490.44 ± 190.48 pg/mL in the AD group; the difference was strongly significant (P = 7.03 × 10–6). Mean value of Aβ42/t-tau concentration was 0.83 ± 0.11 in the control group and 0.77 ± 0.18 in the AD group; the difference was strongly significant (P = 0.04). Figure 1 demonstrates that all the differences between two groups were strongly significant.


[image: image]

FIGURE 1. Immunomagnetic reduction measurement of plasma Aβ42 and t-tau protein levels. (A) Aβ42 concentration of NC and AD group; (B) t-tau concentration of NC and AD group; (C) Aβ42 × t-tau value of NC and AD group; (D) Aβ42/t-tau value of NC and AD group. NC: normal control (n = 57); AD, Alzheimer disease (n = 40).




Receiver Operating Characteristic Curve Analysis

Receiver operating characteristic (ROC) curve analysis demonstrated that the cutoff value of Aβ42 concentration between control and AD group was 17.22 pg/mL, sensitivity was 0.650, specificity was 0.719, and area under the curve (AUC) was 0.689 (Figure 2A). The cutoff value of t-tau concentration between control and AD group was 21.30 pg/mL, sensitivity was 0.625, specificity was 0.667, and AUC was 0.659 (Figure 2B). The cutoff value of Aβ42 × t-tau between control and AD group was 403.72 (pg/mL)2, sensitivity was 0.825, specificity was 0.842, and AUC was 0.883 (Figure 2C); The cutoff value of Aβ42/t-tau between control and AD group was 0.74, sensitivity was 0.775, specificity was 0.386, and AUC was 0.558 (Figure 2D). The values were summarized in Table 2. A biomarker combination of Aβ42 × t-tau has the highest sensitivity, specificity, and AUC.


[image: image]

FIGURE 2. Receiver operating characteristic curve analysis for discriminating between NC and AD subjects using Aβ42 level, t-tau level, Aβ42 × t-tau value, and Aβ42/t-tau value as diagnostic parameters. (A) AUC of Aβ42 concentration between NC and AD group; (B) AUC of t-tau concentration between NC and AD group; (C) AUC of Aβ42 × t-tau value between NC and AD group; (D) AUC of Aβ42/t-tau value between NC and AD group. NC, normal control (n = 57); AD, Alzheimer disease (n = 40).



TABLE 2. ROC curve analysis of AD and control subjects.
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Spearman Correlation Analysis

Spearman correlation analysis in the control group showed that Aβ42 concentration and age demonstrated a strong negative correlation (r = −0.365, P = 0.005); Aβ42 × t-tau value and age demonstrated significant negative correlation (r = −0.266, P = 0.046) (Table 3). In the AD group, t-tau concentration and MMSE score demonstrated a strong negative correlation (r = −0.579, P = 0.006) (Table 4). This thus suggests that in AD patients, the lower MMSE value is, which represents the severity of the disease, the higher is the plasma t-tau protein level.


TABLE 3. Correlation analysis of NC group.
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TABLE 4. Correlation analysis for MMSE, MoCA < 10 of AD group.

[image: Table 4]


Logistic Regression Analysis

To further study the relationship between plasma biomarker and brain Aβ deposit, we utilized SPSS software performing logistic regression analysis. We combined different variables to establish a disease prediction model (i.e., practical clinical diagnosis) and predicted if the individual is AD or NC who met the entry criteria (i.e., clinical diagnosis). Our model introduced the variables Aβ42, t-tau, Aβ42 × t-tau, MMSE, and MoCA predicted as shown in Table 5. This model has the prediction accuracy of 98.2% for the control groups and 97.3% for the AD group, an overall prediction percentage of 97.8%. Further variable logistic analysis concluded that Aβ42, Aβ42 × t-tau, and MoCA also had statistical significance in the model (P < 0.05), as the prediction accuracy of these three variables shown in Table 6. This three-variable model has a prediction accuracy of 98.2% for the control groups and 94.6% for the AD group, an overall prediction percentage of 96.7%. Using the prediction values of Aβ42, Aβ42 × t-tau, and MoCA as variable, with PET-PiB as standard, the ROC curve is shown in Figure 3, as cutoff value = 0.48, sensitivity = 0.973, specificity = 0.982, AUC = 0.986. The results demonstrated the prediction model of Aβ42, Aβ42 × t-tau, and MoCA have a significant correlation with clinical probable AD diagnosis.


TABLE 5. Binary logistic regression analysis for MoCA, MMSE, Aβ42, t-tau, and Aβ42 × t-tau variables.
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TABLE 6. Binary logistic regression analysis for Aβ42, Aβ42 × t-tau, and MoCA variables.
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FIGURE 3. Using prediction value of the model as variable, PET-PiB as standard; the ROC curve is as shown.




DISCUSSION

As all we know, the early diagnosis and treatment of AD may benefit to improve symptoms and decelerate the course and also alleviate the burden of the family and society (Andreasen et al., 2001; Kim et al., 2010). Therefore, it is crucial to define the disease with a clear biological foundation including clinical and preclinical phases. The NIA-AA Research Framework focuses on biomarker discovery in living people for AD diagnosis, including biomarkers for Aβ deposition, pathologic tau, neurodegeneration, and so on (Jack et al., 2018). CSF AD-specific pathological protein test and PET have become internationally recognized biomarker diagnoses in living patients (Prestia et al., 2013; Toledo et al., 2014; Vos et al., 2015). Especially, the absolute sensitivity of amyloid PET relative to an autopsy gold standard has been assessed (Roberts et al., 2017); its sensitivity and accuracy are higher than neuropsychological evaluation, computed tomography and MRI. However, CSF biomarker analysis related lumbar puncture is an invasive procedure and poor in repeatability, and the assessment is not always feasible and difficult to be accepted by patients in some countries, especially in the elderly patients. Meanwhile, brain imaging biomarkers (amyloid-PET, tau-PET) also have their disadvantages: the assay cost is too expensive, and it requires sophisticated technologies and equipment, which are not accessible in regular clinical settings, which limit the widespread application of these two types of biomarkers. Therefore, compared with all above, analyzing pathologic Aβ and tau in peripheral blood, which have great advantages, including blood samples being easy to access, the procedure is non-invasive or minimally invasive, with reasonable cost-effective and good replication rate. More and more studies show that blood biomarkers have promising prospects (Kaneko et al., 2014; Mattsson et al., 2016; Nabers et al., 2018; Nakamura et al., 2018).

Immunomagnetic reduction technology for AD-associated plasma biomarkers has been developed in the last few years (Lue et al., 2019a). In a recent study, plasma Aβ42 level was assayed by IMR in European Caucasian AD subjects (Teunissen et al., 2018). However, pathologic Aβ and t-tau levels are under gene regulation; there are interracial discrepancies of these gene expressions (Huynh and Mohan, 2017). Thus, directly using the data from the European population in the Chinese population will have great limitations. Currently, there are many studies assessed the potential of Aβ40, Aβ42, and t-tau measured by IMR in discriminating AD in China Taiwan area (Chiu et al., 2012, 2013; Yang et al., 2017a; Fan et al., 2018). These studies used the same methods but obtained different cutoff values, which may be caused by race, regions, living habit differences, and so on. Therefore, a larger sample size from mainland China is needed for establishing accurate cutoff value for the Chinese population. In this study, we used IMR technology to measure plasma Aβ42 and t-tau protein levels and for the first time verified the reliability of the multiparameter model of plasma Aβ42 and t-tau in combination with MoCA for diagnosing probable AD confirmed by PET-PiB, which provides sensitive and reliable discrimination between control and AD subjects in a Chinese population.

In this single-blind test, we discovered plasma Aβ42, t-tau, and Aβ42 × t-tau levels are significantly higher in AD subjects compared to the control subjects. Further ROC curve analysis demonstrated that plasma Aβ42 × t-tau as a combinational biomarker yielded better discrimination between control and AD subjects than that of plasma Aβ42 or t-tau concentration alone. Using Spearman correlation analysis, we found Aβ42 level is negatively correlated with age (r = −0.365, P = 0.005), and the value of Aβ42 × t-tau is negatively correlated with age (r = −0.266, P = 0.046) in the control group. These findings suggest that Aβ42 level as well as Aβ42 × t-tau value decreases according to age growth in healthy subjects, which agree with those of Lue et al. (2019b), who showed that plasma Aβ42 decreased as age increased in cognitively normal subjects. These relationships provided evidence that Aβ42 may be involved in the pathophysiology of aging and could act as plasma biomarkers in aging-associated disease. In our study, in AD patients whose MMSE/MoCA value is less than 10, the t-tau level is strongly negatively correlated with MMSE value (r = −0.579, P = 0.006). Our findings suggest that, in AD patients, the lower the MMSE value is, the higher plasma the t-tau protein level is, which is consistent with the discovery from clinical studies that showed MMSE score is negatively correlated with plasma t-tau concentration (Mattsson et al., 2016). That reveals the severity of AD is positively correlated with the level of t-tau.

To establish the valid prediction model, we initially started with a five-variable model, including Aβ42, t-tau, Aβ42 × t-tau, MMSE, and MoCA. Our prediction model can distinguish AD subjects from control subjects with an accuracy of 98.2 and 97.3%, respectively, and the overall prediction rate is 97.8%. To further simplify our model, we tried different combinations, and discovered three variables, Aβ42, Aβ42 × t-tau, and MoCA, are sensitive enough to yield similar prediction accuracy in comparison to a five-variable prediction model (98.2% for the control group, 94.6% for AD group and the overall 96.7%). Moreover, MoCA is a superior screen tool for the identification of mild cognitive impairment compared to MMSE (Li et al., 2018; Pinto et al., 2019). Therefore, the three-variable model is optimal for predicting early stage AD with MoCA as its neuropsychological measurement. Further ROC curve analysis showed using a three-variable model offered better categorical efficacy, sensitivity, specificity, and AUC compared with using Aβ42 × t-tau alone. We think that the prediction model established by plasma biomarkers has a significant correlation with clinical diagnostics. Lue et al. (2017), using the IMR assay, found that the regression model incorporating age and tau level has 81 and 96% accuracy for identifying probable AD in Banner Sun Health Institute (BSHRI) and National Taiwan University Hospital (NTUH) cohorts, respectively; incorporating age with the products of Aβ42 and tau in BSHRI and NTUH cohorts have 84 and 95% accuracy, respectively. At a 382.68 (pg/mL)2 cutoff value, the product of Aβ42 and tau achieved 92% accuracy with 96% sensitivity and 90% specificity in identifying AD in the combined cohorts. Compared to this study, we relied on PET-PiB, a gold standard for AD in living patients, as one of the criteria for the recruitment of AD patients, and created a new prediction model of AD. This model obtained different cutoff values from the United States and China Taiwan area, and the sensitivity and specificity are more than 95%. The strength of the study is the predictive value of the combination of different parameters. In AD, Aβ and tau proteins are the core biomarkers. Significant increases in Aβ42 and t-tau levels in plasma have been found in early AD patients (Chen et al., 2019; Lue et al., 2019a). Our attempt of combining these two pathological proteins with neuropsychological measurement offers a new avenue of enhancing sensitivity and specificity for diagnosing with plasma biomarkers only, thus overcoming the limitation of plasma biomarkers, as described by Chen et al. (2019) for plasma Aβ42 and t-tau correlate with cognitive decline in amnestic MCI patients.

Although the current study has plausible results, it does have certain limitations. First, the volunteer number included in the study is rather small, thus requiring to expand sample size for further validation of our data and model. Second, the current study is a retrospective study; a further prospective longitudinal study will be extremely valuable.

In conclusion, our study introduced variables Aβ42, t-tau, Aβ42 × t-tau, MMSE, and MoCA into the model and performed analysis; analyzed the role of each variable in the model via logistic regression; further determined using Aβ42, Aβ42 × t-tau, and MoCA for companion diagnosis for AD; compared with previous using a single biomarker; and greatly enhanced the efficacy and stability of the diagnosis. Moreover, as blood samples are more accessible than CSF in community hospitals, plasma biomarkers for early diagnosis of AD can be promoted and popularized. Although early screening and diagnosis of AD are unlikely to rely on a single biomarker or a combination of biomarkers in blood, this information may serve a crucial role for companion diagnosis, so as to give early warning and early intervention for AD for clinicians.
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Diabetes and Alzheimer’s disease (AD) place a significant burden on health care systems in the world and its aging populations. These diseases have long been regarded as separate entities; however, advanced glycation end products (AGEs) and the receptors for AGEs (RAGE) may be a link between diabetes and AD. In our study, mice injected with AGEs through stereotaxic surgery showed significant AD-like features: behavior showed decreased memory; immunofluorescence showed increased phosphorylated tau and APP. These results suggest links between diabetes and AD. Patients with diabetes are at a higher risk of developing AD, and the possible underlying molecular components of this association are now beginning to emerge.

Keywords: advanced glycation end products, RAGE, Alzheimer’s disease, diabetes, PI3K


INTRODUCTION

Accumulated evidence suggests that sporadic cases account for more than 95% of the total cases of Alzheimer’s disease (AD; Levin, 2019). AD is a neurodegenerative disease with progressive memory cognitive dysfunction as the main clinical manifestation. The hallmark lesions observed in the brain of patients with AD result from the formation of numerous neurofibrillary tangles (NFTs) and senile plaques (SPs) composed of hyperphosphorylated tau and Aβ, respectively (Lane et al., 2018). Studies have implicated diabetes mellitus (DM) as a strong risk factor for the development of AD (Jayaraj et al., 2020). DM shares pathological features with AD, such as impaired insulin signaling, increased oxidative stress, increased amyloid-beta (Aβ) production, tauopathy, and cerebrovascular complications (Shinohara and Sato, 2017), and therefore appears to be closely related to AD.

Glycosylation is an important non-enzymatic reaction between reducing sugars and amines (Singh et al., 2018). Lysine or arginine residues of proteins and glucose, moving towards the Schiff-base, convert themselves to the more stable aminomethyl ketone by the Amadori rearrangement and finally result in the formation of advanced glycation end (AGE) products (Bunn and Higgins, 1981; Hartog et al., 2007; Rabbani and Ahn, 2019). The synthesis of AGEs is irreversible, and although the process of cell death is slow and insignificant, the non-enzymatic saccharification process accompanied by neuron metabolism seriously affects the normal functioning of the nervous system (Kamynina et al., 2018). Therefore, AGEs and the receptor for advanced glycation end-products (RAGE) may play an important role in disease pathogenesis. Many studies have shown that the accumulation of AGEs is a major factor in the incidence and development of several diabetic complications and neuropathies (Hammes et al., 1999; Negre-Salvayre et al., 2009; Singh et al., 2014; Nowotny et al., 2015; Yamagishi et al., 2015; Hashimoto et al., 2016; Kumar Pasupulati et al., 2016), and the accumulation of AGEs under in vivo conditions is associated with secondary complications related to diabetes in hyperglycemic environments (Garay-Sevilla et al., 2005). Furthermore, AGEs are closely linked to amyloid-based neurodegenerative diseases (Vicente Miranda and Outeiro, 2010; Li et al., 2012; Simó et al., 2017). Salahuddin et al. (2014) showed that disrupting the AGE-RAGE interaction can effectively prevent the development of AD, and AGEs are therefore considered promising drug targets for AD. Studies also show that the formation of AGEs will pass through and interfered with H1, H2A, and H3 histones by causing structural changes. The normal functioning of serotonin affects chromatin structure and function, leading to secondary complications which in turn aggravates the diabetic condition (Ashraf et al., 2014, 2015a,b). The above evidence reveals that AGEs have a role in both diabetes and AD in humans as well as in disease models.

Studies also have found that AGEs induce oxidative stress in neurons, promoting the release of neuroinflammatory cytokines and Aβ (Yan et al., 1996; Baig et al., 2018). At the same time, extracellular AGEs can also affect neuronal function through RAGE. Studies have shown that RAGE also interacts with and mediates the cytotoxicity of Aβ (Wang et al., 2018). For example, the combination of RAGE and Aβ can activate the inflammatory signaling pathway, release ROS to produce oxidative stress, and cause neuroinflammation, cause mitochondrial and neuronal dysfunction (Deane et al., 2008), and affect the mitogen-activated protein kinase signaling pathway (Deane, 2012). RAGE also accelerates the absorption and transport of Aβ, which causes Aβ to pass through the blood-brain barrier and into the central nervous system by endocytosis (Deane et al., 2003), causing cerebrovascular dysfunction and eventually leading to neurovascular inflammation and subsequent increase in synaptic toxicity (Deane and Zlokovic, 2007), which in turn affects the normal functioning of the central nervous system (Zhang et al., 2011; Galasko et al., 2014; Wang et al., 2014; Cai et al., 2016; Fang et al., 2018). The elevated expression of RAGE activates the nuclear transcription factor NF-κB, resulting in a positive feedback effect on inflammation (Wan et al., 2015; Fang et al., 2018). Aβ activation of RAGE increases the expression of proinflammatory cytokines such as TNF-α, interleukin-6, and macrophage colony-stimulating factor (Dukic-Stefanovic et al., 2003), which accelerates the occurrence and development of AD. The RAGE signaling pathway also plays an important role in AGE-induced tau phosphorylation and spatial memory impairment. In SK-N-SH cells, primary hippocampal neurons, and rats, AGEs induce tau hyperphosphorylation via the RAGE/GSK-3 pathway (Li et al., 2012; Son et al., 2012). AGEs also block the BDNF-TrkB signaling pathway in rat brain and N2A cells (Li et al., 2012), activate the GSK-3β kinase at Ser9, phosphorylate GSK-3, and induce tau hyperphosphorylation (Wu et al., 2019). Also, the deposition of AGEs activates microglia and nicotinamide adenine dinucleotide phosphate (NADPH) oxidase, resulting in the release of ROS and the formation of peroxynitrite, which oxidizes proteins, lipids, and DNA (Nam et al., 2012), eventually causing neuronal death. Co-immunoprecipitation studies have found that almost all AGE-immunoreactive neurons contain phosphorylated tau protein (Qi et al., 2017), which indicates that AGEs play an important role in tau protein hyperphosphorylation. As compared to AD mice, the phosphorylation levels of tau were increased in the offspring mouse model of diabetes and AD hybridization (Pdx1+/–/APP/PS1); furthermore, the production of Aβ was increased and the clearance of Aβ was inhibited (Guo et al., 2016). More and more evidence shows that DM is also a causative factor of AD; therefore, AD is also called type III diabetes (Luchsinger et al., 2001; Huang et al., 2014; Ahmed et al., 2015; Sridhar et al., 2015). As the RAGE signaling pathway may be an important therapeutic target in AD, computer-aided drug design has especially emerged as an efficient means of developing candidate drugs for the treatment of AD. The above observations suggest that the signal pathways mediated by AGEs/RAGE are implicated in AD-like learning and memory impairment, trigger neuroinflammation, and promote Aβ deposition and tau hyperphosphorylation.

Immunohistochemical evidence also suggests that AGEs were co-located with NFTs and SPs, indicating that AGEs can induce AD symptoms (Takeda et al., 2011). AGEs are prooxidant factors that induce oxidative stress, causing neuronal dysfunction or death. It has been reported that GSK-3β is a potential link between diabetes and AD; the excessive activation of GSK-3β can cause hyperphosphorylation of tau (Zhang et al., 2018). LiCl is an inhibitor of GSK-3 (Kurgan et al., 2019), which has been reported to alleviate the hyperphosphorylation of tau proteins caused by AGEs to a certain extent. While AGEs may play an important role in the development of AD, the mechanism remains unclear.

In hyperglycemia and diabetes, the body produces large amounts of AGEs, which accelerate and aggravate the symptoms of diabetes and its complications, such as AD (Simó et al., 2017). AGEs are elevated in AD brains where they stimulate Aβ production and colocalize with NFTs and SPs, suggesting that AGEs play an important role in the pathogenesis of AD (Cai et al., 2016). Studies have found that diabetes can aggravate the decline of tau protein lesions and spatial learning memory in the AD model. Due to advances in clinical treatment, the lifespan of diabetic patients can be further extended, with a higher global incidence of diabetes-associated AD (Ahmed et al., 2015).

AGEs play a central role in the development of AD and link neurodegenerative disease and diabetes. The stage during which AGEs impact AD and how AGEs influence tau proteins and Aβ are still unclear. The effects of increased AGEs on spatial learning and memory, as well as the effects of early inhibition of AGEs production on the behavior and pathophysiology of the AD model, have not yet been reported. Therefore, elucidating the mechanism of AGEs is important to show the association between diabetes and AD.

In previous studies, the main focus was on the mechanism of AGE-RAGE signaling in neurodegenerative diseases (Juranek et al., 2015; Batkulwar et al., 2018). The purpose of our research is to study the common target (RAGE) between diabetes and AD, and then establish the links between diabetes and AD to RAGE, and further carry out the related mechanism research. We not only studied the mechanism of RAGE in AD, but it’s also more important to link diabetes to AD through RAGE.

To explore the role of AGEs in AD and diabetes, we injected AGEs in mice and found that they showed obvious symptoms of AD; behavioral studies showed that memory was impaired, immunofluorescence and western blot showed increased APP and p-Tau levels, and PET and qPCR confirmed this increase in Aβ and Tau levels. Immunofluorescence revealed elevated RAGE, Tau, and APP levels in ZDF rats as well. Therefore, through these experiments, we demonstrated that AGEs-RAGE may be a potential link between AD and diabetes.



MATERIALS AND METHODS


Animals

C57BL/6 mice and ZDF rats were housed in specific pathogen-free (SPF) rooms with a 12-h light-dark cycle and sufficient water and food. All animal handling protocols were approved by the Animal Ethics Committee of Fudan University (No. 20171732A680).



Morris Water Maze

Three days before the experiment, we placed the mouse into the behavioral room to adapt to the environment. A water tank measuring 122 cm in diameter was placed into the water labyrinth and instrument collection area. The tank was filled with water and bleaching powder to make the water turbid. The camera software that measured water maze behavior was adjusted for clarity, light, and brightness using a graphic mark placed approximately 0.1 m from the bottom of the tank. On the first day, a platform was placed above the surface in a single position in the water tank. The mouse was released into the water from the east, west, south, and north directions, and the time until the mouse found the underwater platform and climbed onto it was recorded. On days 2–5, the platform was placed 1 cm below the level of the liquid. Similar to day 1, the mouse was placed in the water from four different orientations. The time until the mouse found the platform hidden under the water and climbed onto it was recorded. If the mouse did not locate the platform within 60 s, the time was recorded as 60 s. On day 6, the platform was removed and the mice were allowed to move freely in the tank for 10 min. The time spent in each quadrant was determined, with a focus on the time the mouse was in the quadrant where the platform was previously located, each quadrant was marked by a different shape on the wall.



Y-Maze

The mice were placed in a behavioral room to adapt to the environment 3 days before the experiment. Different geometric figures were attached to the three arms of the Y-maze as visual markers. The three arms of each Y-maze were randomly divided into new arms, starting arms, and other arms. The Y-maze device was placed in the behavioral camera capture area to adjust for camera clarity, light brightness, and to set up the software. Blocking the new arm, the starting arm and the other arm were opened, allowing the mice to explore for 5 min. Subsequently, all three arms were opened and the mice were allowed to explore freely for 5 min; the time the mice spent exploring the new arm was recorded.



Open Field

The mice were placed in a behavioral room to adapt to the environment 3 days before the experiment. A 120-cm long and wide-field camera equipment was set up in the behavioral acquisition area to adjust the camera sharpness, brightness, and set up the software. The mice were placed in the open field and allowed to move freely for 10 min. The time the mice spent in the central and surrounding areas was recorded.



Protein Extraction

The mice were anesthetized with 2% sodium pentobarbital, and the mouse brain was quickly excised and placed in ice-cold PBS. The mouse hippocampus was isolated in frozen PBS. The hippocampus was placed in a tissue lysis buffer containing protease inhibitors. The tissue was lysed by thorough grinding on ice, was kept on ice for 2 h, and then 500 μg of the hippocampal slurry was centrifuged at 4°C for 10 min. The supernatant was transferred to a new sterile 1.5-ml Eppendorf tube.

The sample was centrifuged again at 13,000 g for 20 min under the same conditions. The supernatant was aspirated into a new sterilized EP tube. Each sample received 5× SDS buffer mixed with β-mercaptoethanol and was heated at 99°C for 15 min, immediately followed by a 3 min incubation on ice. The samples were then centrifuged for 3 min and used immediately or stored at −80°C until use.



Western Blot Analysis

The percent SDS PAGE gels were determined according to the molecular weight of the target protein with a 5% separating gel. Protein ladder (1 μl) and protein samples (10 μl) were loaded onto the gel, and the gels were run at 80 V/30 min or 120 V/1.5 h. Afterward, the samples were transferred to a membrane by wet transfer. After the transfer, the membrane was blocked with 5% BSA (diluted in PBS) for 1 h, followed by incubation with the primary antibody (diluted in PBS) overnight at 4°C. The primary antibody was then aspirated off the membrane, which was washed five times with PBST for 5 min. The membrane was incubated with the fluorescent secondary antibody for 1 h at room temperature. The membrane was then washed three times with PBST for 5 min each and then scanned with the Odessey system (LI-COR, Lincoln, NE, USA).



Immunohistochemistry

The brain tissue of the mice treated with AGEs, BSA, and AGEs+LiCl was taken from the 80°C freezer, rinsed three times with 1× PBS for 5 min each time, and incubated in PBS+0.1% TritonX-100 for 30 min at room temperature to permeate the cell membrane. The sections were then rinsed three times with 1× PBS for 5 min before adding 5% BSA-PBS for 2 h at room temperature to block non-specific binding. The blocking solution was then aspirated, and the primary antibody diluted in 1% BSA-PBS was added [APP (1:1,000, Thermo Fisher Scientific, Waltham, MA, USA), or P-TAU (1:100, Santa Cruz Biotechnology, Santa Cruz, CA, USA)] to the sections, which were incubated at 4°C overnight. The following day, the sections were washed threee times in 1× PBS for 5 min each. A fluorescent secondary antibody (1:500) diluted in 1× PBS was added in the dark and incubated for 2 h at room temperature. The secondary antibody was removed, and DAPI (1:1,000) diluted in 1× PBS was added to the sections for 5 min at room temperature. The DAPI was discarded, and the sections were washed three times in 1× PBS for 5 min each. The slides were photographed using a confocal microscope.



RNA Extraction and Reverse Transcription and Real-Time Quantitative PCR (qPCR)

The hippocampus of the mice treated with AGEs, BSA, and AGEs + LiCl was extracted. Total RNA was extracted using Promega’s total RNA extraction kit following the manufacturer guidelines. The concentration of RNA was determined by measuring the absorbance at 260 nm, and 2 μg of RNA was used for first-strand cDNA synthesis using Takara’s reverse transcription kit. The mixture of cDNA samples and the indicated primers (Table 1) was subjected to at least three replicate qPCR amplification using YEASEN’s SYBR Green qPCR mix. Relative gene expression was calculated by comparing the CT value of the gene of interest with the CT value of the internal reference gene GAPDH.

TABLE 1. List of the primers used for qPCR.
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The qPCR primer sequences of the human genes (APP, TAU, GAPDH) required for the experiment were found in the Primer Bank, as shown in Table 1.



Immunofluorescence

Rat brain slices were washed three times with 1× PBS for 5 min each, treated with 0.2% Triton-X100 (diluted in PBS) for 30 min, and then blocked with 5% BSA for 1 h. Next, the sections were incubated with RAGE, tau, and APP primary antibodies (diluted in PBS) at 4°C overnight. The following day, the sections were washed three times with 1× PBS for 5 min each and then incubated with secondary antibodies for 1.5 h. Finally, DAPI was incubated for 10 min. After washing with PBS, the plate was mounted with a fluorescent mounting plate. The expression of RAGE, tau, and APP was observed on confocal microscopy.




RESULTS


Behavioral Experiments Reveal Abnormal Behavior in AGE-Treated Mice

To investigate whether behavior changes develop in mice after the injection of AGEs, we studied the behavior of mice using the Morris Water Maze, Y-maze, and open field experiments. In the water maze test, compared with the control group, the AGE mice stayed in the target area for significantly lesser time, indicating that AGEs impair memory in mice. However, when treated with LiCl, the time spent in the target area significantly increased compared to that of AGE mice, indicating that LiCl can mitigate memory impairment (Figure 1A). Similarly, the number of times AGE mice crossed the platform decreased compared with that of the control group; however, when AGE mice were treated with LiCl, the number of times the mouse crossed the platform significantly increased compared to that of AGE mice (Figure 1B). This indicated that AGEs impair the memory of mice, while LiCl can alleviate the damage of AGEs.
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FIGURE 1. Mice injected with advanced glycation end products (AGEs) show dementia-like behavior. (A,B) Water maze experiment was performed on three groups of mice to observe the dementia-like behavior. (A) The time that the three groups of mice stayed in the target area was measured. (B) The number of times the three groups of mice crossed the platform. The criterion for judging the entry of the mouse into the target area was the entry point of the mouse torso center point. (C) Y-maze experiment measured the residence time of three groups of mice injected with BSA, AGEs, AGEs + LiCl in the brain in the new arm of the Y-maze. (D) Open-field experiment measured the length of stay of the three groups of mice in the central area time. For each group of mice, n = 5. Data are expressed as mean ± standard deviation. One-way analysis of variance (ANOVA). *p < 0.05, **p < 0.01, ***p < 0.001.



Y-maze is an effective way to assess short-term memory in mice (Kraeuter et al., 2019). In the Y-maze experiment, compared with the control group, AGE mice stayed in the new arm for significantly lesser time. However, treatment with LiCl increased the time spent in the new arm, indicating that AGEs damage the memory capacity of mice, while LiCl can alleviate the damage of AGEs (Figure 1C). In the open field experiment, compared with the control group, AGE mice stayed in the central area for a significantly shorter time. When AGE mice were treated with LiCl, however, the time spent in the central area significantly increased. This indicated that AGEs increased the anxiety behavior of mice, while the addition of LiCl eased the anxiety behavior (Figure 1D).



P-tau and APP Increased in the Hippocampus of AGE Mice

To investigate whether mice injected with AGEs develop AD symptoms, we analyzed the expression of P-tau (Phospho-Tau-S356 Rabbit pAb) and APP in the hippocampus of the mice by immunofluorescence, Western blot, and qPCR. The results showed that compared with the BSA control group, the expression of P-tau was significantly up-regulated in AGE mice, while it was not significantly changed in AGE mice treated with LiCl (Figure 2A). Compared with the control group, the mRNA expression of tau was significantly up-regulated in AGE mice, while it was not significantly changed in AGE mice treated with LiCl (Figure 2B). The same results were verified by immunoblotting (Figures 2C,D). Compared with the BSA control group, in AGE mice, the expression of APP protein was significantly up-regulated, while it was not changed in AGE mice treated with LiCl (Figure 2E). At the mRNA level, compared with the control group, the mRNA expression of APP in the AGE mice was significantly up-regulated, with no effect of LiCl (Figure 2F). This indicated that, compared with the control, the AGE mice successfully developed AD symptoms, which were mitigated when treated with LiCl.
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FIGURE 2. Upregulation of Alzheimer’s disease (AD)-related protein expression in advanced glycation end (AGE)-injected mice. (A–C) Expression of P-tau in the hippocampus of BSA, AGEs, AGEs + LiCl treated mice. (A) P-tau in the hippocampus of three groups of mice was stained with immunofluorescence (red), and nuclei were stained with DAPI (blue). (B) qPCR was performed on the hippocampus of the three groups of mice, and the expression of tau-related proteins was measured. The expression level was normalized to the average expression level in the BSA injection group; (C,D) Western blotting was performed on the hippocampus of the three groups of mice, and the ratio of the expression levels of P-tau to tau protein in the three groups of mice was calculated and expressed as P -tau/tau value. The gray density was normalized to the average gray density of the tau protein. (E,F) APP protein expression in the hippocampus of three groups of mice. (E) APP proteins in the hippocampus of the three groups of mice were stained with immunofluorescence (green), and the nuclei were stained with DAPI (blue). (F) qPCR was performed on the hippocampus of three groups of mice to measure the expression of APP-related proteins in the hippocampus. The expression level was normalized to the average expression level of the injected BSA group. For each group of mice, n = 3. Data are expressed as mean ± standard deviation. One-way ANOVA. *p < 0.05, **p < 0.01, ***p < 0.001.



At the same time, the increase in tau and Aβ in living mice was further verified by PET (Figures 3A,B). AV45 and PBB3 injections, respectively, showed that tau and Aβ in AGE mice increased significantly, but were relieved when treating with LiCl. This result further demonstrates that AGEs can promote the occurrence of AD symptoms.
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FIGURE 3. AGE mouse PET image. (A) Mice injected with 18F-AV45. Green represents Aβ. (B) Mice injected with 18F-PBB3. Green represents tau.





AGEs Increase Tau Phosphorylation via the PI3K Signaling Pathway

Many studies have shown that increased phosphorylation of tau is closely related to the PI3K signaling pathway (Wang et al., 2018, 2019; Wei et al., 2019; Zhao et al., 2019). Activation of the PI3K signaling pathway can reduce the over-phosphorylation of tau (Xiong et al., 2020). Therefore, we speculated whether AGEs cause increased tau phosphorylation by affecting the PI3K signaling pathway. To verify our conjecture, we detected the changes in the expression of PI3K protein and its downstream SRC and ERK proteins in the hippocampus of AGE and AGE+LiCl mice. Compared with controls, AGEs significantly down-regulated the protein expression of PI3K in the hippocampus of mice. However, this was up-regulated again after treatment with LiCl, indicating that AGEs may affect the memory of mice through the PI3K signaling pathway and LiCl may alleviate the damage of AGEs to brain function to some extent (Figures 4A,B). Moreover, the protein expression of SRC in the hippocampus of AGE mice was significantly down-regulated, while it was significantly up-regulated again when treated with LiCl, indicating that the down-regulation of PI3K resulted in a decrease in SRC (Figures 4C,D). Furthermore, the expression of ERK protein in the hippocampus of AGE mice was significantly decreased. LiCl, however, had no significant effect on the expression of ERK. There was an upward trend of ERK, indicating that AGEs ultimately lead to a decrease in ERK protein through the PI3K signaling pathway, which may be the main signaling pathway leading to phosphorylation of tau protein, and the addition of LiCl can effectively inhibit the action of AGEs (Figures 4E,F).
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FIGURE 4. The upregulation of AGEs inhibits the PI3K/SRC/ERK signaling pathway. (A,B) Western blotting detection of PI3K protein in the hippocampus of three groups of mice, normalized gray density to the average gray density of GAPDH. (C,D) Western blotting detection of SRC protein in the hippocampus of three groups of mice. Gray density was normalized to the average gray density of GAPDH. (E,F) Western blotting was performed on ERK proteins in the hippocampus of the three groups of mice, and the gray density was normalized to the average gray density of GAPDH. For each group of mice, n = 3. Data are expressed as mean ± standard deviation. One-way ANOVA. *p < 0.05, **p < 0.01, ***p < 0.001.





ZDF Rats Show Increased RAGE, APP, and Tau

To further verify the changes of RAGE in diabetes, we investigated whether there is a link between diabetes and AD by detecting changes in APP and tau in ZDF rats. Using immunofluorescence, we found that compared with normal wild rats, RAGE expression in the CA2–CA3 region significantly increased and was aggregated (Figures 5A,B). RAGE expression in the CA1 and DG regions was similar (Figure 5C). When comparing the expression of tau protein, we found that tau expression in wild SD rats was evenly distributed in the hippocampus, while tau expression in ZDF rats showed an aggregated state (Figures 5D–F). Similarly, we found that APP showed a clear upward regulation in the hippocampus of ZDF rats (Figures 5G–I). These results indicate that RAGE expression is up-regulated in diabetic rats and that AD-like symptoms (increased tau aggregation and APP expression) occur in the hippocampus of diabetic rats, confirming that there is indeed an association between diabetes and AD.
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FIGURE 5. ZDF rats show AD symptoms. (A–C) Staining rat hippocampus with RAGE antibody (red) and the nuclei with DAPI (blue). (D–F) Staining rat hippocampus with tau antibody (green) and the nuclei with DAPI (blue). (G–I) Staining rat hippocampus with APP antibody (green) and the nuclei with DAPI (blue).






DISCUSSION

This study investigated the association between diabetes and AD through the treatment of mice with AGEs. First, memory dysfunction in AGE mice was verified by behavior (Figure 1). Next, immunofluorescence, qPCR, and Western blotting confirmed an increase in P-tau and APP in the hippocampus of AGE mice (Figures 2, 3). We then speculated that AGEs may cause tau protein hyperphosphorylation through the PI3K signaling pathway (Figure 4). At the same time, LiCl improved these symptoms caused by AGEs. Finally, it was confirmed by immunofluorescence experiments in ZDF rats that diabetic rats develop AD symptoms (Figure 5). Therefore, our data illustrate the close relationship between diabetes and AD.

When diabetic patients are in a state of hyperglycemia for a long time, glucose will form covalent compound AGEs with plasma. AGEs not only form intracellular and cellular diplomatic links with proteins but also form crosslinks with other endogenous key molecules including lipids and nucleic acids, thereby promoting the development of diabetic complications (Singh et al., 2014). Cognitive dysfunction has been documented as one of the complications of diabetes, suggesting a close link between diabetes and AD (Jash et al., 2020). One of the main symptoms of AD is impaired memory (Sharma et al., 2020); therefore, to test whether the memory is altered in mice after the injection of AGEs, we conducted the Morris Water Maze, Y-maze, and open field tests and found that the memory of AGE mice decreased significantly and anxiety behavior increased, which is consistent with previous AD research (Tian et al., 2019; Du et al., 2020). Subsequently, to further study whether the brain of AGE mice can develop AD symptoms, we assessed the expression of AD-related proteins such as P-tau and APP, which were significantly increased in the hippocampus of AGE mice. This indicates that AGEs promote the occurrence of AD symptoms.

Much research has been done on the relationship between diabetes and AD. Some researchers have proposed that insulin can affect the phosphorylation of tau protein through the GSK-3 signaling pathway (Jash et al., 2020) and that LiCl is an inhibitor of GSK-3 (Kurgan et al., 2019). Therefore, when treated with LiCl, AGEs were not able to phosphorylate tau in large amounts, thereby improving AD symptoms in AGE mice. However, our results did not show that AD symptoms in AGE mice were significantly improved after treatment with LiCl; therefore, we speculate that the GSK-3 signaling pathway is only one of the links between diabetes and AD and other mechanisms have not been studied. Therefore, through AGEs, we speculate that there is a complex relationship between diabetes and AD, and its specific molecular mechanism requires further study.

A previous study reported that AGEs/RAGE interactions can stimulate the activation of multiple signaling cascades, including PI3K, and reduce the mRNA expression of downstream proteins of PI3K signaling pathways, such as AKT2 (Abdelmageed et al., 2019). These data indicate that AGEs/RAGE interactions occur through the PI3K signaling pathway. Furthermore, studies have shown that normal activation of the PI3K signaling pathway can reduce tau hyperphosphorylation (Xiong et al., 2020). Our previous experimental results showed that the proportion of phosphorylated tau protein increased in the hippocampus of mice when AGEs were injected. We further explored whether this is caused by the PI3K signaling pathway. We found that when mice were injected with AGEs, the expression of PI3K, SRC, and ERK proteins in the hippocampus were decreased, and the expression of PI3K and SRC increased again after injection of its inhibitor LiCl (Figure 3). The class III PI3K/Beclin-1 pathway has certain autophagic activity to promote autophagy clearance of tau (Chen et al., 2020), suggesting that blocking of PI3K-related pathways will hinder tau clearance. AGEs can induce tau hyperphosphorylation in SK-N-SH cells, primary hippocampal neurons, and in SD rats through the RAGE/GSK-3 pathway (Li et al., 2012; Son et al., 2012). The deposits of AGEs will activate microglia and NADPH oxidase, affecting PI3K-related pathways, leading to ROS synthesis and release, and further leading to oxidative stress (Nam et al., 2012; Zhou et al., 2020). In turn, this leads to the deposition of tau, suggesting that blocking the PI3K-related pathways will result in tau deposition. We speculate that AGEs promote the increase in tau phosphorylation by blocking the PI3K signaling pathway and down-regulating the expression of its downstream proteins, while LiCl has a certain relieving effect. However, its specific mechanism remains to be further studied.

Finally, we performed experiments on a diabetic rat model to verify whether symptoms similar to AD would occur in the diabetic model. We found that RAGE expression in the hippocampus of ZDF rats was increased significantly. At the same time, tau and APP expression were also increased, which is similar to the phenotype observed in the AD mouse model (Gallardo and Holtzman, 2019), further illustrating the relationship between diabetes and AD.

In conclusion, mice injected with AGEs showed significant AD-like features including decreased memory and increased phosphorylated tau and APP expression. These results suggest links between diabetes and AD. Patients with diabetes are at a higher risk of developing AD, and the possible underlying molecular components of this association are now beginning to emerge.
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Background: Cognitive frailty (CF) is defined as the simultaneous presence of physical frailty and cognitive impairment among older adults without dementia. Previous studies have revealed that neuropathological changes may contribute to the degeneration of subcortical nuclei in the process of cognitive impairment. However, it is unclear in CF. The aim of this study is to investigate the changes in subcortical nuclei in older adults with CF and their relationship with cognitive decline and physical frailty.

Methods: A total of 26 older adults with CF and 26 matched healthy subjects were enrolled. Cognitive function and physical frailty were assessed with the Montreal Cognitive Assessment (MoCA) scale (Fuzhou version) and the Chinese version of the Edmonton Frailty Scale (EFS). Volumetric and diffusion tensor imaging (DTI) parameters of subcortical nuclei were measured with structural and DTI brain magnetic resonance imaging (MRI) and compared between groups. Partial correlation analysis was conducted between subcortical nuclei volumes, MoCA scores, and physical frailty indexes.

Results: Significant volume reductions were found in five subcortical nuclei, including the bilateral thalami, left caudate, right pallidum, and accumbens area, in older adults with CF (P < 0.05), and the bilateral thalami was most obvious. Decreased fractional anisotropy and relative anisotropy values were observed only in the left thalamus in the CF group (P < 0.05). No group differences were found in apparent diffusion coefficient (ADC) values. The MoCA scores were positively correlated with the volumes of the bilateral thalami, right pallidum, and accumbens area (P < 0.05). Negative correlations were found between the physical frailty index and the volumes of the bilateral thalami, caudate, pallidum, and right accumbens area (P < 0.05).

Conclusion: Microstructural changes occur in the subcortical nuclei of older adults with CF, and these changes are correlated with cognitive decline and physical frailty. Therefore, microstructural atrophy of the subcortical nuclei may be involved in the pathological progression of CF.

Keywords: cognitive frailty, subcortical nuclei, diffusion tensor imaging, volume, correlation


INTRODUCTION

Cognitive frailty (CF) was first defined in 2013 by the International Academy on Nutrition and Aging (I.A.N.A.) and the International Association of Gerontology and Geriatrics (I.A.G.G.; Kelaiditi et al., 2013). Cognitive frailty has a heterogeneous clinical manifestation characterized by the simultaneous presence of both physical frailty and cognitive impairment among older adults without dementia. Epidemiological surveys based on community people estimated the prevalence rate of CF to be 1.0% to 22.0% (Shimada et al., 2016; Feng et al., 2017), whereas in the clinical setting, the figure was much higher at 10.7% to 40% (Malek et al., 2019). Cognitive frailty has been identified to be associated with an increased risk of severe adverse events in older people, such as dementia and disability and even mortality. Therefore, CF is recognized as an important threat to healthy aging. With the growing understanding of CF as an important clinical syndrome, identifying biomarkers of pathophysiological changes has become paramount. Furthermore, it is helpful to map its biological markers for the development of secondary preventive treatments for this disorder.

Clinically, the judgment of CF is typically established using tests of physical and mental status, including the Clinical Dementia Rating (CDR) and Montreal Cognitive Assessment (MoCA) or Mini-Mental State Examination (MMSE; Won et al., 2018). With the development of morphometric magnetic resonance imaging (MRI) technology, robust imaging biomarkers for some diseases related to brain damage have educed the potential for clinical impact. For example, MRI studies based on voxel-based morphometry analysis have established the association of cognitive impairment and morphometric changes in the brain. Previous studies have reported reductions in the volumes of the whole hippocampus, medial temporal lobe, and entorhinal cortex in the brains of older adults with cognitive impairment compared to healthy subjects (Anatürk et al., 2018; Gu and Zhang, 2019). Cortical gray matter atrophy first occurs in the temporal cortex and is followed by occipital, parietal, and frontal atrophy along a temporospatial gradient with the progression of cognitive decline (Fennema-Notestine et al., 2009). Considering that microstructural changes likely precede macrostructural changes, studies have revealed that the degeneration of subcortical nuclei also contributes to neuropathological changes in the process of cognitive impairment (Tentolouris-Piperas et al., 2017). However, compared to macroscopic measurements, the underlying microstructural changes seem complicated and heterogeneous (Gong et al., 2017).

Diffusion tensor imaging (DTI) can be used to quantify microscopic white/gray matter integrity not detectable on conventional MRI and is sensitive for detecting microstructural volumetric impairment through the intrinsic properties of water diffusion (Mori and Zhang, 2006). DTI has helped to explain neuropathological mechanisms for different neuropsychiatric conditions (Cherubini et al., 2010). Several studies have used DTI to explore the microstructural changes in subcortical nuclei in conditions associated with cognitive decline (Eustache et al., 2016; Mak et al., 2017). Moreover, few studies have focused on CF. However, there have been reports of different patterns of degeneration that were compatible with either mild cognitive impairment or physical frailty. The aim of the present study was to investigate microstructural volumetric changes in brain DTI indexes in older adults with CF and to compare their trajectories with those of healthy older adults.



MATERIALS AND METHODS


Participants

Twenty-six older adults with CF and 26 matched healthy controls (HCs) participated in this study. All participants were right-handed native Chinese speakers. The CF participants were all recruited from the communities in Fuzhou City, Fujian Province, China, and the HC participants were recruited from the same communities. Written informed consent was obtained from all participants before data collection. This study was approved by the ethics committee of the Second People’s Hospital affiliated with Fujian University of Traditional Chinese Medicine. All CF participants met the following inclusion criteria: (1) Chinese version of Edmonton Frailty Scale (EFS) ≥5 points; (2) Fuzhou version MoCA score ≤26 points; (3) age ≥60 years old; and (4) CDR score = 0.5 (i.e., did not meet the criteria for dementia). The controls did not have CF syndrome, which was confirmed using the assessment of EFS and MoCA scale. Individuals who met the following conditions, which were assessed based on medical records, were excluded: (1) had hypertension and uncontrollable blood pressure (systolic blood pressure >160 mm Hg or diastolic blood pressure >100 mm Hg after taking drug); (2) had a history of alcohol and drug abuse; (3) had a history of mental illness (such as personality disorder, schizophrenia, etc.), severe depression (Baker Depression Scale >10 points), severe aphasia and audiovisual impairment, severe organ failure, cerebral hemorrhage, cerebral infarction, history of myocardial infarction, history of coronary heart disease, musculoskeletal disease, and other sports contraindications; (4) had metal implants (such as fixed metal dentures, pacemakers, etc.); and (5) were not suitable for MRI scans.



MRI Data Acquisition

The structural MRI and diffusion tensor MRI data for all participants were collected at Fujian Province Rehabilitation Hospital. MRI scans were acquired with a Siemens Prisma 3.0-T magnetic resonance scanner (Siemens Medical System, Erlangen, Germany) and a Siemens 64-channel head-neck joint coil. The subject lay back on the scanning bed, his/her head was properly fixed, and rubber earplugs were used to reduce the noise impact of the machine. High-resolution structural images were acquired by using a three-dimensional T1-weighed magnetization-prepared rapid acquisition of a gradient echo sequence with the following parameters: repetition time (TR) = 2,300 ms, echo time (TE) = 2.27 ms, flip angle = 8°, slice thickness = 1.0 mm, field of view (FOV) = 250 × 250 mm, matrix = 256 × 256, voxel size = 0.98 × 0.98 × 1 mm3, and number of slices = 160. For DTI, the following parameters were used: TR = 8,000 ms, TE = 64 ms, FOV = 224 × 224 mm, slice thickness = 2.0 mm, gap = 0 mm, slice number = 75, and slice order = interleaved.



Image Processing

The original data from the magnetic resonance image machine were transformed from DICOM format to nifti format file and classified into T1 images and DTI images by MRIconvert software (version 2.0 Rev. 2351). T1 image analysis was carried out with FreeSurfer software (version 6.0.02). DTI analysis was carried out with FSL software (version 5.0.103).



Volumes of the Subcortical Nuclei Analysis

The T1 image preprocessing procedure included image format conversion, image quality check, Talairach transformation (this computes the affine transform from the original volume to the MNI305 atlas), intensity normalization, skull stripping, segmentation of gray and white matter, tessellation of the gray and white matter boundary, automatic subcortical segmentation, automatic topology fixer, and smoothing.

For comparisons of the volumes of the subcortical structures between the groups, the automatic extraction technology of FreeSurfer was used. FreeSurfer segments the brain into several regions that have a unique id. Through the segmentation id, we could identify the nuclei of interest and extract their information. The volumes of the subcortical nuclei, including the thalamus, caudate, putamen, pallidum, hippocampus, amygdala, and accumbens area of both sides, were extracted.



Diffusion Parameters of the Subcortical Nuclei

The DTI image data preprocessing procedure included image format conversion, image quality check, eddy current and motion correction, skull stripping, DTI tensor [including fractional anisotropy (FA), apparent diffusion coefficient (ADC), relative anisotropy (RA)] construction, registration of low b images to the same-subject anatomical used affine registration and deformed registration, and map FA to Talairach space to obtain DTI parameters of the subcortical nucleus in the same space with volume extraction. Then, the same subcortical nuclei segmentation id was used as the last step to extract the FA, ADC, and RA values of subcortical nuclei with volume differences between the two groups.



Statistical Analysis

Statistical analysis was performed using the Statistical Package for Social Sciences for Windows version 21.0 (IBM Corp., Armonk, NY, USA), and P < 0.05 was considered significant. Continuous variables were expressed using the mean and standard deviation for the normal distribution or median and its interquartile range for a nonnormal distribution and were analyzed using Student t-test or Mann–Whitney U test, respectively. Categorical variables were described as frequencies and were analyzed using the χ2 test.

Volumetric and DTI parameters of subcortical nuclei in the two groups were compared by independent-sample t-tests. To identify brain structural changes related to the frailty index and MoCA, we assessed nuclei volume differences between groups using partial correlation analysis. Age, sex, education years, and Beck Depression Inventory scores were also entered as covariates.




RESULTS


The Baseline Characteristics of the CF Participants and Healthy Controls

The average MoCA score in the CF group was significantly lower than that in the healthy control group. The frailty index in the CF group was significantly higher than that in the healthy control group. There were no significant differences between the two groups in gender, age, years of education, or Beck Depression Inventory scores (P < 0.05; Table 1).

TABLE 1. Demographic and cognitive and physical frailty data of two groups.

[image: image]



Subcortical Nuclei Volume

Compared to the healthy control group, the CF group showed decreased volume in five brain nuclei, including the left thalamus, left caudate, right thalamus, right pallidum, and right accumbens area (P < 0.05), and there was the most obvious volume difference in the thalamus (Figures 1, 2, Table 2).


[image: image]

FIGURE 1. Example location of four subcortical nucleus in the brain. The spatial distribution of subcortical nucleus with volume differences in the standard brain was showed. The thalamus, located on both sides of the third ventricle, is the largest of these subcortical nucleus. Pallidum is located in the anterior inferior part of thalamus. The caudate is located in the front and upper part of pallidum. The accumbens is located in the lower part of caudate and the anterior part of pallidum.
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FIGURE 2. Subcortical nuclei with differences in the two groups. Brain structural changes associated cognitive frailty. Cognitive frailty group showed a decrease in the volume of subcortical nucleus compared with health group.



TABLE 2. Volume of four subcortical nucleus between two groups.
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DTI Parameters

Decreased FA and RA values were observed in the left thalamus in the CF group compared to the healthy control group (P < 0.05). No group significance was found in the ADC values of any subcortical nuclei (P > 0.05; Figure 3, Table 3).
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FIGURE 3. Fractional anisotropy (FA), apparent diffusion coefficient (ADC), relative anisotropy (RA) map comparison between two groups. The mean values of FA, ADC and RA were computed within thalamus, caudate nucleus, globus pallidus and nucleus accumbens for individual subjects.



TABLE 3. FA, ADC and RA of four interested subcortical nucleus between two groups.
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Correlation Between Subcortical Nuclei Volumes, MoCA Scores, and Frailty Index Scores

After adjusting for age, sex, and education, the volumes of the left and right thalamus proper, right pallidum, and right accumbens area were positively correlated with the MoCA scores (P < 0.05); the volumes of the left and right thalamus proper, left and right caudate, left and right pallidum, and right accumbens area were negatively correlated with the frailty index scores (P < 0.05; Figure 4, Table 4).
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FIGURE 4. Correlation between subcortical nucleus volume and MoCA, FI values after adjusted for age, sex and education. The nucleus volume in left and right thalamus-proper, right pallidum and right accumbens-area was positively correlated with the MoCA scores (P < 0.05); the nucleus volume in left and right thalamus-proper, left and right caudate, left and right pallidum, and right accumbens-area was negatively correlated with the frailty index scores (P < 0.05). MoCA, Montreal Cognitive Assessment; FI, Frailty index.



TABLE 4. Correlation of between the volumes of subcortical nuclei and MoCA, frailty index scores.
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DISCUSSION

Cognitive frailty is a clinical condition characterized by the simultaneous presence of both physical frailty and cognitive impairment but without concurrent Alzheimer disease or other dementia. However, there may be some extent of association with physical frailty or cognitive impairment through some common mechanisms. However, the underlying mechanisms of CF remain unclear. In the present study, we investigated the brain structural characteristics in the subcortical nuclei between adults with CF and matched healthy older adults by using DTI technology. The findings of this study showed that there was an obvious decrease in the volume of five brain subcortical nuclei, including the bilateral thalami, left caudate, right pallidum, and right accumbens area in older adults with CF compared to HCs. Furthermore, the volumes of more than five subcortical nuclei were negatively correlated with the frailty index, whereas the volumes of the bilateral thalami, right pallidum, and accumbens were positively correlated with MoCA scores. We also found that those with CF showed decreased FA and RA values in the left thalamus compared to the HCs. These findings suggest that structural atrophy or impairment in some subcortical nucleus areas may be a potential mechanism for CF.

Previous studies have confirmed that the frailty index had significant relationships with subcortical and cortical atrophy but not with changes in white matter in older adults with cognitive decline (Del Brutto et al., 2017; Gallucci et al., 2018). As an important subcortical nucleus, the thalamic nucleus adjacent to the third ventricle connects to its cortex, subcortex, and cerebellum. The thalamic nucleus is a key node in the neural network of hippocampal and cortical structures and is a fundamental substrate for human cognitive functions, especially the formation of memory, information processing, and executive function (Minagar et al., 2013; Fama and Sullivan, 2015; Dolleman-van der Well et al., 2019). Abnormal thalamic macrostructure, microstructure, or neural connectivity is widely associated with some clinical manifestations, such as cognitive impairments, motor deficits, and physical frailty (Fama and Sullivan, 2015). Studies of multimodal MRI have demonstrated that changes in the thalamus, including volume shrinkage, microstructural degradation, and integrity and connectivity decline, are associated with cognitive decline in elderly individuals (Hughes et al., 2012). In addition, a study reported that shrinkage of thalamic volume was positively correlated with gait speed and grip strength in frail populations, such as those with human immunodeficiency virus infection (Kallianpur et al., 2016). The present study found that the volumes of the bilateral thalami were highly correlated with cognitive function and the frailty index, especially the right thalamus, in older adults with CF. Our findings were in line with previous studies. Brain microstructure, tissue quality, and fiber integrity can be assessed with DTI by measuring the magnitude and orientation of water diffusion within the image volume unit (Jones et al., 2013). Fractional anisotropy and RA are two of the most commonly used scalar measurement methods of anisotropy in DTI. Published studies have shown that FA has superior noise immunity relative to RA (Hasan et al., 2004). Fractional anisotropy may assess the integrity of white matter fibers by the orientation of water diffusivity (Truong et al., 2014). Moreover, this modality of FA could also be used to assess the microstructure of gray matter because it likely reflects the integrity of the neuronal cell wall and intercellular membranes (Whitwell et al., 2010). ADC mapping can quantitatively evaluate changes in brain water diffusivity and improve the performance of automatic morphological diagnosis. Our results showed that cognitive decline and physical frailty were highly correlated with the FA and RA values of the thalamus after adjustment for age and some other factors, but we did not find significant differences in the ADC mapping of the subcortical nucleus between the two groups. This might be attributed to the different compartmentalization and impact of diffusion time on the ADC of different molecules under limited diffusion conditions (Kan et al., 2012). Nevertheless, it is possible that thalamic microstructural damage and atrophy may be predictors of CF.

The current study also found that the caudate volume in the CF group was lower than that in the healthy control group, and the caudate volume, especially the left caudate, had a negative correlation with physical frailty. The caudate and putamen constitute the neostriatal nucleus that receives projections from the cerebral cortex and sends them to the brain stem and spinal cord, which play a complex role in the function of the motor regulation system (Jane, 2020). A previous study reported that the caudate nucleus importantly contributed to body and limb posture, as well as the accuracy and speed of directed movements (Villablanca, 2010). These findings may explain why volume changes in the caudate nucleus are related to the frailty index and not cognitive impairment in the current study. Another study reported that the caudate nucleus may play a significant role in brain processing of muscle pain (Maeda et al., 2011), which could be related to physical frailty. In addition, the abnormal functional connection between the caudate nucleus and prefrontal lobe was involved in motor inhibition related to obsessive–compulsive disorder, which also showed the importance of the caudate nucleus in motor control (Fineberg et al., 2018).

The globus pallidus is a principal component of the basal ganglia. The globus pallidus contains a rich concentration of neuropeptides and endogenous cannabinoids, which are important neural signaling molecules that affect brain function, including motivation, cognition, and action and are related to nervous system diseases (Chen et al., 2020; Jakimovski et al., 2020). A study in patients with first-episode psychosis showed that worse cognitive performance was associated with decreased gray matter in the right globus pallidus (Dempster et al., 2017). The globus pallidus plays an important role in the pathogenesis of cognitive and behavioral disorders associated with Huntington disease (Singh-Bains et al., 2016a). Moreover, Nombela et al. (2019) reported that patients with Parkinson disease were treated with deep brain stimulation of the globus pallidus, and improvements in motor function were observed at the 2- to 3-month follow-up. The present study found that the pallidal volume in older adults with CF was lower than that in HCs and was correlated with cognitive decline and physical frailty. These findings were consistent with previous studies, indicating that the globus pallidus plays an important role in regulating cognition and movement. In this study, we also found that volume of the right accumbens area in older adults with CF was smaller than that in HCs and was related to both physical frailty and cognitive impairment, which might indicate that the accumbens area may participate in the regulation of cognitive and physical frailty together with the thalamus, caudate, and pallidum. According to Singh-Bains et al. (2016b), the globus pallidus and nucleus accumbens contribute to “limbic-motor integration” together by transforming the marginal motor signal into motor output. Therefore, the volume atrophy of the globus pallidus and accumbens could also be related to this. In fact, the human nucleus accumbens is an important structure in maintaining normal cognition, motivation, and emotional processes and is involved in some neuropsychiatric disorders (Cartmell et al., 2019). There was also a negative correlation between cognitive function and accumbens volume (Mavridis et al., 2011).



LIMITATIONS

Our study had several limitations. First, the sample size in this study was relatively small. Although we implemented methodological approaches to minimize small sample effects by matching patients and controls in age, sex, and education, it was possible not to detect group differences in certain tracts because of the lack of statistical power. In the future, a study with a larger sample size is needed to replicate our findings. Second, this study was a cross-sectional design, which limits causal and temporal inferences. Longitudinal follow-up studies will be required to better assess the relationship of neuroimaging changes and CF. Third, this study focused only on the main subcortical gray matter nuclei and excluded the cortex and white matter, but in fact, the realization of brain function is a reflection of the overall structure. Fourth, the volume of those subcortical nuclei was inevitably influenced by their part surrounding structure, because of lack of partial volume correction in image data processing. Even so, our current findings provide new insights into the pathological progression of CF.



CONCLUSION

The present study shows that microstructural atrophy of the subcortical nuclei occurs in the brains of older adults with CF compared to those of healthy subjects, and the atrophy was correlated with the degree of cognitive decline and physical frailty. These findings demonstrate the involvement of subcortical nuclei in the pathological progression of CF.
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Objectives: Tremor is common in patients with Lewy body disease (LBD) and not rare in normal individuals. Prevalence of tremor in patients with vascular cognitive impairment (VCI) and its association with other comorbidities are seldom studied. The aim of this study was to investigate the patient characteristics of VCI associated with tremor and to evaluate the possibility of mixed pathology with LBD in these patients.

Methods: Retrospective analysis of a large population with VCI registered in the database of a regional healthcare system was performed. VCI patients were divided into tremor and non-tremor groups. The associated characteristics including demographics, clinical features in motor and non-motor domains, vascular risk factors, and neuroimaging features were compared between the tremor group and the non-tremor group.

Results: Among 1337 patients with VCI, 292 (21.8%) had tremor, while 1045 (78.2%) did not have tremor. The tremor group had significantly higher prevalence of all motor and non-motor LBD clinical features than the non-tremor group. The tremor group also demonstrated more severe neuropsychiatric symptoms. Among patients with tremor, patients having tremor onset earlier than stroke onset showed significantly higher prevalence of rapid eye movement sleep behavior disorder. All comparisons were adjusted for age and severity of dementia.

Conclusion: Tremor is a common comorbidity of VCI. VCI patients with tremor had a higher prevalence of motor and non-motor LBD features. These findings raised the possibility of VCI patients with tremor having high possibility of mixed pathology with LBD.

Keywords: tremor, vascular cognitive impairment, Lewy body disease, risk factors, neuroimaging


INTRODUCTION

Tremor is a common symptom/sign in patients with neurological as well as systemic disorders, and it occurs primarily during action or at rest (Bhatia et al., 2018). Tremor at rest is among one of the most important clinical features of Lewy body disease (LBD) including Parkinson’s disease (PD) and dementia with Lewy bodies (DLB) (Postuma et al., 2015; McKeith et al., 2017). However, prevalence of resting or kinetic tremors in patients with vascular cognitive impairment (VCI) and their association with the comorbidities are seldom studied. A previous study showed that movement disorders were uncommon in stroke patients and only 1% of the stroke patients developed movement disorders after acute stroke (Ghika-Schmid et al., 1997). Atypical tremors are observed more commonly after acute stroke than typical action or resting tremors (Ghika-Schmid et al., 1997; Handley et al., 2009). Locations of brain lesions in tremor resulting from acute stroke were varied and included the cortical, subcortical, and cerebellar regions (Handley et al., 2009). Stroke in the midbrain, basal ganglia, or chronic small vessel cerebrovascular disease can result in acute onset of PD-like movement disorders or parkinsonism. This condition is termed “vascular parkinsonism” (van Zagten et al., 1998; Handley et al., 2009). A study of vascular parkinsonism revealed that one or more parkinsonian signs were observed in 36% of the patients with small vessel cerebrovascular disease, and clinically, 11% of those patients had parkinsonism (van Zagten et al., 1998). Despite the clinical presentation and association of VCI with vascular parkinsonism that has been documented, very few studies have focused on the comorbidity of tremor in VCI. A previous study on parkinsonian features including tremor among patients with mild cognitive impairment (MCI), vascular MCI, and subcortical vascular dementia revealed that prevalence of tremor was not different among these groups (Frisoni et al., 2002). Tremors as a comorbidity of stroke with or without cognitive impairment are not typical features of vascular parkinsonism. The predominant clinical feature in most cases of vascular parkinsonism is gait impairment rather than tremor (Korczyn, 2015). Therefore, according to the current evidence, the underlying mechanism of tremor associated with VCI is still unclear and deserves further investigation and clarification.

Mixed dementia have traditionally focused on the coexistence of Alzheimer’s disease (AD) and CVD in the same demented patient (Langa et al., 2004; Custodio et al., 2017). However, pathological study did show that in persons with dementia, over 50% had multiple diagnoses including AD, PD/LBD, or CVD (Schneider et al., 2007). Validation studies on DLB consensus criteria have provided evidence with high specificity based on the characteristic clinical Lewy body features by comparing the pathological findings (Nelson et al., 2010; Skogseth et al., 2017). A study on AD with typical AD pathology also showed that Lewy-type synucleinopathy influences motor and non-motor clinical findings in AD patients (Savica et al., 2019). Multiple pathological processes are common in dementia patients, and they can affect the clinical presentations (Woodward et al., 2010). Based on these findings showing a high association of clinical Lewy body features with Lewy body pathologies in LBD as well as in non-LBD patients, we proposed that the presentation of tremor should raise the possibility of co-existing LBD pathophysiology in patients with VCI (Postuma et al., 2015; McKeith et al., 2017; Bhatia et al., 2018). Therefore, the present study aimed to investigate the prevalence of tremor and the characteristics of VCI patients in various cognitive states for exploring the possibility of co-existing pathophysiology of LBD by observing and comparing the prevalence of clinical Lewy body features among patients with and without tremor.



MATERIALS AND METHODS


Database

This retrospective study selected participants registered in a dementia database of a healthcare system in Taiwan. From 2015/10/1 to 2019/9/30, a total of 6353 participants were registered in the database, and those who met the diagnosis of VCI (n = 1337) were selected and analyzed. Normal elderly (n = 573), patients with non-vascular MCI (n = 766), AD (n = 1867), DLB (n = 456), PD (n = 334), PD dementia (n = 309), essential tremor (n = 311), normal pressure hydrocephalus (n = 180), frontotemporal dementia (n = 84), other or undetermined dementia (n = 1475) were excluded from the study. Only the patients who had undergone at least a cerebral computed tomography scan or cerebral magnetic resonance imaging (MRI) and a set of blood screening tests for ruling out other possibilities of cognitive decline that could be analyzed were included in the study. The following information recorded in the database was used in this study:

1. Age, gender, education, duration of motor dysfunction and cerebrovascular disease (CVD), subtypes of CVD, and current medication at the time of entry.

2. Dementia severity according to Clinical Dementia Rating Scale (CDR) (Morris, 1993).

3. A structured questionnaire including motor features (resting tremor, postural/action tremor, bradykinesia, rigidity, postural instability, asymmetric onset, and easily falling tendency) and non-motor features [cognitive fluctuation, parkinsonism, visual hallucinations (VHs), rapid eye movement (REM) sleep behavior disorder (RBD), severe neuroleptic sensitivity (SNS), depression, apathy, delusions, urinary frequency, incontinence, and constipation] for the diagnosis of DLB (Chiu et al., 2019).

4. Assessment of activities of daily living according to the Instrumental Activities of Daily Living (IADL) scale (Lawton and Brody, 1969).

5. Cognitive performance according to the Cognitive Abilities Screening Instrument, Chinese version (CASI C-2.0) (Lin et al., 2002) and the Montreal Cognitive Assessment (MoCA) (Nasreddine et al., 2005).

6. Neuropsychiatric symptoms according to the 12-item version of the Neuropsychiatric Inventory (NPI) on the basis of observations within the past month (Cummings, 1988).

7. Clinically relevant vascular risk factors (VRFs) including hypertension, arrhythmia, coronary artery disease, diabetes, hyperlipidemia, and cerebrovascular disease (history of stroke/transient ischemic attack or the diagnosis of vascular encephalopathy in brain imaging).

8. A set of blood screening tests including complete blood count, COT, GPT, BUN, creatinine, total cholesterol, TG, LDL, ac glucose, HbA1c, TSH, free T4, RPR, vitamin B12, and folic acid.



Assessment of Disease Severity and Subtypes

VCI in this database was diagnosed according to the criteria for probable vascular dementia, possible vascular dementia, and vascular MCI in the 2011 American Heart Association/American Stroke Association criteria for VCI (Gorelick et al., 2011). A diagnosis of DLB and its core clinical features was made according to the revised consensus criteria for probable DLB developed by the fourth report of the DLB consortium (McKeith et al., 2017). Fluctuation was diagnosed when a Mayo Fluctuation Composite Score (MFCS) > 2 (Ferman et al., 2004) was present. VHs were diagnosed when a clinical history of recurrent complex VHs were present. RBD was diagnosed when the minimal criteria for REM sleep behavior disorder according to the International Classification of Sleep Disorders, revised (American Academy of Sleep Medicine, 2001) was met. SNS was diagnosed when a clinical history was established for both the usage of neuroleptic drugs and an obvious association of adverse events with the neuroleptic drugs. Depression, apathy, and delusions were diagnosed by NPI. Urinary frequency, incontinence, and constipation were diagnosed according to chart recording. Cognitive tests of all patients were performed by a trained neuropsychologist. Severity and subtypes of dementia were diagnosed by a consensus meeting composed of neurologists, neuroradiologists, nuclear medicine doctors, and neuropsychologists.



Data Analysis

The Chinese version of SPSS 22.0 for Windows (IBM SPSS Statistics, IBM Corp., Armonk, NY, United States) was used for statistical analyses. Comparisons of the demographic data including CDR, clinical features, IADL, CASI, MoCA, and composite scores (frequency vs. severity) of the NPI were performed between the tremor and the non-tremor VCI groups using the independent t-test and odds ratios (ORs) were adjusted for age and dementia severity according to CDR. VCI subtypes and CVD subtypes were analyzed using the chi-squared test. Clinical history of VRFs, current use of antipsychotics, and current use of antiparkinsonian drugs were analyzed using the chi-squared test and all ORs were adjusted for age and dementia severity according to CDR. To compare the associations of clinical motor and non-motor features and neuroimaging variables between the tremor group and the non-tremor group, all ORs were adjusted for age and dementia severity according to CDR.



Ethical Considerations

The participants were selected from a dementia database of Show Chwan Healthcare System. The study design was retrospective and the data were analyzed anonymously. The Committee for Medical Research Ethics of Show Chwan Memorial Hospital reviewed the project and the Data Inspectorate approved the study.



RESULTS

Among 1337 patients with VCI, 292 (21.8%) had tremor, while 1045 (78.2%) did not have tremor. In the tremor group, 48 (16.4%) had isolated resting tremor, 99 (33.9%) had isolated postural/action tremor, and 145 (49.7%) had resting as well as postural/action tremors. The tremor group had lower educational levels (4.1 vs. 5.0 years, OR = 0.95, p = 0.004), longer duration of motor dysfunction (4.2 vs. 2.6 years, OR = 0.95, p < 0.001), and more severe neuropsychiatric symptoms (NPI scores: 11.6 vs. 8.3, OR = 1.03, p < 0.001) than the non-tremor group. Gender, duration of CVD, IADL, CASI, MoCA, VCI subtypes, and CVD subtypes showed no significant difference between the tremor group and the non-tremor group. Cognitive domains of CASI as well as MoCA were compared between tremor and non-tremor groups and showed no significant difference. Comparisons of the demographic data are summarized in Table 1.


TABLE 1. Background characteristics of tremor group compared to non-tremor group among VCI patients adjusted for age and dementia severity by CDR.

[image: Table 1]The comparison of Lewy body clinical motor features revealed that the tremor group had significantly higher prevalence of all motor features (p < 0.001 for bradykinesia, rigidity, postural instability, hypotonic/monotonic speech, and easily falling tendency) than the non-tremor group after adjustment for age and disease severity according to CDR. The comparison of Lewy body non-motor features showed that the tremor group had significantly higher prevalence of all non-motor features (p < 0.001 for fluctuation of cognition, VHs, RBD, SNS, depression, urinary frequency, constipation, and incontinence) than the non-tremor group after adjustment for age and disease severity according to CDR. Patients in the tremor group also demonstrated significantly higher prevalence of delusions (p = 0.001) and apathy (p = 0.015). Clinically, At least two DLB core features and/or indicative biomarkers are essential for the diagnosis of probable DLB. Our analysis and comparison between the two groups showed that the tremor group had significantly higher probable DLB standard compliance than the non-tremor group (OR = 5.36, p < 0.001) (Table 2).


TABLE 2. Motor and non-motor features of tremor group (n = 292) compared to non-tremor group (n = 1045) adjusted for age and dementia severity by CDR.

[image: Table 2]Table 3 demonstrates the comparisons of the relationship of CVD and dementia, VRFs, and current medication between the tremor group and the non-tremor group. After adjustment for age and dementia severity according to CDR, the tremor group had significantly higher prevalence of all VRFs including hypertension, diabetes, hyperlipidemia, and heart disease (all p values ≤ 0.001). Comparison of current medications revealed that the tremor group showed higher consumption of antiparkinsonian drugs (p < 0.001) and antipsychotics (p = 0.002) than the non-tremor group.


TABLE 3. Relationship of CVD and dementia, vascular risk factors, and current medication of tremor group (n = 292) compared to non-tremor group (n = 1045) adjusted for age and dementia severity by CDR.

[image: Table 3]Comparison of neuroimaging manifestations between the tremor group and the non-tremor group after adjustment for age and dementia severity according to CDR is demonstrated in Table 4. None of the MRI variables including Fazekas scale, global atrophy scale, medial temporal lobe atrophy scale, or microbleeds showed significant difference between the groups. The comparison of TRODAT variables also showed no significant difference in striatal background ratio, caudate putamen ratio, or rates of abnormal uptake between the groups.


TABLE 4. Neuroimaging manifestation of tremor group compared to non-tremor group adjusted for age and dementia severity by CDR.

[image: Table 4]We further compared clinical features between resting tremor group (n = 193) and isolated postural/action tremor group (n = 99). The results showed that no significant different between two groups in most of the motor and non-motor features except for bradykinesia (67.9 vs. 51.5%, OR = 2.01, p = 0.006) after adjustment for age and CDR. Motor features were also compared according to tremor onset asymmetry or not and the asymmetric group demonstrated significantly higher prevalence of bradykinesia (70.7 vs. 56.8%, OR = 1.87, p = 0.014), rigidity (62.1 vs. 47.7%, OR = 1.90, p = 0.009), postural instability (81.0 vs. 67.6%, OR = 2.08, p = 0.011), and easily falling (28.4 vs. 14.8%, OR = 2.39, p = 0.004). Besides, we also analyzed the clinical features among patients with tremor. Patients were divided into groups according to the temporal sequence of tremor and CVD. The results showed that the group showing tremor onset earlier than CVD onset had significantly higher prevalence of REM sleep behavior disorder than the group with later or concomitant onset (23.8 vs. 10.6%, OR = 2.66, p = 0.004). No other features were significantly related to the temporal sequence of tremor onset and CVD.



DISCUSSION

The present study has several important findings. A relatively high prevalence of resting and/or postural/action tremors (21.8%) was found in patients with VCI. This finding was not consistent with the findings of previous studies, which reported that the association of movement disorders and stroke was uncommon and only 1% of the patients developed movement disorders after acute stroke (Ghika-Schmid et al., 1997). This discrepancy in the results was probably due to the fact that motor deficit due to acute stroke tends to improve after the development of abnormal movement (Handley et al., 2009). However, our study investigated CVD patients with cognitive impairment without restricting the investigation to acute CVD. Therefore, the present study population was different from that in the previous studies. Moreover, tremors might have started before CVD and persisted without improving. The comparison of VCI patients in the tremor group and those in the non-tremor group showed no difference in the subtype of VCI (MCI or dementia stages) or in the location of CVD (cortical, subcortical, mixed location, infarct, or hemorrhage). These findings indicated that tremor in VCI patients was probably not simply caused by vascular disease itself. Instead, degenerative process might have contributed the most to the pathophysiology or the etiology of tremor. Furthermore, rather than atypical tremors related to acute stroke (Ghika-Schmid et al., 1997; Handley et al., 2009), VCI patients presented high prevalence of typical (resting and postural/action) tremors, which are traditionally regarded as tremors of neurodegenerative disorders (Zappia et al., 2013; Postuma et al., 2015; McKeith et al., 2017). Therefore, mixed vascular and degenerative pathologies were also implicated in this group of VCI patients with typical tremor. The longer duration of motor dysfunction in the tremor group compared to the non-tremor group represented a higher percentage of early onset of motor dysfunction (before the onset of CVD or VCI). In other words, among patients with tremor, movement disorders were diagnosed before the diagnosis of CVD or VCI. Besides, the much higher prevalence of motor and non-motor diagnostic features of LBD in the tremor group provided further evidence of the possibility of the prevalence of mixed pathologies with LBD being higher in the tremor group. High percentage of abnormal dopamine transporter imaging studies and no difference in striatal uptake is reported between patients with and without tremor. We proposed that structure damage in the striatal region might probably contribute to the impairment of uptake of the dopamine transporter imaging. Besides, patients with clinical pictures of mixed Parkinson’s disease were prone to have a dopamine transporter imaging. Therefore, abnormal uptake in both groups were relatively high in this study (44.3% in tremor and 58.7% in non-tremor group).

The higher prevalence of vascular risk factors (VRFs) including hypertension, diabetes, hyperlipidemia, and heart diseases in the tremor group were interesting and novel findings in VCI patients. Previous studies on the association between VRFs and VCI revealed that these factors contributed to the cardio-vascular diseases (CVD) attack or to the occurrence of cognitive impairment/dementia (Jeng et al., 1994; MacKnight et al., 2002; Schulz and Rothwell, 2003; Gorelick, 2004; Sahathevan et al., 2012; Staals et al., 2014). Besides, most of the midlife VRFs have been associated with increased neurodegenerative or vascular disorders and cognitive impairment as a comorbidity in late life (Kivipelto et al., 2001; Whitmer et al., 2005; Barnes et al., 2012). The contribution of VRFs has been well studied in patients with movement disorders. Patients with PD are associated with lower prevalence of VRFs or CVD (Scigliano et al., 2006). CVD and VRFs show significant association with motor and cognitive dysfunction in PD (Papapetropoulos et al., 2004; Malek et al., 2016). Therefore, these research findings might help explain our results of higher prevalence of VRFs in VCI patients with tremor. Furthermore, we proposed that VRFs contributed not only to the incidence of CVD and cognitive impairment but also to the incidence or progression of tremor-related movement disorders like LBD. For better clarification, we further analyzed the motor composite questionnaire (MCQ) (total score 6, Table 2) as well as the non-motor composite questionnaire (NMCQ) (total score 10, Table 2) in the present study and found that in the current VCI population, MCQ and NMCQ were higher in the hypertension group compared to the non-hypertension group (MCQ: 2.0 ± 1.8 vs. 1.5 ± 1.7, p < 0.001 and NMCQ: 2.8 ± 2.4 vs. 2.2 ± 2.3, p < 0.001); higher in the diabetes group than in the non-diabetes group (MCQ: 2.1 ± 1.8 vs. 1.6 ± 1.8, p < 0.001 and NMCQ: 3.0 ± 2.4 vs. 2.3 ± 2.4, p < 0.001); higher in the hyperlipidemia group than in the non-hyperlipidemia group (MCQ: 2.1 ± 1.8 vs. 1.6 ± 1.8, p < 0.001 and NMCQ: 2.9 ± 2.3 vs. 2.3 ± 2.4, p < 0.001); and higher in the heart diseases group than in the group with no heart diseases (MCQ: 2.3 ± 1.8 vs. 1.7 ± 1.8, p < 0.001 and NMCQ: 3.3 ± 2.4 vs. 2.4 ± 2.4, p < 0.001). In addition to age and dementia severity, we further adjusted gender, antiplatelet, and Fazekas scale, and the results were still the same as our original ones. Based on these findings, we may conclude that each VRFs could have contributed to the presentation of motor as well as non-motor Lewy body features in patients with VCI.

Finally, it deserves attention that in this study, more than 80% of patients in the tremor group present parkinsonism, but only 16.4% were treated with antiparkinsonian drugs, indicating that neurologists mostly consider this neurological condition as a vascular parkinsonism, probably preventing patients from having a possibly effective treatment. Careful and detailed clinical assessment of associated symptoms in VCI patients with tremor to find out the possible comorbidity with PD or DLB should always be in mind.

The present study has some limitations. It was a retrospective study without pathological confirmation of the diagnosis. Therefore, the findings and the speculations were based only on clinical observations and neuroimaging. Clinical presentations in the present study were recorded based on a structured questionnaire, and though the interrater reliability test showed good reliability, accuracy and completeness of the clinical data needs to be verified. Only 10% of the participants in the study had received dopamine transporter imaging. Therefore, the reported contribution of LBD to VCI was based only on the clinical features. Further prospective studies based on biomarkers for LBD (CSF/plasma α-synuclein and/or dopamine transporter imaging) are necessary to clarify the probability and the contribution of Lewy body pathology to VCI with tremor.

In conclusion, tremor is a common comorbidity of VCI. VCI patients with tremor had a higher prevalence of all motor and non-motor Lewy body clinical features and more severe neuropsychiatric symptoms. These findings raised the possibility of mixed pathology with LBD in VCI patients with tremor. Importantly, VCI patients with tremor showed higher prevalence of VRFs including hypertension, diabetes, hyperlipidemia, and heart diseases. However, causal relationship of VRFs in VCI with parkinsonism needs further study to be clarified.
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Background: The pathogenesis of dementia often starts several years prior to clinical onset during which the individual is asymptomatic. Existing strategies for the accurate diagnosis of early dementia are limited by high cost and the invasive nature of the procedures. Eye movement parameters associated with cognitive functions may be helpful in the early identification of dementia and in the development and evaluation of preventive and therapeutic strategies.

Objective: We aimed to assess differences in eye movement parameters between healthy elderly individuals and patients with mild cognitive impairment (MCI). Furthermore, we examined the correlations between eye movement parameters with cognitive functions and specific hemispheric region and neural structures in individuals with MCI.

Method: Eighty individuals with MCI without dementia (based on DSM-IV criteria) identified by community screening and 170 healthy controls were administered Chinese versions of MoCA and NTB, and a long (20 min) or short (5 min) version of a visual paired comparison (VPC) task. Two weeks later, 44 MCI patients and 107 healthy controls completed a retest of the VPC task, 44 MCI patients and 43 healthy controls among them administered a MRI. At the end of 1-year follow-up, a subset of 26 individuals with MCI and 57 healthy controls were administered the long version of VPC task and MoCA test again. Eye movement parameters and the relationship of eye movement parameters with cognitive functions and with changes in neural structures were compared between groups.

Results: Patients with MCI were older, had less education, and had lower scores on cognitive tests than healthy controls. After adjustment for age and level of education, patients with MCI had lower novelty preference scores on the VPC than healthy controls. Using the logistic regression model, the amount of time that subjects focused on these novel images could predict MCI patients from normal elderly with an out of sample area under the receiver operator characteristic curve of 0.62. Furthermore, the cognition score of subjects whose novelty preference score was low decreased more remarkably in 1 year. For both the patient and control groups, VPC novelty preference was significantly correlated with verbal fluency and delayed and short-term memory function. Novelty preference score was also significantly correlated with the cortical thickness of several structures in the right hemisphere.

Conclusion: Eye movement parameters are stable indicators to distinguish patients with MCI and cognitively normal subjects and are not affected by different testing versions and numbers. Additionally, the patients’ cognitive deficits and eye movement indices were correlated. Future longitudinal studies should further explore the clinical utility of eye movement parameters as early markers of MCI.

Keywords: mild cognitive impairment, preclinical diagnosis, dementia, eye-tracking assessment, magnetic resonance imaging


INTRODUCTION

The pathogenesis of dementia is mostly asymptomatic and begins many years before the onset of clinical symptoms. Patients with mild cognitive impairment (MCI) can still perform independent living activities and functions relatively well; however, they have declining verbal memory, visuospatial, and executive capacity (Petersen et al., 1999; Vega and Newhouse, 2014). Previously, MCI was assumed to be an intermediate state between normal aging and dementia that increased the risk of progression to Alzheimer’s disease (AD). However, not all aging processes lead to cognitive impairment. Currently, MCI is regarded as a pathological condition of aging that requires better diagnostic strategies (Petersen, 2004; Galimberti and Scarpini, 2012).

Currently, there are several methods for predicting the progression of MCI, such as structural magnetic resonance imaging (MRI; Wood, 2016), functional imaging techniques (Jessen and Dodel, 2014), and analysis of biomarkers in the cerebrospinal fluid and peripheral blood (Hermida et al., 2012). However, these methods are limited by their high costs and invasive nature; furthermore, they are considered too restrictive for subdiagnosis among the MCI population (Vega and Newhouse, 2014).

The visual paired comparison (VPC) task is a nonverbal recognition task that can sufficiently challenge an individual’s cognitive system, especially the memory. VPC has been shown to have high sensitivity and specificity for distinguishing normal elderly individuals and patients with the MCI. In the VPC task, an item is initially presented briefly, and after a specified time, the subjects are presented with the previously seen item together with a new item. The amount of time spent observing the new item, compared to that spent on the old item, is recorded and the preference for the new item is calculated as the novelty preference (NP) score (Zola et al., 2000; Lagun et al., 2011). Healthy controls tend to concentrate disproportionately more on the novel aspects of the environment (Haque et al., 2019; Jiang et al., 2019; Oyama et al., 2019). In the VPC tasks, the expected normal performance is that the subjects spend more time looking at new pictures than the old ones. In contrast, memory impairment may be characterized by roughly equal amount of time spent reading fiction and familiarizing with pictures, which indicates an impaired declarative memory of previously observed images.

We aimed to establish a baseline pattern of association between cognitive function and eye-tracking parameters in patients with MCI. We primarily aimed to determine whether the NP score could distinguish patients with MCI from cognitively normal elderly individuals. As a secondary objective, we aimed to determine the correlation of eye movement parameters with various specific cognitive regions. Furthermore, we assessed whether eye movement parameters could indicate underlying regional brain dysfunction and help in the identification of underdiagnosed MCI in subsequent follow-up visits.



MATERIALS AND METHODS


Subjects and Clinical Classification

In this study, we recruited two groups of participants aged 65–80 years from four different communities in Shanghai and stratified them into MCI (n = 80) and healthy (n = 170) groups. One-hundred and fourteen participants completed the 12-month follow-up. We excluded subjects with other psychiatric illness; neurological, ophthalmological, or hearing impairment disorders; or inability to sit comfortably because of severe physical illness (Figure 1).


[image: image]

FIGURE 1. Flow chart for the eye-tracking study indicating recording failure or problems with tolerance to the procedure. Several of the eye-tracking cohorts failed to complete the whole test. MCI, mild cognitive impairment; BVAD, binocular visual acuity differences; LT, long task: eye moving type sets of 30 min; ST, short task: eye moving type sets of 5 min.





Diagnostic Procedures

All clinical diagnoses were established by three different geriatric psychiatrists according to the results of standardized assessment and review. Clinical diagnosis of MCI required evidence of definite decline in memory (MoCA scores of >1.5 SD of age-appropriate norms or abnormal memory function for age) and additional possible impairment of other cognitive domains, severity of symptoms or consequent functional limitation not meeting the DSM-IV dementia standard; a diagnosis of NC was made if participants demonstrated no evidence of cognitive decline as compared to their baseline cognitive functions on clinical interview and assessment. Exclusion criteria included a history of substance abuse, learning disability, dementia, and neurological (stroke, tumor, etc.) or psychiatric illness. Moreover, because the VPC task involves visual memory, subjects were excluded if: (1) the eye-tracking equipment could not record adequate pupil and corneal reflection because of physiological constraints or visual problems (such as droopy eyelid, cataracts, detached retinas, glaucoma, extremely small pupils, etc.); and/or (2) participants could not complete the eye-tracking calibration procedure (American Psychiatric Association, 1990). Then, a detailed medical, social, and family history was obtained from each participant; they completed the following subtests: C-MoCA (Chinese Version of Montreal Cognitive Assessment) and C-NTB (Chinese Version of neuropsychological test battery) including WMDS (Wechsler Memory digit span), WMVis-I (Wechsler Memory Scale visual immediate), WMVis-D (Wechsler Memory Scale visual delayed), CFT (Category Fluency Test), COWAT (Controlled Word Association Test), RAVLT-I (Rey Auditory Verbal Learning Test immediate), and RAVLT-D (Rey Auditory Verbal Learning Test delayed). This study was approved by the Institution Review Board of the Shanghai Mental Health Center. Written informed consent was obtained from all the participants or their representatives.



Assessment of MR Image Acquisition and Processing

MRI scanning was performed using a Siemens Magnetom Verio 3.0T scanner (Siemens, Munich, Germany). We acquired T1-weighted images with 176 sagittal slices using the 3D magnetization-prepared rapid gradient-echo acquisition sequence with the following parameters: TR = 2,300 ms; TE = 2.98 ms; flip angle = 9°; and spatial resolution, 1 mm × 1 mm × 1.2 mm (Lin et al., 2018).

Reconstruction of cortical surfaces and cortical thickness measurements was performed using the automated reconstruction function in the FreeSurfer version 6.0 software as described by Dale et al. (1999).



Assessment of Visual Exploration

The VPC task requires participants to sit comfortably in front of a monitor and keep their heads positioned on a chinrest to maintain their viewing position. During task performance, all participants’ eye movements were recorded using an Applied Science Laboratories (ASL) Model 5000 remote pan/tilt camera system continuously. A ring of filtered, near-infrared light-emitting diodes illuminated the eye; a high-speed, near-infrared, sensitive charge-coupled device camera captured the pupil and corneal reflection. The gaze angle was determined by the relative positions of the corneal and pupil centers with an accuracy of ±0.75°. The sampling frequency was 60 Hz, with a temporal resolution of 16 ms and linearity of less than 10%. The participants were seated approximately 26 inches from a 19-inch flat panel computer screen that displayed the stimuli. No physical constraints other than a chinrest were used. The eye position was calibrated for each subject using an infrared eye-tracker instrument for 1–2 min. Calibration for each subject was accomplished using a 9-point array. Data of eye fixation and eye movement were recorded with the ASL EYEPOS software. In our present study, we used the dispersion-based fixation detection algorithm from Crutcher MD. The duration threshold was set to 100 ms, and the dispersion threshold was set to five points in eye tracker units (2° of visual angle). The eye fixation and movement data were all recorded with ASL EYEPOS software system. All acquired black and white pictures were high contrast measuring 4.4 inches wide and 6.5 inches high. Unique pictures were used for each trial (Crutcher et al., 2009). System parameters were adjusted until the subject’s fixations were accurately mapped onto the calibration points. Subjects were informed preemptively that images would begin to appear on the computer screen before the test and were instructed to look at the images as if they were watching television. The subjects’ eye movements and fixations were recorded and stored for subsequent analyses. Two types of tasks were used; namely, long and short tasks. The long task (LT) lasted approximately 30 min, whereas the improved short test (ST) required about 10 min, including calibration.

Participants performed a memory paradigm based on eye movements. Each trial in the task consisted of the following two phases: an initial familiarization phase and a subsequent test phase. Subjects were asked to complete the 9-point calibration procedure before taking the VPC task. During the familiarization phase, two identical two-dimensional black-and-white images were presented side by side on the monitor for 5 s. Next, the monitor went dark for a delay interval of either 2 s or 2 min. In the subsequent test phase, the images were again presented side by side for 5 s. One of the images was identical to the previously presented image, whereas the other was a new image. Presentation of the novel image on either the left or right side was randomly selected and equally distributed. After the test phase, the monitor went dark for 20 s and the next task was initiated. To ensure the subject maintained complete attention during the test trials with a 2-min delay interval, the experimenter alerted all the subjects 10 s before the presentation of the next image pair. For the long task, participants were administered two blocks of 10 trials (delay order: 2-s delay, 2-min delay) for a total of 20 trials. The short task contains three trials (Figure 2). The visual search task was used to determine the NP parameter. The eye data parameter called novelty preference (NP) was obtained by calculating the percentage of time spent staring at the novel image by extracting and analyzing the eye fixation and movement data for each participant. The cognitive and eye-tracking assessments were performed on the same day or within a 5-day interval. The whole assessment was completed within approximately 1.5 h, including the rest intervals (Xiao et al., 2013; Pereira et al., 2014).
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FIGURE 2. Visual paired comparison task (VPC). Subjects were asked to complete the 9-point calibration procedure before taking the VPC task. During the familiarization phase, participants viewed the two identical pictures presented on the monitor side by side for 5 s. Next, the monitor went dark for a delay interval of either 2 s or 2 min. The test parameters consisted of the presentation of one previously presented image and the novel image. After the test phase, the monitor went dark for 20 s and the next task was initiated. For the long task, participants were administered two blocks of 10 trials (delay order: 2-s delay, 2-min delay) for total 20 trials. The short task contains three trials.





Statistical Analysis

Statistical analysis was performed using SPSS Version 22. We used independent sample t-tests to perform between-group comparisons of the demographic data, cognitive tests scores. Non-parametric test was applied to compare the rate of decline of MoCA score. The eye-tracking parameters among groups were analyzed by one-way ANOVA followed by the Tukey–Kramer test and multiple comparison adjusted for age and years of formal education. Partial correlation was used to determine the correlation between the novel preference score and the cognitive scores, and cortical thickness. The diagnostic performances of the eye-tracking-based cognitive assessment were determined using a ROC analysis. Statistical significance was set at p < 0.05 on a two-tailed test.




RESULTS


Demographic and Clinical Characteristics

The mean age of the control group was 71.1 years with a female-to-male ratio of 2.7:1; the mean age of the MCI group was 73.0 years (p < 0.001) with a female-to-male ratio of 3.4:1 (p > 0.05). The control group had a significantly higher mean c-MoCA scores (25.8) than the MCI group (20.9; p < 0.001), and mean NTB scores (218.4) than the MCI group (184.8; p < 0.001). All participants with MCI scores (11.8) had lower years of education than the control group (12.8; p < 0.001). Moreover, the MCI group performed significantly worse than the normal elderly group in cognitive function tests, especially in verbal fluency (p < 0.05), attention (p < 0.01), abstraction (p < 0.001), and verbal memory domains (p < 0.001) in the NTB and C-MoCA tests (Table 1).

TABLE 1. Between-group comparisons of age, years of education, and cognitive scores using independent sample t test and comparison of patient sex using Pearson’s χ2 ± Fisher’s exact test.
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Eye-Tracking Performance

At baseline, the MCI group [0.62 (0.08)] performed significantly worse than the control group [0.66 (0.09)] in the time spent looking at the novel image in the long task (p < 0.05 for MCI vs. controls). There was no significant between-group difference in the novelty preference score in the short task [0.57 (0.05) vs. 0.56 (0.07), p > 0.05 for MCI vs. controls]. Two weeks later 44 MCI patients and 107 healthy controls completed a retest of the VPC task; in the retest task, compared with cognitively normal elderly individuals, the MCI group had significantly shorter novelty exploration durations in the short task [0.54 (0.05) vs. 0.61 (0.09), p < 0.05 for MCI vs. controls; Table 2]. Receiver operating characteristic (ROC) curve analysis revealed an area under the ROC curve (AUC) for novelty preference scores in the long task to be 0.62 (asymptotic significance = 0.03; 95% CI = 0.52–0.73). A cutoff value of 0.605 (a phonemic advantage) indicated 70% accuracy, 72% specificity, 53% sensitivity, 40% positive predictive values (PPV), and 82% negative predictive values (NPV) for the diagnosis of MCI.

TABLE 2. Comparison of mean (SD) novelty preferences scores for long task (20 min) and short task (5 min) between patient and controls groups at baseline and at 2-week follow-up using the F-test.
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Results of independent sample t-test indicated that, based on the three test pairs of long task twice, short task twice, or one long task and short task each, there were no significant between-group differences in the NP score in the repeated long tasks [normal group: 0.65 (0.02) vs. 0.66 (0.02), t = 0.3, df = 51, p = 0.75; MCI group: 0.62 (0.02) vs. 0.63 (0.03), t = 0.2, df = 20, p = 0.81] and the repeated short tasks [normal group: 0.58 (0.02) vs. 0.63 (0.02), t = 1.9, df = 44, p = 0.05; MCI group: 0.55 (0.01) vs. 0.53 (0.01), t = 0.68, df = 18, p = 0.51; Table 3].

TABLE 3. Comparison of mean (SD) novelty preferences scores for long repeated and short repeated tasks between patient and controls groups at baseline and at 2-week follow-up using the T-test.
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Correlations Between Eye-Tracking Parameters, Cortical Thickness, and Cognitive Functions

From the results of partial correlation analysis (with age and years of education as the control factors), novelty preference score correlated positively with performance in the verbal fluency test in the vegetable categories (R = 0.37, p = 0.04), short-term memory (R = 0.41, p = 0.02), and delay recall scores (R = 0.14, p = 0.00; Figure 3). There are no significant differences in the following cortical thickness between the two groups. The MRI results demonstrated a positive correlation between the novelty preference score and cortical thickness in various cerebral regions on the right hemisphere [temporal thickness, superior frontal lobe, rostral anterior cingulate cortex (rACC), and precuneus thickness; R = 0.24, p = 0.02; R = 0.22, p = 0.04; R = 0.24, p = 0.04; and R = 0.22, p = 0.04; respectively]. The statistically significant correlations are summarized in Figure 4.


[image: image]

FIGURE 3. Correlations between eye-tracking parameters and cognitive scores. Only significant findings are shown. (A) The novelty preference scores assessed by eye tracking system showed a positive correlation with the verbal fluency score. (B) The novelty preference scores assessed by eye tracking system showed a positive correlation with the short-term memory score. (C) The novelty preference scores assessed by eye tracking system showed a positive correlation with the delay recall score.
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FIGURE 4. Correlations between eye-tracking parameters and cortical thickness. Only significant findings are shown. Rh, right hemisphere. (A) The novelty preference scores assessed by eye tracking system showed a positive correlation with the cortical thickness in temporal pole on the right hemisphere. (B) The novelty preference scores assessed by eye tracking system showed a positive correlation with the cortical thickness in superior frontal lobe on the right hemisphere. (C) The novelty preference scores assessed by eye tracking system showed a positive correlation with the cortical thickness in rostral anterior cingulate region on the right hemisphere. (D) The novelty preference scores assessed by eye tracking system showed a positive correlation with the cortical thickness in precuneus on the right hemisphere.





Longitudinal Case–Control Analysis

One-hundred and fourteen participants completed the 12-month follow-up, 31 of whom completed only the MoCA test, and the rest have completed both the MoCA and the long version of the VPC task. Moreover, nine participants progressed from normal to MCI during the study period, 57 of the subjects are stable normal, and 17 participants are stable MCI (Table 4). There was no difference in novelty preference scores between progressors and non-progressors including stable MCI and normal. Among all the participants who completed the 12-month follow-up, 62 participants show a decline in cognition scores—46 normal elderly individuals and 16 patients with MCI. The degree of decline of MoCA score (%) was calculated as follows: MoCA total score baseline − MoCA total score endpoint)/MoCA total score baseline*100. Results of the non-parametric test showed that there were no significant differences between the MCI and control groups for the degree of decline of cognition [normal group vs. MCI group, 0.04 (0.00–0.07) vs. 0.05 (0.01–0.09), z = −1.1, p = 0.26; Figure 5A]. Based on the ROC analysis above, we find that the novelty preference scores of 0.605 in the long task had high specificity to discriminate MCI from normal. According to that, 62 participants who took the long task at baseline were categorized into the following two groups: above cutoff point group (n = 23) and below cutoff point group (n = 39). Cognitive score in the below cutoff point group decreased more than that in the above cutoff point group [above cutoff point group vs. below cutoff point group: 0.04 (0.00–0.04) vs. 0.04 (0.04–0.09), z = −2.5, p = 0.01; Figure 5B].

TABLE 4. Eye movement indices according to the Group (non-Progressor groups: MCI stable and control stable group, Progressor group) using the Kruskal–Wallis test followed by Steel–Dwass multiple comparison tests.
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FIGURE 5. Between-group comparisons of cognitive scores decline degree of different group and the correlations between eye-tracking parameters and cognitive scores decline degree. Only significant findings are shown. Control, normal elderly; MCI, mild cognitive impairment; MoCA, Montreal Cognitive Assessment. Data are expressed as mean ± SD. (A) No significant differences of the decline degree of Moca scores in 1 year follow-up were found between control and MCI group. (B) Significant differences of the decline degree of Moca scores in 1 year follow-up were apparent between above cut-off point and below cut-off point group. (C) The novelty preference scores assessed by eye tracking system showed a negative correlation with the decline degree of Moca scores in 1 year follow-up. *p < 0.05.



On partial correlation analysis (with age and years of education as the control factor), novelty preference score correlated negatively with the degree of decline of MoCA score (R = −0.33, p = 0.01; Figure 5C).




DISCUSSION

In this study, we assessed the NP score in the eye-tracking task as a simple, novel, and non-invasive diagnostic biomarker of MCI. We found that this NP score accurately distinguished patients with MCI from cognitively normal subjects. In our subsequent retest study, we found that eye movement parameters were stable indicators of cognition and were not affected by the paired testing types and testing times. The improved version could reduce data loss and ensure retention of the sensitivity and specificity of the test. Furthermore, participants with poor novelty preference score showed more decline in cognition in 1-year follow-up. Our study suggests that the VPC task in combination with near-infrared eye-tracking might be helpful to explore the underlying dysfunctions in brain regions.

Therefore, although further longitudinal clinical studies are needed, our findings suggest that novelty preference scores in the VPC task could be an easily accessible physiological marker for diagnosis of MCI and might help to identify “seemingly healthy” subjects who are underdiagnosed for MCI.


Eye Movement Parameters in the MCI Group

Patients with MCI show equally distributed observation times between the new and familiar pictures; however, normal individuals tend to focus disproportionately more on the novel pictures (Berlyne, 1960; Loftus and Mackworth, 1978; Fernández et al., 2018). The original long task allows participants to understand the operational process; however, the short task cannot. Therefore, our major finding from the eye-tracking task was the novelty preference score of the long task, which was low in the MCI group, similar to that reported by Crutcher et al. (2009). It should be noted that diagnosing MCI is more difficult than diagnosing dementia owing to the lack of objective indicators and boundaries between MCI and normal elderly are difficult to ascertain. Our method achieved a specificity of 72% for distinguishing subjects with MCI from normal controls. The results indicated that the VPC task could distinguish patients with cognitive impairment from normal elderly individuals based on the eye-tracking data and that the novelty preference score could probably be used as an objective indicator. Our test can also be suitably expanded to communities for its convenience. However, there remains a need for further improvement of eye movement parameters for the PPV exhibited by our method is a little lower than the values reported for some test for AD subjects (Lagun et al., 2011). In the retest task, the subjects, especially the cognitive-normal elderly individuals, could not concentrate on the test, as observed in the findings from our subjects. Given the increased potential for loss of data because of the poor attention spans and physical condition of elderly individuals, the discriminatory effect was not found in the retest task. Interestingly, patients with MCI who were subjected to a 2-week delay had low novelty preference scores in the short task.

Based on the results of our repeated tasks, eye movement parameters were identified as stable indicators of cognition that remain unaffected by learning effects. Therefore, use of the long task followed by the short task and performing comparisons between the results of the two tasks could sufficiently increase task sensitivity and decrease the physical and psychological burden on subjects. Development of an improved version might further facilitate validity and decrease the failure rate.

Based on the 1-year follow-up results, participants who progressed to MCI during the study period did not show significantly low novelty preference scores. Compared with cognitive-normal elderly individuals, patients with MCI also did not show a larger magnitude of decrease in cognition. Based on the ROC analysis above, we find that the novelty preference scores of 0.605 in the long task has a high specificity for discriminating MCI from normal. According to it, the cognition score of participants, regardless of MCI or normal aging group whose novelty preference score was below the cutoff point, decreased more remarkably in 1 year. It is possible that some healthy control patients were actually undiagnosed cases of MCI. They might have cognition impairment that is not detected by the available scales. This shows that the diagnosis of MCI urgently needs to be combined with objective indicators in the future.



Correlations Between Cognitive Function, Neuroanatomical, and Eye Movement Parameters

The novelty preference score positively correlated with verbal fluency and verbal memory in both the short-term memory and delay recall tasks. At the neuroanatomical level, the aforementioned cognitive functions are controlled by the temporal and parietal regions of the brain. In our study, 80 of our subjects underwent MRI scanning at baseline, which showed no evidence of acute territorial infarction, mass effect, hemorrhage, infection, or midline shift. We found that the novelty preference score tends to correlate positively with the cortical thickness of specific functional regions of the right brain, including the temporal pole region, superior frontal lobe, rACC, and precuneus. Previously, patients with MCI were reported to have poor performance for episodic memory and executive function, which correlated with the level of atrophy in the right superior temporal pole structures (Ruiz López et al., 2008). Compared to the left hemisphere, the correlations between verb and letter fluency were more robust in the right hemisphere. The temporal lobe is considered the center of verbal recognition memory; furthermore, semantic verbal fluency task is more sensitive to assess temporal region impairments (Henry and Crawford, 2004; Clark et al., 2014; Wong et al., 2018). Previous findings indicate that the VPC task is specifically more sensitive to assess medial temporal lobe (MTL) dysfunction in patients with MCI (Clark et al., 2014). More importantly, a study on patients with schizophrenia indicated decreased cortical thickness in the superior frontal region, which is related to decreased cognitive function and role control (Ong et al., 2005). The rACC plays a key role in the regulation of both emotional and motivational information, as well as in the regulation of emotional response (Tully et al., 2014). A previous study indicated that individuals with late-onset depression and cognitive impairment have decreased cortical thickness of the rACC (Bush et al., 2000). The precuneus not only is involved in self-consciousness but also plays an essential role in the integration of visual–spatial information and retrieval of episodic memory (Lim et al., 2012). The function of the precuneus might be influenced by cortical thinning, early amyloid deposition, and hypometabolic alterations in this region that are induced by the pathologic processes in MCI (Bailly et al., 2015a,b; Haussmann et al., 2017). Taken together, our results show that these regions tend to be closely related to cognitive function and emotional regulation, and reduced cortical thickness may impede their function. Findings of MRI and VPC task provide some evidences of impaired performance in the VPC task preceding detectable structural changes in the memory and emotional control system; however, the correlations between VPC score and MRI findings are weak; additional evidences are needed to support and validate our findings.



Possible Clinical Practice of VPC Task in Profiling and Predicting Preclinical Dementia

Two to five years before the onset of AD, patients experience slight neurological deficits in cognitive abilities, indicative of MCI. A previous study (Coutinho et al., 2015) reported that damage in the MTL memory system can predict the risk of dementia and that there were related deficits in visual short-term memory (VSTM) between the AD and MCI stage. Given that we observed possible correlation among novelty preference score with temporal–parietal cognitive functions and typical regional thickness, the potential utility of the novelty preference score as an early marker of MCI cannot be ruled out. However, future longitudinal studies are required to confirm these correlations and the ability to identify underdiagnosed cases of MCI.

Despite not being widely available, the measure derived from the device-based VPC task is valuable clinically. As a physiological marker, its performance is not influenced by subjects’ educational and intelligence levels. Our improved eye-tracking tasks were well-tolerated because of their shorter testing times compared to those of the original type. For example, our visual search task required only 5–10 min to complete, including calibration. However, this device has shortcomings in that participants with eyelid apraxia or ophthalmological disorders may have difficulty completing the task.



Limitations and Future Research Directions

The present study has several limitations. Since there was lack of information on the premorbid intelligence of the participants, the assessed cognitive function may not completely reflect the true cognitive decline. Moreover, it is undeniable that the correlation between NP scores and cognitive tests scores and MRI findings is weak, and more evidences between them are needed in future. MCI patients are quite heterogeneous; however, we did not subdivide different MCI subtypes, like amnestic plus additional cognitive domains. Older-old people (≥75 years old) have an even high risk of dementia, and the mean age of our subjects was 71 years, which was relatively young. We will pay more attention to investigate the characteristics of various types of MCI and expand age range in further research.

In our study, we identified a simple, novel, non-invasive diagnostic biomarker of MCI and established an optimal model to distinguish patients with MCI from cognitively normal elderly individuals in China using a relative large scale. Furthermore, we observed that eye movement parameters may predict the rate of cognition decline. It is worthy to conduct further follow-up assessments of our current subjects to test the robustness of the correlations with disease progression. Since we have already started the follow-up visits and have accumulated the results for 1-year follow up, we hope to further establish the relationship between cognitive functions and eye-tracking parameters and adopt the VPC task as a possible adjunctive measurement to identify underdiagnosed cases of MCI with further follow-up visits.
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Graphical, voxel, and region-based analysis has become a popular approach to studying neurodegenerative disorders such as Alzheimer’s disease (AD) and its prodromal stage [mild cognitive impairment (MCI)]. These methods have been used previously for classification or discrimination of AD in subjects in a prodromal stage called stable MCI (MCIs), which does not convert to AD but remains stable over a period of time, and converting MCI (MCIc), which converts to AD, but the results reported across similar studies are often inconsistent. Furthermore, the classification accuracy for MCIs vs. MCIc is limited. In this study, we propose combining different neuroimaging modalities (sMRI, FDG-PET, AV45-PET, DTI, and rs-fMRI) with the apolipoprotein-E genotype to form a multimodal system for the discrimination of AD, and to increase the classification accuracy. Initially, we used two well-known analyses to extract features from each neuroimage for the discrimination of AD: whole-brain parcelation analysis (or region-based analysis), and voxel-wise analysis (or voxel-based morphometry). We also investigated graphical analysis (nodal and group) for all six binary classification groups (AD vs. HC, MCIs vs. MCIc, AD vs. MCIc, AD vs. MCIs, HC vs. MCIc, and HC vs. MCIs). Data for a total of 129 subjects (33 AD, 30 MCIs, 31 MCIc, and 35 HCs) for each imaging modality were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) homepage. These data also include two APOE genotype data points for the subjects. Moreover, we used the 2-mm AICHA atlas with the NiftyReg registration toolbox to extract 384 brain regions from each PET (FDG and AV45) and sMRI image. For the rs-fMRI images, we used the DPARSF toolbox in MATLAB for the automatic extraction of data and the results for REHO, ALFF, and fALFF. We also used the pyClusterROI script for the automatic parcelation of each rs-fMRI image into 200 brain regions. For the DTI images, we used the FSL (Version 6.0) toolbox for the extraction of fractional anisotropy (FA) images to calculate a tract-based spatial statistic. Moreover, we used the PANDA toolbox to obtain 50 white-matter-region-parcellated FA images on the basis of the 2-mm JHU-ICBM-labeled template atlas. To integrate the different modalities and different complementary information into one form, and to optimize the classifier, we used the multiple kernel learning (MKL) framework. The obtained results indicated that our multimodal approach yields a significant improvement in accuracy over any single modality alone. The areas under the curve obtained by the proposed method were 97.78, 96.94, 95.56, 96.25, 96.67, and 96.59% for AD vs. HC, MCIs vs. MCIc, AD vs. MCIc, AD vs. MCIs, HC vs. MCIc, and HC vs. MCIs binary classification, respectively. Our proposed multimodal method improved the classification result for MCIs vs. MCIc groups compared with the unimodal classification results. Our study found that the (left/right) precentral region was present in all six binary classification groups (this region can be considered the most significant region). Furthermore, using nodal network topology, we found that FDG, AV45-PET, and rs-fMRI were the most important neuroimages, and showed many affected regions relative to other modalities. We also compared our results with recently published results.

Keywords: Alzheimer’s disease, multimodal fusion, sMRI, FDG-PET, AV45-PET, DTI, rs-fMRI, APOE genotype


INTRODUCTION

Alzheimer’s disease (AD) is a neurodegenerative disorder that is characterized by chronic cortical atrophy (such as posterior cingulate atrophy and medial temporal atrophy), and by a progressive decline in cognitive function (Bishop et al., 2010; Albert, 2011). AD is typically diagnosed in people older than 65 years (Qiu and Kivipelto, 2009). As the life span of the population increases, the prevalence of AD and its costs to society are also increasing. Therefore, the detection of AD or its precursor forms, i.e., mild cognitive impairment (MCI) (Petersen, 2004) is an important aim in biomedical research for providing new therapeutics that help to slow the progression of AD. MCI is a transitional phase (which signifies an intermediate stage of functional and cognitive decline in normal aging and dementia patients) that is characterized by memory disturbance in the absence of dementia (Petersen, 2004; Angelucci et al., 2010), followed by widespread cognitive deficits in multiple domains until a disability threshold is reached. MCI is said to be prodromal AD (Petersen, 2004); subjects go on to develop an AD [this type of patient falls into an MCI-converting (MCIc) group]. Symptoms emerge, on average, within 2–3 years (Lopez et al., 2012). A prospective population-based study in the elderly showed that the conversion rate of MCIc patients to AD or to different forms of dementia is about 10–15% per year (Mitchell and Shiri-Feshki, 2009; Lopez et al., 2012; Wei et al., 2016). Despite our substantial knowledge of MCI converters, little is understood about the 47–67% (Ganguli et al., 2004; Lopez et al., 2012; Clem et al., 2017) of subjects diagnosed with MCI who neither return to normal cognition nor convert to dementia. In a study performed in a large community sample, 10 years identified as a MCI, 21% of those suspected to be at a greater risk for converting to dementia (Dubois and Albert, 2004; Jicha et al., 2006) managed to remain with a diagnosis of MCI (Ganguli et al., 2004; Clem et al., 2017). These studies suggest that certain subjects may not convert to AD, but rather remain diagnostically stable over a period of time (this type of patient falls into an MCI-stable, or MCIs group). Recent results from neuroimaging studies support the hypothesis that AD includes a disconnection syndrome (implying network-wide functional changes due to local structural changes) generated by a breakdown of the organized structure and functional connectivity (FC) of multiple brain regions, even in the early phase of MCI or before conversion to AD (Dubois and Albert, 2004; Bishop et al., 2010; Daianu et al., 2013; Clem et al., 2017; de Vos et al., 2018).

Previous studies have shown the potential of invasive and non-invasive biomarkers to predict conversion from MCI to AD dementia. For invasive markers, the APOE-ε4 genotype (for the carriers of the APOE-ε4 allele, brain alterations associated with AD may begin as early as infancy) (Liu et al., 2013; Dean et al., 2014), and amyloid-beta (Aβ) accumulation and neurofibrillary lesions are considered to be most important biomarkers for AD (Murphy and LeVine, 2010). Apolipoprotein-E (APOE) genotype polymorphism is considered to be the most common polymorphism in neurodegenerative diseases and has been consistently linked to normal cognitive decline in AD and MCI patients. APOE-ε4 is the strongest genetic risk factor, and it increases the risk for AD twofold to threefold. Furthermore, it lowers the age of AD onset (Michaelson, 2014). Recent developments in non-invasive neuroimaging techniques, including functional and structural imaging, have given rise to a variety of commonly used neuroimaging biomarkers for AD. Among the multiple neuroimaging modalities, structural magnetic resonance imaging (sMRI) has attracted significant interest due to its ready availability for mildly symptomatic patients and its high spatial resolution (Cuingnet et al., 2011; Salvatore et al., 2015; Wei et al., 2016; Long et al., 2017; Gupta et al., 2019b, c; Sun et al., 2019). sMRI can also reveal abnormalities in a wide range of brain areas, including gray matter (GM) atrophy in the medial temporal lobe and hippocampal/entorhinal cortex, which are identified as valuable AD-specific biomarkers for the discrimination or classification of AD patients (Cuingnet et al., 2011). In diffusion tensor imaging (DTI, or diffusion MRI), water diffusion in the brain is interpreted as an MR signal loss. Because neurodegenerative processes are accompanied by a loss of obstacles that restrict the motion of water molecules (Acosta-Cabronero and Nestor, 2014), DTI can reveal promising markers of microstructural white matter (WM) damage in AD and MCI patients. A connectivity-based analysis that applied graph theory to DTI data demonstrated disrupted topological properties of structural brain networks in AD, supporting the disconnection theory. Specifically, regional diffusion metrics for the limbic WM in the fornix, posterior cingulum, and parahippocampal gyrus have shown better performance than volumetric measurements of the GM in predicting MCI conversion (Sun et al., 2019). In clinical studies, fluorodeoxyglucose-positron emission tomography (FDG-PET), florbetapir-PET AV45 (amyloid protein imaging), and resting-state fMRI (rs-fMRI) are the most commonly used functional neuroimaging methods for AD diagnosis (Hojjati et al., 2018, 2017; Gupta et al., 2019a; Pan et al., 2019a, b). FDG-PET measures cerebral glucose metabolism via 18F-FDG in the brain, and helps to detect characteristic regional hypometabolism in AD patients, which reflects the neuronal dysfunctions in the brains of AD patients (Mosconi et al., 2008). In contrast, florbetapir-PET AV45 measures the accumulation of amyloid protein in AD brain homogenates and has faster in vivo kinetics. The use of florbetapir in amyloid imaging was recently validated in an autopsy study, and its safety profile allows its clinical application for brain imaging (Camus et al., 2012). Moreover, rs-fMRI imaging has been developed as a tool for mapping the intrinsic activity of the brain and for depicting the synchronization of interregional FC (Bi et al., 2018; de Vos et al., 2018). A recent rs-fMRI study showed that the FC pattern may be altered in some specific functional networks (default mode network) of AD and MCI patients. The authors found decreased FC between the hippocampus and several regions throughout the neocortex, i.e., reduced FC within the default mode networks and increased FC within the frontal networks (de Vos et al., 2018).

From the above studies, we observe that there is no clear evidence supporting the supremacy of any biomarker above another (CSF vs. APOE-ε4 vs. imaging) for the diagnostic estimation of AD. The choice of biomarkers mainly depends on price and availability. Nevertheless, some authors argue for the perfection of imaging above fluid biomarkers, given that imaging modalities can distinguish the different phases of the disease both anatomically and temporally (Khoury and Ghossoub, 2019; Márquez and Yassa, 2019). The above-mentioned studies used only a single modality to detect biomarkers for the detection of the conversion of MCI to AD. The proposed algorithm performance is approximately 80–90%, which is low compared with that of recently published multimodal studies (Zhang et al., 2011; Liu et al., 2014; Ritter et al., 2015; Xu et al., 2016; Gupta et al., 2019a). To date, it is true that no single imaging modality for biomarkers meets all of the diagnostic requirements set by previous studies (Hyman et al., 2012; Jack et al., 2018, 2016) (because each biomarker has their own advantage over others) and no single (whether genotype or fluid or imaging) biomarker can by itself correctly discriminate a heterogeneous disorder of AD with high accuracy, but several methods may provide complementary information, which leads to a call to develop a panel of neuroimaging biomarkers, or a combination of imaging and APOE or imaging with CSF data that merges information about the disease manner to improve diagnostic accuracy (Márquez and Yassa, 2019). Combining information (multimodal) from different types of neuroimaging (structural and functional) with genotype (APOE) or biochemical (CSF) information, as do sMRI, AV45-PET, FDG-PET, DTI, and rs-fMRI, can help to improve diagnostic performance for AD or MCI compared with single-modality methods (Zhang et al., 2011; Young et al., 2013; Schouten et al., 2016; Wei et al., 2016; Gupta et al., 2019a). Furthermore, it has been noted lately that a combination of biomarkers yields a powerful diagnostic technique for classifying the AD group with cognitively healthy subjects, with specificity and sensitivity scores reaching above 90% (Bloudek et al., 2011; Rathore et al., 2017; Khoury and Ghossoub, 2019).

Multiple studies have reported a combination of different neuroimaging modalities for investigating AD or MCI. Dai et al. (2012) used regional GM volumetric measures and functional measures (amplitude of low-frequency fluctuations, regional homogeneity, and regional FC strength) as features. They trained distinct maximum uncertainty LDA classifiers on functional and structural properties and merged the output of the classifiers by weighted voting. Zhang et al. (2011) used a multimodal method for the discrimination of healthy controls (HC) to AD patients. They used a kernel-based support vector machine (SVM) classifier for the classification, and they combined volumetric regional features with regional FDG-PET and CSF biomarkers. Young et al. (2013) proposed a method where they combined sMRI, FDG-PET, and APOE genotype data for the discrimination of AD with HC. These authors used Gaussian processes as a multimodal kernel method, and they applied an SVM classifier for the classification of MCIs vs. MCIc groups. However, their diagnostic accuracy was low. Another study proposed a system where multiple kernel learning (MKL) with the Fourier transform of the Gaussian kernels was applied to AD classification using both sMRI and rs-fMRI (Liu et al., 2014) neuroimages. Moradi et al. (2015) used GM density maps, age, and cognitive tests as features, and employed classification algorithms such as low-density separation and random forest for AD conversion discrimination. Another study proposed a novel method for the classification of AD using a multi-feature technique (regional thickness, regional correlative-calculated from thickness measures, and the APOE genotype) using an SVM classifier (Zheng et al., 2015). Schouten et al. (2016) combined regional volumetric measures, diffusion measures, and correlation measures between all brain regions calculated from functional MRI. They employed a logistic elastic net for classification. In addition, Liu et al. (2017) used independent component analysis and the COX model for the discrimination of MCIs to MCIc. In their study, they used sMRI and FDG-PET scans in combination with APOE data and some cognitive measures. Hojjati et al. (2018) combined the features extracted from sMRI (cortical thickness) and rs-fMRI (graph measures) for the detection of AD, employing SVM for the classification. It is worth noting that most of the above-presented multimodal methods used brain atrophy from a few manually extracted regions as a feature of sMRI and PET images for the detection of AD among different groups. However, using only a small number of brain regions as a feature in any imaging modality may not accurately reflect the spatiotemporal pattern of structural and physiological abnormalities as a whole (Fan et al., 2008). Furthermore, simply by increasing the number of modalities, combining modalities did not increase predictive power.

Therefore, the primary goal of this study was to combine five different imaging modalities (sMRI, AV45, FDG-PET, DTI, and rs-fMRI) with the APOE genotype to establish a multimodal system for the detection of AD. Moreover, in this study, we used three methods (that were completely different from each other) for the discrimination of AD from other groups. Moreover, we also aimed to discover which single modality of neuroimaging achieves high performance or plays a significant role in classifying all six binary classification groups (AD vs. HC, MCIs vs. MCIc, AD vs. MCIc, AD vs. MCIs, HC vs. MCIc, and HC vs. MCIs) based on these methods, and wanted to know which combined methods would perform well in the classification stage (whole-brain or voxel-wise analysis). Furthermore, we also aimed to discover the regions where these six binary groups massively differed from each other using voxel of interest (VOI) and graph methods. Whole-brain parcelation and voxel-wise methods were used to study regional and voxel differences in all six binary classification groups. We used NiftyReg (Young et al., 2013; Gupta et al., 2019a), the pyClusterROI script (Craddock et al., 2012), PANDA (Cui et al., 2013), DPRASF (Chao-Gan and Yu-Feng, 2010), and the CAT12 toolbox with the integration of SPM12 (Ashburner and Friston, 2001) for the extraction of features from the structural and functional neuroimaging data. Furthermore, graph-based analysis (John et al., 2017; Peraza et al., 2019) was performed to study the organization of (nodal and group) network connectivity using anatomical features (including GM volume, cortical thickness, and WM pathways between GM regions), and using the regional time series of the 200 brain regions included in the Craddock atlas. For this graph-based analysis, we used the BRAPH toolbox (Mijalkov et al., 2017). Later, we applied an MKL algorithm based on the EasyMKL (Aiolli and Donini, 2015; Donini et al., 2019) classifier for classification and for data fusion. This classifier works by simultaneously learning the predictor parameters and the kernel combination weights. Moreover, we applied a leave-one-out cross-validation technique that helps to find the optimal hypermeter for this MKL classifier. In this study, we also applied the radial basis function (RBF)-SVM classifier to compare its results with the results obtained from the EasyMKL. Our results showed that grouping different measurements (or complementary information) from the six different modalities exhibited much better performance for all six binary classification groups (using any combined-ROI, or combined-VOI, or a combination of all) than using both classifiers with the best individual modality.



MATERIALS AND METHODS


Participants

The participants included in this study were enrolled via the ADNI, which was launched in 2003 as a multicenter public-private partnership, guided by Principal Investigator Michael W. Weiner, MD. The participants were enrolled from 63 locations across the United States and Canada. The primary goal of ADNI was to test whether sMRI, PET, new biological markers, and clinical and neuropsychological evaluation could be combined to measure the development of MCI and early AD. The criteria used for the inclusion of subjects were those defined in the ADNI procedure.1 The enrolled subjects were between 56 and 92 (inclusive) years old, had a study partner able to offer an independent assessment of functioning, and spoke either Spanish or English. All subjects were willing and able to undergo all test trials, including neuroimaging, and agreed to a longitudinal follow-up. Specific psychoactive medications were excluded. For this study, we downloaded data from all subjects for whom all five imaging modalities (sMRI, rs-fMRI, FDG-PET, AV45-PET, and DTI) with their APOE genotype were available on the ADNI homepage. A total of 129 subjects were classified as either healthy controls (HC, n = 35), MCIc (n = 31), MCIs (n = 30), or AD (n = 33), with matched sex and age ratios. The groups were classified according to the criteria set by the ADNI consortium (Petersen et al., 2010). In the HC group, participants had global clinical dementia rating (CDR) scores of 0, mini-mental state examination (MMSE) scores between 27 and 30, functional activities questionnaire (FAQ) scores between 0 and 4, and geriatric depression scale (GDS) scores between 0 and 4. In the MCIs group, the MMSE score was between 25 and 30, the FAQ score between 0 and 16, and the GDS score was between 0 and 13. In the MCIc group, the MMSE score was between 19 and 30, the FAQ score between 0 and 18, and the GDS score was between 0 and 10.

In the AD group, patients had a global CDR score of 1, an MMSE score between 14 and 24, an FAQ score between 3 and 28, and a GDS score between 0 and 7 (Morris, 1993). We did not consider MCI subjects who had been tracked for less than 18 months and did not convert within this period. Table 1 shows participant demographic information, including the mean age and the sex ratios per group. To assess statistically significant changes in the demographics and clinical features between these groups, a Student’s t-test was used with the significance level set to 0.05. We found no significant differences (p−value > 0.05) between the groups for age or sex ratio. To attain unbiased estimates of performance, the classification groups were then randomly split into two clusters in a ratio of 70:30 for the training and testing sets. The model was trained on the training set, and the performance measures of diagnostic specificity and sensitivity were carried out on a separate testing set. The splitting procedure preserved the age and sex distribution.


TABLE 1. Demographic and neuropsychological characteristics of the participants.
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sMRI Acquisition

We acquired 1.5-T T1-weighted MR images from the ADNI homepage. The MRI images were obtained from data centers using Philips, GE, or Siemens Medical system scanners. Because the acquisition protocol was different for each scanner, an image normalization step was carried out by ADNI. The image corrections included calibration, image geometry distortion due to gradient non-linearity (grad-warp), and reduction in the intensity non-uniformity due to waves, or residual intensity non-uniformity of the 1.5-T scans utilized on each image by ADNI. Further details about the sMRI images are available on the ADNI website.2 All scans had a resolution of 176×256×256 with 1mm spacing between each scan. In our study, we again pre-processed the obtained sMRI images using the FMRIB Software Library (FSL, v.6.0) (Smith, 2002) toolbox. For the anatomical sMRI images, this included the extraction of non-brain tissue from each image using the BET function. We then passed the skull-stripped images to the ANTs (Tustison et al., 2010) toolbox for N4 bias field correction to correct for inhomogeneous artifacts in each image. For co-registration to the standard Montreal Neurological Institute (MNI) 152 template (Grabner et al., 2006), we also used the FSL toolbox (Jenkinson et al., 2012).



FDG-PET Image Acquisition

ADNI provides four different types of FDG-PET samples, which are labeled as: (1) Co-registered Dynamic; (2) Co-registered, Averaged; (3) Co-reg, Avg, Standardized image and Voxel size; and (4) Co-reg, Avg, Std Img and Vox Siz, Uniform Resolution. The type (3) baseline FDG-PET images were downloaded from the ADNI homepage.

The downloaded baseline FDG-PET samples were in DICOM format. In the first step, we converted these DICOM format images to the Nifty format using the dcm2nii (Li et al., 2016) toolbox. Later, these images were spatially normalized to the MNI 152 template using the SPM12 toolbox (integrated within MATLAB 2019b) with a standard 91×109×91 tensor dimension image grid, having a voxel size of 2×2×2mm3. This image grid was oriented so that the subjects’ anterior-posterior (AC-PC) axis was parallel to the AC-PC line. The above normalization step was carried out on two levels: a global affine transformation, followed by a non-rigid spatial transformation. The general affine transformation requires a 12-parameter design, whereas the non-rigid spatial transformation uses a sequence of the lowest frequency elements of the three-dimensional cosine transform. Furthermore, the intensity normalization step was performed by splitting each voxel depth-wise with the average score of the global GM, which was obtained with the help of the AAL template image. More details concerning the FDG-PET imaging can be found on the ADNI homepage.3 Moreover, after the completion of these pre-processing steps, we co-registered the FDG-PET images to their corresponding sMRI T1-weighted images using the SPM12 toolbox.



AV45-PET Image Acquisition

Alzheimer’s Disease Neuroimaging Initiative provides four different types of AV45-PET samples, which are: (1) AV45 Co-registered Dynamic; (2) AV45 Co-registered, Averaged; (3) AV45 Co-reg, Avg, Standardized image and Voxel size; and (4) AV45 Co-reg, Avg, Std Img and Vox Siz, Uniform Resolution. The type (3) baseline AV45-PET images were downloaded from the ADNI homepage. For each scan, the 5-min frames (four for florbetapir, acquired 50–70 min post-injection) were co-registered to the frame (rigid-body translation/rotation, six degrees of freedom) using the NeuroStat “mcoreg” routine (followed by the ADNI organization) (Jagust et al., 2015). The downloaded baseline AV45-PET samples were in DICOM and ECAT formats. In the first step, we converted this DICOM and ECAT format images to the Nifty format using the dcm2nii (Li et al., 2016) toolbox. Later, these images were spatially normalized to the MNI 152 template using the SPM12 toolbox (integrated within MATLAB 2019b) with a standard 91×109×91 tensor dimension image grid, having a voxel size of 2×2×2mm3 using the same process we introduced in section “FDG-PET Image Acquisition” for the FDG-PET image. More details about AV45-PET imaging can be found on the ADNI website (see text footnote 3). Furthermore, after the completion of the above stated pre-processing steps, we co-registered the AV45-PET images to their corresponding sMRI T1-weighted images using the SPM12 toolbox.



Resting-State Functional MR Image Acquisition

A 3.0-T Philips Medical sMRI scanner was used to acquire the fMRI images. All rs-fMRI images were obtained from the ADNI homepage. The sample for each subject consisted of 6720 DICOM images. The patients were required to relax, not to think, and to lie in the scanner during the scanning procedure. The sequence parameters were as follows: pulse sequence = GR, TR = 3000ms, TE = 30ms, flip angle = 80°, data matrix = 64×64, pixel spacing X, Y = 3.31mm and 3.31mm, slice thickness = 3.33mm, axial slices = 48, no slice gap, time points = 140. Because the signal-to-noise ratio (SNR) of the rs-fMRI images was limited, the collected data were pre-processed to reduce the impact of noise on the fMRI images. For the pre-processing of the rs-fMRI images, we used the Data Processing Assistant for Resting-state fMRI (DPARSF) (Chao-Gan and Yu-Feng, 2010) software, which can be downloaded from http://d.rnet.co/DPABI/DPABI_V2.3_170105.zip. For each subject, the entire pre-processing was divided into nine steps as follows: converting the DICOM format into the NIFTY format, removing the first ten time points, timing the slicing, head motion correction to adjust the time series of the images so that the brain was located in the same orientation in every image, normalization, smoothing by full width at half maximum (FWHM), removing the linear trend to eliminate the residual noise that systematically increases or decreases over time (Smith et al., 1999), temporal filtering to retain 0.01–0.08 Hz fluctuations, and removing covariates to eliminate physiological artifacts (Fransson, 2005), non-neuronal blood oxygen level-dependent (BOLD) fluctuations, and head motion.



Diffusion Tensor Imaging Image Acquisition

Diffusion tensor imaging images were also downloaded from the ADNI homepage. The DTI protocol used spin-echo diffusion-weighted echo-planar imaging with a TR/TE of 12000/1046ms, a voxel size of 0.9375×0.9375×2.35mm3, a matrix size of 256×256, 45 slices, 30 gradient directions, and a b-value of 1000s/mm2. More details about DTI imaging can be found on the ADNI webpage.4 This ADNI protocol was chosen after conducting a detailed comparison of several different DTI protocols to optimize the SNR in a fixed scan time (Jahanshad et al., 2013; Chen et al., 2018). The pre-processing of DTI data was performed using the diffusion toolbox of FSL (Version 6.0, FMRIB, Oxford, United Kingdom). FSL pre-processing included (i) corrections for eddy currents and head motion, (ii) skull stripping, and (iii) fitting the data to the diffusion tensor model to compute maps of fractional anisotropy (FA) and mean diffusivity (MD). A single diffusion tensor was fitted at each voxel of the eddy- and EPI-corrected DWI images using the FSL toolbox. Scalar anisotropy maps were obtained from the consequential diffusion tensor eigenvalues λ1,λ2,andλ3. FA, a measure of the degree of diffusion anisotropy, was defined in the standard way as

[image: image]

where < λ > is equal to the MD or average proportion of diffusion in all directions. The resulting images were smoothed with a Gaussian kernel of 5mm FWHM to improve the SNR and ensure a Gaussian distribution of the maps.



APOE Genotype

The APOE genotype for each subject was also obtained from the ADNI homepage. The APOE genotype is known to affect the risk of developing sporadic AD in carriers. The APOE genotype of each subject was noted as a pair of numbers representing which two alleles were present in the blood. This genetic feature was a single categorical variable for each participant and could have had one of five possible values: (ε2, ε3), (ε2, ε4), (ε3, ε3), (ε3, ε4), and (ε4, ε4). The most common allele is APOE ε3, but carriers of the APOE-ε4 variant have an increased risk of developing AD, whereas the APOE ε2 variant confers some protection on carriers (Michaelson, 2014). Of the three genetic polymorphisms, APOE shows the highest correlation with MCI status and stability (Brainerd et al., 2013). Several recent studies have linked the APOE-ε4 status to a relatively late risk of preclinical progression to AD. Until recently, ε4 variants (including ε4/ε4 and ε4/ε3 combinations) were inconsistently linked to the MCI status, likely reflecting both clinical and methodological differences in status classification. In this study, the genotype data were obtained from a 10 ml blood sample taken at the time of the scan and sent immediately to the University of Pennsylvania AD Biomarker Fluid Bank Laboratory for analysis.



Three Feature Extraction Processes

Figure 1 shows a block diagram of the proposed framework. In this study, we performed three types of analysis for the extraction of features from each imaging modality:
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FIGURE 1. Overview of the multimodal framework. (A) Selection of five imaging modalities (sMRI, FDG-PET, AV45-PET, rs-fMRI, and DTI) and APOE genotype. (B) Extraction of regional features using NiftyReg, pyClusterROI, and PANDA toolboxes. (C) Extraction of voxel features using SPM12, DPARSF, and FSL toolboxes. (D) Leave-one-out cross-validation method. (E) Multiple kernel learning. (F) Diagnostic output.



(1) Whole-brain parcelation (or atlas-based segmentation) is a quantitative method that provides a non-invasive way to measure brain regions via neuroimaging. It works by assigning tissue labels to the unlabeled images using sMRI scans as well as the corresponding manual segmentation. For sMRI, FDG, and AV45-PET scans, we used the 2-mm Atlas of Intrinsic Connectivity of Homotopic Areas (AICHA) template image (Joliot et al., 2015) for the extraction of 384 regions of interest (ROIs) from each image, whereas for the rs-fMRI and DTI scans, we used the 2-mm Craddock atlas template (Craddock et al., 2012) for the extraction of 200 ROIs from each rs-fMRI image and the 2-mm Johns Hopkins University (JHU) WM labels atlas for the extraction of 50 ROIs from each DTI image (Hua et al., 2008).

(2) Voxel-wise analysis or morphometry (VBM) is a computational approach to neuroanatomy that measures differences in local concentrations of brain tissue through a voxel-wise comparison of multiple brain images. It uses statistics to recognize differences in brain structure between groups of patients, which in turn can be used to infer the presence of atrophy or normal-tissue expansion in patients with disease. For sMRI, FDG, and AV45-PET scans, we used the SPM12 toolbox to apply VBM, whereas, for the rs-fMRI scans, we used the DPRASF toolbox integrated with SPM12 to apply VBM. For the DTI scans, we used the tract-based spatial statistics (TBSS) function from FSL (v.6.0).

(3) Graph theory methods are powerful methods for quantifying the organization of a network by means of brain anatomical features, including cortical thickness, GM volume, and WM tracks between GM regions. When applying graph theory to different neuroimaging modalities, the outcome is a network with vertices or nodes that are represented by brain voxels or regions defined by a predetermined parcelation structure, while the edges are denoted by inter-individual data relations between the regions estimated, for example, as the intensity of correlation between the regional measurements. Note that the edges of a structural network are not always denoted by correlations between regional capacities, but by the density or number of WM tract-linking regions. In an analysis of sMRI, FDG, and AV45-PET networks, the nodes are generally defined using an anatomical segmentation or parcelation of the brain into different regions. In this study, we used the 2-mm AICHA atlas template image (which was already segmented into 384 distinct regions) for the extraction of 384 ROIs from each sMRI, FDG, and AV45-PET image. In the case of functional networks, for the rs-fMRI and DTI images, we used the 2-mm Craddock atlas template image for the extraction of 200 ROIs, and the 2-mm JHU-WM (ICBM-DTI-81) label atlas for the extraction of 50 ROIs from each DTI image. After the nodes of the network were defined, the edges indicating the relationship between different regions was computed. For this, we used the BRAPH toolbox (Mijalkov et al., 2017) integrated into MATLAB 2019a. In BRAPH, the edges are calculated in a GUI graphical analysis as the statistical correlation between the values of pairs of brain regions for an individual or for a group of subjects, depending on the neuroimaging technique.




Feature Extraction Using Atlas-Based Segmentation

After completing a series of image pre-processing steps for each imaging modality as shown in Figure 1, we extracted the features from each modality. The dashed pink line in Figure 1 shows the feature extraction for a whole-brain analysis. For sMRI, FDG, and AV45-PET images, we used the 2-mm AICHA atlas template image for the extraction of 384 ROIs from each image (Gupta et al., 2019a). We then processed these images using the open-source NiftyReg toolbox (Modat et al., 2010), which is a registration toolkit that performs fast diffeomorphic non-rigid registration on images. After the registration process, we obtained the subject-labeled image based on a template with 384 segmented regions. For each of the 384 ROIs in the labeled MR and PET images, we computed the GM volume and the relative cerebral metabolic rate of glucose from the baseline MRI, FDG, and AV45-PET data, respectively and later used it as a feature. Therefore, for each sMRI and PET image, we obtained 384 features. For the rs-fMRI images, we ran a pyClusterROI Python script, which was downloaded from https://ccraddock.github.io/cluster_roi/, for the extraction of 200 ROIs from each rs-fMRI image. This method employs a spatially constrained normalized-cut spectral clustering algorithm to generate individual-level and group-level parcelations. A spatial constraint was imposed to ensure that the resulting ROIs were spatially coherent, i.e., that the voxels in the resulting ROIs were connected. Moreover, for DTI images, we ran a pipeline to analyze the brain diffusion images (PANDA toolbox), which can be downloaded from https://www.nitrc.org/projects/panda/, integrated with MATLAB R2019a in the Ubuntu 18.04 operating system for the processing of diffusion MRI images. The PANDA pipeline uses the FMRIB Software Library (FSL), Pipeline System for Octave and MATLAB (PSOM), Diffusion Toolkit, and MRIcron packages for the extraction of diffusion metrics (e.g., FA and MD) that are ready for statistical analysis at the voxel level or atlas level. For the parcelation of DTI images, it uses the 2-mm JHU-WM (ICBM-DTI-81) label atlas, which is already segmented into 50 distinct ROIs. After completion of this process, we gained the subject-labeled image based on a template with 50 distinct segmented regions.



Feature Extraction Using Voxel-Wise Morphometry

The dashed and dotted red line in Figure 1 shows the pipeline for the voxel-wise analysis (or the extraction of features) from sMRI, FDG, AV45-PET, rs-fMRI, and DTI images. For the voxel-wise analysis of sMRI, FDG, and AV45 images, we used the statistical mapping method (SPM12) toolbox integrated with the computational anatomy toolbox (CAT version 12), which can be obtained from https://www.fil.ion.ucl.ac.uk/spm/software/spm12/ and http://www.neuro.uni-jena.de/cat/. First, the MRI data were anatomically standardized using the 12-parameter affine transformation offered by the SPM template to compensate for differences in brain size. We chose the East Asian brain image template and left all other factors at their default setting. The sMRI images were then parcellated into GM, WM, and CSF images using the unified tissue segmentation method after the image strength non-uniformity correction was complete. The obtained linearly transformed and parcellated images were then non-linearly distorted using diffeomorphic anatomical registration via exponentiated lie algebra (DARTEL) methods and modulated to create an improved template for a DARTEL-based MNI152 template image, followed by smoothing using an 8 mm FWHM kernel. The final step consisted of voxel-wise statistical assessments. To construct a statistical parametric map, we calculated contrast values based on general linear model-estimated regression parameters. This technique executes a two-sample t-test to determine if there are major regional density differences between two sets of GM images. We obtained these regional information values representing the major density differences between two sets of GM images after executing a false discovery rate (FDR) and family wise error rate (FWER) correction. Based on this data, cluster values were obtained to create ROI binary masks, which were subsequently used to acquire GM volumes from GM brain images for use as a morphometric feature. Moreover, before submitting FDG and AV45 images to VBM analysis, the first step was to register the FDG and AV45 images with their corresponding sMRI images. We used the SPM12 toolbox for this registration. After the registration, we followed the same method as was used for the sMRI VBM analysis. SPM12 was used to produce statistical maps of between-group alterations in the regional-to-whole-brain dimensions of the cerebral metabolic rate for glucose (CMRgl) consumption in likely AD, MCIs, MCIc, and HC groups.

For rs-fMRI images, to decrease the influence of the SNR, the selected data should be pre-processed. In this study, we used the DPARSF toolbox,5 which was integrated with MATLAB R2019a, to calculate the whole-brain ALFF, fractional (fALFF), and REHO feature maps, as shown in Figure 2. Spatial smoothing was performed with a 4×4×4mm FWHM Gaussian kernel before the ALFF, FALFF, and REHO calculation. To minimize the low-frequency drift, linear trending was removed from the process. To explore the ALFF, fALFF, and REHO differences between the AD patient group and the other groups, a random-effects two-sample t-test was implemented on the individual ALFF, fALFF, and REHO maps in a voxel-wise way by taking the patients’ age as a confounding covariate. The ALFF was calculated by filtering the time courses of each individual voxel of the subjects with a fast Fourier transformation of the frequency area, and the power range or spectrum was then gained. Because the power of a specified frequency is relative to the square of the amplitude of this frequency, the square root was computed at each frequency domain of the power range, and then the averaged square root was found across 0.01–0.08 Hz at each individual voxel. Later, this averaged square root was taken as the ALFF index. The fALFF was calculated as the ratio of the amplitude within the low-frequency spectrum (0.01–0.08 Hz) to the total amplitude over the full frequency spectrum (0–0.25 Hz). It is generally calculated as a fraction of the sum of amplitudes across the entire frequency range detectable in a given signal. REHO is a voxel-based measure of brain activity that evaluates the similarity or synchronization between the time series of a given voxel and its nearest neighbors (Zang et al., 2004). It was calculated using Kendall’s coefficient of concordance with the time series of every 27 neighboring voxels. Then, a Kendall’s coefficient of concordance value (ranging from 0 to 1) was assigned to each voxel center. Voxels of higher strength in the REHO maps show greater similarity with the neighboring voxel’s time series. For the DTI images, FA maps were then created using the DTIfit approach and were entered into the TBSS environment to investigate changes in diffusivity measures along the WM tract. First, all FA data were non-linearly aligned to a common space (FMRIB58_FA), then the normalized FA images were averaged to create the mean FA image and a threshold set (FA > 0.2) (to exclude voxels that were primarily GM or CSF) to create a mean FA skeleton. Next, each participant’s FA data were projected onto the mean FA skeleton, followed by voxel-wise statistical analysis. Voxel-wise statistical analysis of FA in the WM skeleton was performed using Randomize, FSL’s non-parametric permutation interference tool. Multiple comparisons were corrected for by using threshold-free cluster enhancement (p < 0.05). WM regions were identified with the JHU-WM (ICBM-DTI-81) label atlas included in FSL.
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FIGURE 2. Pipeline showing feature extraction process for rs-fMRI image.




Graph Generation and Construction of sMRI, FDG-PET, AV45-PET, fMRI, and DTI Brain Networks

To assess the sMRI, FDG-PET, and AV45-PET network topology in AD, MCIs, MCIc, and HC subjects, the T1 images of these subjects were pre-processed using the NiftyReg toolbox with the integration of the 2-mm AICHA atlas template image. In total, 384 regions were extracted from each modality and included as a node in the network study. The edges between these brain regions were computed as a Pearson correlation, and the negative correlations were set to zero. The network connectivity analyses were carried out on the binary undirected graphs while controlling the number of networks across a range of densities from 5–25% with a step size of 0.5%. To assess the functional network topology of rs-fMRI images, we used the DPARSF toolbox integrated into MATLAB 2019a. Moreover, we followed the same method for the extraction of features that we followed for the rs-fMRI images in (see section “Feature Extraction Using Voxel-Wise Morphometry”). A regional time series of the 200 brain regions included in the Craddock template atlas was extracted for each patient. To compute the relationship between these regions, we used the Pearson coefficient and performed network analysis on the binary undirected graphs. To assess the DTI network topology in AD, MCIs, MCIc, and HC subjects, the DWI images of these subjects were pre-processed using the PANDA toolbox, which was integrated into MATLAB 2019b. The PANDA toolbox uses a 2-mm JHU-WM (ICBM-DTI-81) label atlas template image for the extraction of 50 WM regions from each DTI image. These extracted regions were later included as a node in the network analysis. The same procedure was followed with the same parameters as that described above for constructing a network for sMRI brain images. Moreover, several graph metrics were calculated to quantify the nodal or global topological organization of the structural and functional networks, including local efficiency, characteristic path length, transitivity, and modularity. Local efficiency is a measure of the average efficiency of data transfer within local subgraphs or regions, and it is defined as the converse of the shortest average path length between the regions of a given node and all other nodes. The local efficiency of node i is defined as: LEi = 1/di(di−1)∑j = Gi1/li,j, where di represents the number of nodes in the subgraph (Gi) and li,j is the length of the shortest path between nodes i and j. The distance between two vertices in a graph is the length of the shortest path between them if one exists. Otherwise, the distance is infinite, and the average of the shortest path between one node and all remaining other nodes is termed the characteristic path length. The characteristic path length lG is computed as: lG = 1/n(n−1)∑i≠jd(vi,vj), where n is the number of vertices (v) in a graph network, and d(vi,vj) denotes the shortest distance between vertices vi and vj. Transitivity (or the clustering coefficient) is defined as the ratio of paths that cross two edges to the number of triangles. Moreover, if a node is connected to a second node, which is in turn is linked to a third node, the transitivity reproduces the probability that the initial node is linked to the third node. It can be computed by: [image: image], where aij is the (i,j) entry of the binary connection matrix. aij = aji = 1 if there is a link between nodes i and j, and aij = aji = 0 otherwise. There are no self-loops in the network, thus aij = 0. Modularity is the fraction of the network edges that fall within the given groups, minus the expected fraction if edges were distributed at random. It also calculates to what extent a network can be divided into communities. It can be calculated by, [image: image], where the network is fully partitioned into M non-overlapping modules (or clusters), and qij represents the proportion of all links connecting nodes in module i with those in module j.



Classification Techniques

In supervised learning, classification resembles the task of determining to which category a new sample belongs, based on a training set of data containing instances for which associations have previously been identified. In neuroimaging, different information sources may contain different imaging modalities (e.g., sMRI, FDG, AV45, DTI, and rs-fMRI), different ways of extracting features from the same modality (e.g., ROI-based or voxel-based for every image), or a different feature subset. In the present study, we applied three different methods to extract features from the same neuroimaging modality as follows: whole-brain parcelation, voxel-wise analysis, and graphical representation. We were mainly interested in the first two approaches, where we used feature subsets as a kernel for each of the two methods. Later, we will combine (or concatenate) the approaches. We were particularly interested in examining models based on subsets of features extracted according to voxels or an anatomical criterion to attain predictions that enabled us to estimate the anatomical localization.


Multiple Kernel Learning

Kernel methods such as SVM (Cortes and Vapnik, 1995; Samper-González et al., 2018), which are based on similarity measures between data points, have been used with great success for dimensionality reduction and classification. Kernelization projects the native data space onto a higher-dimensional feature space. Non-linear relations between variables in the original space become linear in the transformed space. Let [image: image] be the training sample, where [image: image] is a data sample, M is the number of features from all modalities, and y(i)ε{1,−1} is the corresponding class label. The aim is to simultaneously acquire an optimal feature description and a max-margin classifier in kernel space because of its systematic and elegant way of forming complicated patterns. Therefore, to project the data, we will use the kernel trick. As we know, for any kernel (K) on an input space (X), there exists a Hilbert space (f), called the feature space, and the projection ∅ is given by the mapping ϕ:X→f, such that for any two-object (x,y) in X, K = (x,y) = < ϕ(x),ϕ(y) >, where <.,. > is the Euclidean or inner dot product of the data point. Examples of kernel functions include the linear, RBF, and others. Recent papers have shown that using multiple kernels rather than using a single kernel can improve the interpretability of a decision function, and in some instances, it improves the final performance. In MKL, the data are represented as a combination of base kernels. Each base kernel represents a different modality or feature of the entity. MKL seeks to find the optimal combination of base kernels so that the analysis tasks that follow are benefited the most. Classification tasks are represented especially well through MKL, as the optimal combination is the one that gives the maximum classification accuracy. The dual form of MKL optimization, as it is solved by conventional solvers like LIBSVM, is given as

[image: image]

where αi,αj are Lagrange multipliers, which are the variables obtained on converting the primal support vectors to the dual problem, and [image: image] is the m-th kernel function, which is applied to each pair of the samples, and C is the regularization parameter that controls the distance between the hyperplane and the support vectors. From the set of n training samples, the features of the i-th sample from the m-th modality are in the vector [image: image], and its corresponding class label, yi, is either +1 or −1. The weight on the m-th modality kernel, represented as βm, is optimized using a grid search, or as a separate optimization problem with fixed α. For each new test sample, s, the kernel functions are computed against the training samples. An MKL overview is depicted in Figure 3. Recent research has shown that including the base datasets in more than one kernel, each differing in their selection of kernel parameters, improves performance. All kernels are then normalized to the unit trace through the formula [image: image]. Here, we set the weights accordingly to conform with sMRI, FDG, AV45, DTI, rs-fMRI, and APOE genotype features. The combined kernels can be described as follows,
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FIGURE 3. MKL classification process.
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Then, we use the EasyMKL (Aiolli and Donini, 2015; Donini et al., 2019) solver to search for the combination of basic kernels that maximizes the classifier performances by optimizing a simple quadratic problem addressed by SVM by computing an optimal weighting. Besides its proven empirical success, a clear advantage of EasyMKL compared with other MKL approaches is its high scalability with respect to the number of kernels to be combined. It finds the coefficients η that maximize the edges in the training dataset, where the margin is calculated as the distance between the convex hull of the positive and negative samples. In particular, the general problem that EasyMKL aims to optimize is the following,
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where y is a diagonal matrix with training samples on the diagonal, and λ is a regularization hyperparameter, whereas domain Γ signifies two probability distributions over the set of negative and positive samples in the training set, that is [image: image] (Aiolli and Donini, 2015; Donini et al., 2019). Note that any element γεΓ resembles a pair of samples in the convex hull of the positive and negative training samples. At the solution, the first expression of an objective function denotes the obtained (squared) edge, which is the (squared) distance between a point in a convex hull of positive samples and a point in a convex hull of negative samples, in the considered feature space. It enforces sparsity across modalities while allowing more than one discriminative kernel to be chosen from the same modality. In other words, there is sparsity across modalities and non-sparsity within modalities, thereby making it a convex optimization problem. Moreover, in addition to the EasyMKL classifier, we also applied a RBF kernel (or Gaussian kernel) with SVM classifier for the comparison of our obtained results. An RBF kernel is a function with a score that depends on the distance from the origin (or from some points). It is represented by K(x1,x2) = e(∥x1−x2∥2/2σ2), where ∥x1−x2∥2 is the squared Euclidean distance between two data points x1 and x2. An RBF kernel has two parameters: gamma (γ) and C, and its performance depends on them. When the C value is small, the classifier is fine with misclassified input points (high bias, low variance), but when the C value is high, the classifier is severely penalized for misclassified data, and hence it leans over backward to avoid any misclassified input points (low bias, high variance). Moreover, when the γ value is low, the curve of the decision margin is quite low, and therefore the decision area is very large, but when the γ value is high, the curve of the decision margin is high, which creates decision-boundary bars around the input points. In our case, we applied the GridSearch method from a scikit-learn (v0.20) (Pedregosa et al., 2011) library to find the optimal hyperparameter (C and γ) value for the RBF-SVM classifier. The GridSearch was performed over the ranges of C = 1 to 9 and γ = 1e−4 to 7.



Cross Validation

Cross validation (CV) is one of the most widely utilized data resampling methods for estimating the generalization knowledge of a predictive design and for preventing under- or overfitting. CV is largely applied in settings where the aim is prediction and it is necessary to evaluate the accuracy of a predictive model. For a classification problem, a model is generally fitted with a known sample, called the training sample, and a set of unknown samples against which the model is examined, known as the test sample. The aim is to have a sample for testing the proposed model in the training period, and then present insight into how the particular model adapts to an independent sample. A round of CV involves the partitioning of samples into complementary subsets, then conducting analysis on an individual subset. After this, the study is verified on other subsets (called testing samples). To reduce variability, multiple rounds of CV are performed using several different partitions, and later an average of the outcomes is taken. CV is a powerful procedure in the evaluation of model performance. In this study, we utilized leave-one-out CV (LOOCV) from the scikit-learn (v0.20) (Pedregosa et al., 2011) library. LOOCV is a CV process in which the bulk of the fold is “1,” with “k” being fixed to the number of attributes in the dataset. This means that the number of folds equals the number of instances in the sample. Thus, the learning algorithm is employed once for each instance, utilizing all other instances as a training sample, and utilizing the selected instance as a single-item test sample. This type of CV is useful when the training samples are of limited size and the number of attributes to be verified is not high.



Implementation

Our classification framework and validation experiments were implemented in Python 3.5 using an interface to the scikit-learn v0.20 (Pedregosa et al., 2011) library to measure performance, and using MKLpy (v0.5)6 for the MKL framework. The main source code will be made available on the GitHub website.7 The dataset list will be available in the Supplementary Material. Nonetheless, please note that you must prepare the original image features independently.



RESULTS

In this section, we present the performance results of each classification (AD vs. HC, MCIs vs. MCIc, AD vs. MCI, AD vs. MCIc, HC vs. MCIs, and HC vs. MCIc) for all five neuroimaging and APOE genotype modalities using whole-brain parcelation, the voxel-wise method, and the graphical method. We implemented the multimodal fusion approaches for the integration of the sMRI, FDG, AV45, rs-fMRI, DTI, and APOE genotype data. We used the combined representation to distinguish patients with AD from healthy subjects. The combined approach is considered successful if the classification task is performed with greater accuracy and higher AUC score, higher precision, and better sensitivity and specificity against unimodal classification. Along with the unimodal approaches, we evaluated the classification of a concatenated data vector comprising data from the five neuroimaging modalities and two APOE genotype modalities, and used it as a baseline. Moreover, after the completion of extracting features from each modality using whole-brain parcelation and voxel-wise analysis, we passed these extracted features through a polynomial kernel function to map the original non-linear low-dimensional features onto a higher-dimensional space in which they became separable. After that, a data fusion technique was used to combine the multiple kernel features into a single form before passing them through the EasyMKL classifier for the binary classification of the six groups. For an unbiased performance assessment, the classification groups were randomly split into two sets at a 70:30 ratio as training and testing sets, respectively. In a training set, finding the right values for the lambda (λ) parameter is quite difficult, and their values influence the classification result. Therefore, to find the optimal hyperparameter values for a lambda from 0 to 1 of an EasyMKL algorithm, we used the leave-one-out cross-validation technique on the training set. For each method, the optimized values obtained for the hyperparameter were then used to train the EasyMKL classifier using the training group. The performance of the resulting classifier was then estimated on the remaining 30% of the data in the testing dataset, which was not used during the training step. Here, cross validation was used to assess how the result of the classification analyses could generalize to an independent group. One round of cross validation includes partitioning the data sample into disjoint subsets of instances, performing the analysis on one subsection (the training group), and validating the study on the other subset (the testing or validation set). To reduce variability, numerous rounds of cross validation are done using different subsets, and the validation outcomes are averaged over the rounds. In the present study, we used an LOOCV, which involves separating a single instance (either control or patient) from the complete example for testing while the remaining instances are used for training purposes. This splitting is iterated so that each instance in the whole sample is used once for validation. After all iterations, the final accuracy is quantified as the mean of the accuracies gained across each fold. In this way, we attained unbiased estimations of the performance for each classification problem. Moreover, after the completion of whole-brain and voxel-wise analysis, we used the BRAPH toolbox to perform the brain graphical analysis for each classification group with the same five neuroimaging features (sMRI, FDG, AV45, rs-fMRI, and DTI), which we extracted in the whole-brain analysis. For each analysis, we measured the accuracy (ACC, calculated as the average of the proportion of correctly classified subjects from each class individually), the sensitivity (SEN, described as true positive – the number of subjects correctly classified), and the specificity (SPEC, described as true negative – the number of healthy controls correctly categorized), precision (PRE, referring to how well the measurements agree with each other across multiple tests), F1-score (explained as a weighted average of recall and precision, where an F1-score attains its best value at one and its worst at zero), and AUC-ROC [a receiver operating characteristic curve (ROC curve) is a graphical plot that illustrates the diagnostic aptitude of a binary classifier scheme as its differential threshold is varied]. An AUC-ROC curve is constructed by plotting the true positive rate (TPR) against the false positive rate (FPR). The TPR is the proportion of observations that were correctly predicted to be positive out of all positive observations [TP/(TP + FN)]. Likewise, the FPR is the proportion of observations that are incorrectly predicted to be positive out of all negative observations [FP/(TN + FP)]. The ROC curve shows the trade-off between sensitivity (or TPR) and specificity (1−FPR). Classifiers that give curves closer to the top-left corner show better performance. As a baseline, a random classifier is expected to give points lying along the diagonal (FPR = TPR). The closer the curve comes to the 45-degree diagonal of the ROC space, the less accurate the testing data are. For each classification group, we also measured Cohen’s kappa values, which measures the inter-rater reliability between two individuals (Cohen, 1960). Kappa measures the percentage of information scores in the main diagonal of a table and then adjusts these scores for the quantity of agreement that could be assumed due to chance alone. The formula for calculating Cohen’s kappa for two raters is given by K = p0−pc/1−pc, where p0 is the relative observed agreement among raters and pc is the hypothetical probability of chance agreement. Kappa is always less than or equal to 1. A value of 1 suggests perfect agreement, and scores less than 1 suggest less than the best agreement. In rare circumstances, Kappa can achieve a negative score. This signifies that the two groups agreed less than would be predicted by chance alone.


Classification Performance Across Single and Combined Modalities Using Whole-Brain Parcelation Analysis

For the whole-brain analysis, we used the 2-mm AICHA atlas template image for sMRI, FDG, and AV45-PET images with the NiftyReg toolbox for the extraction of 384 ROIs from each neuroimaging modality (as shown in Figure 1B). For each rs-fMRI and DTI image, we used the 2-mm Craddock atlas template and the 2-mm JHU-WM (ICBM-DTI-81) label atlas for the extraction of 200 and 50 ROIs, from each rs-fMRI and DTI image, respectively, using the pyClusterROI Python script and the PANDA toolbox (as shown in Figure 1B). In total, we obtained 1404 features for a single image, 384 features from each sMRI, FDG, and AV45-PET image, 200 from each rs-fMRI image, 50 features from each DTI image, and two features from the APOE genotype data. Afterward, we passed these obtained features through a normalization technique to minimize the redundancy within the dataset. Furthermore, we passed these low-dimensional, normalized features from the polynomial kernel matrix to map them onto a high-dimensional feature space. Then we fused all these high-dimensional features in one form before passing them through the EasyMKL algorithm for classification. The obtained AUC-ROC graph and Cohen’s kappa scores are plotted in Figures 4, 5.
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FIGURE 4. ROC curve for (A) AD vs. HC, (B) MCIs vs. MCIc, (C) AD vs. MCIs, (D) AD vs. MCIc, (E) HC vs. MCIs, and (F) HC vs. MCIc using whole-brain parcelation analysis. The red solid line shows the result of a combined-ROI curve with single modality features.



[image: image]

FIGURE 5. Cohen’s kappa plot for AD vs. HC, MCIs vs. MCIc, AD vs. MCIs, AD vs. MCIc, HC vs. MCIs, and HC vs. MCIc are grouped using whole-brain parcellation analysis. The above graph clearly shows the benefit of the combined-ROI modality over any single modality.


For the single modalities, whole-brain MKL analysis for AD vs. HC (Table 2), using only the APOE genotype, achieved 85.71% accuracy. Similar accuracy was obtained using sMRI (90.48%), FDG-PET (91.5%), AV45-PET (89.39%), and rs-fMRI (92.42%). Using DTI-FA, the accuracy was increased to 93.17% compared with both genotype and functional imaging. When the combined-ROI features were passed through the classifier, the accuracy increased to 96.05%. Additionally, the obtained Cohen’s kappa value was 0.9066, which is closer to 1 than the kappa values of the individual modalities. Figure 5 shows the Cohen’s kappa plot for the combined-ROI.


TABLE 2. Classification results for AD vs. HC, MCIs vs. MCIc, AD vs. MCIs, AD vs. MCIc, HC vs. MCIc, and HC vs. MCIs groups using ROI features (EasyMKL).
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Here, for AD vs. HC classification, the combined-ROI features performed very well compared with the single modalities. Similarly, for the single modalities, whole-brain MKL analysis for MCIs vs. MCIc (Table 2) using only the APOE genotype achieved 85.24% accuracy. Similar accuracy was obtained using FDG-PET (86.88%), AV45-PET (89.47%), and rs-fMRI (88.52%). Using sMRI-extracted ROI features, the achieved accuracy was lower (84.71%) in comparison with other single modalities. Using DTI-FA, the accuracy increased to 91.80% in comparison with both genotype and functional images. Moreover, when the combined-ROI features were passed through the classifier, the accuracy increased to 94.74% and the obtained Cohen’s kappa value was 0.8950 (Figure 5), which is closer to 1 than that for the individual modalities. Here, for the MCIs vs. MCIc classification, the combined-ROI features performed very well compared with the single modalities. Likewise, for the AD vs. MCIc classification problem, the best performance was attained using a combination of six modalities of features, which achieved an accuracy of 94.89% with a Cohen’s kappa of 0.8502. In this case, the rs-fMRI and DTI-FA unimodal features performed better for classifying the (AD vs. MCIc) group than the other unimodal features, and their obtained accuracies were 92.06 and 93.65%. For the AD vs. MCIs group, our proposed technique achieved 93.59% accuracy, which was 1.66% higher than the best accuracy obtained by the DTI-FA (unimodal) feature for classifying this group. The Cohen’s kappa score obtained for the AD vs. MCIs group was 0.8562 (Figure 5) which is close to the maximum agreement value of 1. For the HC vs. MCIc classification problem, our proposed method combining all six modalities of a biomarker to distinguish between HC and MCIc achieved good results compared with the single modality biomarkers. For this classification problem, our proposed method achieved 94.24% accuracy with a Cohen’s kappa of 0.8814 (Figure 5). In this case, from Table 2, we can see that all three (FDG-PET, AV45-PET, and rs-fMRI) functional imaging features performed well compared with the other unimodal features, and their obtained Cohen’s kappa scores were 0.7610, 0.7981, and 0.8129, which are all close to 1. Likewise, for the HC vs. MCIs group, our proposed technique achieved 95.55% accuracy, which is 1.62% higher than the best accuracy obtained by the DTI-FA (unimodal) feature for classifying this group. The obtained Cohen’s kappa score for the HC vs. MCIs group was 0.8697 (Figure 5), which is close to the maximum agreement value of 1. Therefore, from Table 2 and Figures 4, 5, we can state that for all classification combinations, our proposed method attained a high level of performance compared with the individual modality of biomarkers, varying from 1 to 3%, and our proposed scheme also attained a higher level of agreement between all six classification combinations than the individual modality-based methods.

The number of extracted ROIs was slightly higher for the sMRI, FDG-PET, and AV45-PET images than for the other modalities, although the real number of features used as input for each single and combined model varied across the models. Except for the HC vs. MCIc group, in the (AD vs. HC, MCIs vs. MCIc, AD vs. MCIc, AD vs. MCIs, and HC vs. MCIs) classification sets, it is interesting to observe that even though the number of extracted ROI features for sMRI, FDG-PET, AV45-PET, and rs-fMRI were higher than the number of DTI-FA ROI features, the obtained accuracy was lower than for the DTI-FA ROI features for the stated classification groups. Out of the 1404 ROIs, 384 ROIs selected from sMRI, 384 ROIs selected from FDG-PET, 384 ROIs selected from AV45-PET, 200 ROIs from rs-fMRI, 50 ROIs from DTI-FA, and the remaining two ROIs from APOE genotype corresponded to 27.3% (each of sMRI, FDG-PET, and AV45-PET), 14.5% (rs-fMRI), 3.5% (DTI-FA), and 0.1% (APOE) of the total number of features. In Figure 4, we show the ROC curves (plots of the TPR vs. the FPR for dissimilar possible cut-points) for each study presented in Table 2. The obtained AUC is presented in each plot. Figure 4 shows that our proposed method achieved higher AUC values for all classification sets than did the individual modalities. For the AD vs. HC and HC vs. MCIs classification groups, our proposed method achieved an AUC greater than 95%, while for the MCIs vs. MCIc, AD vs. MCIs, AD vs. MCIc, and HC vs. MCIc groups, the proposed method achieved an AUC less than 95%, (MCIs vs. MCIc, AD vs. MCIs, AD vs. MCIc, and HC vs. MCIc) < 95% < (AD vs. HC and HC vs. MCIs). The obtained result using the RBF-SVM classifier can be found in Supplementary Table S31. From Supplementary Table S31, we can say that the combined-ROI features performed very well as compared with the individual modality outcomes for all six binary classification groups. Table 2 and Supplementary Table S31 clearly show the advantage of using combined features over individual ones (see Supplementary Table S31).



Classification Performance Across Single and Combined Modalities Using Voxel-Wise Analysis

For the voxel-wise analysis of the sMRI, FDG-PET, and AV45-PET images, we used the SPM12 toolbox with the integration of the CAT12 toolbox in MATLAB R2019a. For the DTI images, we used the DTIfit and TBSS functions from the FSL toolbox. For the voxel-wise analysis of rs-fMRI images, we used the DPARSF toolbox in MATLAB R2019a. Afterward, we passed these obtained features with two features from the APOE genotype data through a normalization technique to minimize the redundancy within the dataset. Furthermore, we passed these low-dimensional, normalized features from the polynomial kernel matrix to map them onto a high-dimensional feature space. Then we fused all these high-dimensional features in one form before passing them through the EasyMKL algorithm for classification. The obtained result are shown in Table 3 and Figure 6 shows the Cohen’s kappa plot for all six classification groups using voxel-wise analysis.


TABLE 3. Classification results for AD vs. HC, MCIs vs. MCIc, AD vs. MCIs, AD vs. MCIc, HC vs. MCIc, and HC vs. MCIs groups using voxel-wise (VOI) features (EasyMKL).
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FIGURE 6. Cohen’s kappa plot for AD vs. HC, MCIs vs. MCIc, AD vs. MCIs, AD vs. MCIc, HC vs. MCIs, and HC vs. MCIc are grouped using voxel-wise analysis. The above graph clearly shows the benefit of the combined-VOI modality over any single modality.



AD vs. HC

We calculated the statistical values that represented the significance levels of the groups in the activation map as presented in Supplementary Tables S1–S5 after comparing the outcomes of the statistical two-sample t-tests for the AD vs. HC group. These tables specify the main affected area observed in the AD vs. HC set and the obtained voxel cluster with detailed information, including its peak areas in the form of the MNI space, cluster-level p-score, and the peak intensity in the T-score of each group. We used an uncorrelated threshold value of puncorrected≤0.001 at the voxel level, an FDR value of pFDR = 0.05, and an FWER value of pFWER = 0.05 at the cluster level to achieve a bias alteration for multiple comparisons. An ROI binary mask was created from the selected clusters of each modality, and later the GM and WM volumes were removed from the two sets of images (AD vs. HC) (see Supplementary Tables S1–S5). Figure 7A shows the most significant regions where these groups differ from each other using an AV45-PET neuroimage, and the obtained voxel cluster is shown in Supplementary Table S3. Likewise, Figure 8A shows the most significant regions where these groups differ from each other using a DTI-FA neuroimage, and the obtained voxel cluster is shown in Supplementary Table S5 (see Supplementary Tables S3, S5).
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FIGURE 7. Affected region for (A) AD vs. HC, and (B) MCIs vs. MCIc is shown using AV45-PET image.
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FIGURE 8. Selected WM voxels for the (A) AD vs. HC, and (B) MCIs vs. MCIc classification using DTI image.




MCIs vs. MCIc

Supplementary Tables S6–S10 show the main affected areas in the MCIs vs. MCIc group, the obtained voxel clusters with detailed information about its peak coordinates in the MNI space, the cluster-level p-score, and the peak intensity in the T-score of each group. For the MCIs vs. MCIc group, we used an uncorrelated threshold value of puncorrected≤0.001 at the voxel level, an FDR value of pFDR = 0.05, and an FWER value of pFWER = 0.05 at the cluster level to accomplish a bias alteration for multiple comparisons. An ROI binary mask was created from the selected clusters of each modality and later GM and WM volumes were removed from the two sets of images (MCIs vs. MCIc) (see Supplementary Tables S6–S10). Figure 7B shows the most significant region where these groups differ from each other using an AV45-PET neuroimage, and the obtained voxel cluster is shown in Supplementary Table S8. Likewise, Figure 8B shows the most significant region where these groups differ from each other using a DTI-FA neuroimage, and the obtained voxel cluster is shown in Supplementary Table S10 (see Supplementary Tables S8, S10). Moreover, we followed the same procedure for the calculation of voxel clusters for the AD vs. MCIc, AD vs. MCIs, HC vs. MCIc, and HC vs. MCIs groups as we followed for the AD vs. HC and MCIs vs. MCIc groups. The obtained voxel clusters with detailed information about its peak coordinates in the MNI space, the cluster-level p-score, and the peak intensity in the T-score of each group are shown in Supplementary Tables S11–S30 (see Supplementary Tables S11–S30). Likewise, Supplementary Figures S1a,b show the most significant region for the AD vs. MCIc and HC vs. MCIc groups using the DTI-FA modality of the biomarker.

The obtained voxel cluster for these two groups is shown in Supplementary Tables S15, S25 (see Supplementary Figures S1a,b and Supplementary Tables S15, S25). After completing the extraction of the series of features from each individual modality, we passed these obtained features through the polynomial kernel matrix to map these low-dimensional features onto a high-dimensional feature space. We then fused all these high-dimensional features in one form before passing them through the EasyMKL algorithm for classification. Table 3 shows the classification results for the AD vs. HC group using voxel-wise features. It shows that the combined features performed very well for this group compared with the single-modality results. The combined features achieved a 95.55% AUC for classifying the AD vs. HC group, as shown in Figure 9, with a Cohen’s kappa value of 0.9014, which is close to 1, as shown in Table 3 and Figure 6. This indicates that these two groups have a good level of agreement between them. Table 3 shows the classification results for the MCIs vs. MCIc group using voxel-wise features. This table also shows that the combined features performed very well for classifying the MCIs vs. MCIc group compared with the single-modality performances. The combined features achieved an AUC of 94.90% when classifying the MCIs vs. MCIc group, as shown in Figure 9. The Cohen’s kappa value was 0.8825, which is close to 1, as shown in Table 3 and Figure 6. This indicates a good level of agreement between the two groups. Furthermore, for the AD vs. MCIc and AD vs. MCIs classification groups, our proposed system attained a high level of performance and agreement (0.9145 and 0.8869) compared with the individual modalities biomarkers. For the AD vs. MCIc group, AV45-PET and DTI-FA attained high classification accuracy compared with other unimodal biomarkers, but their gained accuracy was 3% less than the accuracy gained by the combined-VOI process, which was 96.20% with a 0.9145 (Figure 6) Cohen’s kappa score. Likewise, for the AD vs. MCIs group, the proposed method achieved 95.16% accuracy with a 0.8869 (Figure 6) Cohen’s kappa score. For the HC vs. MCIc classification group, the AV45-PET individual modality biomarkers performed very well compared with the other single modality biomarkers. The obtained accuracy and Cohen’s kappa score using AV45-PET biomarkers were 94.02% and 0.8481 (Figure 6). Moreover, we then passed the combined-VOI features through the EasyMKL classifier for the classification of the HC vs. MCIc group, and after the classifier was applied, the accuracy increased by 1.5%. This suggests that the combined-VOI features were beneficial for classifying this group. Likewise, for the HC vs. MCIs classification group, the rs-fMRI features of ALFF and fALFF achieved a good level of performance and agreement (0.8386 and 0.8248) compared with the other individual modality biomarkers. In this case, the individual features of the APOE genotype also performed well compared with the FDG-PET imaging modality biomarker, but the individual modality biomarker’s performance was not very good compared with the combined-VOI result (Table 3). The combined-VOI features achieved a 94.43% accuracy and an AUC of 94.67% with a 0.8864 Cohen’s kappa score for classifying the HC vs. MCIs group. Figure 9 shows the ROC curve for all six classification groups; the red solid line in every classification task indicates the combined-VOI features for that particular group. Consequently, from Table 3 and Figures 6, 9, we can state that for all classification combinations, our proposed method attained a high level of performance compared with the individual modality biomarkers, varying from 1 to 3%, and our proposed scheme also attained a high level of agreement between each of the six classification combinations compared with the individual modality-based methods. The obtained result using the RBF-SVM classifier can be found in Supplementary Table S32. From Supplementary Table S32, we can say that the combined-VOI features performed very well as compared with the individual modality outcomes for all six binary classification groups. Table 3 and Supplementary Table S32 clearly show the advantage of using combined features over individual ones (see Supplementary Table S32).
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FIGURE 9. ROC curves for (A) AD vs. HC, (B) MCIs vs. MCIc, (C) AD vs, MCIs, (D) AD vs, MCIc, (E) HC vs. MCIs, and (F) HC vs. MCIc using voxel-wise (VOI) analysis. The red solid line shows the result of the combined-VOI curve, including all single-modality features.


While searching for the most significant region where AD vs. HC subjects differed from each other, we found that the (left/right) temporal-mid, (left/right) frontal-sup, (left/right) occipital-mid, (left/right) occipital-inf, (left/right) temporal-sup, (left/right) fusiform, (left/right) hippocampus, (left/right) temporal-inf, (left/right) precentral, and the (left/right) sagittal stratum were the regions where these subjects differed from each other most (Supplementary Tables S1–S5). Likewise, for the MCIs vs. MCIc group, we found that the (left/right) precentral, (left/right) precuneus, (left/right) frontal-mid, (left/right) cingulum-mid, (left/right) temporal-inf, (left/right) temporal-sup, (left/right) frontal-dup-medial, (left/right) cerebellum-9, (left/right) thalamus, and (left/right) fusiform were the regions where these subjects differed from each other most significantly (Supplementary Tables S6–S10). For the AD vs. MCIc group, we found that the (left/right) frontal-inf-tri, (left/right) frontal-inf-oper, (left/right) frontal-inf-orb, (right) hippocampus, (left/right) precentral, (left/right) thalamus, (left) pallidum, (left/right) lingual, and (left/right) inferior longitudinal fasciculus were the regions where these group subjects differed from each other most (Supplementary Tables S11–S15). As for the AD vs. MCIs group, we found that the (left/right) precentral, (left/right) frontal-mid, (left/right) hippocampus, (left/right) temporal-inf, (left/right) frontal-inf-orb, (left/right) occipital-mid, (right) posterior corona radiate, and (left/right) precuneus were the most significant regions where these group subjects differed from each other (Supplementary Tables S16–S20). For the HC vs. MCIc and HC vs. MCIs groups, we found that the (left/right) precentral, (left/right) cerebellum-6, (left/right) precuneus, (left/right) frontal-mid, (left/right) corticospinal tract, (left/right) lingual, (right) amygdala, and the (left/right) occipital-sup were the most significant regions where these two groups differed from each other (Supplementary Tables S21–S30). It is interesting to note that the (left/right) precentral region was found in every classification problem when computing voxel clusters (see Supplementary Tables S1–S30).

Table 4 shows the combined (VOI + ROI) classification results for all six classification groups after concatenating the extracted features from the whole-brain and voxel-wise methods with the APOE genotype. Before passing these features to the EasyMKL classifier, we applied a polynomial kernel matrix to map these low-dimensional features onto a high-dimensional feature space, so that every feature revealed its importance to the classifier. These high-dimensional features were fused into one form. We then passed these features to the MKL algorithm for classification.


TABLE 4. Classification result of AD vs. HC, MCIs vs. MCIc, AD vs. MCIs, AD vs. MCIc, HC vs. MCIc, and HC vs. MCIs groups using combined-(VOI + ROI) features, with both whole-brain and voxel-wise features (EasyMKL).
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For the AD vs. HC classification group, the combined-(VOI + ROI) feature performed very well compared with the combined-VOI and combined-ROI features. The AUC and Cohen’s kappa scores were increased by 2–2.5% (97.78%, 0.9456) compared with those of combined-ROI and combined-VOI (Figure 10 and Table 4). Moreover, for the MCIs vs. MCIc classification group, Table 4 and Figure 10 show that the combined-(VOI + ROI) features achieved an AUC of 96.94% (2% increment), which was very high compared with the other two combined features. The obtained Cohen’s kappa value (0.9247) was also high compared with that of the combined-VOI and combined-ROI. Furthermore, for the AD vs. MCIs, HC vs. MCIs, and HC vs. MCIc classification groups, our proposed system performed very well compared with the results obtained by the combined-VOI and the combined-ROI for these groups. From Table 4, we can see that for these three (AD vs. MCIs, HC vs. MCIs, and HC vs. MCIc) groups, there is a 2–3% increment in every measured performance. The obtained AUC scores for these three groups are 96.25, 96.59, and 96.67%. Likewise, in the case of the AD vs. MCIc group, the Combined-ROI method performed very well compared with the combined-(VOI + ROI) and combined-VOI methods. The measured performance difference was not exceedingly high between the combined-ROI and the combined (VOI + ROI) method (just 1%) for the AD vs. MCIc group. The obtained result using the RBF-SVM classifier can be found in Supplementary Table S33. From Supplementary Table S33, we can say that the combined-(VOI + ROI) features performed very well as compared with the combined-ROI and combined-VOI features for all six binary classification groups. Table 4 and Supplementary Table S33 clearly show the advantage of using combined-(VOI + ROI) features over those of combined-ROI and combined-VOI (see Supplementary Table S33).
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FIGURE 10. ROC curve for (A) AD vs. HC, (B) MCIs vs. MCIc, (C) AD vs, MCIs, (D) AD vs, MCIc, (E) HC vs. MCIs, and (F) HC vs. MCIc using combined-(VOI + ROI). The red solid line shows the result of the combined-(VOI + ROI) curve, with combined-ROI and combined-VOI features.




Graph Network Construction and Analysis for All Six Classification Groups

For graph analysis or construction of a graph network, we used the BRAPH toolbox integrated into MATLAB 2019a. Additionally, we performed structural and functional graph theory for all six binary classification groups (AD vs. HC, MCIs vs. MCIc, AD vs. MCIc, AD vs. MCIs, HC vs. MCIc, and HC MCIs). Nodal measures were taken and comparisons were performed using the binary undirected graphs, and their measures were assessed over a set of network densities, which refers to the ratio between the number of connections in the network and the number of possible connections, ranging from 5–25% with a step size of 0.5%. Several graph metrics were calculated to quantify the nodal or global topological organization of the structural and functional networks, including local efficiency, characteristic path length, transitivity, and modularity. For all six binary classification groups, non-parametric permutation test samples with 1000 permutations each were conducted to assess the differences between the groups, which were significant for a two-tailed test of the null hypothesis at p < 0.05. The structural correlation matrices graph of AD, HC, MCIs, and MCIc of the sMRI subjects is shown in Figure 11. All groups showed strong correlations between bilaterally homologous regions. The plots in Figures 12, 13 and Supplementary Figures S2–S5 show the lower and upper bounds (dark red spheres) of the 95% confidence intervals (CI) (dark gray shade) as a function of density. The blue, green, pink and purple spheres show the differences between sets and, when falling beyond the CI, indicate that the change was statistically significant at p < 0.05.
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FIGURE 11. Weighted correlation matrices graph (of 384 regions) for AD, HC, MCIs, and MCIc for sMRI biomarkers.
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FIGURE 12. Differences between the AD vs. HC group in global structural topology. The blue sphere represents characteristic path length, green sphere represents local efficiency, pink sphere represents modularity, purple sphere represents transitivity, and the dark red sphere represents 95% confidence intervals for these measures.
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FIGURE 13. Differences between the MCIs vs. MCIc group and global structural topology. The blue sphere represents characteristic path length, green sphere represents local efficiency, pink sphere represents modularity, purple sphere represents transitivity, and the dark red sphere represents 95% confidence intervals for these measures.


The small dark red dot in the middle with a value around zero specifies the mean value of the change in the global network measures between the randomized sets after the permutation tests.

We also compared the nodal degree for all six binary classification groups using all modalities. The FDR correction value was kept constant at 0.05 for all six binary classification groups. Regarding the global network topology shown for AD vs. HC in Figure 12, we found a longer characteristic path length using only FDG (which started at 0.15) than that with other neuroimaging modalities, and the path length was above the mean value of the difference. In the case of local efficiency, we found that the AV45 modality was the only one that started (at 0.05) above the mean value. Moreover, by comparing the modularity graph in the AD vs. HC group, we found that sMRI showed the greatest difference (modularity started at 0.14) of all modalities, and its network densities were almost constant until 25% (showing that the network topology is widely spread). The rs-fMRI modality performed very well for the transitivity graph compared with the other modalities, starting from 0.06 and increasing to 25%, although it decreased in some network densities. Moreover, we also computed the regional or nodal network topology for the AD vs. HC group, which is shown in Figures 14A,B. Figures 14A,B show that the AV45 and FDG-PET modalities are the only one neuroimage that shows the numbers of significant region changes in a nodal network topology for the AD vs. HC group. The nodal degree showed significant increases in the right g-frontal-sup-1, left g-cuneus-2, left g-frontal-sup-3, left g-frontal-sup-1, left g-frontal-med-orb-1, and right s-precentral-3 regions. Likewise, for the MCIs vs. MCIc group, we found increases in the characteristic path length and local efficiency using FDG (in both cases, it started at 0.01, as shown in Figure 13). For the modularity, sMRI attained 5% network density, but after that, it decreased to 25%. At the same time, the modularity in DTI neuroimages increased in network density from 10 to 25%. Likewise, for transitivity, compared with other modalities that started below the mean value, the AV45 modality was the only modality that started from 0 (difference), and its network increased in every single network density.
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FIGURE 14. Brain maps representing the most predictive regions for distinguishing between the AD vs. HC and MCIs vs. MCIs groups. Differences between groups in nodal measures. Nodes showing significant differences among groups in the nodal degree after FDR corrections. For both classification groups, AV45 and FDG show the most significantly affected regions. Dark blue shows the most significant region, whereas light red indicates the least significant region.


This transitivity plot shows the most widespread topological changes for the MCIs vs. MCIc group. Figures 14C,D show that the AV45-FDG is the most important modality to show the numbers of significant region changes in the nodal topology of the MCIs vs. MCIc group. Left s-postcentral-2, right g-parietal-inf-1, left g-frontal-inf-tri, right g-lingual-2, right g-parahippocampus-5, left n-thalamus-6, left s-parietooccipital-4, left-lingual-3, and left g-cingulum-post-2 are the most significant regions shown by the nodal degree for the MCIs vs. MCIc classification group. For the AD vs. MCIc classification group, the global network topology is shown in Supplementary Figure S2. The rs-fMRI is the only modality that shows an increment in the characteristic path length measure. It starts at 0.38 (difference), and lies inside the CI and above the mean value, but at 15–17% network density, some of its networks lie outside of the CI upper bound, and again from 18% density, its network lies inside the CI until 25% density is reached. We can also see that at around 13% network density, some of its networks are close to the mean value (which is shown by small dark red dots). It shows the most widespread topological changes for the AD vs. MCIc group. The FDG-PET modality shows an increase only for the local efficiency measure. Modularity and transitivity increase across almost all network densities for the sMRI and AV45-PET modality compared with the other individual modalities. Supplementary Figures S6a,b show that AV45 and rs-fMRI modalities are the only one that shows the numbers of significant region changes in a nodal network topology for the AD vs. MCIc group. The nodal degree shows significant increases in the left g-lingual, (left/right) g-lingual-3, (left/right) occipital pole, right cerebellum, left n-caudate-5, right n-caudate-2, left n-thalamus-2, and left frontal pole regions (see Supplementary Figures S2, S6). Likewise, for the AD vs. MCIs group, the global network topology is shown in Supplementary Figure S3. The FDG-PET modality is the only one showing a characteristic path length that lies inside the CI and above the mean value. In comparing local efficiency measures in every modality, we found that the rs-fMRI modality was the only one neuroimage that lies above the mean value (which is plotted by small dark red), although every modality lies inside the CI. The modularity increased, and at the same time, the transitivity decreased for the AD vs. MCIs group, as shown by the sMRI modality, but both plots lie inside the 95% CI. The right n-caudate-2, left g-insula-anterior-2, left g-frontal-mid-orb-1, left g-cuneus-2, right g-angular-3, right g-occipital-pole-1, right n-thalamus-6 were the most significant regions as shown by the nodal degree for the AD vs. MCIs classification group using FDG and sMRI images (Supplementary Figures S3, S6c,d). The global network topology is plotted in Supplementary Figure S4 for the HC vs. MCIc classification group. From this plot we can see that the characteristic path length begins at 0.8 (difference) at a 5% density in the rs-fMRI modality (which is very high compared with other modalities). However, it suddenly begins to decrease at 8–13% density, and crosses lower bound (represented by a dark red sphere), and again later, it increases at 14% network density. The rs-fMRI modality is the only one neuroimage where the local efficiency, modularity, and transitivity lie above the mean values (small dark red sphere). Moreover, this plot lies in the middle of the 95% confidence interval. Supplementary Figures S7a,b show that the DTI-FA and rs-fMRI modalities are the only one neuroimage that show the numbers of significant region changes in the nodal network topology for the HC vs. MCIc group. The nodal degree shows significant increases in the right inferior-parietal-g, left superior occipital-g, right brainstem, right midbrain, left postcentral-g, left parahippocampal-g, left corticospinal tract, (left/right) posterior limb of the internal capsule, and the left uncinate fasciculus regions (see Supplementary Figures S4, S7). For the HC vs. MCIs classification group, the global network topology is shown in Supplementary Figure S5. In this case, characteristic path length using the sMRI modality is the only one that lies above the mean value. The local efficiency increases with both (sMRI and rs-fMRI) modalities, and their network lies above the mean value (which is represented by the small dark red sphere). The modularity plot shows that the rs-fMRI image is the only one in which there is an increment in the network density from 6 to 25%, whereas in the same image, the transitivity decreases from 6 to 25% density. However, both of these networks lie inside the CI. Supplementary Figures S7c,d show that the sMRI and FDG modalities are the only one neuroimage that shows the numbers of significant region changes in a nodal network topology for the HC vs. MCIs group. The nodal degree shows significant increases in the right g-cuneus-2, left g-occipital-sup-1, left g-Supp-motor-area-1, left n-Caudata-6, left n-thalamus-2, right n-thalamus-1, and the right temporal-pole-mid-3 regions (see Supplementary Figures S5, S7).



DISCUSSION

The present study outcomes provided insights into multimodal behavior for classifying all six binary classification groups, and it also showed which regions or single modality are most significant for future analysis for the discrimination of AD at a clinical level. Here, our proposed idea was to combine multiple neuroimaging modalities (sMRI, AV45, FDG, rs-fMRI, and DTI) with a genetic biomarker (APOE) for the classification of AD patients and other groups using whole-brain, voxel-wise, and graphical analysis methods. In this study, we utilized three different types of atlas (AICHA, pyClusterROI, and JHU-WM) to parcellate the sMRI/PET, rs-fMRI, and DTI neuroimages. Furthermore, to parcellate the sMRI and PET images, we employed the AICHA atlas, which is already segmented into 384 ROIs. Likewise, for rs-fMRI neuroimages, we applied pyClusterROI Python script with the Craddock atlas to parcellate the rs-fMRI images into 200 brain regions (because this is a well-known technique for parcellating fMRI images using a spatially constrained normalized-cut spectral clustering process). Moreover, we also knew that fMRI images are made up of a time series (ADNI rs-fMRI data is made up of 140 time series or time points), so to parcellate the brain using fMRI data, voxels with similar time points needed to be grouped to form a region. This is typically done using data-driven clustering methods, where each cluster constitutes one region. For this reason, we chose the pyClusterROI script for the rs-fMRI images. Moreover, for DTI images, we applied the JHU-WM (ICBM-DTI-81) label atlas, which was already segmented into 50 brain regions (these 50 WM tract labels were created by the hand segmentation of a standard-space average of the diffusion MRI tensor maps from 81 subjects). In this study, we selected different atlases for the different modalities of neuroimages because of their advantages, and also for the extraction of higher brain ROIs for that particular modality of neuroimage. After the completion of feature extraction from each method, we sent these low-dimensional extracted features through a polynomial kernel function to map them onto a high-dimensional feature. Afterward, we fused all six high-dimensional features into one form before further analysis. Later, we passed these unimodal and multimodal features through the EasyMKL classifier for classification and reported the average accuracy for each method. This procedure is widely used for comparing the performance of machine learning approaches. Although previous studies have already applied the multimodal method for the classification of AD (Zhang et al., 2011; Young et al., 2013; Liu et al., 2014; Ritter et al., 2015; Schouten et al., 2016; Hojjati et al., 2018; Gupta et al., 2019a) with other groups, this study was the first to combine five different types of neuroimage modalities with two APOE genotype scores for the classification of all six binary classification groups (AD vs. HC, MCIs vs. MCIc, AD vs. MCIc, AD vs. MCIs, HC vs. MCIc, and HC vs. MCIs). Our proposed method clearly showed an improvement using multimodal features in terms of performance over the unimodal features for classifying these six binary groups compared with the latest published results. Furthermore, in this study, we also adopted graph-theoretical strategies (in a global and nodal network topology) to study the plots of the six binary groups (characteristic path length, local efficiency, modularity, and transitivity), and to find the most significant regions where these groups differed from each other.


Influence of the Different Types of Neuroimage Modality

We compared the Cohen’s kappa score obtained for each modality using both ROI and VOI features. The score was calculated for each of the six classification groups. The Cohen’s kappa outcomes, displayed in Figure 5, were computed using ROI-based features. Likewise, the Cohen’s kappa outcomes displayed in Figure 6 were computed using VOI-based features. The results displayed in Figures 5, 6 clearly show that the DTI-FA modality biomarker achieved a high level of agreement between groups while classifying the six binary classification groups compared with the other five biomarkers. Furthermore, we can say that VOI-based DTI-FA (lies above 0.8–0.87) feature performed slightly better than the ROI-based DTI-FA (lies above 0.75–0.84) feature.



Influence of the Type of Features (ROI and VOI)

We compared the Cohen’s kappa score obtained for the regional (ROI) features with the reference atlases (AICHA, Craddock, and JHU-WM) to the ones obtained for the voxel (VOI) features (SPM12, DPARSF, TBSS) for five different types of neuroimages using the EasyMKL classifier. The score was evaluated for the same six binary classification groups. The Cohen’s kappa outcomes displayed in Figure 5 are for an ROI-based analysis, and likewise, the Cohen’s kappa outcomes displayed in Figure 6 are for a VOI-based analysis. The results, displayed in Figures 5, 6, do not show notable differences in the Cohen’s kappa scores obtained using regional or voxel features; both features performed very well and achieved a high level of agreement between each other for all six binary classification groups.



Influence of the Classification Method

We compared the result obtained by the EasyMKL classifier with that of the RBF-SVM classifier. Tables 2–4 and Supplementary Tables S31–S33 show the obtained classification result for all six binary groups using the EasyMKL and RBF-SVM classifiers. Likewise, Figure 15 shows the plot where we compared the accuracy obtained for all six binary classification tasks using the EasyMKL and RBF-SVM classifiers. The result displayed in Figure 15 shows that the EasyMKL classifier achieved high classification accuracy for all six binary groups compared with RBF-SVM. It also suggests that EasyMKL optimized a simple quadratic problem addressed by SVM in a more efficient way (see Supplementary Tables S31–S33).
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FIGURE 15. Comparison of EasyMKL classifier results with RBF-SVM classifier results based on obtained accuracy score. In the above figure, we can see that the combined-ROI, combined-VOI, and combined-(VOI + ROI) result obtained by EasyMKL classifier outperformed the results [combined-ROI, combined-VOI, and combined-(VOI + ROI)] obtained by the RBF-SVM classifier for all six classification groups.




Most Significant Brain Regions Where Each Group Differs From the Others

Table 5 shows the obtained most important brain regions for each binary classification group, using voxel-wise and graphical methods. For the AD vs. HC group, using VOI analysis, we found that (L) Thalamus, (L) Occipital Inferior, (R) Fusiform, (R) Temporal Inferior, (R) Temporal Mid, (R) Temporal Inferior, and (L) Sagittal stratum were the brain regions where the AD group differs from the HC group. Likewise, using graphical analysis, we found that (L) G-Cuneus-2, and (R) G-Frontal-Superior-1 were the brain regions where the AD group differs from the HC group. Furthermore, for the MCIs vs. MCIc group, using VOI analysis, we found that (L) Precuneus Vermis_9, (L) Frontal Superior Medial, (L) Pallidum, (R) Lingual, (L) Frontal Mid, (R) External capsule were the brain regions where the MCIs group differs from the MCIc group. Likewise, after applying graphical analysis, we found that the (R) G-Parietal Inferior-1, and (R) G-Lingual-2 were the brain regions where the MCIs group differs from the MCIc group. For the AD vs. MCIs group, using the VOI method, our study found that the (L/R) Frontal Inferior Triangular, (R) Temporal Superior, (R) Frontal Inferior Orbital, (R) Thalamus, (R) Hippocampus, and (R) Anterior thalamic radiation were the brain regions where the AD group differs from the MCIs group. Moreover, after applying the graphical method, we found that the (R) N-Caudate-2 and (L) G-Cuneus-2 were the brain regions where the AD differs from the MCIs the most. Furthermore, for the AD vs. MCIc group, we found using VOI analysis that the (R) Frontal Middle orbital, (R) Occipital Middle, (R) Precentral, (L) Fusiform, (L) Occipital Middle, (L) Cingulum Posterior, and (R) Posterior corona radiata were the brain regions where the AD group differs from the MCIc group. Likewise, after applying graphical analysis, we found that the (L) N-Caudate-5 and (L) G-Lingual were the brain regions where the AD group differs from the MCIc group. For the HC vs. MCIs group, using the VOI method, our study found that the (R/L) Precentral, (L) Cerebelum_9, (L) Parietal Inferior, (L) Putamen, and (L) Superior longitudinal fasciculus were the brain regions where the HC group differs from the MCIs group. Moreover, after applying the graphical method, we found that the (L) N-Caudate-6 and (L) G-Occipital Superior-1 were the brain regions where the HC differs from the MCIs the most. Likewise, for the HC vs. MCIc group, using the VOI method, we found that the (L) Lingual, (L) Occipital Superior, (R) Frontal Inferior Opercular, (L) Frontal Inferior Orbital, (R) Frontal Superior Orbital, (L) Lingual, and (L) Superior corona radiata were the brain regions where the HC group differs from the MCIc group the most. Moreover, using graph-based analysis, we found that the (R) G-Parietal Inferior and (L) Corticospinal tract were the brain regions where the HC group differs from the MCIc group the most. It is interesting to note that most of the affected brain regions lies in the left hemisphere rather than the right hemisphere.


TABLE 5. Most significant brain regions found for all six binary classification groups using voxel-wise and graphical analysis.
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Exploring the Improvement in Performance Using Multimodal Features Compared With Unimodal Features

In this study, we applied two different types of methods for the classification of AD with another group. In the first method, we used the whole-brain parcelation approach to segment the brain images according to the atlas using some toolbox (see section “Three Feature Extraction Processes”) and later, after the completion of the data pre-processing step, we sent these features through the MKL algorithm to classify AD and the other groups. To verify the efficiency of this proposed method, we calculated the performance of each classification group using both unimodal and combined-ROI (or multimodal) features. Table 2 shows the obtained classification results for all six binary classification groups using whole-brain analysis features. From Table 2, we can say that the combined features (combined-ROI) performed very well compared with the single-modality features in every classification problem. Their obtained Cohen’s kappa values were close to 1, which indicates that our proposed method achieved a good level of agreement between groups while classifying each set. Table 2 further shows that the DTI-FA unimodal features attained high classification performance for every classification group except for the HC vs. MCIc group (where rs-fMRI features achieved better performance than DTI-FA features) in comparison with the performance of other individual modalities. This result demonstrates that the DTI-FA image can be used as a notable biomarker when investigating AD, and therefore should be included in clinical research.

Likewise, in the second step, we utilized the voxel-wise approach for the extraction of features from sMRI, FDG, AV45-PET, rs-fMRI, and DTI images using some toolbox (see section “Three Feature Extraction Processes”) and later, after the completion of data pre-processing step, we sent these features through the MKL classifier to classify AD with the other groups. To check the efficiency of this proposed method, we calculated the performance of each classification group using both unimodal and combined-VOI (or multimodal) features. Table 3 shows the obtained classification results for all six binary classification groups using voxel-wise analysis features. From Table 3, we can say that our proposed approach (to combine all unimodal features into one before passing them through the MKL classifier) gained a high level of performance and agreement compared with the unimodal results for every classification group. Table 3 further suggests that AV45-PET, rs-fMRI (ALFF, REHO), and DTI-FA individual features performed very well compared with sMRI, APOE, and FDG-PET individual modalities. It is interesting to note that the DTI-FA modality performed well for both whole-brain and voxel-wise analysis methods.

Tables 2, 3 satisfied our hypothesis by showing that classification performance increased by 2–4% in every classification group after we passed concatenated features (combined-ROI and combined-VOI) through the MKL classifier. Moreover, the obtained result demonstrates that the multimodal method is more powerful than the unimodal system, and the obtained outcomes also indicate that every single biomarker has some important information, so it is better to combine the complementary information together for the classification of AD. Furthermore, we also examined the performance of every six classification groups by concatenating both ROI and VOI features into a single form. Table 4 shows the obtained results for all six binary classification groups using combined (VOI + ROI) features. From Table 4, we can say that after applying combined (VOI + ROI) features, the classification performance increased slightly for every classification group except the AD vs. MCIc group (where combined-VOI dominated the combined-ROI and combined (VOI + ROI) methods in terms of performance). Their obtained Cohen’s kappa values were close to 1, which indicates that our proposed scheme achieved a good level of agreement between groups while classifying each set. Supplementary Tables S1–S30 show the most significantly affected regions for all six binary classification groups measured by the sMRI, FDG-PET, AV45-PET, rs-fMRI, and DTI-FA modalities of neuroimage.

It is interesting to note that the (left/right) precentral region was found in every classification group when extracting the most significant voxel region. This finding suggests that, in the coming days, the precentral region can also be used as an important biomarker for the classification of AD and other groups.



Global and Nodal Network Topology Result Analysis

We studied the global and nodal network topology for all six binary classification groups using graph theory. We calculated characteristic path length, local efficiency, modularity, and transitivity for every classification group, which can be seen in Figures 12, 13 and Supplementary Figures S2–S5. In the global network topology analysis, our study found that in general, FDG, sMRI, and rs-fMRI were the modalities where characteristic path length increased efficiently compared with the other modalities. Likewise, for local efficiency, AV45, FDG-PET, rs-fMRI, and sMRI were the modalities where it increased compared with the remaining modalities. It is interesting to note that modularity increased in every classification group using sMRI neuroimages, except for the HC vs. MCIs group (where modularity increased efficiently by utilizing rs-fMRI images instead of sMRI images). Furthermore, in general, rs-fMRI, AV45-PET, and sMRI were the modalities where transitivity increased and decreased frequently. These changes symbolize that the regions of their networks communicated (more or less) efficiently within other brain regions. The increments in modularity (suggesting that their modules should have higher within-module connectivity and poor inter-module connectivity, or vice-versa) and increment or decrement of transitivity graph (suggesting that the regions of their network were connected very well to neighboring areas, or vice-versa). In the nodal network topology analysis, our study found that every neuroimage was important to finding the most significant region where the six binary classification groups differ from each other; the found regions can be seen in Figure 14 and Supplementary Figures S6, S7. The most significant regions were right g-frontal-sup-1, right s-precentral-3, left g-frontal-inf-tri, (left/right) n-thalamus-6, left s-parietooccipital-4, left g-cingulum-post-2, (left/right) occipital pole, left n-thalamus-2, left g-insula-anterior-2, (left/right) g-cuneus-2, left corticospinal tract, left n-Caudata-6, right temporal-pole-mid-3, left lingual-g, right fusiform, left g-precuneus-8, right n-Caudata-2, and (left/right) g-parahippocampal-4.

Recently, several studies have investigated neuroimaging techniques for the discrimination of AD, with the main focus on MCI subjects, who may or may not convert to AD, and separating patients with AD from healthy controls. However, it is difficult to make direct comparisons with these state-of-the-art methods because most of the studies used different validation methods and datasets, which both influence the classification performance. The first study by Cui et al. (2011) obtained an AUC of 79.6% for the classification of MCIs vs. MCIc groups. The authors used multimodal features (NM: neuropsychological and functional measures, CSF, and sMRI) for the classification. Young et al. (2013) used a Gaussian process method with SVM for the classification of MCIs vs. MCIc with three modalities (MRI, PET, and APOE). They reported an accuracy of 69.9% for classifying MCIs vs. MCIc groups. In another study, domain transfer learning was introduced using multimodal data (i.e., MRI, CSF, and FDG) with an accuracy of 79.4% for MCIs vs. MCIc with an AUC of 84.8% (Cheng et al., 2015). In another study by Xu et al. (2016), the authors used three different imaging modalities (sMRI, FDG, and AV45) for the discrimination of the conversion of MCIs subjects to MCIc patients. The authors used a weighted multi-modality sparse representation-based classification (wmSRC) classifier for classification. Their method achieved an ACC of 82.5% for classifying MCIs vs. MCIc with a sensitive biomarker selected using different numbers (from 1 to 90) of ranked features from each modality. Liu et al. (2017) proposed an algorithm that combines two imaging modalities of independent component study and the Cox model for discrimination of MCI progression. Their method achieved 80.8% of AUC with 73.5% of accuracy when classifying MCIs vs. MCIc. Hojjati et al. (2017) used a subset of optimal features in an SVM classifier for the discrimination of the conversion of MCIs to MCIc subjects. Their proposed method with multivariate minimal redundancy maximal relevance feature selection achieved 94.9% AUC and 91.4% ACC. In another study, Pan et al. (2019b) used an ensemble classification with a feature ranking method for the classification of MCIs vs. MCIc. Their proposed method achieved 75.38% AUC and 80.70% ACC for classifying this group. Gupta et al. (2019a) used a multimodal feature (sMRI, FDG, CSF, and APOE) for the discrimination of the conversion from MCIs to MCIc. They used the NiftyReg toolbox for the extraction of 246 ROIs from each imaging modality and applied a kernel-based SVM for the classification of MCIs vs. MCIc. Their method achieved an AUC of 93.59% for classifying these groups. Table 6 shows the comparison result for MCIs vs. MCIc classification. Our proposed multimodal method [combined-(ROI + VOI)] outperforms the latest published state-of-the-art methods in terms of AUC and ACC for MCIs vs. MCIc. The proposed method achieved 96.94% AUC and 95.08% ACC for classifying the MCIs vs. MCIc group.


TABLE 6. Performance comparison for MCIs vs. MCIc classification group.
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CONCLUSION

The novelty of the present study is that we combined five neuroimaging modalities (sMRI, FDG-PET, AV45-PET, rs-fMRI, and DTI) with the APOE genotype score for the discrimination between AD and other groups. Furthermore, we employed three different approaches [whole-brain (ROI), voxel-wise (VOI), and graph-based] on six binary classification groups to analyze each method performance independently. The combined-(ROI + VOI) feature performance outperformed the combined-ROI and combined-VOI features for all classification groups except the AD vs. MCIc group (where combined-VOI performed well). When the performance of each imaging modality in brain graph analysis was compared for all six binary classification sets, we found that FDG-PET, AV45-PET, and rs-fMRI were the only three modalities that revealed the most affected brain regions for all six classification groups. These highlighted central brain regions are an early indicator of developing dementia in healthy subjects.
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Alzheimer’s disease (AD) is a progressive neurodegenerative disease characterized by senile plaques (SPs), which are caused by amyloid beta (Aβ) deposition and neurofibrillary tangles (NFTs) of abnormal hyperphosphorylated tau protein. The receptor for advanced glycation end products (RAGE) binds to advanced glycation end products deposited during vascular dysfunction. Alzheimer’s disease may occur when RAGE binds to Aβ and releases reactive oxygen species, further exacerbating Aβ deposition and eventually leading to SPs and NFTs. As it is involved in early AD, RAGE may be considered as a more potent biomarker than Aβ. Positron emission tomography provides valuable information regarding the underlying pathological processes of AD many years before the appearance of clinical symptoms. Thus, to further reveal the role of RAGE in AD pathology and for early diagnosis of AD, a tracer that targets RAGE is needed. In this review, we first describe the early diagnosis of AD and then summarize the interaction between RAGE and Aβ and Tau that is required to induce AD pathology, and finally focus on RAGE-targeting probes, highlighting the potential of RAGE to be used as an effective target. The development of RAGE probes is expected to aid in AD diagnosis and treatment.

Keywords: AD, RAGE, PET, [18F]-FPS-ZM1, senile plaques, neurofibrillary tangles


INTRODUCTION

Alzheimer’s disease (AD) is the first major neurodegenerative disease with irreversible, occult, and rapid progression. With aging of the population, AD has become a major disease affecting public health (Nebel et al., 2018; Bo et al., 2019). The etiology and pathogenesis of AD are not fully understood, and currently, there is no specific treatment. More importantly, early diagnosis of AD is limited. The cost of treatment and care for AD is enormous, imposing a heavy burden on patients, families, and the society. Therefore, brain function imaging, developed on the basis of brain metabolism research targeting AD pathogenesis, plays an increasingly important role in the study of pathological processes in the AD brain.

The pathological features of AD are senile plaques (SPs), containing neurotoxic amyloid beta (Aβ) as the main component, and neurofibrillary tangles (NFTs), with abnormally activated tau as the main component in nerve cells. Neurofibrillary tangles and SPs are currently recognized as the earliest pathological changes in AD, with SPs reaching their maximum deposition in the early stage of AD, termed the “capping effect,” which allows for amyloid plaque imaging in vivo. Tracking the slow progress of AD is difficult (Dubois et al., 2018). Therefore, an in-depth exploration of AD pathogenesis with the development of new radioactive probes that detect pathological changes earlier to Aβ deposition is currently a hotspot in AD research.

The receptor for advanced glycation end products (RAGE) belongs to the immunoglobulin superfamily of cell surface molecules and is situated in the major histocompatibility complex class III locus (Xue et al., 2011; Han et al., 2014). It binds to its ligand, advanced glycation end products (AGEs), through its V-type region, which is a key site that mediates intracellular signal transduction (Kim et al., 2013; Abedini et al., 2018). While mild hypoperfusion can increase the levels of neuronal Aβ and NFTs, expressed as paired helix filaments, increasing evidence shows that RAGE levels are significantly elevated in patients with AD and AD models (Cai et al., 2016; Chellappa and Rani, 2020; Paudel et al., 2020). Receptor for advanced glycation end products-mediated Aβ-injured tight junctions may also be associated with a variety of intracellular signal transduction pathways, Ca2+, or inflammatory damage (Nelson et al., 2016; Cai et al., 2017; Sole et al., 2019). Further, immunohistochemical evidence shows that the distribution of RAGE abnormalities is consistent with that of NFTs and SPs. In addition, glycosylated tau can induce significant oxidative stress and cause neuronal insufficiency or death (Srikanth et al., 2011; Cai et al., 2016). Receptor for advanced glycation end products may play an important role in the occurrence and development of AD, yet its underlying mechanism is still unclear. Thus, it is necessary to lay emphasis on the role of RAGE in AD pathology.


Early Progression of AD

The etiology of AD is complex, and there are currently no specific drugs and methods to treat AD. Many drugs can only achieve remission (Wong et al., 2019). Positron emission tomography (PET), as a molecular imaging technique, can reflect pathological changes at the molecular level and can non-invasively detect the distribution of radionuclides in the body, which reflects physiological, biochemical, metabolic, and receptor changes, as well as gene expression and other abnormal changes (Hannestad, 2018; Mankoff and Katz, 2018). Thus, it is an important auxiliary tool for AD research. At present, there are several types of AD PET imaging agents (Bao et al., 2017) targeting glucose metabolism, receptors, or transmitters, Aβ, Tau protein, neuroinflammation, and monoamine oxidase. However, these agents have certain limitations for the early diagnosis of AD.

In recent years, research on AD has mainly focused on the two major pathological features of AD: Aβ and tau. However, although some individuals show Aβ or Tau deposition as detected on medical images, they exhibit no dementia symptoms (Hardy and Selkoe, 2002). Moreover, studies have shown that Aβ deposition is slow and protracted, likely lasting over 20 years, while the association of Aβ accumulation with cognitive impairments is weak (Villemagne et al., 2013). Additionally, the current probes cannot distinguish among the six subtypes of Tau protein, and their off-target effects are more serious (Robertson et al., 2017). Therefore, finding new targets and developing the corresponding probes for AD are particularly important for AD research.

Current studies have shown that in early vascular dysfunction of AD, inflammatory mediators, such as tumor necrosis factor alpha (TNF-α), in brain microvascular endothelial cells (BMECs), are released, thus increasing cerebral vascular permeability (Qiu et al., 2016), enabling AGEs and other neurotoxicants to cross the blood–brain barrier (BBB) and cause AGE deposition. This leads to a significant upregulation of RAGE in BMECs (Liang et al., 2015), which leads to an inflammatory response by vascular endothelial and nerve cells, activates the release of reactive oxygen species (ROS), which promotes oxidative stress, and results in the secretion of nitric oxide synthase and further increases Aβ deposition in the brain. Aβ increases the activation of microglia, which, in turn, accelerates nerve vessel dysfunction. Neuronal dysfunction promotes the pathogenesis of NFTs, thus causing the formation of additional SPs and NFTs, disturbing the balance in the chemical components of the neuro-microenvironment. This further promotes neuronal dysfunction, injury, and loss (Wells et al., 2015; Cai et al., 2016) (see Figure 1). Based on the above, RAGE and AGEs could play an important role in the early pathological changes of AD.
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FIGURE 1. Receptor of advanced glycation end products (RAGE) mediates the possible mechanism of Alzheimer’s disease (AD). Interaction of RAGE with advanced glycation end products (AGEs) and β-amyloid (Aβ) allows them to cross the blood–brain barrier and enter the brain. Aβ deposition in the brain promotes the expression of tumor necrosis factor α (TNF-α), interleukin (IL)-1, and IL-6, and exacerbates the inflammatory response. Increased binding of Aβ to RAGE after entering the brain can also upregulate RAGE expression, resulting in increased release of reactive oxygen species (ROS) and upregulation of Aβ expression, which then promotes the generation of senile plaques (SPs). The upregulation of RAGE exacerbates phosphorylation of tau protein and promotes the generation of neurofibrillary tangles (NFTs). AGEs and RAGE phosphorylate glycogen synthase kinase 3 (GSK-3β), which, in turn, exacerbates the phosphorylation of tau protein and promotes the generation of NFTs. Upregulation of Aβ and tau protein levels promote the occurrence and development of AD.




AGE-Related RAGE Processes and NFTs

Abnormally activated tau is the main component of NFTs, and NFT deposition in the hippocampus and entorhinal cortex is correlated with the severity of behavioral degeneration in the progression of dementia (Saint-Aubert et al., 2017). Advanced glycation end products are the final products of the non-enzymatic glycation of proteins, which is irreversible. The non-enzymatic saccharification processes accompanying neuronal metabolism have far-reaching effects despite the slow and insignificant cell damage they cause (Kamynina et al., 2018). In AD, AGEs have been shown to induce tau hyperphosphorylation in SK-N-SH cells, primary hippocampal neurons, and rat brains through the RAGE/GSK-3 pathway (Li X.H. et al., 2012; Son et al., 2012). As AGEs downregulate the brain-derived neurotrophic factor–tyrosine receptor kinase B pathway in rat brains and N2A cells (Li X.H. et al., 2012), they could activate glycogen synthase kinase 3 at Ser9, thus regulating its phosphorylation, which was found to be a trigger of tau hyperphosphorylation (Wu et al., 2019). Simultaneously, in situ techniques have shown that the major structures recognized by anti-AGE antibodies, hydroxymethyl lysine (CML) and glycosylated precursor hexitol-lysine, increase in the NFTs of patients with AD. In these patients, CML colocalizes with the tau protein. Immunostaining experiments have shown that almost all AGE-immunoreactive neurons contain the hyperphosphorylated tau protein, confirming the role of AGE aggregation in early NFT formation and neuronal degeneration (Qi et al., 2017) (see Figure 2). As an increase in AGEs causes an upregulation of RAGE, the connection between AGEs and NFTs indicates a strong link between RAGE and tau hyperphosphorylation.
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FIGURE 2. Receptor of advanced glycation end products (RAGE) mediates the possible mechanism of neurofibrillary tangle (NFT) formation in the pathogenesis of dementia complicated with Alzheimer’s disease.


The deposition of AGEs in the brain participates in the pathogenesis of AD through RAGE and cross-links with NFTs. This deposition activates microglia and nicotinamide adenine dinucleotide phosphate oxidase, leading to ROS release and the formation of peroxynitrite, a potent oxidant of proteins, lipids, and DNA (Nam et al., 2012), ultimately causing nerve destruction. Therefore, treating AGEs may become a new way to treat AD.



Role of the Interaction Between RAGE and Aβ in AD

A growing body of evidence suggests that RAGE is an important regulator of Aβ neurotoxicity. Aβ-damaged BMECs and the destruction of the BBB may be new characteristic pathological changes in AD (Lv et al., 2014). In AD, RAGE expression is significantly upregulated in areas where Aβ is deposited (Wang et al., 2009). Receptor for advanced glycation end products is a pattern recognition receptor, and Aβ, as one of its ligands, was shown to interact with it (Paudel et al., 2020); however, the specific mechanism underlying this interaction and its role in patients with AD need further clarification.

The interaction of RAGE with Aβ activates inflammatory signaling pathways, releases ROS to produce oxidative stress, and causes neuroinflammation, thus inducing the dysfunction of mitochondria and neurons (Deane et al., 2008), as well as changes in various signaling mechanisms such as the mitogen-activated protein kinase pathway (Deane, 2012). Further, RAGE accelerates the uptake and transport of Aβ, which causes Aβ to cross the BBB and enter the central nervous system through endocytosis (Deane et al., 2003), causing cerebrovascular dysfunction, eventually leading to neurovascular inflammation and subsequent synaptic toxicity (Deane and Zlokovic, 2007), thereby affecting the normal activity of the central nervous system (Zhang et al., 2011; Galasko et al., 2014; Wang et al., 2014; Cai et al., 2016; Fang et al., 2018). The interaction between RAGE and Aβ is harmful to the body. Studies have found that, in transgenic mice with defective RAGE expression, Aβ in the brain is completely inhibited from crossing the BBB (Deane and Zlokovic, 2007).

High expression of RAGE is also harmful to the body. First, it activates the nuclear factor κB, further increasing the expression of RAGE and forming a positive feedback effect on inflammation (Wan et al., 2015; Fang et al., 2018). Second, it increases the expression of nuclear factor-1 in activated T-cells and of amyloid precursor protein (APP) β-site cleavage enzyme 1 (also known as BACE1), an important enzyme that cleaves amyloid precursors (Yan et al., 1996; Fang et al., 2010; Guglielmotto et al., 2012; Galasko et al., 2014). Increased BACE1 activity increases Aβ production (Maesako et al., 2019). In addition, Aβ can activate RAGE, increasing the expression of pro-inflammatory cytokines like TNF-α, interleukin 6 (IL-6), and macrophage colony-stimulating factor (Dukic-Stefanovic et al., 2003). In turn, RAGE activation exacerbates the production and aggregation of Aβ and the formation of NFTs and destroys synaptic transmission and neurons (Cai et al., 2016) (see Figure 3), which promote the occurrence and development of AD.
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FIGURE 3. Receptor of advanced glycation end products (RAGE) mediates the possible mechanism of Aβ in the pathogenesis of Alzheimer’s disease.


Inhibition of RAGE can prevent Aβ damage in nerve cells and cerebral vasculature. The possible mechanism of RAGE function in AD provides a theoretical basis and new ideas for the early diagnosis of AD and development of new drugs for the prevention and treatment of AD.



RAGE and RAGE-Targeting Brain Imaging

Many studies have shown that AGEs are important in neurodegenerative diseases (Li J. et al., 2012; Nenna et al., 2015), while in vitro and in vivo studies have demonstrated the potential of RAGE as a receptor for AGE and as a therapeutic target in neurodegeneration (Sparvero et al., 2009; Deane et al., 2012; Nasser et al., 2015; Ray et al., 2016). Receptor for advanced glycation end products PET imaging has also been proven to assist in the diagnosis and treatment of neurodegenerative diseases (Kim et al., 2018; Konopka et al., 2018; Goldklang et al., 2019). The full-length human RAGE consists of three domains, namely, the extracellular, the hydrophobic transmembrane, and the cytoplasmic domains, while the main binding domain structure V is located on the extracellular part of the receptor (Bongarzone et al., 2017). Receptor for advanced glycation end products is expressed in a regulated manner, at low levels, in most differentiated adult cells, whereas its expression is high in embryonic cells (Demling et al., 2006). Moreover, RAGE is highly expressed in many inflammation-related pathological states such as vascular disease, diabetes, and neurodegeneration (Hudson et al., 2008; Sparvero et al., 2009). It is important in Aβ-mediated neurotoxicity (Piras et al., 2014), and its signaling pathway is also essential in AGE-induced tau phosphorylation and spatial memory impairment (Choi et al., 2014). Studies using murine models of chronic disease have demonstrated the involvement of RAGE in pathophysiological processes by means of a receptor decoy of soluble RAGE (Bierhaus et al., 2005). Moreover, RAGE was found to be relatively increased on the membrane of neurons and microglia in AD-related neuronal dysfunction (Yan et al., 1996; Cai et al., 2016). Considering the key functions of RAGE, there is a need for molecular imaging agents to measure RAGE expression in neurodegenerative diseases.

For developing novel RAGE inhibitors as potential AD therapeutics, Han et al. (2014) designed and synthesized a series of pyrazole-5-carboxamides to screen for excellent RAGE inhibitors. Screening identified a 4-fluorophenoxy analog with significant brain Aβ-lowering effects, as well as favorable aqueous solubility named 40, which were determined to be excellent RAGE inhibitors. Deane et al. (2012) synthesized a high-affinity RAGE-specific inhibitor, FPS-ZM1, which was selected after screening a second-generation library of compounds designed based on the common structural features of three leading compounds in a primary screen. Compared to other analogs (e.g., FPS1, FPS2, and FPS3), the functional groups of the leading tertiary amides in FPS-ZM1 were altered to reduce the molecular weight to less than 450 Da and decrease the number of hydrogen bonds. FPS-ZM1 has a molecular weight of 327 Da and 1 H-bond (see Table 1). The authors verified its effect using APPsw/0 mice, an AD model, and found that it can cross the BBB, acts on the V-type region of RAGE, and can still bind to RAGE after crossing the BBB, thereby blocking the role of intracranial RAGE (Lv et al., 2015; Hong et al., 2016). These results indicated the guaranteed binding ability of FPS-ZM1. In addition, FPS-ZM1 was shown to completely restore cerebral blood flow, inhibit neurotoxicity, microglial activity, and the neuroinflammatory response and improve cognitive behavior. Moreover, FPS-ZM1 has a wide safety range, with no toxic effects, even when using doses 500 times higher than the therapeutic dose (Deane et al., 2012). The above suggest that FPS-ZM1 is a potent multimodal RAGE blocker that effectively controls the progression of Aβ-mediated neurodegeneration and, thus, may be used as a disease-modifying agent for AD.


TABLE 1. Features of FPS1-3 and FPS-ZM1.

[image: Table 1]Based on the importance of the RAGE signaling pathway in AGE-induced tau phosphorylation and spatial memory impairment, research and development of imaging agents with characteristics that can reflect the early pathological mechanism of AD is a highly active field. According to the above characteristics of FPS-ZM1, Cary et al. (2016) synthesized the first small-molecule BBB-permeable PET radioligand for RAGE, [18F] RAGER, and conducted a preliminary preclinical study. Micro-PET imaging in rodents and non-human primates indicated that [18F] RAGER clusters in the expression area of RAGE, while further molecular docking experiments determined the binding site of RAGER, indicating that [18F] RAGER and RAGE distribution area colocalization may have a binding effect. Kong et al. (2016) identified a new [18F]-FPS-ZM1 probe targeting RAGE among thousands of small molecules by testing different radiolabeling methods. The probe was radioactively synthesized with a purity of up to 99% and an activity of 30 mCi/ml and was shown to be lipophilic. The authors also studied the probe’s hemodynamics and verified its safety by performing animal experiments. They found that the low-molecular-weight [18F]-FPS-ZM1 is stable, electrically neutral, lipophilic, and weight independent. Micro-PET imaging and autoradiography results also indicated that [18F]-FPS-ZM1 is a promising RAGE-specific probe.

Several studies have documented other PET imaging probes for early AD diagnosis, such as those aimed at various targets, including Aβ, tau, and others. Tau-targeting imaging probes such as [18F]-THK-5351, [18F]-THK-5117, and [18F]-AV-1451 show a high uptake in the patients’ cortex (Harada et al., 2015; Lemoine et al., 2015; Passamonti et al., 2017; Kobayashi et al., 2018; Valotassiou et al., 2018), which means that they can accurately detect NFTs, thus helping in the early diagnosis of AD. At the same time, [11C] PiB, an analog of thioflavin-T and a benzothiazole derivative, was the first probe specifically targeting Aβ (Rabinovici et al., 2007; Lim et al., 2014; Lemoine et al., 2015; Kobayashi et al., 2018). Since then, many new probes targeting Aβ have appeared, including [18F]-florbetapir, [18F]-florbetaben, and [18F]-flutemetamol, all showing high affinity and specificity for Aβ (Valotassiou et al., 2018). These tau and Aβ-targeting probes can also be used for quantification analysis to further validate the role of RAGE in the pathogenesis of AD (Fang et al., 2018). As RAGE overexpression precedes Aβ plaque formation (Luzi et al., 2020), [18F]-FPS-ZM1 PET/CT imaging is expected to be more sensitive than traditional Aβ imaging. It can monitor changes in cerebrovascular function over time and thus provide accurate, reliable, and reproducible non-invasive in vivo quantitative data for local or whole-brain pathological changes.

Although many tracers have been developed to aid in the diagnosis and treatment of AD, including those targeting tau, P2X7, phosphodiesterase PDE10A, and synaptic vesicle glycoprotein 2A (McCluskey et al., 2020), only few RAGE-targeting imaging tracers are currently available apart from [18F]-FPS-ZM1, and they all have certain limitations in the diagnosis of AD. Available RAGE probes include the 99mTc-F(ab′)2 anti-RAGE fragment developed by Tekabe et al. (Shan, 2004; Tekabe et al., 2010), which has only been applied in atherosclerosis and peripheral arterial disease, but not in AD. Another probe was developed by Hoppmann et al. (2008) on the basis of a multigenic family of Ca2+-modulated proteins, namely, S100, as RAGE ligands. However, compared with the high affinity and specificity of FPS-ZM1 for RAGE, this probe lacks stability and has low affinity for RAGE (Wolf et al., 2011). Recently, another RAGE-targeting probe, 64Cu-Rho-G4-CML, was developed by Konopka et al. (2018), which may be the best RAGE-targeting imaging agent currently available for cancer. However, its size prevents it from crossing the BBB, rendering it ineffective for neurological assessments (Konopka et al., 2018). Compared with these three probes, [18F]-F PS-ZM1 is expected to be more potent and could greatly improve early diagnosis, prevention, screening, and evaluation of AD and could help develop an imaging agent with appropriate characteristics that can reflect the early pathological mechanism of AD (Table 2).


TABLE 2. PET and SPECT radioligands for imaging RAGE.
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CONCLUSION

There is currently no breakthrough drug treatment for AD, which has become a serious social and economic problem. Although the progression of AD cannot be prevented or reversed, the availability of radioactive tracers for RAGE PET imaging will allow us to monitor RAGE brain expression levels in AD. Receptor for advanced glycation end products has an important role in the development of AD, but the kind of state RAGE exists in AD and the way it acts on Aβ and tau have yet to be determined. It is unclear whether increased RAGE expression affects the behavior and pathophysiology of AD models. Thus, an in-depth study of the mechanism of action of RAGE is essential for the further understanding of neurological diseases.

In this review, we introduced the RAGE-targeting probe [18F]-FPS-ZM1. Compared with probes targeting Aβ and the tau protein, [18F]-FPS-ZM1 has advantages in exploring the involvement of RAGE in AD pathogenesis. Due to its high specificity and affinity for RAGE, [18F]-FPS-ZM1 is believed to provide accurate and reliable in vivo data for studying local or whole-brain pathological changes. Thus, [18F]-FPS-ZM1 could greatly promote the early diagnosis and evaluation of AD and provide a way to reflect the early pathological mechanism of AD.
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Purpose: Individuals with presbycusis often show deficits in cognitive function, however, the exact neurophysiological mechanisms are not well understood. This study explored the alterations in intra- and inter-network functional connectivity (FC) of multiple networks in presbycusis patients, and further correlated FC with cognitive assessment scores to assess their ability to predict cognitive impairment.

Methods: Resting-state functional magnetic resonance imaging (rs-fMRI) was performed in 40 presbycusis patients and 40 matched controls, and 12 resting-state networks (RSNs) were identified by independent component analysis (ICA) approach. A two-sample t-test was carried out to detect the intra-network FC differences, and functional network connectivity (FNC) was calculated to compare the inter-network FC differences. Pearson or Spearman correlation analysis was subsequently used to explore the correlation between altered FC and cognitive assessment scores.

Results: Our study demonstrated that patients with presbycusis showed significantly decreased FC in the subcortical limbic network (scLN), default mode network (DMN), executive control network (ECN), and attention network (AN) compared with the control group. Moreover, the connectivity for scLN-AUN (auditory network) and VN (visual network)-DMN were found significantly increased while AN-DMN was found significantly decreased in presbycusis patients. Ultimately, this study revealed the intra- and inter-network alterations associated with some cognitive assessment scores.

Conclusion: This study observed intra- and inter-network FC alterations in presbycusis patients, and investigated that presbycusis can lead to abnormal connectivity of RSNs and plasticity compensation mechanism, which may be the basis of cognitive impairment, suggesting that FNC can be used to predict potential cognitive impairment in their early stage.

Keywords: presbycusis, cognitive impairment, brain network, resting-state fMRI, functional network connectivity


INTRODUCTION

Presbycusis, also known as age-related hearing loss, results from lifetime damage to the auditory system and can be defined as progressive bilateral sensorineural high-frequency hearing loss (Gates and Mills, 2005). Presbycusis has become the third leading chronic health disorder affecting elderly over the age of 65 after hypertension and arthritis (GBD 2015 Disease and Injury Incidence and Prevalence Collaborators, 2016), which mainly characterized by slow central processing of acoustic information, impaired localization of sound sources, and reduced ability to distinguish speech under noisy environments (Gates and Mills, 2005; Tavanai and Mohammadkhani, 2017). Lots of robust research evidence suggests that presbycusis not only causes alterations of function and morphology in specific brain areas, but also independently associated with cognitive decline, increasing the risk of dementia, and impaired performance across cognitive domains (Thomson et al., 2017; Ford et al., 2018; Loughrey et al., 2018), this results in a serious adverse impact on their daily life and social interaction of elderly. Early detection and prevention have supposed to be the most potential approaches in dealing with cognitive impairment. Therefore, the recognition of early cognitive impairment is of great importance for patients with presbycusis.

Resting-state functional magnetic resonance imaging (rs-fMRI) does not require subjects to receive any sensory stimuli or perform a specific task, thus, it is widely used in describing abnormal brain neuronal activity and functional connectivity (FC) in various clinical conditions (Biswal et al., 1995). FC refers to measuring the temporal synchronization of neuronal activity between different brain regions within resting-state networks (RSNs), reflecting the functional status of the corresponding brain regions (Geerligs et al., 2015). Therefore, the use of this technology to map the Spatio-temporal covariance structure of spontaneous brain activity networks is increasing, which will provide an in-depth understanding of the neural mechanisms for cognitive impairment in presbycusis. A growing body of research has indicated that auditory and cognitive processing are tightly related and that patients with hearing loss recruit functions of the executive network to maintain communication, leading to cascading cognitive effects that further affect comprehension, perception and working memory (Peelle and Wingfield, 2016; Loughrey et al., 2018). Previous research has found that hearing loss was associated with decreased volume in the temporal lobe, which is responsible for semantic memory and sensory integration, and the atrophy of the temporal lobe may be involved in the early stage of mild cognitive impairment (Fortunato et al., 2016). Another finding suggested that during effortful speech perception in the hearing-impaired showed increased activation of the frontal lobe, which leads to fewer resources of frontal lobes for cognition and indirectly affected the high-level cognitive processes. Moreover, hearing loss can lead to impaired auditory-limbic network FC (Rutherford et al., 2018), and resulted in a cross-modal plastic reorganization of the auditory cortex. Even mild hearing loss affects the transmission of information within the auditory-linguistic-motor circuits (Bidelman et al., 2019).

Taken together, cognitive impairment in presbycusis most likely depends on system-level disruption of brain networks, namely the internal interactions of different brain regions in one network or the interactions among multiple networks, rather than the dysfunction of a single discrete brain region. However, conventional seed-based FC researches rely on the user’s self-defined region of interest (ROI; Lv et al., 2018) and fail to fully investigate the interaction between the brain networks of presbycusis patients. Independent component analysis (ICA) using a data-driven method (McKeown et al., 1998) without prior experimental models or assumptions decompose BOLD signal from the whole brain voxels into spatially and temporally independent components (ICs), which has been widely used in rs-fMRI and is capable of measuring interactions within and between multiple brain networks directly. Among them, resting-state function network connectivity (FNC) can be used to describe the temporal correlation between these RSNs (Wang et al., 2014; Qin et al., 2018). At present, ICA studies on the connectivity changes within and between networks in presbycusis have not been reported, just a few studies focused on intra-network FC alteration (Schmidt et al., 2013; Luan et al., 2019). Therefore, we predict that by exploring RSNs and FNC to elucidate the impairment and compensation patterns of cognitive impairment in presbycusis patients will provide valuable information for rational treatment.

This study aims to systematically explore FC and their interactions within and between RSNs in presbycusis patients and to provide new reliable markers for identifying early cognitive impairments. We will experimentally validate the following hypothesis: first, the cognitive impairment in presbycusis patients is related to the disrupted FC of multiple RSNs; second, in addition to changes within the network, changes between networks may also be associated with cognitive impairment.



MATERIALS AND METHODS


Subjects

A total of 40 presbycusis patients were recruited from the otolaryngology department, and 40 age-, gender-, education-, and handedness matched control subjects were selected from community health census or online advertising. Based on the definition of hearing loss, all participants underwent the hearing loss assessment using the speech-frequency pure tone average (PTA) of the 0.25, 0.5, 1, 2, 4, 8 kHz (air conduction) threshold in the better hearing ears. The PTA value of 25 dB HL is the normal listening threshold limit. No significant difference in the auditory threshold between the experimental and control group was observed; and middle ear function was measured by using Madsen Electronics Zodiac 901 Middle Ear Analyzer (GN Otometrics).

Exclusion criteria were as follows: (1) in addition to presbycusis, ear diseases that impacted hearing threshold, including tinnitus, hyperacusis and Meniere’s disease (Lopez-Escamez et al., 2015); (2) a history of otologic surgery, ototoxic drug therapy, noise exposure or hearing aid use; (3) asymmetric hearing loss, with the difference of air conduction threshold exceeding 20 dB, and at least two frequencies between 0.5, 1, 2 and 4 kHz; (4) severe smoking, alcohol abuse, brain damage, Alzheimer’s disease, Parkinson’s disease, major depression, epilepsy, mental or neurological disorders, major diseases (such as anemia, thyroid dysfunction, cancer); and (5) a contraindication to MRI.



Neuropsychological Assessment

The neuropsychological assessment of all participants required a comprehensive test of cognitive status, including the use of Mini-Mental State Exam (MMSE; Ardila et al., 2016) and Montreal Cognitive Assessment (MoCA; Lu et al., 2011) to assess general cognitive function, Auditory Verbal Learning Test (AVLT and AVLT-delay; Xu et al., 2020) and Complex Figure Test (CFT and CFT-delay; Shin et al., 2006) for episodic verbal learning as well as visual memory recall, Digit Span Test (DST; Gabel et al., 2019) for verbal working memory. Executive control was assessed by Trail-Making Test A and B (TMT-A and TMT-B; Sánchez-Cubillo et al., 2009) and Clock-Drawing Test (CDT; Viscogliosi et al., 2017), besides mental processing speed and visuospatial abilities were evaluated by Digit Symbol Substitution Test (DSST; Rosano et al., 2013) and Verbal Fluency Test (VFT; Brucki and Rocha, 2004). Also, the Self-Rating Anxiety Scale (SAS; Song et al., 2014) and Self-Rating Depression Scale (SDS; Zung, 1971) were used to assess the symptoms of anxiety and depression. There are a total of 14 cognitive tests and it took almost 60 min for each individual to finish this battery of orderly tests.



Imaging Data Acquisition

All imaging data acquisitions were performed on a 3.0 Tesla Philips MRI scanner (Ingenia, Netherlands) with an eight-channel phased-array head coil. Resting-state functional images were acquired axially using a gradient echo-planar imaging sequence as following parameters: repetition time (TR) = 2,000 ms, echo time (TE) = 30 ms, slices = 36, thickness = 4 mm, gap = 0 mm, field of view (FOV) = 240 mm × 240 mm, acquisition matrix = 64 × 64, and flip angle (FA) = 90°, the voxel size was 3.75 × 3.75 × 4.0 mm3; and this sequence lasted 8 min and 8 s. Structural images were obtained using a three-dimensional turbo fast echo (3D-TFE) T1WI sequence and following scan parameters: TR/TE = 8.1/3.7 ms, slices = 170, thickness = 1 mm, gap = 0 mm, FOV = 256 mm × 256 mm, acquisition matrix = 256 × 256, and FA = 8°. The structural sequence lasted 5 min and 29 s. Besides, all scans were acquired with parallel imaging using sensitivity encoding (SENSE) technique and SENSE factor = 2.

During the scan, the participants were instructed to lie quietly and keep still, with eyes closed but not asleep or think about anything special. Meanwhile, foam padding was used to reduce the involuntary movement of the head, and earplugs were used to reduce the influence of noise on the participants. According to the manufacturer’s specifications, the earplugs (Hearos Ultimate Softness Series, USA) could attenuate scanner noise by almost 32 dB.



Preprocessing of Functional Imaging Data

GRETNA (Graph Theoretical Network Analysis) was applied to preprocess the functional image data for further analysis (Wang et al., 2015), involving the following steps. First, the first 10 volumes were removed to allow for an equilibrium of the magnetization and adaptation of the participants to the scanning environment. Then the remaining volumes were sliced for timing (slice timing) and corrected for head motion (realignment). Since micromovements from volume to volume can influence the FC, framewise displacement (FD) values were computed for each subject to reflect the temporal derivative of the movement parameters. Time points that exceeded a max FD of 0.5 mm were excluded from subsequent analyses. The corrected volumes were spatially normalized to the Montreal Neurological Institute space with resampled voxel size = 3 × 3 × 3 mm3, and finally spatially smoothed with a Gaussian smooth kernel (full width at half-maximum of 6 mm).



Identification of Resting-State Networks

The group ICA software (Medical Image Analysis Lab, University of New Mexico, Albuquerque, NM, USA1) was used to implement the spatial group ICA and identify RSNs. ICA analysis is performed in three phases: (1) data reduction; (2) application of ICA algorithm; and (3) back reconstruction for each subject. The number of ICs over all subjects was estimated using the minimum description-length (MDL) criteria. In phase one, principal component analysis (PCA) was used to reduce computational complexity, then the remaining reduction step was achieved again using PCA based on a selected number of ICs. In phase two, the infomax algorithm was used to run the proper ICA. In the final phase, Single-subject individual time courses and spatial maps were group ICA (GICA) type back-reconstructed and results were converted into z-scores to display.



Intra-network Functional Connectivity Analysis

Among the 40 components arising from ICA, 12 components (eight meaningful RSNs) were selected as the focus of subsequent analysis through visual inspection based on previous rs-fMRI studies. For each RSNs, a one-sample t-test was first performed to obtain z-maps for each group, which were corrected by false discovery rate (FDR) method, and the statistical figure was obtained at the threshold of p < 0.05. The spatial maps of the components were used as variables for a one-sample t-test. Each mask of the control group and presbycusis was further combined into a total mask for each component. Then, the z-maps of RSN were compared between groups using a two-sample t-test of voxel restricted within the combination mask. The comparison results were corrected p < 0.01, with a Monte Carlo simulation for multiple comparisons (AlphaSim correction2), and the regions of significant differences were selected from each RSNs to facilitate further analysis.



Inter-network Functional Connectivity Analysis

After ICA, the spatiotemporal double regression method was used to obtain the individual level time courses of the identified RSNs. Then, FNC analysis was carried out to study the relationship between different RSNs time courses. During the analysis, a temporal band-pass filter (range from 0.00 to 0.25 Hz) is first applied to the time courses to reduce the effects of low-frequency drift and high-frequency physiological noise. Secondly, the correlations were calculated between any two RSNs time courses of each subject. Then the FNC, also known as temporal correlation, is obtained by calculating the Pearson correlation coefficient of the time courses of selected RSNs and generate the 13 × 13 matrix. A general linear model (GLM) with age, sex as covariates was finally used to analyze which pairs of RSNs were significantly different between controls and patients. The significance threshold was p < 0.05, corrected for multiple comparisons using FDR.



Correlations With Neuropsychological Assessment

To further investigate the relationship between connectivity anomalies and cognitive impairment in patients with presbycusis, we performed the correlation analysis between the abnormal connectivity regions detected and neuropsychological assessment scores. That is, for the inter-network FC, the brain region with a significant difference in the two-sample t-test was selected as the ROIs and the coordinates of ROIs were extracted. Then, the mean z-scores within ROI were used to illustrate the correlation. Also, for intra-network FC, significant differences among the three groups were detected at the level of 12 components, and its FNC coefficients were used to calculate the correlation with assessment scores.



Statistical Analyses

To investigate the difference between presbycusis patients and healthy controls for demographic and clinical information, the chi-square test was applied to the categorical variables and independent two-sample t-test for continuous variables, both conducted by the IBM SPSS 19.0 package, p < 0.05 was considered statistically significant. Then, we used Cohen’s d to describe the effect size (ES) of each clinical variable. Meanwhile, for RSNs and FNC analysis, a two-sample t-test was performed to conducted group comparison between presbycusis patients and healthy controls, and results were corrected for AlphaSim (p < 0.01) and FDR method (p < 0.05), separately. Pearson or Spearman correlation was used to exam the relationship between FC and neuropsychological test scores with a statistical significance level p < 0.05. During all this analysis, SPM8 (statistical parametric mapping) was used to carry out the voxel-level statistical analysis of RSNs, and MATLAB function (MATLAB 2013a) was used for FNC group comparison and other correlation analysis. Bonferroni correction for multiple comparisons was used in the correlation analysis.




RESULTS


Clinical Characteristics and Neuropsychological Data

The clinical characteristics as well as the neuropsychological results of presbycusis patients and the control group were summarized in Tables 1, 2. There were no significant differences in the aspect of age, gender, and education level. All participants had a type-A tympanometry curve, suggesting the normal function of the middle ear. No significant difference was observed in PTA between the left and right ear of the presbycusis and the control group. The average hearing thresholds of both ears in presbycusis and control group were shown in Figure 1. The average PTA of presbycusis patients was significantly higher than that of the control group (p < 0.001, 1,000–8,000 Hz). In neuropsychological assessment, patients with presbycusis performed significantly worse on DST and TMT-B scores (p < 0.05). The other neuropsychological tests did not show any significant differences between the two groups. No subjects had max FD > 0.5 mm on more than 35 volumes in this study. No significant difference was found in the mean and max FD values between presbycusis patients and controls.

TABLE 1. Demographics of the presbycusis patients and healthy controls.
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TABLE 2. Neuropsychological tests of presbycusis patients and healthy controls.
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FIGURE 1. Mean hearing thresholds of the presbycusis and control groups from 250 Hz to 8,000 Hz. Data are presented as mean ± SD.





Resting-State Networks

By using ICA approach, we obtained a cluster of 12 ICs and identified the eight meaningful RSNs (Figure 2), which is similar to previously reported research and including the following networks: the subcortical limbic network (scLN; IC2), which located throughout striatum and extends into the thalamus, brainstem, hippocampus, and amygdala. Auditory network (AUN; IC25) mainly consists of superior temporal gyrus and middle temporal gyrus which corresponded to the auditory system. The Default-mode network (DMN; IC3 + 32), includes the anterior region and the posterior region, the anterior region comprises the medial prefrontal cortex and the anterior cingulate cortex, and the posterior region mainly involves the posterior cingulate cortex/precuneus, bilateral inferior parietal cortex, and angular gyrus. The executive control network (ECN; IC21 + 27), primarily contains the bilateral dorsolateral prefrontal cortex and the lateral parietal cortex. Attention network (AN; IC28 + 30) is captured in two components, named as dorsal AN and ventral AN, including the following areas: the bilateral intraparietal sulcus, frontal eye field, ventral parietal cortex, and inferior frontal gyrus (IFG). Sensorimotor network (SMN; IC4 + 22) centered on the bilateral primary somatosensory cortex, mainly including precentral gyrus and postcentral gyrus. Also, visual network (VN; IC6) and cerebellum network (CN; IC26) were in agreement with the anatomical and functional delineations of the occipital lobe and cerebellar cortex, respectively.
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FIGURE 2. Functional relevant resting-state networks (RSNs). The spatial maps of 12 independent components (ICs) were selected as the RSNs for further analysis. AUN, Auditory network; DMN, default mode network; ECN, executive control network; AN, attention network; SMN, sensorimotor network; VN, visual network; CN, cerebellum network.





Altered FC Within RSNs

Compared with the controls, presbycusis patients showed significant FC differences in four RSNs including the scLN, DMN, ECN, and AN, all of which revealed the decreased FC in the presbycusis group (Figure 3 and Table 3). For the scLN, FC decreased in the right middle cingulate gyrus (R_ middle cingulate gyrus). For the DMN, FC decreased in the left precuneus (L_Precuneus). For the ECN, FC decreased in the right Inferior Frontal Gyrus (R_IFG). And, the AN revealed the decreased FC in the right supplementary motor area (R_SMA). Besides, there were no differences in resting-state FC between controls and presbycusis groups within the AUN, SMN, VN, and CN.
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FIGURE 3. Group functional connectivity (FC) differences within RSNs. Significant differences between the presbycusis and control groups were found within four RSNs. scLN, subcortical limbic network; DMN, default mode network; ECN, executive control network; AN, attention network; IFG, inferior frontal gyrus; SMA, supplementary motor area; R, right; L, left.



TABLE 3. Brain regions with significant differences connectivity within resting-state networks (RSNs) between presbycusis patients and healthy controls.
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Altered Inter-network FC

Significant differences in the network connectivity in scLN, AUN, DMN, AN, and VN between presbycusis and control groups for FNC analysis were found (Figure 4). Subsequent analysis for significant differences in FNC revealed increased connectivity between scLN (IC2) and AUN (IC25), as well as the VN (IC6) and DMN (IC3) in presbycusis group compared to control group. Relative to the control group, the presbycusis group exhibited significantly decreased inter-network connectivity in the AN (28)-DMN (32).
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FIGURE 4. Significant differences in thenetwork connectivity in the subcortical limbic network (scLN), Auditory Network (AUN), default mode network (DMN), attention network (AN), and Visual Network (VN) between presbycusis and control groups.





Correlation Analysis

Pearson or Spearman correlations were performed between the mean z-scores of 12 ROIs in the eight RSNs and cognitive assessment scores. Before multiple comparisons correction, significant correlations were found between the left precuneus within the DMN and DST scores (rho = 0.501, p = 0.001), as well as between the right IFG within the ECN and TMT-B scores (r = −0.341, p = 0.042). Moreover, after performing the correlations between the FNC coefficients (three connections) and the cognitive scores in presbycusis patients, only the AN-DMN connection was found to be positively correlated with DST scores (rho = 0.327, p = 0.040). Nevertheless, no significant correlations persisted after Bonferroni correction. Also, no significant associations between FD value and network connectivity in each RSNs were found in this study.




DISCUSSION

To our knowledge, this study is the first time using the ICA approach to detect the intra- and inter-network FC and their relationship with cognitive function in patients with presbycusis. Four brain networks were found to be abnormal in presbycusis patients compared with the controls, including scLN, DMN, ECN, and AN. Meanwhile, increased or decreased alterations of the inter-network functional coupling were found in the three functional connections in presbycusis patients through FNC analysis. And in presbycusis patients, only DST and TMT-B were found significant in cognitive performance, which may indicate that cognitive impairment is mainly manifested in the level of working memory and executive control function.

Analysis of RSNs internal FC focuses on the interaction of multiple networks in a certain spatial pattern (Beckmann et al., 2005). In this study, presbycusis patients observed reduced FC in the right middle cingulate gyrus for scLN. It is well known that scLN carries a variety of functions, including emotion, behavioral motivation, cognition, and memory processing (Morgane et al., 2005). A previous study found that in patients with sudden sensorineural hearing loss showed increased nodal betweenness of the limbic network, which may suggest a plastic compensatory mechanism to lessen the consequences of nerve damage caused by hearing loss and help maintain the patient’s cognitive abilities (Xu et al., 2016). Our research found reduced FC in the middle cingulate gyrus, suggesting the possibility of cognitive impairment in presbycusis patients. The middle cingulate gyrus forms an important component of the limbic system and is widely connected to neighboring brain regions via bundles of white matter fibers (Powell et al., 2018). Moreover, this study believes that the change stems from hearing impairment patients with persistent pressure on speech perception, which leads to reduced adaptive activity in the limbic network involved in the emotional processing of sounds.

As we know, the DMN controls both primary perception and advanced cognition and is responsible for the integration of these two (Zhao et al., 2018). Studies by Chen et al. (2018) indicated that compared with healthy controls, patients with hearing impairment showed reduced spontaneous neuronal activity in the precuneus. Also, decreased FC between the dorsal AN and the precuneus in patients with hearing loss has been emerging understanding. It is however not the hearing loss itself associated with reduced FC but the individually perceived listening effort that occurs as a result of hearing loss (Rosemann and Thiel, 2019). Moreover, the precuneus is functionally involved in episodic memory retrieval, self-awareness and processing, and is a critical element of the DMN (Cunningham et al., 2017; Feldstein Ewing and Chung, 2019). Meanwhile, we also found that the FC in the left precuneus within the DMN was associated with the DST score, implicating the disrupted working memory in presbycusis patients.

The ECN is involved in numerous advanced cognitive tasks and plays an important role in adaptive cognitive control (McHugh et al., 2017). In the current study, decreased FC in the right IFG within the ECN in patients with presbycusis was appeared, and significant correlations between the right IFG and TMT-B scores were found, reflecting the abnormality of the executive control function, which is inconsistent with the previous research. A psychiatric study (Rutherford et al., 2018) identified that hearing loss leads to reduced activation in central auditory pathways, thus resulting in compensatory increased activation in the ECN. Rosemann and Thiel (2019) observed that patients with hearing loss actively recruited frontal lobe regions, which possibly reflect increased efforts in executive function. Our results actually recognized a hypothesized mechanism for the relationship between presbycusis and cognitive impairment: the reallocation of cognitive resources. External acoustic stimuli reduced as a result of hearing loss, so more neural resources are allocated to deal with the attenuation of auditory signals, while few resources correspondingly left that can be used for higher-level cognition. The right IFG is mainly implicated in sensory input processing related to expectation and attention. The decline of its function indicates the impairment of attention and the impairment of language processing (Sherman et al., 2016; Briggs et al., 2019).

A growing body of evidence suggests that SMA is not only a motor structure but also involves in a wide range of cognitive fields (Bonini et al., 2014; Leek et al., 2016). It is generally believed that the processing of auditory is modulated by movement (Schneider and Mooney, 2018). A previous study discovered that the reduced directed FC from the SMA to the hippocampus revealed impaired sensorimotor function in patients with presbycusis (Chen et al., 2020). Panouillères and Mættænen suggested that in the old adults with hearing loss, the reduction of auditory input from the cochlea to the auditory system leads to a reduction in the recruitment of the articulatory cortex (Panouillères and Mættænen, 2018). This finding supports the hypothesis of auditory-motor decline (Skipper et al., 2017), which is in line with our results. The frontal regions depart from the primary motor cortex, passes through the intermediate premotor and SMA areas, and then head towards the prefrontal areas, thus to form an organizational structure (Fuster, 2006). Therefore, the decreased FC of SMA in presbycusis patients suggested the disruption of this organizational structure, leading to the impaired function of frontal lobe-mediated cognitive processing. The above results suggested that these four cognitive-related networks may have certain specificity in cognitive impairment mediated by presbycusis, which will help understand the neuropathological mechanism of presbycusis.

Recently, gradually increasing evidence suggested that RSNs are interdependent and continue to interact with each other (Smith et al., 2015). Our results illustrated the increased connectivity for the scLN-AUN, which may be following the conceptual model proposed by Jastreboff (1990). Our results revealed that under the condition of long-term deprivation of auditory ability and insufficient auditory input in presbycusis patients, the compensatory feedback neural activity of the scLN increased, reflecting a certain degree of plastic reorganization within the limbic network. Data from previous animal models also indicated that hearing loss promotes cortical reorganization and morphological alterations (Peelle and Wingfield, 2016). Besides, it also suggested that the auditory cortex is involved in the analysis of inputs from higher-order functions mediated by scLN. Besides, our study also demonstrated the hyper-connectivity for VN-DMN, reflecting the improvement of visual motion or peripheral spatial localization ability of patients with presbycusis, and the compensatory plastic reorganization occurs in the brain network which may be due to the lack of auditory ability. The strengthened functional coupling of the local sensory network including visual and sensory-motor areas in patients with sloping sensorineural hearing loss indicates that the auditory-deprived brain will have integrated compensation for the remaining sensory regions (Wolak et al., 2019).

The decline in attention and the reduction in the volume of the attention-related cortex reflects the impaired function of the AN (Cardin, 2016), which in turn affects the perceptual analysis and the auditory processing of acoustic signals, always occurs in presbycusis patients (Fortunato et al., 2016). Previously investigating the cross-network interaction between the DMN and the DAN, it was found that activities in DMN decreased when performing goal-directed tasks, while activities in DAN increased. This relationship suggested to be anti-correlated (Fox et al., 2009), and our result seems to reinforce this decoupling effect. That is, the FC in AN reduced to stabilize the balance from the external environment, such as auditory input. However, the reduction of perceived auditory tasks in presbycusis leads to the interruption of AN, and decrease the connectivity to key nodes of the DMN. The interruption of AN is also one of the causes of memory impairment (Veldsman et al., 2019). In addition to FNC abnormalities, a negative correlation between the AN-DMN and DST scores was also detected, showing that the dis-coupling probably relates to the disrupted working memory in presbycusis patients, and these disconnections above may also contribute to daily cognitive impairment.

Several limitations should be paid attention to. First of all, although the FC results are consistent with the previous literature, the essence of the interaction between and within different internal connectivity networks has poorly comprehended. Second, the brain networks involved in this study are limited. Because other networks may play an important role in the pathophysiology of cognitive impairment in the presbycusis, detecting the variation of the FC in multiple networks will provide insight into the neural mechanism in depth. Further researches should focus on the effects of presbycusis on other brain networks and conduct longitudinal research to predict long-term cognitive function. Moreover, no significant results persisted after Bonferroni correction for multiple comparisons in the correlation analyses due to the relatively strict method, which will be considered in further study. Nonetheless, our research is still meaningful to provide some enlightenment for future studies in this field. Finally, the newly reported rs-FC is difficult to reflect the characteristics of temporal variations within the brain network, therefore, dynamic FNC is regarded as the future research direction. Also, the directionality of the interaction between networks cannot reveal by the ICA approach, further studies are needed to assess the specific and directional function in the coupling between brain networks.

To sum up, this study suggested that the structure of intra- and inter-networks FC of presbycusis patients has undergone profound alterations. The alterations involving the primarily auditory system and other high-order cognitive control networks have demonstrated that brain network with extensive plastic reorganization during the abnormal state, which provides meaningful insights for further understanding the neural mechanism of cognitive impairment in presbycusis patients.
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The study of cognitive impairment associated with hearing loss has recently garnered considerable interest. Epidemiological data have demonstrated that hearing loss is a risk factor for cognitive decline as a result of aging. However, no previous study has examined the effect of hearing loss in patients with cognitive problems such as Alzheimer’s disease. Therefore, we investigated the effect of conductive hearing loss in an Alzheimer’s mouse model. Positron emission tomography (PET) and magnetic resonance imaging (MRI) were used to evaluate changes in glucose metabolism and gray matter concentrations in the 5xFAD Alzheimer’s Disease (AD) transgenic mouse model with and without conductive hearing loss (HL). Conductive hearing loss was induced using chronic perforation of the tympanic membrane. Behavioral data from the Y-maze and passive avoidance tests revealed greater memory deficits in the AD with HL (AD-HL) group than in the AD group. Following induction of hearing loss, lower cerebral glucose metabolism in the frontal association cortex was observed in the AD-HL group than in the AD group. Although lower glucose metabolism in the hippocampus and cerebellum was found in the AD-HL group than in the AD group at 3 months, the gray matter concentrations in these regions were not significantly different between the groups. Furthermore, the gray matter concentrations in the simple lobule, cingulate/retrosplenial cortex, substantia nigra, retrosigmoid nucleus, medial geniculate nucleus, and anterior pretectal nucleus at 7 months were significantly lower in the AD-HL group than in the AD group. Taken together, these results indicate that even partial hearing loss can aggravate memory impairment in Alzheimer’s disease.
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INTRODUCTION

Cognitive impairment associated with hearing loss (HL) has recently attracted considerable interest due to growing evidence suggesting that impaired hearing is a risk factor for cognitive decline (Hardy et al., 2016). Several studies have assessed the relationship between hearing deficits and cognitive impairment. Age-related hearing problems are common among people with dementia and are associated with poor cognitive function and reduced quality of life (Dawes et al., 2018). Furthermore, hearing loss in later life has been associated with the risk of dementia. The impact of the risk factors for dementia may change during a person’s lifespan, and whether or not midlife hearing loss represents a risk factor for dementia remains poorly understood (Osler et al., 2019). Osler et al. have shown that early identification and correction of hearing loss holds promise for the prevention of dementia later in life (Osler et al., 2019). Interventions aimed at improving sensory function may improve the quality of life of patients with dementia (Leroi et al., 2017). Furthermore, middle-aged and old patients with severe or profound hearing impairments also show an increased risk of developing dementia (Kim et al., 2018). However, there are no reports on the effect of hearing loss in patients with cognitive impairment such as Alzheimer’s disease (AD). If hearing loss facilitates cognitive decline in the normal population, then patients with AD and hearing loss may be expected to suffer more in the aspect of cognitive function. Therefore, we investigated the behavior, brain function, and changes in hearing in hearing loss-induced AD model mice using behavioral tests, positron emission tomography (PET), and magnetic resonance (MR) imaging.

Although many reports point to a correlation between dementia and hearing impairment, quantitative and functional studies are challenging because the auditory areas in the brain remain poorly understood and are difficult to assess. Deaf animal models provide us with an opportunity to assess the impact of hearing loss interventions on the development of dementia, as well as the corresponding changes in brain plasticity. We have previously demonstrated cross-modal and compensatory plasticity using PET analysis in an animal model (Park et al., 2010). PET is a promising tool for the assessment of neuronal and cortical plasticity (Lee et al., 2001). The cochlear implant is a surgically implanted neuroprosthetic device that provides a sense of sound to a person with severe to profound sensorineural hearing loss (Balkany et al., 1999; Hodges et al., 1999). PET analyses of brain plasticity have provided quantitative results that support increased metabolic activity in auditory areas following cochlear implantation (Lukaszewicz-Moszynska et al., 2014; Strelnikov et al., 2015; Yoshida et al., 2017). Studies have also assessed verbal working memory in children with cochlear implants (Akcakaya et al., 2019).

The aim of this study was to evaluate the effects of conductive hearing loss on Alzheimer’s disease. We sought to investigate the following questions: (1) Does conductive hearing loss affect memory ability? (2) Does conductive hearing loss lead to functional changes in imaging studies such as PET and MR? Five familial AD mutation (5xFAD) transgenic mice (which are commonly used as an animal model for AD) were used in the current study (Son et al., 2016; O’Leary et al., 2017; Jeon et al., 2018; Moon et al., 2019). Experimental mice were divided into two groups: Alzheimer’s disease with and without hearing loss (AD-HL and AD), and used PET and MR were used to evaluate changes in cerebral glucose metabolism and regional gray matter concentrations after the induction of conductive hearing loss. Memory deficits were assessed using the Y-maze and passive avoidance tests. To the best of our knowledge, our study is the first to investigate the relationship between AD and hearing loss through the evaluation of cerebral glucose metabolism and regional gray matter concentrations using PET and MR image analysis on animal models.



MATERIALS AND METHODS


Animals and Ethics Statement

Five familial AD mutation male mice (2 months of age), which overexpress five familial AD mutations, were used in the current study. These mutations comprise three in human APP (695) with the Swedish (K670N, M671L), Florida (I716V), and London (V7171), and two in human presenilin1, PSEN1 M146L, and PSEN1 L286V. The transgenic mice were purchased from Jackson Laboratory (Bar Horbor, ME, United States). All applicable international, national, and/or institutional guidelines for the care and use of animals were followed. The animal study was approved by the Institutional Animal Care and Use Committee (IACUC) and the Institutional Review Board of the Korea Institute of Radiological and Medical Sciences (KIRAMS 2018-0016, KIRAMS 2015-38), and all experiments were performed in accordance with their guidelines.



Experimental Design


Experimental Group

The animals were divided into two groups: the experimental group (AD-HL; n = 10) with induced conductive hearing loss and the control group (AD; n = 10) with normal hearing. Both groups underwent measurement of hearing thresholds, behavioral tests, and imaging studies.



Hearing Loss

Conductive hearing loss was induced in the experimental group using the following procedure: The mice were anesthetized using intraperitoneal injections of ketamine (100 mg/kg) and xylazine (20 mg/kg). The tympanic membrane was resected using a sharp pick under continuous endoscopic visualization (Liberman et al., 2015). After resection, the movement and balance state of the animals were checked to evaluate inner ear damage. The state of the tympanic membrane was endoscopically examined every week. Resection was repeated when the perforation size was observed to have decreased. The perforation size in the tympanic membrane was maintained until the end of the study (Figure 1).


[image: image]

FIGURE 1. Hearing loss was induced by resection of the tympanic membrane. (A) Normal tympanic membrane; (B) Resected tympanic membrane; (C) Experimental scheme for imaging and behavioral testing. Baseline tests were performed before induced hearing loss. Hearing loss was induced at 0 month, and PET, MR, and behavioral tests were performed 3 and 7 months after hearing loss.




Hearing Evaluation

Hearing levels were assessed using click-evoked ABRs 1 week after surgery, 3 months later, and at the end of the study. Hearing levels were tested by evaluating the auditory brainstem responses (ABRs) to click stimuli (Intelligent Hearing System, Miami, FL, United States). Subdermal needle electrodes were located below both ear and at the vertex. The stimulus rate is 19.3/s using click sound of rarefaction mode. The response was amplified, and band pass filtered (100–3000 Hz), and averaged over stimulation (512 sweeps per stimulation).



PET Statistical Parametric Mapping (SPM) and MR Voxel-Based Morphometry (VBM) Analyses

PET and MR scans were acquired at baseline and at 3 and 7 months after the induction of hearing loss in order to assess changes in cerebral glucose metabolism and gray matter concentrations (Figure 1C).

Regional cerebral glucose metabolism was measured using the F-18 fluorodeoxyglucose (F-18 FDG) PET scan (Siemens Inveon PET scanner) (Bao et al., 2009). Prior to the PET scan, the mice (n = 10 per group, male) underwent an 8-h fasting period, after which they were anesthetized with 2% isoflurane in 100% oxygen (Forane solution; Choongwae Pharma, South Korea). The body temperatures of the mice were maintained at 36°C using heating pads during the course of the scan. Next, 200 μCi of F-18 FDG was injected through the tail vein of the mice. After 30 min of uptake, emission PET data were acquired for 30 min using an energy window of 350–650 keV. The emission list-mode data were sorted into three-dimensional (3D) sinograms and reconstructed using 3D reprojection algorithms without the use of a filter. The size of the image matrix was 256 × 256 × 159, with a pixel size of 0.155 mm × 0.155 mm and a slice thickness of 0.796 mm.

Regional differences between groups were identified using voxel-based statistical analysis performed in SPM 81. Statistical parametric mapping analysis on small animals has been described in our previous study (Kim et al., 2008). Briefly, the brain tissue was extracted from the image and a study-specific mouse brain template was constructed using structural images. Individual PET data were spatially normalized onto the mouse brain template using affine and non-linear transformations. The voxel size of the spatially normalized images was 0.3 mm × 0.3 mm × 0.3 mm. Finally, a Gaussian smoothing kernel with a full-width at half-maximum (FWHM) value of 3 mm was applied to enhance the signal-to-noise ratio. Count normalization was performed. t-tests were used to identify regional differences in cerebral glucose metabolism between the groups (p < 0.005 or p < 0.05, uncorrected).

T2w 3D MR images were acquired using an Agilent 9.4 T MR scanner (United States). An AD quad 70 RF coil was used, and the matrix size was 192 × 192 × 192. The repetition time (RT) was 2500 ms. The effective echo time (TE) was set at 7 ms. The total image acquisition time was 3 h 36 min.

Modulated VBM analysis was performed in SPM eight to compare the regional gray matter concentrations in selected brain regions between the groups (Wilke et al., 2003). Skull stripping was performed using the BrainSuite (version 16) software (Kazemi and Noorizadeh, 2014). Parameters including the brain surface extractor diffusion iterations, diffusion constant, edge constant, and erosion size were adjusted for skull stripping using individual T2w 3D MR data. A predefined gray matter template (matrix size: 512 × 512 × 512; voxel size: 0.04 mm × 0.04 mm × 0.04 mm) created by the Delora research team was used for spatial normalization (Kazemi and Noorizadeh, 2014; Delora et al., 2016). Individual skull-stripped MR data were spatially normalized onto the template and smoothed with a Gaussian smoothing kernel with a full-width at half-maximum (FWHM) value of 2 mm. Paired t-tests were used to identify regional differences in gray matter concentrations between the groups (p < 0.005, uncorrected).



Behavioral Analysis


Y-Maze Test

The Y-maze test was used to measure spatial working memory and reference memory, which were assessed by recording spontaneous alternation behavior (Kraeuter et al., 2019). Activity was recorded for 8 min and analyzed by a computer program (Viewer3, BIOSERVE, St. Augustin, Germany). Alternation was defined as successive entries into three different arms on overlapping triplet sets. Percentage alternation was calculated as the ratio of actual alternation and possible alternation (defined as the total number of arm entries – 2) × 100, as follows:

[image: image]



Passive Avoidance Test

The responses to aversive stimuli in the passive avoidance test were used to assess learning and long-term memory (Tucker et al., 1976; Nasri et al., 2012). The setup consisted of two rooms separated by a steel board such that it could automatically be moved up and down to allow movement of the animal from one room to the other. Both the rooms were equipped with a scrambler on the floor, through which electrical stimulation could be delivered to the foot. During the adaptation session (Day 1), the mice were allowed to travel freely between the two rooms for 5 min. On Day 2, the steel board was used to separate the rooms and the mouse was placed in one of the rooms. The room was kept dark for 60 s to allow the mouse to adjust to the darkness, after which the light was turned on and the steel panel was simultaneously removed. As the mouse traveled across to the other room to avoid the bright light, the movement of the mouse triggered the steel panel to shut, and an electrical shock impulse (0.3 mA, 2 s) was transmitted to the grill. After 24 h (Day 3), the mice were subjected to the same trial without the electrical shock stimulus. The time taken by the mice to cross over to the other room was automatically recorded.



Statistics

Data are presented as mean ± standard error of mean (SEM). For behavioral tests, the differences among the groups were analyzed using the one-way ANOVA test and the difference between two groups were analyzed with Student’s unpaired t-test in GraphPad Prism five (GraphPad software, CA, United States). A P-value less than 0.05 was considered statistically significant.



RESULTS


Measurement of the Level of Hearing Loss

The mean hearing level measured using click-evoked ABRs was 20 dB sound pressure level (SPL) at the normal hearing state (Figure 2A). In the control group, the hearing level was increased to 40 dB SPL at 3- and 7-months. In the experimental group, the mean hearing level was 65 dB SPL in both ears after resection of the tympanic membrane (Figure 2B). The final mean hearing levels at 7 months after the induction of hearing loss were 62.9 ± 8 dB SPL on the right side and 67.1 ± 7 dB SPL on the left side (Figure 2C).
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FIGURE 2. Auditory brainstem responses results in the AD-HL and AD groups. (A) Auditory brainstem responses in the AD group revealed a hearing threshold of 20 dB SPL at the initial state. (B) Auditory brainstem responses in the AD-HL group revealed a hearing threshold of 65 dB SPL at 3 months. (C) Mean (±SEM) ABR threshold (dB SPL) for 3 and 7 months after hearing loss. [ABR: auditory brainstem response, *significant difference between control and hearing loss group at 3 and 7 mo (P < 0.05)]. AD-HL, Alzheimer’s disease with hearing loss; AD, Alzheimer’s disease; dB SPL, decibel sound pressure level; SEM, standard error of the means.




Evidence From PET and MR Imaging


Cerebral Glucose Metabolism in the AD Group

SPM analysis of PET scans obtained at baseline and at the 3-month time-point in the AD group revealed decreased cerebral glucose metabolism in the frontal association cortex (FrA; P < 0.005; Figure 3A) and the cerebellum (Cb; P < 0.05; Figure 3B) at 3 months compared to baseline levels.
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FIGURE 3. SPM analysis of PET images; (A,B) Control vs AD; (C,D) AD vs AD-HL (3 mo); (E) AD vs AD-HL (7 mo); We found a decrease in the cerebral glucose metabolism in the (A) FrA (p < 0.005); and (B) Cb (p < 0.05) at the 3-month timepoint compared to the baseline levels. We found lower cerebral glucose metabolism in the (C) FrA (P < 0.005), and (D) CA2 region of the hippocampus and Cb (P < 0.05) in the AD-HL group than in the AD group at the 3-month timepoint after the induction of hearing loss. (E) The cerebral glucose metabolism in the FrA was lower in the AD-HL group than in the AD group (p < 0.005) at the 7-month time point after the induction of hearing loss. P-values were determined using the paired t-test. SPM, statistical parametric mapping; AD-HL, Alzheimer’s disease with hearing loss; AD, Alzheimer’s disease; FrA, frontal association cortex; Cb, cerebellum.




Comparison Between Cerebral Glucose Metabolism of the AD and AD-HL Groups

Figure 5 illustrates the results of the SPM analysis comparing PET scans of animals in the AD and AD-HL groups at 3 and 7 months after the induction of hearing loss. Cerebral glucose metabolism in the FrA was lower (P < 0.005) in the AD-HL group than in the AD model 3 and 7 months after the induction of hearing loss (shown in Figures 3C,E). We also found lower cerebral glucose metabolism in the hippocampus (CA1) and Cb 3 months after the induction of hearing loss (Figure 3D; P < 0.05).



Cerebral Gray Matter Concentrations in the AD and AD-HL Mice

Figure 4 illustrates the results of the optimized VBM analysis comparing the MR images of mice in the AD and AD-HL groups. We found no differences in the gray matter concentrations of the two groups at the 3-month time-point after the induction of hearing loss (P < 0.005). However, at the 7-month time-point after the induction of hearing loss, the AD-HL group showed lower gray matter concentrations in large areas of the brain including the FrA, simple lobule (Sim, part of the cerebellum), RSA (retrosplenial agranular cortex), cingulate/retrosplenial cortex (Cg/RS), substantia nigra (SNR), retroethmoid nucleus (REth), medial geniculate nucleus (MGV), and anterior pretectal nucleus (APTD) than the AD group (P < 0.005).
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FIGURE 4. Comparison of VBM results between the AD-HL and AD groups. (A) We found no group differences in gray matter concentrations at the 3-month time point after the induction of hearing loss (P < 0.005). (B) We found a significant decrease in the gray matter concentrations in several regions including the FrA, Sim, RSA, Cg/RS, SNR, REth, MGV, and APTD (P < 0.005) at the 7-month time point after the induction of hearing loss. P-values were determined using t-test. VBM, voxel-based morphometry; AD-HL, Alzheimer’s disease with hearing loss; AD, Alzheimer’s disease; FrA, frontal association cortex; Sim, simple lobule (part of the cerebellum); RSA, retrosplenial agranular cortex; Cg/RS,: cingulate/retrosplenial cortex; SNR, substantia nigra; REth, retroethmoid nucleus; MGV, medial geniculate nucleus; APTD, anterior pretectal nucleus.




Behavioral Analysis

The AD-HL and AD groups underwent behavioral assessment prior to the induction of conductive hearing loss (baseline) when they were 6 weeks old, and at the 3- and 7-month time-points after induction of hearing loss (in the AD-HL group). None of the animals showed balance or movement problems after resection of tympanic membrane. We assessed the effect of hearing loss on spatial memory using the Y-maze test. The AD group showed an age-dependent decline in working memory. We found no significant difference between the AD and AD-HL groups in the spontaneous alternation as evaluated by the Y-maze (Figure 5A) at the 3- and 7-month time-points after hearing loss. However, the AD group tended to show higher spatial memory compared to the AD-HL group.
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FIGURE 5. Comparison of behavioral changes between the AD-HL and AD groups. (A) In the Y-maze, we found no significant group differences in the percentage of spontaneous alternation at any of the tested time-points. However, the AD group tended to exhibit higher spatial memory than the AD-HL group at the 3- and 7-month time-points. (B) In the passive avoidance memory test, compared to the AD group, the AD-HL group exhibited significantly higher latency time at the 3- and 7-month time-points, indicating higher memory impairment. Data are represented as mean ± SEM. *P < 0.05, **P < 0.01 (vs AD group). P-values were calculated using t-test. AD-HL, Alzheimer’s disease with hearing loss; AD, Alzheimer’s disease; SEM, standard error of the means; SAP, spontaneous alternation percentage.


The passive avoidance test was performed to examine the hearing loss-induced memory impairment in the AD-HL group. We found no significant difference in cognitive performance in the passive avoidance test between the two groups prior to the induction of hearing loss. The AD-HL group exhibited significantly higher memory impairment 24 h after the training sessions with the electric shock stimulus than the AD group at the 3-month (mean latency: 210 s in AD vs 87 s in AD-HL, p = 0.0037) and 7-month (mean latency: 157 s in AD vs 95 s in AD-HL, p = 0.046) time-points following hearing loss induction (Figure 5B).



DISCUSSION

Several meta-analyses, including a meta-analysis of a prospective cohort study, have suggested that hearing impairment significantly increases the risk of developing cognitive disorders (Zheng et al., 2017). The importance of evaluating hearing levels and administering appropriate rehabilitation treatments as part of the cognitive assessment and management plan in individuals with cognitive disorders has also been emphasized (Nirmalasari et al., 2017). Further, age-related hearing loss has been considered to be a possible biomarker and modifiable risk factor for cognitive decline, cognitive impairment, and dementia (Loughrey et al., 2018).

Although meta-analyses and cohort studies have indicated a relationship between hearing loss (hearing impairment or deafness) and cognitive impairment, PET or MR image analyses or behavioral studies have not been employed to further characterize the relationship until now. Imaging studies using PET have provided a translational platform for clinical use and successful clinical proof-of-concept testing (Platt et al., 2011; Hargreaves and Rabiner, 2014). FDG-PET imaging has been used to visualize the distribution of neural damage or synaptic dysfunction; to identify distinct phenotypes of neurodegenerative disorders such as AD (McKhann et al., 2011), and to identify changes in cerebral glucose metabolism after the onset of deafness, or in brain plasticity after cochlear implantation (Okuda et al., 2013; Strelnikov et al., 2015; Suh et al., 2015; Yoshida et al., 2017). In the present study, we constructed an AD-HL animal model. This 5xFAD mouse showed peripheral hearing loss with aging (O’Leary et al., 2017). At 4-months-old, the hearing level was normal, but at 14-months-old, the hearing level was much lower than that of the wild type mouse; this has been shown to be an aggravating factor for cognitive decline. Another study was used an animal model of amyloid-β infusion to intracerebroventricular space in order to generate a suitable model for AD; in this study, deafness was induced using cochlear ablation Cognitive behavioral tests were subsequently performed, and amyloid-β infused group showed poor performance and greater loss of synapses in the hippocampus (Chang et al., 2019).

In the current study, we assessed cerebral glucose metabolism, regional gray matter concentrations changes using PET, MR imaging, and behavioral tests. We found reduced glucose metabolism in the FrA (P < 0.005), hippocampus, and Cb (P < 0.05) in the AD-HL group 3 months after the induction of hearing loss. Interestingly, this functional change was not accompanied by changes in regional gray matter concentrations at the corresponding sites. Memory decline was confirmed using the passive avoidance test. Lower cerebral glucose metabolism levels in the FrA and hippocampus related to memory deficits have also been found in our previous PET study (Park et al., 2013; Lim et al., 2016; Ye et al., 2016). Furthermore, other groups have reported cognitive decline-associated decreases in cerebral glucose metabolism in the Cb (Schreck et al., 2018; Liang and Carlson, 2019; Nishida et al., 2019). In the current study, the decrease in the cerebral glucose metabolism in the FrA persisted at the 7-month time-point. Furthermore, VBM analysis also revealed decreases in gray matter concentrations in the Sim, RSA, and Cg/RS in the AD-HL group. The Cg/RS and RSA are known to be the key brain areas involved in memory, emotion, and attention functions (Zgraggen et al., 2012; Milczarek et al., 2018).

However, we noted a discrepancy in the results from PET and MR image analyses. Although we found group differences in the regional gray matter concentrations in several areas of the brain at the 7-month time point, SPM analysis of PET imaging data did not reveal differences in glucose metabolism at the corresponding sites, except in the case of the FrA. This discrepancy could be explained by brain plasticity. Although the glucose metabolism decreased in the hippocampus and Cb 3 months after the induction of hearing loss, the metabolism in these regions recovered by 7 months, possibly due to brain plasticity. This type of recovery has been previously reported both in humans and cats (Lee et al., 2001; Park et al., 2010). In previous studies, the primary auditory cortex showed hypometabolism after deafness, and then, the hypometabolic area was normalized further after even the ear was still deaf. They explained this phenomenon as an evidence of cross-modal plasticity. Therefore, in our study, CA2 area showed hypometabolism at 3 months after hearing loss; however, the change was normalized at 7 months after hearing loss, even the hearing loss and behavioral deficit were still remained. In addition, the results of the VBM analysis suggest differences in gray matter concentration in several areas of the brain, including the FrA.

Our findings suggest that the decrease in cerebral glucose metabolism in the hippocampus is correlated with memory deficits, such as those affecting long-term memory (Sawangjit et al., 2018). The results of the passive avoidance test support the development of memory deficits induced by hearing loss, especially in terms of long-term memory. Additionally, we found no changes in regional gray matter concentrations in the whole brain at the 3-month time-point, which implies that there were changes only in the glucose metabolism at this time. However, we found significant changes in the gray matter concentrations in memory and motor function-related brain areas at 7 months after the induction of hearing loss. SPM analysis of PET images at 7 months revealed a recovery in the impaired glucose metabolism in the Cb at this time point.

Interestingly, we did not find significant changes in glucose metabolism or gray matter concentration in the auditory cortex at the 3- or 7-month time-points after the onset of hearing loss. We believe this may be because our mouse model with hearing loss did not constitute complete deafness. In our conductive hearing loss model, the mice could still hear loud sounds. As the auditory system was still functional, loud sounds could evoke activation of the auditory system. However, we found lower cerebral glucose metabolism in the FrA in the AD-HL group than in the AD group. The FrA is composed of the prefrontal cortex and motor function-related areas of the brain excluding the primary motor cortex (Takada, 2016). Neurophysiology and neuropsychology studies have established that the dorsolateral prefrontal cortex is associated with working memory, while the ventral frontal lobe is associated with auditory and audiovisual working memory (Plakke et al., 2015). Our PET findings revealed decreased glucose metabolism in the dorsolateral prefrontal cortex at the 3-month time-point after induction of hearing loss in the AD-HL mice. However, by the 7-month time-point, the glucose metabolism in the ventral prefrontal cortex, as well as in the dorsolateral prefrontal cortex regions was affected. This finding suggests that auditory areas including the ventral prefrontal cortex were affected despite the fact that we did not induce complete hearing loss.



CONCLUSION

Our findings reveal memory impairment after hearing loss in the AD mice as evidenced by PET and MR imaging findings. The results from our behavioral tests also support an association between memory impairment and hearing loss. Together, these results suggest that hearing loss may aggravate memory decline in an animal model of AD.

In sum, we constructed an AD-HL animal model and assessed changes in cerebral glucose metabolism and gray matter concentrations following hearing loss. Our results provide experimental evidence to suggest that even partial hearing loss can aggravate memory impairment in AD. In the future, this model can also be used to identify the onset of memory deficit and brain plasticity following the onset of hearing loss.
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Objective: This study aimed to evaluate the value of odors in the olfactory identification (OI) test and other known risk factors for predicting incident dementia in the prospective Shanghai Aging Study.

Methods: At baseline, OI was assessed using the Sniffin’ Sticks Screening Test 12, which contains 12 different odors. Cognition assessment and consensus diagnosis were conducted at both baseline and follow-up to identify incident dementia. Four different multivariable logistic regression (MLR) models were used for predicting incident dementia. In the no-odor model, only demographics, lifestyle, and medical history variables were included. In the single-odor model, we further added one single odor to the first model. In the full model, all 12 odors were included. In the stepwise model, the variables were selected using a bidirectional stepwise selection method. The predictive abilities of these models were evaluated by the area under the receiver operating characteristic curve (AUC). The permutation importance method was used to evaluate the relative importance of different odors and other known risk factors.

Results: Seventy-five (8%) incident dementia cases were diagnosed during 4.9 years of follow-up among 947 participants. The full and the stepwise MLR model (AUC = 0.916 and 0.914, respectively) have better predictive abilities compared with those of the no- or single-odor models. The five most important variables are Mini-Mental State Examination (MMSE) score, age, peppermint detection, coronary artery disease, and height in the full model, and MMSE, age, peppermint detection, stroke, and education in the stepwise model. The combination of only the top five variables in the stepwise model (AUC = 0.901 and sensitivity = 0.880) has as a good a predictive ability as other models.

Conclusion: The ability to smell peppermint might be one of the useful indicators for predicting dementia. Combining peppermint detection with MMSE, age, education, and history of stroke may have sensitive and robust predictive value for dementia in older adults.

Keywords: olfactory, odor, dementia, prediction, logistic model, permutation importance method


INTRODUCTION

Olfactory dysfunction is a common feature of neurodegenerative diseases, especially in dementia (e.g., Alzheimer’s disease, dementia with Lewy bodies, and Parkinson’s disease dementia), and is considered to be a premotor sign of neurodegeneration (Attems et al., 2014). Previous hospital- and population-based studies have demonstrated the association of olfactory dysfunction with dementia, cognitive decline, or mild cognitive impairment (MCI). Some human studies show a relationship between peppermint aroma stimulation and enhanced memory and functional performance in older people with dementia (Herz, 1997; Collier, 2007; Moss et al., 2008). Furthermore, peppermint’s preservation of central nervous system microglia as a mediator of improved cognitive function has also been reported by an experimental in vivo study (Koo et al., 2001). At the baseline of our Shanghai Aging Study, we found a lower score on the olfactory identification (OI) test and a reduced ability to identify odors of peppermint, orange, pineapple, cinnamon, coffee, fish, banana, rose, leather, and licorice in participants with MCI compared to those with normal cognition (Liang et al., 2016). We further verified these findings in the 5-year prospective phase and explored the association of inability to smell peppermint with a higher dementia onset risk (HR = 2.67, 95% CI: 1.44, 4.96) by using a multivariable logistic regression (MLR) model (Liang et al., 2020). However, the previous study also did not evaluate the performance (or predictive value) of peppermint in predicting incident dementia.

Variable selection is one of the core concepts in statistical learning, and it impacts the performance of predictive models significantly. Irrelevant or partially relevant variables may reduce the predictive ability of the models. There are many variable-selection methods available in data science, such as recursive feature elimination, principle component analysis, correlation matrix with heat map, feature importance, and some wrapper methods (Hua et al., 2009; Liu and Motoda, 2012). Variable importance is straightforward and can be easily explained to an audience outside of the fields of data science and informatics. In the current study, the permutation importance (PI) method, which permutes the values of a feature of interest and reevaluates the predictive ability of the models (Altmann et al., 2010), was used to evaluate the importance of the OI test, certain odors, and other known risk factors for predicting incident dementia in the prospective Shanghai Aging Study.



MATERIALS AND METHODS


Study Setting and Participants

The Shanghai Aging Study is a prospective cohort study aiming to enumerate the prevalence, incidence, and risk factors for dementia and MCI among residents aged ≥60 in an urban community of central Shanghai. The study design and participant recruitment of SAS are described in detail elsewhere (Ding et al., 2014; Liang et al., 2016; Liang et al., 2020). A flowchart of recruitment for study participants is shown in Supplementary Figure S1. In total, 1,782 recruited participants without dementia completed both cognitive assessment and the OI test at baseline (2010–2011). The participants were contacted between April 1, 2014 and December 31, 2016, to investigate the first wave of dementia incidence. After excluding participants who were lost to follow-up, deceased, or had missing values in the analysis variables, 947 participants were included in the current study. After an average of 4.9 years of follow-up, 75 (7.0%) of the 947 included participants were diagnosed with new-onset dementia with an incidence rate of 16 [95% confidence interval (CI): 13–20] per 1,000 person-years. Participants with incident dementia were older (mean age: 77.8 ± 5.6) than participants without incident dementia (mean age: 69.9 ± 6.5, p < 0.001) at the baseline.



Collection of Baseline Data

Demographics and lifestyle: Demographic and lifestyle characteristics, including age, sex, years of formal education, cigarette smoking, and alcohol consumption, were collected via an interviewer-administered questionnaire (Shu et al., 2004).

Physical measurements: Each participant’s height and weight at baseline were measured by a research nurse. BMI was calculated as weight in kilograms divided by height in meters squared.

Medical history: Participants’ medical histories, including physician-diagnosed hypertension, coronary artery disease (CAD), diabetes, and stroke were asked by neurologists from the Department of Neurology, Huashan Hospital (Liang et al., 2020).

Apolipoprotein (APOE) genotype: DNA was extracted from blood or saliva samples at baseline. APOE genotyping was conducted by the Taqman SNP method (Smirnov et al., 2009). The presence of at least one ε4 allele was defined as APOE-ε4 allele positive.

OI test: OI at baseline was assessed using the Sniffin’ Sticks Screening Test 12 (SSST-12), which consists of 12 odors (orange, leather, cinnamon, peppermint, banana, lemon, licorice, coffee, cloves, pineapple, rose, and fish) presenting on felt-tip sticks (Wolfensberger, 2000). The SSST-12 kit was purchased from Burghart Medical Technology, Hamburg, Germany (Tinsdaler Weg 175, 2020). OI was defined as an individual correctly naming an odor or odors, either with or without the help of alternative choices. The administration of SSST-12 is described in detail elsewhere (Liang et al., 2016).

Cognition assessment and consensus diagnosis: The cognitive function of the participants was assessed using a battery of neuropsychological tests, including the Mini Mental State Examination (MMSE) (Tombaugh and McIntyre, 1992), Conflicting Instructions Task (go/no-go task), Stick Test, Modified Common Objects Sorting Test, Auditory Verbal Learning Test, Modified Fuld Object Memory Evaluation, Trail-Making Test A & B, and Renminbi (Chinese Currency) Test. The normative data and detailed description of the assessment battery are reported elsewhere (Zhang et al., 1990; Ding et al., 2015). Each participant’s mood was evaluated using the Zung Self-Rating Anxiety Scale and the Center for Epidemiologic Studies Depression Scale (CESD), and depression was present if a CESD score ≥16 (Zung, 1971; Eaton et al., 2004).

Two study neurologists, one neuropsychologist, and one neuroepidemiologist reviewed the functional, medical, neurological, psychiatric, and neuropsychological data of the participants and reached a consensus regarding the presence of dementia using the Diagnostic and Statistical Manual of Mental Disorders IV (DSM–IV) criteria (American Psychiatric Association, 1994).



Prospective Follow-Up

Between April 2014 and December 2016, participants who were diagnosed as dementia-free were invited for a clinical interview as the first wave of follow-up to detect incident dementia cases. Each participant was administered the same neuropsychological battery for the cognition assessment. Procedure and criteria of the consensus diagnosis were identical with that at baseline.



Statistical Analysis


Descriptive Analysis

Participants’ demographics, lifestyle, medical history, and OI test results are presented using mean with standard deviation (SD) or median with interquartile range (IQR) for the continuous variable and using a percentage for the categorical variables. Difference between groups was tested using the chi-squared test for categorical variables and analysis of variance (ANOVA) or Mann–Whitney U test for continuous variables. Correlation was measured using the Pearson correlation coefficient between two continuous variables and using the point-biserial correlation coefficient between a binary and a continuous variable (Demirtas and Hedeker, 2016) and the phi coefficient between two binary variables (Chen and Popovich, 2002). Multicollinearity between the variables is presented using a heat map. A two-sided P-value <0.05 is considered statistically significant.



Determination of Variable Importance

Prediction: In the current study, prediction for dementia incidence was conducted using MLR analysis. Four types of MLR models were constructed in the study. In the first or no-odor model, we only included demographics, lifestyle, and medical history variables (i.e., sex, age, BMI, height, education, smoking, drinking, CAD, hypertension, diabetes, depression, stroke, APOE-ε4, and MMSE) but not any odor. In the second type or single-odor model, we added only one single odor or OI sum score to the first model. In the third or full model, all 12 odors were included. Weight was excluded in the first three types of models, and OI sum score was excluded in the first and third models because of high collinearity with other variables. In the fourth model, the variables were selected using a bidirectional stepwise selection method (Zhang, 2016).

Validation: The K-fold cross-validation method was used during the MLR model learning and validation, which is a standard way to obtain unbiased estimates of a model’s goodness of fit and to handle the overfitting problem in statistical learning. In brief, we randomly split the data set into five equal partitions and constructed an MLR model on four partitions while validating it on the remaining partition. In each iteration, the prediction was made for the one held-out partition. In the end, we got the prediction for the whole data set and used it for validation (James et al., 2013).

Evaluation: The metrics, including sensitivity, specificity, accuracy, and area under the receiver operating characteristic (ROC) curve, were used to evaluate the models’ predictive ability. Terminology and derivations of the metrics are given in detail elsewhere (Cao et al., 2019). The acceptable, good, and great prediction models for incident dementia are defined as the area under the ROC curve (AUC) of a model greater than 0.7, 0.8, and 0.9, respectively (Marzban, 2004; Mandrekar, 2010).

Variable standardization: Because scalability is an important aspect of statistical learning and matters for the models’ performance, variable standardization is preferred before training the models (Lantz, 2013). Because the aim of the current study was to evaluate the predictive ability of the models rather than to interpret the associations between the predictors and the outcome, therefore, all features were treated as continuous or discrete numerical variables and were scaled using the standard scaler to have a mean of 0 and a SD of 1 (Zheng and Casari, 2018).

PI: For the MLR models, PI was calculated for each variable, which is measured by looking at how much the accuracy decreases when the information on the variable is not available (Altmann et al., 2010). To mask the information on a variable during validation, instead of removing the variable from the data set, the PI method replaces it with random noise by shuffling the values of the variable, i.e., using values from other participants (Breiman, 2001; Fisher et al., 2019). The relative importance of a variable was calculated as the accuracy decrease of the variable relative to the range of the accuracy decreases of all the variables (Gómez-Ramírez et al., 2019).



Software and Hardware

The descriptive analyses were performed using Stata 16.0 (StataCorp LLC, College Station, TX, United States). The MLR models and PI evaluation were achieved in Python 3.6 (Python Software Foundation1) using packages scikit-learn 0.22.1 (Pedregosa et al., 2011) and ELI5 0.10.1 (Korobov and Lopuhin, 2020). All computation was conducted on a computer with a 64-bit Windows 7 Enterprise operating system (Service Pack 1), Intel® Core TM i5-4210U CPU of 2.40 GHz, and 16.0 GB installed random access memory.



Ethical Consideration and Data Availability

The study is an observational study and was approved by the Medical Ethical Committee of Huashan Hospital, Fudan University, Shanghai, China (approval number: 2009-195). All participants and/or their legal guardian gave their written informed consent for participation in the study. There is no personal identification disclosed in our data. The data are not publicly available but may be available upon reasonable request and with permission of the Ding Ding (dingding@huashan.org.cn).



RESULTS


Characteristics of the Participants

Detailed baseline information on the participants is published elsewhere and given in Supplementary Table S1 (Liang et al., 2020). In general, compared to those who did develop dementia (n = 872), participants with incident dementia (n = 75) were older (77.8 vs 69.9 years), shorter (156.5 vs 162.0 cm), weighed less (59.1 vs 64.4 kg), and had less education (9 vs 12 years) when recruited. CAD, stroke, and APOE-ε4 positive were more frequently observed in the new-onset dementia cases (Supplementary Table S1). The new-onset dementia cases had a lower correct identification rate for most odors and lower OI sum and MMSE scores at the baseline (Supplementary Table S1). There was no significant multicollinearity observed between the variables except for the high correlation between height and weight, weight and BMI, and OI sum score and the 12 odors (Figure 1).
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FIGURE 1. Heat map of the pairwise correlation coefficients between the variables.




Predictive Ability of the Models

The regression coefficients of the full and stepwise models are shown in Tables 1 and 2. In the full model, age, APOE-ε4, peppermint, pineapple, banana, and MMSE are statistically significantly (at the two-sided type one error α = 0.05 level) associated with dementia incidence. However, in the analysis, wrong identification of pineapple is associated with a lower probability of dementia incidence (Table 1).


TABLE 1. Multivariable logistic regression coefficients of the full model.
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TABLE 2. Multivariable logistic regression coefficients of the stepwise model.
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In the stepwise model, age, weight, education, APOE-ε4, peppermint, banana, pineapple, and MMSE are associated with dementia incidence. Similarly, wrong identification of pineapple is associated with lower probability of dementia incidence (Table 2). The predictive abilities of the four types of models are shown in Table 3. There is no significant difference in predictive abilities between the no-odor and the single-odor models; both types of models show great ability for predicting dementia incident (AUCs ranging between 0.901 and 0.906). However, the model including licorice shows higher accuracy (= 0.818), and the model including banana, lemon, or cloves shows higher sensitivity (= 0.920, Table 3). The predictive abilities of the full and stepwise models are similar (AUC = 0.916 and 0.914, respectively) (Figure 2) and better (although not significant) than those of the no- or single-odor models (Table 3).


TABLE 3. Performance matrix of the prediction models.
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FIGURE 2. AUC of the full and stepwise models.




Relative PI of the Variables

The relative importance of the variables was evaluated in the full and stepwise models because they showed the best performance for prediction. In the full model, the five most important variables are MMSE, age, peppermint, CAD, and height (Figure 3). In the stepwise model, the five most important are MMSE, age, peppermint, stroke, and education. Both results indicate that identification of peppermint odor might be an important indicator for dementia only after MMSE and age. In addition, banana also shows relative higher importance in both models (Figure 3). There are also variables with negative importance, which means that, when they were excluded from the model, the accuracy of the prediction increased.
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FIGURE 3. Relative importance with corresponding standard deviation of the variables in terms of accuracy decrease in prediction.


When using a simple model that only includes the five most important variables in the stepwise model, we achieved a predictive ability (AUC = 0.901 and sensitivity = 0.880) as great as those of the aforementioned models that include many more variables (Table 3).



DISCUSSION

Although there is a study using random forest and permutation-based methods to select important variables for predicting conversion to MCI (Gómez-Ramírez et al., 2019), to the best of our knowledge, this is the first study investigating the predictive rather than associative value of the odors in the OI test for incident dementia in the elderly. There are several strengths in our study. First, the permuting destroys the interaction effects between variables, which means that it automatically takes into account both the main effect of a variable and the interaction effects with other variables on model performance (Fisher et al., 2019). Second, our data suggest that, not only is MMSE generally applicable to predict dementia in our geriatric population, but the addition of the ability to smell peppermint further improves the precision and accuracy of the model. This has tangible clinical benefits in both informing clinical decision making and translating statistical probability into coherent information for the elderly and their families. Thus, a consensus plan (either medical treatment or preventive intervention) may be more readily reached. Third, cross-validation was used when we evaluated the performance of the models, which minimized overfitting. Finally, different MLR models were constructed and compared, and they presented similar results, which ensure that our conclusion is conservative and robust.


OI Test and Dementia Prediction

Previous studies reveal that both olfactory and certain cognitive functions are controlled via the orbitofrontal cortex, and reduced olfactory ability and manifestation of dementia are associated with brain changes in the hippocampus and entorhinal cortex (Rupp et al., 2006; Maurage et al., 2011; Seligman et al., 2013; Marigliano et al., 2014; Growdon et al., 2015). Olfactory dysfunction is associated with pathological features of cognitive impairment (Passali et al., 2015; Reijs et al., 2017). Some studies suggest that olfactory dysfunction could be a suitable biomarker for predicting cognitive impairment and development of dementia (Suzuki et al., 2004; Eibenstein et al., 2005; Devanand et al., 2015; Ottaviano et al., 2016; Roberts et al., 2016; Roalf et al., 2017). Our previous study also indicates that some odors, such as peppermint in the OI test, are associated with incident dementia in the older population (Liang et al., 2020). However, the predictive ability of the models incorporating the OI test was not ideal in previous studies. A large sample size (N = 2227) prospective study of middle-aged to older adults (55–86 years) concludes that olfactory function may serve as a marker for screening persons at high risk for cognitive decline and dementia. However, the AUC values in the study are only between 0.55 and 0.62 for the five cognitive tests (Tebrugge et al., 2018). In another prospective study of 757 participant aged 65 years and older, the University of Pennsylvania Smell Identification Test combined with the Selective Reminding Test–total immediate recall shows an improved performance for predicting dementia incidence; however, the AUC is still only 0.77 (Devanand et al., 2015). Although Stanciu et al. (2014) concludes that OI could independently predict conversion to dementia within a 10-year time span, the accuracy of the prediction is not evaluated in that study.

The SSST-12 test comprises 12 common and familiar odorants recognized by a majority of the population (Oleszkiewicz et al., 2019). The number of odors for selection could be as many as 37 in comprehensive olfactory tests (MediSense, 2020); however, it remains uncertain how many items are sufficient for a valid diagnosis or screening (Lotsch et al., 2016). Several studies attempt to reduce the number of odor identification items to 1–5 odors (Doty et al., 1996; Simmen et al., 1999; Hummel et al., 2001; Gilbert et al., 2002; Jackman and Doty, 2005; Mueller and Renner, 2006), and a recent study recommends a three-odor test with cinnamon as the best scoring odor (Lotsch et al., 2016). Although an inability to identify certain odors has previously been used as a predictor for incident dementia (Adams et al., 2018; Liang et al., 2020), the relative importance of the odors compared to each other or compared to other predictors has not been investigated.



Peppermint and Dementia

The current study further confirms previous findings that the ability to smell peppermint may play an important role in predicting dementia incidence in the elderly (Adams et al., 2018; Liang et al., 2020). It also reveals that peppermint is the third most important variable in the prediction models, only after MMSE and age. Using a simplified prediction model including MMSE, age, peppermint, stroke, and education, the specificity of the prediction can be as high as 0.88 with an AUC of 0.90.

The relationship between detection of peppermint and dementia has been investigated previously. A human study of peppermint’s modulation on long-term potentiation shows a direct correlation between peppermint oils and enhanced memory (Moss et al., 2008). In recall tests of extended memory, improved cognitive function arises in response to exposure to peppermint aroma during both learning and memory retrieval tasks (Herz, 1997). In a randomized single blind trial, researchers used multisensory stimulation, including aromatic cloves or peppermint, to improve functional performance in older people with dementia, and they find a significant effect of the intervention on function, mood, and behavior in people with a diagnosis of moderate/severe dementia (Collier, 2007). However, Fox et al. (2012) study suggests that consumption of peppermint does not mediate alertness or enhance cognitive performance. Although the underlying mechanism of the effects of peppermint on neurological functions is not clear yet, an experimental study shows that in vivo exposure of glial cells to peppermint oil might inhibit heat shock-induced apoptosis of astrocytes in rat and human cell models, suggesting peppermint’s preservation of central nervous system microglia as a mediator of improved cognitive function (Koo et al., 2001). Further research investigating compound metabolism is required to optimize quantification of memory performance following peppermint ingestion.



MLR and PI

There are other statistical learning methods for prediction, such as discriminant analysis, decision tree, K-nearest neighbor, support vector machine, and multilayer perceptron (James et al., 2013). The reasons for using MLR in the current study are that (a) logistic regression is the most widely used method in diagnostic tests and prediction studies for binary outcomes in medical science. The results from a logistic regression analysis can be easily comprehended by clinical researchers (Coughlin et al., 1992; Greiner et al., 2000; Janssens et al., 2005). (b) Coefficients from the logistic regression models can be translated into odds ratios, which are widely used in medical and epidemiology studies (Hilbe, 2009).

Compared to Gini importance, which is model-agnostic and embedded in tree-based statistical learning algorithms, such as random forest (Nembrini et al., 2018), the concept of PI is straightforward. PI measures the importance of a variable by calculating the decrease in the model’s prediction accuracy after permuting the variable. A variable is “important” if shuffling its values decreases the accuracy because, in this case, the model relies on the variable for the prediction (Breiman, 2001). Although permuting irrelevant or partially relevant variables may increase the predictive ability of the models, it may result in a negative importance, just as we observe in Figure 3. The method is generalizable no matter the predictive model and most suitable for computing variable importance when the number of variables is not large; otherwise, it can be resource-intensive (Altmann et al., 2010; Fisher et al., 2019).

Because using a limited number of variables may have already achieved great prediction for dementia incidence (such as the simple model in Table 3), one single variable contributes little to the improvement accuracy of the prediction in a multivariable model; therefore, we only compare relative importance of the variables in this study. It is useful when we want to find common important variables using different statistical learning methods. In our study, all five of the most important variables (MMSE, age, peppermint, stroke, and education) found in the stepwise MLR model are consistent with the statistically significant risk factors derived from previous studies (Snowdon and Nun, 2003; Cullen et al., 2005; Ngandu et al., 2007; Mijajlovic et al., 2017; Liang et al., 2020). The combination gives us real, predictive values that may be useful in clinical practice.



Limitations

There are also several limitations in the study. First, the sample size is relatively small, and only 75 participants were diagnosed with new-onset dementia after an average of 4.9 years of follow-up. Essentially, the performance of statistical learning methods relies on the amount of data available. The more observations and variables, the better the models perform. Although we obtain satisfactory accuracy from the models, the generalizability of the findings is limited by the small sample size. Second, nominal variables are treated as discrete numerical features in this study. Although it increases the accuracy of prediction, the interpretability of the models is reduced. Third, about half of the participants who were lost to follow-up were excluded from our analysis data set. We do not know the incidence of dementia among the excluded participants and whether being lost to follow-up was associated with certain cognitive impairments. Although there is no statistically or clinically significant difference between the included and excluded participants in terms of demographic and lifestyle characteristics, the validity of the models is limited by the incompleteness and needs to be examined using data with better representativeness.



CONCLUSION

The ability to smell certain odors, especially peppermint, might be one of the useful indicators for predicting dementia in the elderly. Incorporating peppermint with MMSE, age, education, and history of stroke, we may predict long-term dementia onset in older adults precisely. Aromatherapy using essential oils, including peppermint, to prevent and/or control symptoms of dementia deserves further investigation.



DATA AVAILABILITY STATEMENT

The data analyzed in this study is subject to the following licenses/restrictions: The data are not publicly available but may be available upon reasonable request and permission. Requests to access these datasets should be directed to DD, dingding@huashan.org.cn.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by the Medical Ethical Committee of Huashan Hospital, Fudan University, Shanghai, China (approval number: 2009-195). The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

YC and DD: conceptualization, methodology, and writing – original draft. DD and XL: data curation. YC: formal analysis and software. DD and QZ: funding acquisition. DD, XL, WW, and ZX: investigation. DD: project administration. YC, DD, and ZX: writing – review and editing. All authors contributed to the article and approved the submitted version.



ACKNOWLEDGMENTS

This work was supported by grants from Shanghai Municipal Science and Technology Major Project (2018SHZDZX01) and ZJ Lab, National Natural Science Foundation of China (81773513), Scientific Research Plan Project of Shanghai Science and Technology Committee (17411950701 and 17411950106), Shanghai Sailing Program (20YF1404000), and the National Project of Chronic Disease (2016YFC1306400).



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnagi.2020.00266/full#supplementary-material

FIGURE S1 | Flowchart of recruitment of participants.

TABLE S1 | Baseline characteristics of participants with and without incident dementia.


FOOTNOTES

1
https://www.python.org/

REFERENCES

Adams, D. R., Kern, D. W., Wroblewski, K. E., Mcclintock, M. K., Dale, W., and Pinto, J. M. (2018). Olfactory dysfunction predicts subsequent dementia in older U.S. adults. J. Am. Geriatr. Soc. 66, 140–144. doi: 10.1111/jgs.15048

Altmann, A., Tolosi, L., Sander, O., and Lengauer, T. (2010). Permutation importance: a corrected feature importance measure. Bioinformatics 26, 1340–1347. doi: 10.1093/bioinformatics/btq134

American Psychiatric Association (1994). DSM-IV: Diagnostic and Statistical Manual of Mental Disorders. Washington, DC: American Psychiatric Press Inc.

Attems, J., Walker, L., and Jellinger, K. A. (2014). Olfactory bulb involvement in neurodegenerative diseases. Acta Neuropathol. 127, 459–475. doi: 10.1007/s00401-014-1261-7

Breiman, L. (2001). Random forests. Mach. Learn. 45, 5–32. doi: 10.1023/A:1010933404324

Cao, Y., Fang, X., Ottosson, J., Naslund, E., and Stenberg, E. (2019). A comparative study of machine learning algorithms in predicting severe complications after bariatric surgery. J. Clin. Med. 8:668. doi: 10.3390/jcm8050668

Chen, P. Y., and Popovich, P. M. (2002). Correlation: Parametric and Nonparametric Measures. Thousand Oaks. California: Sage Publications, Inc.

Collier, L. (2007). The Use of Multi-Sensory Stimulation to Improve Functional Performance in Older People with Dementia: A Randomised Single Blind Trial. Southampton: University of Southampton.

Coughlin, S. S., Trock, B., Criqui, M. H., Pickle, L. W., Browner, D., and Tefft, M. C. (1992). The logistic modeling of sensitivity, specificity, and predictive value of a diagnostic test. J. Clin. Epidemiol. 45, 1–7. doi: 10.1016/0895-4356(92)90180-u

Cullen, B., Fahy, S., Cunningham, C. J., Coen, R. F., Bruce, I., Greene, E., et al. (2005). Screening for dementia in an Irish community sample using MMSE: a comparison of norm-adjusted versus fixed cut-points. Int. J. Geriatr. Psychiatry 20, 371–376. doi: 10.1002/gps.1291

Demirtas, H., and Hedeker, D. (2016). Computing the point-biserial correlation under any underlying continuous distribution. Commun. Stat. Simul. Comput. 45, 2744–2751. doi: 10.1080/03610918.2014.920883

Devanand, D. P., Lee, S., Manly, J., Andrews, H., Schupf, N., Doty, R. L., et al. (2015). Olfactory deficits predict cognitive decline and Alzheimer dementia in an urban community. Neurology 84, 182–189. doi: 10.1212/wnl.0000000000001132

Ding, D., Zhao, Q., Guo, Q., Meng, H., Wang, B., Luo, J., et al. (2015). Prevalence of mild cognitive impairment in an urban community in China: a cross-sectional analysis of the Shanghai aging Study. Alzheimers Dement. 11, 300.e2–309.e2. doi: 10.1016/j.jalz.2013.11.002

Ding, D., Zhao, Q. H., Guo, Q. H., Meng, H. J., Wang, B., Yu, P. M., et al. (2014). The Shanghai aging study: study design, baseline characteristics, and prevalence of dementia. Neuroepidemiology 43, 114–122. doi: 10.1159/000366163

Doty, R. L., Marcus, A., and Lee, W. W. (1996). Development of the 12-item Cross-Cultural Smell Identification Test (CC-SIT). Laryngoscope 106, 353–356. doi: 10.1097/00005537-199603000-00021

Eaton, W. W., Smith, C., Ybarra, M., Muntaner, C., and Tien, A. (2004). “Center for epidemiologic studies depression scale: review and revision (CESD and CESD-R),” in The use of psychological testing for treatment planning and outcomes assessment: Instruments for adults, ed. M. E. Maruish (New York: Taylor & Francis Group), 363–377. doi: 10.1037/t29280-000

Eibenstein, A., Fioretti, A. B., Simaskou, M. N., Sucapane, P., Mearelli, S., Mina, C., et al. (2005). Olfactory screening test in mild cognitive impairment. Neurol. Sci. 26, 156–160. doi: 10.1007/s10072-005-0453-2

Fisher, A., Rudin, C., and Dominici, F. (2019). All models are wrong, but many are useful: learning a variable’s importance by studying an entire class of prediction models simultaneously. J. Mach. Learn. Res. 20, 1–81.

Fox, M., Krueger, E., Putterman, L., and Schroeder, R. (2012). The effect of peppermint on memory performance. J. Adv. Stud. Sci. 1, 1–7.

Gilbert, A., Popper, R., Kroll, J., Nicklin, L., and Zellner, D. (2002). The Cranial I Quick Sniff®: a new screening test for olfactory function. Chem. Senses 2002:A23.

Gómez-Ramírez, J., Ávila-Villanueva, M., and Fernández-Blázquez, M. Á (2019). Selecting the most important self-assessed features for predicting conversion to Mild Cognitive Impairment with Random Forest and Permutation-based methods. bioRxiv [Preprint]. doi: 10.1101/785519v1

Greiner, M., Pfeiffer, D., and Smith, R. D. (2000). Principles and practical application of the receiver-operating characteristic analysis for diagnostic tests. Prev. Vet. Med. 45, 23–41. doi: 10.1016/s0167-5877(00)00115-x

Growdon, M. E., Schultz, A. P., Dagley, A. S., Amariglio, R. E., Hedden, T., Rentz, D. M., et al. (2015). Odor identification and Alzheimer disease biomarkers in clinically normal elderly. Neurology 84, 2153–2160. doi: 10.1212/wnl.0000000000001614

Herz, R. S. (1997). Emotion experienced during encoding enhances odor retrieval cue effectiveness. Am. J. Psychol. 110, 489–505. doi: 10.2307/1423407

Hilbe, J. M. (2009). Logistic Regression Models. Boca Raton, FL: Chapman and hall/CRC. doi: 10.1201/9781420075779

Hua, J. P., Tembe, W. D., and Dougherty, E. R. (2009). Performance of feature-selection methods in the classification of high-dimension data. Pattern Recogn. 42, 409–424. doi: 10.1016/j.patcog.2008.08.001

Hummel, T., Konnerth, C. G., Rosenheim, K., and Kobal, G. (2001). Screening of olfactory function with a four-minute odor identification test: reliability, normative data, and investigations in patients with olfactory loss. Ann. Otol. Rhinol. Laryngol. 110, 976–981. doi: 10.1177/000348940111001015

Jackman, A. H., and Doty, R. L. (2005). Utility of a three-item smell identification test in detecting olfactory dysfunction. Laryngoscope 115, 2209–2212. doi: 10.1097/01.mlg.0000183194.17484.bb

James, G., Witten, D., Hastie, T., and Tibshirani, R. (2013). An Introduction to Statistical Learning. Cham: Springer. doi: 10.1007/978-1-4614-7138-7

Janssens, A. C., Deng, Y., Borsboom, G. J., Eijkemans, M. J., Habbema, J. D., and Steyerberg, E. W. (2005). A new logistic regression approach for the evaluation of diagnostic test results. Med. Decis. Making 25, 168–177. doi: 10.1177/0272989x05275154

Koo, H. N., Jeong, H. J., Kim, C. H., Park, S. T., Lee, S. J., Seong, K. K., et al. (2001). Inhibition of heat shock-induced apoptosis by peppermint oil in astrocytes. J. Mol. Neurosci. 17, 391–396. doi: 10.1385/jmn:17:3:391

Korobov, M., and Lopuhin, K. (2020). Welcome to ELI5’s documentation [Online]. Available: https://eli5.readthedocs.io/en/latest/ (accessed Feburary 17, 2020).

Lantz, B. (2013). Machine Learning with R. Birmingham: Packt Publishing Ltd.

Liang, X., Ding, D., Zhao, Q., Wu, W., Xiao, Z., Luo, J., et al. (2020). Inability to smell peppermint is related to cognitive decline: a prospective community-based study. Neuroepidemiology 54, 258–264. doi: 10.1159/000505485

Liang, X. N., Ding, D., Zhao, Q. H., Guo, Q. H., Luo, J. F., Hong, Z., et al. (2016). Association between olfactory identification and cognitive function in community-dwelling elderly: the Shanghai aging study. BMC Neurol. 16:199. doi: 10.1186/s12883-016-0725-x

Liu, H., and Motoda, H. (2012). Feature Selection for Knowledge Discovery and Data Mining. Cham: Springer.

Lotsch, J., Ultsch, A., and Hummel, T. (2016). How many and which odor identification items are needed to establish normal olfactory function? Chem. Senses 41, 339–344. doi: 10.1093/chemse/bjw006

Mandrekar, J. N. (2010). Receiver operating characteristic curve in diagnostic test assessment. J. Thorac. Oncol. 5, 1315–1316. doi: 10.1097/jto.0b013e3181ec173d

Marigliano, V., Gualdi, G., Servello, A., Marigliano, B., Volpe, L. D., Fioretti, A., et al. (2014). Olfactory deficit and hippocampal volume loss for early diagnosis of Alzheimer disease: a pilot study. Alzheimer Dis. Assoc. Disord. 28, 194–197. doi: 10.1097/wad.0b013e31827bdb9f

Marzban, C. (2004). The ROC curve and the area under it as performance measures. Weather Forecast. 19, 1106–1114. doi: 10.1175/825.1

Maurage, P., Callot, C., Chang, B., Philippot, P., Rombaux, P., and De Timary, P. (2011). Olfactory impairment is correlated with confabulation in alcoholism: towards a multimodal testing of orbitofrontal cortex. PLoS One 6:e23190. doi: 10.1371/journal.pone.0023190

MediSense (2020). Can I order Sniffin’ Sticks with the odor of choice? [Online]. Groningen: MediSense.

Mijajlovic, M. D., Pavlovic, A., Brainin, M., Heiss, W. D., Quinn, T. J., Ihle-Hansen, H. B., et al. (2017). Post-stroke dementia - a comprehensive review. BMC Med. 15:11. doi: 10.1186/s12916-017-0779-7

Moss, M., Hewitt, S., Moss, L., and Wesnes, K. (2008). Modulation of cognitive performance and mood by aromas of peppermint and ylang-ylang. Int. J. Neurosci. 118, 59–77. doi: 10.1080/00207450601042094

Mueller, C., and Renner, B. (2006). A new procedure for the short screening of olfactory function using five items from the “Sniffin’ Sticks” identification test kit. Am. J. Rhinol. 20, 113–116. doi: 10.1177/194589240602000121

Nembrini, S., König, I. R., and Wright, M. N. (2018). The revival of the Gini importance? Bioinformatics 34, 3711–3718. doi: 10.1093/bioinformatics/bty373

Ngandu, T., Von Strauss, E., Helkala, E. L., Winblad, B., Nissinen, A., Tuomilehto, J., et al. (2007). Education and dementia - What lies behind the association? Neurology 69, 1442–1450. doi: 10.1212/01.wnl.0000277456.29440.16

Oleszkiewicz, A., Schriever, V. A., Croy, I., Hahner, A., and Hummel, T. (2019). Updated Sniffin’ Sticks normative data based on an extended sample of 9139 subjects. Eur. Arch. Otorhinolaryngol. 276, 719–728. doi: 10.1007/s00405-018-5248-1

Ottaviano, G., Frasson, G., Nardello, E., and Martini, A. (2016). Olfaction deterioration in cognitive disorders in the elderly. Aging Clin. Exp. Res. 28, 37–45. doi: 10.1007/s40520-015-0380-x

Passali, G. C., Politi, L., Crisanti, A., Loglisci, M., Anzivino, R., and Passali, D. (2015). Tau protein detection in anosmic Alzheimer’s disease patient’s nasal secretions. Chemosens. Percept. 8, 201–206. doi: 10.1007/s12078-015-9198-3

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., et al. (2011). Scikit-learn: machine learning in python. J. Mach. Learn. Res. 12, 2825–2830.

Reijs, B. L. R., Ramakers, I., Elias-Sonnenschein, L., Teunissen, C. E., Koel-Simmelink, M., Tsolaki, M., et al. (2017). Relation of odor identification with Alzheimer’s disease markers in cerebrospinal fluid and cognition. J. Alzheimers. Dis. 60, 1025–1034. doi: 10.3233/jad-170564

Roalf, D. R., Moberg, M. J., Turetsky, B. I., Brennan, L., Kabadi, S., Wolk, D. A., et al. (2017). A quantitative meta-analysis of olfactory dysfunction in mild cognitive impairment. J. Neurol. Neurosurg. Psychiatry 88, 226–232. doi: 10.1136/jnnp-2016-314638

Roberts, R. O., Christianson, T. J. H., Kremers, W. K., Mielke, M. M., Machulda, M. M., Vassilaki, M., et al. (2016). Association between olfactory dysfunction and amnestic mild cognitive impairment and alzheimer disease dementia. JAMA Neurology 73, 93–101.

Rupp, C. I., Fleischhacker, W. W., Drexler, A., Hausmann, A., Hinterhuber, H., and Kurz, M. (2006). Executive function and memory in relation to olfactory deficits in alcohol-dependent patients. Alcohol. Clin. Exp. Res. 30, 1355–1362. doi: 10.1111/j.1530-0277.2006.00162.x

Seligman, S. C., Kamath, V., Giovannetti, T., Arnold, S. E., and Moberg, P. J. (2013). Olfaction and apathy in Alzheimer’s disease, mild cognitive impairment, and healthy older adults. Aging Ment. Health 17, 564–570. doi: 10.1080/13607863.2013.768208

Shu, X. O., Yang, G., Jin, F., Liu, D., Kushi, L., Wen, W., et al. (2004). Validity and reproducibility of the food frequency questionnaire used in the Shanghai Women’s health study. Eur. J. Clin. Nutr. 58, 17–23. doi: 10.1038/sj.ejcn.1601738

Simmen, D., Briner, H. R., and Hess, K. (1999). [Screening of olfaction with smell diskettes]. Laryngorhinootologie 78, 125–130.

Smirnov, D. A., Morley, M., Shin, E., Spielman, R. S., and Cheung, V. G. (2009). Genetic analysis of radiation-induced changes in human gene expression. Nature 459, 587–591. doi: 10.1038/nature07940

Snowdon, D. A., and Nun, S. (2003). Healthy aging and dementia: findings from the nun Study. Ann. Intern. Med. 139, 450–454.

Stanciu, I., Larsson, M., Nordin, S., Adolfsson, R., Nilsson, L. G., and Olofsson, J. K. (2014). Olfactory impairment and subjective olfactory complaints independently predict conversion to dementia: a longitudinal, population-based study. J. Int. Neuropsychol. Soc. 20, 209–217. doi: 10.1017/s1355617713001409

Suzuki, Y., Yamamoto, S., Umegaki, H., Onishi, J., Mogi, N., Fujishiro, H., et al. (2004). Smell identification test as an indicator for cognitive impairment in Alzheimer’s disease. Int. J. Geriatr. Psychiatry 19, 727–733. doi: 10.1002/gps.1161

Tebrugge, S., Winkler, A., Gerards, D., Weimar, C., Moebus, S., Jockel, K. H., et al. (2018). Olfactory function is associated with cognitive performance: results of the heinz nixdorf recall study. J. Alzheimers Dis. 63, 319–329. doi: 10.3233/jad-170863

Tinsdaler Weg 175 (2020). Burghart Medical Technology. Available: http://www.burghart.net (accessed February 18, 2020).

Tombaugh, T. N., and McIntyre, N. J. (1992). The mini-mental state examination: a comprehensive review. J. Am. Geriatr. Soc. 40, 922–935.

Wolfensberger, M. (2000). Sniffin’Sticks: a new olfactory test battery. Acta Otolaryngol. 120, 303–306.

Zhang, M. Y., Katzman, R., Salmon, D., Jin, H., Cai, G. J., Wang, Z. Y., et al. (1990). The prevalence of dementia and Alzheimer’s disease in Shanghai, China: impact of age, gender, and education. Ann. Neurol. 27, 428–437. doi: 10.1002/ana.410270412

Zhang, Z. H. (2016). Variable selection with stepwise and best subset approaches. Ann. Transl. Med. 4:136. doi: 10.21037/atm.2016.03.35

Zheng, A., and Casari, A. (2018). Feature Engineering for Machine Learning: Principles and Techniques For Data Scientists. Sebastopol, CA: O’Reilly Media, Inc.

Zung, W. W. (1971). A rating instrument for anxiety disorders. Psychosomatics 12, 371–379. doi: 10.1016/s0033-3182(71)71479-0

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2020 Ding, Xiao, Liang, Wu, Zhao and Cao. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.











	
	
ORIGINAL RESEARCH
published: 26 August 2020
doi: 10.3389/fnagi.2020.00260





[image: image2]

CISD2 Attenuates Inflammation and Regulates Microglia Polarization in EOC Microglial Cells—As a Potential Therapeutic Target for Neurodegenerative Dementia

Muh-Shi Lin1,2,3,4*


1Division of Neurosurgery, Department of Surgery, Kuang Tien General Hospital, Taichung, Taiwan

2Department of Biotechnology and Animal Science, College of Bioresources, National Ilan University, Yilan, Taiwan

3Department of Biotechnology, College of Medical and Health Care, Hung Kuang University, Taichung, Taiwan

4Department of Health Business Administration, College of Medical and Health Care, Hung Kuang University, Taichung, Taiwan

Edited by:
Jiehui Jiang, Shanghai University, China

Reviewed by:
Ling-Yu Yang, National Taiwan University, Taiwan
Chung-Hsing Chou, National Defense Medical Center, Taiwan
Wei Lin, Huashan Hospital, Fudan University, China

* Correspondence: Muh-Shi Lin, neurosurgery2005@yahoo.com.tw

Received: 02 May 2020
 Accepted: 29 July 2020
 Published: 26 August 2020

Citation: Lin M-S (2020) CISD2 Attenuates Inflammation and Regulates Microglia Polarization in EOC Microglial Cells—As a Potential Therapeutic Target for Neurodegenerative Dementia. Front. Aging Neurosci. 12:260. doi: 10.3389/fnagi.2020.00260



Background: Accumulating evidence has demonstrated a significant association between microglia-driven inflammation in the brain and neurodegenerative dementia. We previously showed a significant decline in CISD2 expression in mice models with advanced age. Moreover, we observed that the knockdown of CISD2 led to remarkable inflammation and mitochondrial dysfunction in neural cells. In the present study, we investigated whether CISD2 attenuation influences anti-inflammatory effects and M1-M2 polarization in microglia.

Materials and Methods: The knockdown of CISD2 expression by siRNA (siCISD2) in EOC microglial cells was performed to mimic the age-driven decline of CISD2 expression. The extent of the inflammatory reaction, polarization in the M1/M2 spectrum, and NFκB activation were verified in EOC microglial cells exhibiting CISD2 deficiency.

Results: In the cellular model of microglia, loss of CISD2 function mediated by siCISD2 exhibited a significant augmentation of proinflammatory signaling, as well as reduced expression levels of Arg-1, Ym1, IL-10, and BCL2. Attenuation of CISD2 expression led to a decrease in the proportion of the M2 phenotype of microglia (compared to M1). Enhanced DNA-binding activity of the NFκB p65 subunit was confirmed in cells transfected with siCISD2, as demonstrated by enzyme-linked immunosorbent assay (ELISA).

Conclusions: To the best of our knowledge, this is the first report examining the following phenomena: (1) anti-inflammatory effects of CISD2 in microglia via NFκB regulation; and (2) microglial CISD2 assistance in the restoration of M2 microglia phenotype. The anti-inflammatory effects of CISD2 in microglia eventually augment anti-apoptotic effects, which provides a rationale for the development of potential therapeutic target for neurodegenerative diseases and neurodegenerative dementia.

Keywords: CISD2, M1/M2 microglia polarization, anti-inflammatory effects, aging, neurodegenerative disease and dementia


INTRODUCTION

Dementia is a chronic disease leading to disability and dependency among the elderly worldwide. For clinical classification, dementia can be divided into the following major categories: Alzheimer’s disease (AD), vascular dementia (VaD), dementia with Lewy bodies (DLB), frontotemporal dementia (FTD), and mixed dementia (Raz et al., 2016). Due to the complexities of neurodegenerative dementia, precise diagnosis remains a challenge in daily clinical practice. Eventually, patients with dementia will present a catastrophic situation for the entire community and society, leading to highly expensive long-term medical care. Moreover, evidence indicates that sustained brain inflammation due to excessive microglial activation contributes to cerebral aging (Hickman et al., 2018; Sanada et al., 2018), neurodegenerative disease (Maragakis and Rothstein, 2006; Hickman et al., 2018), and neurodegenerative dementia (Meraz-Ríos et al., 2013; Bhaskar et al., 2014).

Microglia stabilize and balance the central nervous system (CNS) by mediating immune responses and providing neurotrophic support for neurons (Wake et al., 2011). Embryologically, microglia are derived from the same origin as peripheral macrophages (myeloid progenitors), whereas other resident CNS cells (e.g., astrocytes, oligodendrocytes, and neurons) are derived from neuroepithelial precursors (Zhang et al., 2018). Microglia can be regarded as a specialized macrophage in the CNS owing to the aforementioned close association. Microglia exert biphasic effects that either benefit the neuron survival (M2 phase) or undermine it (M1 phase) under microenvironmental changes. As such, it is representative of the spectrum of M1 (proinflammation)/M2 (anti-inflammation) phenotypes (Song and Suk, 2017; Zhang et al., 2017). In the microenvironment of the CNS, M2 microglia function to maintain CNS homeostasis and neural protection by moving dynamically throughout the entire CNS parenchyma and performing phagocytosis when they encounter pathological changes initiated by pathogens, plaques, protein aggregates, and infectious agents (Thomas et al., 2015). However, under the circumstances of neurodegeneration (non-stressed status) or CNS trauma (injury-challenged status), temporally inappropriate, prolonged, or excessive inflammation indicates the pathological activation of detrimental M1 microglial cells involving the release of cytokines and chemokines (Tator and Fehlings, 1991; Luo et al., 2002). Aberrantly stimulated microglia produce nitric oxide (NO) in conjunction with reactive oxygen species (ROS), which can amplify the inflammatory cascade. In a deleterious pathological cycle, cytokines promote inflammation by inducing the production of additional cytokines, chemokines, NO, and ROS (Li et al., 2006). Sustained microglia-driven inflammation can eventually lead to apoptosis and the killing of oligodendrocytes and neurons, which can impair neuronal functioning and lead to permanent neurological damage (Wood, 1995; Mattson, 2000; Byrnes et al., 2007). Any novel strategies involving the attenuation of microglial inflammatory response could be beneficial in the management of neurodegenerative disease and dementia.

CISD2 (CDGSH iron-sulfur domain 2) has garnered interest for its protective role against calcium excitotoxicity (Shen et al., 2017), apoptosis (Chen et al., 2009), and inflammation (Lin et al., 2015). CISD2 has been referred to as a longevity gene, aiding in the preservation of mitochondrial integrity, thereby preventing mitochondrial malfunction and, ultimately, cell death. In response to stress, CISD2 exerts protective effects against autophagy/apoptosis by enhancing BCL2-BECN1 interactions and by the formation of a complex with BCL2 (Chang et al., 2010). Moreover, CISD2 attenuates the excitotoxic Ca2+ surge at the endoplasmic reticulum by binding to BCL2 and the inositol 1,4,5-triphosphate receptor (Chang et al., 2012). Furthermore, overexpression of CISD2 has been demonstrated to attenuate neuronal loss and β-amyloid-induced mitochondrial dysfunction in the AD mouse model (Chen et al., 2020). Thus, CISD2 holds promise as a potential therapeutic target for neurodegenerative dementia.

In a previous study, we identified a potential role of CISD2 in exhibiting the anti-inflammatory effects. In a CISD2 knockdown model developed with siCISD2, we observed that CISD2 deficiency led to a significant increase in iNOS production and a reduction in BCL2 levels in SH-SY5Y cells stimulated with lipopolysaccharide (LPS; Lin et al., 2015). No previous study has been reported on the anti-inflammatory effects of CISD2 in microglia. In the current study, we sought to delineate the protective effect of CISD2 in microglial inflammatory reactions associated with neurodegenerative dementia. It is a preliminary investigation into the anti-inflammatory effects of CISD2 in the EOC microglial cell culture model with a specific aim of determining whether it plays a role in the alternation of microglial M1/M2 polarization.



MATERIALS AND METHODS


Cell Lines

Microglia cell lines (EOC 13.31, BCRC 60490) were obtained from the Bioresource Collection and Research Center (BCRC, Hsinchu, Taiwan). EOC 13.31 cell line derived from the brain of a 10-day old female mouse (Mus musculus) is dependent on the colony-stimulating factor-1 (CSF-1) for cell proliferation. EOC microglial cells were cultured in 70% Dulbecco’s modified essential medium (DMEM), 10% fetal bovine serum (FBS), and 20% LDMAC conditioned medium derived from LADMAC cells (BCRC 60489, a bone marrow monocytic cell line derived from adult mouse, M. musculus). LDMAC conditioned medium containing CSF-1 secreted from LADMAC cells was collected from confluent cultures and filtered with 0.2-mm syringe filters before addition to EOC cell cultures.



Reverse-Transcription Polymerase Chain Reaction and Real-Time Quantitative Reverse-Transcription Polymerase Chain Reaction

Total RNA was prepared by directly lysing the cultured cells in extraction buffer (Trizol/phenol/chloroform) and reverse transcribing the mRNA into cDNA using oligo-dT and SuperScript II reverse transcriptase (Invitrogen, Carlsbad, CA, USA). The cDNA was subjected to polymerase chain reaction (PCR) for the measurement of mRNA levels of CISD2, BCL2, and M2 microglia specific markers based on a previous report [Pei et al., 2017; IL-10, Arginase-1 (Arg-1), Chitinase-3-like-3 (Ym1)]; proinflammatory mediators including TNF-α, IL-1β, iNOS, and COX2 (representative of M1 microglia); and the housekeeping gene GAPDH (internal control). The PCR protocol involved 25 cycles of denaturation for 1 min at 94°C, annealing for 1 min at 55°C to 60°C, and extension for 1 min at 72°C. The primers used for PCR are listed in Table 1.

TABLE 1. Primers sequences used in the study.
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For real-time quantitative reverse-transcription (qRT)-PCR, the cDNA samples were analyzed with SYBR Green Gene Expression System (ABI PRISM 7300 HT real-time PCR system; Applied Biosystems, Foster City, CA, USA). Minor groove binding dyes and primers for the detection of the genes of interest and GAPDH were designed by ABI. We further determined the threshold cycle (Ct), and the Ct values of proposed genes were normalized using GAPDH as an internal control. The measurements were performed in triplicates.



Immunoblotting

Total protein was extracted from cultured EOC microglial cells in a lysis buffer containing 20 mM Tris-HCl, 0.1% sodium dodecyl sulfate (SDS), 0.8% NaCl, and 1% Triton-X 100). Electrophoresis with 12% gradient gel was performed to separate the protein extracts. Proteins that underwent electrophoresis were electro-transferred to a nitrocellulose membrane prepared with blocking reagent and primary antibodies [anti-CISD2 (1:500; Thermo Scientific, PA5-34545); anti-iNOS (1:2,000; Thermo Scientific, PA3-030A); anti-Arg-1 (1:5,000; Thermo Scientific, PA5-29645); anti-GAPDH (1:500; Millipore, Billerica, MA, USA)] at 4°C for 12 h before washing and incubation with goat-anti-rabbit IgG HRP (horseradish peroxidase)-conjugated secondary antibodies (Merck Millipore, Cat. #12-348) for 1 h. Chemiluminescence detection was performed following the established protocols (Merck Millipore, WBKLS0500). Bands of interest were visualized and quantified using ImageQuantTM LAS 4000 (GE Healthcare Life Sciences, Marlborough, MA, USA).



Short Interfering RNA-Mediated RNA Interference

Short interfering RNA (siRNA) specific to CISD2 mRNA was used to attenuate the expression of CISD2 in cultured microglia. This method was similar to that used in our previous research conducted on gene knockdown with minor modifications (Lin et al., 2011a,b, 2015, 2019). EOC microglial cells were transfected using a set of siRNAs specific to CISD2 or scrambled RNA (Silencer® Pre-designed siRNA, Ambion, Austin, TX, USA) using LipofectamineTM 2000 reagent (Invitrogen, Carlsbad, CA, USA). Briefly, EOC cells were randomly assigned to the experimental groups after being cultured for 5 days. LipofectamineTM 2000 reagent and siRNA were individually mixed in serum-free medium for 10 min. Lipofectamine transfection reagent was mixed with dissolved siRNA in a serum-free medium for 10 min. Transfected cell mixtures containing 2 × 106 cells were added to each plate.

Five hours after transfection, the medium containing Lipofectamine 2000 was replaced with a microglial culture medium and allowed to stand for an additional 7 h. Real-time qRT-PCR was performed for the detection of CISD2 expression to verify the effectiveness of knockdown.



Detection of NFκB p65 Activity

NFκB p65 activity was characterized using the NFκB p65 Transcription Factor Assay Kit (ab133112, Abcam, MA, USA) as per the manufacturer’s instructions. Briefly, the extracted nuclear protein was collected for characterizing intracellular p65-NFκB activity by using a spectrophotometer reader to measure absorbance at an optical density (OD) of 450 nm. All measured values were derived with Synergy HT (BioTek, VT, USA).



Statistical Analysis

The normality test of variables was used to determine whether to use parametric tests for variables with a normal distribution or nonparametric tests for variables with a non-normal distribution. The p-values of the normality test for variables of the experimental groups exceeded 0.05. Hence, parametric tests were used for mean comparisons among the experiment groups. Independent two-sample t-tests were subsequently used to compare the experiment groups. Statistical analysis was performed using GraphPad Prism software 5.0 (GraphPad Software, Inc., La Jolla, CA, USA).




RESULTS


Knockdown of CISD2 Expression Augmented Inflammatory Signaling in EOC Microglial Cells and Enhanced M1 Microglia Polarization

High inflammation due to microglial activation has been demonstrated underlying the pathogenesis of various neurodegenerative diseases in the CNS and neurodegenerative dementia (Thomas et al., 2015; Raz et al., 2016). In our previous study, we demonstrated that the attenuated CISD2 expression is associated with the aging process and leads to the inflammatory response (Lin et al., 2015, 2019). Hence, we sought to determine whether CISD2 deficiency in microglia results in the inflammatory cascade as well as the likelihood that these detrimental insults influence microglia polarization. The CISD2 expression was attenuated in the microglial EOC cell lines via siCISD2-mediated knockdown to delineate the inflammatory mechanism involving CISD2 and evaluate the possibility of influencing polarization in the microglia M1/M2 spectrum.

The knockdown efficiency of CISD2 siRNA in the EOC microglial cell line was confirmed by real-time qRT-PCR (p < 0.001, labeled as ***, Figure 1A) and western blot analysis (p < 0.01, labeled as **, Figure 1B). Each experiment was performed in triplicate.
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FIGURE 1. Knockdown of CISD2 expression augmented tendency for M1 microglial polarization and enhanced proinflammatory response in non-stressed EOC microglial cells. The conditions were set as follows: (i) scrambled RNA-transfected control cells; (ii) siCID2-transfected cells. (A) Confirmation of knockdown efficiency of CISD2 mRNA and protein (B) expression in microglia. (C) Expression of TNF-α mRNA, (D) IL-1β mRNA, (E) iNOS mRNA, and (F) COX2 mRNA under all conditions. (G) iNOS protein expression in siCID2-transfected EOC microglial cells. The upper panel demonstrates the immunoblot results of iNOS at 135 kDa, and β-actin (45 kDa) serves as an internal control; the lower panel indicates the mean (±SEM) of iNOS/β-actin band intensity in ratio with the control group. Vertical bars indicate the mean ± (SEM) of mRNA or protein expression (n = 3). *p < 0.05; **p < 0.01; ***p < 0.001 indicate statistically significant difference when compared to scrambled control cells.



We observed that mRNA expression levels of proinflammatory mediators were higher in siCISD2-transfected EOC microglial cells than those in scrambled RNA-transfected cells as determined by real-time qRT-PCR (TNF-α, p < 0.05, labeled as *, Figure 1C; IL-1β, p < 0.01, labeled as **, Figure 1D; iNOS, p < 0.01, labeled as **, Figure 1E; and COX2, p < 0.001, labeled as ***, Figure 1F). As shown in Figure 1G, western blot analysis confirmed that CISD2 deficiency significantly increased the protein production of iNOS (*p < 0.05) in EOC microglial cells.

These results indicate a trend toward M1 microglia-associated inflammatory effects observed with CISD2 attenuation. Thus, CISD2 inactivity could be associated with the proinflammatory effects of M1 microglia underlying the pathological mechanism of neurodegenerative disease and dementia.



CISD2 Deficiency Reduced the Proportion of M2 Phenotype in EOC Microglial Cells

Under pathological conditions in the CNS, such as aging, and neurodegenerative disease, neuroprotective M2 microglia underwent excessive stimulation, switched to the detrimental M1 phenotype, and subsequently produced various proinflammatory mediators that might lead to irreversible neurological deficits. We observed that CISD2 deficiency in EOC microglial cells led to a broad range of proinflammatory reactions. Next, we sought to determine whether CISD2 attenuation halts protective M2 microglia polarization.

Real-time qRT-PCR analysis demonstrated that the mRNA expression of Arg-1, Ym1, and IL-10 was reduced in siCISD2-transfected EOC microglial cells (Arg-1, p < 0.05, labeled as *, Figure 2A; Ym1, p < 0.05, labeled as *, Figure 2B; and IL-10, p < 0.001, labeled as ***, Figure 2C, respectively) compared to the cells subjected to scrambled RNA-transfection. Western blot analysis was used to examine Arg-1 protein expression in EOC microglial cells. Each experiment was performed in triplicates. The siCISD2-transfected cells demonstrated a marked decrease in the protein expression of Arg-1 (p < 0.01, labeled as **, Figure 2D) compared to that in the scrambled RNA-transfected cells.
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FIGURE 2. Knockdown of CISD2 expression downregulated (A) Arg-1, (B) YM1, (C) IL-10 mRNA expression, and (D) Arg-1 protein expression in non-stimulated EOC microglial cells. In (A–C), data indicate means (±SEM) of fold decrease of Arg-1, YM1, and IL-10 mRNA in comparison to that in the scrambled control group analyzed by real-time qRT-PCR in siCID2-transfected groups (n = 3 in each group). *p < 0.05; ***p < 0.001 as compared with scrambled control. In (D), the upper panel demonstrates the immunoblot results of Arg-1 at 40 kDa, and β-actin serves as an internal control; the lower panel indicates the mean (±SEM) of Arg-1/β-actin band intensity in ratio with the scrambled control (n = 3). **p < 0.01 indicates the significant difference compared with scrambled control.



These findings demonstrate that the knockdown of CISD2 tends to reduce the relative proportion of M2 microglia. Thus, it can be concluded that CISD2 deficiency impairs anti-inflammatory effects manifesting as either an enhancement of the detrimental effects associated with M1 or M2-associated protective effects under non-stressed conditions. These results illustrate the protective effects of microglial CISD2 exhibiting anti-inflammatory functions and leading to the enhancement of M2 polarization.



CISD2 Deficiency Augmented Inflammatory Response via NFκB Activation and Promoted Cellular Apoptosis in EOC Microglial Cells

Finally, we wanted to confirm whether the proinflammatory response induced by CISD2 attenuation involved NFκB signaling in microglial cells. As shown in Figure 3A, western blot analysis demonstrated a significant elevation of the total expression of p65 protein in the siCISD2-transfected group (***p < 0.001), compared to that in the control group that was subjected to scrambled RNA-transfection. Enzyme-linked immunosorbent assay (ELISA) was used to verify the NFκB p65 subunit DNA-binding activity to evaluate the nuclear translocation of NFκB p65. It was observed that P65-NFκB DNA binding activity was significantly higher in siCISD2-transfected EOC microglial cells (**p < 0.01, Figure 3B) than that in the scrambled RNA-transfected cells. Moreover, real-time qRT-PCR analysis demonstrated that the mRNA expression of BCL2 was significantly decreased in siCISD2-transfected EOC microglial cells (p < 0.05, labeled as *, Figure 3C), compared to that in scrambled RNA-transfected cells.
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FIGURE 3. Knockdown of CISD2 expression augmented activation of NFκB and enhanced apoptosis in non-stressed EOC microglial cells. (A) Expression levels of p65 (total) were determined by western blot analysis (n = 3 in each group). (B) Evaluation of P65-NFκB DNA binding activity. The nuclear proteins were prepared, and the NFκB DNA binding activity was analyzed by ELISA (n = 3 in each group). (C) The extent of anti-apoptosis reflecting BCL2 mRNA expression was determined by real-time qRT-PCR. Vertical bars indicate the mean ± (SEM) of mRNA or protein expression (n = 3). *p < 0.05; **p < 0.01; ***p < 0.001 indicate statistically significant difference compared to scrambled control cells.



In conclusion, these results strongly indicate that microglial CISD2 inhibits the inflammatory response via NFκB signaling and possibly by the preservation of M2 polarization in microglia. We postulate that BCL2-associated apoptosis initiated by age-driven CISD2 decline in microglia, which potentially impairs cell survival, can likely be attributed to NFκB activation and neuroinflammation following the downregulation of microglial CISD2.




DISCUSSION

As many protective molecules in nature exhibiting biphasic effects (Lin et al., 2011a,b), microglia-mediated neuroinflammation has been described as a double-edged sword (Hu et al., 2015). It demonstrates protective and restorative effects in the nonpathological and healthy CNS. However, it may also exacerbate and destroy under excessive inflammation under microenvironments of non-stressed (as a proxy for chronic inflammation driven by aging and neurodegenerative disease) and injury-challenged CNS (as a proxy for high-grade impact from neurotrauma). During the early stages of neural pathological conditions of the CNS (e.g., aging and neurodegenerative disease), protective M2 microglia tend to be dominant in the spectrum of proinflammatory/anti-inflammatory phenotypes. During low-grade inflammation, the activated M2 microglia scavenge fatal pathogens to confer neuronal protection. However, when the damage exceeds the range of homeostasis, a decline is observed in the proportion of activated M2 microglia. Accordingly, a delayed reactivation of detrimental M1 microglia can lead to a deleterious inflammatory cycle (Karve et al., 2016), which can be detrimental to neuronal survival and potentially cause CNS disease, such as dementia. Figure 4 presents a schematic illustration showing the proposed sequence of events associated with the anti-inflammatory effects of CISD2 in microglia, as determined in this study.
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FIGURE 4. Microglial CISD2 inhibited neuroinflammation and preserved protective microglia M2 phenotype, thereby preventing apoptosis. Microglia-driven chronic inflammation denoted pathological conditions in aging and neurodegenerative disease. Microglial CISD2 can be attenuated during the above-mentioned pathological conditions (as indicated with red bar). The decline in microglial CISD2 expression enhanced and reduced the proportion of detrimental M1 and beneficial M2 phenotype in microglia, respectively. The influence of microglial polarization exacerbated inflammation, elevated the expression of downstream proinflammatory cytokines/chemokines, and consequently augmented apoptosis as indicated by the decrease in BCL2, which potentially led to a detrimental effect on cell survival.



During the process of aging, the cerebral immune system remains relatively active resulting in the upregulation of inflammatory genes associated with the aging brain. Under such an immunocompetent response, cerebral microglia are primed to be activated and remain resistant to immune adaptive regulation (Norden and Godbout, 2013). This type of sustained microglial dysfunction can cause low-grade chronic neuroinflammation in the brain and thereby exacerbate the cerebral aging process (Simen et al., 2011). Unlike normal aging, neurodegenerative diseases (due to genetic or environmental influences) can lead to misfolding and accumulation of native cerebral proteins, such as prion, tau, β-amyloid, α-synuclein, and huntingtin. Conformational changes in these proteins are resistant to proteolysis resulting in the formation of so-called inclusion bodies in the brain (Jucker and Walker, 2011). When stimulated by toll-like receptors, the aggregation of such atypical proteins promotes the release of microglial-derived inflammatory mediators at high concentrations resulting in long-lasting inflammatory stimuli. Such effects are observed in AD, multiple sclerosis (MS), and Parkinson’s disease (PD; Ross and Poirier, 2004). Thus, microglia-driven inflammatory cascades have definitively been linked to aging, neurodegenerative diseases, and neurodegenerative dementia.

The precise function of CISD2 has not been elucidated. Interestingly, CISD2 expression is attenuated during non-stressed or injury-challenged conditions in vivo and in vitro (Lin et al., 2019). We observed a significant reduction in CISD2 expression with age in the mouse brain and spinal cord (Lin et al., 2019). In mouse models, spinal cord injury has been demonstrated to attenuate the expression of CISD2 (Lin et al., 2015). Moreover, we previously observed that CISD2 deficiency exacerbated inflammatory responses and mitochondrial dysfunction in cultured cells (with or without injury). Specifically, CISD2 expression was lower in non-stressed 35 DIV astrocytes than in 7 DIV cells, and the expression of iNOS along with RANTES (regulated on activation, normal T cell expressed and secreted) was higher (Lin et al., 2019). In LPS-stimulated CISD2 knockdown SH-SY5Y cells, the deficiency of CISD2 led to elevated iNOS levels and significant mitochondrial dysfunction (Lin et al., 2015, 2019). Resident immune cells (i.e., microglia) would be the apparent focus while investigating inflammatory cascades in the CNS.

Priming and activation in microglia can promote the proinflammatory signaling associated with aging, neurodegenerative disease, and traumatic CNS injury (Norden et al., 2015). Data obtained in this study demonstrated that CISD2 deficiency (induced by the knockdown of CISD2 expression) augmented the detrimental effects associated with the M1 phase and led to neuroinflammation and apoptosis in non-stimulated EOC microglial cells. Hence, we postulate that CISD2 exerts anti-inflammatory effects in microglia under non-stressed microenvironments (as a proxy for microglial inflammation driven by aging and neurodegenerative dementia). The attenuation of microglia-mediated inflammatory cascades can be beneficial under such pathological conditions. The beneficial effect of the dementia-CISD2-microglial anti-inflammation axis provides a strong rationale for further development of CISD2-based anti-inflammatory therapies for patients with the aforementioned disorders.

Our data provide novel evidence that the anti-inflammatory effect of microglial CISD2 is associated with the regulation of NFκB signaling. At present, the molecular mechanism underlying the anti-inflammatory effects of CISD2 has yet to be elucidated. When located in the cytoplasm and mitochondrial intermembrane space, the activation of NFκB, in addition to a role as well-recognized proinflammatory mediator, has been linked to inflammation, mitochondrial dysfunction, and eventual cellular apoptosis (Albensi, 2019). Thus, it can be interpreted that the attenuation of CISD2 owing to primary insults from neurotrauma or inflammation from CNS disease inhibits the protective effects against NFκB in cytoplasm and mitochondria leading to a remarkable inflammatory response and mitochondrial dysfunction. Furthermore, evidence has been obtained stating that calcium regulates the expression of TNF-α (Canellada et al., 2006) and modulates macrophage-driven inflammatory cascades (Racioppi et al., 2012). We posit that anti-inflammatory effects may be attributed to the regulatory role of CISD2 in calcium metabolism (Chang et al., 2012).

It has been suggested that CISD2 combines with BCL2 to antagonize the apoptotic mediator Beclin 1 (Chang et al., 2012). NFκB also regulates apoptotic effects via the combination or dissociation of Beclin 1/Bcl2 complex (Salminen et al., 2012). Moreover, elevated activity of NFκB transcription factors has also been demonstrated to modulate the expression of BCL2 (Chen et al., 2015). In this study, CISD2 was demonstrated to mediate the upstream regulation of NFκB, as observed by the DNA-binding activity of the NFκB p65 subunit. Collectively, the results indicate that CISD2 plays an upstream regulatory role in the functions of NFκB and BCL2. Advanced inflammation and mitochondrial dysfunction are highly likely to result in cell damage and negative cell survival. This may explain why CISD2 deficiency leads to potent inflammatory and apoptotic signaling.

As located in the outer membrane of mitochondria, CISD2 deficiency has been demonstrated to cause mitochondrial dysfunction and may undermine mitochondrial integrity. Note that mitochondrial dysfunction has been shown to inhibit M2 microglial polarization (Nakagawa and Chiba, 2014). It has been reported that M1 macrophages undergo aerobic glycolysis and pentose phosphate pathway (PPP) in obtaining a supply of energy. Conversely, M2 macrophages use acetyl-CoA and participate in the mitochondrial TCA (tricarboxylic acid) cycle (Culmsee et al., 2019). Thus, CISD2 deficiency-driven mitochondrial dysfunction contributes to a decrease in TCA cycle activities and augments aerobic glycolysis and the PPP pathway. In so doing, it leads to the promotion of the M1 phenotype along with the reduction of the M2 phenotype.

Some limitations have been attributed to this study. First, based on some previous novel findings involving non-immune cells (SH-SY5Y), we used the cell culture model developed with EOC microglial cell line to evaluate the mechanisms in this study. In future studies, it would be prudent to examine this putative mechanism in primary cultured microglia or via in vivo research using animal or human tissue. Moreover, the mechanism underlying the effect of CISD2 knockdown on M1/M2 microglia polarization will have to be verified using morphological analysis conducted in vitro or in vivo, such as staining for microglia M1/M2 profile marker. We demonstrated the involvement of CISD2 in the regulation of inflammatory genes under basal conditions in the present study using siCISD2 to attenuate CISD2 expression. Confirmation of this mechanism will be considered in further studies demonstrating the overexpression of CISD2 in microglia.



CONCLUSION

The results obtained in this study demonstrate that CISD2 exerts anti-inflammatory effects, which may be induced by the suppression of NFκB activation and the preservation of the protective M2 phenotype in non-stressed microglia. CISD2 deficiency in microglia could be one of the mechanisms underlying cell apoptosis, perhaps occurring via inflammation. CISD2-based anti-inflammatory therapy is a strong candidate for the treatment of neuroinflammation-driven aging and neurodegenerative diseases.
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Background: The human brain has high energy requirements that continuously support healthy neuronal activity and cognition. A disruption in brain energy metabolism (BEM) may contribute to early neuropathological changes such as accumulation of β-amyloid and tau in vulnerable populations. One such population is amnestic mild cognitive impairment (aMCI) where some individuals are at risk for developing dementia, i.e. Alzheimer’s disease (AD). Recent advances in imaging technology are providing new avenues to measure BEM accurately using 31phosphorus magnetic resonance spectroscopy (31P MRS) at ultra-high-field (UHF) magnetic strength 7-Tesla. This study investigates whether a methodology using partial volume-coil 31P MRS at 7T over parieto-occipital lobes can accurately quantify high-energy phosphate and membrane phospholipid metabolites in aMCI. A secondary objective was to explore BEM and membrane phospholipid indices’ correspondence with cognitive performance in domains of executive function (EF), memory, attention, and visuospatial skills in aMCI, a heterogeneous population.

Methods: 19 aMCI participants enrolled in the study completed cognitive assessment and 31P MRS scan. BEM indices were measured using three energy indicators: energy reserve (PCr/t-ATP), energy consumption (intracellular_Pi/t-ATP), and metabolic state (PCr/intracellular_Pi) along with regulatory co-factors of BEM-intracellular Mg2 +  and pH; whereas the ratio of phosphomonoesters (PMEs) to phosphodiesters (PDEs) – membrane phospholipid indicator.

Results: 31P MRS scan showed thirteen well-resolved peaks with precise quantification of the phosphorus metabolites at UHF. The higher BEM indices were associated with lower cognitive performance of memory [(energy reserve indicator: CVLT p = 0.004), (metabolic state indicator: CVLT p = 0.007)], executive function [(metabolic state indicator: TOSL (p = 0.044)], and attention [(pH: selective auditory task, p = 0.044)]. The finding of an inverse relationship observed in the parieto-occipital lobes suggests an association between neuronal energy markers with cognition in aMCI.

Conclusion: The significant contribution of this preliminary research was to establish the feasibility of utilizing a methodology at UHF to accurately measure high-energy phosphate and membrane phospholipid metabolites in a population with heterogeneous outcomes. This work offers a novel approach for future work to further elucidate early dementia biomarkers or precursors to the downstream accumulation of amyloid and tau using the combination of MRS-PET imaging modalities in AD.

Keywords: brain energy metabolism, membrane phospholipid, amnestic mild cognitive impairment (aMCI), Alzheimer’s disease (AD), adenosine triphosphate (ATP), 31phosphorus magnetic resonance spectroscopy, 18fluorodeoxyglucose positron emission tomography (18FDG PET)


INTRODUCTION

Mild cognitive impairment (MCI) represents a heterogeneous clinical condition that is definable and objectively classifiable; however, its nature is unstable. MCI appears to follow one of three courses: (1) static condition with little to no change; (2) revert back to normal cognitive function; and (3) advance to dementia, especially Alzheimer’s disease (AD) (Albert et al., 2011; Petersen et al., 2014). Motivated by the very nature of this heterogeneity, MCI may present with an ideal group to examine whether the relationship between cognitive and brain energy metabolism (BEM) exists. Such preliminary efforts may help elucidate some possible predictors that could subsequently be investigated in longitudinal studies and compare with cognitively normal and AD population in a pilot trial testing a new methodology at ultra-high-field (UHF) MRI.

Traditionally in MCI, cognitive decline is presented as single or multiple-domain deficits in which either one or more cognitive function decline is observed (Alichniewicz et al., 2012; Cerami et al., 2014; Giau et al., 2019). A subset of the MCI population is classified as amnestic MCI (aMCI). This aMCI subgroup manifests significant memory problems with or without alterations in other cognitive domains for their age, but they remain functionally independent (Petersen’s et al., 2001). An estimated 30% of MCI subjects are of the aMCI-type with this type showing a higher predilection to subsequently evolve into criteria to meet diagnosis of AD (Cerami et al., 2014). The conversion rate of AD/dementia diagnosis is much higher in the general category of MCI, ranging from 10–15% per year in the clinical setting and 6–10% in population-based studies when compared to age-matched healthy comparison group. In the latter group, the conversion rate is estimated to be about 1–2% per year (Petersen et al., 1999; Farias et al., 2009; Shimada et al., 2019). A meta-analysis in 25 studies supported an overall reversion rate from MCI back to cognitively normal as approximately 24% (Malek-Ahmadi, 2016). Given the heterogeneity of MCI, it is important to point out that although this group may be at greater risk of developing dementia than the normal population, a significant proportion of this population still does not show AD’s frank symptoms to reach diagnostic criteria. Overall, this varying range of MCI progression to dementia, or reversal back to normal, supports a plausible hypothesis that the biological mechanisms involved are heterogeneous and unstable. As such, this classifiable group may provide a valuable population to explore the early biomarkers of neuronal function that affect cognition before the diagnosis of dementia.

Due to the heterogeneity, unstable nature, and wide range of cognitive behavior in individuals with MCI, research is focused on further elucidating novel biomarkers occurring inside the brain cells in this vulnerable complex group. These novel biomarkers are speculated to contribute to our knowledge about possible early pathomechanistic disruptions that could later inform which individuals go on to develop AD and who do not. Previous work established that extracellular deposits of β-amyloid peptides and intracellular deposits of tau aggregates are associated with the pathology of MCI and AD (Mufson et al., 2012). Moreover, only the burden of intracellular tau is strongly correlated with the degree of cognitive decline in MCI and AD (Bejanin et al., 2017). The correlation between tau and cognition observed in postmortem human brain is replicated in in vivo studies using a positron emission tomography (PET) tau-radiotracer 18F-AV-1451 scan (Bejanin et al., 2017). However, little is known about the initial process that disrupts the internal biological mechanisms causing tau hyperphosphorylation leading to the aggregation of tau in the form of neurofibrillary tangles and the relationship of these early biological markers with cognition in MCI.

Growing evidence in MCI and AD pathology supports a role of neuroenergetics, a study of BEM along with depletion of neurotransmitters and neuroinflammation as significant contributing factors to the early disease pathophysiology and progression even before the accumulation of β-amyloid and tau (Ogawa et al., 1996; Heneka et al., 2015). It is intriguing to know that the human brain weighs only 2% of the body weight, whereas it consumes about 25% of the glucose and 20% of the body’s oxygen to produce energy in adenosine triphosphate (ATP) (Zlokovic, 2011). The energy produced supports various cellular events such as Na+/K+-ATP activities to maintain membrane potential, integrity, and metabolite exchange for neuronal firings (Albers and Siegel, 1999). In sum, the high-energy requirements of the brain make it a highly vulnerable organ to BEM disturbances, especially in the transitory stage such as MCI. It has been speculated that disruptions in BEM and neurochemicals may represent early disease markers in MCI who may convert to AD/dementia with prominent cognitive decline and is observed versus non-converters.

The hypothesis of BEM alterations in MCI can be supported by two recent studies using 18FDG-PET to measure brain glucose metabolism. Earlier longitudinal study of 3 years in 45 MCI (37 aMCI and 8 non-amnestic) using 18-FDG PET showed a distinct pattern of neurometabolic changes in terms of reduced glucose metabolism in the temporoparietal brain areas in individuals associated with cognitive deterioration who progressed toward AD (Cerami et al., 2014). In the 3-year follow-up, 14 MCI (11 aMCI and 3 non-amnestic MCI) with normal glucose metabolism in the brain never converted to dementia, whereas 24 MCI of the 45 enrolled (18 aMCI and 6 non-amnestic MCI) with region-specific reduced glucose metabolism in the brain showed increasing cognitive decline to the point where they converted to AD/other dementias (Cerami et al., 2014). Similarly, in a different retrospective longitudinal study of 4 years in 30 aMCI using 18FDG PET, patients without typical hypometabolism in temporoparietal areas did not convert to AD, and cognitive function remained stable over the period of follow-up (Cerami et al., 2018). Thereby, emphasizing that brain metabolism plays a crucial role in regulating cognitive behavior, paving the path to explore the relationship of BEM-cognitive correlates in aMCI.

In addition to 18FDG-PET, magnetic resonance spectroscopy (MRS) represents an emerging brain imaging field that shows promise in providing a platform to investigate BEM, neuroinflammatory, and excitotoxicity markers at the microscopic level inside the brain cells. These microscopic changes have the potential to later affect the macroscopic neural structure, such as the brain’s anatomy and physiology, subsequently leading to brain atrophy, which are well studied in MCI and AD (Godlewska et al., 2017). Specifically, the high-energy phosphate metabolites a methodology to investigate BEM at the molecular level is investigated by using a novel non-invasive imaging technology—phosphorus (31P) MRS. This technology aids in the quantification of high-energy phosphate metabolites [ATP, phosphocreatine (PCr), and inorganic phosphate (Pi)] and membrane phospholipid metabolites [phosphoethanolamine (PE), phosphocholine (PC), glycerophosphoethanolamine (GPE), and glycerophosphocholine (GPC)] (Ross and Sachdev, 2004) crucial to understand BEM and membrane phospholipid metabolism. Recent work by Rijpma et al. (2018) using whole-brain 31P MRS at 3Tesla observed that the Pi/PCr ratio and the membrane phospholipid metabolites, especially PE, GPC, and GPE, were lower in mild AD compared to age-matched healthy controls. One possible explanation of decreased Pi/PCr findings in AD may be due to a reduction of creatine kinase (CK) activity, an enzyme of mitochondria, thereby increasing PCr (David et al., 1998; Rijpma et al., 2018). Moreover, a 31P MRS study at 1.5T showed an association between higher levels of PE and PC in the prefrontal cortex with the severity of cognitive decline measured using the Cambridge Cognitive scale, which included domains of memory, orientation, language, attention, praxis, calculation, abstract thinking, and visual perception subtests (Forlenza et al., 2005). Similarly, other studies in AD have identified higher levels of PE and PC membrane phospholipid metabolites either in temporoparietal areas (Brown et al., 1989) or over diffuse cortical areas (Pettegrew et al., 1988). 31P MRS methodology may aid in fine-tuning the characterization of MCI group who will progress to dementia or not in addition to hallmark proteinopathies-accumulation of amyloid and tau.

Over the last two decades, the 31 P MRS technique has been used in brain imaging at lower magnetic strength. Nonetheless, we have at least two main unanswered questions in MCI: (1) Can BEM metabolites be measured in the early stage with higher resolution compared to the existing work using lower magnetic strength and, (2) Is there a correspondence between BEM and cognitive performance in this group? The main challenge is to quantify the high-phosphate energy metabolites accurately and precisely. At lower magnetic strength, like 3T or less, neurochemicals or neurometabolites with only high signal-to-noise ratio (SNR) and abundant in nature can be assessed (Oeltzschner et al., 2019). However, recent advancements in MRI technology to use UHF magnets have enabled the robust application of the 31P MRS technique (Godlewska et al., 2017). UHF increases the SNR with a higher spectral resolution with enhanced sensitivity of neurochemicals and neurometabolites, which are present in minute concentrations (Mekle et al., 2009; Pradhan et al., 2015; Oeltzschner et al., 2019). To date, no study has used the UHF methodology of 31P MRS in understanding the relationship of high-energy phosphate and membrane phospholipid metabolites relationship with cognition in an aMCI group.

The present pilot study in aMCI by 7T 31P MRS had two goals. The first goal was to conduct a preliminary study to determine the feasibility of quantifying various high-energy phosphate and membrane phosphorus metabolites identifiable at 7-Tesla using a partial volume-coil in the parieto-occipital lobes of an aMCI cohort. The current study represents the first known project to test whether a methodology, previously shown to separate similar metabolites in the healthy young adult brain (Ren et al., 2015), heart (Rodgers et al., 2014), and muscles (Ren et al., 2013) could be adapted to measure BEM using 31P MRS at 7 Tesla in participants classified as aMCI. We selected parieto-occipital lobes as the region of interest based on two previous MCI studies (Ashraf et al., 2015; Corriveau-Lecavalier et al., 2019). Ashraf’s et al. (2015) research supported increased metabolism (hypermetabolism) in the occipital cortex in MCI compared to healthy controls using 18FDG PET. Similarly, a longitudinal study in 26 MCI by Corriveau-Lecavalier et al. (2019) found that parietal lobe hyperactivation in 13 MCI was an early indicator in individuals who progressed to dementia. In MCI, based on Ashraf’s and Corriveau’s findings in the parietal and occipital lobes separately, we hypothesized that there may be compensatory hyperactivation, which may be a proxy of higher cerebral blood flow and energy metabolism during the early phases of biological changes, which may be associated with worsening of cognitive performance.

Our next goal was to investigate the relationships across BEM indices measured using the metabolite ratios of PCr/t-ATP (reflective of energy reserve), (Pi/t-ATP (reflective of energy consumption), and PCr/Pi (reflective of a metabolic state) and its regulatory co-factors (intracellular Mg2+ and pH) followed by membrane phospholipid metabolite index (PMEs/PDEs) in the parieto-occipital lobes with the cognitive performance of executive function (EF) (complex abstraction, innovation, inhibition and switching, conceptual reasoning, and working memory), memory (episodic), attention, and visuospatial skills. In this research, we define the energy reserve indicator the ratio of PCr to ATP, where PCr is the immediate energy reserve replenishing consumed ATP for maintaining ATP homeostasis during the neuronal activity. In contrast, Pi to t-ATP ratio reflects the relationship between metabolic substrate and product and for energy consumption (ATP → Pi + ADP) and reproduction (Pi + ADP → ATP). Pi tends to accumulate when cellular ATP consumption temporarily exceeds the ATP production by mitochondria at a steady state, and increased Pi in turn tends to increase the potential of energy production. The ratio of PCr to Pi is a metabolic state indicator because both PCr and Pi increase the turnover rate or production of ATP. This index was previously termed the oxidative phosphorylation index to measure mitochondrial function (Chance et al., 1981). Based on Ashraf’s and Corriveau’s studies in MCI, we hypothesized that higher BEM and membrane phospholipid metabolite indices in parieto-occipital lobes would be associated with lower performance on cognitive measures. Overall, in aMCI, which is considered a heterogeneous clinical condition, this work represents a preliminary effort to test a methodology at UHF to measure BEM metabolites precisely followed by exploring the BEM-cognitive performance correlates.



MATERIALS AND METHODS


Protocol Approvals and Consent

The study was approved to include individuals with memory complaints between the age of 50 and 80 years by the Institutional Review Board of The University of Texas Southwestern Medical Center and The University of Texas at Dallas. Informed consent and HIPPA forms were signed as per the ethical standards of the Committee on Human Experimentation under Declaration of Helsinki, 1981.



Participants

Nineteen aMCI participants were recruited using a multi-stage phone screen, including questions related to demographics and medical history along with a review of medications list, an imaging screen, and a memory screen called Clinical Dementia Rating (CDR) scale. Individuals with a history of metal in the body, neurological diseases, substance abuse, psychiatric problems, or any medication that stimulated or slowed the brain’s electrical activity were excluded. Eligible participants included for the cognitive screen and assessment were selected irrespective of gender and ethnic factors. All selected participants were right-handed and native English speakers with a minimum of 12 years of education and CDR scale score of 0.5, that is, subjective memory complainers.


Characterization of aMCI Participants

The qualified individuals on the phone screen with subjective memory complains (CDR of 0.5) were diagnosed as aMCI based on the established objective memory decline as per either Petersen’s or the Alzheimer’s disease Neuroimaging Initiative (ADNI) criteria, respectively. The comprehensive ADNI aMCI criteria implemented were: (1) subjective memory complaints; (2) CDR 0.5; (3) objective memory loss measured by logical memory subtest (Wechsler Memory Scale-III); (4) normal daily living activities and cognitive functions assessed using Lawton instrumental activities of daily living scale; (5) clinical dementia rating scale score of 0.5; (6) Mini-Mental Status Examination (MMSE) of 24–30; and (7) absence of dementia. In the Petersen’s criteria, all the characteristics mentioned above in ADNI were the same except objective memory loss was assessed using California Verbal Learning Task (CVLT) and individuals who scored −1.5 standard deviation (SD) below the age and education-adjusted mean were included in the study as aMCI. Cognitive screens such as logical memory and CVLT along with geriatric depression scale (short form) were included during the 3-h cognitive assessment protocol. Only participants with no or mild depression were included in the study. Table 1 summarizes all the screening measures and questionnaires administered to eligible aMCI participants.


TABLE 1. Screening measures and questionnaires in amnestic mild cognitive impairment (aMCI).
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Cognitive Screen and Assessment

The cognitive screening measures included were MMSE, logical memory, and CVLT along with geriatric depression scale (Table 1). The other measures included in the present analyses were the cognitive domains of EF (complex abstraction, innovation, switching and inhibition, reasoning, and working memory), memory (episodic memory), attention (selective attention), and visuo-spatial skills. After the cognitive screening, individuals who met the criteria of aMCI and completed other cognitive assessments were invited to complete a 45-min 31P MRS scan at 7-Tesla. Table 3 summarizes all the neurocognitive measures implemented in this part of the study. The demographics/characteristics of the participants are presented in Table 4.


TABLE 2. Independent variables: energy and membrane phospholipid metabolite indices in amnestic mild cognitive impairment.
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TABLE 3. Dependent variables: neurocognitive battery administered to amnestic mild cognitive impaired participants.
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TABLE 4. Characteristics of the amnestic mild cognitive impairment participants.
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31Phosphorus Magnetic Resonance Spectroscopy (31P MRS) Data Acquisition Protocol

31P MRS was performed at 7-Tesla MR system (Philips Healthcare, Cleveland, OH, United States), using a double-tuned 1H/31P partial volume-coil consisting of two-tilted partially overlapping 10 cm loops with a plastic housing fit to the shape of the head posterior. All the aMCI participants were positioned head-first and supine in the MRI scanner to acquire spectral data from the parieto-occipital lobes. Prior to this MRS data acquisition, axial, coronal, and sagittal T2-weighted turbo spin echo MR images were recorded for planning the shimming voxel. Typical imaging parameters included field-of-view 180 × 180 mm, repetition time (TR) 2.5 s, echo time 80 ms, turbo factor 15, in-plane spatial resolution 0.6 × 0.7 mm2, slice thickness 8 mm, gap 2 mm, bandwidth 517 Hz, number of acquisitions one, and acquisition time 2.1 min. Second-order 1H-based automatic volume shimming was applied.

Quantitative 31P MR spectra were acquired using a non-localized block-shaped excitation pulse with B1 59 μT, and pulse width 0.2 ms with an estimated flip angle 55°, which was previously calibrated. B1 calibration of partial volume-coil is presented in the Supplementary Figure S1. The transmitter frequency was centered at 700 Hz upfield from the resonance of PCr. A short delay time of 0.5 ms was applied prior to free induction decay (FID) data collection to filter out broad-membrane phospholipids signal. The sampling point was 4 k, zero-filled to 8 k prior to Fourier transformation. For quantitative comparison of different metabolite 31P peaks, fully relaxed spectra were recorded at long TR of 25 s with and eight scan average. For Mg2+ measurement, to minimize measurement error due to potential T1 effects and time-of-the-day-dependent Mg2+ fluctuation, additional 31P spectra were also acquired at short TRs ranging from 1 to 5 s with 32 scan averages for a duration of 30 min. The chemical shifts of all 31P metabolites were referenced to PCr at 0 ppm. Gaussian apodization (6 Hz) was applied to each FID prior to Fourier transformation using the scanner software (SpectroView, Philips Healthcare). Precautions were taken to avoid signal contribution from the neck muscles by positioning the head chin-up, aligning the parieto-occipital region of the brain at the coil iso-center, and placing a supporting cushion pad underneath the neck.



31P MRS Data Analysis

First, the preprocessing of the raw data, including zero filling, apodization, Fourier transformation and phase correction, was performed at the scanner using the software package SpectroView from Philips Healthcare. The data post-processing, including baseline correction and spectral fitting, was done with an in-house program written in MATLAB. The fitting was based on the Voigt lineshape model (a combination of Gaussian and Lorentzian lineshape). Thirteen resonance phosphorus peaks were fitted: PCr, ATP (α-, β-, and γ-spins) nicotinamide adenine dinucleotide (total NAD), uridine diphosphate glucose (UDPG and its analogs), inorganic phosphate (intracellular and extracellular), five phospholipid metabolites including PE, phosphocholine (PC), GPE, GPC, and an macromolecular metabolite peak. These metabolites were generally well-dispersed in the acquired spectra at 7-Tesla, allowing accurate quantification based on lineshape fitting analysis of individual 31P peaks. Total-ATP (t-ATP) was calculated by averaging the α-, β-, and γ-ATP resonances. The brain 31P spectra revealed two distinct peaks for Pi, assigned intra- and extracellular Pi, the latter including contributions from both interstitial and intravascular spaces (Ren et al., 2018). For the membrane phospholipid metabolite index, phosphomonoesters (PMEs) were calculated by summation of PE and PC, whereas phosphodiesters were by summation of GPE and GPC. The metabolite concentrations, BEM index, and membrane phospholipid metabolite index (PMEs/PDES), were measured from the integral of each individual metabolite peaks in the fully relaxed 31P spectra, whereas the cellular pH and Mg2+ concentration were derived from the chemical shift measurements in the summed spectra at various TRs, which provided high-SNR spectral data. Table 2 summarizes the definitions of all the indices.



Evaluation of Mg2+ and Intracellular pH Concentration in the Parieto-Occipital Regions of the Brain

Free magnesium (Mg2+) concentrations in the parieto-occipital regions of the brain were calculated using the chemical shift difference between α- and β-ATP (δα–β in ppm) with PCr as a reference point (δ PCr = 0) (Ren et al., 2015).

[image: image]

where kd (dissociation constant of MgATP) = 0.05 mM and the limiting shift constant δATP = 10.82 ppm and δMgATP = 8.32 ppm.

pH was calculated from the chemical shift of the corresponding Pi (internal) peaks (δPi, in ppm) in reference to PCr (δPCr = 0 ppm) (Ren et al., 2015).
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where pKa (deprotonation constant) = 6.73, δa = 3.275 ppm (for acidic protonated species H2PO4–) and δb = 5.685 ppm (for basic protonated species H2PO4–) were used in the data analysis.



Statistical Analysis

A linear regression model was used to investigate the relationship of BEM indices using PCr/t-ATP (reflective of energy reserve), Pi/t-ATP (reflective of energy consumption), PCr/Pi (reflective of a metabolic state), regulatory co-factors (Mg2+ and pH), and the membrane phospholipid index (PMEs/PDEs) in the parieto-occipital brain region with cognitive performance across the domains of EFs, memory, attention, and visuo-spatial skills. Specifically, all the indices and individual metabolite along with intracellular pH were first transformed by using f(x) = log(x−a), whereas intracellular Mg2+ was transformed using where f(x) = −log(b−x) where “x” is the raw score of the specific metabolite for each participant, and “a” or “b” are metabolite-specific constants. The metabolite-specific constants were used to symmetrize each metabolite distribution and reduce undue leverage of the single participants in the regression. Once the indices, Mg2+, and pH values were transformed, the linear regression model was used to test the association with neurocognitive measures across the domains of EFs, memory, attention, and visuo-spatial skills.




RESULTS


Brain Phosphorous Metabolites at 7T

Figure 1 shows a typical 31P MR spectrum acquired from the human brain parieto-occipital lobes using a partial volume-coil at 7T. A total of 13 metabolites are clearly identifiable.
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FIGURE 1. Spectral display of high-energy phosphate and membrane phospholipid phosphorus metabolites from the parieto-occipital lobe of amnestic mild cognitive impairment individual. PE, phosphoethanolamine; PC, phosphocholine; Piex and Piin inorganic phosphate external and internal, respectively; GPE, glycerophosphoethanolamine; GPC, glycerophosphocholine; PCr, phosphocreatine; ATP forms: α, β, and δ adenosine triphosphate; NAD, nicotinamide adenine dinucleotide; UDPG, uridine diphosphate glucose.




Relationship of BEM and Membrane Phosphate Metabolite Indices in the Parieto-Occipital Lobes With Cognitive Performance in aMCI

We investigated the relationships across BEM indices measured using PCr/t-ATP (reflective of energy reserve), Pi/t-ATP (reflective of energy consumption: extracellular-Pi/t-ATP and intracellular-Pi/t-ATP), and PCr/Pi (reflective of a metabolic state) and its regulatory co-factors (intracellular Mg2+ and pH) followed by membrane phospholipid metabolite index (PMEs/PDEs) in the parieto-occipital lobes with cognitive performance of EF (complex abstraction, innovation, inhibition and switching, conceptual reasoning, and working memory), memory (episodic), attention, and visuo-spatial skills. Age and education had no appreciable effects on the high-energy phosphate and membrane phospholipid indices, nor on the cognitive measures in our sample (Supplementary Table S1). Therefore, we did not adjust for age and education in our final analyses of BEM indices and cognitive performance.


BEM Index: Cognitive Correlation

In the BEM index and neurocognitive relationship, we found four significant results. First, the extracellular-Pi/t-ATP ratio was inversely related with performance of attention [selective auditory attention-trail 2: (b = −0.0018, t = −2.254, p = 0.038)]; whereas intracellular-Pi/t-ATP ratio was trending to be inversely proportional with the performance on the EF domain of inhibition and switching [Trails B: (b = −13.867, t = −2.029, p = 0.0585)]. Second, the energy reserve indexed by PCr/t-ATP was inversely related with performance on immediate recall of cognitive memory screen [CVLT: (b = −0.0138, t = −3.272, p = 0.004)]. Finally, the regulatory co-factors of BEM index intracellular pH was also inversely associated with attention [selective auditory attention-trail 2: (b = −285.95, t = −2.172, p = 0.044)], whereas Mg2+ was positively associated with visual-spatial skills [Trails A: (b = −12.471, t = 2.219, p = 0.040)].

In view of a previous study by Rijpma et al. (2018) in AD for observation of a reduced level of PCr/Pi, an indicator of metabolic state, we also investigated the relationship of PCr/Pi ratio with cognition. A significant inverse relationship was found between the PCr/Pi index and performances on EF of innovation [TOSL: (b = −0.78, t = −2.18, p = 0.044)], and delayed recall of cognitive memory screen [CVLT: (b = −2.43, t = −2.278, p = 0.007)].

See Figure 2 and Table 5 for details.
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FIGURE 2. Association of BEM, membrane phospholipid indices, and regulator co-factors in the parieto-occipital brain region with cognitive performance in amnestic mild cognitive impairment (p ≤ 0.05). TOSL, Test of Strategic Learning; CVLT, California Verbal Learning test; intracellular_Pi, inorganic phosphate (intracellular); extracellular_Pi, inorganic phosphate (extracellular); PCr, phosphocreatine; t-ATP (total adenosine triphosphate: sum of α-ATP, β-ATP, and γ-ATP); PMEs, phosphomonoesters; PDEs, phosphodiesters.



TABLE 5. Linear regression model: association of BEM and membrane phospholipid indices in the parieto-occipital brain areas with neurocognitive and screening cognitive measures in mild cognitive impairment.
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Membrane Phospholipid Metabolite Index: Cognitive Correlation

The membrane phospholipid metabolite index (PMEs/PDEs) was positively associated with cognitive domain of attention [selective auditory attention-Trail 1: (b = 5.92, t = 2.14, p = 0.047)].

See Figure 2 and Table 5 for details.





DISCUSSION

The present exploratory pilot study investigated two main goals in aMCI, a heterogeneous and unstable clinical population. This group is at higher risk of developing AD/dementia than the cognitively normal population, although many with aMCI may not progress. Our main goal was to establish a methodology and test the feasibility to measure BEM related high-energy phosphate and membrane phospholipid metabolites precisely at UHF magnetic strength 7-Tesla using a partial volume-coil 31P MRS technique in the parieto-occipital region of the brain in a population with variability as defined by its nature. Our results showed that we were able to resolve 13 of 31P peaks with well-separated spectral resolution of high-energy phosphate and membrane phospholipid metabolites. The enhanced spectral resolution suggests this methodology may provide a feasible way to further explore BEM in more extensive comparative studies with healthy controls and those affected with AD in the future at UHF magnetic strength. Next, we investigated if the BEM indices derived from measuring the high-energy phosphates and membrane phospholipid metabolites at 7T showed a correspondence with cognitive performance (BEM-Cognitive correlates). Overall, we hypothesized an inverse relationship across BEM indices—energy reserve, energy consumption, and metabolic state—along with regulatory co-factors pH and Mg2+ and membrane phospholipid index with cognitive performance supported by previous work from Ashraf et al. (2015), Croteau et al. (2018), and Corriveau-Lecavalier et al. (2019). Our results support our assumptions of an inverse relationship in aMCI with the exception of Mg2+ and the membrane phospholipid index, which were positively associated with visuospatial domain and attention, respectively.


Population of Interest

An increasing body of research is focused on investigating pathophysiologic changes in the in vivo human brain with the goal to track and diagnose the onset of dementia as early as possible, particularly in populations at higher risk, such as aMCI. Although this cohort has an elevated risk for developing Alzheimer’s, the evidence that many will not develop dementia may make this an informative population to study, as a preliminary step. Due to variability of the disease progression, identification of early biological markers is an important goal in developing effective therapeutics. In prior research, seeking to better understand BEM, the research to date focused predominantly on either healthy controls or disease populations like AD at lower magnetic strength, with a knowledge gap regarding the potential role of BEM on cognition in aMCI. The current work expands on these efforts by reporting on the first, albeit small, pilot study in aMCI to explore the feasibility of acquiring precise data at UHF magnetic strength 7T using 31P MRS to study BEM-cognitive correlations.



Methodological Approach to Measure BEM: 31P MRS at 7T in aMCI

Our first goal of this study was to identify a distinct spectral display of high-energy phosphate and membrane phospholipid metabolites using 31P MRS at 7T. The results revealed it was possible to resolve and identify a high-quality spectral display with improved SNR of the high-energy phosphate and membrane phosphorus metabolites in the parieto-occipital lobes using the UHF MRI. What is interesting to note is that the spectral resolution of brain phosphorus metabolites in this study was similar to previous studies in healthy young adult brains and muscle (Ren et al., 2015) and heart (Rodgers et al., 2014) at 7T. Moreover, the use of 7T allowed clear separation of multiple phosphorus metabolites with similar chemical shifts in the spectra collected from the parieto-occipital region. With improved SNR in the summed spectra, we were able to fully resolve PMEs into PE and PC, PDEs into GPC and GPE, and Pi into intra- and extracellular compartments, along with observation of NAD(H) and UDP(G). At UHF MRI, the α- and β-ATP signal appeared to be an easy-to-fit single peak on the spectral display due to improved SNR of the phosphorus metabolites. It is worthy to note that the α-ATP chemical shift can be affected by the NAD(H) signal, a shift that cannot be resolved at a lower magnetic field. Thereby, the easy-to-fit singlet of α- and β-ATP allowed us to calculate the concentration of free Mg2+, an important regulatory co-factor of BEM in the in vivo human brain. Overall, the 31P MRS data acquisition methodology with improved SNR provided indirect help in accurately measuring the regulatory co-factors (intracellular Mg2+ and pH), which are essential metabolic sensors to provide neuronal environmental cues alterations in health and disease progression (Rabhi et al., 2017). This capability was previously limited due to the use and insensitivity of lower magnetic strengths such as 1.5-Tesla (Smith et al., 1995; Lotti et al., 1996; Forlenza et al., 2005) or 3-Tesla (Mandal et al., 2012; Rijpma et al., 2018).

Another methodological contribution of this study was the resolution of Pi into two separate peaks, intracellular and extracellular compartments (Ren et al., 2018). The extracellular Pi pool includes the signal of Pi from both the vascular and interstitial space plus the space occupied by cerebrospinal fluid (CSF). One hypothesis that could be explored in subsequent studies is whether brain atrophy leads to increased extracellular space and reduced intracellular space, assuming invariant extracellular-Pi is a crucial biomarker as the disease emerges and progresses. Prior work in MCI and AD supported the postulation that low level of serum or blood phosphorus, that is, phosphorus levels, was significantly associated with higher cerebral amyloid deposition when compared to healthy controls matched for age, sex, and apolipoprotein ε4 genotype and memory scores of MMSE (Park et al., 2017). Park et al. (2017) findings motivated us to explore a relationship between phosphorus metabolites in the brain with cognition in MCI. Building on this prior evidence, the current work expands the knowledge by going one step further in measuring phosphorus metabolites, an indicator of BEM directly using 31P MRS at 7T, followed by exploring the relationship of these phosphorus metabolites with cognition in aMCI.

To date, research in MCI has focused largely on the macroscopic pathological contributing factors associated with neurodegeneration, such as the accumulation of amyloid and structural alteration (Mufson et al., 2012; Oeltzschner et al., 2019). However, there is a desire to better understand the microscopic biological mechanisms taking place inside the cells of the in vivo human brain, now that researchers have access to more advanced imaging technology and analytics. As protocols develop and are tested to measure intracellular mechanisms, it may improve the predictive capabilities of which profiles progress toward the disease compared to non-converters. Our preliminary work using 31P MRS at 7T opens the door to employ this new methodology to advance our understanding of the biological mechanisms like BEM, that is, bioenergetics and membrane phospholipid metabolism occurring inside the brain cells in aMCI, a heterogeneous cohort.



BEM-Cognitive Correlates

Our second goal of the study was to investigate the association of BEM and membrane phospholipid metabolite indices in the parieto-occipital brain regions, with the cognitive performance of EFs, attention, memory, and visuospatial skills. We measured BEM indices using PCr/t-ATP (reflective of energy reserve), Pi/t-ATP (reflective of energy consumption: extracellular-Pi/t-ATP and intracellular-Pi/t-ATP), and PCr/Pi (reflective of a metabolic state), along with co-regulatory factors intracellular pH and Mg2+ concentrations in the parieto-occipital lobes (see Table 2 for details). The membrane phospholipid index ratio of PMEs (the significant precursors of phospholipids contributing to membrane synthesis) to PDEs (significant phospholipid products breakdown) indicated neuronal and non-neuronal membrane integrity (Ross and Sachdev, 2004) measured in the parieto-occipital lobes. An inverse relationship was observed with BEM indices and cognitive performance except for Mg2+ and membrane phospholipid index, which were significantly associated with visuospatial domain and attention, respectively.

The results of the inverse relationship of BEM indices and cognition support that individuals with higher BEM in the parieto-occipital lobes performed lower on cognitive domains of memory and EF. We offer one plausible hypothesis that subsequent research could explore is whether these low cognitive performers with higher BEM indices may represent individuals at greater risk of progressing toward AD in longitudinal work. This possibility is based on prior work on brain metabolism using 18FDG-PET (Ashraf et al., 2015; Croteau et al., 2018). The present work complements prior findings showing glucose hypermetabolism in MCI when compared to age-matched healthy controls, in parietal (Croteau et al., 2018) and occipital lobes (Ashraf et al., 2015). Although these two studies focused on different brain regions, they both offered a similar explanation for their findings; that is, the glucose hypermetabolism in parietal and occipital lobes represented a compensatory mechanism in MCI compared to healthy controls.

A compensatory mechanism can be interpreted as a process whereby the brain is adapting to neural changes attributed to a variety of factors, such as brain aging or neurodegenerative processes (Bobkova and Vorobyov, 2015). This adaptive mechanism was explained as “neuroplasticity” in Ashraf’s study. It is important to note that, at some point, the compensatory phenomenon of the brain’s systems, such as higher BEM observed in our study, may not have been adequate to support the same level of cognitive performance as cognitively normal individuals (Croteau et al., 2018). To date, impairments across EF, memory, and attention are thought to rely on the anterior brain networks of the frontal, temporal, and anterior part of the parietal lobes (Kim et al., 2019) with limited understanding of investigating early neurometabolic changes in the posterior part of the brain-parietal and occipital lobes. Thus, the current work lays a foundation to examine the correlates of BEM in posterior part of the brain, that is, parieto-occipital regions of the brain with cognition in aMCI, a group where some are at risk of developing dementia while others are stable either in the condition or revert to normal.

In contrast to the inverse relationship of BEM indices with cognitive performance, two independent variables (regulatory co-factor: Mg2+ and membrane phospholipid index) also showed significant association with specific cognitive domains but in different directions in aMCI. One was a higher Mg2+ concentration and associated with the higher performance on the visuospatial task, and other was a positive association of membrane phospholipid index (PMEs/PDEs) with the performance on the attention task. One possible explanation of the deviation of the inverse relationship of Mg2+ in the parieto-occipital lobes with cognition is that the posterior parietal and occipital brain regions are part of the dorsal stream of the visual system that aids in recognizing objects in space with detection and analyzing the movements (Hebart and Hesselmann, 2012). Thereby, a visuospatial task, which is primarily controlled by the parietal and occipital lobes, could depend on higher energy requirements in the form of higher Mg2+ level, an essential co-factor for ATP synthesis. Whereas the other significant positive correlation of the membrane phospholipid index with the cognitive domain of attention in the region of interest may again support the theory of neuroplasticity/compensatory mechanism as proposed by Ashraf’s et al. (2015) in MCI. We speculate that neuroplasticity of the parietal and occipital lobe may have higher turnover of membrane phospholipid index to support failing anterior lobe network. In general, though this study generates a lot of hypothesis that needs to be tested in future studies, still it adds to the existing knowledge that BEM and membrane phospholipid indices are associated with cognition in a cohort with mixed progression and reversion rate.

In sum, this study represents an early step to elucidate the methodologies of BEM and membrane integrity using partial volume-coil 31P MRS at UHF magnetic strength 7T in aMCI. We were able to show the feasibility of measuring the high-phosphate energy and membrane phospholipid metabolites with higher sensitivity and spatial resolution when compared to the strength of lower magnetic fields, such as 1.5T and 3T, in a heterogeneous population. This pattern of findings supports the viability of 31P MRS at 7T to explore further the brain’s energy requirements and its association with cognition to motivate additional research. We propose that future research using volume-coil 31P MRS at 7T could enhance our understanding of the role of mitochondrial contributions, which play an essential role in BEM linked to brain pathology in at risk populations in whom the disease may or may not progress from healthy aging to AD. Moreover, the potential of such an approach is strengthened by the finding of a relationship between BEM and membrane phospholipid indices in parieto-occipital lobes with cognitive performance across the domain of EF, memory, attention, and visuospatial skills in cognitively compromised brain of aMCI.



Limitations

We interpret the findings of this study in aMCI cautiously due to its limitations. First, the study sample size was small and lacked a cognitively normal age-matched control group or AD cohort for comparison. However, even with our small sample size and lack of a control group, we were able to show that BEM and membrane phospholipid indices, an indicator of neurometabolic changes in the parieto-occipital brain areas, are associated with performance of cognition especially in the area of memory, EF, and attention in aMCI significantly. This study focused on exploring a relationship of BEM-cognitive correlates at a single point of time. Future research is needed to follow individuals with aMCI longitudinally to see if early markers could be identified to better predict who is at risk for developing AD/dementia and who is less likely to progress. Second, the use of partial volume-coil 31P MRS limited our ability to support the theory of the compensatory mechanism in the early stages as the BEM indices of the anterior part of the brain, that is, frontal and temporal were not measured. Nonetheless, the use of the partial volume-coil in this research helped us to understand the relationship of a BEM and cognition in aMCI, specifically in brain regions that have been shown to probable predictor sites in the brain in subset of MCI individuals that progress toward AD using 18FDG-PET (Ashraf et al., 2015; Croteau et al., 2018).




CONCLUSION

Our findings show a highly resolved spectral display of high-energy phosphate and membrane phospholipid metabolites using 31P MRS at 7Tesla in aMCI. We also observed an inverse relationship between higher BEM indices with the lower performance of EFs, memory, and attention. The salient contribution of this pilot study is that it adds to the growing body of evidence that BEM can be measured accurately and appears to be associated with cognitive performance in this heterogeneous cohort. It also lays the foundation for future efforts to investigate if BEM mechanisms synergistically with amyloid and tau proteins, which are the hallmarks of the disease as potentially understand upstream triggers that aggravate the pathophysiological mechanism of the disease. Finally, longitudinal follow-up of an aMCI population would be of interest to test predictive ability of BEM, deploying imaging technology at 7 Tesla, as to which individuals will develop dementia and which will not, based on changes at the molecular level. This novel approach offers a novel research approach to advance our understanding of early biomarkers of those at risk for dementia to complement current endeavors.
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Alzheimer’s disease (AD) is a debilitating neurodegenerative disease characterized by the accumulation of two proteins in fibrillar form: amyloid-β (Aβ) and tau. Despite decades of intensive research, we cannot yet pinpoint the exact cause of the disease or unequivocally determine the exact mechanism(s) underlying its progression. This confounds early diagnosis and treatment of the disease. Cerebrospinal fluid (CSF) biomarkers, which can reveal ongoing biochemical changes in the brain, can help monitor developing AD pathology prior to clinical diagnosis. Here we review preclinical and clinical investigations of commonly used biomarkers in animals and patients with AD, which can bridge translation from model systems into the clinic. The core AD biomarkers have been found to translate well across species, whereas biomarkers of neuroinflammation translate to a lesser extent. Nevertheless, there is no absolute equivalence between biomarkers in human AD patients and those examined in preclinical models in terms of revealing key pathological hallmarks of the disease. In this review, we provide an overview of current but also novel AD biomarkers and how they relate to key constituents of the pathological cascade, highlighting confounding factors and pitfalls in interpretation, and also provide recommendations for standardized procedures during sample collection to enhance the translational validity of preclinical AD models.
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INTRODUCTION

Due to an increasingly elderly population, patients with Alzheimer’s disease (AD) constitute a growing public health problem, thus developing methods for early diagnosis of the disease will become pertinent as there of yet exists no cure. The disease typically manifests through a progressive decline in cognitive and behavioral functions that severely impact the ability of AD patients to independently perform daily tasks. As a result, the associated socioeconomic cost and burden to the healthcare system are very high, with annual healthcare expenditure exceeding billions of dollars. Based on the early findings by Alzheimer et al. (1995), we now know that the neuropathological hallmarks of AD include intracellular neurofibrillary tangles (NFTs) composed of misfolded tau protein, and extracellular amyloid plaques comprising aggregated amyloid-β (Aβ). The pathological protein accumulation in AD follows a predictable spatiotemporal pattern where certain areas become affected before others, including the entorhinal cortex (EC) and the hippocampus (Serrano-Pozo et al., 2011). In late stage AD, up to 90% of cells are lost in EC layer II (Gomez-Isla et al., 1996). The initial Aβ deposits present as plaques in the temporal neocortex, before progressing to the EC and the hippocampus (Box 1; Thal et al., 2002). Meanwhile, initial tangle formation begins in the most lateral portions of EC layer II, followed by the hippocampus, before appearing in areas of the neocortex (Box 1; Braak and Braak, 1991). The anatomical and temporal progression of Aβ and tau pathology, and subsequently neurodegeneration, has led to the postulation that Aβ acts as an initiator of the disease progression that results in tau-mediated neurodegeneration (Freudenberg-Hua et al., 2018).
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BOX 1. Spatiotemporal pattern of Aβ and NFT deposition during the AD disease cascade in the human and mouse brain. Stages of Aβ deposition in the AD brain (Gomez-Isla et al., 1996). Stage I is characterized by exclusively neocortical Aβ deposits (neocortex: green) (Gomez-Isla et al., 1996). This includes Aβ deposits in frontal, temporal, parietal, and occipital cortices (Gomez-Isla et al., 1996). Stage II shows additional allocortical Aβ deposits (green) in entorhinal cortex, CA1, cingulate cortex, amygdala, presubiculum, and the fascia dentata (Gomez-Isla et al., 1996). In stage III, there are additional Aβ deposits in diencephalic nuclei and striatum (green) including thalamus, hypothalamus, the basal forebrain, caudate nucleus, putamen, claustrum, the lateral habenular nucleus, and white matter (Gomez-Isla et al., 1996). In stage IV there are Aβ deposits in distinct brainstem nuclei (substantia nigra, superior and inferior colliculi, inferior olivary nucleus, intermediate reticular zone, central gray of the midbrain, CA4, and the red nucleus; green) (Gomez-Isla et al., 1996). In stage V there are Aβ deposits in the cerebellum and additional brainstem nuclei (pons, locus coeruleus, reticular formation, raphe nuclei, parabrachial nuclei, and the dorsal tegmental nucleus; green) (Gomez-Isla et al., 1996). Stages of NFT deposition in the AD brain (Thal et al., 2002). Stages I-II show alterations which are confined to the superficial entorhinal cellular layer (pre-α; layer II/layer IIa) (Thal et al., 2002; Freudenberg-Hua et al., 2018). The next stage is an aggravation of stage I (Thal et al., 2002). Stages III-IV lead to severe involvement of the entorhinal and transentorhinal layer pre-α (pink) (Thal et al., 2002). Stage IV is characterized by layer pre-α, pri-α (layer V) (Freudenberg-Hua et al., 2018), and pre-β (layer III; layer IIb) (Thal et al., 2002; Freudenberg-Hua et al., 2018) involvement. CA1, the basolateral nuclei of the amygdala, the reuniens nucleus, the antero-dorsal thalamic nucleus, putamen, and nucleus accumbens are densely filled with NFTs (Thal et al., 2002). Stages V-VI are marked by isocortical destruction (pink) (Thal et al., 2002). In stage V, the deep layer pri-α is severely involved. Layers pre-β and pre-γ (layer III) (Freudenberg-Hua et al., 2018) are also affected (Thal et al., 2002). Virtually all components of the hippocampal formation are involved, and the isocortex is severely affected (Thal et al., 2002). By stage VI, the subcortical nuclei show a much more pronounced involvement (Thal et al., 2002), and considerable nerve cell loss is seen in layers pre-α and pri-α (Thal et al., 2002). Grayscale represents the recency of involved regions for each stage of neuropathology. Human brain regions adapted from Jürgen et al. (2016); mouse brain regions adapted from Allen brain atlas (Sunkin et al., 2013).


Many variants of the amyloid cascade hypothesis have been proposed over the years; and this hypothesis argues that the deposition of Aβ is the initial and causative step for developing AD (Hardy and Higgins, 1992). According to this hypothesis, Aβ deposition causes disruption of calcium homeostasis in cells, resulting in molecular lesions, NFTs, oxidative stress, inflammation, excitotoxicity, and eventually cell death. The main counter argument for this hypothesis has been that amyloid plaque burden has a low correlation with the severity of clinical symptoms of AD, unlike that of NFTs and neurodegeneration (Terry et al., 1991; Arriagada et al., 1992). In line with this, amyloid plaque deposition commonly plateaus with time, despite declining cognition in AD (Engler et al., 2006). Therefore, the majority in the AD research field now focus on soluble, intracellular Aβ oligomers as a possible initiator of the development of the disease (Figure 1).
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FIGURE 1. Early and late timepoints of neuropathological development in AD. (A) Early molecular abnormalities leading to the development of neuropathological hallmarks in AD. First, disruption of endocytic and autophagic systems may lead to, or simultaneously become disrupted, as monomeric Aβ aggregates. Following, monomeric Aβ aggregates into oligomeric and protofibrillar forms. At the same time, diffuse amyloid plaques may be present extracellularly and begin to sequester Aβ from synapses, leading to microglial activation (and other inflammatory responses). Next, tau proteins become hyperphosphorylated and move from the axon to the somatodendritic compartment of the neuron. (B) Late molecular abnormalities in AD. While diffuse plaques are present extracellularly and may become neuritic by sequestering Aβ peptides from the synapse, a lysis event of the neuron occurs, and intracellular protofibrillar Aβ is deposited into the extracellular space leading to the development of neuritic plaques (composed of fibrillar Aβ). Other amyloid plaques in close vicinity may sequester Aβ peptides between each other, leading to the increased accumulation of neuritic plaques. Next, hyperphosphorylated tau from paired helical filaments form NFTs which results in excitotoxicity and oxidative stress. Ultimately neurodegeneration of the neuron occurs, primarily by necrosis, but apoptosis may also occur from some intracellular processes. Aβ, amyloid-β; NFT, neurofibrillary tangle.


Amyloid-β can exist in multiple assembly forms, ranging from monomeric to oligomeric and fibrillar forms (Figure 1). As a monomer, Aβ does not seem to be toxic, whereas oligomeric or fibrillar forms have been found to be potent blockers of long-term potentiation (LaFerla et al., 2007). Research suggests that levels of soluble Aβ oligomers are better correlated with disease severity than amyloid plaques mainly consisting of insoluble Aβ fibrillar species (Arriagada et al., 1992; Lue et al., 1999; McLean et al., 1999; Naslund et al., 2000; Haass and Selkoe, 2007). When produced intracellularly, Aβ oligomers expose flexible hydrophobic surfaces that might contribute to trapping vital proteins and, in this way, they can subtly damage and predispose vulnerable neurons to the formation of intracellular tau aggregates (Campioni et al., 2010). Thus, tau pathology in AD appears to be a downstream, effect of the presence of Aβ oligomers (Figure 1). In line with this, a link has been made between increased amounts of intracellular Aβ and neurodegeneration, while clearing of intracellular Aβ has been shown to revert AD-related memory deficits in animals modeling AD (Billings et al., 2005). An explanation for the weak correlation between cognitive decline and plaque load could be that insoluble fibrillar Aβ species might serve as reservoirs for smaller oligomeric Aβ, thus sequestering these away from neurons (Mucke and Selkoe, 2012; Figure 1).

The manner in which pathology progresses in model systems and human patients with AD has mostly been investigated separately resulting in little or poor translational value. As such, the translational aspect of staging the AD molecular disease cascade between preclinical models and human AD patients has remained inadequate. Despite intense investigation into disease cause and mechanisms of neurodegeneration, there is currently no cure or unequivocal evidence as to the exact nature of its underlying cause. Still, there seems to be consensus as to the fact that the success of treatments is primarily contingent on whether they can target disease-related pathology at early onset. This suggests that we are urgently in need of better tools for early onset diagnosis, before evolving pathology severely affects brain function, as well as better tools for monitoring pathological progression.

This effectively means, to translate discoveries made in preclinical models to the clinic, we must bridge the gap between model systems and patients with AD by improving the robustness and predictive validity of screening tools. For instance, the current dominant view is that Aβ42 accumulates extracellularly first, and thereby leads to the formation of amyloid plaques. However, several studies of brain tissue from animal models and human patients have begun to challenge this notion. In this paper, we explore potential early screening tools for the diagnosis of AD and also provide links between the extensive research done in preclinical models to human clinical applications. Specifically, we review how screening in AD patients can become more precise by the use of novel cerebrospinal fluid (CSF) biomarkers and by following recommendations for standardized procedures during CSF sample collections. We also focus on how intracellular events of Aβ and tau aggregation eventually lead to extracellular deposition and the presence of neuropathological hallmarks, and how current tools can predict, diagnose and potentially treat models and patients at various timepoints of the disease.



AD BIOMARKERS – TYPE AND DEFINITION

When defining an AD biomarker, many agree that it is a measurable indicator within a patient that can help to test and monitor the progress of pathology (Hane et al., 2017). The ideal fluid biomarker for AD would be consistent, reproducible, non-invasive, simple to measure, inexpensive, and easy to implement into the clinic and the primary care setting (Davies et al., 1998; Wang et al., 2012; Bjerke and Engelborghs, 2018; Molinuevo et al., 2018). Such biomarkers should be able to identify the clinical disease stage of the patient and also monitor treatment effects. Conventionally, patients with overt dementia are diagnosed with around 85% specificity (but at much lower rates in patients with early stage AD), but the ideal biomarker should exceed this rate (Davies et al., 1998). There is thus an urgent need for a specific marker for early detection in these patients. Various biomarkers that can detect early AD in both preclinical models and patients have been proposed. For instance, it would be preferable to have a biomarker that can detect intracellular events prior to the deposition of amyloid plaques and NFTs. In line with this, when diagnosing patients based on physical symptoms, reduced memory recall manifests in many diseases other than AD (Hane et al., 2017), highlighting the need for preclinical markers specific to AD.

Furthermore, AD has a long preclinical phase (Figure 2) consisting of three stages. In the first stage, monomeric and oligomeric Aβ aggregates inside neurons and subsequently onto neuronal surfaces and synapses as the concentration in the CSF reservoir diminishes. At this stage, current methods cannot detect the changes caused by Aβ aggregation in neurons and synapses (Hane et al., 2017). During the second stage, certain CSF biomarkers such as increased CSF tau, hypometabolism in the posterior cingulate, and cortical thinning become detectable (Hane et al., 2017). In the third stage, the patient experiences subtle symptoms while CSF Aβ decreases and CSF tau increases (Hane et al., 2017). Therefore, biomarker trajectories may differ as a function of the stage to which patients belong along the neuropathological cascade.
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FIGURE 2. Chronobiological biomarkers to Alzheimer’s disease clinical stage. This disease model displays that biomarkers become abnormal in a temporally ordered manner as the disease progresses (Jack et al., 2010). Amyloid plaque biomarkers are dynamic early in the disease, prior to the appearance of clinical symptoms, and have largely reached a plateau by the time clinical symptoms appear (Jack et al., 2010). Biomarkers of neuronal injury, dysfunction, and degeneration are dynamic later in the disease and correlate with clinical symptom severity. MRI is the last biomarker to become aberrant. None of the biomarkers are static, and rates of change in each biomarker vary over time and follow a non-linear time-course, which is hypothesized to be sigmoid shaped (Jack et al., 2010). A sigmoid shape as a function of time implies that the maximum effect of each biomarker varies over the course of disease progression (Jack et al., 2010). Figure adapted with permission from Leclerc and Abulrob (2013). MCI, mild cognitive impairment; CSF, cerebrospinal fluid; Aβ, amyloid-β; PET, positron emission tomography; FDG, fluorine-based tracers; MRI, magnetic resonance imaging; t-tau, total tau; p-tau, phosphorylated tau.



Neuroimaging Biomarkers in AD


Imaging Amyloid and Tau Burden

Substantial advances have been made in the detection AD biomarkers using neuroimaging. In terms of imaging amyloid burden, positron emission tomography (PET) scans with radiolabeled tracers specific to Aβ have become fairly common in AD research. PET amyloid ligands allows for quantification of amyloid deposition in patients, and binding of these ligands predates the development of clinical symptoms of AD by 7–15 years (Jack et al., 2013; Roe et al., 2013). [11C]Pittsburgh Compound-B (PiB), a derivative of the fluorescent benzothiazole dye thioflavin T, enables for non-invasive imaging of fibrillar Aβ deposits (Klunk et al., 2004; Johnson et al., 2009). Importantly, this imaging tool is only able to detect extracellular Aβ deposition, and not intracellular Aβ accumulation. The Alzheimer’s Disease Neuroimaging Initiative (ADNI) suggests that PiB can predict cognitive decline and brain atrophy in patients with mild cognitive impairment (MCI; represents a transition toward diagnosable dementia) (Weiner et al., 2010). Amyloid imaging is now usually performed by the use of fluorine-based tracers (18F or FDG) and points to the parietal cortices as the earliest sites of amyloid deposition (Figure 2; Dickerson et al., 2009). The specific brain regions (posterior cingulate, retrosplenial cortex, and precuneus) are heavily connected with the medial temporal lobes (MTLs) (Ranganath and Ritchey, 2012), which are sites of early AD-related neuropathology. Tau imaging, by the use of selective PET tracers, is able to detect tau depositions that follow Braak staging of NFT pathology (Figure 2; Schöll et al., 2015; Cho et al., 2016; Maass et al., 2017). PET ligands have also been developed that are specific for paired-helical filament tau (Leuzy et al., 2019; Scholl et al., 2019). Post-mortem studies of AD patients indicate that, unlike amyloid plaque deposition, NFT density correlates with neurodegeneration and cognitive impairment (Duyckaerts et al., 1987; Braak and Braak, 1997). However, disentangling primary age-related tauopathy (PART) and AD may be a great challenge as there is considerable overlap in the MTL.



FDG-PET – Cerebral Glucose Hypometabolism

Positron emission tomography imaging has been used to examine brain glucose abnormalities in aging, MCI and AD (de Leon et al., 1983). FDG can be used as a metabolic marker and reduced hippocampal metabolism has been observed in patients with MCI and AD (Mosconi et al., 2005; Figure 2). FDG-PET is a sensitive biomarker for neuronal and synaptic degeneration (Zimmer et al., 2017), and in line with this, research indicates that cerebral glucose hypometabolism is a downstream marker of neurodegeneration. Thus, this imaging method is able to detect patients at a later timepoint in the course of AD. Studies (Kuhl et al., 1982) have demonstrated that in older ages cerebral glucose metabolism decreases, and that the MTLs, the posterior cingulate cortex and the precuneus show the least age-dependent change. These regions express significant hypometabolism in AD (Márquez and Yassa, 2019), and Mosconi et al. (2008) showed that FDG-PET could be used to differentiate healthy subjects from AD patients with 98 to 99% specificity. Recent work by ADNI 2 PET Core has examined how FDG-PET and amyloid PET can be combined to track progression of AD. For instance, they demonstrated that amyloid PET is negatively associated with temporoparietal metabolism (Landau et al., 2012). Amyloid PET is associated with cognitive change in healthy subjects, whereas FDG-PET imaging is able to demonstrate cognitive change in MCI patients (Jagust et al., 2015). This is consistent with the spatiotemporal progression model of AD (Figure 2), where amyloid progression precedes neurodegeneration.



Imaging Connectivity – Resting-State Functional Magnetic Resonance Imaging

Functional magnetic resonance imaging (fMRI) techniques use blood-oxygenation-level-dependent (BOLD) contrast, which is associated with neuronal population activity. Resting-state fMRI studies examine the correlation of the BOLD signal and anatomical regions of interest at a temporal scale by analyzing spontaneous fluctuations in brain connectivity (Biswal et al., 1995; Fox and Raichle, 2007). In preclinical stages of AD, resting-state fMRI signals have been linked to metabolic changes (indexed by PET) and found to precede neurodegeneration (Sheline and Raichle, 2013). Therefore, this imaging tool is able to detect patients at some point immediately before or after amyloid plaque deposition, prior to the development of NFTs and associated neurodegeneration. Most of these analyses have focused on the default mode network (Gusnard et al., 2001; Raichle et al., 2001), a network consisting of the MTL, the medial prefrontal cortex, posterior cingulate cortex, anterior cingulate cortex, parietal cortex, and precuneus (Greicius and Menon, 2004; Buckner et al., 2008). These regions overlap with the spatial pattern of amyloid and tau pathology (Buckner et al., 2008). In addition to changes in the default mode network, some studies have suggested that connectivity within the MTL may also be disrupted in AD (Yassa et al., 2011), such as the connectivity between EC and hippocampus [dentate gyrus (DG) and cornu ammonis field 3 (CA3)].



Cortical Thinning and Volume Loss – Structural MRI

Compared with functional imaging modalities, structural MRI provides an overview of anatomical changes in high resolution. Research has shown that in AD patients there is a decrease in brain volume associated with cortical thinning and gyral loss (Figure 2; Uylings and de Brabander, 2002), especially in the prefrontal cortex and hippocampus (Jack et al., 2000; Raz et al., 2005). Thus, this imaging tool can detect patients in which neurodegeneration has begun to occur. Studies in aged rodents and monkeys have demonstrated that hippocampal cells do not undergo frank cell loss with healthy aging (Rapp and Gallagher, 1996; Rasmussen et al., 1996; Rapp et al., 2002); in contrast, this is observed in the prefrontal cortex (Peters et al., 1994; Smith et al., 2004; Stranahan et al., 2012). Recently, cortical thinning of the EC has been shown to be a sensitive marker for structural alterations in both patients with MCI and AD (Holland et al., 2012a). EC thickness has been found to diminish prior to, and thereby predict, hippocampal atrophy (Desikan et al., 2010, 2011, 2012; Eskildsen et al., 2013). Several recent studies using the ADNI data have shown that older adults with CSF Aβ and phosphorylated-tau (p-tau) present with volume loss in EC (Desikan et al., 2012; Holland et al., 2012b).



White Matter Integrity – Diffusion Tensor Imaging

Studies using diffusion tensor imaging (DTI) in MCI and AD patients show a decrease in brain white matter integrity but with most prominent changes in MTLs (Bozzali et al., 2002; Naggara et al., 2006; Xie et al., 2006; Huang et al., 2007; Chua et al., 2008). DTI studies have focused primarily on the fornix as this region links the limbic system with the rest of the brain. Fornix lesions have been found to reproduce memory and learning deficits linked to hippocampal damage in rats (Sutherland et al., 1982; McDonald and White, 1993) and monkeys (Gaffan et al., 1984; Gaffan, 1992, 1994). The perforant path connects EC layer II neurons to the hippocampal DG and CA3 (Witter, 2007) and is critical for normal hippocampal function (Hyman et al., 1986). The integrity of this pathway is reduced in aged rats with memory loss (Geinisman et al., 1992; Smith et al., 2000). Perforant path lesions also result in EC layer II neuronal loss (Peterson et al., 1994), i.e., at the site where neurodegeneration is first observed in AD patients. Thus, similarly to structural MRI, this imaging tool can detect AD patients at the timepoint at which neurodegeneration has occurred. In vivo biomarkers, such as those derived from brain imaging, are crucial for accurate diagnosis of AD, but does not support diagnosis during preclinical stages. Additionally, molecular imaging is expensive and not easily accessible to the clinical population.



CSF Biomarkers in AD

The current approach to diagnosing AD patients involves assessing patient history, clinical examinations, and detection of underlying pathology using biomarkers during stages of the disease (Ramesh et al., 2018b), with the latter having a diagnostic accuracy between 82 and 84% (Engelborghs et al., 2008). The clinical staging of AD usually lasts about 9–10 years (Heyman et al., 1996), however, researchers have found that the neuropathology of AD starts 20–30 years before the onset of clinical symptoms (Selkoe, 2001; Sperling et al., 2011). Thus, it is likely that, with current means, clinical diagnosis is only feasible at a late stage of the disease. Imaging tools are invaluable methods to diagnose AD patients, but additional methods are needed to detect AD pathology at an earlier stage of the disease cascade, where intervention may be able to delay, even, halt disease progression. By developing better screening and detection tools, early interventions at the preclinical stages of the disease should be possible.

Clearance of abnormal proteins by drainage into the CSF is an endogenous neuroprotective function of the brain. Clinical AD diagnosis is conducted by sampling CSF and analyzing aberrant protein levels within the sample. CSF fills the ventricular system in the brain and spinal cord (Barten et al., 2017) and research evidence suggests that the composition of CSF at any given time reflects true biochemical changes that occur in the brain (Lee et al., 2019). Most of the CSF is generated by the choroid plexus but a significant fraction derives from the interstitial fluid (ISF) in the brain and spinal cord parenchyma. ISF is the circulating CSF that bathes brain tissue (Barten et al., 2017), whereas the choroid plexus connects to nearby permeable capillaries with tight junctions and produces CSF using the aquaporin-1 water channel as well as directional ionic transporters (Speake et al., 2001; Brinker et al., 2014). In terms of CSF production and volume, studies have shown that it can change with age, disease, and time of day. For instance, CSF production increases from 0.4 to 1.4 μL/min between 8 and 12 weeks of age in the rat (Karimy et al., 2015). Interestingly, CSF volume has been found to increase during neurodegeneration (Barten et al., 2017), which may be related to the increase in atrophy and substance loss of the brain. It is therefore vital to keep these changes in CSF production in mind when comparing healthy subjects to AD patients, and when comparing preclinical with clinical findings.



Temporal Course of AD Biomarkers

Amyloid-β level changes is the first biomarker abnormality seen in AD patients, which can either be in the form of an upregulation in plasma and CSF in cognitively normal individuals (Figure 2). The increased levels seen in CSF Aβ40 and Aβ42 in AD patients is thought to reflect extracellular Aβ deposits prior to the accumulation of amyloid plaques (Murphy and LeVine, 2010). However, it is important to note that Aβ oligomers can form intracellularly before being deposited extracellularly, and currently this cannot be detected with existing biomarkers. Moreover, Aβ deposition detected by PET ligands can be seen as early as 15 years prior to onset of AD symptoms (Figure 2; Shen et al., 2018). The next stage of biomarker alteration include neuronal injury, shown by increased levels of CSF total tau protein (t-tau) and tau phosphorylated at threonine 181 (p-tau181/p-tau), and brain atrophy revealed by structural MRI, and synaptic loss and neurodegeneration detected by DTI or FDG-PET (Figures 2, 3; Shen et al., 2018).
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FIGURE 3. AD molecular processes that can be detected by biomarkers. Amyloid plaques: a widely used biomarker for diagnosis in AD is the concentration of CSF Aβ42 and Aβ40 (Rogeberg et al., 2015). Studies have shown that CSF Aβ42 can detect amyloid pathology earlier than amyloid PET imaging (Palmqvist et al., 2016). Some research shows that serum Aβ42 levels do not correlate with CSF levels (Liu et al., 2004), whereas others have found that plasma Aβ can be measured with good sensitivity (Lee et al., 2019). Several S100 proteins (S100B, S100A1, S100A6, S100A8, S100A9, and S100A12) are found within amyloid plaques and in astrocytes and/or microglia near amyloid deposits (Boom et al., 2004; Shepherd et al., 2006; Walker et al., 2006; Ha et al., 2010; Afanador et al., 2014; Lodeiro et al., 2017). NFTs: increased CSF tau is a sensitive biomarker for neurodegeneration, but CSF p-tau is more specific to neurodegeneration linked to AD (Lewczuk et al., 2004; Blennow et al., 2015). P-tau is secreted via exosomal release, and reaches the CSF (Saman et al., 2012). Increased levels of CSF t-tau and p-tau can predict the progression of cognitive symptoms better than CSF Aβ42 (El Kadmiri et al., 2018), but the diagnostic utility of CSF t-tau and p-tau are improved when measured in combination with Aβ42 (Dubois et al., 2014). Increased plasma tau observed in AD patients compared to MCI patients and healthy controls (Mattsson et al., 2016; Pase et al., 2019). S100B and S100A9 are found within NFTs (Sheng et al., 1994, 1997; Shepherd et al., 2006). Autophagy: late stages of autophagy is disrupted in AD patients, as an accumulation of autophagic vesicles can be observed in dystrophic neurites (Komatsu et al., 2006), and are observed prior to extracellular Aβ deposition (Mehrpour et al., 2010; Nixon and Yang, 2011). Microglia: YKL-40 is expressed by microglia. CSF TREM2 is associated with higher CSF t-tau and p-tau levels, probably reflecting a corresponding change in microglia activation in response to neurodegeneration (Suarez-Calvet et al., 2016). It has been shown that AD patients have higher levels of interleukin-6, 12, and 18, TNF-α and TGF-β, in blood, and higher levels of TGF-β in CSF, compared to healthy controls (Swardfager et al., 2010). Decreases in CSF neuronal CX3CL1 is found in AD patients (Perea et al., 2018). Astrocytes: YKL-40 is expressed in astrocytes near Aβ plaques (Craig-Schapiro et al., 2010) and correlates positively with tau pathology (Querol-Vilaseca et al., 2017; Janelidze et al., 2018). Axon terminals: CSF levels of SNAP-25 (Brinkmalm et al., 2014; Sutphen et al., 2018) and synaptotagmin (Öhrfelt et al., 2016) have been found at elevated levels in patients with AD or MCI compared with control subjects. Synaptic neurodegeneration can be detected by DTI or FDG-PET (Shen et al., 2018). Dendrites: increased CSF neurogranin is found in MCI and AD patients as compared with healthy controls (Thorsell et al., 2010; De Vos et al., 2015). Axon: increased neurofilament light is observed in response to axonal damage, which occurs in AD. The core CSF biomarkers (Aβ42, t-tau, and p-tau) and CSF neurofilament light levels strongly correlated with AD (Olsson et al., 2016). Blood levels of this protein strongly correlate with its CSF levels (Gisslen et al., 2016; Kuhle et al., 2016; Rojas et al., 2016). Mitochondria: studies have shown that TDP-43 contributes to neuroinflammation and may have a role in mitochondrial and neuronal dysfunction (James et al., 2016). NAD+ levels can be detected in CSF and plasma in early AD. Extracellular: miRNAs released from exosomes appear to be associated with neurodegenerative aspects in AD (Wang et al., 2008, 2012; Chen et al., 2017). Studies have reported that changes in levels of blood miRNA distinguished AD patients from healthy controls with 93% accuracy (Leidinger et al., 2013; Swarbrick et al., 2019). AD, Alzheimer’s disease; CSF, cerebrospinal fluid; Aβ, amyloid-β; PET, positron emission tomography; NFTs, neurofibrillary tangles; p-tau, phosphorylated tau; t-tau, total tau; MCI, mild cognitive impairment; TREM2, triggering receptor expressed on myeloid cells 2; TNF-α, tumor necrosis factor-α; TGF-β, transforming growth factor-β; CX3CL1, CX3 chemokine ligand 1; SNAP-25, synaptosomal-associated protein 25; TDP-43, transactive response element (TAR) deoxyribonucleic acid (DNA)-binding protein 43; NAD+, oxidized nicotinamide adenine dinucleotide; miRNA, microRNA.




Core CSF Biomarkers for Diagnosis

Currently, CSF biomarkers are the only variety of fluid markers used for diagnosis of early AD, however, they have proven difficult to implement in the clinic due to their limited accessibility and the invasive nature of CSF collection (Lee et al., 2019). There are three core CSF biomarkers for AD diagnosis; Aβ42, t-tau, and p-tau (Shen et al., 2018). Using a combination of the core AD biomarkers is a better approach compared to using the biomarkers individually, especially for differential diagnosis (Engelborghs et al., 2008). Lower concentrations of CSF Aβ42 and higher concentrations of t-tau have been used to distinguish AD patients from healthy age-matched controls and to predict the conversion of MCI to AD (Frölich et al., 2017). To develop a non-invasive and effective measure of preclinical stages in AD, early abnormal AD biomarkers in preclinical models and patients need to be translated and assessed, followed by methodological developments of screening tools that are successful in system models that mirror the disease progression seen in patients.



CLASSIFICATION OF AD BIOMARKERS

Alzheimer’s disease biomarkers may be open to different interpretations, however, there is an international classification system proposed by the National Institute of Aging (NIH) and the Alzheimer’s Association (NIA-AA) that can aid in grouping them. In 2018, CSF biomarkers could be used in conjunction with neuroimaging for the first time to diagnose AD patients (Lee et al., 2019). The A/T/N system (Table 1) is a suggested grouping by Jack et al. (2016) based on the framework from the NIH and NIA-AA, where the A refers to the Aβ pathology measured either by PET or CSF Aβ42, the T represents tangle pathology and is assessed by either PET or CSF p-tau, and the N stands for neurodegeneration or neuronal injury detected by either FDG-PET, structural MRI, or CSF t-tau (Jack et al., 2016). Imaging techniques have found amyloid PET to be most reliable, whereas MRI and FDG-PET scans often are unable to distinguish AD more from other neurodegenerative disorders (Johnson et al., 2012). It is important to note that fluid biomarkers are more available and affordable compared to MRI and PET (Lee et al., 2019).


TABLE 1. AT(N) biomarker grouping of the NIA-AA framework.
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Aβ as a Biomarker for AD

Amyloid-β production occurs at the C-terminal fragment of amyloid precursor protein (APP) by cleavage of APP by β-secretase (BACE1) to form C99, followed by cleavage of C99 by presenilin (PSEN) 1 or PSEN2, two enzymatic components of γ-secretase (Haass and De Strooper, 1999). Following production, Aβ42 aggregates and accumulates intracellularly and/or extracellularly until a critical threshold is reached, where CSF Aβ42 decreases as the peptide sequesters in amyloid plaques in the brain parenchyma (Cirrito et al., 2003; Hong et al., 2011). The long delay in the emergence of plaque deposits even in the presence of increased Aβ42, suggests an initial slow process where monomeric Aβ forms small aggregates, followed by further Aβ polymerization (Harper and Lansbury, 1997). The AD field cannot yet explain exactly how Aβ pathology initiates, but further research on the generation of intracellular Aβ monomers, their recycling, and their aggregation into oligomeric Aβ may yield some answers.

One of the most widely used biomarkers in AD diagnostic research is the measurement of Aβ42 and Aβ40 in CSF (Figure 3; Rogeberg et al., 2015). Although Aβ40 is present at about 10–20 times higher concentration in CSF, Aβ42 is more prone to aggregate and shown to correlate better with AD neuropathology (Mehta et al., 2001; Hellstrand et al., 2010; Murphy and LeVine, 2010; Savage et al., 2014). It has been found that cognitively normal older adults that developed dementia in older ages had low CSF Aβ42 but not Aβ40 levels (Blennow et al., 2015). These findings can be explained in part by how Aβ aggregates to form soluble oligomers, which can exist in multiple forms and are neurotoxic (Haass and Selkoe, 2007), and which finally conform to diffuse and dense plaques. Recent studies support the notion that accumulation of the Aβ peptide arises from an imbalance in the production and clearance of Aβ and that the ability to clear Aβ diminishes with age (Wildsmith et al., 2013). An attractive early biomarker for AD is CSF Aβ42, given that both CSF t-tau and p-tau changes occur at a later time point in the disease process closer to clinically detectable dementia (Buchhave et al., 2012). Furthermore, measurement of the CSF Aβ42:Aβ40 ratio is superior to Aβ42 alone when distinguishing between MCI patients who progress and those that do not progress to AD dementia (Hansson et al., 2007; Lee et al., 2019). When comparing Aβ fluid biomarkers and imaging biomarkers, studies have shown that CSF Aβ42 can detect amyloid pathology earlier than amyloid PET imaging (Figure 3; Palmqvist et al., 2016).

There appears to be a lack of consensus regarding CSF Aβ concentrations in AD patients. For instance, researchers have found that CSF Aβ42 concentrations increase (Nakamura et al., 1994; Bouwman et al., 2007), decrease (Kanai et al., 1998; Tapiola et al., 2000; Wahlund and Blennow, 2003; Mollenhauer et al., 2005; de Leon et al., 2006; Beckett et al., 2010), or experience no significant change (Andreasen et al., 1998, 1999a; Hoglund et al., 2005; Andersson et al., 2008; Brys et al., 2009; Stomrud et al., 2010) during the disease. The prevailing explanation for a reduced amount of Aβ in later stages of AD is that as the pathology progresses, more Aβ, especially Aβ42, aggregates into plaques in the brain, which effectively means that less Aβ can diffuse from the brain to the CSF. Another explanation may be that Aβ first accumulates intracellularly, and neurodegeneration releases Aβ in the extracellular compartment, increasing CSF Aβ levels, and subsequently accumulates onto neuronal surfaces and in synapses as it clears away from the CSF. As neurodegeneration occurs, less Aβ is produced and therefore smaller amounts will accumulate in the CSF and subsequently in the brain, where Aβ will reach plateau levels. Alternatively, reduced CSF Aβ42 might follow neuronal dysfunction, which results in decreased metabolism of APP and Aβ. It is important to note that this is unlikely in transgenic mice, as Aβ42 levels in the CSF decline, while its levels in the brain keep rising. Also, when above a certain level, parts of CSF Aβ42 may aggregate into a large assembly that antibodies of currently used enzyme-linked immunosorbent assay (ELISA) kits cannot capture (Pitschke et al., 1998; Liu et al., 2004). These seemingly disparate findings regarding CSF Aβ concentrations may therefore reflect different timepoints of the disease progression.

With regard to studies using Aβ as a fluid biomarker for AD, studies have shown that concentrations of CSF Aβ42 increased between 5 and 7 months of age, but not between 8 and 13 months of age in an APP/PS1 mouse model (Liu et al., 2004). This was despite a rapid increase in brain levels of Aβ42 (Liu et al., 2004). However, between 6 and 9 months of age in another APP/PS1 mouse model with a more aggressive AD phenotype a decline in CSF Aβ42 levels was reported (Liu et al., 2004). Based on these findings, it appears that CSF Aβ42 may initially reflect the rate of Aβ42 production (most likely in the synaptic cleft), but after reaching a critical threshold, CSF Aβ42 levels stay in equilibrium until plaque formation leads to their decrease (Liu et al., 2004). Consistent with this notion, CSF Aβ42 levels have a strong link with the deposition of amyloid plaques, whereby an inverse correlation between Aβ42 levels, plaques (Strozyk et al., 2003) and amyloid PET is observed (Toledo et al., 2015; Leuzy et al., 2016; Niemantsverdriet et al., 2017). This implies that as Aβ aggregates and forms plaques in the brain, lower levels of the protein diffuse into the CSF (Lee et al., 2019).

Compared to tau as a fluid biomarker, the drop in CSF Aβ42 should precede the increase in CSF tau proteins. This notion is supported by biomarker studies in sporadic AD patients demonstrating that a decrease in CSF Aβ42 was the earliest change reported (Skoog et al., 2003; Gustafson et al., 2007), while in patients with familial AD reductions in CSF Aβ42 and elevations in tau occur around 10–15 years prior to symptom development (Bateman et al., 2012; Ringman et al., 2012). Similar to Aβ, tau can also change its conformation to prion-like oligomers and there is evidence for misfolded Aβ initiating tau misfolding (Pulawski et al., 2012; Nussbaum et al., 2013). Therefore, Aβ appears to be an initiator of tau pathology and subsequent neurodegeneration.



Tau as a Biomarker for AD

Tau is a microtubule-associated protein comprising six human isoforms and is located in neuronal axons (Barten et al., 2011; Khan and Bloom, 2016). A characteristic of many neurons in AD is that tau is hyperphosphorylated and translocated from axons to the somatodendritic compartment, where it becomes misfolded and aggregates. Tau aggregates develop intracellularly and may thus trap functional proteins adding to microtubule destabilization, cellular dysfunction and eventually neurodegeneration (Benilova et al., 2012). Intracellular trafficking is dependent on the phosphorylation of tau in order to separate tau from microtubules, allowing transport, followed by dephosphorylation in order to return tau into microtubules (Avila et al., 2004). It has been proposed that Aβ pathology drives the abnormal phosphorylation of tau in AD (Bakota and Brandt, 2016; Khan and Bloom, 2016). However, transgenic mice modeling Aβ pathology alone do not develop NFTs endogenously (Lee and Trojanowski, 2001), while intracerebral injections of human mutated and/or aggregated tau are necessary to observe this neuropathological hallmark (Clavaguera et al., 2013; Ahmed et al., 2014; Kaufman et al., 2017; Lewczuk et al., 2017; Mudher et al., 2017; Narasimhan et al., 2017; He et al., 2018). Tau aggregates and NFTs are produced in the cytoplasm under pathological conditions, when tau changes its conformation from a highly soluble state to one with a high β-sheet content and is hyperphosphorylated (Yamada et al., 2015). Studies have shown that the elevation in CSF tau in AD is due to axonal loss and neuronal death, leading to the release of the intracellular protein (Blennow and Hampel, 2003; Hampel et al., 2010). However, despite significant neurodegeneration and tau pathology, CSF tau is not elevated in other pure tauopathies (Grossman et al., 2005; Bian et al., 2008). This suggests that cell death may not be the only mechanism responsible for CSF tau elevations in AD (Jack et al., 2010).

When using tau as a fluid biomarker for AD, increased CSF concentrations of the protein constitutes a sensitive marker for neurodegeneration, but an entirely unspecific one for AD (Figure 3). However, the increased concentration of p-tau molecules seems much more AD specific (Figure 3; Lewczuk et al., 2004; Blennow et al., 2015). P-tau is secreted via exosomal release, and reaches the CSF (Saman et al., 2012; Figure 3). CSF p-tau levels are usually stable in other dementias, whereas both CSF p-tau and t-tau levels can be used to distinguish AD patients from healthy controls, suggesting that CSF tau is an important biomarker for differential dementia diagnosis (Blennow et al., 2015). In addition, high CSF t-tau and p-tau can predict the progression of cognitive symptoms better than CSF Aβ42 (El Kadmiri et al., 2018; Figure 3). Researchers have found correlations between p-tau in CSF and NFTs in the brain (Clark et al., 2003; Buerger et al., 2006; Tapiola et al., 2009; de Souza et al., 2012), and CSF t-tau has been found to correlate with neurodegeneration (Lee et al., 2019). Importantly, the utility of CSF p-tau and t-tau for AD diagnosis is markedly improved when measured together with CSF Aβ42 (Figure 3; Dubois et al., 2014).

To examine CSF tau levels in rodents, researchers have used P301S human tau transgenic mice and found that ISF tau was at fivefold higher levels compared to endogenous tau, in line with its elevated levels of expression (Yamada et al., 2011). It is important to keep this in mind when comparing CSF tau between rodents and patients, as the CSF tau from rodents might be contaminated by ISF tau levels, and the CSF levels may not reflect the actual tau levels expressed in the brain. Studies have found that tau in brain tissue is approximately 50,000-fold more abundant than its levels in the CSF (Barten et al., 2011). In humans, patients with sporadic AD display longitudinal increases in tau when low levels of tau were detectable early in the disease course, but no differences (or increases) have been observed in tau in patients with high levels of tau at baseline (Kanai et al., 1998; Sunderland et al., 1999).

Compared to Aβ, which aggregates broadly in the brain parenchyma and the perivascular space, tau readily drains into CSF. In contrast to Aβ, tau levels increase in the CSF with the progression of AD (Olsson et al., 2016). Changes in CSF Aβ42 precede changes in CSF tau, consistent with the proposition that Aβ affects and drives CSF tau levels (Jack et al., 2010). However, further research is needed to explain whether Aβ and tau pathology represent early initiators of neurodegeneration and cognitive decline, or merely downstream effects of other early pathophysiological events in AD.



Neuroinflammatory Biomarkers

Inflammation is now considered another core feature of AD as it relates to the pathogenesis of the disease and also serves as a link between amyloid plaques and NFTs (Akama and Van Eldik, 2000; Akiyama et al., 2000). Inflammatory response has now been reported in post-mortem tissues of AD patients (Gomez-Nicola and Boche, 2015) and is routinely observed in preclinical models. The presence of inflammation in the brain of AD patients was initially thought to be a consequence of the accumulating neurodegeneration present at late stages of the disease. However, a substantial body of research now demonstrates that a persistent immune response in the brain not only is associated with neurodegeneration, but it also exacerbates Aβ and tau pathology (Figure 1). Inflammatory markers may be able to give evidence to intracellular abnormalities early in the course of AD, prior to extracellular Aβ deposition (marked by an increase in CSF Aβ40/Aβ42 and amyloid PET) as evidence points to a dysfunction in autophagic processes in AD patients (Figure 1; Menzies et al., 2015). Moreover, there have been reports of immune-related proteins and cells opposed to amyloid plaques (Figure 1; Griffin et al., 1989). In line with this, it has been suggested that inflammation may provide a link between the initial Aβ pathology and subsequent development of NFTs (Kitazawa et al., 2004; Rhein et al., 2009; Garwood et al., 2011; Nisbet et al., 2015).


Autophagic Markers

One way for intracellular accumulation of Aβ peptides to occur is through a disruption in the autophagic and lysosomal clearance systems. In this way, autophagic markers could ultimately serve as the earliest biomarker to diagnose AD patients, as this process may likely initiate the aggregation of monomeric Aβ into oligomeric Aβ intracellularly (Figure 1). Autophagy is a complex process, in which a vesicle known as the phagophore elongates around the cytoplasmic components selected for degradation. The recognition of these components are dependent on the lipidated form of the microtubule-associated protein light chain 3 (LC3) (Milisav et al., 2015). The late stage of autophagy depends on the successful fusion of the autophagosome with the lysosome, which then degrades and recycles the autophagosome cargo. There is evidence supporting that the late stage of autophagy is disrupted in AD, as accumulation of autophagic vesicles can be observed in dystrophic neurites (components of dense plaques) (Komatsu et al., 2006), and these are observed prior to extracellular Aβ deposition in model systems and patients (Figure 3; Mehrpour et al., 2010; Nixon and Yang, 2011).

The above findings suggest that autophagy dysfunction leads to the accumulation of intracellular Aβ by avoiding proper degradation and/or recycling. In line with this, researchers have found that LC3-associated endocytosis is used to clear and recycle Aβ surface receptors (Heckmann et al., 2019). In model systems with LC3-associated endocytosis disrupted, an increase in extracellular Aβ deposition, NFTs, neurodegeneration and behavioral deficits was observed. Another line of research found that autophagic markers were significantly increased in AD patients compared with control subjects (Cho et al., 2019). Furthermore, other studies suggest that metabolism of Aβ and tau is crucially influenced by autophagy (Uddin et al., 2018). Recent evidence suggests that Aβ monomers and oligomers modulate autophagy differently in neurons. Monomers have been found to stimulate autophagy, increasing autophagosome rates and elevation of LC3 protein levels, while simultaneously impairing the lysosomal pathway affecting the autophagy efflux, leading to autophagosome accumulation (Menzies et al., 2015). By contrast, Aβ oligomers do not cause a significant increase in LC3 protein levels nor affect efflux of autophagic vacuoles (Menzies et al., 2015), which suggests that an increase in intracellular Aβ monomers may be the result of a defective autophagic system. This fits the proposition that autophagic disruption and accumulation of Aβ monomers constitute some of the earliest events in the AD cascade (Figure 1). The exact cascade by which autophagy can degrade amyloid plaques is still not known, however, microglial autophagy appears to play and important role.



Glial Cells and Markers

Neuroinflammation involving astrocytes, microglia, and secreted compounds like reactive oxygen species, cytokines, and chemokines are key pathophysiological processes assessed when diagnosing AD (Ramesh et al., 2018a). Microglia and astrocytes are the two types of glial cells primarily affected (McGeer et al., 1987; Rogers et al., 1988; Bronzuoli et al., 2016), which in turn affect the clearance and production of Aβ42 (Hickman et al., 2008; Liu et al., 2017). Glial cells also affect the development and propagation of tau pathology (Asai et al., 2015) and thus influence disease progression and severity (Block et al., 2007; Calsolaro and Edison, 2016). Importantly, if glial cells are activated for too long, they can become pro-inflammatory (Bronzuoli et al., 2016). Chitinase-3-like protein 1 (or YKL-40) is an inflammatory marker expressed by microglia and astrocytes (Figure 3). In AD, YKL-40 is expressed in astrocytes near Aβ plaques (Craig-Schapiro et al., 2010) and correlates positively with tau pathology (Figure 3; Querol-Vilaseca et al., 2017; Janelidze et al., 2018).

Another glial marker is triggering receptor expressed on myeloid cells 2 (TREM2), which is an inflammatory cell-surface receptor. Loss-of-function mutations of TREM2 are associated with an increased risk of developing AD (Suarez-Calvet et al., 2016). Researchers have found that TREM2 phagocytose Aβ in early AD stages (Jay et al., 2017). A rare mutation in the TREM2 gene affects the phagocytic activity of microglia and consequently contributes to accumulation of Aβ (Kleinberger et al., 2014; Ramesh et al., 2018b). With regard to TREM2 measured in CSF, studies have shown increased levels to be associated with higher CSF t-tau and p-tau levels, probably reflecting a corresponding change in microglia activation in response to neurodegeneration (Figure 3; Suarez-Calvet et al., 2016). Relevant research findings imply that neuroinflammation is a robust biomarker even at pre-symptomatic stages (Janelidze et al., 2018). In line with this, high levels of inflammatory biomarkers are associated with increased CSF levels of t-tau (Janelidze et al., 2018). Interestingly, PET studies have revealed increased microglial activation in the precuneus (Hamelin et al., 2016; Fan et al., 2017), a region in the default mode network that displays early Aβ deposits in AD (Palmqvist et al., 2017).



Cytokines

With regard to cytokines, it has been shown that AD patients have higher levels of interleukin-6, 12, and 18, tumor necrosis factor-α (TNF-α), and transforming growth factor-β (TGF-β), in blood, and higher levels of TGF-β in CSF, compared to healthy controls (Figure 3; Swardfager et al., 2010). Endothelial growth factor receptor 1 (also known as Flt-1), has been found to be upregulated in entorhinal cortical sections from human AD brains and in human microglia following treatment of Aβ42 (Ryu et al., 2009). Following neuroinflammation, oxidative stress in the intracellular environment occurs. Oxidative stress plays an important role in the early stages of AD (Oh et al., 2010) and its associated signaling cascades are being investigated and explored for biomarkers. For instance, higher reactive oxygen species levels lead to post-translational modification of proteins, toxic cell damage, fragmentation and aggregation of Aβ (Brinkmalm et al., 2014). One type of reactive oxygen species are sulfatides, which have been found to be depleted in both gray and white matter of AD patients, and results in decreased hippocampal volume and cognitive decline (Ramesh et al., 2018b).

Since neuroinflammation occurs in AD brains, the levels of several S100 proteins are increased and some of the proteins play roles related to the processing of APP, regulation of Aβ levels and tau phosphorylation. S100A1, S100A6, and S100B have been found to be involved in the disassembly of microtubules and tau protein release (Zimmer et al., 2005; Roltsch et al., 2010; Wruck et al., 2016; Sidoryk-Wegrzynowicz et al., 2017), while S100B and S100A9 are found within NFTs (Figure 3; Sheng et al., 1994, 1997; Shepherd et al., 2006). Traumatic brain injury (TBI) has been found to predispose people to developing AD (Johnson et al., 2010). Interestingly, TBI results in an increase in S100A1 and S100B levels in plasma and CSF in patients (de Boussard et al., 2005). Research has shown that levels of S100B originating from necrotic tissue might enhance or amplify neurodegeneration by apoptosis (Sedaghat and Notopoulos, 2008). Thus, various S100 proteins could be a link between neurodegenerative diseases induced by brain damage. Comorbidities often accompany a diagnosis of AD, thus the spectrum of pathological processes that can end in AD at different degrees of severity and symptomology needs to be kept in mind in order to accurately diagnose and treat patients. Additionally, S100 proteins may serve as an early biomarker for a later AD diagnosis in patients with TBI or other comorbidities that increase S100 levels.

Moreover, several S100 proteins are implicated in the amyloidogenic pathway of APP cleavage. S100A9 regulates γ-secretase and BACE1 expression and activity (Kummer et al., 2012; Li et al., 2014), and S100B and S100A1 regulate APP levels (Zimmer et al., 2005; Anderson et al., 2009; Mori et al., 2010). S100A7, S100A8, S100A9, and S100B have been found to influence Aβ levels (Qin et al., 2009; Lee et al., 2013; Lodeiro et al., 2017; Cristovao et al., 2018). Moreover, S100B and S100A6 have been found to reduce zinc levels and senile plaque load in preclinical models (Roltsch et al., 2010; Hagmeyer et al., 2017; Tian et al., 2019). S100A1, S100A9, and S100B proteins can interact and alter the aggregated Aβ and is found to co-aggregate with Aβ peptides (Zimmer et al., 2005; Shepherd et al., 2006; Ha et al., 2010; Mori et al., 2010; Chang et al., 2012; Afanador et al., 2014; Cristovao et al., 2018). In line with this, several S100 proteins (S100B, S100A1, S100A6, S100A8, S100A9, and S100A12) are present in amyloid plaques and in astrocytes and/or microglia near amyloid deposits (Figure 3; Boom et al., 2004; Shepherd et al., 2006; Walker et al., 2006; Ha et al., 2010; Afanador et al., 2014; Lodeiro et al., 2017).



Chemokines

In order to maintain brain homeostasis, microglia establish continuous communication with neurons and astrocytes, through the expression and secretion of chemokines (Mennicken et al., 1999). The CX3 chemokine ligand 1 (CX3CL1; or fractalkine), is predominantly expressed in neurons (Bazan et al., 1997) and interacts with the CX3 chemokine receptor 1 (CX3CR1) exclusively present in microglia (Imai et al., 1997; Maciejewski-Lenoir et al., 1999). The CX3CL1/CX3CR1 tandem allows for direct communication between neurons and microglia (Harrison et al., 1998; Sheridan and Murphy, 2013), and it has been suggested that this axis becomes impaired in AD patients (Bolos et al., 2017). Consistent with this, neuronal CX3CL1 is found to be decreased in CSF from AD patients compared to MCI and control subjects (Figure 3; Perea et al., 2018). Furthermore, researchers have aimed to regulate neuroinflammation in tau depositing mouse lines by overexpressing CX3CL1 and found that it significantly reduced tau pathology, ameliorated neuronal loss, reduced microgliosis (Nash et al., 2013) as well as rescuing cognitive function (Finneran et al., 2019). In another line of research, it has been found that when microglia are transferred from tau depositing knock-out Cx3cr1 mice, hyperphosphorylation of endogenous murine tau is observed (Maphis et al., 2015). Disruption of CX3CL1 signaling in amyloid depositing mouse lines has shown reduced pathology due to increased microglial phagocytosis of amyloid plaques (Lee et al., 2010).



Synaptic Neurodegeneration Markers

There is of yet no established or reliable biomarker test for synaptic degeneration, which is considered a crucial feature for the development of AD-related cognitive decline. The ability to monitor neurodegeneration as a downstream effect of synaptic dysfunction would be an important advantage for early AD diagnosis and in clinical trials related to drug testing. Synaptotagmin, a pre-synaptic calcium sensor vesicle protein, facilitates neurotransmitter release from the synaptic vesicle by exocytosis and also functions as an essential vesicle cargo molecule in hippocampal neurons (Leinenbach et al., 2014). Various studies have shown a decrease in synaptotagmin-1 in AD patients (Mattsson et al., 2011).

Another marker for synaptic degeneration is synaptosomal-associated protein 25 (SNAP-25), which is an essential component of the soluble N-ethylmaleimide-sensitive fusion protein attachment protein receptors (SNARE) complex that mediates synaptic communication by initiating fusion of synaptic vesicles (Olsson et al., 2016). A negative correlation has been found between SNAP-25 and cognitive decline, suggesting that this is a promising novel CSF biomarker for AD (Andreasen et al., 1999b). Overall, CSF levels of SNAP-25 (Brinkmalm et al., 2014; Sutphen et al., 2018) and synaptotagmin (Öhrfelt et al., 2016) have been assessed and found at elevated levels in patients with AD or MCI compared with control subjects (Figure 3). Another marker for synaptic neurodegeneration is neurogranin, which plays an important role in synaptic plasticity and long-term potentiation processes (Geppert et al., 1994; Sudhof and Rizo, 1996; Thorsell et al., 2010). Neurogranin has also been found at increased levels in CSF of patients with MCI and dementia due to developing AD as compared with healthy controls (Figure 3; Thorsell et al., 2010; De Vos et al., 2015). CSF neurogranin concentrations have been found at increased levels in patients that have reached the threshold for Aβ PET detection (Palmqvist et al., 2019), and also CSF neurogranin and tau levels have been found to correlate strongly (Thorsell et al., 2010; De Vos et al., 2015).



Novel Biomarkers for AD

Many biomarkers are now being investigated as complimentary to the core AD biomarkers. One such biomarker is neurofilament light, which is a marker of neuronal integrity reflecting axonal damage of the subcortical white matter (Petzold, 2005; Jahn and Fasshauer, 2012; Neselius et al., 2012; Kuhle et al., 2015; Zetterberg et al., 2016). Neurofilament light is released from axons into the extracellular space during healthy aging, which results in increased CSF level concentrations (Figure 3). The release of neurofilament light is accelerated during axonal damage, which occurs in AD (Figure 3). A recent meta-analysis showed that the core CSF biomarkers (Aβ42, t-tau, and p-tau) and CSF neurofilament light levels strongly correlated with AD (Figure 3; Olsson et al., 2016). Importantly, CSF neurofilament light levels have been shown to be higher in AD (Sjogren et al., 2001; Pijnenburg et al., 2007; Zetterberg et al., 2016; Alcolea et al., 2017; Lista et al., 2017). Blood neurofilament levels strongly correlate with CSF levels (Figure 3; Gisslen et al., 2016; Kuhle et al., 2016; Rojas et al., 2016), and blood neurofilament light concentrations have been found at increased levels in many forms of neurodegenerative disease (Gisslen et al., 2016; Kuhle et al., 2016; Rohrer et al., 2016; Rojas et al., 2016; Steinacker et al., 2016, 2017; Weydt et al., 2016; Mattsson et al., 2017a) and have proven almost as reliant as CSF analysis in monitoring treatment outcome in patients (Bacioglu et al., 2016; Disanto et al., 2017). Another novel biomarker is the transactive response element (TAR) deoxyribonucleic acid (DNA)-binding protein 43 (TDP-43) protein, which can become pathologic if triggered by Aβ peptides. Studies have shown that TDP-43 contributes to neuroinflammation and may have a role in mitochondrial and neuronal dysfunction (Figure 3; James et al., 2016). In accordance with this, TDP-43 pathology has been observed in some AD cases (Amador-Ortiz et al., 2007; Chang et al., 2015; James et al., 2016). Another novel biomarker is oxidized nicotinamide adenine dinucleotide (NAD+; involved in mitochondrial homeostasis), which has been found to decrease during healthy aging, but even more rapidly in neurodegenerative diseases (Figure 3; Lautrup et al., 2019). This could be related to the observed decrease in neuronal metabolism that occurs during healthy aging, but this is accelerated in the AD brain. NAD+ levels can be detected in CSF and plasma early during the disease progression, and in combination with core biomarkers, it presents as a novel preclinical biomarker for AD (Figure 3).

Neuropathology is associated with a distinct subset of cells in specific regions in the brain and this makes the identification of relevant biomarker molecules a challenge. The transport of macromolecules from the brain to the CSF and blood, mediated by extracellular vesicles, presents a promising source of central nervous system (CNS)-specific biomarkers (Thompson et al., 2016). One such trafficking macromolecule is exosomes, which can be picked up in CSF. An increasing body of evidence suggests that exosomal proteins and microRNAs (miRNAs) may constitute novel biomarkers for clinical AD diagnosis (Van Giau and An, 2016). miRNAs released from exosomes appear to be associated with neurodegenerative aspects in AD (Figure 3; Wang et al., 2008, 2012; Chen et al., 2017). miRNAs are a class of small non-coding RNAs which regulate over 50% of protein-coding genes, and miRNA-107 has been found to be downregulated in AD brains (Van Giau and An, 2016; Fransquet and Ryan, 2018; Ramesh et al., 2018b). Accumulating evidence presents that miRNAs regulate Aβ production, NFT formation, and neurodegeneration by targeting different genes (Wang et al., 2008; Van Giau and An, 2016). Research has also identified BACE1 as a target of miRNA-107, connecting the level of miRNA-107 to Aβ formation and neuronal pathogenesis (Wang et al., 2008).



CSF AND BLOOD-BASED BIOMARKERS

Although protein content is lower in CSF compared to blood, CSF holds great value for developing consistent biomarkers for AD as it reflects biochemical changes in the brain by direct interaction with the extracellular space (Hampel et al., 2012). At present, there is no approved blood biomarker for AD (Stadtman and Levine, 2003). It is important to note, however, that blood biomarkers have lower sensitivity and specificity than CSF biomarkers, and this can be attributed to the fact that the blood-brain barrier (BBB) prevents diffusion of analytes into the blood via a filtering mechanism (Lee et al., 2019). Furthermore, one complication of measuring CNS biomarkers in blood is that many of the analytes are produced in the periphery as well as in the brain, and thus the source of detectable change may be difficult to determine (Barten et al., 2017). However, there is currently an urgent need within the field to develop blood-based biomarkers which are inexpensive and which can detect early neuropathological changes in AD (Hane et al., 2017). For instance, detection of autophagic markers in plasma could serve as an early biomarker for AD (Cho et al., 2019). Blood test sampling is routinely performed in the clinic, it is minimally invasive, cheap and suitable for recurrent measurements (Shen et al., 2018).

When comparing Aβ levels in blood and CSF, some researchers have found that serum Aβ42 levels do not correlate with CSF levels (Figure 3; Liu et al., 2004). However, contrary to this, others have found that plasma Aβ can be measured with good sensitivity (Figure 3; Lee et al., 2019). Aβ can easily penetrate the BBB and is therefore an attractive blood biomarker candidate (Lee et al., 2019). Indeed, studies have shown that cerebral amyloid deposits may be sourced in the periphery, while other studies suggest that amyloid deposits in cerebral vessels may originate from circulating Aβ peptides (Yankner and Mesulam, 1991; Chen et al., 1995; DeMattos et al., 2002; Lee et al., 2019). Plasma Aβ and Aβ-approximate peptide concentrations have been reported to be consistent with amyloid PET results (Kaneko et al., 2014). Moreover, levels of Aβ42 and the ratio of Aβ42:Aβ40 in plasma have been shown to correlate with CSF concentrations and with amyloid PET (Janelidze et al., 2016; Verberk et al., 2018). However, it is important to note that some researchers have found that reduction of Aβ in the periphery does not reduce brain Aβ levels (Georgievska et al., 2015) [but see Jin et al. (2017)].

To date, neurofilament light is the only biomarker that is translatable from plasma to CSF, and therefore holds great promise as a clinical tool to predict cognitive decline and neurodegeneration in AD (Figure 3; Zetterberg et al., 2016; Mattsson et al., 2017a; Lewczuk et al., 2018). Furthermore, it has been shown that measurements in blood and CSF levels strongly correlate and that neurofilament light increases coincided with the onset and progression of corresponding amyloid pathology in the brain (Figure 3; Bacioglu et al., 2016). Studies have shown that plasma neurofilament light can be used as a non-invasive biomarker that strongly correlates with neurodegeneration in human AD patients (Mattsson et al., 2019). Moreover, plasma t-tau levels can be used for screening and prognosis of cognitive decline in patients where CNS injury has been ruled out (Molinuevo et al., 2018). However, there are decreased amounts of tau in plasma compared to CSF (Barten et al., 2017; Mattsson et al., 2017b), but increases have been found in plasma of AD patients when compared to MCI patients and healthy controls (Figure 3; Mattsson et al., 2016; Pase et al., 2019). Studies looking at circulating RNA biomarkers for AD have reported that changes in levels of blood miRNA distinguished AD patients from healthy controls with 93% accuracy (Figure 3; Leidinger et al., 2013; Swarbrick et al., 2019). Therefore, blood miRNAs could be an addition to the biomarker toolbox for diagnosing AD patients. For a more extensive review on comparisons between CSF and blood biomarkers in AD, and developments in biochemical analyses of blood, see Ashton et al. (2020).



METHODS FOR CSF SAMPLING


CSF Collection in Human Patients

The most commonly used method for sampling CSF in human patients is by lumbar puncture. Clinically, lumbar punctures are routinely performed for diagnosing multiple brain disorders (e.g., meningitis, encephalitis, multiple sclerosis) and for the administration of spinal anesthesia and chemotherapy. However, there are several limitations associated with the use of lumbar punctures, such as associated pain during and after the sampling (including post-puncture headache) in patients (Blennow et al., 2015). Additionally, CSF sampling in patients who cannot cognitively consent to the procedure is ethically problematic. One also needs to keep in mind that Aβ is higher in lumbar CSF (Brandner et al., 2014), and tau is higher in ventricular CSF (Tarnaris et al., 2011; Pyykkö et al., 2014; Herukka et al., 2015) when using this method for CSF collections. However, the timing of intraventricular CSF sampling will likely affect concentrations of Aβ and tau, for example whether the sample is taken immediately after the insertion of a ventricular catheter. Research suggests that increased ventricular CSF tau concentrations may be caused by the sampling procedure itself, whereby neurons affected by the insertion of the needle for spinal tap increasingly release tau molecules (Brandner et al., 2014). In line with this, CSF samples taken shortly after surgery often have elevated tau and neurofilament light levels (Barten et al., 2017). CSF flow rate is slower in lumbar regions compared to cephalic regions (Sweetman and Linninger, 2011), and this may additionally cause the differences in concentrations of analytes. However, contradictory evidence suggests that p- and t-tau concentrations are 20–30% lover in intraventricular CSF, compared to lumbar CSF, and that this initial upregulation post-surgery is stable in patients irrespective of brain Aβ pathology (Leinonen et al., 2019).



CSF Collection in Animal Models

The most commonly used method for sampling CSF in rodents is collections from the cisterna magna, however, this sampling method usually constitutes a terminal procedure. Collections from the cisterna magna in preclinical models for in vivo sampling of CSF have proven a valuable technique for studying treatment outcomes after drug delivery to the CNS. This CSF sampling method offers the advantage of serial sampling without the cofound of anesthesia, with the added benefit of using animals as their intrinsic controls (Amen et al., 2017). Another technique involves inverting animals during CSF collection in order to drain spinal CSF into the cisterna magna (DeMattos et al., 2002). An alternative technique involves collecting CSF by puncturing the membrane by suction using a pipette (DeMattos et al., 2002; Barten et al., 2011). One major limitation of collections from the cisterna magna in preclinical models is the small volume of CSF that can be obtained. In transgenic mice, the average volume is approximately 5–15 μl for terminal sampling (Liu and Duff, 2008). For serial sampling, a maximum of 7–8 μl can be safely taken each time at an interval of 2–3 months (Liu and Duff, 2008).

Microdialysis is an alternative CSF sampling technique, which allows continuous in vivo sampling of molecules within the extracellular space (Takeda et al., 2011), which may help circumvent some of the above limitations. Sampling using this method relies on diffusion of analytes across a semi-permeable dialysis membrane (Takeda et al., 2011). This method is advantageous over other CSF sampling techniques as it enables serial sampling that follows the dynamic temporal alterations of a target molecule without necessitating the collection of biopsy samples or sacrifice (Meyding-Lamadé et al., 1996; Trickler and Miller, 2003; Liu et al., 2004; Liu and Duff, 2008). Importantly, each preclinical model can serve as their own intrinsic control in order to reduce inter-animal variability and the number of animals used in experiments. One limitation of this method, however, is detection of large molecules due to adsorption in tubing and the dialysis membrane, as well as low concentration of analytes in the target tissue (Ao and Stenken, 2006). Furthermore, histochemical techniques have revealed that severe gliosis around implanted devices such as microdialysis cannulas takes place at about 4 days after the surgery (Hamberger et al., 1985; Benveniste and Diemer, 1987; Benveniste et al., 1987). Reports suggest that a complete recovery of physiological functions occurs at the earliest at 5–7 days after the implantation surgery (Drijfhout et al., 1995).



CSF AD BIOMARKERS AND TREATMENT

Studies suggest that the neuropathological events that occur in AD may disturb physiological functions of the BBB and thereby distribution of drugs to the brain (Pahnke et al., 2014; Vellonen et al., 2017). Drug molecules in the peripheral circulation are controlled and limited from entry into the brain by the BBB, while dysfunction of the BBB has been associated with neurodegeneration (Vellonen et al., 2017). Furthermore, AD drugs may not be transported to their site of action due to a dysfunctional BBB. This may lead to an increase of the drug in the brain leading to unwanted effects, or decreased drug circulation leading to an insufficient response (Vellonen et al., 2017). Many agents are better dosed directly into the CSF than peripherally because of limited permeability of the drug through the BBB (Barten et al., 2017). The presence of Aβ plaques, brain atrophy and dilated ventricles in the AD brain may affect the distribution of drugs in brain tissue (Vellonen et al., 2017). CSF levels of autophagic markers, Aβ and tau may help select an appropriate AD treatment for the timepoint of diagnosis. The CSF pharmacokinetics of a treatment after administration may show how well the drug entered the CNS. Therefore, levels of CSF autophagic markers or Aβ could be a pharmacodynamic marker of inhibited Aβ production (Dockens et al., 2012; Albright et al., 2013; Coric et al., 2015), and, in a longer term, CSF tau decreases could be a downstream functional marker of reduced neurodegeneration (Riekse et al., 2006).


Assessing Autophagy in CSF Samples

Inductors of autophagy could be used in order to halt or stop the development and progression of Aβ pathology in model systems and patients with AD. Trehalose, an inductor of autophagy, was found to significantly improve memory and learning tasks in APP/PS1 mice (Rami, 2009). Importantly, Aβ deposits were found to be significantly reduced in the hippocampus of these mice (Rami, 2009). Furthermore, the induction of autophagy by rapamycin in another model system was found to improve cognitive performance through the degradation of extracellular Aβ depositions (Rami, 2009), and has been found by others to inhibit tau pathology (Caccamo et al., 2010). In AD, changes in early endocytosis and autophagy can be detected in CSF (Armstrong et al., 2014). Moreover, some work within the AD field has focused on lysosomal proteins, as they can be found in and around amyloid plaques and is present in CSF (Cataldo and Nixon, 1990; Schwagerl et al., 1995). It is now widely believed that the deposition of Aβ is an early initiator of neurodegeneration in AD, thus finding methods that can reduce Aβ or enhance its clearance could be a strong therapeutic target. In this sense, autophagy appears to be the first line of defense against accumulation of Aβ.



Assessing Aβ Pathology in CSF Samples

Cerebrospinal fluid Aβ40 and Aβ42 may be useful (in addition to other biomarkers) in assessing efficacy of drugs such as BACE1 inhibitors, which selectively decrease toxic forms of Aβ (Kennedy et al., 2016). For instance, when CSF levels of Aβ42 are still rising during early stages of amyloid pathology, decreased levels of CSF Aβ42 measured after treatment would show a successful outcome, but at a later stage in amyloid pathology the same finding may indicate accelerated plaque formation (Liu et al., 2004). Anti-amyloid agents are most likely more effective during early AD since deposition of the protein begins many years before diagnosis (Musiek and Holtzman, 2015). Promoting the elimination of Aβ by enzymatic degradation or by clearance enhancement may halt both the aggregation and the accumulation of the peptide (Menendez-Gonzalez et al., 2018). The choroid plexus is known to produce Aβ (Krzyzanowska and Carro, 2012), thus the effect of Aβ synthesis inhibitors on CSF Aβ is bound to reflect changes both sourced in the brain and in the choroid plexus. In addition, evidence suggests that the choroid plexus can remove substances, such as Aβ, from the CSF (Matsumoto et al., 2015).


BACE1 Inhibitors

A potent BACE1 inhibitor known as Verubecestat has been shown to reduce plasma, CSF and brain levels of Aβ40, Aβ42, and soluble APPβ (a direct product of BACE1 enzymatic activity) after short- and long-term administration in rats and monkeys (Kennedy et al., 2016). Recently, a study in healthy elderly AD subjects who received treatment with a BACE1 inhibitor showed no alterations in CSF BACE1 levels following treatment, but revealed a strong link between levels of CSF BACE1 and downstream markers such as CSF Aβ42 (Timmers et al., 2017). Genetic deletion of BACE1 eliminated Aβ production and resolved the amyloid plaques and cognitive deficits observed in transgenic mice over-expressing human APP with familial AD mutations (Dominguez et al., 2005; McConlogue et al., 2007; Ohno et al., 2007). Researchers have demonstrated that long-term BACE1 inhibition diminishes CSF tau levels both in early depositing APP transgenic mice and APP transgenic mice with moderate Aβ pathology (Schelle et al., 2017). Overall, BACE1 inhibition appears to not only reduce Aβ generation, but also downstream AD neuropathology (Schelle et al., 2017).



γ-Secretase Inhibitors

γ-secretase inhibitors have also proven promising as a therapeutic approach; APP/PS1 mice treated with this compound displayed that a modest decrease (∼30%) of Aβ in ISF was enough to halt amyloid plaque development (Yan et al., 2009). Also, NGP 555 (a γ-secretase inhibitor) has been shown to shift amyloid peptide production to the smaller, non-aggregating forms of amyloid (Olsson et al., 2014; Kounnas et al., 2017). Inhibition of γ-secretase has initially been unsuccessful as a therapeutic target (Cummings, 2010), but more recent compounds have been shown to avoid notch-related toxicity and side effects (Basi et al., 2010; Imbimbo et al., 2010). One failure of slowing Aβ production in patients may be that non-homogenous groups of patients have been included in the trials, and that the treatment has been administered too late in the disease course or has been too short (Bjerke and Engelborghs, 2018). In line with this, some clinical trials have reported changes in CSF Aβ42, but no improvement in clinical endpoints (Ritter and Cummings, 2015).



COMPARATIVE BIOMARKING

Studies aiming to translate findings between AD system models and patients found that tau derived from AD brains injected into susceptible mouse models induced prion-like tau aggregation (Skachokova et al., 2019). CSF from AD or MCI patients injected into the hippocampus of young P301S tau transgenic mice increased tau phosphorylation and NFT formation 4 months following injection. Post-seeding, the injections accentuated tau pathology in the contralateral hippocampus of the mice, indicative of spreading (Skachokova et al., 2019). Other researchers found that peritoneal dialysis reduced plasma Aβ levels in both chronic kidney disease patients and APP/PS1 mice. ISF Aβ levels in APP/PS1 mice immediately decreased after reducing blood Aβ by peritoneal dialysis. The treatment also attenuated other AD-type pathologies, including inflammation, tau hyperphosphorylation, neurodegeneration, synaptic dysfunction, and rescued the behavioral deficits of the mice. Importantly, the Aβ phagocytic function of microglia was enhanced in APP/PS1 mice after peritoneal dialysis (Jin et al., 2017). Current strategies for clearing Aβ focus on introducing agents into the brain (Jin et al., 2017), but this likely causes adverse effects such as neuroinflammation and tissue scarring (Iijima-Ando et al., 2008; Liu et al., 2012), in addition to increased endogenous tau levels.


The ABC Scoring System

Well-characterized mouse models hold great translational value given that identifying patients at preclinical AD stages has proven difficult (Bacioglu et al., 2016). However, there are important differences between species, which should be kept in mind while interpreting results (Barten et al., 2017). The ideal translational model for AD would require Aβ and tau deposition in a pathological manner and disease-relevant accumulation of amyloid plaques and tangles similar to that seen in AD patients (Keene et al., 2016). The ABC scoring system (Table 2) can be used to determine the level of AD neuropathological change in both system models and patients. The ABC score is generated by a summary of measures of amyloid plaque distribution A0 to A3 (Thal stages), NFT distribution B0 to B3 (Braak stages), and cortical neuritic plaque density C0 to C3 [Consortium to Establish a Registry for Alzheimer’s Disease (CERAD) score] (Keene et al., 2016). The ideal translational model system of human AD would display amyloid plaques and NFTs in a spatial and temporal manner correlating with “no” or “low” AD pathology at early ages, progressing to “intermediate” and “high” AD pathology at older ages or in the presence of gene mutations related to neuropathological development (Keene et al., 2016).


TABLE 2. The ABC scoring system developed by NIA-AA.

[image: Table 2]In terms of the specifics of the ABC scoring system (Table 2), scoring of diffuse Aβ plaques is based on assessment in the cerebral cortex, hippocampus, striatum, midbrain, brainstem, and cerebellum (Box 1) according to staging established by Thal et al. (2002) resulting in a Thal phase 0–5, which is translated into the NIA-AA score of A0-A3. Meanwhile, scores for NFTs are determined in the trans-entorhinal cortex, corpora ammonis, fronto-parietal cortex, and primary visual cortex (Box 1) to generate a Braak stage (Braak and Braak, 1991), which is translated into the NIA-AA score of B0-B3. Since most existing mouse models do not generate NFTs, the NIH have developed a modified B score for p-tau pathology, including distribution of pre-tangles and threads. In addition, most existing mouse models do not form neuritic plaques (contains fibrillar Aβ), so a C score for CERAD (Sperling et al., 2011) neuritic plaque density (none, sparse, moderate, or frequent) and a modified C score for diffuse plaque (does not contain fibrillar Aβ) density are generated from frontal and parietal cortex. Considering that behavioral data from mice have replication issues and are challenging to translate to patients, memory testing per se should not constitute a validation criterion or a drug testing endpoint (Keene et al., 2016).



CSF Collection Methods

When translating CSF biomarkers between system models and patients, an advantage with subcutaneous access systems is that drugs can be dosed and also samples can be obtained from unanesthetized animals, as is typical with humans, and without the confound of anesthesia on CSF production or flow. It has been shown that anesthesia can cause disturbances in neurotransmitter density and cell metabolism, and therefore most times, it is desirable to perform experiments on non-anesthetized animals (Kehr, 1999). It is important to note that in most rodent studies, CSF is collected from the cisterna magna above the spinal column, whereas in humans most CSF is collected from the lumbar spinal vertebrae, and therefore drainage from this latter area in preclinical models has a translational advantage (Barten et al., 2017).

Due to the difficulties in collecting CSF samples from preclinical models the quality of the sample may be comprised, and therefore should be tested. The quality of the sample is most often affected by blood and brain-derived protein contamination (Barten et al., 2017). It is critical to minimize blood-contamination when analytes of interest are found in much higher concentration in the blood compared to the CSF, such as the 1:50,000-fold gradient of tau. Another major contamination source of CSF is proteins released in the brain during the collection procedure; this has a higher impact on tau levels compared to Aβ (Barten et al., 2005).

Furthermore, biomarker development for clinical utility is currently being hampered as comparisons of measurements and techniques between laboratories tend to be unreliable. Factors that may induce variability include storage in different tube types, different aliquot volumes, and the number of freeze-thaw cycles performed, which significantly influences CSF biomarker concentrations (Clough, 2005; Bjerke and Engelborghs, 2018). For instance, CSF Aβ42 measures have been found to be greatly influenced by pre-analytical factors such as the type of collection tube used and the number of freeze-thaw cycles of the sample (Perret-Liaudet et al., 2012b; Toombs et al., 2013; Leitão et al., 2015). Various studies have determined the importance of tube types when collecting CSF samples, highlighting that it is crucial to use polypropylene vials (Perret-Liaudet et al., 2012a), and that the tubes are filled to enhance the volume to surface ratio (Perret-Liaudet et al., 2012a). Ultimately there is poor standardization of biobanking protocols and assay consistency, a fact that hampers novel biomarker discoveries and replication of important findings (Teunissen et al., 2018).

One of the reasons why non-human primates are being preferred over canine or rodent species in CSF studies is that they share an upright orientation of the spinal column akin to humans (Spector et al., 2015). Moreover, the difference in brain size (and thereby CSF volume) between mice and humans is over 3000 times, whereas macaque brains are 10- to 20-fold smaller than human brains. Therefore, the distance from the CSF compartments to deeper regions of the brain significantly varies across species and likely influences the exchange analytes (Spector et al., 2015). Nevertheless, most differences across species are otherwise minor, including the volume ratio of CSF to the brain, ranging from 9 to 18% across species (Barten et al., 2017). CSF turnover per day is also similar between humans and macaques, but is approximately 2-fold higher for rats and 3-fold higher for mice (Barten et al., 2017). The higher turnover rate for rodents can be explained by movement of CSF initiated by the ventricles and arterial pressure as a result of a fast heartbeat, which creates an increase in back- and-forth movement of the CSF (Feinberg and Mark, 1987; Sweetman and Linninger, 2011).



The Physiology of CSF

The exchange of CSF analytes (including therapeutics) may be highly different between patients and rodents as the latter have a much faster heart rate. However, this factor has not been studied. Non-human primates are most likely better preclinical in vivo models for biomarker translation because body weight-based allometric scaling is comparable (Karelina et al., 2017). Moreover, ventricular CSF from AD patients has been found to contain a rare high-molecular-weight tau species that was found to exert high seeding activity (Takeda et al., 2016). This needs to be kept in mind when comparing CSF samples gathered from different regions. Moreover, the sleep-wake cycle regulates ISF and CSF levels of Aβ in AD (Holth et al., 2019), and it has been shown that chronic sleep deprivation increases Aβ plaques. Mouse ISF tau was found to increase ∼90% during normal wakefulness versus sleep and ∼100% during sleep deprivation. The relevant study found that sleep deprivation significantly increased CSF Aβ by 30% (Lucey et al., 2018). This means that the time of day is bound to influence Aβ levels in CSF, which suggests that the timing of sampling needs to be chosen with care and kept consistent between clinical sampling and experiments for correct comparisons.



The Efficacy of Drugs

One major drawback of comparative biomarking is the translatability of AD drugs from animal models to human clinical trials. Compared to preclinical models, AD pathology in patients develops over decades rather than over months. Longitudinal studies in AD system models may determine the initiation and progression of biomarkers that allow for evaluation of disease-modifying drugs. For example, research shows that BACE1 inhibitors can decrease both plasma and CSF Aβ40 and Aβ42 concentrations in mice, guinea pigs (Tagawa et al., 1991), and non-human primates (Sankaranarayanan et al., 2009; Gravenfors et al., 2012; Jeppsson et al., 2012; Wu et al., 2012). A separate study found that a γ-secretase inhibitor reduced CSF Aβ production in rhesus monkeys without a subsequent rise in Aβ production (Cook et al., 2010). Candidates for therapeutics could be further addressed by extending these findings to translational transgenic AD models and may ultimately offer insights into mechanisms of the disease. Furthermore, increased plasma levels of interleukin-10 has been shown following Aβ immunotherapy in Tg2576 mice (Town et al., 2002; Kim et al., 2007). In a separate study, researchers found that peripheral structures play important roles in clearing Aβ sourced from the brain, suggesting that removing Aβ from the blood may also be effective as an AD therapy (Jin et al., 2017).

γ-secretase modulators have proven especially useful as therapeutic candidates because they do not alter the total amount of Aβ peptides produced by γ-secretase activity, instead, they spare the products of other γ-secretase processing, such as notch (Toyn et al., 2016). Importantly, these compounds do not accelerate the production of the potentially toxic product BACE1-C-terminal fragment (C99) (Toyn et al., 2016). In all species, research suggests that γ-secretase modulator treatment decrease Aβ42 and Aβ40 levels while increasing Aβ38 and Aβ37 by a corresponding amount. Therefore, the mechanism of action of γ-secretase modulators may translate well across species, validating its therapeutic strategy for utility in AD (Toyn et al., 2016).

Other translational research across species has shown increased levels of plasma interleukin-10 following Aβ immunotherapy in Tg2576 mice (Town et al., 2002; Kim et al., 2007). Thereby, translation of inflammatory mechanisms and their peripheral markers may benefit from investigation of changes in microglial markers. However, when interpreting and comparing immune markers from mice caution is warranted, as recent evidence suggests that these markers do not translate well to human inflammatory diseases (Seok et al., 2013). Moreover, increased levels of isoprostanes have been shown in Tg2576 mice prior to plaque formation (Pratico et al., 2001), suggesting isoprostane levels may be useful as a predictive biomarker. Neurofilament light in bodily fluid constitutes a biomarker of neurodegeneration reflecting its translational value in system models and in clinical settings (Bacioglu et al., 2016).



Comparative AD Neuropathology

The earliest (current) detectable Aβ deposition in humans is the formation of diffuse plaques, whereas in the brain of Tg2576 mice diffuse plaques are not observed until 12 months of age, which is 4 months after biochemically detectable alterations of Aβ (Kawarabayashi et al., 2001). The most common observation in AD patients is minor amounts of Aβ40 deposited in the brain, whereas in 33% of patients great amounts of this Aβ variant are detected. Intriguingly, this latter group of patients also display substantial amyloid angiopathy (amyloid build up on the walls of the arteries in the brain) (Gravina et al., 1995). Similarly, the Tg2576 mouse model displays marked angiopathy and the deposition of a large amount of Aβ40 (Gravina et al., 1995). Generally CSF Aβ40 levels are much higher in patients compared to mice, while brain concentrations are similar (Karelina et al., 2017). In terms of plasma concentrations of Aβ40, this is highly similar between patients and mice, and therefore the greater Aβ40 concentrations observed in human CSF may likely reflect a higher brain production of the peptide (Karelina et al., 2017).

In terms of the similarity between system models and patients, and specifically transgenic mice and human patients, mice and humans share virtually the same set of genes. Almost every gene found in mice or humans has been observed in a closely related form in the other. To look directly at differences along the AD disease cascade, we compare pathological events between the 3xTg AD mouse model and sporadic AD patients (Figure 4). The 3xTg AD mouse model develops amyloid and tau pathology, including amyloid plaques and NFTs (Oddo et al., 2003). At 3 months of age these mice have developed cognitive impairment (Oddo et al., 2003), whereas at approximately 50 years of age an AD patient has developed amyloid plaques and gliosis (Braak and Del Trecidi, 2015). At 6 months of age, the mice develop amyloid plaques and gliosis (Oddo et al., 2003), while patients develop tau tangles at approximately 60 years of age (Braak and Del Trecidi, 2015). At 70 years of age, patients usually suffer from neurodegeneration because of the presence of tau tangles and exhibit cognitive impairment (Braak and Del Trecidi, 2015). First at 12 months of age will the mice develop tau tangles (Oddo et al., 2003).


[image: image]

FIGURE 4. A comparison of pathology and subsequent symptoms along the AD disease cascade between a preclinical model and patients. In the 3xTg AD mouse model (Oddo et al., 2003), cognitive impairment is observed at 3 months of age, whereas amyloid plaques and gliosis are present at 6 months of age. Tau pathology is first present at 12 months of age. In the typical sporadic AD patient, amyloid plaques and associated gliosis may be abundant at 50 years of age, and this pathology is followed by NFTs at approximately 60 years of age. Between 70 and 80 years of age, neurodegeneration occurs, and cognitive impairment becomes prominent in patients. AD, Alzheimer’s disease; NFTs, neurofibrillary tangles. Images were generated using BioRender or taken from a public database.


There are two important differences observed along the AD disease cascade between the species: first, mice exhibit cognitive impairment prior to tau tangles, whereas cognitive impairment is most likely a result from neurodegeneration caused by NFTs in human patients. Second, one does not observe neuronal death in this mouse model, while neuronal death is thought to be the sole causative pathology for symptom development in AD patients. In line with this, by comparing CSF, plasma and in vivo amyloid imaging, cross-sectional data obtained at baseline in individuals from AD families enrolled in the Dominantly Inherited Alzheimer Network (DIAN) show lower concentrations of CSF Aβ42 when amyloid plaques accumulate, and elevated concentrations of CSF t-tau and p-tau in mutation carriers 10–20 years prior to symptom onset and detection of cognitive deficits (Fagan et al., 2014). This highlights the need for longitudinal CSF sampling in animals modeling AD, in order to compare biochemical, imaging and behavioral tests against each other, and eventually to patients. However, given the difficulty of identifying patients at preclinical AD stages, it is important to remember that well-characterized preclinical disease models hold great translational value (Mattsson et al., 2017a).



CONCLUSION AND FUTURE DIRECTIONS

Clearly, there is a pressing need for better quality data from model systems investigating biomarkers that can be directly translated to human biomarkers. The core biomarkers (Aβ42, t-tau, and p-tau) have been found to translate well across species, whereas biomarkers of inflammation translate to a lesser extent between mouse models and patients. Researchers should use autophagic and synaptic degeneration markers when analyzing samples from preclinical models because these markers appear promising in predicting development of AD. Changes in levels of autophagic markers and neurofilament light correlate strongly with the core biomarkers of AD, and other novel biomarkers should be tested in combination in preclinical models to validate findings observed in patients. Currently, non-invasive structural and functional imaging can detect AD onset and longitudinally monitor disease progression in AD patients. By the combination of early predictive CSF biomarkers, imaging modalities can be strengthened in their ability to characterize patients along the disease cascade. Additional non-invasive methods for detecting AD biomarkers need to be established, such as blood sampling, which could be used in combination with CSF sampling. CSF sampling is invasive but reflects changes in protein levels in the brain to a greater extent compared to blood-based markers. Another advantage of CSF sampling compared to blood testing is that Aβ is found in the periphery, so it is difficult to differentiate between brain- and periphery-based Aβ levels. Additionally, there are greater levels of tau in ISF compared to CSF, so this needs to be controlled for when analyzing CSF samples. Neurofilament light is transferable between CSF and plasma in humans, but this needs to be verified in system models.

Furthermore, large inter- and intra-laboratory variations in biomarker sampling may have great consequences in terms of comparisons of results, while within individual laboratories such variations may affect planning and interpretations of longitudinal studies (Blennow et al., 2015). One also needs to consider differences in the CSF sampling methods used, given that protein levels differ between ventricular and lumbar CSF. Studies have shown that changes in the levels of core biomarkers as measured in CSF may be useful for assessing the efficacy of drugs. When translating findings across species, it is important to use the same scoring or grouping system when assessing changes in biomarkers and observed neuropathology. Ultimately, an early diagnosis by utilizing biomarkers detectable at this stage of disease will be the cornerstone for early identification of patients that are regressing away from the prodromal stage of AD (Teunissen et al., 2018). There is a need for continued progress within the AD biomarker field so that markers can be translated across animal models and clinical populations to serve as a translational bridge between model systems and clinical populations (Sabbagh et al., 2013). We still cannot translate all pathological hallmarks seen in AD patients to preclinical models, and we therefore need to be aware of pertinent differences when comparing AD research across species and bringing findings into the clinic.
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Objectives: Recent studies regarding the relationships between plasma amyloid-β (Aβ) levels and cognitive performance had inconsistent results. In this study, we aimed to characterize the relationship between cognitive decline and plasma Aβ levels in a large-sample cognitively normal population.

Methods: This population-based, prospective cohort study included 1,240 participants with normal cognition. The Mini-Mental State Examination (MMSE) was used to assess cognitive function at baseline and 2 years later. Restricted cubic splines, multivariate logistic regression, and multivariate linear regression models were used to evaluate the type of relationship between cognitive decline during the 2-year follow-up period and plasma Aβ levels (Aβ40, Aβ42, and Aβ42/40).

Results: Participants with moderate Aβ40 levels had the highest risk of cognitive decline during a 2-year follow-up relative to individuals with low Aβ40 [odds ratio (OR): 0.60, 95% confidence interval (CI): 0.45–0.81, p < 0.001] or high Aβ40 (OR: 0.65, 95% CI: 0.49–0.87, p = 0.004) levels. The association between Aβ40 and cognitive decline did not depend on sex, education level, or APOE ε4 status. There was an interaction found between age (≤ 65 and > 65 years) and Aβ40 (p for interaction = 0.021). In individuals older than 65 years, there was a positive linear relationship between plasma Aβ40 and cognitive decline (OR: 1.02, 95% CI: 1.00–1.04, p = 0.027). For participants ≤ 65 years old, the lower Aβ40 and higher Aβ40 groups had a lower risk of cognitive decline than the medium Aβ40 group (OR: 0.69, 95% CI: 0.50–0.94, p = 0.02; OR: 0.63, 95% CI: 0.45–0.86, p = 0.004). None of relationship between plasma Aβ42, Aβ42/40 and cognitive decline was found during a 2-year follow-up.

Conclusion: The relationship between plasma Aβ40 and cognitive decline was not linear, but an inverted-U shape in a cognitively normal population. The underlying mechanism requires further investigation.

Keywords: Alzheimer’s disease, plasma amyloid-β, cognitive decline, cognitively normal population, age


INTRODUCTION

Amyloid-β (Aβ) pathology has been confirmed as a pathological change in the early phase of Alzheimer ‘s disease (AD) (Sperling et al., 2011; Yaffe, 2011; Dubois et al., 2016; Jack et al., 2018; Nakamura et al., 2018; Jansen et al., 2018). Abnormal Aβ deposition in the brain increases the risk of cognitive decline and the development of dementia (Villemagne et al., 2011; van Harten et al., 2013; Jaunmuktane et al., 2015; Toledo et al., 2015; Donohue et al., 2017; Roberts et al., 2018; Greenberg et al., 2020). Accelerating our understanding of the relationship between amyloid pathology and cognitive functioning can contribute to the efficient screening of preclinical AD at an early stage, and considerably delay the progression of the disease (Jansen et al., 2018).

Amyloid pathology, visualized on positron emission tomography (PET) scans or measured in cerebrospinal fluid (CSF), has been extensively studied and has proven clinical applications for AD (Sperling et al., 2013; Vos et al., 2013; Toledo et al., 2015; Dubois et al., 2016; Olsson et al., 2016; Donohue et al., 2017). However, because these techniques are invasive or expensive, more economical and easily-acquired plasma Aβ measurements are needed. Recent studies have revealed that plasma Aβ are related to brain Aβ burden and incident dementia (Graff-Radford et al., 2007; Yaffe, 2011; Gabelle et al., 2013; Hanon et al., 2018; Hilal et al., 2018; Nakamura et al., 2018; Verberk et al., 2018; Chen et al., 2019; de Wolf et al., 2020), however, the relationships between plasma Aβ levels and cognitive performance were inconsistent. Previous studies reported that lower plasma Aβ42/40 or Aβ42 increased the risk of cognitive decline and the progression of dementia (Yaffe, 2011; Gabelle et al., 2013; Hilal et al., 2018; Verberk et al., 2018; de Wolf et al., 2020). Other studies have suggested that a positive relationship between plasma Aβ42, Aβ42/40 and cognitive impairment (Hanon et al., 2018; Wang et al., 2018; Chen et al., 2019).

In order to rapidly identify patients with cognitive decline earlier, and therefore delay the occurrence of AD, the present study aimed to determine the change in cognitive status, its relationship with plasma Aβ, and the type of association, during a 2-year follow-up in a cognitively normal population. This study also investigated whether this association was altered by sex, age, education level, or Apolipoprotein E (APOE) genotype, and estimated the relationship between plasma Aβ and cognitive disorder and cardio-cerebrovascular diseases during a 2-year follow-up.



MATERIALS AND METHODS


Study Population

Participants were enrolled from a village in the suburbs of Xi’an city, located in northwestern China, between October, 2014 and November, 2015. This study was a community population cohort study in which each interviewee received a face-to-face questionnaire. Participants were asked about detailed history by neurologists, and received a nervous system examination, a systemic physical examination, blood biochemical examination aimed at determining whether there were any related neurological diseases. All patients with cerebral disease had received the CT or MRI scans. For patients who had a diagnosis of mild cognitive impairment (MCI) or dementia due to AD, we provided free MRI scan to confirm the diagnosis of AD in a local designated hospital. Inclusion criteria was that participants were (1) older than 40 years and (2) a current resident of the village and had lived there for more than 3 years. Exclusion criteria was that (1) the Mini-Mental State Examination (MMSE) was not completed; (2) there was evidence of MCI or dementia, or (3) other neurological conditions that may influence cognitive function (such as epilepsia, central nervous system infections, essential tremor, Parkinsonism, anxiety, depression, thyroid hypofunction, intracranial trauma, or surgery); (4) plasma Aβ was not measured; and (5) other baseline information was missing. This study was approved by the First Affiliated Hospital of Xi’an Jiaotong University. Written informed consent was obtained from all participants.



Cognitive Evaluation

The MMSE was conducted as global cognitive screening at enrollment. The MMSE, other neurological, physical and imaging examinations were assessed at baseline and repeated 2 years later. Cutoff values were ≤ 17 for subjects with illiteracy, ≤20 for primary school educated subjects, and ≤ 24 for those educated at the junior high school level or above (Bohm et al., 2015). After initial screening, study participants with MMSE score ≤ these cutoff values underwent the 2nd phase cognitive examinations, including the Fuld Object Memory Evaluation test, Rapid Verbal Retrieval test, Trail-Making test, Digit Span test, and Block Design test. Finally, combining all the available imaging and clinical information, the diagnosis and subtype of dementia and MCI were determined according to international diagnostic criteria for dementia (American Psychiatric Association [APA], 2000) and Petersen MCI criteria (Petersen, 2011) by a panel of senior clinicians. The diagnosis of AD was based on NINCDS-ADRDA criteria (McKhann et al., 2011).



Laboratory Measurement

All plasma samples were acquired between 7 and 11 a.m. Plasma Aβ40 and Aβ42 tests were measured using enzyme-linked immunosorbent assay kits (ELISA, Yuanye Co. Shanghai, China) (Wei et al., 2017; Jiang et al., 2018). Concentrations of Aβ40 and Aβ42 were conducted in duplicate and determined from standard curves using a Rayto RT-6000 analyzer (Rayto Co., Shenzhen, China) at OD 450 nm. Apolipoprotein E (APOE) was genotyped by polymerase chain reaction (PCR), followed by sequencing, as previously described (Wenham et al., 1991).



Outcome Definition

The primary outcome was cognitive decline, which was defined as the difference of MMSE between the first visit and the second visit > 0. Cognitive disorder was defined as MMSE score ≤ 17 for illiterate, ≤ 20 for primary school educated, and ≤ 24 for junior high school educated or above (Katzman et al., 1988). New cardiovascular and cerebrovascular diseases were defined as incident cardiovascular and cerebrovascular diseases during the 2-year follow-up.



Other Covariates

Lack of physical exercise was defined as exercising fewer than three times a week, fewer than 30 min a time. Smoking was defined as a current smoker. Diabetes mellitus was defined as a self-reported medical diagnosis, diabetic medication use, a fasting glucose of ≥ 7.0 mmol/l, a random plasma glucose concentration ≥ 11.1 mmol/l, or glycated hemoglobin ≥ 6.5%. Hypertension was defined as a self-reported medical diagnosis, antihypertensive medication use, a systolic blood pressure of ≥ 140 mmHg, or a diastolic blood pressure of ≥ 90 mmHg.



Statistical Analysis

Continuous variables are presented as mean ± SD, and categorical variables are presented as proportions. We determined the association between baseline information and cognitive decline using Pearson’s χ2 or Fisher’s exact test for categorical variables, and Student’s t-test or Mann–Whitney U-test for continuous variables. Differences of basic characteristics between different Aβ groups were compared using Pearson’s χ2 or Fisher’s exact test for categorical variables, and ANOVA test or Kruskal-Wallis H test for continuous variables.

Restricted cubic splines with a logistic regression model were applied to test the relationship between cognitive decline and Aβ levels, and to evaluate the type of correlation of cognitive decline with Aβ levels. Four knots defined at the 5th, 35th, 65th, and 95th percentiles of Aβ levels were prespecified (Harrell, 2001). The reference point was the mean value of Aβ levels. Aβ categories were based on the type of relationship between cognitive decline, and Aβ levels suggested in restricted cubic splines. A series of pre-planned categories of Aβ levels were tested, defined by tertiles and interquartiles. The differences in MMSE scores between baseline and 2 years later were compared with the paired t-test.

To assess the association between Aβ levels (categorical and continuous) and various outcomes, unadjusted, age- and sex-adjusted, and multivariable-adjusted logistic regression models were used. A multivariable linear regression model was used to evaluate the relationship between Aβ and 2-year MMSE score change. In multivariable models, adjustments were made for age, sex, diabetes, hypertension, smoking, lack of physical activity, APOE ε4 status, and education. In subgroup analyses, we examined the relationship between Aβ40 and cognitive decline by sex, age (≤ 65 and > 65 years), education (≥ high school and < high school), and APOE ε4 status in multivariable-adjusted logistic regression models. SPSS ver. 24.0 and R ver. 3.5.3 were used for statistical analysis. A p < 0.05 was considered significant.



RESULTS


Characteristics of the Study Population at Baseline

The study population screening process is shown in Figure 1. There were 2,173 individuals examined from October, 2014 to November, 2015. A total of 138 participants did not complete the MMSE, 58 had MCI or dementia, 112 had neurologically-related diseases, 470 did not undergo plasma Aβ tests, 131 had missing baseline information, and 24 did not complete the follow-up MMSE. Finally, 1,240 participants were included in our study.


[image: image]

FIGURE 1. Study population screening process.


Baseline characteristics of the study population are listed in Table 1. Among 1240 participants, 456 experienced cognitive decline. The mean age of the study participants was 55.2 ± 9.7 years and 469 (37.8%) were men. In the group without cognitive decline, the percentage of higher education level was higher (63.3%) than that in the group with cognitive decline (55.3%, p = 0.005). MMSE score was higher (27 ± 3.2) in the group with cognitive decline than that in the population without cognitive decline(25.5 ± 3.7, p < 0.001. There were no other significant differences between two groups.


TABLE 1. Baseline characteristics according to cognitive decline.

[image: Table 1]


Association Between Continuous Aβ40, Aβ42, Aβ42/40 Levels and Cognitive Decline

The associations between continuous Aβ40, Aβ42, Aβ42/40 levels and cognitive decline were listed in Table 2. After multivariable adjustment, none of three biomarkers reached statistical significance (all p > 0.05).


TABLE 2. Association of plasma levels of amyloid-β 40, amyloid-β 42, and the amyloid-β 42/amyloid-β 40 ratio with cognitive decline.

[image: Table 2]The associations between Aβ levels and cognitive decline using restricted cubic splines are shown in Figure 2. Aβ40 showed a non-linear relationship (p overall = 0.040, p non-linear = 0.017) with cognitive decline. Aβ42 and Aβ42/40 didn’t show any relationship with cognitive decline (p overall > 0.05; p non-linear > 0.05).
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FIGURE 2. Plot of dose-response relationship between plasma Aβ levels and cognitive decline during two-year follow-up.




Non-linear Relationship Between Plasma Aβ40 Level and Cognitive Decline

Because of the non-linear relationship between plasma Aβ40 and cognitive decline, and the inverted U shape found in the restricted cubic spline, we transformed continuous Aβ40 into two kinds of categorical variables: three tertiles defined by the 33rd percentiles and 66th percentiles, and 3-class classified variables defined by the 25th and 75th percentiles. In multivariate logistic regression analyses evaluating the relationship between cognitive decline and categorical Aβ40, 3-classified Aβ40 had a better goodness of fit (χ2 = 32.20, p < 0.001) than Aβ40 defined by the 33rd and 66th percentiles (χ2 = 15.44, p = 0.117). Therefore, 3-classified Aβ40, defined by the 25th and 75th percentiles, was used in the present study.

Two-year changes in MMSE score in the three Aβ40 groups are shown in Figure 3. Paired comparisons of MMSE scores between baseline and 2 years later in the medium and high Aβ40 groups were significant (p < 0.001, Figure 3A). When plasma was 45 pg/mL ≤ Aβ40 < 58.4 pg/mL, the change in MMSE scores between the 2 visits was more evident than in the other 2 groups (Figure 3B). The changes in MMSE scores in the low, medium, and high Aβ40 groups were 0.09 ± 1.53, 0.65 ± 1.89, and 0.39 ± 1.78 pg/mL respectively. Baseline characteristics of the study population, stratified by low (< 45 pg/mL), medium (45 pg/mL ≤ Aβ40 < 58.4 pg/mL), and high Aβ40 (≥58.4 pg/mL) are listed in Supplementary Table S1.
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FIGURE 3. The changes of cognitive function during 2 year follow-up.


The relationship between plasma Aβ40 and various outcomes during follow-up using multivariable logistic regression models are listed in Table 3. In unadjusted analyses, compared with participants with Aβ40 between 45 and 58.4 pg/mL, participants in the low Aβ40 group and high Aβ40 group had lower risks of cognitive decline (OR: 0.61, 95% CI: 0.46–0.82, p < 0.001; OR: 0.67, 95% CI: 0.50–0.89, p = 0.006). After adjustments for age and sex, the results were the same as before. In the fully adjusted model, participants in the low Aβ40 (< 45 pg/mL) and high Aβ40 groups (≥58.4 pg/mL) still had a lower risk of cognitive decline, compared with the medium Aβ40 group (OR: 0.60, 95% CI: 0.45–0.81, p < 0.001; OR: 0.65, 95% CI: 0.49–0.87, p = 0.004). In addition, participants in the low Aβ40 group had a lower risk of a new cognitive disorder (OR: 0.29, 95% CI: 0.12–0.70, p = 0.006) than participants in the medium Aβ40 group, while participants with high Aβ40 levels did not show this association. There were no significant associations found in other outcomes. The relationships of categorical Aβ40 defined by the 33th percentiles and 66th percentiles, and cognitive decline are listed in Supplementary Table S2.


TABLE 3. Results of multivariable logistic regression models examining the relationship between plasma Aβ40 and various outcomes during follow-up.

[image: Table 3]The relationship between plasma Aβ40 and 2-year change in MMSE score using a multivariate linear regression model is shown in Figure 4. An inverted U-shaped association between Aβ40 and MMSE score change was still apparent. Compared with participants with medium Aβ40, those with low Aβ40 and high Aβ40 had a lower risk of MMSE score change (β: −0.57, 95% CI: −0.81 to −0.33, p < 0.001; β: −0.29, 95% CI: −0.53 to −0.05, p = 0.020).
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FIGURE 4. Results of multivariable linear regression analysis evaluating the relation between plasma Aβ40 and cognitive decline during two-year follow-up.




Subgroup Analyses of the Relationship Between Plasma Aβ40 and Cognitive Decline

Subgroup analyses of the relationship between plasma Aβ40 and cognitive decline are listed in Table 4. The association between Aβ40 and cognitive decline did not depend on sex, education level, or APOE ε4 status. There was an interaction found between age (≤ 65 and > 65 years) and Aβ40 (p for interaction = 0.021). For participants ≤ 65 years old, the lower Aβ40 and higher Aβ40 groups had a lower risk of cognitive decline than the medium Aβ40 group (OR: 0.69, 95% CI: 0.50–0.94, p = 0.02; OR: 0.63, 95% CI: 0.45–0.86, p = 0.004). In participants aged > 65 years, lower Aβ40 levels correlated with cognitive decline (OR: 0.29, 95% CI: 0.14–0.63, p = 0.002) compared with the medium Aβ40 group. Continuous Aβ40 level was associated with the increased risk of cognitive decline (OR: 1.02, 95%CI: 1.00–1.04, p = 0.027).


TABLE 4. Subgroup analyses of relationship between plasma Aβ40 and cognitive decline.
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DISCUSSION

In this large, prospective, population-based cohort study, we found an inverted U-shaped relationship between plasma Aβ40 and cognitive decline during a 2-year follow-up in individuals with normal cognition. People with medium plasma Aβ40 concentrations (45–58.4 pg/mL) had the highest risk of cognitive decline than persons with plasma Aβ40 < 45 pg/mL and ≥ 58.4 pg/mL.

Previous studies have shown evidence of an association between plasma Aβ levels and the progression of AD, although most studies focused on plasma Aβ42 and plasma Aβ42/40 ratio (Schupf et al.; Graff-Radford et al., 2007; Yaffe, 2011; Gabelle et al., 2013; de Rojas et al., 2018; Hanon et al., 2018; Hilal et al., 2018; Verberk et al., 2018; Chen et al., 2019). Hanon et al. (2018) did not find a significant linear association between Aβ40 and MMSE score in their prospective cohort study, which included 1,040 participants. Several prospective cohort studies found that plasma Aβ42 or Aβ42/40 ratio was associated with an increased risk of developing AD, while no associations of this kind were found for plasma Aβ40 (Graff-Radford et al., 2007; Schupf et al., 2008; Yaffe, 2011; Gabelle et al., 2013; de Rojas et al., 2018; Hilal et al., 2018; Verberk et al., 2018). Chen et al. reported a linear relationship between plasma Aβ42 and MMSE score, regardless of plasma Aβ40 (Chen et al., 2019). This is the first study to report a non-linear relationship between plasma Aβ40 and cognitive decline. The reason may be attributed to different study population and different follow-up time. Most of previous studies observed marked cognitive decline (clinical progression to MCI) or the incidence of dementia for a long follow-up time in old and high-risk dementia populations (Yaffe, 2011; Gabelle et al., 2013; Verberk et al., 2018; de Wolf et al., 2020). In our study, we just observed 2-year MMSE change in a cognitively normal population with middle and old age. Two prior studies ever reported that higher plasma Aβ40 level was correlated with a decreased hippocampal volume (Kaffashian et al., 2015; Hanon et al., 2018). There was also evidence to reveal that Aβ levels were linked with brain atrophy only at an initial stage before cognitive impairment. The relationship between plasma Aβ levels and brain structural variation or cognitive outcomes during earlier stage of AD progression or normal cognitive aging may be different with the association at later stages (Hanon et al., 2018). Therefore, the association between plasma Aβ40 and cognitive decline may be earlier detected than the relationship between plasma Aβ42 and cognition progression due to a shorter observation period (2-year follow-up) and younger population in our study. It is why we only find the correlation of cognitive decline with plasma Aβ40, not plasma Aβ42.

The precise mechanisms underlying the relationship between plasma Aβ40 and cognitive decline remain unclear. There may be both of neurodegenerative and cerebrovascular pathologies promoting cognitive impairment in the study participants (Greenberg et al., 2020). Aβ40 was reported to be associated with the development of vascular dementia as well as AD (Hansson et al., 2012). Compared with moderate plasma Aβ40 group, higher plasma Aβ40 level may indicate more Aβ efflux from the brain to the peripheral blood and fewer deposition in brain. Therefore, the cognitive decline in the high plasma Aβ40 group may be slower. Besides, although the concentration of Aβ40 measured in peripheral blood was not high in the moderate Aβ40 group, the deposit of Aβ40 in the wall of vessels may be relatively high, which was involved with the development of vascular dementia. Compared with moderate Aβ40 group, low concentration of plasma Aβ40 may suggest increased degradation of Aβ40 by peripheral tissues, such as liver and kidney and decreased production of Aβ40 from brain and peripheral tissues (Kaffashian et al., 2015). It could reflect favorable condition of blood vessels, liver and kidney, which was significant to maintain normal cognitive function.

The characteristics of Aβ40 is different with Aβ42. Aβ40 is more soluble than Aβ42, which can diffuse along perivascular drainage pathways to deposit in the walls of vessels, while Aβ42 tends to retained in the brain parenchyma and initiate insoluble plaque nucleation (Greenberg et al., 2020). In addition, Aβ40 is produced or degraded by peripheral tissues as well as Aβ40 produced and deleted in the brain (Kaffashian et al., 2015). Plasma Aβ40 may be not a direct surrogate marker for cerebral Aβ40, which can’t reflect Aβ40 and Aβ42 metabolism in the brain (Sonnen et al., 2008). Accordingly, the effect of Aβ40 on the physiologic process of dementia may be more complicated than Aβ42. Because this study is a community-based cohort study, which failed to measure the liver and kidney function comprehensively, nor did it assess the deposition of Aβ in the brain parenchyma and vascular wall. The mechanisms of plasma Aβ40 affecting cognitive performance still needs further studies.

Of note, we found that the inverted U-shaped relationship between plasma Aβ40 and cognitive decline was more marked for young people (40–65 years old), while there seems to be a positive linear relationship between plasma Aβ40 and cognitive decline in individuals older than 65 years. This result agrees with other studies that suggested that amyloid-cognition association varied by age (Rowe et al., 2010; Rentz et al., 2011; Sperling et al., 2013; Petersen et al., 2016; Jansen et al., 2018). Jansen et al. (2018) found that the relationship between higher amyloid deposition in the brain and low memory scores was more evident in individuals older than 70 years old. Coincidentally, another recent study found no association between continuous PET-Aβ levels and memory scores in younger people (50–69 years old) (Mielke et al., 2016). In older population (> 65 years old), our results supported the previous studies (Hansson et al., 2012; Kaffashian et al., 2015; Hanon et al., 2018). For younger individuals (40–65 years old), our studies suggested that conventional evaluation methods (continuous or dichotomized Aβ40) were not suitable for assessing the relationship between plasma Aβ40 and cognitive decline.

There are still limitations that need to be considered. First, only the total MMSE score was evaluated for every participant in this study; sub-items of MMSE and other cognitive scores should be included to confirm cognitive decline. Second, ELISA is not the most sensitive technique for assessing plasma Aβ levels. Recent studies have employed single-molecule array or hybrid mass spectrometry techniques which may be more accurate approaches than ELISA (Nakamura et al., 2018; Vergallo et al., 2019). Nevertheless, ELISA is suitable for epidemiological studies with large sample size because of simple operation and cheapness. Third, the correlation of plasma Aβ40 with CSF Aβ40 and brain Aβ40, and the mechanism of transportation and clearance of Aβ40, were not studied. It would be useful to explore the dynamic transportation mechanism of Aβ40 between the brain and peripheral blood in future studies, in order to verify the present results.



CONCLUSION

This population-based, prospective cohort study showed that the relationship between plasma Aβ40 and cognitive decline is not linear, but an inverted-U shape, in a cognitively normal population. Medium concentration of plasma Aβ40 is associated with a greater risk of cognitive decline, compared with low and high levels of plasma Aβ40, primarily in younger persons (≤65 years old). The underlying mechanism needs to be further elucidated.
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Dropout in Neural Networks Simulates the Paradoxical Effects of Deep Brain Stimulation on Memory
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Neuromodulation techniques such as deep brain stimulation (DBS) are a promising treatment for memory-related disorders including anxiety, addiction, and dementia. However, the outcomes of such treatments appear to be somewhat paradoxical, in that these techniques can both disrupt and enhance memory even when applied to the same brain target. In this article, we hypothesize that disruption and enhancement of memory through neuromodulation can be explained by the dropout of engram nodes. We used a convolutional neural network (CNN) to classify handwritten digits and letters and applied dropout at different stages to simulate DBS effects on engrams. We showed that dropout applied during training improved the accuracy of prediction, whereas dropout applied during testing dramatically decreased the accuracy of prediction, which mimics enhancement and disruption of memory, respectively. We further showed that transfer learning of neural networks with dropout had increased the accuracy and rate of learning. Dropout during training provided a more robust “skeleton” network and, together with transfer learning, mimicked the effects of chronic DBS on memory. Overall, we showed that the dropout of engram nodes is a possible mechanism by which neuromodulation techniques such as DBS can both disrupt and enhance memory, providing a unique perspective on this paradox.
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INTRODUCTION

Memory systems are crucial for survival and, to a large extent, define who we are. However, memory systems can fall into disease when expressed pervasively (e.g., anxiety or addiction) or degenerate (e.g., dementia)—both of which are major health challenges worldwide (World Health Organization, 2012, 2017). Neuromodulation techniques such as deep brain stimulation (DBS) have shown promising results as treatments for memory-related disorders (Tan et al., 2019b, 2020b), yet the mechanisms behind these effects are still largely unknown. Furthermore, the effects of treatments such as DBS appear to be paradoxical, in that they can both disrupt (Hamani et al., 2010; Tan et al., 2019a) and enhance memories (Hamani et al., 2011; Tan et al., 2020c) even when applied to the same brain target (detailed review in Tan et al., 2020b). We have previously suggested that DBS is able to disrupt memory by “removing” nodes in an engram (Tan et al., 2019b). Engrams are a theoretical means by which memory is physically stored in the brain and can be thought of as a subset of neurons in a given memory brain region (e.g., hippocampus) that are recruited in the initial memory encoding phase (Ramirez et al., 2013). In this manuscript, we take the view that engrams are plastic synapses (associative/connectionist model), and hence, engram nodes are synapses between engram neurons (Langille and Gallistel, 2020). Despite increased knowledge of engrams and new techniques to study them, the theory that DBS disrupts memory by “removing” engram nodes (synapses associated with the engram) remains untested partly due to the lack of technology to monitor large engram networks in real time. Besides, this theory does not explain (at least directly) how memory enhancement is achieved.

The development of machine learning techniques offers a unique computational approach to simulate hypothetical models of learning and memory, and the effects of manipulation on memory, which we have previously used to highlight potential mechanisms of memory disruption by DBS (Tan et al., 2019b). To model the learning process, we trained a convolutional neural network (CNN) to classify handwritten digits and letters.

CNNs are a type of artificial neural network that is commonly applied to image recognition tasks. The concept of CNNs was developed from early observations of the visual cortex by Hubel and Wiesel (1959, 1962), in which groups of neurons fired distinctively in response to different light patterns (e.g., straight lines, circles). In a typical CNN, features are extracted by the network using a convolutional layer followed by classification. For image tasks, this convolutional layer is comprised of a series of convolution filters that are associated with particular patterns of pixels, which mimic receptive fields in the retina. These trainable filters are also referred to as weights of the network, similar to synapse/synaptic strength in biological systems. In image classification, the CNN decomposes the input image into patterns of pixels known as features. First, an input image is partitioned into non-overlapping regions with each region mapped to a specific neuron. Second, the neurons are convolved by multiple filters to generate a feature map in the convolution layer. The resultant feature maps can be further decomposed by inputting these maps into successive convolution layers. After a specified number of decompositions, the resultant features are used to classify the input image using the fully connected layer.

In this article, we hypothesize that the paradoxical ability of DBS to both disrupt and enhance memory can be explained through dropout (a process of randomly shutting down or dropping neurons) in engram nodes by using CNN to simulate learning and memory.

Due to limited systematic studies looking at DBS and memory, we based our modeling on the results from our previous studies that showed high-frequency stimulation of the ventromedial prefrontal cortex (vmPFC) could both enhance (Tan et al., 2020c) and disrupt (Tan et al., 2019a) memory. Based on these findings, we focused on the hippocampal engram and implicit associative memories in the proposed simulation.



MATERIALS AND METHODS


Dataset

To model the learning process, we trained a CNN to classify handwritten digits and letters from the EMNIST dataset. The EMNIST dataset is a public database of over 800,000 handwritten digits and letters across 62 different classes (Cohen et al., 2017). In our study, we used the EMNIST balanced dataset, which is derived by merging similar classes of letters. This dataset contains 131,600-28 × 28 pixel images of 47 balanced classes (10 digits and 37 uppercase and lowercase letters).



Network Architecture

The CNN consists of an input layer of size 28 × 28 × 1 followed by two convolution layers of 32 and 64 filters, leading to a feature map of size 5 × 5 × 64. No padding was used for the convolutions, and a filter of size 3 × 3 was used in both layers. At the end of each convolution layer, we applied max pooling with a 2 × 2 window. Max pooling is a standard process for reducing the dimensions of feature maps by sampling the maximum value for a given window size, which forces the network to enhance and focus on important features (Yamaguchi et al., 1990). Global max pooling was applied to the feature map to extract 64 × 1 latent features. For feature classification, the features were passed through to a fully connected layer of 100 neurons. A rectified linear unit (ReLU) was applied as an activation function in all the layers, which is a ramp function where all negative value neurons are zeroed to ensure unidirectionality. The parameters in all the networks were optimized using binary cross-entropy or loss function. All networks were trained for 500 epochs in batches of 10 images. An epoch is defined as one complete run-through of all the training data. For the analysis, the average loss of training data and average classification accuracy of the testing data were evaluated at the end of each epoch.



Experiments

We conducted three sets of experiments in this study. In Experiment 1, we trained a network to classify 10 different digits (0–9) from the EMNIST balanced dataset. We applied dropout (a process of randomly shutting down or dropping neurons) either during the training stages or just prior to testing at each epoch. We used a dropout rate of 50%, such that half the neurons were dropped at each step (Figures 1A,B). Dropout was only done on fully connected latter layers of the network. As the aim of the study was not to train a network to classify the digits accurately but to analyze the learning process, the network was trained on 1,000 randomly sampled digits as the training dataset, and the network was evaluated on another 1,000 randomly sampled digits as the testing dataset. All networks were trained with the same training dataset and tested with the same testing dataset.
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FIGURE 1. Methodology. A convolutional neural network (CNN) was trained to classify handwritten digits in the EMNIST dataset (A). Dropout was applied to 50% of nodes in the fully connected layer (B). Transfer learning was performed to retrain the network to recognize uppercase letters (C).



In Experiment 2, we similarly trained a network identical to that of Experiment 1 but applied variable dropout rates (20%, 40%, 60%, and 80%) during the training stages.

In Experiment 3, we transferred the network to learn 26 uppercase letters (A to Z) in a process known as transfer learning, in which the networks and weights of the control (non-dropout) group and dropout group were applied to the new task (Figure 1C). We retrained the network to recognize uppercase letters by stripping the last output layer and replacing it with the 26 classes corresponding to each letter class. We evaluated the performance of the transfer learning using the trained network with and without dropout compared to the performance of a network directly trained on letters without transfer learning (Figure 1C). Due to the increased complexity of more letter classes, we used 5,000 randomly sampled letters as the training dataset and 1,000 randomly sampled letters as the testing dataset.




RESULTS


Experiment 1

To simulate the effects of DBS on memory, we applied dropout during the training or testing stages. The accuracy of prediction was used as an indication of how “well” the neural network had learned the task, which serves as a proxy for memory. Therefore, a higher accuracy of prediction should indicate higher memory function. In our experiment, dropout applied during training improved the accuracy of prediction, whereas dropout applied during testing dramatically decreased the accuracy of prediction (Figure 2A).
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FIGURE 2. Dropout in neural nodes disrupted or enhanced learning in the neural networks depending on when it was applied. Dropout applied during training improved prediction accuracy, whereas dropout applied during testing dramatically decreased prediction accuracy (A). (B) Prediction accuracy of different rates of dropout during training. (C) The training loss and (D) a zoomed in version of the first 20 epochs in panel (C).





Experiment 2

To simulate the different parameters of DBS and to further understand how different rates of dropout would affect DBS during the training stages, we applied different percentages of dropout. In our experiments, a dropout of 20%, 40%, or 60% resulted in a higher training accuracy, whereas a dropout of 80% resulted in a lower training accuracy (Figure 2B). Interestingly, 20% or 40% dropout resulted in lower training loss (defined as the average errors made across the testing) than the baseline initially, and 60% dropout resulted in higher training loss than the baseline by the second epoch, whereas 80% dropout showed the highest training loss throughout (Figures 2C,D).



Experiment 3

To simulate a novel memory task post chronic DBS, we applied the process of transfer learning on the trained network, in which the networks and weights of the control (non-dropout) group and dropout groups were applied to a new task. Overall, transfer learning of a network showed increased accuracy compared to a network without transfer learning (Figure 3A), indicating higher memory function. In addition, there were decreased testing and training losses (Figures 3B,C; defined as the average errors made across the testing or training, respectively). Decreased loss indicates better performance or better fitting of the training/testing data, which serves as a proxy for increased rate of learning. Transfer learning in neural networks with dropout resulted in better accuracy (Figure 1) and lower training and testing loss (Figures 3B,C) compared to transfer learning in networks with no dropout.
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FIGURE 3. Transfer learning of networks that underwent dropout showed higher prediction accuracy and faster learning. Compared to non-dropout networks, transfer learning of neural networks with dropout had increased accuracy (A) with lower training loss (B) and testing loss (C).






DISCUSSION

We have previously argued that timing plays an important role in the outcome of DBS on memory (Tan et al., 2020b). DBS applied post or during behavior testing tended to disrupt memory, whereas DBS applied prior to behavior testing tended to enhance memory. However, the mechanisms behind these outcomes are still relatively unknown. Indeed, we found that dropout applied during training improved the accuracy of prediction, which was similar to the enhancement of memory seen when DBS was applied prior to behavior testing in our previous animal studies (Liu et al., 2015). On the contrary, we found that dropout applied post training dramatically decreased the accuracy of prediction, which was similar to the disruption of memory seen when DBS was applied during consolidation of memory in our previous animal studies (Tan et al., 2019a; Figure 2A).

We used CNNs (as opposed to standard fully connected networks) in this study as they are commonly applied in image recognition tasks. Although CNNs are modeled on the visual cortex, dropout was only applied on fully connected latter layers in the network to represent dropouts applied in the hippocampus rather than in the visual cortex. This mimicked our previous experiments on the effects of prefrontal cortex stimulation on the hippocampus (Tan et al., 2019a, 2020c).

In order to simulate different DBS parameters in a generalized manner, we applied different percentage dropouts during the training stage. We showed that lower dropout rates (20%) effectively increased both accuracy and training loss, whereas a higher dropout rate (80%) drastically decreased the ability of the neural network to learn the task effectively. First, this indicates that DBS is more likely to result in lower dropout rates. Second, it simulates variations in DBS parameters in a generalized way, showing that even at low dropout rates (20%), the effects are still robust, and is only ineffective at high dropout rates.

One difference between Experiment 1 and our previous animal experiments was that chronic DBS was not applied during the training stage, but rather in the home-cage prior to behavior experiments. To more accurately represent the enhancement of memory through chronic DBS prior to a memory task (Liu et al., 2015), we applied transfer learning in previously trained networks with or without dropout. We showed that transfer learning did indeed increase the accuracy of prediction and decrease training and testing loss (representing an increased learning rate), indicating that transfer learning was successful in this model. More importantly, we showed that transfer learning applied to neural networks with dropout increased the accuracy of prediction, indicating higher memory function compared to neural networks without dropout. We further showed that transfer learning applied to neural networks with dropout had lower training and testing loss, indicating not only improved memory function but also increased rate of learning. Overall, we showed that applying dropout during training provides a more robust “skeleton” network, and applying transfer learning in this network increases accuracy and decreases training and testing loss. This model showed similar memory enhancement results to that in our previous study on chronic mPFC DBS (Liu et al., 2015), which suggests a potential mechanism for this process.

An early hypothesis of the mechanism of DBS was that it creates a temporary neural activity lesion (McIntyre et al., 2004). We further showed that prelimbic cortex DBS was associated with the disruption of memory and a drop in the neural activity marker c-fos in the ventral hippocampus (Tan et al., 2019a). Dropout of neural nodes, while congruent with the disruption of memory, has not played a major role in the mechanistic understanding of memory enhancement seen in DBS, although it should be noted that other mechanisms such as neurogenesis and wave syncing have been suggested (Tan et al., 2020b). In this article, we propose that DBS causes dropout in neural nodes that “forces” the activation of new pathways and creates more robust networks, similar to how dropout enhanced the neural networks. Mechanistically in the brain, this could be hypothesized to relate to increased synaptic plasticity or synaptogenesis—activating new pathways could be seen as the formation of new synapses, and the change in weights by the “backward steps” of dropout could be related to synaptic plasticity. Indeed, DBS has been shown to be related to both plasticity and synaptogenesis (Visanji et al., 2015; Pohodich et al., 2018). It is, however, difficult to properly hypothesize how DBS achieves this mechanistically due to the complexities of the changes induced by DBS and the fact we still do not know how it works. To the best of our knowledge, this article is the first to suggest a cohesive mechanism in which disruption of neural activity through DBS can lead to both disruption and enhancement of memory. Although no behavioral experiments were performed in conjunction with our modeling, we based the models on our previous animal behavioral experiments that showed that DBS prior to the behavioral task resulted in memory enhancement (Tan et al., 2020c) and DBS during consolidation of memory resulted in memory disruption (Tan et al., 2019a), which were similarly demonstrated in this present article. However, we acknowledge the simplistic and preliminary nature of our methodology and results. Although more complex models of associative memory and learning have been previously presented (Yusoff and Grüning, 2012; Osawa and Kohno, 2015), the lack of understanding on how neuromodulation actually affects neuronal firing in memory, especially in a remote downstream target like the hippocampus (in the case of vmPFC neuromodulation), makes it difficult to use these models. A simpler model, like that one presented here, is therefore more generalizable and better serves as a hypothetical and conceptual tool for more sophisticated research.

Although DBS has been suggested as a treatment for memory-related disorders including Alzheimer’s disease (AD) and anxiety disorders, its mechanism is still largely unknown. In this article, we suggest hypothetical mechanisms for the effects of DBS on memory. We showed that dropout of engram nodes could disrupt memory processes, which might be useful in translating DBS as a treatment for anxiety disorders like PTSD (Gouveia et al., 2020). We also showed that dropout of engram nodes could improve memory function and suggested that this happens through increased synaptic function. Given that impaired synaptic plasticity and synaptogenesis have been associated with AD (Levi et al., 2003; Shankar et al., 2008) and DBS has shown promise as a treatment for AD (Liu et al., 2015), dropout of engram nodes could be a potential mechanism of DBS neuromodulation.

In conclusion, using a machine learning model based on previous animal experiments, we showed that dropout of nodes could be a potential mechanism in which neuromodulation techniques like DBS can both disrupt and enhance memory. While preliminary in nature, this article serves as a basis for further experimentation on engrams to understand the effects of neuromodulation on memory.
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Parkinson disease (PD) is the second most common neurodegenerative disorder, characterized by loss of nigrostriatal dopaminergic neurons. Impairment of the neurovascular unit (NVU) has been hypothesized to play a critical role in early PD pathophysiology, and to precede neurodegenerative mechanisms. [C-11]-PE2I (N-(3-iodoprop-2E-enyl)-2b-carbomethoxy-3b-(4-methyl-phenyl)nortropane) (PE2I) is a PET radiotracer targeting neuronal dopamine transporters (DaT) with high specificity, allowing for highly accurate and specific DaT quantification. We investigated NVU integrity using arterial spin labeling (ASL) MRI in a prospective cohort of 26 patients with PD, and correlated our findings with analysis of striatal DaT density using PE2I PET in a subcohort of 17 patients. Analysis was performed in FreeSurfer to obtain rCBF and mean standardized regional PET avidity. Pearson correlations and Mann–Whitney tests were performed. Significantly lower mean normalized striatal PE2I SUV values were seen in multiple regions in patients with greater disease duration (p < 0.05). PET uptake in the putamen correlated with disease duration independent of patient age. Stratifying patients based on Montreal Cognitive Assessment (MoCA) scores (stratified into ≥ 27 vs. < 27), there was statistically significantly lower PE2I PET avidity in the higher MoCA score group in both more and less affected sides of the caudate, putamen and pallidum (p < 0.05). A moderate negative correlation between MDS-UPDRS part 3 (motor) “off” and rCBF values was also seen in the L and R cerebellum WM (r = −0.43 and −0.47, p < 0.05). A statistically significant negative correlation was found between dominant hand pegboard test results and rCBF in the less affected pallidum (r = −0.41; p = 0.046). A statistically significant negative correlation of ASL MRI with [11C]-PE2I PET was also found (r = −0.53 to −0.58; p-value 0.017–0.033) between left cerebral WM rCBF and more and less affected striatal PET regions. Our ROI-based analyses suggest that longer disease duration is associated with lower rCBF and lower PE2I mean SUV, implying greater NVU dysfunction and dopaminergic neuronal loss, respectively. Combined ASL MRI and PE2I PET imaging could inform future prospective clinical trials providing an improved mechanistic understanding of the disease, laying the foundation for the development of early disease biomarkers and potential therapeutic targets.
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INTRODUCTION

Parkinson disease (PD) is the second most common neurodegenerative disorder and the most common movement disorder. Traditionally, PD is still diagnosed on the basis of motor symptoms and signs of resting tremor, bradykinesia and rigidity. There are many well-validated and highly studied clinical batteries and rating scales available to quantitate motor features, such as the Movement Disorders Society Unified Parkinson’s Disease Rating Scale (MDS-UPDRS) – Part III “Motor Symptoms off” (Martinez-Martin et al., 2015), or the 9-hole pegboard testing to assess motor dexterity (Proud et al., 2019). However, these classic motor symptoms of PD often present later in the course of the disease, becoming apparent when almost 50–80% of dopaminergic neurons has been lost (Simon et al., 2020). Thus, there is a strong need to identify early disease biomarkers that may allow earlier diagnosis. Furthermore, non-motor features of PD may be as, or more, important. For example mild cognitive impairment (MCI) and dementia are well-recognized as important contributing factors to disease morbidity (Reid et al., 2011). The Montreal Cognitive Assessment (MoCA) score offers a comprehensive assessment of executive cognitive function and is increasingly used as a screening tool in PD (Chou et al., 2014). Criteria for diagnosis of cognitive impairment in PD have been established delineating the importance of early diagnosis of cognitive decline before progression to dementia (Litvan et al., 2012). However, there remains a critical need for biomarkers capable of detecting and tracking changes in PD in the anatomical and network correlates of such important non-motor features.

It is widely accepted that the pathophysiology of PD is related to selective neurodegeneration and loss of dopaminergic neurons projecting from the substantia nigra to the striatum. Earlier pathophysiologic mechanisms that may precede nigrostriatal neuronal loss are the subject of current research. Neuroinflammation with resulting alpha-synuclein accumulation is a key pathophysiological event in PD, and is closely associated with impaired blood-brain-barrier (BBB) permeability (Codolo et al., 2013; Sarkar et al., 2014). Dysfunction of the neurovascular unit (NVU), which is composed of endothelial cells, pericytes, and parenchymal cells (Pelizzari et al., 2019b), correlates with increased BBB permeability and microvascular dysfunction, and has been hypothesized to play a critical role in PD pathophysiology. Cerebral microvascular dysfunction appears to contribute to dopaminergic neuronal loss in PD (Barcia et al., 2004).

Arterial spin labeling (ASL) is a non-contrast MRI technique which allows assessment of cerebral perfusion and is based on the principle of magnetically labeling protons in arterial blood prior to their entry into the tissue of interest (Haller et al., 2016). This provides an advantage over dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI), the latter necessitating the intravenous administration of gadolinium-based contrast agent (GBCA), which is associated with inherent risks (Gulani et al., 2017). ASL allows assessment of relative cerebral blood flow (rCBF) and can quantify NVU dysfunction.

To investigate neuronal dopamine transporter density in PD, [11C] N-(3-iodoprop-2E-enyl)-2b-carbomethoxy-3b-(4-methyl-phenyl)nortropane (PE2I) has been increasingly used. PE2I is a PET radiotracer which selectively binds neuronal dopamine transporters, allowing non-invasive in vivo quantitation of neuronal dopamine transporter density. The purpose of our study was to investigate dopaminergic neuronal loss and NVU dysfunction in a prospective clinical cohort of patients with PD, using [11C]-PE2I PET and ASL MRI, respectively, as well as to correlate advanced imaging findings with clinical and demographic characteristics, specifically metrics assessing motor symptoms (MDS-UPRDS scores, 9-hole pegboard testing) and cognitive impairment (MoCA).



MATERIALS AND METHODS


Study Population

Twenty six subjects were prospectively enrolled in this institutional review board-approved study. Informed consent was obtained at enrollment from all the participants. Inclusion criteria were PD clinical diagnosis of 3 to 12 years of duration from onset of symptoms, 30 to 70 years-old at time of enrollment, well-established response to one or more dopaminergic agents and/or amantadine, absence of disabling dyskinesias, and PD Hoehn & Yahr stage 2–3, and absence of a clinical diagnosis of dementia. Exclusion criteria were symptoms or signs suggestive of a Parkinson’s plus diagnosis, receiving dopamine receptor blocking agents such as neuroleptics, treatment with acetylcholinesterase inhibitors, a history of brain surgery, history of cancer or other significant medical disease such as autoimmune disorders or others within the past 5 years, any major psychiatric condition and any history of other serious neurological disorders such as a clinically significant stroke, brain tumor, hydrocephalus, epilepsy, other neurodegenerative disorders, encephalitis or repeated head traumas. All enrolled patients were evaluated by a movement disorder specialist at the time of enrollment, with clinical assessment including evaluation of motor, sensory, cognitive and overall disease scores. Clinical chart review was performed by trained research personnel with documentation of duration of disease, symptoms, and medications. MRI and PET/CT studies were performed shortly after enrollment in the study, as discussed below.



MRI Acquisition

All subjects underwent ASL MRI. All MRI data was acquired on a 3.0 Tesla Siemens Prisma MRI scanner using a 32-channel head resonator. The 3D T1-Weighted scan was acquired with 1.0 mm x 1.0 mm x 1.0 mm isotropic resolution using a sagittal MPRAGE sequence with a TR/TE/TI of 1800 ms/2.25 ms/900 ms respectively. The ASL sequence was a 3D pseudocontinuous sequence (J. J. Wang, USC) (Wang et al., 2005). ASL acquisition parameters included a 2000 ms labeling time, a 800 ms post-labeling delay and a 2.5 mm x 2.5 mm x 2.5 mm resolution with 60 slices.



PET/CT Acquisition

A subcohort of 17 patients underwent [11C]-PE2I PET/CT (performed on the same day as the MRI examination). [11C]-PE2I PET/CT data was acquired on a 64 slice Siemens Biograph mCT scanner. The [11C]-PE2I static images were summed from 30 to 60 min after injection. [11C]-PE2I targets neuronal dopamine transporters (Jakobson et al., 2018). The [11C] PE2I dose administered was 384.1 MBq +/− 51.8 MBq (10.38 ± 1.40 mCi). Resolution was 1.0 mm x 1.0 mm x 2.0 mm, with a 40 cm field of view. The PET images were acquired immediately after the radiotracer injection.



MRI Processing

The ASL rCBF data was processed using the MATLAB based ASLtbx (Wang et al., 2008). rCBF images were registered to the 3D T1-Weighted data by aligning the proton density (PD) image acquired with the same sequence using the FLIRT package within FSL (FMRIB’s Linear Image Registration Tool; Oxford, United Kingdom) (Jenkinson and Smith, 2001; Jenkinson et al., 2002). The 3D T1-Weighted MRI data was analyzed utilizing the FreeSurfer 6.0 image analysis suite1 (Fischl et al., 2002; Desikan et al., 2006). Analyzed regions comprised the bilateral striatum (caudate, globus pallidus, putamen) for ASL and [11C]-PE2I PET data. Stratification was performed based on more versus less severely clinically affected side as documented in the standardized clinical neurological examination. Since basal ganglia control contralateral motor function, the opposite side of the one considered more affected clinically was used as the more affected region for imaging purposes. Additionally, the bilateral supratentorial white matter, and bilateral cerebellum was evaluated for ASL analysis for the 26 patients with available ASL data. Axial T1 weighted MRI and an rCBF map from a representative patient is presented in Figures 1A,D.


[image: image]

FIGURE 1. Fifty five year old male with PD diagnosed 5 years ago with moderate disease based on MDS-UPDRS part 3 (motor) “off” score and associated mild cognitive impairment. (A) Axial T1-weighted MRI demonstrating no structural abnormalities. (B) Axial [11C]-PE2I PET image and (C) fused axial [11C]-PE2I PET/MR image demonstrating increased PE2I avidity in the bilateral caudate nuclei. (D) rCBF map obtained in the same patient at the same level.




PET/CT Processing and Co-registration With MRI

The [11C]-PE2I PET data were aligned to the 3D T1-Weighted MRI using the FLIRT package in FSL as previously described. Analysis was performed with FreeSurfer 6.0 derived quantitative cortical and subcortical segmentation of structures. [11C]-PE2I PET values were measured for each subregion defined within FreeSurfer. SUV values for the same regions used in our ASL analysis were determined for a subcohort of 17 patients. An SUV for the occipital lobe was generated by combining values from the cuneus, lateral occipital, lingual and pericalcarine regions based on previously published methodology (Desikan et al., 2006). Each target SUV was normalized to this combined occipital SUV. PET findings from a representative patient are presented in Figure 1.



Subgroup Stratification and Statistical Analysis

Statistical analysis was performed utilizing Graph-Pad Prism version 8. Patients were stratified into the following subgroups based on clinical characteristics. Stratification by duration of disease was based upon a cut-off of 5 years (less than 5 years versus greater than 5 years). Stratification by MoCA and MDS-UPDRS scores was based on previously published data suggesting a cut-off MoCA score of 26 between cognitively normal and cognitively abnormal individuals (Chou et al., 2014), and a cut-off MDS-UPDRS score of 32 for differentiating between mild and moderate disease (Martinez-Martin et al., 2015). We stratified our cohort into subgroups based on clinically meaningful criteria. The final number of patients for each analyzed subgroup is presented in Figure 2. Of note, final numbers for each subgroup depended on available data and thus differed among subgroups, since all 26 patients underwent ASL MRI and a subset of 17 patients underwent PE2I PET. Furthermore, some of the clinical information was not available or clinical tests were not performed for some of the patients. Mann– Whitney U-tests were performed to evaluate for differences between subgroups. Correction for multiple comparisons was accomplished using the Benjamini–Hochberg procedure with a false discovery rate (FDR) of 0.1. To investigate the relationship between ASL MRI and [11C]-PE2I -PET data as well as the relationship between clinical scores and imaging data, Spearman correlation analysis was performed. Additionally, a multiple linear regression analysis was performed comparing regional [11C]-PE2I PET uptake normalized to the occipital region with both subject age and disease duration as covariates.
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FIGURE 2. Stratification of the study cohort into subgroups based on clinical characteristics.




RESULTS


Clinical and Demographic Characteristics of the Study Population

Subjects in our cohort had a mean age of 59.5 (range: 44–70, SD = ± 5.9) years with mean duration of disease of 6.6 (range: 1–13, SD = ± 3.5) years. The mean MDS-UPDRS part 3 (motor) “off” score was 28.7 (range: 12–54, SD = ± 11.5) and the mean MoCA score was 25.9 (range: 21–30, SD = ± 2.2). With regard to clinical symptoms, 13 (50%) patients had more pronounced symptoms on the left side and 13 (50%) patients had more pronounced symptoms on the right side. 85% (22/26) patients were undergoing treatment with levodopa-containing medications, the majority in combination with other medications, with mean LEDD was 749 mg (SD = ± 483). Demographic and clinical characteristics of the subjects enrolled in this study are presented in Table 1.


TABLE 1. Clinical and demographic characteristics of the study population.
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Disease Duration

Stratification of the cohort based on disease duration resulted in N = 11 patients with disease duration of ≤ 5 years (all underwent ASL MRI and a subset of N = 8 underwent [11C]-PE2I PET); and N = 14 patients with disease duration of > 5 years (all underwent ASL MRI and a subset of N = 8 additionally underwent [11C]-PE2I PET). Several regions displayed lower rCBF values with longer disease duration but did not reach significance. A statistically significantly lower PE2I avidity in the group with longer disease duration was shown for multiple regions in Figure 3. The differences between the two groups were more pronounced for [11C]-PE2I SUV in the basal ganglia compared to reference regions (cerebellum cortex and WM, WM). Following Benjamini–Hochberg correction for multiple comparisons, our findings remained significant for all analyzed regions with the exception of left and right cerebellar cortex. rCBF and [11C]-PE2I SUV values for the different regions stratified by disease duration are presented in Table 2.
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FIGURE 3. Patients with Parkinson disease (PD) stratified by disease duration (>5 years, gray boxes; ≤5 years, white boxes). Region-specific ASL-based rCBF values (x-axis - A) and PE2I-based mean SUV (x-axis- B) are provided. Y-axis denotes evaluated brain regions.



TABLE 2. ASL rCBF and PE2I PET SUV values, stratified by disease duration.
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Montreal Cognitive Assessment

The cutoff to stratify a subject as having MCI/dementia was 27 based on previously published data and therefore 15 patients were considered as having MCI (MoCA scores < 27). Stratification of the cohort resulted in N = 15 patients with MoCA scores < 27 (all underwent ASL MRI and a subset of N = 10 additionally underwent [11C]-PE2I PET) and N = 11 patients with MoCA scores ≥ 27 (all underwent ASL MRI and a subset of N = 7 underwent [11C]-PE2I PET). Several regions displayed higher rCBF values in patients with greater MoCA but did not reach significance (Table 3). Furthermore, in the subgroup of patients that had PET data available (N = 17) comparing PE2I avidity between the two subgroups, lower [11C]-PE2I avidity in the higher MoCA score group was found with statistically significantly lower [11C]-PE2I SUV values normalized to the occipital lobe in the caudate, pallidum, and putamen (p = 0.005-p = 0.025) (Table 3). Following Benjamini–Hochberg correction for multiple comparisons, our findings remained significant for all analyzed striatal regions.


TABLE 3. ASL rCBF and PE2I PET SUV values, stratified by MoCA score.
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When normalized to occipital lobe, there was a moderate negative statistically significant correlation between MoCA scores and normalized SUV in the pallidum on the more affected side (p = 0.03) (Table 4).


TABLE 4. Correlation between striatal PE2I SUV and MoCA scores.
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MDS VO Part 3

Using Pearson correlation there was a moderate negative correlation between MDS-UPDRS part 3 (motor) “off” and rCBF values in the L and R cerebellum WM (r = −0.43 and −0.47, p = 0.035 and p = 0.021), which may suggest that milder motor symptoms of PD correlate with higher cerebellar rCBF. Patients were additionally stratified based on MDS-UPDRS part 3 (motor) “off” score into groups of mild disease-MDS-UPDRS part 3 (motor) “off” ≤ 32 and moderate disease-MDS-UPDRS part 3 (motor) “off” > 32 (Martinez-Martin et al., 2015). Differences between the two groups were not statistically significant. No patients with an MDS-UPDRS part 3 (motor) “off” 58 (severe disease) were present in our cohort. There was no significant correlation between MDS-UPDRS part 3 (motor) “off” score and [11C]-PE2I SUV values normalized to the occipital lobe.



Dominant Hand Pegboard Testing

For this analysis, we used all the patients that had available ASL data and Dominant hand Pegboard testing (N = 24). A statistically significant, moderate negative correlation was found between Dominant hand Pegboard Test results and rCBF in the less affected pallidum (r = −0.41; p = 0.046). Dominant hand Pegboard testing did not demonstrate any significant correlations with [11C]-PE2I SUV values in any of the analyzed brain regions. Non-dominant hand Pegboard testing did not demonstrate any significant correlations with rCBF values in any of the analyzed brain regions.



Combined Imaging

We additionally correlated supratentorial rCBF with striatal [11C]-PE2I PET SUV. For this analysis, we included the 17 patients that had both ASL and [11C]-PE2I PET data. A statistically significant moderate negative correlation was present between left cerebral WM rCBF and more and less affected striatal [11C]-PE2I avidity: more affected caudate (r = −0.54, p = 0.026), more affected putamen (r = −0.53, p = 0.031), more affected pallidum (r = −0.58, p = 0.017) and less affected pallidum (r = −0.052, p = 0.033). A moderate negative correlation for the left cerebral WM and the less affected caudate (r = −0.48) and less affected putamen (r = −0.43) did not reach statistical significance (p = 0.054 and 0.085, respectively). Analogous analyses for the right cerebral WM demonstrated a similar trend however did not reach statistical significance for either the more or the less affected striatum (r = −0.40 to −0.31; p = 0.109 to 0.221).



Effect of Age

A multiple linear regression was performed comparing regional [C-11]-PE2I PET uptake normalized to the occipital region with both subject age and disease duration as covariates. Significant correlation of PET uptake in the putamen with disease duration was found to be p = 0.004 and p = 0.022 on the more and less affected sides respectively. No significant correlation of PET uptake with subject age was observed (Figure 4).
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FIGURE 4. A correlation of [C-11]-PE2I PET uptake normalized to the occipital lobe is shown with disease duration for the putamen lateralized into the more or less affected side. A multiple regression was performed with both subject age as disease duration as covariates. Significant correlation of PET uptake in the putamen with disease duration was found to be p = 0.004 and p = 0.022 on the more and less affected sides respectively. No significant correlation with subject age was observed.




DISCUSSION

In this study, we combined ASL MRI-based assessment of the NVU with [11C]-PE2I PET-based assessment of striatal dopamine transporter density to assess pathophysiologic mechanisms in a prospective clinical cohort of patients with PD. This approach allowed us to place evaluation of NVU integrity and thereby BBB disruption into a more established clinical context.

At baseline, the BBB has tightly sealed cell–cell contacts involving the capillary endothelial cells and astrocyte endfoot processes, resulting in low transcellular and paracellular permeability. Loss of BBB integrity is associated with decreased relative cerebral blood flow (rCBF) (Montagne et al., 2016), microvascular dysfunction and hemodynamic impairment (Sweeney et al., 2016). BBB permeability is thereby linked to integrity of the NVU (Pelizzari et al., 2019b).

Neuroinflammation with resulting alpha-synuclein accumulation is a hallmark event in PD, and is closely associated with impaired blood-brain-barrier (BBB) permeability and microvascular dysfunction (Zhang et al., 2005; Sarkar et al., 2014; Sweeney et al., 2018), in particular given that certain BBB-targeting metalloproteinases (MMP) can be activated by inflammatory cytokines and chemokines (Germano et al., 2000; Jin et al., 2012). BBB dysfunction in PD has been suggested as a pathophysiologic mechanism based on compelling histopathologic findings including capillary extravasation of cells and proteins, thinning of the capillary endothelial cell layer, and extravascular IgG deposition (Gray and Woulfe, 2015; Pienaar et al., 2015).

Cerebral microvascular dysfunction appears to contribute to dopaminergic neuronal loss in PD (Barcia et al., 2004). Previous work using mouse models of acute, sub-acute and chronic PD demonstrated that area and density of endothelial cells were reduced in regions related to PD pathophysiology such as the substantia nigra and the striatum in all three models, further supporting the importance of microvascular damage in the pathogenesis of PD (Sarkar et al., 2014). The findings of microvascular dysfunction in the substantia nigra have also been suggested by a study comparing number of capillaries, length and diameter of human brain tissue in PD and normal controls (Guan et al., 2013).

NVU dysfunction, associated with a decrease in relative cerebral blood flow (rCBF), has been proposed as an early pathophysiologic mechanism in PD [19], and several ASL-based studies have revealed altered cerebral perfusion patterns in patients with PD compared to normal subjects. [20] ASL-derived differences in rCBF in PD are presently a subject of active investigation, with one study documenting no significant differences in rCBF for any of the evaluated regions (Pelizzari et al., 2019a) while other studies demonstrated decreased striatal rCBF in patients with PD (Wei et al., 2016), concordant with our findings of decreased rCBF in patients with longer disease duration, noting that our study did not include normal subjects for direct comparison. Differences in rCBF distribution have been attributed to BBB dysfunction in PD as well as other neurodegenerative diseases and evaluation of BBB integrity in PD remains the subject of active research. For example, an ASL-MRI-based approach to BBB assessment integrates a diffusion preparation module with pseudo-continuous ASL (pCASL) and a 3D gradient readout (Shao et al., 2019). Appropriate diffusion weighting allows for separation of the tissue and capillary fractions of the ASL signal and in turn allows quantification of capillary permeability of water (kW) between the tissue and intravascular compartments (Shao et al., 2019). Of note, there are currently no diffusion-weighted ASL-based or dynamic-contrast-enhanced (DCE) MRI-based studies in patients with PD.

For evaluation of neuronal dopamine transporter density in PD, to date most imaging studies have used 123I-Iodoflupane (DatSCAN) SPECT, which is in wide clinical use in the work-up of parkinsonian syndrome. [11C]-PE2I PET provides a more accurate and specific quantification of neuronal dopamine transporters in PD compared to DatSCAN SPECT. [11C]-PE2I is a cocaine analog which binds neuronal dopamine transporters with high specificity. While [11C]-PE2I is structurally related to DatSCAN, [11C]-PE2I has the advantage of higher selectivity as it binds neuronal dopamine transporters only, whereas DatSCAN additionally targets serotonin and norepinephrine transporters (Jakobson et al., 2018). [18F] N-(3-fluoropropyl)-2β-carboxymethoxy-3β-(4-iodophenyl)nortropane (FP-CIT) has recently been demonstrated to have utility in dopamine transporter imaging in PD and related syndromes, with comparable image quality to [11C]-PE2I (Hong et al., 2018).

Another approach to visualization of dopamine depletion is [F-18]-Fluoro-DOPA (FDOPA) PET. FDOPA is limited in quantifying neuronal dopamine transporters as it illustrates the activity of aromatic amino acid decarboxylase which represents an intraneuronal reaction and is not specific for dopamine. Published data from a direct comparison of F-DOPA and [11C]-PE2I demonstrated greater sensitivity of [11C]-PE2I for the detection of differences in motor symptom severity and progression over time in PD (Li et al., 2018). Studies comparing [11C]-PE2I PET to combined DatSCAN SPECT and 18F-FDG PET further demonstrated superiority of [11C]-PE2I PET (Appel et al., 2015).

To our knowledge, this is the first study investigating the concurrent use of ASL imaging and [11C]-PE2I PET. We found statistically significantly lower striatal PE2I avidity in the sub-cohort of patients with longer disease duration, as well as a trend for lower rCBF values in the same cohort.

The significant negative correlations we identified between MoCA scores and [11C]-PE2I SUV values in the basal ganglia reflect current understanding that cognitive impairment in PD is not, for the most part, directly tied to dopaminergic neuronal loss, as patients with lower MoCA score had higher [11C]-PE2I SUV. Of note, cognitive impairment has been suggested to precede the development of “classic” motor symptoms in PD (Fereshtehnejad et al., 2019), and while our study only incorporates one imaging time point, this may reflect a pathophysiologic basis for our findings and needs to be studied further in future longitudinal studies.

Previously published data have shown that rCBF values in basal ganglia are inversely correlated to motor dysfunction (Wei et al., 2016). Stratification based on MDS-UPDRS score into groups of mild disease-MDS ≤ 32 and moderate disease-MDS-UPDRS > 32 did not reveal a clear trend for rCBF values, although Pearson correlation analysis did demonstrate a weak negative correlation between MDS-UPDRS and cerebellar rCBF values.

Our study has several limitations, most notably small sample size overall as well as small sample size of the various subgroups. Another limitation is lack of direct comparison to non-diseased subjects. Furthermore, our study is cross-sectional and lacks longitudinal follow-up data. However, we demonstrate feasibility of concurrent non-invasive imaging of cerebral perfusion and dopaminergic neuronal loss, and place our findings in the clinical context of motor and cognitive decline in PD.



CONCLUSION

Our ROI-based analyses suggest that longer disease duration is associated with lower rCBF and lower striatal [11C]-PE2I avidity, implying greater NVU dysfunction and greater dopaminergic neuronal loss, respectively. Correlative studies of ASL and [11C]-PE2I PET data further suggest that dopaminergic neuronal loss may be independent from cognitive impairment in PD.

Combined perfusion MRI and dopamine transporter targeted PET imaging may inform future prospective clinical trials, thereby providing an improved mechanistic understanding of PD and related neurodegenerative diseases, and laying the foundation for the development of early disease biomarkers and potential therapeutic targets.
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Baicalein, a major bioactive flavone of Scutellaria baicalensis Georgi, has neuroprotective properties in several animal models of Parkinson's disease (PD). Here, we conducted a systematic review and meta-analysis to assess the available preclinical evidence and possible mechanisms of baicalein for animal models of PD. Ultimately, 20 studies were identified by searching 7 databases from inception to December 2019. Review Manager 5.3 was applied for data analysis. Meta-analyses showed baicalein can significantly improve neurobehavioral function in animal models with PD, including spontaneous motor activity test (n = 5), pole test (n = 2), rotarod test (n = 9), apomorphine-induced rotations test (n = 4), grid test (n = 2), and tremor test (n = 2). Compared with controls, the results of the meta-analysis showed baicalein exerted a significant effect in increasing the frequency of spontaneous activity, prolongating the total time for climbing down the pole, decreasing the number of rotations, prolongating the descent latency, reducing the amplitude, and the frequency in animal models with PD. The possible mechanisms of baicalein for PD are regulating neurotransmitters, adjusting enzyme activity, antioxidation, anti-inflammatory, inhibiting protein aggregation, restorating mitochondrial dysfunction, inhibiting apoptosis, and autophagy. In conclusion, these findings preliminarily demonstrated that baicalein exerts potential neuroprotective effects through multiple signaling pathways in animal models of PD.
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INTRODUCTION

PD is a common and severe degeneration of the central nervous system, which is mainly manifested as bradykinesia, rigidity, and static tremor (Schindlbeck and Eidelberg, 2018), usually accompanying by non-motor symptoms such as depression, sleep disturbances, cognitive decline, etcetera (Schapira et al., 2017). The figures showed that the incidence rate of PD has increased from 3.5 to 42.8% in the past few years (Kovács et al., 2019), affecting about 1% of the population over the age of 60 (Martin et al., 2011). Worse yet, about 1.174 million people died of Parkinson's disease worldwide from 2005 to 2015 (Wang et al., 2016). Although the typical clinical and pathological features of PD have been clear, its etiology and pathogenesis are not fully clarified yet. Over the years, researchers have been exploring the pathogenesis and treatment of PD. Overwhelming evidences demonstrated that levodopa can significantly improve motor function in patients with PD (LeWitt and Fahn, 2016). But it's just about improving the symptoms of PD and cannot stop the progress of the disease (Naskar et al., 2013). Therefore, the search for new effective drugs is a hot topic in PD research. Excitedly, natural medicines characterized with high activity and low side-effect are a valuable resource for us to find compounds against PD.

Baicalein (Figure 1) is a major bioactive flavone, mainly extracted from the root of Scutellaria baicalensis Georgi. Modern pharmacological researches have proved that baicalin has a wide range of biological activities, including antioxidant, anticancer, antiviral, anti-inflammatory, antidiabetic, antithrombotic, hepatoprotective (Sowndhararajan et al., 2017). In addition, recent studies have shown that baicalin has shown strong neuroprotective effects in models of various neurological diseases. In vivo, baicalein exerted neuroprotective action through reducing behavioral damage and the depletion of dopaminergic neurons in rotenone-induced PD model (Zhang et al., 2017a). Moreover, other studies have shown that treatment with baicalein significantly attenuated the dopamine (DA) content in striatum induced by 1-methyl-4-phenylpyridinium (MPP+) (Hung et al., 2016) and increased the numbers of tyrosine hydroxylase (TH) neurons in PD rat model induced by 6-hydroxydopamine (6-OHDA) (Mu et al., 2009). All these data indicated that baicalin can be used as an effective drug to prevent or treat neurodegenerative diseases such as PD.


[image: Figure 1]
FIGURE 1. Chemical structure of baicalein.


The preliminary research basis of animal experiment can provide clearly direction for clinical practice, greatly improving the understanding of clinicians and researchers on the disease mechanism and the progress of intervention measures (Sena et al., 2014). In recent years, many animal studies of baicalein have been reported. However, the efficacy and mechanisms of baicalein for PD have not been systematically appraised and summarized. Thus, in the present study, we performed a systematic review and meta-analysis to assess recent literature on the effects of baicalein therapy on animals with PD and provide current preclinical evidence and potential mechanisms on animal models.



MATERIALS AND METHODS


Data Sources and Search Strategy

The meta-analysis was conducted according to the Preferred Reporting Items for Systematic Review and Meta-Analyses (PRISMA) guidelines (Moher et al., 2015). Seven English and Chinese databases, including China National Knowledge Infrastructure (CNKI), Wanfang Database, Science Direct, PubMed, Web of science, Medline, and EMBASE, were independently searched by two reviewers (XL Li and Y Wang), from their inceptions to December 2019. The following keywords and terms were as follows: “parkinsonian disorders” OR “Parkinson disease” and “Baicalein” OR “Huangqinsu” OR “Baikeli.” All studies were limited to animals.



Inclusion and Exclusion Criteria

Studies conforming to the following inclusion criteria were selected for this review: (1) participants: experimental animals including mice and rats. (2) invention: baicalein only; (3) outcomes: The effect of baicalein on the animal model of Parkinson's disease, including neurobehavioural. Meanwhile, studies which met the following criteria were excluded: (a) combined use of other drugs; (b) non-animal based studies; (c) case report, comments, clinical experiences, or trials and review article; (d) similar and repeated studies.



Data Extraction

Two authors (XL Li and Y Wang) extracted data independently from the qualified articles. The following information of each study was recorded: (1) the first author's name, year of publication; (2) animals' characteristics, including species, number, sex, and body weight; (3) methods for PD model establishment and anesthetic used in the model; (4) intervention characteristics, including the dosage and route of administration; (5) main outcome measures and its intergroup differences.

The peak time point was included if the outcomes were tested at different times. The data of the highest dose were extracted when various doses of baicalein were used in study. If the primary data were missing or demonstrated graphically, we tried to contact authors for raw data. And the numerical values in the graph were measured by the digital ruler software when no response was received from the authors.



Risk of Bias in Individual Studies

The risk of bias in each included study was assessed independently by two investigators (XL Li and Y Wang) using the Systematic Review Centre for Laboratory animal Experimentation (SYRCLE)'s risk of bias tool for animal studies, which was used to evaluate bias in six domains: selection bias (sequence generation, baseline characteristics, and allocation concealment), performance bias (random housing and blinding), detection bias (random outcome assessment and blinding), attrition bias, reporting bias, and other biases (Hooijmans et al., 2014).



Statistical Analysis

RevMan V.5.3 software was applied for Meta-analyses. Outcome measures were all treated as continuous data and expressed as standardized mean difference (SMD) with 95% confidence interval (CI). Heterogeneity among individual studies was assessed using the I-square (I2) statistics test. If I2 > 50%, a random effect model was adopted. Instead, a fixed effect model was used. Publication bias was assessed by funnel plots and Egger's test. Probability value P < 0.05 was considered statistically significant.




RESULTS


Study Selection

After primary search from seven databases, a total of 320 potentially publications were identified. After removal of repetitive and irrelevant articles, 82 records were remained. By screening titles and abstracts, 32 studies were excluded because they were conferences, clinical trials, or review articles. Then secondary screening was performed by reading the remaining full-text articles, and 30 studies were excluded for at least one of the following reasons:(1) no available data; (2) not rat or mouse model; (3) combined with other medicine. Eventually, 20 eligible studies were selected. A flow diagram of the study selection process is shown in Figure 2.


[image: Figure 2]
FIGURE 2. Summary of the process for identifying candidate studies.




Characteristics of Included Studies

Twenty rats or mice experiments between 2008 and 2019 were included. Sixteen studies were published in English, and four studies were published in Chinese which containing one online PhD theses. For animal species, Sprague-Dawley (SD) rats were used in 9 studies, C57B/6 J mice were used in 8 studies, ICR mice were used in 2 studies, and the remaining 1 study used Kunming (KM) mice. All animals were male in the included studies. The body weight of SD rats ranged from 180 to 350 g, while the body weight of mice ranged from 18 to 30 g. Anesthetic was reported in 11 studies, including sodium pentobarbital (n = 4), chloralose (n = 1), equithesin (n = 1), ethyl ether (n = 1), halothan (n = 1), and chloral hydrate (n = 4). PD models were established by using 1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine (MPTP) (n = 6), 6-OHDA (n = 6), rotenone (n = 5), MPP+ (n = 1), acrolein (n = 1), oxotremorine (n = 1). There were ways of administration of baicalein, including intragastric administration (n = 9), intraperitoneal administration (n = 5), subcutaneous administration (n = 1). The changes of praxeology as primary outcome for assessing baicalein were carried out by the spontaneous motor activity test (n = 5), pole test (n = 2), apomorphine-induced rotation test (n = 4), rotarod test (n = 9), grid test (n = 2), and tremor test (n = 6). About the changes of neurotransmitters, DA was reported in 12 studies, 5-Hydroxyindole-3-acetic acid (5-HIAA) in 2 studies, 5-HT in 2 studies, (3,4-dihydroxyphenylacetic acid) DOPAC in 8 studies, E in 2 studies, gamma-aminobutyric acid (GABA) in 2 studies and glutamate (GLU) in 2 studies. In addition, TH was reported in 13 studies, Cathepsin B in 2 studies, ED-1 in 2 studies, glial fibrillary acidic protein (GFAP) in 4 studies, a-Caspase 1 in 2 studies, superoxide dismutase (SOD) in 2 studies, malondiadehycle (MDA) 5 in studies, glutathione peroxidase (GSH-Px) in 3 studies. The detailed characteristics of the included studies are summarized in Table 1.


Table 1. Characteristics of the 20 included animal studies.

[image: Table 1]



Study Quality

The overall quality of the included studies was relatively low (Figure 3). All but one study was not reported randomization. All studies included were unclear in baseline characteristics, allocation concealment, blinding of participants, and detection bias. while, these studies were all provided information regarding selective reporting and other bias. Six studies adequately reported random housing and 16 studies adequately reported incomplete outcome data.


[image: Figure 3]
FIGURE 3. Risk of bias of the included studies. (A) Risk of bias graph. (B) Risk of bias summary. + = low risk of bias, – = high risk of bias, ? = unclear risk of bias.




Effectiveness


Behavior Function

In spontaneous motor activity test, meta-analysis of 5 studies (Cheng et al., 2008; Li, 2011; Mu et al., 2011; He et al., 2015; Zhang et al., 2017b) showed significant effect of baicalein for increasing the frequency of spontaneous activity in PD animals compared with control group [n = 54, SMD = 2.22, 95% CI (1.72–2.73), P < 0.00001; heterogeneity: χ = 4.55, df = 4 (P = 0.34); I2 = 12%; Figure 4A]. In pole test, meta-analysis of 2 studies (Cheng et al., 2008; Gao et al., 2015) showed significant effect of baicalein for prolongating the total time for climbing down the pole in PD animals compared with control group [n = 21, SMD = −1.77, 95% CI (−2.52 to −1.03), P < 0.00001; heterogeneity: χ = 1.61, df = 1 (P = 0.20); I2 = 38%; Figure 4B]. In rotarod test, meta-analysis of 9 studies (Im et al., 2005; Li, 2011; Mu et al., 2011; Lee et al., 2014; Xue et al., 2014; Gao et al., 2015; Hu et al., 2016; Kuang et al., 2017; Zhang et al., 2017b) showed significant effect of baicalein for extending the time spent on the rod in PD animals compared with control group [n = 96, SMD = 4.04, 95% CI (3.50–4.58), P < 0.00001; heterogeneity: χ = 12.38, df = 8 (P = 0.14); I2 = 35%; Figure 4C]. In apomorphine-induced rotations test, meta-analysis of 4 studies (Im et al., 2006; Mu et al., 2009; Li, 2011; He et al., 2015) showed significant effect of baicalein for decreasing in the number of apomorphine-induced rotations in PD animals compared with control group [n = 42, SMD = −1.96, 95% CI (−2.55 to −1.37), P < 0.00001; heterogeneity: χ = 21.68, df = 3 (P < 0.00001); I2 = 86%]. Through sensitivity analysis, we removed one study (Im et al., 2006) which utilized ICR mice with PD, while the other studies used models established with SD rats. Meta-analysis of 3 studies (Mu et al., 2009; Li, 2011; He et al., 2015) showed significant effect of baicalein for decreasing in the number of apomorphine-induced rotations in PD animals compared with control group [n = 34, SMD = −1.85, 95% CI (−2.45 to −1.26), P < 0.00001; heterogeneity: χ = 2.87, df = 2 (P = 0.24); I2 = 30%; Figure 4D]. In grid test, meta-analysis of 2 studies (Hu et al., 2016; Kuang et al., 2017) showed significant effect of baicalein for prolongating the descent latency in PD animals compared with control group [n = 22, SMD = 3.09, 95% CI (2.16–4.02), P < 0.00001; heterogeneity: χ = 0.63, df = 1 (P = 0.43); I2 = 0%; Figure 4E]. In tremor test, meta-analysis of 2 studies (Mu et al., 2009; Yu et al., 2012) showed significant effect of baicalein for reducing the amplitude in PD animals compared with csontrol group [n = 24, SMD = −7.81, 95% CI (−9.62 to −6.00), P < 0.00001; heterogeneity: χ = 0.65, df = 1 (P = 0.42); I2 = 0%; Figure 4F]. Meta-analysis of 4 studies (Mu et al., 2009; Li, 2011; Yu et al., 2012; He et al., 2015) showed significant effect of baicalein for reducing the frequency in PD animals compared with control group [n = 40, SMD = −5.96, 95% CI (−7.11 to −4.82), P < 0.00001; heterogeneity: χ = 5.22, df = 3 (P = 0.16); I2 = 43%; Figure 4G]. These results suggested that baicalein ameliorated behavioral deficits in PD animals.


[image: Figure 4]
FIGURE 4. Forest plot of studies investigating the effect of baicalein on animal behavior. (A) Spontaneous motor activity test, (B) Pole test, (C) Rotarod test, (D) Apomorphine-induced rotations test, (E) Grid test, (F) altitude, and (G) frequency in tremor test compared with control group.




Neuroprotective Mechanism


The adjustment of neurotransmitters disequilibrium

Compared with control group, meta-analysis of 12 studies (Im et al., 2005, 2006; Cheng et al., 2008; Li, 2011; Mu et al., 2011; Yu et al., 2012; He et al., 2015; Hu et al., 2016; Hung et al., 2016; Kuang et al., 2017; Yang et al., 2018; Zhao et al., 2018) showed baicalein has significant effects on increasing DA [n = 75, SMD = 3.31, 95% CI (2.71–3.90), P < 0.00001; heterogeneity: χ = 22.59, df = 11 (P = 0.02); I2 = 51%]. One study (Li, 2011) was removed through sensitivity analysis because baicalin was not administered until 5 weeks after modeling. The remain 11 studies (Im et al., 2005, 2006; Cheng et al., 2008; Mu et al., 2011; Yu et al., 2012; He et al., 2015; Hu et al., 2016; Hung et al., 2016; Kuang et al., 2017; Yang et al., 2018; Zhao et al., 2018) showed significant effects on increasing DA in analysis [n = 69, SMD = 3.66, 95% CI (3.01–4.32), P < 0.00001; heterogeneity: χ = 16.30, df = 10 (P = 0.09); I2 = 39%; Figure 5A]; Eight studies (Cheng et al., 2008; Li, 2011; Mu et al., 2011; He et al., 2015) for increasing DOPAC [n = 49, SMD = 1.89, 95% CI (1.34–2.44), P < 0.00001; heterogeneity: χ = 16.26, df = 7 (P = 0.02); I2 = 57%]. Through sensitivity analysis, we removed one study (Yang et al., 2018) because the PD model was established with oxyphenylalanine which was less commonly available. The remain seven studies (Im et al., 2005, 2006; Cheng et al., 2008; Li, 2011; Mu et al., 2011; He et al., 2015; Hu et al., 2016) showed significant effects on increasing DOPAC in analysis [n = 41, SMD = 1.70, 95% CI (1.13–2.26), P < 0.00001; heterogeneity: χ = 6.84, df = 6 (P = 0.34); I2 = 12%; Figure 5B]; Meta-analysis of 2 studies (Cheng et al., 2008; Li, 2011) increasing the level of 5-HT [n = 12, SMD = 2.12, 95% CI (1.02–3.23), P < 0.00001; heterogeneity: χ = 1.19, df = 1 (P = 0.28); I2 = 16%; Figure 5C]; Meta-analysis of 2 studies (Cheng et al., 2008; Li, 2011) increasing the level of 5-HIAA [n = 12, SMD = 1.45, 95% CI (0.49–2.42), P < 0.00001; heterogeneity: χ = 1.39, df = 1 (P = 0.24); I2 = 28%; Figure 5D]; Meta-analysis of 2 studies (Li, 2011; Yang et al., 2018) showed insignificant effect of baicalein for increasing the level of E in PD animals compared with control group [n = 14, SMD = 0.47, 95% CI (0.29–1.23), P < 0.00001; heterogeneity: χ = 0.53, df = 1 (P = 0.47); I2 = 0%; Figure 5E]; Meta-analysis of 2 studies (Li, 2011; Yu et al., 2012) increasing the level of GABA [n = 12, SMD = 5.57, 95% CI (3.44–7.70), P < 0.00001; heterogeneity: χ = 1.42, df = 1 (P = 0.23); I2 = 29%; Figure 5F]; Meta-analysis of 2 studies (Li, 2011; Yu et al., 2012) increasing the level of GLU [n = 12, SMD = −2.47, 95% CI (−3.67 to −1.27), P < 0.00001; heterogeneity: χ = 1.68, df = 1 (P = 0.19); I2 = 41%; Figure 5G].


[image: Figure 5]
FIGURE 5. Forest plot of studies investigating the effect of baicalein on neurotransmitters. (A) DA, (B) DOPAC, (C) 5-HT, (D) 5-HIAA, (E) E, (F) GABA, and (G) GLU.




The inhibition of oxidative stress

Compared with control group, meta-analysis of two studies (Cheng et al., 2008; Mu et al., 2011) showed baicalein has significant effects on increasing SOD [n = 12, SMD = 3.85, 95% CI (2.28–5.42), P < 0.00001; heterogeneity: χ = 0.79, df = 1 (P = 0.38); I2 = 0%; Figure 6A]; Meta-analysis of five studies (Im et al., 2005, 2006; Cheng et al., 2008; Mu et al., 2011; Yang et al., 2018) showed baicalein has significant effects on decreasing MDA [n = 38, SMD = −3.62, 95% CI (−4.55 to −2.68), P < 0.00001; heterogeneity: χ = 28.91, df = 4 (P < 0.00001); I2 = 86%]; Through sensitivity analysis, we removed one study (Yang et al., 2018) because of the same reason mentioned above. The remain four studies (Im et al., 2005, 2006; Cheng et al., 2008; Mu et al., 2011) showed significant effects on decreasing MDA in analysis [n = 30, SMD = −6.61, 95% CI (−8.11 to −5.11), P < 0.00001; heterogeneity: χ = 4.01, df = 3 (P = 0.26); I2 = 25%; Figure 6B]; Meta-analysis of three studies (Cheng et al., 2008; Mu et al., 2011; Yang et al., 2018) showed baicalein has significant effects on increasing GSH-Px [n = 20, SMD = 0.54, 95% CI (−0.34 to 1.42); heterogeneity: χ = 25.75, df = 2 (P < 0.00001); I2 = 92%]; We used sensitivity analyses omitting one study at a time. And one study (Yang et al., 2018) was removed because of the same reason mentioned above. The remain two studies (Cheng et al., 2008; Mu et al., 2011) showed significant effects on increasing GSH-Px in analysis [n = 12, SMD = 3.99, 95% CI (2.38–5.61), P < 0.00001; heterogeneity: χ = 0.76, df = 1 (P =0.38); I2 = 0%; Figure 6C].
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FIGURE 6. Forest plot of studies investigating the effect of baicalein on the oxidative stress. (A) SOD, (B) MDA, and (C) GSH-Px.




Regulation of enzyme activity

Meta-analysis of 13 studies (Im et al., 2005, 2006; Cheng et al., 2008; Mu et al., 2009; Mu et al., 2011; Li, 2011; Lee et al., 2014; He et al., 2015; Hu et al., 2016; Hung et al., 2016; Zhang et al., 2017b; Han et al., 2019; Zheng et al., 2019) showed baicalein had significant effect on increasing the level of TH compared with the control group [n = 63, SMD: 3.80, 95% CI (2.98–4.62), P < 0.00001; heterogeneity: χ = 41.40, df = 12 (P < 0.00001); I2 = 71%]. Owing to the obvious heterogeneity, we conducted a sensitivity analyses and removed two study (Im et al., 2005, 2006) that Parkinson's model of ICR mice was induced with 6-OHDA. Meta-analysis of the remaining 11 studies (Cheng et al., 2008; Mu et al., 2009; Mu et al., 2011; Li, 2011; Lee et al., 2014; He et al., 2015; Hu et al., 2016; Hung et al., 2016; Zhang et al., 2017b; Han et al., 2019; Zheng et al., 2019) showed baicalein had significant effect on increasing the level of TH compared with the control group [n = 49, SMD: 3.49, 95% CI (2.66–4.32), P < 0.00001; heterogeneity: χ = 16.34, df = 10 (P = 0.09), I2 = 39%; Figure 7A]. One study (Yu et al., 2012) demonstrated that baicalein increased the GS activity (P < 0.05), while reduced the GABA-T activity (P < 0.05) compared with the control group. One study (Yang et al., 2018) increased the AchE activity (P < 0.05).


[image: Figure 7]
FIGURE 7. Forest plot: effects of baicalein for the change of (A) TH, (B) Cathepsin B, (C) ED-1, (D) GFAP, (E) a-Caspase-1, (F) IL-1β, and (G) TNF-α compared with control group.




The inhibition of neuroinflammation

Meta-analysis of 4 studies (Xue et al., 2014; Hung et al., 2016; Zhang et al., 2017a; Zhao et al., 2018) indicated baicalein was significant for decreasing the level of Interleukin-1β (IL-1β) compared with control group [n = 21, SMD = −2.48, 95% CI (−3.43 to −1.53), P < 0.00001; heterogeneity: χ = 4.42, df = 3 (P = 0.22); I2 = 32%; Figure 7F]. Meta-analysis of 2 studies (Xue et al., 2014; Zhang et al., 2017a) decreasing expression of tumor necrosis factor (TNF-a) [n = 13, SMD = −3.72, 95% CI (−5.16 to −2.28), P < 0.00001; heterogeneity: χ = 0.10, df = 1 (p = 0.75); I2 = 0%; Figure 7G]. Meta-analysis of 2 studies (Hung et al., 2016; Zhao et al., 2018) showed baicalein was significant for decreasing the level of Cathepsin B [n = 6, SMD = −5.08, 95% CI (−8.84 to −1.32), P = 0.008; heterogeneity: χ = 0.47, df = 1 (P = 0.49); I2 = 0%; Figure 7B], and ED-1 [n = 6, SMD = −6.30, 95% CI [−10.75 to −1.85], P = 0.006; heterogeneity: χ = 0.01, df = 1 (P = 0.92); I2 = 0%; Figure 7C] compared with control group. Meta-analysis of 5 studies (Cheng et al., 2008; Mu et al., 2009; Li, 2011; Zhang et al., 2017a; Zhao et al., 2018) showed baicalein was significant for decreasing the level of GFAP compared with control group [n = 22, SMD = −4.47, 95% CI (−5.88 to −3.06), P < 0.00001; heterogeneity: χ = 1.66, df = 4 (p = 0.80); I2 = 0%; Figure 7D]. Two studies (Zhang et al., 2017a; Zheng et al., 2019) for decreasing expression of IL-6. 1 study (Zhang et al., 2017a) for decreasing expression of p-IkB/IkB, p-p65/p65, p-p38/p38, and p-Erk1/2/Erk1/2 (P < 0.05), while increasing expression of p-JNK/JNK (P < 0.05).



The inhibition of neuronal apoptosis

Meta-analysis of 2 studies (Hung et al., 2016; Zhao et al., 2018) indicated baicalein was significant for decreasing the expression of a-Caspase 1 compared with control group [n = 6, SMD = −5.48, 95% CI (−9.39 to −1.56), P = 0.006; heterogeneity: χ = 0.02, df = 1 (P = 0.89); I2 = 0%; Figure 7E]. One study (Hung et al., 2016) for decreasing protein expression of a-Caspase 9 (P < 0.05) and a-Caspase 12 (P < 0.05). One study (Zhao et al., 2018) for decreasing protein expression of a-Caspase 3 (P < 0.05), RIPK-1 (P < 0.05), and RIPK-3 (P < 0.05). One study (Zheng et al., 2019) for decreasing expression of Bax mRNA (P < 0.05).



The restoration of mitochondrial dysfunction

One study (Zhang et al., 2017b) for increasing the protein levels of PGC-1α (P < 0.05), NRF-1 (P < 0.05), TRAM (P < 0.05), and the activity of mitochondrial complex I (P < 0.05) and ATP levels (P < 0.01) in the ventral midbrain in rotenone-induced PD rats.



The inhibition of abnormal protein aggregation

One study (Hu et al., 2016) showed that baicalein decreased α-Synuclein (α-syn)levels in the ileum and thoracic spinal cord in the rotenone induced PD mouse model.



The prevention of MPP+-induced autophagy

One study (Hung et al., 2016) showed that baicalein inhibited MPP+-induced elevation in light chain 3-II (LC3-II) level in the rat nigrostriatal dopaminergic system.






Publication Bias

Funnel plots were reviewed for two outcomes about DA and TH (Figure 8). The funnel graph revealed an asymmetry distribution of included studies. The Egger's regression (p < 0.05) also confirmed the publication bias due to a small number of studies reporting negative Baicalein treatment effects. Although the Trim and Fill methods were used to correct publication bias, the results did not change.


[image: Figure 8]
FIGURE 8. The funnel plot: effects of baicalein for increasing DA (A) and TH (B).




DISCUSSION



Summary of Results

To our knowledge, this is the first preclinical evidences to determine the effects of baicalein for experimental PD in mice and rats. The findings available from the present study showed that baicalein could improve behavior function in experimental PD, mainly through the mechanisms of adjusting neurotransmitters, regulating enzyme activities, suppressing oxidative stress, ameliorating mitochondrial dysfunction, restraining neuroinflammation, inhibiting abnormal protein aggregation, and neuronal apoptosis.



Limitations

This meta-analysis had several limitations. First, all the databases we searched were in English or Chinese, leading to certain deviations. Second, negative findings are less likely to be published, which may overestimate the true efficacy of baicalein to a certain degree. Third, the methodological quality of included studies was considered moderate, which was an inherent drawback in the primary study. In particular, all the studies failed to mention the allocation concealment, blinding of outcome assessment, etc. Fourth, the high heterogeneity among studies was possibly associated with different conditions including different models of PD induction, different administration route, and different doses of neurotoxins and baicalein. Thus, the results in this study should be partially treated with caution.



Implications for Practice

Currently, the medical animal experiments have become an important means of biomedical research which link basic research and clinical trials. Due to the limitations of medical ethics, some trauma researches, toxicological characteristics, and pharmacodynamics studies are not suitable for human clinical trials. Therefore, animal models capable of replicating important functional, structural, and molecular pathological features of human disease to the maximum extent are essential for clinical translation (Saulnier-Blache et al., 2018).

The present study demonstrated that baicalein had neuroprotective effects in PD models according to the neurobehavioral. The mechanisms of baicalein for PD are summarized as follows: (1) Correction of neurotransmitters: the pathological mechanisms of PD is closely related to the abnormal release of various neurotransmitters in brain, including monoamine neurotransmitters such as DA, DOPAC, NE and 5-HT, amino acid neurotransmitters such as Glu, γ-GABA and ACh, and peptide transmitters etc (Kulikova et al., 2018). In central nervous system, the main form of synaptic transmission is neurochemical transmission. The neurotransmitters released by presynaptic membrane can bind with the corresponding postsynaptic membrane receptors, and result in producing synaptic depolarization potential or hyperpolarization potential, which weaken or enhance excitability of postsynaptic neurons (Ztaoua and Amalric, 2019). Interestingly, the two chemical transmitters, DA and Ach are antagonistic to each other in the corresponding nerve cells. Although the level of Ach is normal in the brain of patients with PD, the decrease of DA content leads to the relative hyperactivity of cholinergic neurons, which causes some symptoms of PD (McKinley et al., 2019). The evidence available from the present study showed that baicalein could effectively rectify the content of monoamine transmitters and amino acid transmitters in animals with PD. (2) Regulation of enzyme activity: as we all know, the secretion of neurotransmitters in brain must be affected by the activity of corresponding enzyme. TH, as the rate-limiting enzyme in the synthesis process of DA, is a specific marker of dopaminergic neurons (Liang et al., 2015). AchE is an essential enzyme for the selective hydrolysis of ACh, which can hydrolyze ACh into choline and acetic acid (Karumuri et al., 2019). GABA and GLu are metabolized by continuous action of GABA transaminase (GABA-T) and glutamine synthetase (GS) protein (Baber and Haghighat, 2010). Our data indicated that baicalein could balance neurotransmitter by regulating the activity of TH, AchE, GABA-T, and GS. (3) Anti-oxidative stress: oxidative stress plays a key role in the occurrence and development of PD. The content of MDA is an important indicator of the level of oxygen free radicals, which can indirectly reflect the degree of cell damage. As the main free radical scavenging enzyme in the body, SOD reflects the endogenous antioxidant capacity of the organism. And GSH-Px is a critical enzyme widely used in the body that can catalyze the decomposition of H2O2 (Sharma et al., 2020). Our data demonstrated that baicalein had anti-oxidative stress effects by increasing the activity of antioxidant enzymes in brain tissues, improving the antioxidant capacity, scavenging free radicals, inhibiting lipid peroxidation, and protecting the structural and functional integrity of cell membranes. (4) Anti-inflammation: neuroinflammation is an intricate cascade of neurodegenerative changes in Parkinson's syndrome, including the activation of microglia and astrocytes and the release of inflammatory cytokines. NF-κB is widely expressed in microglia, astrocytes and neurons. In normal state, the endogenous inhibitor IκB inactivate NF-κB, while IL-1β and TNF-α can induce the phosphorylation and degradation of IKK-β, which translocate NF-κB into the nucleus and promote the expression of inflammatory genes (Yan et al., 2019; Wang et al., 2020). The pooled data showed that treatment of baicalein prominently suppressed the expression of NF-κB, GFAP (a biomarker of activated astrocytes), ED-1 (a biomarker of activated microglia), and mature cathepsin B (a cysteine lysosomal protease) (Zhao et al., 2018). (5) Restoration of mitochondrial dysfunction: mitochondrial dysfunction is an early signal in almost all neurodegenerative diseases, including PD (Angelova et al., 2018). Baicalein greatly increased the expression of the key regulators of mitochondrial biogenesis (PGC-1α, NRF-1, and TFAM). In addition, baicalein could maintain the function of mitochondria by partially enhancing the activity of mitochondrial complex enzyme in brain, and ultimately delay the progression of PD. (6) The inhibition of abnormal protein aggregation: one of the characteristics of pathological changes in PD is the appearance of Lewy bodies which are composed of α-syn (Reuland and Church, 2020). Furthermore, the mutation or overexpression of α-syn gene can accelerate mitochondrial dysfunction, enhance sensitivity to oxidative stress and increase DAT-mediated toxicity, thus promoting cell death (Vekrellis et al., 2011). Our study indicated that baicalein could inhibit the formation of α-syn oligomers and subsequently prevent the progression of α-syn accumulation in vivo. (7) Antiapoptosis: Growing evidence suggests that another possibility for dopaminergic neuron loss is the abnormal occurrence of apoptosis (Liu et al., 2019). The caspases are a class of cysteine proteases, many of whose members are involved in apoptosis. Caspases convey the apoptotic signal through proteolytic cascade with caspases cleaving and subsequently activate other caspases that degrade cellular targets leading to cell death. Additionally, Bcl-2 family which is a core member of apoptosis gene families plays a critical role in apoptotic process (Schulz and Gerhardt, 2001). (8) Regulation of autophagy: Autophagy is a lysosome-mediated degradation process that involves degradation of redundant or defective cellular components within the cell, including both misfolded proteins and damaged organelles (Hou et al., 2020). Thus, autophagy activity is correlated with disease progression in neurodegenerative disorders such as AD and PD (Nobuhiro et al., 2018). However, dysregulated or excessive autophagy could cause autophagic cell death, the type II programmed cell death (Thellung et al., 2019). LC3-II is currently considered to be a biomarker of autophagy, which reflect the extent of autophagy (Runwal et al., 2019). Systemic administration of baicalein for 2 days significantly attenuated MPP+-induced elevation in LC3-II in the infused substantia nigra (Hung et al., 2016). Our study indicates that baicalein prevents programmed cell death, mainly by regulating the expression of genes related to apoptosis and autophagy. To summarize, we present a schematic overview of the neuroprotective mechanisms of baicalein in PD (Figure 9).


[image: Figure 9]
FIGURE 9. Neuroprotection mechanisms of baicalein in PD animal model. (↑, upregulation; ↓, downregulation; ?, unknown mechanism).




CONCLUSION

The present study showed baicalein could exert potential neuroprotective effects in experimental PD, largely through mechanisms involving antioxidation, anti-inflammatory, regulating neurotransmitters, adjusting enzyme activity, inhibiting protein aggregation, restorating mitochondrial dysfunction, inhibiting apoptosis, and autophagy. Thus, baicalein could be a candidate for further clinical trials of PD.
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Deep brain stimulation (DBS) is an effective surgical therapy for Parkinson’s disease (PD). However, limitations of the DBS systems have led to great interest in adaptive neuromodulation systems that can dynamically adjust stimulation parameters to meet concurrent therapeutic demand. Constant high-frequency motor cortex stimulation has not been remarkably efficacious, which has led to greater focus on modulation of subcortical targets. Understanding of the importance of timing in both cortical and subcortical stimulation has generated an interest in developing more refined, parsimonious stimulation techniques based on critical oscillatory activities of the brain. Concurrently, much effort has been put into identifying biomarkers of both parkinsonian and physiological patterns of neuronal activities to drive next generation of adaptive brain stimulation systems. One such biomarker is beta-gamma phase amplitude coupling (PAC) that is detected in the motor cortex. PAC is strongly correlated with parkinsonian specific motor signs and symptoms and respond to therapies in a dose-dependent manner. PAC may represent the overall state of the parkinsonian motor network and have less instantaneously dynamic fluctuation during movement. These findings raise the possibility of novel neuromodulation paradigms that are potentially less invasiveness than DBS. Successful application of PAC in neuromodulation may necessitate phase-dependent stimulation technique, which aims to deliver precisely timed stimulation pulses to a specific phase to predictably modulate to selectively modulate pathological network activities and behavior in real time. Overcoming current technical challenges can lead to deeper understanding of the parkinsonian pathophysiology and development of novel neuromodulatory therapies with potentially less side-effects and higher therapeutic efficacy.
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INTRODUCTION

In Parkinson’s Disease (PD), loss of dopaminergic input into the posterior striatum leads to disordered signaling throughout the basal ganglia-thalamo-cortical (BGTC) network that manifests itself as motor symptoms of bradykinesia, rigidity, and tremor (Hammond et al., 2007). Network-wide synchronized pathological neuronal activity is thought to cause dysfunction at the major nodes of the BGTC network (Bergman et al., 1994; Brown et al., 2001; Bevan, 2002; Hammond et al., 2007). Deep brain stimulation (DBS) is an effective surgical therapy for PD that targets the deep nodes of the BGTC network to ameliorate the pathological neuronal activities. However, current DBS therapies are limited by stimulation induced side-effects and mal-adaptive neuroplasticity from continuous electrical stimulation of the BGTC network at the major nodes (Chen et al., 2006; Tripoliti et al., 2011; Castrioto et al., 2014). Therefore, there has been a significant interest in identifying both parkinsonian and physiologically patterns of neuronal activities that can be used to adjust stimulation parameters in real-time to meet the concurrent therapeutic demand. This closed-loop or adaptive neuromodulation strategy has the potential to significantly improve upon the currently available open-loop DBS systems (Little et al., 2013; Rosa et al., 2015; Little et al., 2016a,b; Piña-Fuentes et al., 2017; Rosa et al., 2017).

Recently, beta-gamma phase-amplitude coupling (PAC) has been identified as a highly promising electrophysiologic biomarker of parkinsonian motor state that can be detected in the superficial node (i.e., the motor cortex) of the BGTC network (de Hemptinne et al., 2013, 2015; Shimamoto et al., 2013; Swann et al., 2015). Unlike the beta activities that represent local information processing, PAC is a type of cross-frequency coupling phenomenon that represents information transmission across multiple cortical and subcortical areas that are involved in both pathologic and normal brain activities such as cognition, perception, and movement (Shimamoto et al., 2013). Excessive PAC is associated with the parkinsonian motor state and can be normalized by both therapeutic dopaminergic medication and DBS therapy in a dose-dependent manner (de Hemptinne et al., 2015; Swann et al., 2015; Wang et al., 2018). These remarkable findings raise the possibility that PAC can serve both as a biomarker to drive adaptive neuromodulation of the deep nodes and as a therapeutic target in an adaptive cortical neuromodulation scheme.

In this article, we review recent evidence regarding PAC in the context of PD and present our perspective on how this biomarker could be leveraged to advance neuromodulation therapies, with an emphasis on utilizing phase-dependent stimulation techniques to target new structures with a lower risk of side-effects.


Pathological Cortical Electrophysiology in Parkinson’s Disease

Neural oscillations are essential for normal brain processing and are thought to play a critical role in coordinating activities within and across different regions of the brain (Canolty and Knight, 2010; Hyafil et al., 2015; Salimpour and Anderson, 2019). As representations of rhythmic changes in neuronal excitability, oscillations exist in different frequencies across various spatiotemporal scales and have been implicated in attention, cognition, memory, and sensory integration (Gelperin, 2006; Wang, 2010; Watanabe and Hirono, 2016). These synchronous activities are thought to result from simultaneous input from common presynaptic neurons in a tightly regulated manner with each pattern reflecting the timing of separate information processing and integration (Heck et al., 2007). Because of their fundamental importance to the functioning of the brain, unsurprisingly, disturbances in the synchronous patterns have been implicated in various common neurological disorders (Allen et al., 2011; Goutagny et al., 2013; Bahramisharif et al., 2016; Zhang et al., 2017). In PD, a low dopaminergic state classically manifests itself as excessive beta-band power and synchrony throughout the BGTC network (Schnitzler and Gross, 2005; Hammond et al., 2007). However, the electro-pathophysiology of PD is more complicated and may involve multiple functional modes in which there is excessive synchrony both with and between nodes of the BGTC network that are both associated with the severity of certain parkinsonian signs and symptoms (Ahn et al., 2015). This complexity may have resulted from complex interactions that are constantly occurring between neural oscillations across neural circuits and networks.

Indeed, neural oscillations possess unique coupling properties, such as cross-frequency coupling (CFC), in which components of the rhythmic patterns, such as amplitude, phase, and frequency, interact between different frequency bands within and across circuits and networks (Canolty and Knight, 2010). The exact origin of CFC is yet to be elucidated, but transient, mechanistic coupling (i.e., synaptic, electrical) between functionally distinct neuronal subpopulations has been suggested as a potential mechanism (Canolty and Knight, 2010; Salimpour and Anderson, 2019). Phase-amplitude coupling (PAC) is a class of CFC, and it involves coupling between phases of a low-frequency oscillation and the amplitude of a high-frequency oscillation. Low-frequency phases are often dynamically entrained by behaviorally relevant external sensorimotor events and internal cognitive processing implicated in learning, memory, motivation, and decision making (Lakatos et al., 2008; Schroeder and Lakatos, 2009). Therefore, PAC, which represents the modulation of high-frequency power by a low-frequency phase entrained and coordinated with slower external and internal events, is considered a key fundamental mechanism behind cognitive processing (Canolty and Knight, 2010). PAC is generally detected and quantified by first recording raw electrocorticography (ECoG) data from the cortical surface using a subdural electrode, processing the data to estimate the instantaneous power of each frequency band, then calculating the degree of amplitude modulation a by phase measured in modulation index (Tort et al., 2010; Madhavan et al., 2015).

Phase amplitude coupling has been studied in both animals and humans and has been observed across multiple cortical and subcortical sites (Canolty and Knight, 2010; Miller et al., 2012; de Hemptinne et al., 2013, 2015). Implicated in PD is beta-phase and gamma-amplitude coupling in the motor cortex, also known as “beta-gamma PAC.” PAC occurs when the low beta-frequency rhythm synchronizes with the amplitude of gamma oscillations (Miller et al., 2012; Yanagisawa et al., 2012). PAC level in the motor cortex normally fluctuates throughout the movement cycle, such that it elevates in the rest state and decreases in both planning and execution phases of movement (Miller et al., 2012; de Hemptinne et al., 2015). Exaggerated PAC levels are consistently detected in the motor cortex of PD patients both at rest and during movement (de Hemptinne et al., 2013, 2015; Kondylis et al., 2016; Malekmohammadi et al., 2018). Abnormal PAC levels in PD are thought to interfere with the innate CFC processes required for the coordination of action preparation, execution, and alert-rest phases of movement. Importantly, PAC levels increase proportionally to the severity of PD-specific motor symptoms, and therapeutic DBS and medical treatments normalize the PAC levels (de Hemptinne et al., 2015; Swann et al., 2015).



Cortical Phase-Amplitude Coupling-Based Neuromodulation

At least two potential novel neuromodulation strategies powered by PAC are possible; surface-sensing deep stimulation, in which PAC drives adaptive neuromodulation of the deep nodes and surface-sensing surface stimulation, in which PAC serves as both the feedback and feedforward control signals in an adaptive cortical neuromodulation scheme (Figure 1). Surface-sensing deep stimulation is a viable strategy that has been attempted with other electrophysiological biomarkers. For example, the cortical gamma-frequency level, which is associated with the severity of dyskinesia, has been successfully used to drive a totally implantable adaptive DBS in PD patients. By means of a subdural cortical lead for sensing, narrow-band gamma power (60–80 Hz) in the motor cortex was used to adjust stimulation amplitudes applied to the subthalamic nucleus (STN) based on patient-specific thresholds (i.e., high and low). The authors demonstrated significantly reduced energy use without worsening clinical symptoms compared to the conventional STN DBS system (Swann et al., 2018). More importantly, they presented a practical and systematic approach to implementing a cortical electrophysiological biomarker to develop a fully implantable adaptive DBS system that future studies could consider. The study also underscored several key advantages of the surface-sensing deep stimulation strategy compared with adaptive DBS systems that sense and stimulate the deep nodes using the same electrodes: (1) good signal-to-noise ratio with minimal stimulation-induced artifact; (2) high fidelity electrophysiological data from subdural electrodes that can yield better quality and quantity of sensory feed forward data than DBS electrodes can; and (3) spatially independent sensing and stimulating elements that minimize inference and optimize placement.
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FIGURE 1. Bata gamma phase amplitude coupling (PAC) levels and patterns measured over the surface of the motor cortex can be utilized in two potential adaptive neuromodulatory strategies. (A) In the surface sensing-deep stimulation paradigm, cortical PAC serves as control input to adjust stimulation at the subcortical targets, such as the subthalamic nucleus. (B) Under the surface sensing surface stimulation scheme, cortical PAC serves as both feedback and feedforward control signals to drive adaptive motor cortex neuromodulation.


As a cortical biomarker, PAC may also enable the surface-sensing surface-stimulation strategy. The goal of this PAC-based neuromodulation program would be to achieve and maintain a spatiotemporally ‘eu-PAC state’ in the motor cortex and to ameliorate parkinsonian motor symptoms. To develop clinically useful PAC-based neuromodulation strategies, first, a method to detect and modulate PAC level in real time is necessary; and second, pathological and normal (i.e., physiologically and therapeutically) PAC levels and patterns must be defined on a patient-specific basis. The remainder of the article will focus on the PAC-based surface-sensing surface-stimulation strategy, which entails key future challenges in the field of neuromodulation.



Motor Cortex Stimulation and Phase-Dependent Neuromodulation

As one of the major nodes and an output hub of the BGTC network, the motor cortex may be a high-yield target for neuromodulation. The motor cortex is relatively easy to access, localize, and map compared with the deeper nodes. Its larger size allows precise targeting of symptomatic body regions or movements. Also, concern for uncontrolled current spread to adjacent disparate neuronal populations and fiber tracts is significantly lower compared with the subcortical structures (Maks et al., 2009). Therefore, the motor cortex presents an opportunity for safer and more effective surgical neuromodulation compared to DBS. Nevertheless, motor cortex stimulation has largely been overlooked in neuromodulation research and therapeutics development in PD because of equivocal outcomes associated with cortical stimulation in PD (Canavero et al., 2002; Cilia et al., 2007; Strafella et al., 2007; Moro et al., 2011; De Rose et al., 2012). The unimpressive and variable results of motor cortex stimulation could be related to failing to account for electrophysiologic biomarkers. In all previous cortical stimulation studies in PD, electrical stimulation was delivered to the motor cortex without accounting for the underlying rhythmic activities and state of the BGTC network. A phase-independent approach has a high probability of yielding unpredictable and variable clinical results because the same stimulation pulse applied to the cortex can have a variable effect on PAC levels depending on which part of the beta phase it lands on (Anderson et al., 2009; Cagnan et al., 2013, 2017; Azodi-Avval and Gharabaghi, 2015). Based on network modeling studies, motor cortex neuromodulation should be done adaptively and may need to be based on phase-locked or phase-dependent stimulation techniques to be successful (Anderson et al., 2009; Azodi-Avval and Gharabaghi, 2015).

Phase-dependent stimulation (PDS) is a novel neuromodulation technique with a simple goal: to detect rhythmic brain activity and deliver precisely timed electrical stimulation pulses at a specific phase (Chen et al., 2011; Cagnan et al., 2013; Zrenner et al., 2018; Holt et al., 2019). The potential value of PDS is that, unlike medications or continuous electrical stimulation, it can selectively modulate pathological electrophysiological activities in the disease network without disrupting other physiological processes. The precise and selective nature of PDS may lead to improved symptom control without the stimulation-induced side-effects or maladaptive plasticity associated with continuous stimulation. PDS is relevant to PAC-based surface-sensing surface-stimulation strategy in PD because the technique could deliver the spatiotemporal accuracy and precision required to successfully modulate PAC levels in the motor cortex to meet the therapeutic demand in real time. PDS has been used in healthy animals to selectively and predictably modulate cortical oscillations (Zanos et al., 2018; Kanta et al., 2019; Peles et al., 2020). Zanos et al. demonstrated in non-human primates (NPH) that stimulation triggered from beta oscillations in the sensorimotor cortex not only induces synaptic plasticity, but the direction of the plasticity depends on the stimulated phase of the oscillations. Furthermore, a recent study developed an adaptive neuromodulation system based on a real-time cortical PDS algorithm to show that beta oscillations in the primary motor cortex can be controlled with volition and that PDS can differentially modulate the rhythmic patterns depending on the targeted phase of beta, which in turn, affects behavior (Peles et al., 2020). Similarly, another group used a rat model to adaptively modulate gamma oscillations in the amygdala and successfully affected memory strength (Kanta et al., 2019). The ability of real-time closed-loop PDS to predictably modulate beta oscillations in the subcortical regions in a bidirectional manner has been demonstrated in parkinsonian NPH (Sanabria et al., 2020, Preprint) and rat models (McNamara et al., 2020, Preprint).

Phase-dependent stimulation has also recently been used to selectively suppress pathological synchronized pattern of neuronal firing in the STN of PD patients (Holt et al., 2019). The authors demonstrated that PDS achieved beta suppression without altering the overall firing rate, and the degree of suppression correlated with the number of consecutive single-pulse PDS applied at or near the peak of the beta phase, suggesting that the observed neuromodulatory effect was likely from the PDS-induced alteration in the relative timing of beta activity (Holt et al., 2019). Thus, it is increasingly becoming evident that random or continuous stimulation of cortical and subcortical nodes of the parkinsonian motor network is suboptimal. However, continuous and random stimulation remains the predominant method in research. Future studies should strongly consider the implications of pathological oscillatory patterns in Parkinson’s disease and incorporate PDS as a foundation for neuromodulation.

With regard to PDS in the motor cortex, it is possible to detect ECoG signals in real time and deliver timed electrical pulses to the cortical region of interest with low latency through fast estimation of phase and frequency of detected oscillations (Chen et al., 2011, 2013; Figure 2A). PAC based neuromodulation techniques can be accomplished through Hilbert transformation-based frequency band optimization, autoregressive (AR) spectral estimation and signal prediction. With this algorithm, it may be possible to detect and modulate PAC in near real-time by targeting specific beta phases (Figure 2B). The AR signal modeling-based approach is robust against signal variabilities and inconsistencies (Chen et al., 2011, 2013). Using this algorithm, we consistently observed acceptable performance in modulating cortical PAC with cortical stimulation in a Parkinson’s patient undergoing awake DBS surgery (Salimpour and Anderson, 2019).
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FIGURE 2. (A) Steps of cortical PAC based adaptive phase dependent motor cortex stimulation with implanted subdural grid electrode. In this hypothetical set-up, a single contact (blue) over the motor cortex is used for detecting PAC levels in real-time and two adjacent contacts (red) deliver bipolar phase-dependent stimulation. (B) In phase dependent stimulation, electrocorticographic signals recorded from the motor cortex are bandpass filtered in the beta frequency range and electrical stimulation is delivered at a specific phase of the beta oscillation (peak in this case).


Several critical issues must be considered with regards to a PAC-based PDS protocol. First, evaluation of PAC requires the accumulation of data over several rhythmic cycles, which introduces latency into the stimulation protocol. Latency can be a significant problem in PDS because stimulation-pulse landing off the targeted phase can lead to unintended consequences. Therefore, devising effective strategies to overcome latency problems in PDS protocol is critical. In the context of PD, based on a mean beta-band frequency of approximately 20 Hz, a sliding-time window of 1 s should be sufficient to capture the dynamics of PAC to conduct an effective, near real-time PDS, as demonstrated a recent study (Peles et al., 2020). One solution to mitigating the computational technical demand is to utilize advanced circuit designs based on field-programmable gate array (FPGA), which can provide the speed to handle the high data throughput and processing, flexibility to readily modify algorithms, and machine learning capabilities to continuously improve performance.

Amplitude and time-domain characteristics (e.g., waveform shape) of beta oscillation correlate either with the severity of parkinsonian symptoms or with PAC levels in PD patients and may represent promising alternate biomarkers (Cole et al., 2017; Holt et al., 2019). Because they are technically simpler to work with, beta waveform-shape and amplitude levels may help overcome the latency issue. Nevertheless, we see a value in attempting a PAC-based neuromodulation despite current technical challenges because PAC may better represent the state of the BGTC network in PD. Also, PAC holds several advantages over other electrophysiological biomarkers of PD. First, PAC is strongly associated with parkinsonian symptom severity in a dose-dependent manner and responds predictably to both therapeutic medication and deep brain stimulation. PAC does not require physiological monitoring from deep brain structures, which potentially facilitates a less invasive system overall (de Hemptinne et al., 2013, 2015). Also, human recordings of PAC before, during, and after movement suggest that, compared to other brain disorders, PAC remains elevated even during movement in the parkinsonian state (Blumenfeld et al., 2015; de Hemptinne et al., 2015). We are optimistic that this persists in a stable manner through different movement phases more predictably than local field potential beta power. In comparison, subcortical beta oscillation may be influenced by normal physiological activities more dynamically than PAC and beta power dynamics during movement might now allow for clear thresholding throughout movement initiation and maintenance (de Hemptinne et al., 2015; Holt et al., 2019). Also, the shape of cortical beta oscillations might correlate with motor symptoms and signs of parkinsonism more strongly than the magnitude of beta power from local field potentials, and the atypicality of the waveform shape highly correlates with PAC (Cole et al., 2017). Stability and robustness of various components of the beta waveform shape during movement and against physiological perturbation are yet to be determined. It remains to be seen whether these and other promising biomarkers of PD will outperform PAC in closed-loop neuromodulation. Nevertheless, it is entirely conceivable to develop PAC-based phase-dependent neuromodulation algorithms that concurrently detect and analyze multiple time-domain and spectral features to provide additional controls, such that variables such as waveform shapes and beta amplitudes can either supplement PAC or function as backup biomarkers in failure modes.

Another consideration involves stimulation-related artifact, which can hinder PAC based PDS, particularly in the context of a surface-sensing surface-stimulation paradigm. There are several techniques for reducing stimulation-related artifact both online and offline (Zhou et al., 2018). In our experience, use of separate recording and stimulation electrode contacts can significantly reduce the artifact level (Salimpour and Anderson, 2019). Additionally, the duration of a stimulus artifact is generally very short (3–5 ms), such that online artifact removal techniques can reduce the levels of artifact and noise during stimulation and provide sustained recording.



Defining Normal Cortical PAC Level as a Therapeutic Goal

For PAC-based neuromodulation to become viable, it will be important to establish PAC patterns that are pathological and physiological for a specific PD patient. Although simple high and low PAC threshold levels can be used to trigger a stimulation pulse, such a system would be too simplistic to perform a dynamically adaptive neuromodulation to achieve the eu-PAC state. Patient-specific normal and pathological patterns would provide the therapeutic windows necessary for a PAC-based PDS neuromodulation system to be clinically safe, effective, and meaningful. Such endeavors have been undertaken with beta activities (Little et al., 2013, 2016a,b; Piña-Fuentes et al., 2017; Rosa et al., 2017). Using an experimental sensing implantable DBS system, beta oscillation patterns associated with specific activities performed outside of the operating room, such as walking and riding a bicycle, have been described (Quinn et al., 2015; Storzer et al., 2017; Syrkin-Nikolau et al., 2017; Hell et al., 2018). Such information is not available for PAC, but the technology exists to safely and chronically record and evaluate PAC patterns from the motor cortex of PD patients (de Hemptinne et al., 2013, 2015). Also, since PAC can be detected non-invasively, characterization of PAC levels and patterns can be achieved during a tuning period in an outpatient setting with minimal risk to guide early artificial intelligence (AI) driven algorithm training prior to electrode array implantation (Swann et al., 2015). Advanced machine learning can be employed to continuously optimize stimulation parameters based on output PAC levels and therapeutic efficacy as defined by the user. AI and machine learning will be critical in the development of next generation of intelligent brain stimulation devices and this topic has been discussed in detail elsewhere (Neumann et al., 2019).



DISCUSSION

Phase amplitude coupling is expanding our understanding of PD pathophysiology and creating new therapeutic opportunities. Nevertheless, excitement must be tempered as we continue to improve our understanding of the BGTC network and elucidate the relationships among different electrophysiological biomarkers and clinical outcomes. Also, we must continue to define the role of PAC in adaptive neuromodulation and develop creative ways to improve outcomes using the biomarker to define the role of PAC in adaptive neuromodulation and develop creative ways to improve outcomes using the biomarker. Efforts to define physiologically normal and pathological PAC are still needed in order to appropriately gate or modulate stimulation delivery. Going forward, collaboration among various fields, including computational sciences and engineering, is necessary in order to enable data-driven solutions to these remaining hurdles. AI and machine learning will be particularly useful in improving accuracy and speed of PAC detection and pattern recognition. Ultimately, the knowledge, techniques, and technologies that enable PAC neuromodulation may not only improve PD management but also play a significant role in advancing research and therapeutic development in other common neuropsychiatric conditions.
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Mismatch negativity (MMN) is suitable for studies of preattentive auditory discriminability and the auditory memory trace. Subjective cognitive decline (SCD) is an ideal target for early therapeutic intervention because SCD occurs at preclinical stages many years before the onset of Alzheimer’s disease (AD). According to a novel lifespan-based model of dementia risk, hearing loss is considered the greatest potentially modifiable risk factor of dementia among nine health and lifestyle factors, and hearing impairment is associated with cognitive decline. Therefore, we propose a neurofeedback training based on MMN, which is an objective index of auditory discriminability, to regulate sensory ability and memory as a non-pharmacological intervention (NPI) in SCD patients. Seventeen subjects meeting the standardized clinical evaluations for SCD received neurofeedback training. The auditory frequency discrimination test, the visual digital N-back (1-, 2-, and 3-back), auditory digital N-back (1-, 2-, and 3-back), and auditory tone N-back (1-, 2-, and 3-back) tasks were used pre- and post-training in all SCD patients. The intervention schedule comprised five 60-min training sessions over 2 weeks. The results indicate that the subjects who received neurofeedback training had successfully improved the amplitude of MMN at the parietal electrode (Pz). A slight decrease in the threshold of auditory frequency discrimination was observed after neurofeedback training. Notably, after neurofeedback training, the working memory (WM) performance was significantly enhanced in the auditory tone 3-back test. Moreover, improvements in the accuracy of all WM tests relative to the baseline were observed, although the changes were not significant. To the best of our knowledge, our preliminary study is the first to investigate the effects of MMN neurofeedback training on WM in SCD patients, and our results suggest that MMN neurofeedback may represent an effective treatment for intervention in SCD patients and the elderly with aging memory decline.

Keywords: mismatch negativity, neurofeedback, working memory, subjective cognitive decline, Alzheimer’s disease, early intervention


INTRODUCTION

Alzheimer’s disease (AD) is slow and progresses with a presymptomatic course over several years to decades (Sperling et al., 2011). Controlling modifiable risk factors for AD at the preclinical stage remains the most realistic preventive strategy (Crous-Bou et al., 2017). Subjective cognitive decline (SCD) is a condition that is manifested by healthy older people who show unimpaired performance on cognitive tests and self-report a perceived cognitive decline in memory or other cognitive domains, such as executive function or attention (Rabin et al., 2015). SCD may represent the first symptomatic manifestation of AD before mild cognitive impairment (MCI; Koppara et al., 2015; Bubbico et al., 2019). Currently, there is no consensus on the best intervention or treatment for SCD with regard to psychological, cognitive, lifestyle, and pharmacological interventions described in a recent systematic review and a meta-analysis (Williams and Tanabe, 2016; Bhome et al., 2018). Given the heterogeneity of etiology of SCD and specifically considering individuals who have minimal manifestation of clinical symptoms, it is difficult to confirm a focal target of pharmacological intervention that does not cause an adverse reaction. Therefore, non-pharmacological intervention (NPI) may be a feasible method of treatment for patients with SCD (Smart et al., 2017; Bhome et al., 2018).

Elderly SCD subjects have a subtle decline in memory performance associated with accelerated memory decline, and SCD may predict future objective memory decline, even for incident dementia (Koppara et al., 2015). There is no authoritative method for treating early memory loss; however, a growing number of publications suggests that neurofeedback, which as a form of electroencephalogram (EEG) biofeedback used to self-regulate individual own brain activity, can directly alter the underlying neural mechanism of cognition and behavior (Enriquez-Geppert et al., 2017; Bhome et al., 2018). Neurofeedback has been successfully applied in the treatment of various diseases, such as attention-deficit hyperactivity disorder (ADHD; Van Doren et al., 2019) or epilepsy (Van Doren et al., 2019), enhancing memory for the healthy old adults with aging cognitive decline (Reis et al., 2016), and even in dementia or AD patients (Luijmes et al., 2016; Berman and Nichols, 2019; Kaufmann et al., 2019). For example, AD patients have an excess of slow frequency waves, such as delta and theta, and a reduction in the alpha waves compared with that in healthy aging individuals; thus, regulating the abnormal EEG frequency activity can have a positive effect on clinical performance, especially considering the effect of neurofeedback on cognitive ability (Luijmes et al., 2016). Here, we propose using neurofeedback as a NPI to improve the cognitive ability of SCD patients.

Hearing loss was considered to be the greatest potentially modifiable risk factor for dementia among the nine health and lifestyle factors according to a novel dementia risk model based on lifespan reported by the Lancet Commission (Uchida et al., 2019). If middle-aged hearing loss is eliminated, the risk of dementia may be reduced by 9% (Lin F. R. et al., 2013; Livingston et al., 2017). A 25-year study self-reported that hearing loss is linked to accelerated cognitive decline in older people (Amieva et al., 2015). A meta-analysis suggested that hearing impairment is related to cognitive impairments (Taljaard et al., 2016). Auditory mismatch negativity (MMN) is a negative wave of event-related potential (ERP) typically obtained by the standard stimulus and is subtracted from the deviant stimulus in the oddball tasks (Näätänen and Alho, 1997), with MMN as an objective index of auditory discriminability (Garrido et al., 2009). Electrophysiological studies have shown that when any detectable change in a regular pattern of auditory stimulation occurs, a preattentive change-detection system in the auditory modality emits a signal called MMN (Molholm et al., 2005). Several studies have shown that the MMN peak latency is systematically prolonged and its amplitude is attenuated with aging (Molholm et al., 2005; Näätänen et al., 2011). In various neurological disorders, including schizophrenia, autism spectrum disorders, and dementia, MMN appears to provide an objective tool for investigation of auditory processing and memory trace attenuation (Chen et al., 2017). Recent studies have shown that MMN amplitude in AD patients for a long interstimulus interval (ISI) of 3 s is smaller than that for the shorter ISIs of 1 s, while the amplitude is stable in the control group of healthy subjects (Lindín et al., 2013; Laptinskaya et al., 2018). Moreover, the MMN amplitude was significantly lower in amnestic MCI adults compared with that in healthy people. MMN can be a relatively sensitive psychophysiological biomarker in identifying amnestic MCI (Lindín et al., 2013). Furthermore, auditory working memory (WM) is the major factor of neural processing of sound, and cognitive factors shape the brain networks for auditory skills (Kraus et al., 2012). Auditory training helps to compensate for the degradation of the auditory signals; the training demonstrated that cognitive function can be improved during the index executive process, competing speech, and dual-task performance. Importantly, auditory-cognitive training showed general improvements in speech, auditory WM, and processing speed, as well as enhanced self-reporting of communication difficulties (Sweetow and Sabes, 2006; Ferguson and Henshaw, 2015). At present, MMN neurofeedback has been successfully used in adults mainly for the adjustment of sensory abilities, such as improving auditory discriminability for two particularly similar tones and enhancing language ability and music level (Chang et al., 2014, 2017). Although the improvement of sensory ability can improve work memory by cognitive training, there are insufficient clinical data on optimization of cognitive ability by MMN neurofeedback training; to the best of our knowledge, no studies have investigated the effect of MMN neurofeedback on memory brain function.

In this study, we recruited patients with SCD mainly for the short-term tight MMN neurofeedback training. The present pilot study aims to investigate the neurofeedback training based on MMN amplitude to determine whether the training has a positive effect on the regulation of the MMN characteristic in SCD patients. It is hypothesized that the MMN amplitude can be improved by short-term close training based on neurofeedback. Second, we hypothesized that WM performance may be enhanced by MMN neurofeedback training in patients with SCD. MMN neurofeedback may be an effective intervention method to enhance WM in SCD patients and the elderly with aging memory decline.



MATERIALS AND METHODS


Participants

A total of 17 right-handed patients with memory concerns were recruited from the memory clinic of the Department of Neurology, Xuanwu Hospital, Beijing, China. The study was approved by the Medical Research Ethics Committee and Institutional Review Board of Xuanwu Hospital. All subjects underwent a series of standardized clinical assessments, including a medical history interview, a neurological examination, a blood examination, and a series of neuropsychological tests. All participants provided a written informed consent before performing any experimental procedures. We performed neuropsychological tests to evaluate cognitive function, social and daily functions, mental behavioral symptoms, sleep, clinical characteristics, and various cognitive domain scales. The scale results of the participants are shown in Table 1. Experienced neurologists performed the diagnoses. The diagnosis of SCD was based on published SCD research criteria proposed by the Subjective Cognitive Decline Initiative (SCD-I; Jessen et al., 2014). SCD subjects were able to complete all neurofeedback training within 2 weeks.

TABLE 1. Demographics and characteristics of the sample.
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Experimental Design

The experiments included neurofeedback training, memory-based cognitive tests, and auditory frequency discrimination tests before and after the training (see Figure 1). The typical procedure for estimating auditory frequency discrimination was using a frequency increment detection paradigm, where listeners are instructed to compare a reference tone with a series of lower or higher frequency tones (Kishon-Rabin et al., 2004). Memory tests included visual digital N-back, auditory digital N-back, and auditory tone N-back, which are mainly used to test the WM ability of the subjects. The neurofeedback training calculates the amplitude of MMN of the subjects in real time by giving the auditory tone stimulus and performing a visual signal feedback to allow the subjects to independently adjust the amplitude of MMN.


[image: image]

FIGURE 1. Experimental design of the mismatch negativity (MMN) neurofeedback training.





Auditory Frequency Discrimination Test

In this experiment, 1,000 Hz was used as a standard (reference) tone, with a set of comparison stimuli varying from 500 to 1,500 Hz in 100 Hz steps (e.g., 500 Hz, 600 Hz, 700 Hz, 800 Hz, 900 Hz, 1,100 Hz, 1,200 Hz, 1,300 Hz, 1,400 Hz, and 1,500 Hz). Each subject received auditory stimuli transmitted by a GSI-61 audiometer with binaural presentation via headphones (TDH 50) at 65–70 dB HL. The whole experiment was performed using E-Prime (Psychology Software Tools Inc., Pittsburgh, PA, USA). Each subject received 10 sets of pretrials to become familiar with sound stimulation. The actual test lasted for approximately 30 min.



Working Memory Test

WM refers to the structures and processes used to temporarily store and manipulate information during ongoing processing and distraction. The N-back task is one of the most popular measures of WM in cognitive neuroscience. In a classical N-back task, subjects are presented with a series of stimuli, and the task is to determine if each stimulus is consisted with an Nth stimulus shown previously. By manipulating the value of N, the processing load can be changed systematically, which influences the changes in accuracy and reaction time (RT; Jaeggi et al., 2010). In this experiment, we adopted a visual digital N-back (1-, 2-, and 3-back), an auditory digital N-back (1-, 2-, and 3-back), and an auditory tone N-back (1-, 2-, and 3-back). N-back uses three types of stimuli: visual digits (digits from 1 to 9, except 7), auditory digits (digits from 1 to 9, except 7), and auditory tone (tone frequencies include 200 Hz, 400 Hz, 800 Hz, 1,000 Hz, 1,200 Hz, 2,000 Hz, and 4,000 Hz; Zhang et al., 2016). The digits were recorded from Google with Chinese pronunciation.



Neurofeedback Training

The neurofeedback training was completed five times in 2 weeks with an interval of less than 3 days and more than 1 day by all participants. Each neurofeedback training contains five training sessions. The standard MMN was induced by a standard stimulus of 1,000 Hz (80%), and the deviant stimulus of 2,000 Hz (20%) was based on the oddball paradigm (Lin Y. et al., 2013). A modification of the MMN neurofeedback training protocol was used in this study (Chang et al., 2014). MMN was elicited by an auditory stimulus based on an oddball paradigm: 1,100 Hz was the standard stimulus; the deviant stimulus was two times the individual auditory discriminant threshold value (Restuccia et al., 2009). The standard stimulus accounted for 80% of the stimuli. The stimuli were presented in a random order. The frontal (Fz), central (Cz), and parietal electrodes (Pz) were used as the training sites.

During each neurofeedback training session, the first MMN amplitude was used as the individual baseline threshold. Then, the amplitude of MMN was updated every 0.5 s. The amplitude of the real-time MMN was fed back as a visual disc signal, and the radius of the disc was proportional to the amplitude of MMN. When the real-time MMN amplitude was greater than the threshold, a red disc appeared; otherwise, a green disc appeared. Subjects were instructed to focus on the visual stimuli and silently count the red discs during training to ignore the auditory stimuli. During the neurofeedback training, the subjects attempted to use their strategies to try to increase the number of appearances of red discs (Pei et al., 2020).



Data Processing and Statistical Analysis

The results of the auditory discrimination threshold test and the N-back tasks were analyzed by the E-Prime software. The curve fitting of the method is based on a weighted cumulative Gaussian distribution function f(p), as shown in Equation (1):
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where σ is a parameter describing the steepness of the curve and can be considered as a qualitative measure of the 84% discrimination threshold and standard (1,100 Hz). R2 evaluates whether each psychometric function fits a cumulative Gaussian distribution (Wichmann and Hill, 2001a,b; Pei et al., 2020).

The EEG data were analyzed offline via EEGLAB, an open-source MATLAB toolbox for electrophysiological signal processing (Delorme and Makeig, 2004). The raw EEG signal underwent 0.5 Hz high-pass and 45 Hz low-pass FIR filters. Independent component analysis (ICA) was used to reject artifacts of the EEG signals, and the main components are responsible for the eye movements and blinks.

Statistical analysis was performed by using SPSS 19 (SPSS, Chicago, IL, USA). Data are expressed as the mean ± standard error. A pointwise paired t-test of the standards and deviants was performed from 100 ms to 300 ms of ERP.

The amplitude and latency of MMN during the training were statistically analyzed using a repeated measures analysis of variance (ANOVA) with the “training day” (day 0 to day 5) and “electrode” (Fz, Pz, and Cz). A paired t-test was performed to compare the pre/post neurofeedback training (day 0 and day 5). Auditory discrimination accuracy was statistically analyzed using a repeated-measure ANOVA within the assessment time (pre/post training) and “frequency” (500–1,500 Hz in 100 Hz steps). The auditory discrimination threshold and the behavioral results of the WM were analyzed with the paired t-test. The significance level was set at p < 0.05, and high significance was set at p < 0.01. The previously described methods of statistical analysis have been verified by other experimental studies (Zhang et al., 2018).




RESULTS

We evaluated the standard MMN changes from ERP, auditory frequency threshold, and WM ability by cognitive behavioral tests. The amplitude of MMN was significantly increased with no significant change in latency after 5 days of MMN neurofeedback training at Pz. The accuracy of the subjects in the auditory tone 3-back test was increased significantly.


ERP Analysis of MMN

We collected the standard MMN of the subjects before the first training and after each training day. The six ERP waveforms at the Fz, Cz, and Pz electrodes are shown in Figure 2A. The results demonstrate high signal-to-noise ratio of ERP waveforms of the subjects and a more pronounced MMN that appears at the last training (day 5) at all three midline electrodes. Assessment of the amplitude or latency of MMN during the neurofeedback training (from day 0 to day 5) by repeated measure indicates that the “training day” has no major effect (amplitude: F(5,80) = 1.230, p = 0.303; latency: F(5,80) = 1.230, p = 0.303). Therefore, the MMN characteristics of the subjects did not change significantly with increase in the number of training days. However, the amplitude of the MMN at the Pz electrodes was significantly improved after 5 days of neurofeedback training according to the paired t-test (t = 2.232, p = 0.040). There was no significant increase of day 5 in the Fz (t = 1.054, p = 0.308) and Cz values (t = 1.307, p = 0.210) compared with that observed on day 0. The latency of MMN showed no significant changes at each electrode after five training days (Fz: t = 0.358, p = 0.725; Cz: t = −1.917, p = 0.073; and Pz: t = −1.815, p = 0.088; Figure 2B).
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FIGURE 2. Event-related potential (ERP) waveforms of the standard stimuli, deviant stimuli, and mismatch negativity (MMN; A), and the amplitudes and latencies of MMN at frontal (Fz), central (Cz), and parietal electrodes (Pz; B). (A) MMN waveforms were obtained by subtracting the ERPs in response to the standard stimuli from ERPs in response to the deviant stimuli. The gray shaded areas show the significant differences between the standard and deviant stimuli from 100 ms to 300 ms, p < 0.05. (B) Paired t-test; day 5 compared with day 0, *p < 0.05.



Figure 3 shows the amplitudes and latencies of MMN at 19 channels of each subject. In addition to three midline training electrodes, the amplitudes of the MMN at other locations after neurofeedback training were increased, especially in subject No. 13, in whom the whole brain was effectively improved. With regard to latencies, the number of electrodes with reduced signal is almost the same as that of increased signals.


[image: image]

FIGURE 3. Standard values of individual MMNs before and after the neurofeedback training. The amplitudes (A) and latencies (C) of the individual MMNs were normalized by processing the true values from 0 to 1. (A,C) The maximum value of the amplitude is shown in white, and the minimum is shown in black for each subject. (B,D) Statistics of the number of electrodes on day 5 performance amplitudes compared with that on day 0.





Auditory Discriminability

The auditory discrimination threshold of an individual was tested before and after the training, and the value before the training was used as the personalization parameter (deviant stimuli) of the MMN neurofeedback protocol.

The results of the threshold fitting curve indicate that the range and gradient of the test frequency in the auditory frequency discrimination test were suitable for the SCD patients; the σ value was almost 1 before (σ = 0.991) and after (σ = 0.996) the neurofeedback training (Figure 4A). The threshold value was reduced overall after the neurofeedback training (Figure 4B), but the reduction was not significant (t = 0.261, p = 0.798) due to individual differences (Figure 4D). The average accuracies of 1,100 Hz and 1,500 Hz detection declined; however, detection of all other test frequencies was improved compared to that before the training (Figure 4C). Assessment of discrimination accuracy of test frequency by repeated measure indicates that there is no major effect of assessment time (pre/post neurofeedback; F(1,16) = 0.776, p = 0.391). There were large individual differences in the accuracy rate, although 10 of 17 participants have improved after the training (Figure 4E).
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FIGURE 4. Performance of auditory frequency discrimination task before and after the neurofeedback training. (A) Frequency threshold fitting curve; (B) discrimination threshold value; (C) discrimination accuracy. Individual performance of auditory frequency discrimination test as a threshold fitting curve (D) and as accuracy (E).





Working Memory Performance

Considering the differences in the educational levels and cognition between the participants, we have conducted three types of WM for cognitive assessment, and the auditory tone 3-back test performance was significantly improved in accuracy after the neurofeedback training.

The accuracy and RTs of three types of the N-back tasks before and after the neurofeedback training were analyzed by a paired t-test. The results showed that the effect of the neurofeedback training was not significant for accuracies of visual digital N-back (1-back: t = −1.765, p = 0.097; 2-back: t = −1.676, p = 0.113; 3-back: t = −0.841, p = 0.413) and auditory digital N-back (1-back: t = −1.957, p = 0.068; 2-back: t = −1.001, p = 0.332; 3-back: t = −1.437, p = 0.170), although the values show an upward trend. However, for the auditory tone N-back, there was a significant improvement in accuracy in auditory tone 3-back (t = −2.947, p = 0.009); 1-back (t = −1.838, p = 0.085) and 2-back (t = −1.714, p = 0.106) showed no significant difference. No significant differences in RTs were found in visual digital N-back (1-back: t = −0.616, p = 0.546; 2-back: t = 0.676, p = 0.509; 3-back: t = 0.248, p = 0.807), auditory digital N-back (1-back: t = 0.198, p = 0.846; 2-back: t = 1.314, p = 0.207; 3-back: t = 0.258, p = 0.799) or auditory tone N-back (1-back: t = 1.259, p = 0.226; 2-back: t = 0.738, p = 0.471; 3-back: t = 1.318, p = 0.206; Figures 5A–C). Individual performance results showed that after the neurofeedback training, the accuracy was improved and the response speed was faster than before in various WM tests; however, most of the results were not statistically significant except the 3-back auditory tone task (Figures 5D,E).
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FIGURE 5. Accuracy and reaction times (RTs) of the N-back tasks. (A) Visual digital N-back, (B) auditory digital N-back, and (C) auditory tone N-back. **p < 0.01; red or black bars above and below the graph show the maximum and minimum accuracy or RT in each task, respectively. The statistics evaluation of the tasks based on the performance of individuals as accuracy (D) and RT (E).



The difficulty level of 1-back is the lowest, and thus, most of the participants did not obtain a significant improvement after the training because they had already achieved high scores before the training. The difficulty level of 2-back is medium, and the majority of the subjects clearly improved the accuracy of the tests. The most difficult task is 3-back; 13 subjects improved the accuracy, and the clinical effective rate (the number of improved/the number of non-improved) reached 76.47% (Figure 6A). The RTs of a task were increased concomitant to the difficulty of a task. In other words, the 1-back task is the fastest, and the 3-back task is the slowest. The neurofeedback training had no effect on RTs in 1-back, 2-back, or 3-back tasks (Figure 6B).
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FIGURE 6. Performance of the individuals in working memory (WM) tasks as accuracy (A) and RT (B). The red line indicates that the accuracy was increased or that the reaction speed improved; the black line indicates that the accuracy was deceased and the reaction speed declined; and the blue line indicates no changes in performance accuracy.






DISCUSSION

In this study, we successfully used an MMN neurofeedback protocol in SCD patients. After five training days during 2 weeks, the training significantly strengthens the amplitude of MMN and increases performance of the patients in WM tests, especially in the auditory tone 3-back tasks. This study is the first to explore the effect of the MMN neurofeedback training on auditory frequency discriminability and enhancement of the working auditory memory in SCD patients by regulation of the MMN activity.


Unconscious Learning and Personal Intervention Method

Recently, fMRI neurofeedback studies have shown that brain networks can be modified without intention and learning consciousness (Ramot et al., 2016). The activity of the visual cortex can be regulated to influence the visual perceptual learning with no stimulus presenting or the subjective consciousness of the subjects during the neurofeedback training (Shibata et al., 2011; Chang et al., 2014). MMN responses are elicited by any discriminable auditory change that cannot be consciously discriminated. The healthy participants can unconsciously experience a significant improvement in the auditory discrimination of the stimuli applied during a previous study. Each subject was asked to focus on the visual signal (red discs) during our MMN neurofeedback training, and the subjects were required to neglect the auditory stimuli of the experiment as much as possible. Moreover, our results showed that the improvement of the amplitudes of MMN after the training is in agreement with previous studies (Chang et al., 2014). Numerous studies demonstrated that the parietal cortex is consistently linked to and involved in human memory processing, although early studies mostly focused on the medial temporal and frontal lobes (Gilmore et al., 2015). The intrinsic connectivity of the parietal memory network (PMN) reflects the familiarity of the stimuli in memory encoding and retrial and is disrupted in AD (Hu et al., 2019). The Pz electrode may be a potential target site for memory regulation in the neurofeedback training. The latencies of MMN in SCD patients showed no significant differences after training. The individual auditory discrimination threshold was used as the deviation stimulus in our study while a previous study used a fixed frequency as the deviation parameters. Some of our results are inconsistent with the previous data, and the discrepancy may be caused by different paradigm parameters of the experimental design (Chang et al., 2014, 2017). Considering that the MMN index discrimination of various sound stimuli can result from a rigid matching similar to behavioral discrimination, the MMN signals are associated with the magnitude of deviation and involve perceptual discriminability (Näätänen et al., 2017). In SCD patients, auditory discrimination is different because we observed that the auditory frequency discrimination threshold ranges from 1,200 to 300 Hz. A personal protocol to regulate the amplitude of MMN may be more suitable in the clinical neurofeedback training. Therefore, our results generate additional evidence that MMN neurofeedback can be used as an EEG-specific unconscious and personal neurofeedback training in the SCD patients, thus raising a possibility for a clinical intervention even in the case of the states of altered consciousness.



Improving the Auditory Discriminability

Previous studies in 2014 have shown that MMN neurofeedback training can improve discrimination between very similar tones, such as “1,000 Hz” and “1,008 Hz” by Chang et al. (2014). A study published in 2017 used MMN neurofeedback to successfully discriminate the English pronunciation between the letters “l” and “r” to facilitate the foreign language learning (Chang et al., 2017). These studies focused on the use of learning to discriminate the targeting of the similar stimuli, similar to discrimination between standard and deviant stimuli during the neurofeedback training to elicit MMN. However, in our study, the individual auditory discrimination threshold has to be considered because individual deviant stimuli were used in the training protocol. The thresholds decreased after the training indicating that auditory discrimination is improved; however, this effect was not statistically significant and only 60% of SCD patients (n = 10) were successful. We found that the accuracy of those SCD patients, which failed to decrease the auditory discrimination threshold, was lower than the accuracy in the successful tasks; the measurement of the threshold is based on the successful task statistics. Importantly, the subjects who demonstrated good training results have more compact training time. Previous studies indicate that different training intensity will influence the training effect and excessive or insufficient training may actually reduce the effectiveness of the training. Monitoring the learning curves of the subjects to set the appropriate training cycles may be implemented in the future. Moreover, the most successful subjects used the psychological strategies for recalling positive things or focusing on certain things during the neurofeedback training and were able to adjust their psychological strategies autonomously when their training scores were decreased. To improve the efficiency of the intervention, the optimal training intensity and psychological strategy are worth to be explored in the future studies (Enriquez-Geppert et al., 2017).



Enhancing the Performance of Auditory Working Memory

At present, memory regulation based on the neurofeedback focuses on the regulation of the EEG frequency band. Training the alpha rhythm activity by neurofeedback to increase memory and attention has to consider that alpha activity inhibits the processes that are unnecessary or conflicting with the task being performed and thus can promote attention and memory by actively suppressing the distracting stimuli (Klimesch, 1999). Theta oscillations have been correlated with the memory encoding (Sauseng et al., 2010), and their excess is detected in AD patients; regulation of the theta activity always involved a neurofeedback protocol in the healthy subjects to enhance memory, even in the MCI, AD, and dementia patients (Luijmes et al., 2016). Previous studies have shown that in schizophrenic patients, MMN impairment is accompanied by poor WM performance (Kiang et al., 2007); a similar association is observed in the case of WM impairment in alcoholics and low performance of MMN (Bonetti et al., 2018). WM is considered a cognitive system, which is responsible for operating the information of various sensory modalities; and the neurons of the pre-supplementary motor area encode tactile and auditory information involved in the WM tasks, thus using a shared representation for both sensory modalities. A recent study indicated that individuals with higher visual WM performance have increased automatic neural responses to changes in the auditory characteristics (Bonetti et al., 2018). In older adults, automatic auditory processing guided by selection history was largely lacking (Sur and Golob, 2019). From the perspective of neurobiology, the generation of MMN is associated with N-methyl-D-aspartate receptors (NMDRs), which is the major molecular device for regulating the plasticity of the synaptic and memory functions (Li and Tsien, 2009). NMDRs are crucial in the activity-dependent synaptic changes, learning, and WM due to mediation of the excitatory postsynaptic potentials (Baez et al., 2018; Lisman et al., 1998). Moreover, auditory mismatches engage a hierarchical functional network of cortical sources, which are also interconnected by auditory white matter pathways. Neuroimaging studies have found that a disrupted pattern of the AD connectome that starts in peripheral regions, which refer to a set of cortical regions weekly connected in brain structural networks, and then hierarchically propagates to highly connected cortical brain regions, when patients show clinical symptoms. Moreover, peripheral regions might contribute to impaired memory performance in patients with SCD (Wang et al., 2017; Yan et al., 2018). Neurofeedback training can improve the auditory cortex plasticity by regulating neuronal synaptic plasticity and changing the neural networks of the brain (Emmert et al., 2017). Neurofeedback is a safe and noninvasive intervention that can influence cognitive functions and behavioral changes. To date, no adverse reactions of the neurofeedback training have been reported; however, it is not recommended to train people with serious mental problems (Marzbani et al., 2016). Therefore, enhancing WM based on the MMN neurofeedback may be an effective method of intervention not only in SCD patients but also in healthy older people; however, the persistence of the training effects lacks the data of the clinical follow-up study.

In this study, we have designed three types of WM in the form of N-back with three types of levels to assess the effects of the training to account for the degree of completion of the tasks in SCD patients with various educational backgrounds. The results indicate that the accuracy scores were improved in all WM tests vs. baseline and especially in the auditory tone 3-back, which significantly increased after the training. The auditory tones are the stimuli to induce MMN; thus, there is a limit of the performance of the WM effect with regard to the visual and auditory digits. Previous studies have shown an impact of the stimulation task type training on the WM types (Chan et al., 2019; Linares et al., 2019). A behavior study showed that enhanced transfer of the auditory discrimination learning is mediated by WM, which reflects that WM updating is related to fine auditory discrimination (Zhang et al., 2016). Actually, SCD is not strongly correlated with the concurrent level of cognitive ability as measured by objective cognitive tests; previous studies have shown that subjective memory complaints are associated with subsyndromal or subclinical depression in community-dwelling older adults (Zlatar et al., 2018). Therefore, the targeting of specific interventions for the regulation of cognitive ability will be more helpful in the case of the intervention treatment of patients with heterogeneous SCD.



Limitations and Further Research Directions

To assess the effectiveness of the clinical intervention, certain issues deserve further attention. For experimental design, setting up a double-blind experiment with a strict control group will be more convincing to demonstrate the effect of the training. Given the heterogeneity of patients, in addition to SCD heterogeneity, to include differences in the learning ability and living conditions, recruitment of a control group with similar subject characteristics is difficult considering that post-training activities that influence training results cannot be controlled. Current clinical intervention studies focus on small samples and the desired sample should be as large as possible. The timeline of the assessment of the clinical scales is usually longer than 3 months; hence, the methods and tasks for accessing the short-term intervention need to consider the operability and effectiveness of the patients. Moreover, we focused on discussion of the individual results while explaining the average results. Given the importance of SCD in diagnosis of the neurocognitive disorders and as potential predictor of a future cognitive decline, the individualization and targeted treatment of intervention methods will be explored in the future studies.

We propose a novel neurofeedback protocol based on the MMN amplitude to improve the performance of auditory WM in SCD patients. The preliminary results of our study may indicate that neurofeedback training based on MMN may be a potential treatment for the elderly with aging memory decline.
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Curative therapies or treatments reversing the progression of Parkinson’s disease (PD) have attracted considerable interest in the last few decades. PD is characterized by the gradual loss of dopaminergic (DA) neurons and decreased striatal dopamine levels. Current challenges include optimizing neuroprotective strategies, developing personalized drug therapy, and minimizing side effects from the long-term prescription of pharmacological drugs used to relieve short-term motor symptoms. Transplantation of DA cells into PD patients’ brains to replace degenerated DA has the potential to change the treatment paradigm. Herein, we provide updates on current progress in stem cell-derived DA neuron transplantation as a therapeutic alternative for PD. We briefly highlight cell sources for transplantation and focus on cell assessment methods such as identification of genetic markers, single-cell sequencing, and imaging modalities used to access cell survival and function. More importantly, we summarize clinical reports of patients who have undergone cell-derived transplantation in PD to better perceive lessons that can be drawn from past and present clinical outcomes. Modifying factors include (1) source of the stem cells, (2) quality of the stem cells, (3) age of the patient, (4) stage of disease progression at the time of cell therapy, (5) surgical technique/practices, and (6) the use of immunosuppression. We await the outcomes of joint efforts in clinical trials around the world such as NYSTEM and CiRA to further guide us in the selection of the most suitable parameters for cell-based neurotransplantation in PD.

Keywords: Parkinson’s disease, dopaminergic neurons, transplantation, stem cells, imaging modalities, neuroimaging, clinical trials


INTRODUCTION

Parkinson’s disease (PD) is one of the most prevalent chronic neurodegenerative disorder characterized by the selective, progressive loss of nigrostriatal dopaminergic (DA) neurons in the substantia nigra pars compacta. The main hallmarks of PD include the presence of α-synuclein positive Lewy bodies and neuroinflammation (MacGeer and McGeer, 2008; More et al., 2013) that extends across many areas of the central nervous system (CNS), affecting the enteric and autonomic systems, in particular (Goedert et al., 2013), causing impairments in motor movements such as bradykinesia (slowed movements), tremors, postural instability, and muscle rigidity. Furthermore, PD patients have shown non-motor disease manifestations such as rapid eye movement (REM), sleep behavior disorders, depression, hyposmia, and constipation (Olanow et al., 2009). Unfortunately, there are no curative therapies available to modify or reverse the progression of the underlying disease processes to date.

The current gold standard for PD treatment is through the ingestion of levodopa, which has been approved by the US Food and Drug Administration in the 1970s and has continuously shown positive results in temporal amelioration of PD symptoms (Fahn, 2003, 2006). However, long-term exposure to levodopa results in a gradual decrease in drug effectiveness and shorter periods of benefit, leading to levodopa-induced dyskinesias (motor fluctuations), as well as psychiatric and cognitive problems. Alternatively, surgical strategies, such as deep brain stimulation (DBS), have shown to alleviate PD motor symptoms (Siegfried and Lippitz, 1994; Limousin et al., 1995) and offer symptomatic relief that cannot be controlled with medications (Alamri et al., 2015). However, its application is not only limited to early-to-mid PD stages but also loses efficacy after a few years (deSouza et al., 2013).

In the last few decades, cell-based therapy using human stem cells has made large strides in overcoming the abovementioned limitations in PD treatment. Also known as regenerative medicine, stem cell therapy is believed to replace diseased, dysfunctional, or damaged tissue in hopes to restore lost neuronal circulatory caused by focal degeneration of mesencephalic dopaminergic (mDA) neurons. Specifically, neural progenies from pluripotent stem cells (PSCs) are known to hold great potential as a succeeding treatment for neurodegenerative diseases (Hu et al., 2010; Kriks et al., 2011; Ma et al., 2012). Today, DA neurons differentiated from stem cells are paving the way as a new, alternative approach in the treatment of PD. In this review article, we briefly highlight the major sources of stem cells used in preclinical and clinical PD observations (have been thoroughly reviewed in various articles, refer to Stoker, 2018). We focus on key methodologies currently applied in cell assessment, imaging modalities, and also further discuss ongoing stem cell-based clinical trials in PD. This also includes key challenges that the field is encountering and the prospects of stem cell therapy in PD.



CELL SOURCES

First, we briefly discuss the various types of stem cells currently being used as a source for cell-based therapy in PD. We also include the pros and cons of each cell line (Table 1), followed by the characterization of graft quality through various cell assessment methods (Cell Assessment of Differentiated DA Neurons section).


TABLE 1. Cells used in transplantation for Parkinson’s disease (PD).
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Fetal Ventral Mesencephalic Cells

In the early 1970s, Olson and colleagues successfully transplanted adrenal chromaffin cells and embryonic DA neurons into the anterior chamber of the eye in rats and showed that the viability of grafted neurons was best achieved using developing embryonic neurons (Olson and Malmfors, 1970; Olson and Seiger, 1972). Parkinsonism rat and monkey models grafted with early gestational age dopamine-rich mesencephalic neurons formed neurite protrusions and synthesize dopamine (Dunnett et al., 1983; Brundin et al., 1986; Redmond et al., 1986; Stromberg et al., 1986; Bakay et al., 1987). Furthermore, successful integration of transplanted cells into the host brain neuronal network was demonstrated through synaptic integration using a rabies-based monosynaptic tracing method (Cardoso et al., 2018). Behavioral studies in PD rodents and primates with human fetal DA neuron transplantation showed higher efficacy in improvement of behavioral deficits as compared to conventional adrenal medullary tissue transplants (Bjorklund and Stenevi, 1979, Perlow et al., 1979; Freed et al., 1981; Morihisa et al., 1984). Also, pioneering clinical studies in human fetal ventral mesencephalic (fVM) transplantation into the caudate and putamen of PD patients in Sweden, United Kingdom, and United States reported moderate amelioration of PD symptoms (Lindvall et al., 1988; Madrazo et al., 1988; Freed et al., 1990; Freed et al., 2001; Olanow et al., 2003). Moreover, normal striatal F-DOPA uptake was 3–5 years post-surgery, including gradual motor improvements that sustained up to 18 years post-transplantation (Kefalopoulou et al., 2014). However, the majority of successful cases were performed in PD patients under the age of 60 (Ma et al., 2010). Whether graft-induced dyskinesias are characteristics of neural transplantation has to be better studied and analyzed (Freed et al., 2001; Hagell et al., 2002; Olanow et al., 2003; Ma et al., 2010). Nonetheless, obtaining as many as up to seven human fetal donors (aged 6–9 weeks after conception) for each host raises many ethical concerns and logistical challenges for a disease affecting millions of people worldwide (Steinbeck and Studer, 2015; Barker and Consortium, 2019). Furthermore, the difficulty in preaccessing a cell type before transplantation is a major challenge in standardization as the heterogenicity of cell population within the graft is inevitable, contributing to high variability in the degree of symptomatic recovery. All in all, the additional risk in cell contamination of unwanted cell types during tissue extraction hampered the downstream translation of fVM transplantation as an alternative therapeutic option.



Human Embryonic Stem Cells

Due to the abovementioned ethical controversies in utilizing hfVM tissues for cell-based therapy (and other limitations), human embryonic stem cells (hESCs) were identified as a prospective substitute (Thomson et al., 1998; Reubinoff et al., 2000; Barker, 2014). These subsets of pluripotent cells are located in the inner cell mass of early embryonic blastocyst commonly derived from in vitro fertilization (Evans and Kaufman, 1981; Thomson et al., 1998) and hold the capability to generate into a plethora of cell lines through a spontaneous differentiation protocol in vitro (Itskovitz-Eldor et al., 2000; Lee et al., 2000; Reubinoff et al., 2001; Zhang et al., 2001). In the case of neuroepithelial cell-derived DA neuron differentiation, cells showed an increase in a multitude of cellular marker expression for midbrain DA neurons with fiber outgrowth (Thomson et al., 1998; Kawasaki et al., 2000; Kim et al., 2002) and electrophysiologically active neurons that produced DA in an activity-dependent manner (Yan et al., 2005). In later years, it was identified that DA neurons unlike all other neurons are generated from the midbrain floor plate. With newly improvised DA neuron differentiation protocol (Fasano et al., 2010; Kriks et al., 2011; Kirkeby et al., 2012), a significant upregulation of midbrain DA neuronal markers was observed along with recovery in motor defects in preclinical studies (Kirkeby et al., 2012, 2017a; Grealish et al., 2014). Unfortunately, key limitations lie in the difficulty in controlling the maturation stage of embryonic cultures and cellular heterogeneity, which may lead to negative outcomes in therapeutic applications (Stewart et al., 2006; Roy et al., 2006; Cho et al., 2008; Koch et al., 2009). Other caveats include the associated risk in tumor generation and teratoma due to their high pluripotent phenotype (Ben-Hur et al., 2004; Roy et al., 2006; Brederlau et al., 2006; Sonntag et al., 2007; Yang et al., 2008). In 2001, ethical concerns in hESC research resulted in a restriction on federal fundings in the United States. Fortunately, this legislation has been revoked by President Barack Obama in 2007. With this advantage, New York Stem Cell Science Consortia at Memorial Sloan Kettering Cancer Center conducted ongoing projects such as the development of good manufacturing practice (GMP) clinical-grade hESC-derived DA neurons for FDA approval in future transplantation studies (refer to section “GMP cryopreservation of cells”), optimization of cell purification to enrich A9 type DA neurons, and also, active involvement in strategical planning for clinical trial of hESCs in Parkinson’s disease.1



Human-Induced Pluripotent Stem Cells (hiPSCs)

The field of stem cell research and regenerative medicine was revolutionized in 2006 when human fibroblast cells were successfully reprogrammed into pluripotent cell lines using four transcription factors: c-Myc (or Nanog, Lin28), Oct3/4, Klf4, and Sox2 (Takahashi and Yamanaka, 2006; Takahashi et al., 2007; Yu et al., 2007). Reprogrammed iPSCs have been a highly attractive cell source as they have the characteristics of hESCs (in terms of morphology and genetic profile) (Fairchild, 2010; Phanstiel et al., 2011), and they have a relatively simpler extraction process. Tissue collection is non-invasive as host cells from skin fibroblast (Pulecio et al., 2014), peripheral blood mononuclear cells, and umbilical cord mesenchymal cells (Park et al., 2008; Senju et al., 2011; Biju et al., 2013; Qin et al., 2013) could be used to differentiate into patient-specific neurons in vitro (Soldner et al., 2009; Beevers et al., 2013; Eigentler et al., 2013; Sison et al., 2018). This would also avoid allogenic recognition and ethical concerns (Takahashi and Yamanaka, 2016). In PD studies, the quality of iPSC-derived DA neurons was highly similar to that of hESCs (Cooper et al., 2010; Doi et al., 2014; Kikuchi et al., 2017; Lehnen et al., 2017), and human leukocyte antigen (HLA)-matched allogeneic neural transplantation into monkeys increased the efficacy of cell survival and function (Morizane et al., 2017). Animal studies demonstrated successful amelioration of PD symptoms resulting from iPSC-derived DA neuron transplantation (Wakeman et al., 2017). Further refinement and characterization are necessary to achieve precise cell fate conversion of reprogrammed cells. Similar to ESCs, it is important that minimal manipulation is made during reprogramming prior to cell delivery.



GMP Cryopreservation of Cells

The generation of good manufacturing practice (GMP)-compliant, deliverable midbrain DA (mDA) progenitors/neurons optimized for cell-based therapy for PD is a major challenge. Currently, a diverse collection of clinical-grade hESC lines are available as starting material to generate GMP-compliant mDA progenitors/neurons. In fact, GMP compliant differentiation protocols and reagents have been successfully applied to generate GMP mDA neurons (Liu et al., 2013; Peng et al., 2014).

In comparison, the availability of clinical-grade iPSCs is relatively lesser due to the lack of technology that involves complex reprogramming methodologies. Major hurdles of the clinical translation of mDA cells therapy include (i) quality control of the identity, safety, and efficacy of cell product in a consistent and real-time manner, (ii) determination of the precise time points at which DA precursors/neurons can be cryopreserved and banked without affecting its’ quality, (iii) good postthaw viability of mDA cells, and (iv) characteristics and functionality of the population of cells should have minimal to no alterations after thawing. XCell Science has generated GMP-compatible authentic DA neurons, which are functional when transplanted into PD animal model (Peng et al., 2014) where cells were cryopreserved at day 14 after neuronal stem cell (NSC) stage. Similar studies were also reported by Cellular Dynamics International using more mature mDA cells in postmitotic stage (Wakeman et al., 2017). Successful generation of GMP-grade cryopreserved cells would allow for storage of a large batch of DA neurons and also increase the flexibility in operational schedule organization without the dependence on GMP-manufacturing site.



CELL ASSESSMENT OF DIFFERENTIATED DA NEURONS

Understanding the key type of DA neurons required to achieve downstream restoration of PD pathology is essential. The mesotelencephalic DA system in the midbrain contains two main groups: the A9 neuronal clusters of the nigrostriatal DA pathway located in the zona compacta, the substantia nigra involved in the control of posture, and the A10 neurons located in the ventromedial mesencephalic tegmentum that regulates the locomotor activity and emotional behavior (Dahlstroem and Fuxe, 1964; Anden et al., 1966; Ungerstedt, 1971; Lindvall and Bjorklund, 1974; Pijnenburg et al., 1976; Papp and Bal, 1986). Dysfunction of the nigrostriatal system has been linked to Parkinsonism and later to schizophrenia, drug addiction, and depression (Robinson and Berridge, 1993; Meyer-Lindenberg et al., 2002). Differences between the two DA cell populations have been observed in neurochemistry and in spontaneous neuronal firing (Grenhoff et al., 1988; Wolfart et al., 2001; Neuhoff et al., 2002). More importantly, A9 neurons display significantly enhanced levels of neuromelanin pigmentation as compared to other dopamine-producing neurons (Mann and Yates, 1983; Hirsch et al., 1988; Gibb, 1992; Kastner et al., 1992). This could account for the association of early loss of A9 DA neurons in Parkinson’s disease with increased vulnerability upon disease progression with the relative preservation of A10 DA neurons (Hirsch et al., 1988; German et al., 1989; German et al., 1992; Damier et al., 1999; Halliday et al., 2005; Alavian et al., 2008).

Generally, stem cells are differentiated into specific nigra A9 DA neurons in large quantities prior to PD transplantation. This step has been thoroughly reviewed by many articles such as in Fan et al. (2020) and, thus, will not be further discussed here. However, we focus on developments in technology in cell assessment of differentiated DA neurons.


Assessment of the Efficacy of Cell Transplants With Immunostaining Characterization

Prior to stem cell transplantation, it is important to be able to fully characterize differentiated cell types to avoid heterogenicity of cell population (also known as cellular contamination). Previous studies have shown that transplantation of fetal SN-A9 DA neurons suffices the requirement for striatal reinnervation and recovery of PD-like behavioral observations (Grealish et al., 2010). However, tumor formation (Roy et al., 2006; Brederlau et al., 2006; Elkabetz et al., 2008; Doi et al., 2012) and development of graft-induced dyskinesia could arise from the high heterogenicity of serotonergic neurons (Carlsson et al., 2007; Politis et al., 2010). As cells are normally transplanted as immature progenitor cells, developing methods that can characterize and predict its functional maturation and therapeutic efficacy is crucial. Hence, to circumvent these limitations prior to proceeding into clinical trials, methods to isolate homogenous population of DA progenitor cells have been closely evaluated (Fukuda et al., 2006; Pruszak et al., 2009; Jonsson et al., 2009; Ganat et al., 2012; Sundberg et al., 2013). This includes developing meaningful quality control assays to assess cell type to avoid having heterogeneous mixtures of cells (includes phenotypes and degree of maturity) and batch-to-batch variation. The quality of differentiated mesencephalic A9 DA neurons that represent those in the substantia nigral para compacta or into immature progenitor cells is vital to determine the therapeutic efficacy of cell transplantation in the Parkinsonian brain. It is well understood that the orchestration of specific gene expression patterns is highly correlated to DA cell differentiation and survival. Therefore, the establishment and determination of specific gene expression markers have been used to positively characterize differentiated cells in vitro.

In the case of mDA progenitor neuron specifications, positive gene expression of common transcription factors FOXA2, LMX1A, and OTX2 and negative markers (non-neural) such as Afp, Gata4, and Brachyury have been quantitatively analyzed (Chung et al., 2009; Lin et al., 2009; Jaeger et al., 2011; Kriks et al., 2011; Kirkeby et al., 2012; Salti et al., 2013; Doi et al., 2014). More importantly, the upregulation and downregulation of these markers at a given stage in vitro governs the efficiency of cell fate determination. Unfortunately, these markers have been shown to coexpress in the diencephalic progenitor cells of the subthalamic nucleus (STN) (Kee et al., 2017). Furthermore, the expression of the positive genetic marker for DA neurons, tyrosine hydroxylase (TH), a rate-limiting enzyme in dopamine synthesis (Daadi and Weiss, 1999; Sonntag et al., 2004; Kirkeby et al., 2017a), and the levels of GIRK2 have also been observed in many cell types in vitro (Thompson et al., 2005; Kirkeby et al., 2012; Reyes et al., 2012; Grow et al., 2016). Moreover, common positive markers used to isolate high-quality DA progenitor cells include EN1 and SPRY1 (Simon et al., 2001; Alberi et al., 2004; Kirkeby et al., 2017a); Nurr1 (Le et al., 1999); FOXA2, LMX1B, and MSX1 (Andersson et al., 2006; Chung et al., 2011), and the bicoid-related homeodomain factor Ptx3/Pitx3 (Hargus et al., 2010). It is noteworthy that some discrepancies have been found with the requirement for the presence of floor plate-specific cell surface marker CORIN expression (Ono et al., 2007; Chung et al., 2011; Kriks et al., 2011; Kirkeby et al., 2012, 2017a; Doi et al., 2014; Arenas et al., 2015; Fan et al., 2020). A more recent study has identified a cell surface marker integrin-associated protein (IAP, CD47) as a positive marker for FOXA2-positive DA progenitor cells (Lehnen et al., 2017).

While these positive markers are required to narrow down the search for pure DA progenitor cells, negative markers such as Oct3/4, PAX6, and SOX1 for other midbrain neurons act as good controls to prevent introducing contamination with other neuronal subtypes during sorting. Last, terminal differentiation of DA neurons post-transplantation can be identified by the expression of neurotransmitter phenotype markers, namely, TH, dopamine transporter (DAT), Vmat2, Girk2, and Calbindin (Di Porzio et al., 1990; Sgado et al., 2006). It is crucial to take into consideration the wide genetic variation of iPSCs, which may harbor a large spectrum of genetic variation and even retain donor-specific gene expression pattern depending on multiple factors, such as the number of passages of the lineage or transcriptional factors introduced to induce cell differentiation (Rouhani et al., 2014; Thomas et al., 2015; Burrows et al., 2016; Carcamo-Orive et al., 2017). Nonetheless, growing evidence strongly suggests the need for heightened stringency in cell type evaluation. This is particularly important to avoid incomplete differentiation of cells, which could result in undesired reprogrammed cell lineages affecting functional deficits when transplanted into PD models (Park et al., 2005; Grow et al., 2016; Kirkeby et al., 2017a).



Single-Cell RNA-Seq to Evaluate the Quality of Cells

More recently, high-resolution analyses of cell type specificity such as single-cell transcriptomic analyses of neuronal populations of induced stem cells have pathed its way to become a new tool to increase the specificity during DA neuron extraction. This method would allow gene expression profiling of individual cells to better understand population heterogeneity and to distinguish between distinct cell subpopulations to increase the purity of desired cell lines (Poulin et al., 2014; La Manno et al., 2016; Reid and Wernisch, 2016; Lang et al., 2019; Tiklova et al., 2019). However, to achieve this, a specific set of cellular and gene regulatory network contexts have to be determined (as mentioned in the Assessment of the Efficacy of Cell Transplants With Immunostaining Characterization section). Although the presence of the PITX3 gene expression in adult mDA neurons suffices the criteria (Smidt et al., 1997), PITX3 was later shown to be present in both TH-positive and TH-negative cells (Tiklova et al., 2019). In the same study, single-cell RNA sequencing (scRNAseq) analyses were used to distinguish between several mDA subtypes with gene targeting. Moving forward, providing key proof-of-concept in utilizing scRNAseq as a tool for quality control would be the future for cell replacement therapies.



Assessment of the Efficacy of Cell Transplants With Imaging

Last, concurrent with the high demand for the optimization of cell graft visualization in PD, growing emphasis has been placed on enhancing the sensitivity and precision of the spatiotemporal resolution of functional neuroimaging. En route to successful cell transplantation as a therapeutic regenerative method for Parkinson’s disease, neuroimaging techniques have to be employed for better patient care. Some key features required to elucidate the therapeutic efficacy of transplanted cells for clinical diagnostics are (1) innervation, (2) survival, (3) differentiation, and (4) functional biochemistry composition. Furthermore, it is crucial that these imaging techniques are time efficient, safe, non-invasive, and allow repeated measures in an individual to determine longitudinal post-operative progression in patients with cell transplantation (Barrow et al., 2015; Ramos-Gomez et al., 2015). In this section, we summarize the pros and cons of current imaging modalities used in tracking cell grafts in PD and their respective biomarkers (Table 2).


TABLE 2. Imaging modalities used in cell transplantation for PD.

[image: Table 2]Magnetic resonance imaging (MRI) is a popular method for examining brain tissue morphology that uses strong magnetic fields coupled with contrast agents such as paramagnetic contrast agent (Gadolinium [III] [Gd3+], Manganese [Mn2+]), perfluorocarbons, or superparamagnetic iron oxide (SPIO) despite its challenges in differentiating tissues with structures that naturally emits low MRI signals like bones. Its biggest advantage is its superior spatial resolution, non-invasiveness, and relatively cost efficiency compared to other neuroimaging methods discussed below. Various lines of evidence strongly suggest the reliability of MRI in visualizing prelabeled transplanted cells such as ESCs (Sykova and Jendelova, 2007), fetal rat cortical cells (Hawrylak et al., 1993), and fetal striatal tissues (Norman et al., 1992) in rats. Furthermore, MRI has been used to evaluate edema and inflammation in tissues surrounding cell-transplanted sites in mice and primates (Anderson et al., 2005; Iwanami et al., 2005). It is important to note that false MRI signals may result from the residual build-up of SPIO nanoparticles released from dead transplanted cells and engulfed by macrophages and activated microglia (Amsalem et al., 2007; Liu and Frank, 2009; Cupaioli et al., 2014; Ramos-Gomez and Martinez-Serrano, 2016). Additionally, cells prelabeled with contrast agents prior to transplantation may show diluted and faded contrast over time as cells proliferate within the transplanted site, which may lead to a reduction in signal. Finally, MRI technology is predominately used in multimodality neuroimaging of cell transplantation by combining both structural and functional readouts for the improved refinement of clinical diagnostics. To this end, it could be coupled with the high sensitivity but low-resolution bioluminescence imaging (Tennstaedt et al., 2013), an economical and non-invasive technique using enzymatic chemiluminescence that allows full temporal live tracking of viable transplanted grafts.

Single-photon emission computed tomography (SPECT) is a type of nuclear imaging technique that utilizes specific gamma-emitting isotopes (compounds derived from cocaine that bind to the dopamine transporter) to analyze the integrity of the nigrostriatal DA pathway in PD (Son et al., 2016). SPECT biomarkers allow for the detection of presynaptic neuronal degeneration (Marshall and Grosset, 2003) and D2-type post-synaptic receptor density (Thobois et al., 2001). The clinical utility of such metabolic and neurochemical changes in PD is reviewed by Wang et al. (2012). To improve the diagnostic accuracy of SPECT imaging, current studies have employed the combined evaluation of both pre- and post-synaptic measurements through striatal dopamine transporters (DAT) and dopamine D2 receptor analysis, respectively (Koch et al., 2007). Further refinements must be made for SPECT imaging modality to be able to differentiate diseases with impairments in presynaptic DA neuronal survival such as PD, progressive supranuclear palsy, multiple system atrophy, and others (Bajaj et al., 2013). Also, potential leakage of radiotracers into adjacent cells resulting in diluted signals during cell proliferation has to be rectified. More importantly, the optimal concentration of tracers must be determined to avoid tissue damage due to exposure to toxic radioactive reagents. One disadvantage of this technique is its inability to examine cell survival and function.

Positron emission tomography (PET) is also a common imaging tool that employs specific radionuclides to elucidate the functional consequences of transplantation on the DA system in the brain, such as receptor distribution, metabolic activity, and inflammation (Visnyei et al., 2006). The measurement of aromatic L-amino acid decarboxylase activity using [18F]FDOPA is regarded as the gold standard to examine DA function and disease severity in Parkinson’s disease (Morrish et al., 1996; Punal-Rioboo et al., 2009), also shown in PD non-human primate model (Muramatsu et al., 2009; Emborg et al., 2013; Hallett et al., 2015) and clinical reports (Lindvall et al., 1990; Peschanski et al., 1994; Piccini et al., 2000, 2005; Ma et al., 2010) (refer to citation in Table 2). PET images can also be used in conjunction with SPECT data to further evaluate the negative association between striatal DAT and motor severity (Shih et al., 2006; Wu et al., 2014). Interestingly, recent clinical studies have shown that [11C]PE2I has higher predictive value and sensitivity toward the differential detection of motor impairments than [18F]DOPA imaging; hence, [11C]PE2I could be a prospective biomarker to investigate novel interventions (Fazio et al., 2015; Li et al., 2018). PET would be advantageous for studying the early maturation of cells transplanted in vivo and for follow-up examinations months after cell transplantation. A comprehensive and concise review on the development of functional neuroimaging is discussed in the cited works (Zheng et al., 2017; Helmich et al., 2018).

With no doubt, one of the most understudied limitations in neuroimaging is in deciphering the complexity of neuropathological overlap and clinical heterogeneity in the progression of individual neurological diseases. Improvements in bioimaging tools, such as the identification of specialized biomarkers for specific cell types to evaluate differential functional signatures, are important to circumvent the high level of variation in the prognosis of PD and its management by patients. In addition, the paucity of imaging modalities available for quantitation and of their respective analytical tools continues to hinder the further development of cell-based therapeutics toward clinically competitive treatments for PD. As discussed above (also refer to Table 2), we cannot rely on a single imaging technique for clinical diagnosis especially post-transplantation; thus, researchers are actively searching for the development of multimodality imaging (Waerzeggers et al., 2008) along with the identification of novel biomarkers and tracers to escalate the accuracy of post-operative care. A better understanding of neuroanatomical and pathophysiological processes would be highly advantageous for cell-derived therapeutics.



CLINICAL TRIALS FOR STEM CELL-DERIVED DA NEURON TRANSPLANTATION IN PARKINSON’S DISEASE

Historically, fVM cell transplantation showed varied outcomes in human clinical trials (Table 3) (Freed et al., 2001; Olanow et al., 2001, Olanow et al., 2003, Redmond et al., 2001; Barker et al., 2013). A double-blind study of bilateral injection of fVM transplantation and sham surgery into the putamen was first performed in 19 PD patients by Freed and colleagues in 2001 (Freed et al., 2001). Interestingly, only younger age groups showed clinical improvements compared to the sham control (Freed et al., 2001). Using available data extracted from individual clinical papers cited in Table 3, we have performed systematic statistical analysis of the clinical outcomes of PD patients with fVM transplantation against various parameters, namely, age of onset (old, > 40 years vs. young, ≤ 40 years), disease stage (severe vs. mild), and disease duration (long, > 10 years vs. short, ≤ 10 years). The fold change of PET readings post-transplantation from the baseline reading of individual patients was used to access graft survival. We show that graft survival is independent of the age of disease onset (Figure 1A) but is dependent on variations in disease stage (Figure 1B) and the length of disease duration (Figure 1C), where better graft survival was observed in mild stage PD and patients with shorter disease duration (≤ 10 years). Moreover, we used the Unified Parkinson Disease Rating Scale (UPDRS) motor scores to examine clinical improvements post-transplantation of PD patients in various factors (Figure 2). We have demonstrated that in all three parameters (as mentioned above), PD patients with fVM transplantation have shown significant clinical improvements (correlated to the decrease in UPDRS motor scores) post-transplantation. Also, comparison between post-transplantation within each parameter (i.e., old vs. young or severe vs. mild or long vs. short) showed no significant differences. In summary, although clinical improvements can be observed throughout the wide spectrum of PD patients with fVM transplantation (Figure 2), the optimal condition with the most potential could be seen in mild stage PD patients with short disease duration (Figure 1).


TABLE 3. Summary of clinical studies in cell transplantation for PD.
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FIGURE 1. Systematic analysis of various factors associated with clinical outcomes using positron emission tomography (PET) readings of Parkinson’s disease (PD) patients with fetal ventral mesencephalic (fVM) cell transplantation. Statistical comparison was performed on various parameters against fold change of PET readings pre- and post-transplantation. (A) Age on onset: old (> 40 years) vs. young (≤ 40 years) PD patients. (B) Disease stage in mild and severe conditions. (C) Disease duration: long (> 10 years) vs. short (≤ 10 years). Student t-test, *p < 0.05, ***p < 0.001.
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FIGURE 2. Systematic analysis of various factors associated with clinical outcome in fVM cell transplantation in PD patients using UPDRS motor scores. Statistical comparison was performed on varying parameters against the Unified Parkinson Disease Rating Scale (UPDRS) motor scores of pre- and post-transplantation. (A) Age on onset: old (> 40 years) vs. young (≤ 40 years) PD patients. (B) Disease stage in severe vs. mild condition. (C) Disease duration: long (> 10 years) vs. short (≤ 10 years). Two-way ANOVA, Sidak’s multiple comparisons test, **p < 0.005, ***p < 0.001.


In line with our data, the high prevalence of long-term graft survival with low to no immune response in the majority of fVM recipients could be represented for future/ongoing stem cell-based clinical trials as a basis for host tissue innervation and reconnection to host DA circuitry. It is to note that occasional appearance of graft-induced dyskinesia cannot be attributed to cell transplantation as of date, as there are very limited follow-up studies. Upcoming clinical studies must include detailed surgical procedures, characterization of PD hallmarks such as α-synuclein-positive Lewy bodies, ubiquitin expression, and imaging analysis for F-DOPA uptake in graft region in addition to clinical observations. It is believed that the differences in quality and heterogeneity in the transplanted cells, patient selection, and surgical methodologies could have been the reason for failures in some trials. The current status of the TRANSEURO trial (NCT01898390), a large collaboration between the European Union multicenters of fetal nigral cell transplantation, which started in 2012, has grafted 11 young patients with early-stage PD in Cambridge, 2019, and will be subjected to clinical observations for 36 months post-surgery, which is estimated to be completed in early 2021.

With the improvement in the human DA neuron differentiation protocol (Nolbrant et al., 2017), more authentic midbrain DA neurons can now be derived from ESCs or iPSCs in vitro. These more defined ESC/iPSC-derived DA neurons show satisfactory therapeutic effectiveness in PD animal models (Studer, 2017), which has led to new waves of initiatives for cell transplantation in PD patients. Furthermore, with ES-derived DA neuronal transplantation being equipotent (Grealish et al., 2014) to that of the current gold standard for PD cell therapy (Li et al., 2016), stem cells rather than fetal neurons hold high expectation in the near future. However, we must bear in mind that animal models cannot fully reproduce human PD. Confounders, including aging, disease duration, disease severity, diabetes, and depression, should be taken into account when cell therapy is translated from preclinical models to clinical trials (Aarsland et al., 2011; Athauda et al., 2017; Henchcliffe and Parmar, 2018). Currently, ongoing clinical trials of the GForce-PD Consortium include European-based STEM-PD trial, NYSTEM trial, CiRA trial;2 Cyto Therapeutics Pty Limited founded trial (NCT02452723), and the Chinese Academy of Sciences founded trial (NCT03119636) lead by Qi Zhou. STEM-PD trial was designed to use GMP-grade hESCs as the clinical cell source, employing full GMP-grade production procedure (Kirkeby et al., 2017b), and transplanting 100,000 TH+ D16 mDA progenitors per graft as a target dose. In contrast, CiRA was designed to develop clinical-grade DA cell therapy from autologous iPSCs taken from PD patients (Barker et al., 2017). More recently, iPSC-derived dopamine progenitor cells have been bilaterally injected into a 69 year old PD patient and have demonstrated signs of improvements in motor assessment 24 months post-surgery (Schweitzer et al., 2020). It is interesting to note that clinical improvements were significantly associated with the right (second) surgical procedure than the left. One explanation would be the improved procedural efficiency including shorter time taken from cell harvest to implantation. Further double-blind studies will be essential to better understand the full potential of iPSC-derived dopamine cells in PD.

Notably, neural progenitor stem cells (NPCs) are an alternative cell source for cell replacement strategy. These multipotent cells can self-renew and differentiate into all mature neural cells in the CNS in large quantities (Ribeiro et al., 2013). The first autologous differentiated neural stem cell clinical trial was conducted using tissue samples collected in the prefrontal cortical and subcortical region along the trajectory of the electrode implant prior to further expansion and differentiation. The patient showed clinical improvements during the first 3 years post-transplantation with subsequent decline back to baseline by the fifth year (Levesque et al., 2009). Ongoing clinical trials sponsored by NeuroGenerations involves 12–20 PD patients at the age of 35–85 years (Hoehn and Yahr stage III or IV) with an estimated completion date by 2021 (NCT03309514, NCT01329926).

Another factor we need to consider for PD cell transplantation clinical trials is the patient stratification. Since aging-induced BBB leakage can lead to infection and inflammation, age can greatly compromise the survival of DA neurons. Moreover, cell transplantation is usually less effective in patients with a longer and more severe disease progression (Barker et al., 2017). Discrepancies were also found in some patients with substantial survival of grafted DA neurons but no beneficial behavioral improvements (Barker et al., 2013, 2015a, 2017; Barker, 2014). These observations possibly indicate the degeneration of other brain systems, especially the post-synaptic component of the DA system. Thus, DA neuron transplantation clinical trials initiated by various organizations only include patients who 1) are younger than 65 years old, 2) have a disease duration of less than 10 years, and 3) are in the early stage of the disease (Kirkeby et al., 2017b; Studer, 2017; Takahashi, 2017). Moving forward, the identification of these confounders would be helpful for clinicians to be able to better stratify PD patients and suggest the most suitable treatment strategy for each patient.



CONCLUSION AND FUTURE DIRECTIONS

We have highlighted four different types of cell sources and have addressed their pros and cons to better understand the characteristics of individual cell types and have also provided detailed analysis of the discrepancies observed in clinical outcomes of PD patients. This also includes methodologies in cell type specification and various imaging modalities. The emphasis on cell line availability, quality, and ability to innervate into host tissues, develop into functional A9 DA neurons, which would efficiently repair the host DA system is of topmost importance. Furthermore, long-term survivability for years after surgery without graft-induced dyskinesia or immune rejection by the host are some safety requirements and is the key to successful translation into large-scale therapeutic application and also in biomedical research to better recapitulate in vitro disease models. To avoid further inconsistencies in clinical results, we need to ensure standardization across several aspects of transplantations, including tissue preparation for engrafts, surgical technique, patient selection, immune therapy, synaptic integration capacity of cells transplanted into the human brain, and ways to bypass ethical issues revolving around cell transplantation in humans and the usage of ESCs (more details can be found in Barker et al., 2015b). The need to develop minimal, but precise, surgical techniques and achieving a better understanding of striatal functions are necessary, and these improvements could be accomplished by acquiring higher-resolution diagnostic imaging with heightened specificity for targeted graft placement and post-op observational study. Clinical endpoint observations from aforementioned ongoing clinical trials would pave a way to develop a coherent and systematic blueprint for therapeutic strategies such as improved surgical methodologies, optimized and standardized protocols, development of appropriate safeguards, and objective long-term outcome measures. The field of stem cell-based therapies for PD has entered into an exciting era, and we believe there is greater optimism that neurotransplantation may provide a viable option for treatment of PD in the future.
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Methods: Alzheimer's disease and Frontotemporal dementia are the first and third most common forms of dementia. Due to their similar clinical symptoms, they are easily misdiagnosed as each other even with sophisticated clinical guidelines. For disease-specific intervention and treatment, it is essential to develop a computer-aided system to improve the accuracy of their differential diagnosis. Recent advances in deep learning have delivered some of the best performance for medical image recognition tasks. However, its application to the differential diagnosis of AD and FTD pathology has not been explored.

Approach: In this study, we proposed a novel deep learning based framework to distinguish between brain images of normal aging individuals and subjects with AD and FTD. Specifically, we combined the multi-scale and multi-type MRI-base image features with Generative Adversarial Network data augmentation technique to improve the differential diagnosis accuracy.

Results: Each of the multi-scale, multitype, and data augmentation methods improved the ability for differential diagnosis for both AD and FTD. A 10-fold cross validation experiment performed on a large sample of 1,954 images using the proposed framework achieved a high overall accuracy of 88.28%.

Conclusions: The salient contributions of this study are three-fold: (1) our experiments demonstrate that the combination of multiple structural features extracted at different scales with our proposed deep neural network yields superior performance than individual features; (2) we show that the use of Generative Adversarial Network for data augmentation could further improve the discriminant ability of the network regarding challenging tasks such as differentiating dementia sub-types; (3) and finally, we show that ensemble classifier strategy could make the network more robust and stable.

Keywords: differential diagnosis, magnetic resonance imaging, generative adversarial network, frontotemporal dementia (FTD), Alzheimer's disease


1. INTRODUCTION

As the first and third most common forms of dementia, Alzheimer's disease (AD) (Association et al., 2011) and Frontotemporal dementia (FTD) (Bang et al., 2015) are often mistaken as each other. This is due to the similarities in their clinical presentation, cognitive domains impairment, brain atrophy, and progressive alterations in language ability, behavior, and personality (Neary et al., 2005; Alladi et al., 2007; Womack et al., 2011). Despite significant efforts spent on establishing sophisticated clinical guidelines for their differential diagnosis, the diagnostic accuracy is still not satisfactory. Specifically, when diagnosing with the NINCDS-ADRDA criteria (Neary et al., 1998), the sensitivity of distinguishing AD subjects from FTD patients could reach as high as 93%; however, the specificity for FTD recognition is only 23% as most patients with FTD also fulfilled the NINCDS-ADRDA criteria for AD (Varma et al., 1999). With the necessity of applying different symptomatic intervention of treatment for various dementia subtypes in clinical practice (Pasquier, 2005), it is essential to develop a computer-aided diagnosis system for the improvement of the accuracy of differential diagnosis between these two dementias.

Patterns of brain atrophy observed in T1-weighted Magnetic Resonance Imaging (MRI) have been successfully used to capture structural changes in the human brain (Du et al., 2007; Davatzikos et al., 2011), specifically for using in developing computational systems that can identify the type of dementia pathology in the brain. Computer-aided diagnosis systems with MRI have been built for both AD and FTD (Suk et al., 2014; Jiskoot et al., 2018). In addition to binary classification with normal aging, T1-weighted MRIs have also been used for the differential diagnosis of AD and FTD by differentiating the atrophy pattern of these two types of dementia such as the affected regions and rate of change (Raamana et al., 2014). Various structural biomarkers have been explored to distinguish between AD and FTD, such as gray matter (GM) volume loss (Rabinovici et al., 2008), cortical thinning (Du et al., 2007), high-dimensional features based on GM and white matter (WM) volume distribution of whole brain (Davatzikos et al., 2008), as well as atrophy and shape deformity of individual structures (Looi et al., 2010).

Most previous studies on computer-aided diagnosis system for dementia classification emphasized on binary classification tasks, e.g., NC vs. FTD, NC vs. AD, or FTD vs. AD with few direct multi-class dementia classification methods in the literature. Raamana et al. compared multiple structural features, such as volumes, Laplacian invariants, and surface displacements of the hippocampus and lateral ventricle, regarding the multi-class classification among NC, AD, and FTD subjects (Raamana et al., 2014). With PCA and multi-class support vector machine (SVM) classifier, they achieved a 0.79 AUC. Tong et al. applied the RUSBoost algorithm (Seiffert et al., 2010) for the multi-class classification of subjective memory complaints, AD, frontotemporal lobe degeneration (FTLD), dementia with Lewy bodies, and vascular dementia (Tong et al., 2017). With volume and grading features as well as CSF measures and age, they achieved 75.2% overall accuracy with 0.8 sensitivity for AD and 0.63 sensitivity for FTLD.

Recently, deep learning has been delivering astounding performance for many recognition tasks (Hinton and Salakhutdinov, 2006; Krizhevsky et al., 2012; Simonyan and Zisserman, 2014). Its applications in computer-aided diagnosis has also drawn attention and it has out-performed traditional classification methods for many clinical recognition tasks (Suk et al., 2014; Ronneberger et al., 2015; Litjens et al., 2017). However, to the best of our knowledge, there have been no deep-learning-based approaches developed and published yet for the differential diagnosis of AD and FTD.

In this study, we proposed a novel framework to combine multi-type and multi-scale image-based features from structural MRI scans. Local volume size and surface thickness features were extracted by segmenting the T1-weighted MRI images into patches of a hierarchical size based on brain anatomy in a coarse-to-fine manner. A multi-scale and multi-type feature deep neural network (MMDNN) was developed to learn the latent representation across each individual features, along with the Generative Adversarial Network (GAN) technique for data augmentation and ensemble classifier strategy to increase robustness of the framework. A comprehensive validation experiment with 1,954 images demonstrates the superior performance of the proposed framework with 88.28% accuracy.



2. METHODS

In the proposed framework, the original raw structural MRI images were first segmented into different anatomical structure region of interests (ROI) with FreeSurfer. Each ROI was further sub-clustered into smaller patches of super-pixels with multi-scales. The volume, cortical thickness at each level of the patch were extracted as multi-scale multi-type features. Finally, a Generative Adversarial Network with multi-type and multi-scale features was trained to achieve differential diagnosis to identify patients with AD and FTD from NC subjects.


2.1. Materials

Data used in this study were obtained from two publicly available databases, i.e., the Alzheimer's Disease Neuroimaging Initiative (ADNI) database adni.loni.usc.edu and the frontotemporal lobar degeneration neuroimaging initiative (NIFD) database http://memory.ucsf.edu/research/studies/nifd. The primary goal of ADNI is to test whether serial MRI, PET, other biological markers, and clinical and neuropsychological assessment can be combined to measure the progression of mild cognitive impairment (MCI) and early Alzheimer's disease (AD). Frontotemporal lobar degeneration Neuroimaging Initiative (FTLDNI), also referred to as NIFD started in 2010 with the primary goals being to identify neuroimaging modalities and methods of analysis for tracking frontotemporal lobar degeneration (FTLD) and to assess the value of imaging vs. other biomarkers in diagnostic roles. More detailed information about FTLDNI can be found in 4rtni-ftldni.ini.usc.edu.

Both ADNI and FTLDNI databases contain longitudinal scans for each participant. Subjects with who the diagnosis changes in any of their follow-up visits during the study period (i.e., MCI progressing to AD or reverting to NC), were excluded from the study to reduce the effect of potential misdiagnosis. A total of 1,954 Structural MRI were included in this study, 1,114 of which were from ADNI database, and the remaining 840 from the NIFD database. Table 1 shows the demographic and clinical information of these subjects in both database. The numbers in the brackets of the second row are the numbers of male and female subjects, while number before each bracket is the total number of subjects belong to that group. The numbers in the remaining three rows represent the mean and standard deviation of age, education, and MMSE, respectively.


Table 1. Demographic information of the subject included from the databases.

[image: Table 1]



2.2. Multi-Level Multi-Type Feature Extraction

For image recognition problems, convolutional neural network (CNN) and its variants, such as VGG16 (Simonyan and Zisserman, 2014), ResNet (He et al., 2016), and Inception-ResNet (Szegedy et al., 2017), have achieved the state-of-the-art performance in various tasks. However, those networks require a large number of labeled samples for their training. Especially with high dimensional data, as used in this study (256 × 256 × 256 3D images), larger kernel sizes or more layers are necessary to learn the latent representation, resulting in a larger network that needs even more training samples. The dataset used in our data set is considerably larger in magnitude than many other studies in the neuroimaging context, it is however still relatively small in scale as compared with most of the natural image recognition tasks. Therefore, to reduce the dimension of input data and the size of network, each MRI scan was segmented into small regions based on brain anatomy, which we denoted as “patches” hereafter, and two types of primary structural features, volume size and cortical mantle thickness, were extracted for the differential diagnosis of NC, AD, and FTD. For MRI scan segmentation and volume size feature extraction, the following steps were applied: (1) structural ROI parcellation, (2) Structural-wise patch cluster-based segmentation, (3) Feature extraction and normalization.

Firstly, in the ROI segmentation step, the gray matter (both cortical and subcortical) of each T1 structural MRI image was segmented into 87 anatomical ROIs using FreeSurfer 5.3 (Dale AM, 1999). For some ROIs, in particularly larger ones such as the occipital cortex, the discriminant information for brain structural change could be localized within the ROI to smaller focal locations. Such localized differences could potentially provide important information to differentiate AD and FTD but could be lost in aggregating the features across the whole ROI. Therefore, each ROI was further subdivided into smaller patches in the second patch parcellation step. Parcellation or subdivision of a FreeSurfer ROI was performed on a template MR image using a k-means clustering algorithm based on their intensity similarity (Raamana et al., 2015). Following the k-means clustering step, a high-dimensional accurate non-rigid registration method, LDDMM (Beg et al., 2005), was applied to register each ROI of a target MRI to the corresponding ROI of the template. With the ROI-wise registration maps, the patch-wise segmentation of each template ROI was propagated back into the target space. Finally, in the feature extraction and normalization step, the volume of each patch was extracted as a primary feature for disease classification. The w-score, which represents the standardized residual of the chosen features, was computed to remove the effect of covariates such as the field of strength (1.5T or 3T), scanner type, scanning site, age, sex, and the size of the intra-cranial vault (ICV) of each individual (Ma et al., 2018 and Popuri et al., 2020). The normalized features as represented by the w-scores were input into the classifier.

The patch-wise cortical thickness features were extracted in a similar manner to the patch-wise volumetric features. The vertex coordinates in each of the 68 cortical ROIs were subdivided into smaller patches by grouping them with k-means clustering based on the pairwise Euclidean distance of their thicknesses in the template space (Raamana et al., 2015). The locally-clustered cortical patches were then propagated back to each of the target space following the backward deformation field that was derived during the LDDMM non-rigid registration step (Beg et al., 2005). The average thickness of the mantle within each patch was computed as features followed by the w-score normalization (Ma et al., 2018 and Popuri et al., 2020) to remove the confounding effect of covariates.

To avoid losing discriminant information during data down-sampling, multiple scale features were extracted in a coarse-to-fine manner. Each ROI was parcellated into three different scales of patch-sizes: 500, 1,000, and 2,000 voxels per patch for the volume features and 500, 1,000, and 2,000 vertex per patch for the thickness features. Those sizes were predefined to retain enough detailed information while restraining the number of primary features with respect to the number of training data to prevent overfitting. The subdivision of ROIs into these three scales resulted in a total number of 1,488, 705, and 343 voxel patches for the gray matter volume feature, and a total number 527, 255, and 131 vertex patches for the cortical thickness feature, respectively. Together with the FreeSurfer ROIs providing volumes and thickness, this gives six feature sets containing 3,409 scalars that represent each brain MR image.



2.3. Deep Neural Network for Multi-Scale and Multi-Type Feature Combination

With the patch-wise volume size and surface thickness features extracted from MRI images, a multi-scale and multi-type feature deep neural network (MMDNN) was constructed to learn the latent pattern from both types of features for the classification of NC, AD, and FTD pathology, which achieved state-of-the-art binary classification of NC and AD subjects using both FDG-PET and MRI images in our previous study (Lu et al., 2018a).

As displayed in Figure 1, the MMDNN consisted of two stages with a total of seven blocks Multilayer Perceptrons (MLPs). The first network stage consisted of 6 MLPs blocks, each corresponds to a single type of features extracted at a single scale. These MLPs were trained independently in the first stage, and their outputs were concatenated as the input feature vector to train the final MLP block in the second stage. The parameters of the whole network were then fine-tuned together. For each image, the output was three probabilities with each corresponding to a subject group, i.e., NC, AD, and FTD, and the class with the highest probability was deemed to be the resulting classification. For each MLP, the number of units for each layer are displayed on its top left in Figure 1. If the dimension of input feature is represented with N, the number of units in a single MLP were predefined as 3N, [image: image], and 50 to increase the chance of exploring a larger range of potential hidden correlations across different patches in the first layer and gradually reduce the number of features in the following layers to avoid too many parameters Lu et al. (2018b,a).


[image: Figure 1]
FIGURE 1. Multi-scale and multi-type feature Deep Neural Network. The input feature dimension (number of patches) extracted from different scales is 1,488, 705, and 343 for volume of gray matter ROI and 527, 255, and 131 for the cortical thickness. The numbers of units in each layer representation are displayed on the top left.


To avoid overfitting, dropout layers (Srivastava et al., 2014) were added after each hidden layer. During the training stage, half of the units were randomly dropped to prevent complex co-adaptations on training data as well as to reduce the amount of computation and improve the training speed. During the validation or testing stage, all the units were retained to feed features to the next layer.



2.4. Data Augmentation With Generative Adversarial Network

In deep/machine learning, a common strategy to increase the number of training samples and prevent overfitting is data augmentation. Operations, such as rotation, flip, and zooming, are commonly used for 2D image recognition. However, those operations can hardly be used on a 1D feature vector. GAN (Goodfellow et al., 2014) have emerged to be a powerful tools to synthesize new data and have gained popularity in the generation of realistic natural images, and has also shown great potential to be a powerful data augmentation technique to synthetic image data with more variation and improve the generalizability of the machine learning algorithm (Shi et al., 2018; Lata et al., 2019; Sandfort et al., 2019; Shao et al., 2019). Therefore, we investigated the possibility of applying GAN for 1D structural brain feature augmentation for the improvement of classification performance in this study.

GANs consist of two parts, the Discriminator (D) and the Generator (G), as displayed in Figure 2. In the proposed framework, the MMDNN was used as the discriminator with an additional channel of output for the recognition of data synthesized by the generator, denoted here as “fake,” while the generator aimed to generate feature vectors to “fool” the Discriminator, i.e., classified as NC, AD, or FTD by the discriminator. The input of the generator was a 1D random noise vector. By finding the mapping from the random variables to the data distribution of interest, the generator outputs a feature vector with the same dimension as the real data samples. It was worth mentioning that the fourth channel of output was only used during the optimization of GAN. For each testing sample, only the output probabilities of the first three channels were used to determine which of the three groups a subject belongs to.


[image: Figure 2]
FIGURE 2. Architecture of generative adversarial network. The numbers of units of Generator layers are 512 and 3,449(1,488+705+343+527+255+131), respectively.


To prevent potential problems due to vanishing gradients, the generator consists of two layers, a single hidden layer and an output layer. Both layers are fully connected layer with 512 and 3,449 units, respectively. The dimension of random noise was set to 100 with each element set to follow a normal distribution. The activation function for the first layer was a rectified linear unit (ReLU) to avoid gradients from vanishing, while the one for the second layer was tanh function to squash the synthesized data into the same range of the real data.



2.5. Network Optimization

For optimization of the GAN, the loss function was defined:

[image: image]

where x represents the input data and pz(z) is the prior of input noise variables. log(−D(G(z))) was used instead of log(1 − D(G(z))) to avoid vanishing gradient and mode collapse (Arjovsky and Bottou, 2017). The E here stands for weighted cross entropy function, which is defined as:

[image: image]

where N is the number of input samples, j represents the class of samples, Wj stands for the weight of class j which is computed as the inverse proportion of the subject number for the current class over the entire sample data, xi, yi are the feature vector and label of sample i, and h represents the network function.

For the training of GAN, the discriminator and the generator were optimized alternately. During the optimization of the discriminator, the parameters of the generator were held constant, and when the generator was trained, the parameters of the discriminator were fixed. The minimax competition between G and D could drive both networks toward better performance.

Besides adding dropout layers, another strategy, early stopping, was applied during the training process to reduce the overfitting. During the training of the deep neural network, iterative back propagation could drive the network to co-adapt to the training set. After a certain point, reducing training error could result in increasing the generalization error. Early stopping was therefore useful to provide guidance for the number of optimization iterations before overfitting. Part of the training data was randomly selected as the validation set and were excluded from training. While the remaining data samples were used to train the network, the validation set was used to determine the early stopping time point: the iteration in which the network has the lowest generalization error for the validation set. In this study, optimization of the network was stopped when the generation error of the validation set ceased to decrease for a consecutive 20 epochs.

Furthermore, due to the limited number of available data and variation among different samples, there was still a chance that early stopping with a small validation set could result in biased classification toward the validation set, and the differential performance could be unstable with different splitting of training and validation sets. An ensemble classifier strategy (Lu et al., 2018b) was therefore used to improve the robustness, stability, and generalizability of the classifier. Similar to the 10-fold cross validation, the training set was randomly divided into 10 subsets. In each fold of the training process, one subset was retained for validation while the remaining nine subsets were used for training. With 10 repetitions, each set was used for validation once resulting in 10 different networks. For each test sample, each network would generate three probabilities corresponding to NC, AD, and FTD. The output probabilities of 10 networks were averaged followed with a softmax operation to determine the final classification result.

The proposed deep neural network was built with Tensorflow (Abadi et al., 2015), an open source deep learning toolbox provided by Google. For the optimization of network in all experiments, Adaptive Moment Estimation (Adam) was used as the optimizer, batch size was set as 100 and the learning rate was fixed as 5 × 10−5.



2.6. Performance Evaluation

To validate the discriminant ability of the proposed framework on NC, AD, and FTD pathology, 10-fold cross validation was performed on the 1,954 T1 MRI images. Because a single subject could have multiple scans at different visits, a split based on images could result in having scans from the same subject used for both training and testing. We therefore performed the split based on subject to ensure complete separation between training and test samples. As mentioned in the section 2.5, the training set was further sub-dived into 10 subsets for each cross validation experiment and 10 networks optimized with different training and validation set were used to “vote” for the classification result of testing samples. Such an experimental design ensures that the data samples in the training, validation, and testing set were mutually exclusive on a subject level. The performance of classification was measured via accuracy and the sensitivity of correctly identifying different groups, such as N(TrueNC)/N(NC) for NC group, where N(·) denotes the number of data samples belonging to this group.

Other than the proposed deep-learning-based method, a standard classifier, support vector machines (SVM) were also trained for comparison. One vs. rest strategy was applied for this multiclass classification task. Principal component analysis (PCA) was used for the reduction of feature dimension and the eigenvectors accounting for 95% of the total data variance were retained. Radial basis function (RBF) kernel was used for SVM given its superior performance in classification tasks. The features extracted at different scales were concatenated as the input for PCA+SVM classifier. In addition, to validate the effect of patch-wise parcellation, we also trained the MLPs on FreeSurfer ROI-wise features, i.e., the surface thickness and volume size of each ROI based on the Freesurfer segmentation.




3. RESULTS


3.1. W-Score Feature Extraction

Figure 3 showed the comparison of the distributions for the entire concatenated multi-level multi-type W-score feature set between different subgroups. First, no statistical difference were shown when comparing the W-scores of the healthy control subjects between the ADNI and FTDNI for either the volume-based or thickness-based features (Figure 3A), confirming no database-specific biases remained in the input w-score feature of the normative group. Similar level of significant differences were shown when comparing the NC and AD subjects in the ADNI database (Figure 3B), or when comparing the NC and the FTD subjects in the FTDBI database (Figure 3C), indicating similarity between the AD and FTD group. Finally, when comparing the FTD and AD group alone, significant differences were observed in both the volume-based and thickness-based features, indicating discrepancy between these two types of Dementia subtypes, which can be utilized to achieve potential differential diagnosis.


[image: Figure 3]
FIGURE 3. Comparison about the distribution of the concatenated multi-level multi-type W-score feature set among different disease groups: (A) NC(ADNI) vs. NC(FTDNI); (B) NC vs. AD in ADNI database; (C) NC vs. FTD in FTDNI database; and (D) FTD vs. AD. (A) No statistical difference was shown when comparing the W-scores of the Healthy Control subjects between the ADNI and FTDNI, confirming no database-specific biases remained in the input w-score feature of the normative group. (B) Similar level of significant differences were shown when comparing the NC and AD subjects in the ADNI database, or (C) When comparing the NC and the FTD subjects in the FTDBI database, indicating similarity between the AD and FTD group. (D) When comparing the FTD and AD group alone, significant differences were observed in both the volume-based and thickness-based features, indicating discrepancy between these two types of Dementia subtypes which can be utilized to achieve potential differential diagnosis. Unpaired t-test were performed for each pair of the comparison, with multiple comparison corrected by setting false discovery rate (FDR) = 0.05.




3.2. Cross Validation Experiment Results

The results of 10-fold cross validation experiment are shown in Table 2. When comparing the mean accuracy across 10-folds, the accuracy of PCA+SVM with both type of multi-scale features was only slightly higher (0.02%) than the multi-scale deep neural network (MDNN) with surface thickness feature. The accuracy of MDNN using volume size feature was higher than the one using surface thickness feature by 2.93%. The combination of both type of multi-scale features showed superior performance comparing with MDNN using a single type of feature, and it was further improved by 1.42% with the data augmentation using the proposed GAN technique.


Table 2. Comparison of classification performance over different experiments with multi-type features.

[image: Table 2]

Figure 4 showed the corresponding statistical comparison results among different experimental setup for the overall accuracy as well as the sensitivity for each class group. When compared to the baseline method, PCA+SVM (multi-type), both the proposed MMDNN method with or without GAN showed significant improvement (indicated as O) for the overall accuracy (Figure 4A), as well as sensitivity for AD (C) and FTD (D). Training with multi-type feature showed improvement over the training with only single feature (for either thickness, indicated as X, or volume, indicated as +) in terms of overall accuracy (Figure 4A). Finally, data augmentation using GAN further improve the overall accuracy (Figure 4A) as well as sensitivity for the NC group (Figure 4B) and the FTD group (Figure 4D) (indicated as +).


[image: Figure 4]
FIGURE 4. Statistical analysis of the classification performance among different experiments. One-tailed pairwise t-tests were conducted to access the performance improvements. Multiple comparisons were corrected with False discovery rate FDR = 0.05. O: Significant improvement over PCV+SVM(Multi-type); X: significant improvement over MDNN (thickness); +: significant improvement over MDNN (volume); #: significant improvement over MMDNN (Multitype). (A) Overall accuracy, (B) NC sensitivity, (C) AD sensitivity, (D) FTD sensitivity.


For detailed classification result, the confusion matrices of experiments using the proposed multi-scale networks are displayed in Table 3. The presented four experiments show a similar pattern despite the differences in their accuracy and sensitivity. The networks had a good performance for the task of distinguishing between AD and FTD pathology. The discrimination between NC and FTD showed the least accurate performance, leaving room for potential future improvement.


Table 3. Confusion matrix of GAN.
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3.3. Discrimination With Cortical Thickness Feature

The experiment performance with only cortical thickness feature was displayed in Table 4. MLP with only ROI-wise cortical thickness feature showed the least accuracy (76.48%), while better result was achieved with PCA+SVM using features extracted at all scales. As expected, the classification performance was sensitive to patch size change and a generalized reduction with increasing patch size was found on the overall accuracy. The combination of multi-scale features with MDNN yielded superior classification performance.


Table 4. Comparison of classification performance over different experiments with cortical thickness feature.
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3.4. Discrimination With Volume Size Feature

The experiment performance with volume size feature was displayed in Table 5. Similarly, as the experiments with cortical thickness feature, MLP with only ROI-wise feature had the worst performance (79.78%), and PCA+SVM using features extracted at all scales showed better accuracy (82.28%). Unlike the experiments with cortical thickness feature, MLP with a single scale of feature showed better performance comparing with PCA+SVM using features extracted at all scales. The combination of multi-scale features with MDNN also had the highest accuracy, while no generalized reduction of accuracy was found with increasing of patch size.


Table 5. Comparison of classification performance over different experiments with ROI volume Feature.
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3.5. Ensemble Classifier

As described in section 2.5, the classification results presented in this study came through the “collective vote” of an ensemble of classifiers instead of a single network. The classification performance with or without ensemble classifiers of four different experiments, including MDNN with cortical thickness, MDDN with volume size, MMDNN with multi-type of features and GAN with multi-type of features, are shown in Figure 5. The y axis represents the mean classification accuracy from the 10-fold cross validation experiment, while the x axis stands for different classifiers. On the x axis, the number “1” to “10” represents the network trained with different split of training and validation set, while “ensemble” denotes the combined result of these 10 networks.


[image: Figure 5]
FIGURE 5. Boxplot for classification accuracy of single classifiers (classifier 1–10 on x axis) and an ensemble of classifiers (E on the x axis). The stars in each box are the mean of accuracy and the red lines represent the median accuracy. (A) MDNN+Thickness, (B) MDNN+Volume, (C) MMDNN+Multitype, (D) GAN+Multitype.





4. DISCUSSION

In this study, we proposed a novel deep-learning-based framework for the differential diagnosis of NC, AD, and FTD. Cross validation experiment indicate that the proposed network could learn the latent patterns representing the different dementias using multi-type and multi-scale features, which in combination with GAN-based data augmentation, achieved a high accuracy of 88.28%. Based on the confusion matrix displayed in Table 3, there were only three cases of misdiagnoses between AD and FTD out of 891 samples, suggesting the excellent performance of the proposed framework to distinguish these two dementias.


4.1. Differential Diagnosis Using MRI Biomarker

Brain MRI is an imaging modality widely used for detecting various types of dementia, as the image contrast between different tissue can reveal pathology-induced brain morphology changes. Due to variations in pathogenesis and phenotypes, dementia can further be categorized into different sub-types, such as FTD, AD, mild cognitive impairment, vascular dementia, and dementia with Lewy bodies. Differentiating among different dementia subtypes is crucial for to provide appropriate healthcare and potential treatment, but is challenging due to overlapping phenotyping and morphological heterogeneity with each subtype (Bruun et al., 2019), and accurate differential diagnosis requires both appropriate feature extraction technique combined with powerful classification model. Some recent studies attempted to differentiate dementia subtypes using different machine learning techniques, such as hierarchical classification (Kim et al., 2019), statistical learning with feature selection based on least absolute shrinkage and selection operator (LASSO), and support vector machine (SVM) (Zheng et al., 2019), but are limited from either the constrained feature set (e.g., structural-volume feature) or relatively small validate with data for testing the robustness and generalizability of the classifiers. In our study, we proposed a framework to achieve accurate differential diagnosis by first building a multi-scale multi-type feature, followed with a deep neural network with the help of generative adversarial data augmentation technique, which was validated on a large sample (1,954 images), demonstrating a consistent overall high accuracy.



4.2. Multi-Scale Classification

Based on the results presented in Table 4, the accuracy of MLP decreased from 82.80% to 79.51% with patch size increasing from 500 voxels to 2,000 voxels, suggesting that cortical thickness feature is sensitive to the change of size of the ROI patch sizes, while less variation of accuracy was found with ROI volume feature (from 85.78% to 85.41%) as shown in Table 5. Contradicting our observations on using cortical thickness feature, the accuracy of volume size feature showed a slight improvement when the patch size increased from 1,000 to 2,000 voxels, suggesting that the volume change caused by brain atrophy may affect a large brain region in a similar fashion. However, the combination of multi-scale features always resulted in a better classification performance, indicating that the proposed MDNN is capable of learning the hidden pattern across the small to large patch sizes regardless the feature type. The optimal scale with the best performance would be a potential tunable hyperparameter in an optimization framework.



4.3. Volume Size, Surface Thickness, and Other Morphological Features

Two types of features, ROI volume and cortical thickness, were used for differential diagnosis in this study. Cross validation experiments showed that volume size has better discriminant ability compared with surface thickness regardless of the scale of feature and the type of classifier, as presented in Tables 4, 5. In addition, the results in Table 2 show that with the same classifier, the combination of these two features yields superior classification performance comparing with single type of feature, regardless of whether they are concatenated as a single input feature vector for SVM or using a MLP to learn the latent representation of each scale of feature first.

In this study, we have explored the extraction volume-based and cortical-thickness-based features as an effort to improve the power of differential diagnosis. Other additional image-based morphological features could potentially also provide complementary information regarding brain pathology. Specifically, cortical folding has showed different aging-related patterns between healthy and diseased brain (Wang et al., 2016), including dementia such as AD (Cash et al., 2012). The combination of cortical folding with other shape-based descriptors such as local cortical thickness could potentially yield better characterization the cortical morphological changes that is induced by AD and other types of dementia (Awate et al., 2017). Therefore, the proposed framework could potentially be further extended to integrate other brain morphological descriptors, such as the cortical folding, into the multi-type input feature space to achieve better classification and differential diagnosis power.

In the current study, the proposed network was trained using structural-MRI-based patch-wise volume size and surface thickness features created with a combination of from FreeSurfer segmentation and k-mean clustering to balance the number of parameters trainable and the level of original image-based patterns that are preserved. A potential future direction is to learn the features directly from the raw structural image while maintaining a trainable number of network parameters, which still remains a challenge. This study with patch-wise FreeSurfer-segmentation-based features sets a baseline benchmark for future studies of deep-learning-based differential diagnosis studies with novel network-leaned image-based features for comparison.



4.4. Data Augmentation With GAN

As displayed in Table 2, the classification accuracy was further improved by 1.42% when using GAN for data augmentation. The sensitivity for detecting AD and FTD pathology was increased by a large margin with a slight decrease for detecting NC samples. Instead of log(1 − D(G(z))), we used log(−D(G(z))) in loss function to avoid vanishing gradient and mode collapse (Arjovsky and Bottou, 2017). Therefore, we did not specify what kind of data samples the generator should synthesize. We consider it as a “success” for the generator as long as the generated feature vector was classified as one of the three categories, i.e., NC, AD, and FTD, by the Discriminator. It would be interesting to train one or three Generators to synthesize data samples corresponding to specific groups, although this is beyond the scope of this study as our primary goal was to increase the differentiating accuracy.

For the generator, we only have a single hidden layer because of the low dimension of our data and potential gradient vanishing problem. Instance normalization or other kinds of normalization (Almahairi et al., 2018) was not performed because they caused mode collapse of the generator and resulted in synthetic data all close to 0. Contrasting with many other studies using GAN (Arjovsky et al., 2017), we found root mean square propagation (RMSprop) optimizer resulted in an 87.39% accuracy, which was lower than with Adam optimizer.



4.5. Ensemble Classifier and Cross-Validation

As shown in Figure 5, there can be as much as 3% difference in the classification accuracy (the seventh and the tenth bar of the top left image) across the individual classifiers trained with a different subdivision of the training and validation set, suggesting an unstable performance of each single classifier. In all four experiments, the ensemble classifier had the highest or close to highest accuracy, suggesting that the ensemble strategy improves the robustness and generalizability of the classifier.

It was worth mentioning that with the GAN, the variation of classification accuracy with individual classifiers decreased to 0.49% (from 87.98 to 88.47%) while the accuracy of ensemble classifier was 88.28%, suggesting that, with using GAN for data augmentation, the complex co-adaptations to training or validation set were reduced. The ensemble classifier strategy, although still effective, could therefore be optional with the application of GAN in light of limitations of available computational resources.

On top of the combination of GAN-based data augmentation and cross-validation-based ensemble classifier, an additional nested 10-fold cross validation was implemented to ensure the proposed method is properly validated. Nevertheless, it would be ideal to validate the proposed multi-class classifier on an entire independent and well-homogenized dataset to best evaluate its generalizability toward unseen dataset (Popuri et al., 2020; Yee et al., 2020).




5. CONCLUSION

In this study, a novel framework for accurate differential diagnosis among NC, AD, and FTD pathology has been proposed leveraging the multi-type and multi-scale feature fusion, ensemble classifier, and GAN strategy. The proposed framework achieved a high accuracy of 88.28%. The cross-validation experiments conducted on 1,954 MRI images demonstrate three salient observations. Firstly, the proposed network was able to learn the latent representation pattern across the different types of features (volumes and cortical thickness) extracted at coarse-to-fine scales. Secondly, using a Generative Adversarial Network for data augmentation could prevent overfitting and improve classification performance. Thirdly, the ensemble classifier strategy could result in a more robust and stable classifier, which has statistically better performance than an individual classifier. The promising high-accuracy results using the proposed framework, and the ability of deep networks to generalize to multiple classes, indicate that this approach can be potentially extended for the multiclass differential classification of brain images in other neurodegenerative dementias as well.



DATA AVAILABILITY STATEMENT

The datasets generated for this study are available on request to the corresponding author.



AUTHOR CONTRIBUTIONS

DM conducted the experiment, performed the data processing and analysis, and wrote the manuscript. LW and MB designed and supervise the experiments, guided, and revised the manuscript. KP performed the data processing and manuscript writing. DL conducted the experiment, designed the framework, performed the analysis, and wrote the manuscript. All authors contributed to the article and approved the submitted version.



FUNDING

This work was supported by Natural Sciences and Engineering Research Council (NSERC), Canadian Institutes of Health Research (CIHR), Michael Smith Foundation for Health Research (MSFHR), Brain Canada, the Pacific Alzheimer Research Foundation (PARF), Alzheimer Society of Canada (Alzheimer Society Research Program), the National Institutes of Health (R01 AG055121 and R01 EB020062), and the National Science Foundation (NSF 1734853 and NSF 1636893). Data collection and sharing for this project was funded by ADNI and NIFD. ADNI was funded by the National Institute on Aging, the National Institute of Biomedical Imaging and Bioengineering and through generous contributions from the following: AbbVie, Alzheimer's Association; Alzheimer's Drug Discovery Foundation; Araclon Biotech; BioClinica, Inc.; Biogen; Bristol-Myers Squibb Company; CereSpir, Inc.; Cogstate; Eisai Inc.; Elan Pharmaceuticals, Inc.; Eli Lilly and Company; EuroImmun; F. Hoffmann-La Roche Ltd and its affiliated company Genentech, Inc.; Fujirebio; GE Healthcare; IXICO Ltd.; Janssen Alzheimer Immunotherapy Research & Development, LLC.; Johnson & Johnson Pharmaceutical Research & Development LLC.; Lumosity; Lundbeck; Merck & Co., Inc.; Meso Scale Diagnostics, LLC.; NeuroRx Research; Neurotrack Technologies; Novartis Pharmaceuticals Corporation; Pfizer Inc.; Piramal Imaging; Servier; Takeda Pharmaceutical Company; and Transition Therapeutics. The Canadian Institutes of Health Research is providing funds to support ADNI clinical sites in Canada. Private sector contributions are facilitated by the Foundation for the National Institutes of Health (www.fnih.org). The grantee organization is the Northern California Institute for Research and Education, and the study is coordinated by the Alzheimer's Therapeutic Research Institute at the University of Southern California. ADNI data are disseminated by the Laboratory for Neuro Imaging at the University of Southern California.



REFERENCES

 Abadi, M., Agarwal, A., and Barham, P. (2015). TensorFlow: Large-Scale Machine Learning on Heterogeneous Systems. Available online at: www.tensorflow.org.

 Alladi, S., Xuereb, J., Bak, T., Nestor, P., Knibb, J., Patterson, K., et al. (2007). Focal cortical presentations of Alzheimer's disease. Brain 130, 2636–2645. doi: 10.1093/brain/awm213

 Almahairi, A., Rajeswar, S., Sordoni, A., Bachman, P., and Courville, A. (2018). Augmented cyclegan: learning many-to-many mappings from unpaired data. arXiv [Preprint]. arXiv:1802.10151.

 Arjovsky, M., and Bottou, L. (2017). Towards principled methods for training generative adversarial networks. arXiv [Preprint]. arXiv:1701.04862.

 Arjovsky, M., Chintala, S., and Bottou, L. (2017). Wasserstein gan. arXiv [Preprint]. arXiv:1701.07875.

 Association, A. (2011). 2011 Alzheimer's Disease Facts and Figures. Alzheimer's Dement. 7:208. doi: 10.1016/j.jalz.2011.02.004

 Awate, S. P., Leahy, R. M., and Joshi, A. A. (2017). “Kernel methods for Riemannian analysis of robust descriptors of the cerebral cortex,” in Lecture Notes in Computer Science, Vol. 6533 (Springer International Publishing), 28–40. doi: 10.1007/978-3-319-59050-9_3

 Bang, J., Spina, S., and Miller, B. L. (2015). Frontotemporal dementia. Lancet 386, 1672–1682. doi: 10.1016/S0140-6736(15)00461-4

 Beg, M. F., Miller, M. I., Trouvé, A., and Younes, L. (2005). Computing large deformation metric mappings via geodesic flows of diffeomorphisms. Int. J. Comput. Vis. 61, 139–157. doi: 10.1023/B:VISI.0000043755.93987.aa

 Bruun, M., Koikkalainen, J., Rhodius-Meester, H. F. M., Baroni, M., Gjerum, L., Van Gils, M., et al. (2019). Detecting frontotemporal dementia syndromes using MRI biomarkers. NeuroImage 22:101711. doi: 10.1016/j.nicl.2019.101711

 Cash, D. M., Melbourne, A., Modat, M., Cardoso, M. J., Clarkson, M. J., Fox, N. C., et al. (2012). “Cortical folding analysis on patients with Alzheimer's disease and mild cognitive impairment,” in Medical Image Computing and Computer-Assisted Intervention - MICCAI 2012, eds N. Ayache, H. Delingette, P. Goll and K. Mori (Berlin; Heidelberg: Springer), 289–296. doi: 10.1007/978-3-642-33454-2_36

 Dale, A. M., and Fischl, B. S. M. (1999). Cortical surface-based analysis. II: Inflation, flattening, and a surface-based coordinate system. Neuroimage, 9, 195–207. doi: 10.1006/nimg.1998.0396

 Davatzikos, C., Bhatt, P., Shaw, L. M., Batmanghelich, K. N., and Trojanowski, J. Q. (2011). Prediction of MCI to AD conversion, via MRI, CSF biomarkers, and pattern classification. Neurobiol. Aging 32, 2322–e19. doi: 10.1016/j.neurobiolaging.2010.05.023

 Davatzikos, C., Resnick, S. M., Wu, X., Parmpi, P., and Clark, C. M. (2008). Individual patient diagnosis of AD and FTD via high-dimensional pattern classification of MRI. Neuroimage 41, 1220–1227. doi: 10.1016/j.neuroimage.2008.03.050

 Du, A.-T., Schuff, N., Kramer, J. H., Rosen, H. J., Gorno-Tempini, M. L., Rankin, K., et al. (2007). Different regional patterns of cortical thinning in Alzheimer's disease and frontotemporal dementia. Brain 130, 1159–1166. doi: 10.1093/brain/awm016

 Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., et al. (2014). “Generative adversarial nets,” in Advances in Neural Information Processing Systems, 27, eds Z. Ghahramani, M. Welling, C. Cortes, N. D. Lawrence and K. Q. Weinberger (Curran Associates, Inc.) 2672–2680. Available online at: http://papers.nips.cc/paper/5423-generative-adversarial-nets.pdf

 He, K., Zhang, X., Ren, S., and Sun, J. (2016). “Deep residual learning for image recognition,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 770–778. doi: 10.1109/CVPR.2016.90

 Hinton, G. E., and Salakhutdinov, R. R. (2006). Reducing the dimensionality of data with neural networks. Science 313, 504–507. doi: 10.1126/science.1127647

 Jiskoot, L. C., Panman, J. L., Meeter, L. H., Dopper, E. G., Donker Kaat, L., Franzen, S., et al. (2018). Longitudinal multimodal MRI as prognostic and diagnostic biomarker in presymptomatic familial frontotemporal dementia. Brain 142, 193–208. doi: 10.1093/brain/awy288

 Kim, J. P., Kim, J., Park, Y. H., Park, S. B., Lee, J. S., Yoo, S., et al. (2019). Machine learning based hierarchical classification of frontotemporal dementia and Alzheimer's disease. NeuroImage 23:101811. doi: 10.1016/j.nicl.2019.101811

 Krizhevsky, A., Sutskever, I., and Hinton, G. E. (2012). “Imagenet classification with deep convolutional neural networks,” in Advances in Neural Information Processing Systems (Curran Associates, Inc.), 1097–1105. Available online at: http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf

 Lata, K., Dave, M., and Nishanth, K. N. (2019). Data augmentation using generative adversarial network. Proceedings of 2nd International Conference on Advanced Computing and Software Engineering (ICACSE) 2019. Available online at: SSRN: https://ssrn.com/abstract=3349576 or http://dx.doi.org/10.2139/ssrn.3349576

 Litjens, G., Kooi, T., Bejnordi, B. E., Setio, A. A. A., Ciompi, F., Ghafoorian, M., et al. (2017). A survey on deep learning in medical image analysis. Med. Image Anal. 42, 60–88. doi: 10.1016/j.media.2017.07.005

 Looi, J. C. L., Walterfang, M., Styner, M., Svensson, L., Lindberg, O., Östberg, P., et al. (2010). Shape analysis of the neostriatum in frontotemporal lobar degeneration, Alzheimer's disease, and controls. Neuroimage 51, 970–986. doi: 10.1016/j.neuroimage.2010.02.017

 Lu, D., Popuri, K., Ding, G. W., Balachandar, R., and Beg, M. F. (2018a). Multimodal and multiscale deep neural networks for the early diagnosis of Alzheimer's disease using structural MR and FDG-PET images. Sci. Rep. 8:5697. doi: 10.1038/s41598-018-22871-z

 Lu, D., Popuri, K., Ding, G. W., Balachandar, R., and Beg, M. F. (2018b). Multiscale deep neural network based analysis of FDG-PET images for the early diagnosis of Alzheimer's disease. Med. Image Anal. 46, 26–34. doi: 10.1016/j.media.2018.02.002

 Ma, D., Popuri, K., Bhalla, M., Sangha, O., Lu, D., Cao, J., et al. (2018). Quantitative assessment of field strength, total intracranial volume, sex, and age effects on the goodness of harmonization for volumetric analysis on the ADNI database. Hum. Brain Mapp. 40, 1507–1527 doi: 10.1002/hbm.24463

 Neary, D., Snowden, J., and Mann, D. (2005). Frontotemporal dementia. Lancet Neurol. 4, 771–780. doi: 10.1016/S1474-4422(05)70223-4

 Neary, D., Snowden, J. S., Gustafson, L., Passant, U., Stuss, D., Black, S., et al. (1998). Frontotemporal lobar degeneration A consensus on clinical diagnostic criteria. Neurology 51, 1546–1554. doi: 10.1212/WNL.51.6.1546

 Pasquier, F. (2005). Telling the difference between frontotemporal dementia and Alzheimer's disease. Curr. Opin. Psychiatry 18, 628–632. doi: 10.1097/01.yco.0000185988.05741.2a

 Raamana, P. R., Rosen, H., Miller, B., Weiner, M. W., Wang, L., and Beg, M. F. (2014). Three-class differential diagnosis among Alzheimer disease, frontotemporal dementia, and controls. Front. Neurol. 5:71. doi: 10.3389/fneur.2014.00071

 Raamana, P. R., Weiner, M. W., Wang, L., Beg, M. F., and Initiative, A. D. N. (2015). Thickness network features for prognostic applications in dementia. Neurobiol. Agin 36, S91–S102. doi: 10.1016/j.neurobiolaging.2014.05.040

 Rabinovici, G., Seeley, W., Kim, E., Gorno-Tempini, M., Rascovsky, K., Pagliaro, T., et al. (2008). Distinct MRI atrophy patterns in autopsy-proven Alzheimer's disease and frontotemporal lobar degeneration. Am. J. Alzheimer's Dis. 22, 474–488. doi: 10.1177/1533317507308779

 Ronneberger, O., Fischer, P., and Brox, T. (2015). “U-net: convolutional networks for biomedical image segmentation,” in International Conference on Medical Image Computing and Computer-Assisted Intervention (Munich: Springer), 234–241. doi: 10.1007/978-3-319-24574-4_28

 Sandfort, V., Yan, K., Pickhardt, P. J., and Summers, R. M. (2019). Data augmentation using generative adversarial networks (CycleGAN) to improve generalizability in CT segmentation tasks. Sci. Rep. 9, 1–9. doi: 10.1038/s41598-019-52737-x

 Seiffert, C., Khoshgoftaar, T. M., Van Hulse, J., and Napolitano, A. (2010). Rusboost: A hybrid approach to alleviating class imbalance. IEEE Trans. Syst. Man Cybern. Part A 40, 185–197. doi: 10.1109/TSMCA.2009.2029559

 Shao, S., Wang, P., and Yan, R. (2019). Generative adversarial networks for data augmentation in machine fault diagnosis. Comput. Indus. 106, 85–93. doi: 10.1016/j.compind.2019.01.001

 Shi, H., Wang, L., Ding, G., Yang, F., and Li, X. A. (2018). “Data augmentation with improved generative adversarial networks,” in 2018 24th International Conference on Pattern Recognition (ICPR) (Beijing: IEEE). doi: 10.1109/ICPR.2018.8545894

 Simonyan, K., and Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv [Preprint]. arXiv:1409.1556.

 Srivastava, N., Hinton, G. E., Krizhevsky, A., Sutskever, I., and Salakhutdinov, R. (2014). Dropout: a simple way to prevent neural networks from overfitting. J. Mach. Learn. Res. 15, 1929–1958.

 Suk, H.-I., Lee, S.-W., Shen, D., and Initiative, A. D. N. (2014). Hierarchical feature representation and multimodal fusion with deep learning for AD/MCI diagnosis. NeuroImage 101, 569–582. doi: 10.1016/j.neuroimage.2014.06.077

 Szegedy, C., Ioffe, S., Vanhoucke, V., and Alemi, A. A. (2017). “Inception-v4, inception-resnet and the impact of residual connections on learning,” in Thirty-First AAAI Conference on Artificial Intelligence (San Francisco, CA).

 Tong, T., Ledig, C., Guerrero, R., Schuh, A., Koikkalainen, J., Tolonen, A., et al. (2017). Five-class differential diagnostics of neurodegenerative diseases using random undersampling boosting. NeuroImage 15, 613–624. doi: 10.1016/j.nicl.2017.06.012

 Varma, A., Snowden, J., Lloyd, J., Talbot, P., Mann, D., and Neary, D. (1999). Evaluation of the NINCDS-ADRDA criteria in the differentiation of Alzheimer's disease and frontotemporal dementia. J. Neurol. Neurosurg. Psychiatry 66, 184–188. doi: 10.1136/jnnp.66.2.184

 Wang, Y., Necus, J., Kaiser, M., and Mota, B. A. (2016). Universality in human cortical folding in health and disease. Proc. Natl. Acad. Sci. U.S.A. 113, 12820–12825. doi: 10.1073/pnas.1610175113

 Womack, K. B., Diaz-Arrastia, R., Aizenstein, H. J., Arnold, S. E., Barbas, N. R., Boeve, B. F., et al. (2011). Temporoparietal hypometabolism in frontotemporal lobar degeneration and associated imaging diagnostic errors. Arch. Neurol. 68, 329–337. doi: 10.1001/archneurol.2010.295

 Zheng, Y., Guo, H., Zhang, L., Wu, J., Li, Q., and Lv, F. A. (2019). Machine learning-based framework for differential diagnosis between vascular dementia and Alzheimer's disease using structural MRI Features. Front. Neurol. 10:1097. doi: 10.3389/fneur.2019.01097

 Popuri, K., Ma, D., Wang, L., and Beg, M. F. (2020). Using machine learning to quantify structural MRI neurodegeneration patterns of Alzheimer's disease into dementia score: Independent validation on 8,834 images from ADNI, AIBL, OASIS, and MIRIAD databases. Human Brain Mapping, e25115. doi: 10.1002/hbm.25115

 Yee, E., Ma, D., Popuri, K., Want, L., and Beg, M. F. (2020). Construction of MRI-based alzheimer's disease score based on efficient 3D convolutional neural network – comprehensive validation on 7209 multi-centre dataset. J. Alzheimer's Dis. (Accepted)

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2020 Ma, Lu, Popuri, Wang, Beg and Alzheimer's Disease Neuroimaging Initiative. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.












	 
	REVIEW
published: 23 October 2020
doi: 10.3389/fnagi.2020.601603





[image: image]

Molecular Level Insight Into the Benefit of Myricetin and Dihydromyricetin Uptake in Patients With Alzheimer’s Diseases

Miaomiao Liu1, Hong Guo2, Zhongyuan Li1, Chenghua Zhang1, Xiaoping Zhang1,3, Qinghua Cui1,3* and Jingzhen Tian1,3*

1College of Pharmacy, Shandong University of Traditional Chinese Medicine, Jinan, China

2Affiliated Hospital of Integrated Traditional Chinese and Western Medicine, Nanjing University of Chinese Medicine, Nanjing, China

3Qingdao Academy of Chinese Medicinal Sciences, Shandong University of Traditional Chinese Medicine, Qingdao, China

Edited by:
Jiehui Jiang, Shanghai University, China

Reviewed by:
Nobuyuki Kimura, National Center for Geriatrics and Gerontology, Japan
Karen Schmitt, Hector Institute for Translational Brain Research, Central Institute of Mental Health (ZI), Germany

*Correspondence: Qinghua Cui, cuiqinghua1122@163.com; Jingzhen Tian, tianjingzhen@163.com

Received: 01 September 2020
Accepted: 06 October 2020
Published: 23 October 2020

Citation: Liu M, Guo H, Li Z, Zhang C, Zhang X, Cui Q and Tian J (2020) Molecular Level Insight Into the Benefit of Myricetin and Dihydromyricetin Uptake in Patients With Alzheimer’s Diseases. Front. Aging Neurosci. 12:601603. doi: 10.3389/fnagi.2020.601603

Alzheimer’s disease (AD) is a neurodegenerative disease with a high incidence rate and complicated pathogenesis. Currently, all anti-AD drugs treat the symptoms of the disease, and with currently no cure for AD. Flavonoid containing natural products, Myricetin (MYR) and Dihydromyricetin (DMY), are abundant in fruits and vegetables, and have been approved as food supplements in some countries. Interestingly, MYR and DMY have been reported to have anti-AD effects. However, the underlying anti-AD mechanism of action of MYR and DMY is complex with many facets being identified. In this review, we explore the benefit of MYR and DMY in AD patients from a molecular level. Their mechanism of action are discussed from various aspects including amyloid β-protein (Aβ) imbalance, neuroinflammation, dyshomeostasis of metal ions, autophagy disorder, and oxidative stress.
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INTRODUCTION

Alzheimer’s disease (AD) is a neurodegenerative disease (Barnett, 2019), which can cause patients to gradually lose their ability to live independently, and change their personality and behavior. Most patients with AD die within 10 years of diagnosis, and those patients who survive past this, suffer from declines in cognition, language including speech, and memory. AD not only threatens the patients’ lives and health but also causes serious societal problems (Guo et al., 2019), especially within countries with a growing aging population. Unfortunately, the incidence of AD has dramatically increased in the last few decades. According to the latest report from the Alzheimer’s Association, the number of AD patients in the United States reached 5.8 million in 2020 (Association, 2020). At the same time, they predicted that this number would rise to 13.8 million by mid-century (Association, 2020).

The etiology of AD is complicated and remains unclear, with many factors being reported to be involved in the pathogenesis of AD. The excessive amounts of Aβ and the abnormally phosphorylated tau peptide (Goedert and Spillantini, 2006) are the most studied pathogenesis of AD. The neurotransmitter imbalance in the central nervous system (Guo et al., 2019) such as acetylcholine (ACh) deficiency, the dyshomeostasis of metal ions (Ayton et al., 2015) and the overexpression of MicroRNA (Sarkar et al., 2019) are also thought to be closely related to the development of AD. Furthermore, physiological function disorders, such as oxidative stress, inflammation (Meraz-Ríos et al., 2013), abnormal autophagy and the damage of insulin signaling pathway (Zhang and Hölscher, 2020) were also found to cause serious damage to the brain and can lead to the manifestation of AD (Butterfield and Halliwell, 2019). Other factors are also reported as a driving force in the genesis and development of AD, such as the long-term infections of bacteria and viruses (Bearer and Wu, 2019; Dominy et al., 2019), and the dyshomeostasis of intestinal flora (Friedland, 2015).

Currently, clinically used AD drugs treat the symptoms of AD in affected patients. Donepezil, Rivastigmine and Galantamine are AChE inhibitors while Memantine is an NMDA (N-methyl-D-aspartic acid) receptor antagonist. Notably, GV-971, an oligosaccharide derived from brown seaweed, was approved for use in China at the end of 2019. GV-971 is said to treat AD with a brain-gut axis as the target (Wang X. et al., 2019). In addition, given the crucial role of Aβ in the pathological development of AD, many drugs were developed to control the abnormal accumulation of Aβ. Verubecestat and Tarenflurbil inhibit enzymes within the Aβ biosynthetic pathway, Tramiprosate and Azeliragon inhibit abnormal aggregation of Aβ, monoclonal antibodies (such as Gantenerumab and Aducanumab) and vaccines (such as ACC-001) against Aβ are also used as immunotherapy (Sevigny et al., 2016; Wu, 2019). Most of these candidates failed in phase III clinical trials, mainly due to lack of efficacy against placebo.



MYRICETIN AND DIHYDROMYRICETIN

3, 3′, 4′, 5, 5′, 7-Hexahydroxyflavone (Myricetin, MYR, Figure 1) is a flavonoid, which was first isolated from the bark of Myrica nagi Thunb. about 200 years ago (Semwal et al., 2016). The appearance of MYR is a light yellow crystal solid. 3, 3′, 4′, 5, 5′, 7-Hexahydroxy-2, 3-dihydroflavanonol (Dihydromyricetin, DMY or DHM) is also known as ampelopsin (AMP) because it was first discovered from Ampelopsis meliaefolia (Hand. -Mazz.) W. T. Wang (an Ampelopsis Michx plant) in 1940 (Hou et al., 2015). DMY has a white appearance. MYR is the oxidation product of DMY, thus 2, 3-double bond of DMY is hydrogenated to form MYR (Figure 1).
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FIGURE 1. The structures of MYR and DMY. MYR is a flavonol compound, and DMY belongs to dihydroflavonol. DMY is a derivative after introducing “H” to MYR’s 2, 3 binding sites, respectively.


MYR and DMY are produced in sizable quantities in plants, particularly in some commonly consumed fruits and vegetables. For instance, MYR, has been reported to be abundant in strawberries, apples, spinach, aloe vera, carrots (Zhang et al., 2015), mulberries (Mahmood et al., 2012), etc., and the content of MYR in red wine can reach twice that of resveratrol (Lee et al., 2007; Rodrigo et al., 2011). Dihydromyricetin is widely found in grapes, bayberry, ampelopsis (Clementi et al., 2015), ginkgo and other plants, with the content of DMY in rattan tea particularly is high, often reaching 30–40% (Liu et al., 2019). Moreover, MYR is listed as a health product in Europe, and has been approved by the FDA for pharmaceuticals, foods, and health products in the United States with FYI, a health product containing myricetin being successfully launched (Whitehouse, 2002). Meanwhile, MYR and DMY are the essential ingredients in many health foods or drinks (Semwal et al., 2016; Martínez-Coria et al., 2019) and are known to have an excellent safety profile coupled with the fact that is suitable for human consumption.

Being one of the more well-studied polyphenols, MYR and DMY exhibit a range of interesting biological activities. MYR has been shown to have anti-cancer, anti-oxidant and anti-inflammatory effects (Kang et al., 2011; Zhang et al., 2011). DMY has shown to have better pharmacological effects than MYR, with its anti-temulence (Shen et al., 2012) ability and hepato-protective qualities being well known (Murakami et al., 2004). Interestingly, both MYR and DMY have been found to exhibit anti-AD effects. Moreover, many MYR and DMY containing foods are also reported to have some neuroprotective abilities. Ginkgo and its extracts have long been considered to have a good effect on the treatment of AD (Bader et al., 2018; Li et al., 2018). Aloe vera and mulberry are often considered to have additional anti-dementia effects (Clementi et al., 2015; Liu and Du, 2020). Furthermore, moderate consumption of red wine is also often considered to have anti-aging and antioxidant effects as well as improving blood pressure.



THE MOLECULAR MECHANISMS OF MYR AND DMY IN THE ALLEVIATION OF HALLMARKS OF ALZHEIMER’S DISEASE

Studies have shown that MYR and DMY can significantly improve the learning and memory abilities of animal model of Alzheimer’s disease (Hirohata et al., 2007; Liang et al., 2014). In this section, we explore the underlying molecular mechanisms and potential mode of action of MYR and DMY against the symptoms of AD.


MYR and DMY Interact With Aβ to Exert Anti-AD Effects

Aβ is a hydrolysate of the amyloid protein precursor (APP) (Thinakaran and Koo, 2008). APP has two main metabolic pathways: one is the continuous hydrolysis by β-secretase (BACE-1) and γ-secretase to produce Aβ. In this process, BACE-1 is a key rate-limiting enzyme (Naushad et al., 2019), which is unsurprisingly a potential target for the treatment of AD. The other is the formation of harmless sAPPα and C83 after hydrolysis by α-secretase. Typically, the formation and hydrolysis of Aβ is in dynamic equilibrium. When this dynamic equilibrium is broken, the excessive production and abnormal deposition of Aβ in the brain has been linked to the initiation and progression of AD. It is reported that MYR inhibits the activity of BACE-1 and hinders the production of Aβ (Shimmyo et al., 2008). Inside the active center of BACE-1, the hydroxyl group at the C7 position of the A ring in the MYR structure binds to the aspartate dyad (Asp32 and Asp228) through hydrogen bonding (Chakraborty et al., 2011). Thus, MYR inhibits the activity of BACE-1 to digest APP and thus reduces the production of Aβ. Additionally, MYR has been shown to have increased the level of α-secretase (Shimmyo et al., 2008) which results in an increase in the levels of APP broken down to harmless APP fragments. This causes an overall decrease in the levels of APP that can be used to produce Aβ, thereby indirectly reducing Aβ production. Furthermore, studies also showed that DMY can increase the expression of neprilysin (NEP) (Feng et al., 2018). NEP is a M13 zinc metalloproteinase family protein that can cleave Aβ peptide bonds to decompose Aβ (Kanemitsu et al., 2003; Hersh and Rodgers, 2008). The upregulation of NEP by DMY accelerates the decomposition of Aβ and results in the improvement of AD symptoms (Figure 2).
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FIGURE 2. MYR interacts with Aβ through the following 4 pathways (brown): 1. MYR reduces the production of Aβ through inhibition of β-secretase 1; 2. by increasing the level of α-secretase and competitively decomposing APP; 3. inhibiting the β-sheet by binding to Aβ, and preventing the conversion of Aβ monomers into oligomers and fibrils; 4. Inhibiting the extension of the fibrils of Aβ by binding to it. DMY mainly suppresses Aβ in the brain through the following 3 paths (blue): 1. reduce Aβ production by inhibition β-secretase 1; 2. increasing the level of NEP by promoting the expression of NEP gene; 3. inhibiting β-sheet and disassembling Aβ fibrils by binding to Aβ.


Secondly, Aβ monomer has a neurotrophic effect, but the oligomers and fibrils of Aβ have severe neurotoxicity (mainly including inflammation, oxidative stress, and destruction of cell membranes) (Jang et al., 2007; Umeda et al., 2011; Zhai et al., 2012). The oligomers and fibrils of Aβ are generated by excess Aβ through β-sheet (Jang et al., 2007) and MYR and DMY can inhibit the formation of this β-sheet (Shimmyo et al., 2008; Jia et al., 2019). The hydroxyl group of MYR forms a hydrogen bond with a carbonyl group and amino group in Aβ (Andarzi Gargari et al., 2018). Secondary structure analysis showed that this interaction between MYR and Aβ could inhibit the β-sheet formation of Aβ, which can prevent Aβ undergoing toxic changes (Andarzi Gargari et al., 2018). Moreover, MYR can also bind with two further sites in Aβ fibrils and inhibit the extension of Aβ (Hirohata et al., 2007; Andarzi Gargari et al., 2018). DMY can combine with the three sites on the Aβ structure to block its molecular conformation and break its intramolecular hydrogen bonds. This not only blocks the β-sheet but also has a dismantling effect on the already formed Aβ fibrils (Jia et al., 2019). Thus, MYR and DMY can hinder the formation of Aβ oligomers, which will reduce the neurotoxicity of Aβ oligomers, and release the symptoms of AD (Figure 2).



MYR and DMY Show Anti-AD Effects Through Anti-inflammatory

Recent research has shown that inflammation is also one of the main causes of AD, although neuroinflammation is usually treated as the result of AD’s pathogenesis (Meraz-Ríos et al., 2013). Interestingly, MYR and DMY can directly reduce the levels of inflammatory factors, inhibit microglia activation, and inhibit NLRP3 (nucleotide-binding oligomerization domain-like receptor protein 3) inflammasome (Figure 3). Eventually, these anti-inflammatory effects of MYR and DMY can help to reduce the symptoms of AD.
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FIGURE 3. The anti-inflammatory effects of MYR and DMY occur through the following 3 pathways. 1. Through the NF-κB and AMPK/SIRT1 pathway 2. Regulation of microglia, though reduction in M1 levels and increasing M2 level. 3. Activation of Nrf2 to reduce mtROS, and interfere with the ubiquitination process to suppress NLRP3 inflammasome.


Firstly, MYR and DMY can effectively reduce the levels of inflammatory factors such as IL, TNF-α, NF-κB, etc (Jing and Li, 2019). Taking IL-1 as an example, it can not only damage nerve cells but also increase the level of APP to increase the production and accumulation of Aβ (Shadfar et al., 2015). IL-1 can also accelerate the phosphorylation of tau peptide in the brain and further form neurofibrillary tangles (NFTs), and NFTs are another major pathological marker of AD besides Aβ(Shadfar et al., 2015). In addition, IL-1 can also increase the level of other inflammatory factors (such as TNF-α) to further aggravate the inflammatory response and cell damage caused by it (Shadfar et al., 2015). The anti-inflammatory effects of MYR and DMY are mainly to reduce the levels of IL, TNF-α, iNOS, COX-2, and other inflammatory factors in the brain by interfering with the NF-κB signaling pathway and alleviate the damage of these inflammatory factors to the nervous system (Jing and Li, 2019). It is also reported that DMY can inhibit neuronal inflammation in AD rats by activating the AMPK/SIRT1 pathway (Sun et al., 2019). It is through interfering with this signaling pathway, that DMY can exert its anti-inflammatory ability while inhibiting the apoptosis of hippocampal nerve cells. This is key to treating AD, as the hippocampus of the brain regarded as the main area which of the brain that controls memory.

Secondly, microglia are the smallest glial cells in the central nervous system. Under normal conditions, microglial cells have beneficial nutritional and immunological effects, but activated microglial cells play an essential role in the development of neuroinflammation in AD patients’ brains (Browne et al., 2013). Activated microglial cells have two types: M1 and M2. M1 can promote the development of inflammation, while M2 can inhibit the development of inflammation (Sondag et al., 2009). For microglia, DMY not only inhibits its activation (Jang et al., 2007) but also has an excellent inhibitory effect on the neuroinflammation caused by activated microglia (Weng et al., 2017). Specifically, DMY can inhibit the transformation of microglia to M1 and promote its transformation to M2 (Jang et al., 2007). By reducing the level of M1, the inflammatory response is reduced; meanwhile, increasing the level of M2 can further reduce the damage caused by neuroinflammation by exerting its anti-inflammatory ability.

Lastly, in the pathological process of AD, NLRP3 in the central nervous system can be activated by Aβ and aggravate symptoms of AD (Heneka et al., 2013). Studies have confirmed that Aβ levels can be effectively reduced by inhibiting NLRP3 or knocking out related genes, and the impairment of spatial memory ability of mice with Alzheimer’s disease also can be alleviated in this way (Heneka et al., 2013; Tan et al., 2013). At present, the NLRP3 in the central nervous system is considered an effective target for AD’s treatment (Saresella et al., 2016). DMY can inhibit the expression and activation of NLRP3 (Jang et al., 2007) with DMY increasing the levels of HO-1 and NQO1 by activating Nrf2, which in turn reduces the level of mtROS which leads to the activation of NLRP3 being inhibited (Hu et al., 2018). Furthermore, MYR also can inhibit NLRP3 activation by inhibiting ACS’s oxygen-dependent ubiquitination and promoting oxygen-independent ubiquitination of NLRP3 (Chen et al., 2019). The inhibitory effect of MYR and DMY on the NLRP3 can help reduce neuroinflammatory damage in the brain of AD patients and reduce the level of Aβ to a certain extent.



MYR and DMY Exert an Anti-AD Effect Through Antioxidant

Oxidative stress reflects an imbalance between the excessive production and incorporation of free radicals and the dynamic ability of a biosystems to detoxify reactive intermediates (Jiang et al., 2016). It is one of the direct causes of aging and a known cause of AD (Jiang et al., 2016). The brain has high oxygen consumption and low antioxidant capacity, which makes it particularly vulnerable to oxidative stress (Guo et al., 2019). Free radicals and ROS are the two main pathways used by oxidative stress to directly damage nerve cells. The free radical contains unpaired electrons, making it in an extremely unstable and highly reactive toward neighboring molecules. This will cause the neighboring molecules to become a new free radical, which in turn reacts with neighboring molecules to produce a free radical chain reaction, causing severe oxidative damage to the brain.

As flavonoids, the pyrogallol structure in the B ring of both MYR and DMY is key to their antioxidant effect (Mendes et al., 2015). They can combine with radicals to form stable semiquinone radicals, thus interrupting the radical chain reaction (Zhang and Chen, 2000). In vitro experiments have shown that very low concentrations (0.1, 0.2 μmol/L) of MYR can effectively inhibit the generation of ROS and protect cells from damage caused by oxidative stress (Barzegar, 2016). When the concentration of MYR reaches 5 μg/mL, it can achieve 50% clearance of ROS and 20% clearance of DPPH (1,1-diphenyl-2-picrylhydrazyl) radicals; when the concentration of MYR reaches 10 μg/mL, it restores the levels and activities of antioxidant substances such as SOD, CAT, and GSH-Px in cells (Wang et al., 2010). Additionally, research has shown that in the H2O2-induced cell injury model, MYR can inhibit DNA and lipid damage caused by oxidative stress while regulating the PI3K/Akt and MAPK signaling pathways. This leads to an increase in the levels of anti-apoptotic factors such as Bcl-2 and reduction of pro-apoptotic factors like Bax, caspase-9, and caspase-3, ultimately leading to inhibition of apoptosis induced by oxidative stress (Wang et al., 2010; Li et al., 2016). DMY also has a very good free radical scavenging ability. The difference from MYR mainly lies in the fact that MYR has a better ability to clear ABTS [2, 2’-azino-bis(3-ethylbenzothiazoline-6-sulfonic acid)] while DMY is better at clearing DPPH (Kang et al., 2010).

In addition to direct brain damage, oxidative stress is closely associated with multiple factors related to AD. (1) Aβ has the ability to induce oxidative stress (Butterfield et al., 2010), and oxidative stress can also promote the production of Aβ (Praticò et al., 2001). MYR can inhibit the free radical chain reaction from the source by inhibiting Aβ, thereby reducing the central nervous system damage caused by oxidative stress (Shimmyo et al., 2008). (2) Oxidative stress can activate the JNK/SAPK pathway and subsequently cause elevated BACE-1 levels. Further, BACE-1 will break down the APP into Aβ, which leads to elevated Aβ levels (Tamagno et al., 2005), while an increase in Aβ can further activate the JNK/SAPK pathway (Figure 4) and cause a vicious cycle. Oxidative stress can also promote the phosphorylation of tau peptide by inhibiting PP2A (Praticò et al., 2001; Su et al., 2010; Tang et al., 2017), and oligomers of tau peptide can aggravate oxidative stress by destroying mitochondria (Lasagna-Reeves et al., 2011; Figure 4). MYR and DMY can, therefore, protect neuronal cells through their antioxidant abilities.
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FIGURE 4. Firstly, the free radical chain reaction can cause severe oxidative stress damage, with MYR and DMY inhibiting this process by scavenging free radicals; secondly, oxidative stress can increase the level of Aβ by activating the JNK/SAPK pathway, and Aβ can further activate this pathway, MYR’s antioxidant and anti-Aβ abilities can disrupt this vicious circle; thirdly, oxidative stress can promote the phosphorylation of tau peptide by inhibiting PP2A, and tau peptide oligomers can increase oxidative stress by destroying mitochondria, the ability of MYR to clear ROS can prevent the increase of oxidative stress.




MYR and DMY Play an Anti-AD Role by Regulating Autophagy

Autophagy is the process by which cells eliminate abnormal organelles or denatured protein through lysosomes. For nerve cells, it is difficult to dilute toxins through cell division, so autophagy is a particularly vital process for nerve cells. At the beginning of the autophagy process, the endoplasmic reticulum in the cell sheds part of the biofilm and forms autophagic vesicles (AVs). These AVs encapsulate harmful protein such as Aβ and abnormally phosphorylated tau peptide to form autophagosomes. Subsequently, the autophagosomes are transported along the microtubules by the dynein to the lysosome resulting in harmful protein being degraded by the lysosome (Li et al., 2019; Figure 5). Moreover, recent studies have revealed that the mTOR (mammalian targets of rapamycin) is a crucial signaling factor that regulates cell proliferation, growth, and apoptosis, and it is the core cytokine that regulates cell autophagy.
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FIGURE 5. Autophagy has the effect of inhibiting AD. Firstly, MYR can promote autophagy by inhibiting phosphorylation of mTOR; Secondly, DMY can inhibit mTOR through ERK1/2 pathway, AMPK-PGC-1α-Sirt3 pathway, and PI3K/PDK 1/Akt pathway, ultimately promote autophagy; Thirdly, DMY can also promote autophagy through the Keap-1/Nrf2, ROS-NF-κB and MALAT1-TFEB pathways.


Both MYR and DMY have an effect on regulating autophagy, which aids in the elimination of abnormal Aβ and tau peptide produced in cells. MYR regulates autophagy mainly through the mTOR pathway by inhibiting mTOR’s phosphorylation (Cao et al., 2018). It has been observed to dose-dependently increase the level of autophagy marker LC3-II and induce formation of autophagosomes (Cao et al., 2018). Through the formation of a large number of autophagosomes, the clearance of Aβ and abnormally phosphorylated tau peptide in the cells is accelerated, thereby alleviating the symptoms of AD (Díaz-Villanueva et al., 2015; Cao et al., 2018). On the other hand, DMY can promote autophagy by inhibiting mTOR, and again this effect is dose-dependent. The regulation of autophagy by DMY is a comprehensive and complicated process, which involves the upstream pathway of mTOR including ERK1/2 (extracellular signal-regulated kinase 1/2), AMPK-PGC-1α-Sirt3 (AMP-activated kinase-peroxisome proliferator-activated receptor coactivator-1α-Sirt3) and PI3K/PDK 1/Akt (class III phosphatidylinositol 3-kinase/phosphoinositide-dependent protein kinase 1/protein kinase B) pathways (Xia et al., 2014; Shi et al., 2015). Furthermore, the regulation of autophagy by DMY also involves the Keap-1/Nrf2, ROS-NF-κB, and MALAT1-TFEB pathways (Qiu et al., 2017; Zhou et al., 2017; Tan et al., 2019). In short, DMY can affect the levels of Aβ and tau peptide in the nervous system through multiple effects on autophagy, and thus has a therapeutic effect on AD.



MYR and DMY Play an Anti-AD Role by Complexing Metal Ions in the Brain

The imbalance of metal ions in the brain can cause cytotoxicity, oxidative stress damage, abnormal deposition of Aβ, and abnormal phosphorylation of tau peptide, which are closely related to AD. Initially, research conducted regarding AD-related metals generally focused on calcium ions, however, in recent years, an increasing number metal ions (such as copper, iron, and zinc) have been associated with the generation and development of AD (Bush, 2013). Studies have shown that there are many binding sites within Aβ that can bind metal ions (Tian et al., 2018), and there is a notable increase in toxicity of Aβ when this complexation occurs. For example, Zn2+ has four binding sites on the structure of Aβ, so even in micromolar concentrations, they can increase the aggregation of Aβ (Boom et al., 2009). Additionally, Zn2+ can change Aβ’s structure after binding to Aβ and promote the amyloidosis of Aβ (Guo et al., 2017). Cu2+ is also able to bind Aβ and promote its accumulation and precipitation (Cristóvão et al., 2016). This effect is generally related to the relative levels of Cu2+/Zn2+ and Aβ content (Cristóvão et al., 2016).

As flavonoids, both MYR and DMY have an excellent ability to chelate metal ions (Xu, 2010; Jomová et al., 2019), which can inhibit AD by regulating the concentration of metal ions in the brain. The chelating sites with metal ions of MYR and DMY are shown in Figure 6. It is worth noting that the chelation products have better pharmacological effects (such as antioxidant and anti-inflammatory) than uncomplexed MYR or DMY (Li et al., 2016). MYR has been proven that it could inhibit Aβ aggregation by chelating with Cu2+ or Zn2+ (DeToma et al., 2011). MYR can regulate the level of metal ions in the brain by complexing with metal ions, and this will reduce the chance of Aβ to combine with metal ions. Moreover, MYR can not only prevent Aβ from binding with metal ions but also disassemble the complexes of Cu2+/Zn2+-Aβ that have been formed and plunder the metal ions (DeToma et al., 2011). Besides affecting the aggregation of Aβ, Zn2+ can also affect the production of Aβ. It can increase the levels of β-secretase and γ-secretase by inhibiting the activity of α-secretase, thereby increasing the level of Aβ in the brain (Garai et al., 2006). This shows that the complexation of MYR and Zn2+ can also reduce the level of Aβ by suppressing this phenomenon.
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FIGURE 6. Sites that can complex metal ions in the structure of MYR and DMY. There are four main sites (location of M in the figure) that can be used to chelate metal ions in the structure of MYR since the double bond at the 2–3 position becomes a single bond. DMY is one less than MYR, which can be used to couple metal ions.


Furthermore, and similar to other divalent ions, Fe2+ can bind Aβ and induce the formation of oligomers and fibrils (Boopathi and Kolandaivel, 2016; Lane et al., 2018). Concurrent to this, is the Fenton process (Simunkova et al., 2019), that acts to covert H2O2 into highly toxic hydroxyl radicals and ROS (Wang T. et al., 2019), and Fe2+ serves as a catalyst in this process. As is known these hydroxyl radicals and ROS can cause severe oxidative damage to the central nervous system, and the presence of Fe2+ in the central nervous system can dramatically increase this damage. Upon complexation of Fe2+ by MYR and DMY, the levels of free Fe2+ drops, which results in a reduction in the Fenton reaction. This eventually leads to an overall reduction in oxidative stress damage in the central nervous system. Additionally, Fe2+ can also lead to the activation of microglia, which again results in the damage to the nervous system caused by inflammation (Peters et al., 2018). Complexation of Fe2+ by MYR and DMY can therefore reduce the risk of this inflammation occurring. Further to this, MYR can also regulate cell to metal ion transport. Wang et al. claimed that MYR could reduce iron levels by inhibiting the expression of transferrin receptor 1 (TrR1) (Wang et al., 2017). This is another way for MYR to adjust the level of metal ions in addition to directly chelating iron ions.



MYR and DMY Play an Anti-AD Role by Regulating Insulin Signaling Pathways and Intestinal Flora

Insulin signaling pathway damage in the central nervous system can induce AD (Griffin et al., 2005), with AD being called type 3 diabetes. Insulin resistance will cause the levels of β-secretase and γ-secretase to rise, and increase the rate of Aβ generation. Insulin resistance also causes the body to resort to a state of high insulin levels, which in turn causes the body to overexpress insulin degrading enzymes (IDE) which are designed to break down excess insulin. In addition to degrading insulin, IDE also degrades Aβ. Too much insulin will compete with Aβ for the opportunity of being degraded by IDE, resulting in the accumulation of Aβ due to a lack of effective degradation (Dineley et al., 2014). Both MYR and DMY have been shown to effectively inhibit insulin resistance. PTP1β is a protein that negatively regulates the insulin signaling pathway (Lalitha et al., 2020) and can cause insulin resistance. A recent study showed that MYR has a good inhibitory effect on PTP1β(Lalitha et al., 2020). In vivo experiments have also shown that the treatment of MYR also increases the body’s sensitivity to insulin by increasing the levels of pIR (phospho-insulin receptor), pIRS1 (phospho-insulin receptor substrate 1) and pAkt (phospho-Akt), thereby increasing the body’s sensitivity to insulin. DMY can treat the dysregulation of insulin signaling pathway by inhibiting the phosphorylation of PPARγ Ser273 and regulating the ERK/CDK5 signaling pathway (Liu, 2017). Further studies have shown that DMY’s ability to regulate intestinal flora also helps to improve insulin resistance (Tong, 2018) with the successful launch of GV971 in China proving the feasibility of treating AD with intestinal flora. Regulation of insulin resistance or other pathological processes in AD patients through intestinal flora may also be potential anti-AD targets of MYR and DMY.



MYR and DMY Play an Anti-AD Role by Inhibiting AChE

Acetylcholine is a neurotransmitter that plays an important role in the transmission of neural signals and memory formation and the lack of ACh in the central nervous system is a known cause of AD (Guo et al., 2019). AChE has been a major target for drug discovery in recent years with three of the current five AD clinical drugs being AChE inhibitors. Interestingly, both MYR and DMY have been shown to effectively inhibit AChE (Pepeu and Giovannini, 2004; Wang et al., 2017). In the mouse model of Alzheimer’s disease induced by scopolamine, MYR effectively reduced the impairment of learning and memory ability of mice through its AChE inhibitory ability (Kou et al., 2016). The structural characteristics of DMY lead to stronger anti-AChE activity than MYR (Zhao et al., 2012) and exhibits similar inhibitory data when compared to clinical drugs (Tacrine) (Pepeu and Giovannini, 2004), with the added benefit that DMY, as a food materials, has a better safety profile. In addition to AChE, some inflammatory factors also affect the level of ACh, such as IL-1. IL-1 can improve the level of AChE and accelerate the decomposition of ACh (Shadfar et al., 2015), resulting in insufficient ACh content in the brain and affecting memory ability. The anti-inflammatory ability of MYR and DMY can also prevent the loss of ACh.



MYR and DMY Play an Anti-AD Role by Inhibiting Bacteria and Viruses

Bacteria and viruses also can induce AD, with both Porphyromonas gingivalis and Herpes simplex virus (HSV) having confirmed links with AD initiation and progression (Bearer and Wu, 2019; Dominy et al., 2019). Gingipains, produced by Porphyromonas gingivalis, is a toxic protease related to the phosphorylation of tau peptide and the ubiquitin pathology which can also increase the level of Aβ42 in the brain (Bearer and Wu, 2019; Dominy et al., 2019). According to the results reported by Grenier et al., 62.5 to 125 μg/ml of MYR had good inhibitory effect on Porphyromonas gingivalis, and this effect may be related to MYR’s ability to chelate iron ions (Grenier et al., 2015). Additionally, MYR can also inhibit the expression of protease and adhesin in Porphyromonas gingivalis to reduce the toxic effects of Porphyromonas gingivalis (Grenier et al., 2015). Furthermore, MYR also inhibits the inflammatory response caused by Porphyromonas gingivalis through activation of NF-κB (Grenier et al., 2015), which can play a role in the adjuvant treatment of AD. Some research data shows that patients with long-term infection with HSV have a higher risk of AD than those patients free of HSV infection. The reason may be that HSV can cause Aβ accumulation and the phosphorylation of tau peptide, which then induces AD. Importantly, HSV was also found in the brain areas seriously affected by AD, which substantiates the above hypothesis (Mangold and Szpara, 2019). The inhibitory effect of MYR on HSV (Lyu et al., 2005) will help patients reduce the risk of AD and help control the status of Aβ and tau peptide.



Other

MiR (microRNA) is a small-molecule RNA, 21–23 nucleotides in length, which can regulate gene expression. Recent reports showed that overexpression of miR-34a could cause the accumulation of Aβ and the hyperphosphorylation of tau peptide, and eventually lead to AD (Sarkar et al., 2019). Studies have shown that in the brain of Alzheimer’s disease model rats induced by D-gal, DMY can regulate the SIRT1-mTOR signaling pathway by inhibiting miR-34a, and ultimately inhibit D-gal-induced hippocampal neuronal cell damage (Kou et al., 2016).



Prospects

Alzheimer’s disease is a disease-induced and promoted by a variety of factors. Due to the interaction of multiple reasons, unilateral treatment of AD will be challenging to achieve. As detailed in this review, we know that MYR and DMY can inhibit the excessive production and accumulation of Aβ, inhibit the inflammatory response in the central nervous system, chelate metal ions in the nervous system, regulate autophagy, and inhibit oxidative stress. At the same time, they can also increase ACh levels by inhibiting the activity of AChE, inhibiting the overexpression of miR-34a, reducing the promotion of AD by bacteria and viruses, and alleviating the state of insulin resistance in the central nervous system. They can even regulate the balance of the intestinal flora, which is also a good target for intervention in AD. These combined anti-AD effects also work to improve the symptoms in AD patients. For example, no studies have been shown that MYR and DMY can directly inhibit tau peptide hyperphosphorylation. However, MYR and DMY can also affect tau peptide and NFTs by regulating autophagy, inhibiting oxidative stress, and improving insulin resistance.

Health products and healthy diets are well accepted to regulate human health and prevent diseases. MYR and DMY have better toxicity profiles and exist in a variety of foods. FYI’s approval by the FDA also shows the feasibility of using MYR and DMY for health products. Therefore, we believe that the uptake of MYR and DMY in daily diets to develop health products or foods with the ability to prevent and improve AD has great potential.
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The objectives of this study were to compare the topographical subcortical shape and to investigate the effects of tau or amyloid burden on atrophic patterns in early onset Alzheimer’s disease (EOAD) and late-onset Alzheimer’s disease (LOAD). One hundred and sixty-one participants (53 EOAD, 44 LOAD, 33 young controls, and 31 older controls) underwent [18F]THK5351 positron emission tomography (PET), [18F]flutemetamol (FLUTE) PET, and 3T MRI scans. We used surface-based analysis to evaluate subcortical structural shape, permutation-based statistics for group comparisons, and Spearman’s correlations to determine associations with THK, FLUTE, cortical thickness, and neuropsychological test results. When compared to their age-matched controls, EOAD patients exhibited shape reduction in the bilateral amygdala, hippocampus, caudate, and putamen, while in LOAD patients, the bilateral amygdala and hippocampus showed decreased shapes. In EOAD, widespread subcortical shrinkage, with less association of the hippocampus, correlated with THK retention and cortical thinning, while in LOAD patients, subcortical structures were limited which had significant correlation with THK or mean cortical thickness. Subcortical structural shape showed less correlation with FLUTE global retention in both EOAD and LOAD. Multiple cognitive domains, except memory function, correlated with the bilateral amygdala, caudate, and putamen in EOAD patients, while more restricted regions in the subcortical structures were correlated with neuropsychological test results in LOAD patients. Subcortical structures were associated with AD hallmarks in EOAD. However, the correlation was limited in LOAD. Moreover, relationship between subcortical structural atrophy and cognitive decline were quite different between EOAD and LOAD. These findings suggest that the effects of Alzheimer’s pathologies on subcortical structural changes in EOAD and LOAD and they may have different courses of pathomechanism.
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INTRODUCTION

Alzheimer’s disease (AD) is a neurodegenerative disease associated with cognitive decline. Accumulations of neurofibrillary tangles and beta-amyloid (Aβ) are the two pathologic hallmarks of AD, as well as structural changes in the brain cortices (Jack et al., 2016). Early onset AD (EOAD) is characterized by onset before 65 years of age and accounts for 10–15% of all cases (Panegyres and Chen, 2014; Wattmo and Wallin, 2017). Studies have found that EOAD patients have typical neuropsychological features with more progressive cognitive decline (Seltzer and Sherwin, 1983; Smits et al., 2012) as well as heterogenous neuroimaging findings (Frisoni et al., 2007; Migliaccio et al., 2015).

Compared with LOAD patients, EOAD patients manifest with more widespread tau PET retention and heavier amyloid PET uptake in the brain cortices, and more severe gray matter loss suggesting different etiologies and predisposing factors for EOAD (Frisoni et al., 2007; Choo et al., 2011; Scholl et al., 2017; Wattmo and Wallin, 2017). Like gray matter change, more rapid volumetric declines in several subcortical structures including the caudate, putamen, and thalamus have been highlighted as distinct to LOAD patients (Cho et al., 2013; Pievani et al., 2013). It has also been reported that characteristic symptoms of EOAD such as severe extrapyramidal signs (Chui et al., 1985) and non-memory cognitive dysfunction such as executive function, visuospatial functioning, and attention (Smits et al., 2012) are related to deterioration of the basal ganglia and the thalamus, both of which play major roles in movement symptoms, brain connectivity, and memory function (Hahn et al., 2016; Dipasquale and Cercignani, 2017).

Although there have been previous investigations into the association between tau, Aβ, and atrophy in brain cortices, little is known of the relationship between the well-known AD biomarkers and subcortical structures. Unraveling the effect of tau, Aβ, and atrophy in the subcortical structures may contribute to a better understanding of the pathological mechanisms of AD and the different developmental paths of EOAD and LOAD. We sought to compare topographical changes in the subcortical structures in EOAD and LOAD patients and investigated their association with cortical tau and amyloid global retention, as well as cognitive functions.



MATERIALS AND METHODS


Participants

Ninety-one participants who had been clinically diagnosed with AD dementia (EOAD; n = 55, LOAD; n = 46) and 66 cognitively normal (CN) participants were prospectively recruited. All participants underwent [18F]THK5351 PET scans, [18F]flutemetamol (FLUTE) PET scans, and 3.0-Tesla MRI scans at Gachon University Gil Medical Center, from October 2015 to June 2017. Of the 167 participants, 2 patients diagnosed with AD were excluded due to head motion issues during the [18F]THK5351 PET scan acquisition. An additional four participants (two AD and two CN) were excluded due to errors with the FreeSurfer software. Thus, data from 161 participants (53 EOAD, 44 LOAD, 33 YC, and 31 OC) were used in the analyses.

All patients with AD dementia met the probable AD criteria as proposed by the National Institute of Neurological and Communicative Disorders and Stroke and the AD and Related Disorders Association (McKhann et al., 1984). Patients with familial AD with autosomal dominant inheritance were excluded. Participants with brain lesions on brain MRI such as intracranial hemorrhage, traumatic brain injury, hydrocephalus, territorial infarction, severe white matter hyperintensity (WMH) or WMH associated with radiation, multiple sclerosis or vasculitis were excluded. Severe WMH was defined as both periventricular WMH as cap or band ≥10 mm and deep WMH ≥25 mm using modified Fazekas visual rating scale (Fazekas et al., 1987; Noh et al., 2014). Secondary causes of dementia were ruled out through serum laboratory tests including for thyroid function, metabolic profile, vitamin B12, folate, complete blood counts, and syphilis serology. APOE genotyping was also performed. Clinical interviews with a neurologist or psychiatrist and standardized comprehensive neuropsychological tests were undertaken with all participants.

CN participants were either volunteers from the community or spouses of the patients (age range 44–92, female 45.31%). They had no history of neurologic diseases, psychiatric disorders, abnormalities on neurologic examination, structural lesions on brain MRI such as cerebral infarction, intracranial hemorrhage, traumatic brain injury, hydrocephalus, or severe WMH. Control participants had a clinical dementia rating (CDR) score of 0, and normal cognitive function defined as within 1.5 standard deviations of the age- and education-corrected normative mean on detailed neuropsychological tests. Written informed consent was obtained from each participant, and the Institutional Review Boards of Gachon University Gil Medical Center approved this study.



Image Data Acquisition and Parcellation

3D T1-MPRAGE (Repetition time: 1,900 ms, echo time: 2.93 ms, flip angle: 8°, pixel bandwidth: 170 Hz/pixel, matrix size: 256 × 208, field of view: 256 mm2 × 208 mm2, slice thickness: 1.0 mm, voxel size: 1.0 mm3 × 1.0 mm3 × 1.0 mm3, NEX: 1, total acquisition time: 4 min 9 s, GRAPPA acceleration factor: 2 along phase-encoding direction) was acquired with a 3.0T MRI (Verio, Siemens with a Siemens matrix coil). Images were analyzed using FreeSurfer 5.11 to define regions-of-interest (ROIs) in native-space for each participant and to support a correction of gray matter atrophy and white matter spillover in the PET data. In addition, subcortical region parcellation including the left and right of the amygdala, caudate, hippocampus, pallidum, putamen, and thalamus was also conducted using Desikan-Killiany atlas in MNI 152 space. After subcortical segmentation, each subcortical region on the template surface was sampled as a mesh surface with 2,562 vertices and then transformed into its own original surface. This procedure was conducted for every 12 subcortical regions as detailed in a previous study (Chung et al., 2017; Koo et al., 2017).

The pretreatment process for the PET images proceeded according to the process outlined in a previous study (Kang et al., 2017). [18F]THK5351 was synthesized and radiolabeled at Gachon University Neuroscience Research Institute. All participants underwent a 20-min emission scan beginning 50 min after 185 MBq of [18F]THK5351 was injected intravenously (50–70 min), and a 20-min emission scan 90 min after the intravenous injection of 185 MBq of [18F]FLUTE (90–110 min).



PET Quantification

The quantification process for the [18F]THK and [18F]FLUTE PET images was conducted using the same methodology outlined in a previous study (Kang et al., 2017). After co-registration of PET images with the corresponding T1 image, region-based partial volume correction was performed. The regional mean values were then calculated and weight-averaged for pre-defined ROIs (Greve et al., 2014, 2016; Kang et al., 2017). Regional standardized uptake value ratios (SUVRs) were calculated using cerebellar gray matter as the reference region for THK images and the pons for FLUTE images (Okamura et al., 2014; Thurfjell et al., 2014; Lockhart et al., 2016). THK5351 global SUVR was calculated based on the AD-related regions including the frontal, parietal, precuneus, occipital, temporal, anterior cingulate, and posterior cingulate, and the cortical composite FLUTE SUVR was calculated based on AD-related regions including the frontal, parietal, lateral temporal, anterior and posterior cingulate cortices (Thurfjell et al., 2014).



Assessment of Local Shape of Subcortical Structures

To measure the degree of deformation of the subcortical structures, a subcortical mesh was constructed similarly to that described in previous studies (Cho et al., 2011; Chung et al., 2017; Koo et al., 2017). The local shape at every location was then calculated using the surface-based method proposed by Shapira et al. (2008). Weighted sum of the depths at every location was measured in various directions at every location, using the weight as an angle with the normal vector (Chung et al., 2017; Koo et al., 2017). This depth value obtained at 2,562 locations for a single structure reflects local contraction or local shrinkage at that location (i.e., the smaller the value, the more shrinkage caused by atrophy occurred at that position, which expands as the value becomes larger). Therefore, these values were set as the subcortical local shape. This method was undertaken for each of the subcortical regions (amygdala, hippocampus, caudate, pallidum, putamen, and left and right areas of the thalamus).



Neuropsychological Assessment

All participants underwent the Korean version of the mini-mental state examination (MMSE), CDR, and a detailed neuropsychological function test battery (Kang et al., 2003) including attention, praxis, language, verbal and visual memory, visuospatial function, frontal/executive function, and elements of Gerstmann syndrome. Details of the comprehensive test battery are described in our previous study (Lee et al., 2018) and all scores were calculated as age- and level of education-matched z-scores.



Statistical Analysis

A pairwise group comparisons comparing EOAD and LOAD, EOAD and YC, LOAD and OC, YC and OC for subcortical structure shape were performed by permutation tests with 5,000 iterations with ANCOVA. For the comparison between EOAD and LOAD, or between YC and OC, the local shape of the subcortical structures were adjusted for sex, years of education, and intracranial volume (ICV). Additionally, for the comparison between EOAD and YC, or between LOAD and OC, the values for the subcortical local shape were adjusted for age, sex, years of education, and ICV. After the permutation test, the Benjamini-Hochberg false discovery rate was used for region-wise multiple comparison (Benjamini and Hochberg, 1995). A p-value threshold (0.05) was applied to extract the regions showing significant differences between two groups. If the size of the statistically significant region was smaller than the specific size, it was regarded as noise and removed.

We calculated Spearman’s rank correlation coefficient to identify the relationship between the deformity at every location in the subcortical structures and the three types of neuroimaging findings such as THK5351 SUVR, FLUTE SUVR, and cortical thickness (Han et al., 2013). The vertices with a stronger negative correlation of −0.3 or a stronger positive correlation of 0.3 were then selected. The significance level of each vertex was corrected using the Cluster-Based statistics (Han et al., 2013). Through this process we examined the correlation between THK5351 global SUVR, FLUTE global SUVR, mean cortical thickness and the subcortex structures with age, sex, years of education and ICV as covariates separately within EOAD and LOAD groups. In this process, a p-value threshold (0.05) was applied to extract the regions with a significant correlation between the subcortical structure and neuroimaging findings. In cases where the size of the statistically significant region was smaller than the specific size, it was regarded as noise and removed.

To compare the effects of tau, amyloid, and mean cortical thickness on subcortical shape deformity, the relative importance for each factor was calculated using general linear model. For the general linear model, age, sex, education and ICV were used as covariates, and the degree of tau global retention, amyloid global retention, and mean cortical thickness were used as predictors, and local shape was encoded as dependent variable. The r-squared value of the model was calculated from the predictor combinations in all cases in which a specific predictor was included in the general linear model, and the accumulated value was called relative importance and is shown in the Supplementary Figure 1.

Comparisons of the demographic and clinical information were conducted using independent t-test and chi square test followed by Yate’s continuity correction for nominal variables. For volumetric analyses, group comparisons were conducted using independent t-test and analysis of covariance. Correlations between volumes of each subcortical structure and other variables such as THK, FLUTE, cortical thickness, and cognitive function were evaluated using Pearson’s correlation analysis and general linear model. Volume data analysis was conducted with PASW Statistics 23 software (SPSS Inc., Chicago, IL, United States) with significance set at p < 0.05 (two-way).



RESULTS


Demographics and Clinical Characteristics

Table 1 shows the demographic information and clinical characteristics of the participants. There were no significant differences in MMSE scores or CDR-SOB between EOAD and LOAD patients. Global retention of THK5351 PET and mean cortical thickness were not different between EOAD and LOAD, however, the EOAD group showed significantly higher amyloid global accumulation than the LOAD group (p < 0.001).


TABLE 1. Demographics and clinical characteristics of the study population.

[image: Table 1]


Comparison of Subcortical Structures

Figure 1 shows the results of group comparisons of the subcortical structural shapes. The EOAD group showed widespread subcortical shape difference in the bilateral amygdala, caudate, hippocampus, putamen, thalamus and the right pallidum relative to YC. The LOAD group showed significant regional shape difference in the bilateral amygdala, hippocampus, and putamen compared to OC. Comparisons of the subcortical structures between the EOAD and LOAD groups showed shrinkage in the bilateral thalamus, left amygdala and left hippocampus in LOAD group.


[image: image]

FIGURE 1. Group comparison of shape of subcortical structures. (A,B) Group-wise comparison of the subcortical local shape adjusted with age, sex, education, ICV; (C,D) sex, education, ICV was adjusted. Corrected p-values after FDR multiple correction for each 12 structures (left and right amygdala, hippocampus, caudate, pallidum, putamen, and thalamus) were mapped. Abbreviations: EOAD, early-onset Alzheimer’s disease; LOAD, late-onset Alzheimer’s disease; YC, young control; OC, old control.


Volume analysis of the subcortical structures between the groups are presented in Supplementary Table 1. EOAD patients showed reduced volume in the bilateral amygdala, hippocampus, caudate, putamen, and the left thalamus compared to YC. LOAD patients showed reduced volumes in the bilateral amygdala and hippocampus compared to OC.



Correlation Between THK5351, FLUTE, Cortical Thickness, and Subcortical Structures

Figure 2 shows the correlation between THK global retention, FLUTE global retention, mean cortical thickness, and subcortical shape in the EOAD and LOAD groups. In EOAD patients, as THK global retention increased, subcortical structure showed contraction significantly in the bilateral amygdala, caudate, putamen, hippocampus, left pallidum and the left thalamus. In LOAD patients, as THK global retention increased, subcortical shape decreased in the bilateral caudate, putamen, left pallidum and the left amygdala and hippocampus.


[image: image]

FIGURE 2. Spearman correlation between subcortical local shape and THK5351 retention, FLUTE global retention, and mean cortical thickness in EOAD and LOAD, adjusting with age, sex, years of education, and intracranial volume (ICV) in each EOAD and LOAD group. The mapped p-values are multiple corrected using cluster-based statistics. Abbreviations: EOAD, early onset Alzheimer’s disease; LOAD, late-onset Alzheimer’s disease.


As FLUTE global retention increased, subcortical shape deformity significantly increased in the bilateral hippocampus and the right amygdala and left putamen in EOAD. LOAD patients showed significant subcortical shape deformity in the bilateral putamen, the left amygdala and hippocampus, and the right caudate as FLUTE increased. There was no subcortical structure with positive correlation with THK or FLUTE global retention in EOAD or LOAD patients. Mean cortical thickness was positively associated with subcortical structure shape in the bilateral amygdala, caudate, putamen, and the left hippocampus in EOAD.

Supplementary Figure 1 shows association between THK, FLUTE global retention, cortical thickness and subcortical structures, which was analyzed using the general linear model. In EOAD group, similar to the results of our main correlation analyses, tau and mean cortical thickness were found to have great importance in the bilateral caudate and putamen, whereas amyloid showed little importance. On the other hand, in the LOAD patient group, the importance was higher in correlation with tau in both caudate. And mean cortical thickness was found to have importance than other variables in predicting the local shape in the left putamen.

Supplementary Figure 2 shows the voxel-wise analyses results to evaluate the association between subcortical structural volume and THK or FLUTE global retention. In EOAD, decreased volumes of the amygdala, caudate, putamen had association with THK retention in the nearly whole association cortices. Hippocampal volume was associated with THK retention in the bilateral medial temporal region and the right precuneus and parietal regions in EOAD. The hippocampus was the only region with significant correlation with FLUTE global retention in EOAD. In LOAD patients, no subcortical structural volume showed significant correlation with THK or FLUTE global retention in voxel-wise analyses.

Volumetric correlation between THK global retention, FLUTE global retention, mean cortical thickness, and subcortical structures are presented in Supplementary Table 2. In EOAD patients, THK, FLUTE, and cortical thickness correlated with volumes of the subcortical structures except for pallidum. In LOAD patients, no correlation was found between THK, FLUTE, and mean cortical thickness and subcortical volume.



Correlation Between Cognitive Function and Subcortical Structures

The neuropsychological test results are presented in Table 2.


TABLE 2. Neuropsychological test results.

[image: Table 2]Patients with EOAD had significantly worse performance in digit span forward and backward, Rey-Osterrieth complex figure test (RCFT) copy memory test other than RCFT recognition, controlled oral word association test supermarket, Stroop test color reading, trail making test type A and B compared to LOAD patients.

Figure 3 shows the association between subcortical shapes and neuropsychological test scores in the EOAD patients. MMSE scores were correlated with the bilateral amygdala, caudate, putamen, and thalamus and the left hippocampus (Figure 3A). CDR-SOB was correlated with the bilateral amygdala, hippocampus, caudate, putamen and thalamus (Figure 3B). Digit span backward was correlated with the bilateral amygdala, caudate, and putamen and the left pallidum (Figure 3C). BNT was correlated with the bilateral amygdala and putamen and the left caudate and hippocampus (Figure 3D). RCFT copy test was correlated with the bilateral caudate and putamen and right amygdala (Figure 3E). SVLT delayed recall showed correlation with the left thalamus (Figure 3F) and RCFT delayed recall showed association with the bilateral putamen (Figure 3G). Executive function measured by Stroop test color reading was correlated with the bilateral amygdala, caudate, and putamen and the left pallidum (Figure 3H).
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FIGURE 3. Spearman correlation between neuropsychological test results and subcortical local shape in EOAD group adjusted with intracranial volume. (A) MMSE, (B) CDR-SOB, (C) digit span backward score in attention, (D) BNT score in language, (E) RCFT copy score in visuospatial, (F) SVLT delayed recall score in memory, (G) RCFT delayed recall score in memory, and (H) color reading test score in frontal/executive function. The mapped p-values are multiple corrected using cluster-based statistics. Abbreviations: EOAD, early onset Alzheimer’s disease; MMSE, mini-mental state examination; CDR-SOB, clinical dementia rating-sum of boxes.


Figure 4 shows the association between subcortical shape and neuropsychological test scores in LOAD patients. MMSE scores were correlated with the bilateral amygdala, hippocampus, and putamen and the left caudate (Figure 4A) and CDR-SOB was correlated with the bilateral amygdala, caudate, hippocampus, putamen, thalamus, and the left pallidum (Figure 4B). Digit span backward was correlated with the left caudate and hippocampus (Figure 4C). BNT was correlated with the left amygdala and hippocampus (Figure 4D). RCFT copy showed no association with subcortical structural shape (Figure 4E). SVLT delayed recall was correlated with the bilateral hippocampus and the left caudate, and the right thalamus (Figure 4F), and RCFT delayed recall was correlated with the right hippocampus (Figure 4G). Stroop test color reading was correlated with the bilateral hippocampus and the left caudate (Figure 4H). Results of the correlation analysis between volumes of the subcortical structures and the detailed neuropsychological test results were presented in Supplementary Tables 3 and 4.
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FIGURE 4. Spearman correlation between neuropsychological test results and subcortical local shape in LOAD group adjusted with intracranial volume. (A) MMSE, (B) CDR-SOB, (C) digit span backward score in attention, (D) BNT score in language, (E) RCFT copy score in visuospatial, (F) SVLT delayed recall score in memory, (G) RCFT delayed recall score in memory, and (H) color reading test score in frontal/executive function. The mapped p-values are multiple corrected using cluster-based statistics. Abbreviations: LOAD, late onset Alzheimer’s disease; MMSE, mini-mental state examination; CDR-SOB, clinical dementia rating-sum of boxes.




DISCUSSION

In this study, we evaluated the degree of subcortical structural shape deformity in EOAD and LOAD patients, in terms of association with tau and amyloid global retention, cortical thickness, and neuropsychological test results. We observed greater subcortical shape deformity in EOAD and more limited deformation especially in the amygdala and hippocampus in LOAD patients, compared to their age-matched controls. The associations between subcortical structural shape and THK global retention, mean cortical thickness, or cognitive functions were also more prominent in EOAD compared to LOAD patients.

Subcortical shape differed according to the age of onset. Compared to each age-matched control group, EOAD patients exhibited shape deformation in nearly all the subcortical structures, including the bilateral amygdala, hippocampus, caudate, putamen, and thalamus. Meanwhile, LOAD patients manifested decreased shapes in the more restricted region such as the amygdala, hippocampus, and putamen. We also found that the amygdala, hippocampus and thalamus were the major regions that differed in the direct group comparison with more shrinkage in LOAD patients than in EOAD patients. This observation is consistent with previous studies that have shown greater hippocampal atrophy in LOAD compared to EOAD (Frisoni et al., 2007). It was also previously found that EOAD patients mapped with subcortical deformity in wider regions including the amygdala, hippocampus, and putamen compared to LOAD patients with subcortical deformity mapped in the amygdala and hippocampus only, which was also reflected in our findings (Cho et al., 2013). It has been previously reported that EOAD patients show more rapid declines in volume in the bilateral caudate, putamen, and thalamus compared to LOAD (Cho et al., 2013). In another study, researchers found putamen (dorsal striatum) atrophy in EOAD and atrophy in the nucleus accumbens (the ventral striatum) in LOAD patients (Pievani et al., 2013). The limbic area including the hippocampus and amygdala is well known to be affected in the initial stages and the basal ganglia and thalamus are affected in the later stages of LOAD (Braak and Braak, 1991). Our observations may be indicative of a dorsal atrophic pattern of the subcortical structures in EOAD and predominant hippocampal volume loss in LOAD (Pievani et al., 2013).

In terms of tau, amyloid, and cortical thickness, broad regions of the subcortical shape deformation in the caudate and putamen were associated with THK global retention and mean cortical thickness in EOAD patients. There was association with relatively low effect sizes between subcortical shape and FLUTE global retention in both groups. These results were expected because the mean cortical thickness and tau retention reportedly proceeds in a relatively parallel manner (Whitwell et al., 2008, 2018) compared to amyloid retention (Thal et al., 2002). A/T/N classification systems for AD biomarkers note a specific temporal ordering where Aβ (A) precedes tau (T) and neurodegeneration (N), which correlate with clinical symptoms (Jack et al., 2016). Neurofibrillary tangle retention is also known to accumulate to a higher degree in most of the cortical regions sparing the primary sensorimotor cortices in EOAD and in the confined regions including the medial temporal and lateral parietal regions in LOAD (Scholl et al., 2017) compared to age-matched controls. Our results appear to support these past findings and provide evidence that the dorsal subcortical structures such as the caudate and putamen are affected more in EOAD compared to LOAD and it is associated with tau global retention and cortical thinning more significantly than amyloid global accumulation. It was interesting result that amyloid global retentions were correlated with hippocampal shapes in EOAD. APOE e4 genotype might be associated with this correlation. Further study would be needed to investigate this issue.

Subcortical structures correlated with the neuropsychological test results, with greater association found more consistently in EOAD than LOAD patients. Specifically, attention, language, visuospatial function, frontal/executive function, and global cognition was correlated with subcortical shapes in most regions of the caudate and putamen. This corresponds the known function of the caudate and putamen (Koziol and Budding, 2009). The striatum, including the caudate nucleus and putamen, receives inputs from most of the major cortical regions including motor, sensory, perceptual and association, frontal executive, and affective and motivational regions (Koziol and Budding, 2009). The head of the caudate nucleus is known to receive inputs from the dorsolateral prefrontal cortex, while the tail of the caudate receives projections from the parietal cortex, and the putamen receives inputs from the motor cortex (Koziol and Budding, 2009). Regarding the circuitry of the striatum, our results indicate that the subcortical structures may associate with cortical region-specific cognitive impairment in EOAD patients. Contrary to EOAD patients, LOAD patients have shown more limited associations: language impairment was associated with shapes in the left amygdala and hippocampus, verbal memory impairment was associated with shapes in the bilateral hippocampus and the left caudate, and visual memory impairment was associated with shapes in the right hippocampus with lower levels of significance. A previous study found that EOAD patients showed more rapid cognitive decline as determined by the MMSE and frontal and total scores in the comprehensive neuropsychological test battery when compared to LOAD patients (Cho et al., 2013). Memory impairment is known to be a predominant phenotype of LOAD and non-memory impairment, including visuospatial dysfunction and apraxia, is predominant in EOAD (Koedam et al., 2010). The present findings are generally in accordance with these previous reports (Koedam et al., 2010; Cho et al., 2013) showing region-specific associations between subcortical structures and neuropsychological test results in the EOAD and LOAD groups.

We note several limitations to this study. The participants were recruited from a single memory clinic in a tertiary hospital, which may limit generalizability of the results. The lack of information on genetic mutations is also limiting because cognitive function and imaging biomarkers can vary according to genetic differences, especially for comparisons between EOAD and LOAD patients. Although we excluded participants with familial AD with autosomal dominant inheritance, the possibility which participants with genetic mutation could not excluded completely as we did not perform PSEN 1, APP or PSEN2 gene tests to all participants. Another major limitation is the known off-target binding of the tracer used in this study. [18F]THK5351, a first generation tau tracer, is known to bind to monoamine oxidase-B (Ng et al., 2017), and thus can be reactive to both neurofibrillary tangles and reactive astrocytes (Harada et al., 2018). Due to its limited utility as a sole biomarker for tau retention, our results should thus be interpreted with some degree of caution. However, we believe our study remains the first to evaluate subcortical structural shapes in EOAD and LOAD patients, using the three major imaging biomarkers tau PET, amyloid PET, and MRI which can provide valuable evidence of in vivo findings in AD.

We observed pattern differences in subcortical structural shape between EOAD and LOAD. Widespread subcortical atrophy was associated with tau and cortical thinning in most of the cognitive domains, except for memory, in EOAD. In contrast, smaller subcortical regions were associated only with THK retention and restricted cognitive impairment including memory in LOAD. These results may be indicative of a different underlying pathomechanism between EOAD and LOAD. In addition, the imaging results are in close agreement with the known progression of the A/T/N in vivo biomarkers and differences in cognitive function in both groups. The employment of all available imaging biomarkers and age of onset in AD studies may be helpful in more clearly elucidating the association between changes in subcortical regions and other AD biomarkers.
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Type 2 diabetes mellitus (T2DM) has been clearlylinked to oxidative stress and amylin amyloidosis in pancreatic β-cells. Yet despite extensive investigation, the biological significance of this is not fully understood. Recently, we proposed that Alzheimer’s disease (AD)-relevant amyloidogenic proteins (APs), such as amyloid-β (Aβ) and tau, might be involved in evolvability against diverse stressors in the brain. Given the analogous cellular stress environments shared by both T2DM and AD, the objective of this study is to explore T2DM pathogenesis from the viewpoint of amyloidogenic evolvability. Similar to AD-related APs, protofibrillar amylin might confer resistance against the multiple stressors in β-cells and be transmitted to offspring to deliver stress information, in the absence of which, type 1 DM (T1DM) in offspring might develop. On the contrary, T2DM may be manifested through an antagonistic pleiotropy mechanism during parental aging. Such evolvability-associated processes might be affected by parental diabetic conditions, including T1DM and T2DM. Furthermore, the T2DM-mediated increase in AD risk during aging might be attributed to an interaction of amylin with AD-related APs through evolvability, in which amylin protofibrillar formation presumably caused by adiponectin (APN) resistance could increase protofibril formation of AD-related APs in evolvability and subsequently lead to T2DM promotion of AD through antagonistic pleiotropy in aging. This suggests that targeting APN combined with an anti-T2DM agent might be therapeutic against neurodegeneration. Collectively, T1DM and T2DM might be linked through amylin evolvability, and a better understanding of amyloidogenic evolvability might also reveal clues to therapeutic interventions for AD comorbid with T2DM.

Keywords: Alzheimer’s disease, diabetes mellitus, evolvability, antagonistic pleiotropy, adiponectin paradox


INTRODUCTION

Accumulating evidence suggests that type 2 diabetes mellitus (T2DM) may drive the pathogenesis of various nervous system disorders, including ischemia, depression, and neurodegenerative conditions (Atlantis et al., 2014; Takamatsu et al., 2017). In Alzheimer’s disease (AD), T2DM may increase the risk of mild cognitive impairment and subsequent progression to dementia (Watts et al., 2013; Ng et al., 2016). Additionally, T2DM has been linked to other neurodegenerative disorders, including Parkinson’s disease (PD) and Huntington’s disease (HD; Aviles-Olmos et al., 2013; Montojo et al., 2017). Yet despite a plethora of such observations, the precise mechanistic underpinning of the comorbidity between T2DM and neurodegeneration remains elusive.

Our recent work suggests that the evolvability of amyloidogenic proteins (APs) relevant to neurodegeneration, such as β-amyloid (Aβ) in AD, α-synuclein (αS) in PD, and huntingtin in HD, might be physiologically important (Hashimoto et al., 2018a,b,c; Takamatsu et al., 2018). More specifically, APs might act as vehicles to transgenerationally deliver information regarding diverse biological stressors to cope with such forthcoming stressors in offspring’s brain (Hashimoto et al., 2018a). On the contrary, evolvability might also cause aging-associated neurodegenerative disease through the antagonistic pleiotropy mechanism during the course of parental aging (Hashimoto et al., 2018b). Since evolvability is critical for reproduction, neurodegenerative diseases in aging have evaded “weeding out” by natural selection during evolution.

Given analogous pathology between T2DM and neurodegenerative disorders in terms of amyloidosis-associated stressors (Abedini and Schmidt, 2013; Singh et al., 2015), common mechanisms might form the basis for both groups of disorders. In this context, the main objective of this article is to discuss the mechanisms by which T2DM might increase AD risk from the viewpoint of amyloidogenic evolvability. We hypothesize that amylin protofibrils might confer resistance against multiple stressors in β-cells in the pancreas, which might be transgenerationally transmitted via the germ line to offspring, the absence of which might lead to type 1 DM (T1DM), and where T2DM in parents might promote amylin evolvability, while T1DM in parents might increase T1DM in offspring. Furthermore, we assume that the comorbidity of AD and T2DM in aging might be attributed to cross seeding of APs, which may stimulate evolvability. Yet the increased risk of AD from T2DM during aging might be due to upstream amylin activity relative to other more prominent APs, such as Aβ and tau, in evolvability, where the adiponectin (APN) paradox might be important. Collectively, DM and AD might be connected through amyloid evolvability, which might shed light on novel therapeutic strategies against such comorbid disorders.



EVOLVABILITY OF AMYLOIDOGENIC PROTEINS RELEVANT TO TYPE 2 DIABETES MELLITUS

Since T2DM is associated with increased biological stressors and formation of amyloid-like fibrils of amylin in pancreatic β cells, we propose that amylin evolvability might be involved in the pathogenesis of T2DM.


Amylin and Insulin Are Amyloidogenic Proteins

Amylin, also called islet amyloid polypeptide, is a 37-residue peptide that is co-secreted with insulin by pancreatic β-cells (Mietlicki-Baase, 2016). The normal functions of amylin include inhibition of glucagon secretion and reduction of the gastric emptying rate, effects that contribute to the maintenance of postprandial glucose homeostasis (Mietlicki-Baase, 2016). Amylin is prone to aggregate, leading to the formation of amyloid fibrils with characteristic β-sheet structures (Jaikaran and Clark, 2001). Consistent with this, amylin is the major component of the islet amyloid found in the pancreas in T2DM, suggesting that amylin may play a significant role in the pathogenesis of T2DM (Luca et al., 2007). In addition, insulin, a 51-residue protein that is composed of a dimer of an A- and a B-chain linked by disulfide bonds (Brange and Langkjoer, 1993), also forms amyloid fibrils. Insulin, and its related peptide, insulin-like growth factor-1 (IGF-1), are essential to multiple physiological processes, including cell proliferation, differentiation, and survival, in addition to the regulation of energy storage and glucose metabolism (Stewart and Rotwein, 1996; Dadon et al., 2012). In contrast to amylin, the biological role of insulin fibril formation remains unclear. Therefore, our article will henceforth refer exclusively to amylin in this context.



Evolvability of Amylin

Because APs such as amylin are intrinsically disordered proteins composed of heterogeneous structures (Moore et al., 2018), APs might be involved in resistance against diverse stressors (Takamatsu et al., 2018). In addition, amylin toxicity in pancreatic β-cells has been well described in the pathogenesis of T2DM (Bharadwaj et al., 2017). Collectively, this may be comparable with the hormesis conferred by amyloidogenic evolvability (Hashimoto et al., 2018a). Because evolvability is defined as the capacity of a population of organisms to generate not only genetic diversity, but also adaptive genetic diversity, often overriding natural selection (Kirschner and Gerhart, 1998), both hormesis and heredity are critical steps in evolvability. In humans, AP protofibrils that encode information regarding biological and environmental stressors might be transmitted to offspring via germ lines (Hashimoto et al., 2018a). Although monomers of APs are unstable due to their intrinsically disordered nature (Takamatsu et al., 2018), formation of protofibrils might confer greater stability, which might provide an advantage for the transgenerational transmission of APs to offspring (Takamatsu et al., 2018). The presence of circulatory amylin is consistent with the transgenerational transmission via germ cells, although little is known about the expression of amylin in gonadal tissues. Yet given that amyloid fibrils are abundantly expressed in the semen (Roan et al., 2017), further exploration of this is definitely warranted. Taken together, our concept proposes that amylin protofibrils may convey stress information from parental pancreatic β-cells to an offspring’s pancreas. By virtue of amylin evolvability, offspring can then better cope with the forthcoming stressors, reducing the risk of developing T1DM (Figure 1A). Indeed, it was previously shown that amylin-knockout mice developed a more severe form of alloxan-induced diabetes (Mulder et al., 2000), which is consistent with our hypothesis that amylin protofibrils might be involved in evolvability of β-cells in the pancreas.
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FIGURE 1. Schematic of disease manifestation caused by alterations in amylin evolvability. (A) Amylin protofibrils might confer resistance against multiple stressors in parental β-cells in the pancreas under the healthy conditions and are transgenerationally transmitted to offspring during reproduction to deliver the stress information. By virtue of this, the β-cells in the pancreas in offspring can cope with forthcoming multiple stressors in β-cells in the pancreas. Thus, amylin evolvability is an epigenetic phenomenon that is beneficial in evolution. However, amylin protofibrils might lead to type 2 diabetes mellitus (T2DM) during parental aging through the antagonistic pleiotropy mechanism. (B) Increased evolvability of amylin protofibrils by various causes, such as T2DM (thick bold line), may result in an efficient delivery of information about stressors for offspring, leading to reduced frequency of T1DM in offspring (thin dot line) and increased frequency of T2DM in parents (thick bold line). (C) In contrast, inefficient delivery of the information of stresses due to decrease of amylin evolvability caused by type 1 diabetes mellitus (T1DM) in parents may result in the increased frequency of T1DM in offspring (thick bold line) and the decreased frequency of T2DM in parents (thin dot line).



On the other hand, T2DM might manifest in later life through the mechanism of antagonistic pleiotropy during parental aging (Figure 1A). Briefly, according to the antagonistic pleiotropy hypothesis, a prominent theory of aging proposed by G. C. Williams a half-century ago, certain genes whose functions are beneficial during reproductive stages may in turn exert adverse effects later in aging (Williams, 1957). Such a view may explain why T2DM, a primarily post-reproductive and biologically disadvantageous disorder, has emerged and persisted across evolution. Yet it is recognized that T2DM is a complex disorder further modulated by interaction of a combination of susceptible genes and perhaps lifestyle factors such as exercise and diet.




CONNECTING TYPE 1 DIABETES MELLITUS AND TYPE 2 DIABETES MELLITUS THROUGH AMYLOIDOGENIC EVOLVABILITY

Although it is generally believed that T1DM occurs during youth and may be etiologically distinct from T2DM, which emerges during later adulthood, we alternatively propose that the two types of DM might actually be closely linked through amyloidogenic evolvability.


The Conventional View of Type 1 Diabetes Mellitus and Type 2 Diabetes Mellitus Pathogenesis

In T1DM, which accounts for 5–10% of all diabetes cases and occurs in approximately 0.3% of young individuals, amassed evidence suggests that various etiologies, such as autoimmune dysfunction and viral infection, might be pathogenetically involved (Daneman, 2006; Menke et al., 2013). Furthermore, recent genome-wide association studies have shown that the major susceptibility for the T1DM locus maps to the HLA class II genes at 6p21, which accounts for up to 30~50% of genetic risk of T1DM, with minor contributions to disease risk from several other non-MHC loci (Steck and Rewers, 2011). On the contrary, the more common T2DM, estimated to be ~7% of the general population, in contrast to early-onset T1DM, most often begins in those over the age of 65 years (although some early-onset T2DM cases are reported; Deshpande et al., 2008). Despite similar pathology in terms of dysfunctional pancreatic β cells, T1DM and T2DM are understood to be etiologically different entities.



Equilibrium Between Type 1 Diabetes Mellitus in Offspring and Parental Type 2 Diabetes Mellitus Through Amylin Evolvability

Based on our evolvability concept, stress information from parental/adult pancreatic β-cells could be delivered to their offspring through amylin protofibrils. The resulting pancreatic β-cells in offspring should therefore become more resistant against such stressors (Figure 1A).

According to our view, the greater the stress information from parental pancreatic β-cells that is delivered through amylin protofibrils to offspring through increased evolvability, the more resistant the pancreatic β-cells in offspring become against stressors, and the less prone they are to developing T1DM. This could result from various factors, including amylin missense mutation (Akter et al., 2016), T2DM in both parents, and maternal gestational diabetes mellitus (GDM). Consistent with our view, it was previously shown that parental history of T2DM is associated with a later onset of T1DM, the metabolic syndrome, and a metabolic profile related to insulin resistance (Thorn et al., 2009). Because of the action of antagonistic pleiotropy, T2DM is expressed more prominently during aging (Figure 1B).

Yet if the parents are afflicted with T1DM, then reduced evolvability associated with the down-regulation of amylin protofibrils might result in the delivery of less stress information to offspring, and as a consequence, T1DM risk may dramatically increase in offspring (Figure 1C). Supporting this, T1DM is preferentially transmitted from parents to offspring, although the mechanism of gender difference is obscure (Guo and Tuomilehto, 2002). Of interest, the inverse relationship between T1DM in offspring and parental T2DM is reminiscent of the concept of transgenerational equilibrium previously described between parental AD and schizophrenia in offspring related to amyloid evolvability (Takamatsu et al., 2019), raising a possibility that certain chronic disorders in offspring and their aging-associated amyloidogenic disorder counterparts in parents may exist in an inverse relationship through amyloidogenic evolvability.



Are There any Roles for Gestational Diabetes Mellitus in Amylin Evolvability?

The third diabetic subtype, GDM, occurs among pregnant women without a previous history of DM (Kampmann et al., 2015). GDM, with a prevalence of ~39% of pregnancies, correlates with increased maternal obesity (Carpenter, 2007; Egan et al., 2017). GDM shows a complex etiology, with genetic and environmental factors implicated across mechanistic and epidemiological studies. Compared with T1DM and T2DM, there have been fewer studies on the etiological basis of GDM, because of its transient nature and resolution upon delivery of the infant. Thus, a possible etiologic role for GDM might also relate to evolvability. Given that GDM is associated with increased insulin resistance (Catalano, 2014), GDM might be involved in transmitting amylin protofibrils encoding stress information from parental pancreatic β-cells to offspring in order to mitigate the risk of T1DM in offspring. On the other hand, symptomatic T2DM might emerge later during parental aging. If this notion can be verified, GDM may become central to linking T1DM in offspring and parental T2DM through amylin evolvability. Yet, presently, there is no evidence that amylin can cross the transplacental barrier, which is generally believed to be permeable to only small molecules (Berveiller et al., 2016). Therefore, it would be fair to conclude that GDM might be unlikely to promote amylin evolvability. As will be described later for T2DM, GDM might represent an antagonistic pleiotropy of amylin evolvability. Consistently, after the occurrence of GDM, there is a higher likelihood of developing subsequent maternal T2DM, as well as possible abnormal cardiometabolic phenotypes in offspring (Carpenter, 2007; Kawasaki et al., 2018).

Moreover, pregnant women often experience memory dysfunction through the course of their pregnancy (John et al., 2018), which is generally attributed to elevated hormone levels affecting the brain, although the precise mechanism is unknown. Similar to GDM, gestational dementia might be relevant to amyloid evolvability, perhaps involving Aβ and tau. To the best of our knowledge, limited information is currently available regarding changes in brain APs during pregnancy.




COMORBIDITY OF ALZHEIMER’S DISEASE AND TYPE 2 DIABETES MELLITUS

Supposing that both T2DM and AD are antagonistic phenomena derived from amyloidogenic evolvability during reproduction, it follows that comorbidity of T2DM with AD in aging might be attributed to the synergistic interaction of amylin with APs, including Aβ and tau, in regulating evolvability during reproduction.


The Conventional View of the Comorbidity of Alzheimer’s Disease and Type 2 Diabetes Mellitus

With regard to the mechanisms underlying increased neurodegeneration related to T2DM, numerous studies have shown that both T2DM and AD are associated with various common pathological features, including impaired insulin resistance, endoplasmic reticulum stress, oxidative stress, protein aggregation, inflammation and altered gene expression (Vannuvel et al., 2013; Hokama et al., 2014; Singhal et al., 2014; Rosales-Corral et al., 2015). Furthermore, it was described that vascular dysfunction caused by T2DM might be relevant to AD (Wang et al., 2014). These results, however, were pathological observations, and do not necessarily explain the rationale for the emergence of these two comorbid aging-related disorders in evolution.



Comorbidity of Alzheimer’s Disease and Type 2 Diabetes Mellitus From the Viewpoint of Evolvability

In this regard, evolvability might then underlie these biological phenomena. Provided that both T2DM and AD might be antagonistic phenomena derived from evolvability, it follows that amylin and amyloid-β (Aβ) and/or tau might interact cooperatively rather than function independently. Given the prevailing concept of cross-seeding (CS) of APs (Morales et al., 2013), perhaps the CS of amylin and Aβ and/or tau may be more potent than either monomer to stimulate various aspects of evolvability, such as hormesis and transgenerational transmission. Yet CS of these APs may manifest later in life as comorbid T2DM and AD through antagonistic pleiotropy in parental aging. Indeed, amylin interacts with Aβ and tau in both the pancreas and hippocampus in the brain of diabetic patients with AD (Figure 2A; Jackson et al., 2013).
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FIGURE 2. Increased risk of Alzheimer’s disease (AD) by T2DM as an antagonistic pleiotropy of evolvability. (A) Co-localization of amylin and amyloid-β (Aβ) is shown in brain parenchyma of AD patients with anti-amylin and anti-Aβ antibodies. The left panel shows a brain section from an AD patient without clinically demonstrated T2DM, while the right panel is derived from a diabetic patient with AD. Clusters of small amylin plaques adjacent to, or surrounded by larger Aβ deposits, are present. Modified from Jackson et al. (2013) with permission. (B) Adiponectin (APN)-positive neurofibrillary tangles (NFTs) in AD brain. Confocal laser scanning microscopy of double immunofluorescence of control and AD brains using anti-tau antibody PHF (lower) and anti-APN antibody showed that APN co-localized with tau in AD. White arrows indicate NFTs identified by the presence of PHF-1 immunoreactive abnormal fibrous inclusions, which were within the perikaryal cytoplasm of neurons. Scale bar = 10 μm. Modified from Waragai et al. (2016) with permission. (C) Schematic diagram of the mechanism underlying the APN paradox in T2DM-mediated increased AD risk. Presumably, amylin protofibrillar formation caused by APN resistance could up-regulate AP protofibrils in evolvability, which might manifest as T2DM stimulation of AD as the antagonistic pleiotropy in aging.





Importance of Common Modifiers of Alzheimer’s Disease and Type 2 Diabetes Mellitus From the Viewpoint of Evolvability

Notably, abnormally high levels of D-ribose have been observed in both T1DM (Yu et al., 2019) and T2DM (Su and He, 2014). Since administration of D-ribose induces the yield of Aβ and hyper-phosphorylated tau in the brain (Wu et al., 2015, 2019; Li et al., 2020), D-ribose might be also important for induction of AD. Thus, D-ribose might affect evolvability of amylin and Aβ, the dysmetabolism of which might lead to manifestation as comorbidity of AD and T2DM in aging. Indeed, it is possible that there might be many factors/stressors that may be attributed to the comorbidity of AD and T2DM. These include formaldehyde and amylin glycation.



Comorbidity of Alzheimer’s Disease With Other Metabolic Disorders

Considering that AD is frequently comorbid with many other types of aging-associated diseases, similar mechanisms might be applied to the comorbidity of AD with these other conditions. Indeed, an increasing prevalence of associated metabolic disorders, including obesity, hypertension, hyperlipidemia, and atherosclerosis, is associated with an expanding adult and elderly population worldwide (Takamatsu et al., 2017). One may argue, however, that metabolic disorders other than T2DM are not always associated with amyloid fibril formation yet frequently promote neurodegeneration (Pugazhenthi, 2017). In this regard, evolvability of APs, including Aβ and tau, might be increased through mechanisms other than aggregative protein–protein interactions. For instance, cholesterol, which may play a central role in dyslipidemia, might stimulate misfolding and aggregation of APs in evolvability as well as in neurodegeneration and T2DM (Singh et al., 2015). Also, catecholamines possibly related to essential hypertension might be relevant (Goldstein, 1983). Aβ was shown to undergo regulated co-secretion with neuropeptide and catecholamine neurotransmitters (Toneff et al., 2013), and catecholamines were also shown to stimulate protein deposition in AD and PD (Bharath and Andersen, 2004). Thus, catecholamines might be involved in evolvability, which may manifest as essential hypertension as an antagonistic pleiotropy relationship in aging. Collectively, it is possible that the comorbidity of AD with metabolic disorders might represent antagonistic pleiotropy attributed to increased evolvability due to the CS of APs and other factors.




ROLE OF ADIPONECTIN PARADOX LINKING TYPE 2 DIABETES MELLITUS AND ALZHEIMER’S DISEASE

The concept of the CS of APs suggests that the pathogenesis of T2DM might be equivalent to that in AD but fails to explain how T2DM could be upstream of AD. Given that AD risk might be increased by T2DM, perhaps the mechanistic action of amylin in evolvability may be situated upstream to APs, including Aβ and tau.

In this regard, we hypothesize that APN might be involved. APN is a multifunctional adipokine that is important in insulin receptor signaling sensitization and an anti-inflammatory role (Waragai et al., 2017). Although APN is generally protective, it has been well characterized that APN might be critically involved in promoting aging-associated chronic diseases, such as chronic heart failure and chronic kidney disease, the so-called APN paradox (Menon et al., 2006; Kizer, 2014). Notably, a recent study suggests that the APN paradox is also observed in the nervous system (Waragai et al., 2020). APN is neuroprotective and mitigates neurodegeneration in both cellular and animal experimental systems. Nonetheless, in cohort studies, it was shown that hyperadiponectinemia correlates well with neuropathological features, such as amyloidosis and cognitive deficits, suggesting that APN paradox might be involved in AD pathogenesis (Wennberg et al., 2016; Waragai et al., 2020). Consistent with this notion, it was shown that APN associated with phospho-tau in the AD brain, suggesting that APN might be involved in the tangle formation (Figure 2B).

Given that the APN paradox might be critical in promoting AD (Waragai et al., 2020), it is possible that the APN paradox in aging might be an antagonistic pleiotropy phenomenon derived from evolvability during reproduction (Waragai et al., 2020). In this context, APN resistance/insulin resistance might be a physiologically caused by fibrillar amylin in evolvability, which might later be manifest as T2DM stimulation of AD (Figure 2C). Consistently, insulin resistance was previously shown in cavefish as an adaptation to a nutrient-limited environment (Riddle et al., 2018), indicating that insulin resistance can be beneficially activated under the physiological conditions. Notably, it was recently described that large-scale proteomic analysis of AD brain and cerebrospinal fluid revealed early changes in energy metabolism associated with glial activation (Johnson et al., 2020), which is consistent with involvement of the APN paradox in the pathogenesis of AD (Waragai et al., 2020).

Similar to AD, a recent prospective cohort study showed that higher serum APN concentrations were observed in incident cancers and are associated with cancer-related deaths in T2DM, suggesting that the APN paradox might be significant in cancer related to T2DM (Lee et al., 2020).



IMPLICATIONS FOR THERAPEUTIC INTERVENTIONS

In view of the possible involvement of the APN paradox in linking neurodegeneration to metabolic disease, this may account for the pathological positioning of T2DM upstream of AD in aging, suggesting that therapeutic targeting of APN might be a viable strategy.


Targeting Adiponectin Expression

For this purpose, suppressing APN expression by various methods, such as antisense oligonucleotides against APN mRNA (Rinaldi and Wood, 2018) and immunotherapy against the APN protein (Lannfelt et al., 2014), might effectively decrease formation of APs protofibrils, leading to suppression of APN paradox and AD (Figure 2C). However, the majority of the previous studies describe that the potential of APN activity for therapeutic purposes based on the presumption that APN is protective. Therefore, it is necessary to bear in mind the possibility of a therapeutic “trade-off” by suppression of APN expression.

Notably, administration of D-ribose leads to an increase of visceral triglycerides in mice (Chen et al., 2019b); and since high levels of D-ribose (Su et al., 2013; Chen et al., 2019a) and high HbA1c (Chen et al., 2017) are associated with diabetes, this raises a possibility that D-ribose could be utilized as a biomarker to assess the therapeutic efficiency.



Anti-Diabetes Mellitus and Metabolic Syndrome

It is expected that combining APN with treatment against T2DM and other related metabolic disorders might enhance the therapeutic efficiency of targeting of APN. Because of an increased risk of neurodegenerative disorders related to T2DM, previous studies have strongly suggested that treatment of T2DM might be beneficial for and repurposed to therapy of neurodegenerative disorders. Indeed, a recent phase II clinical trial of glucagon-like peptide-1 (GLP-1)/incretin for PD appeared promising (Hölscher, 2012; Athauda et al., 2017), prompting initiation of a subsequent clinical trial of GLP-1/incretin in AD (Gejl et al., 2016). Although metformin has long been used to treat T2DM, there is growing evidence for the benefits of metformin to counteract age-related diseases such as cancer, cardiovascular disease, and neurodegenerative diseases (Rotermund et al., 2018). Moreover, studies are in progress to assess the therapeutic potential of other anti-T2DM molecules, such as DPP-4 inhibitors (Kosaraju et al., 2017) and APN (Sekiyama et al., 2014; Waragai et al., 2018). In relation to the current state of neurodegenerative therapy in relation to T2DM, our current view regarding evolvability may offer several novel insights.

Recently, chronic hypertension has been suggested as one of the largest modifiable risk factors for developing AD (Marfany et al., 2018). Indeed, several epidemiological studies reveal that β-blocker treatment reduces the prevalence of AD in patients suffering from hypertension (Yu et al., 2011). Since it is possible that Aβ evolvability might be promoted not only by amylin protofibrils but also by other molecules, such as cholesterol and catecholamines, it follows that disease-modifying therapies targeted against other metabolic syndrome disorders in addition to T2DM, especially anti-hypertension agents, might increase overall treatment efficacy.




CONCLUDING REMARKS

In the present discussion, the concept of amylin evolvability was shown to provide novel insights into the T2DM and related diseases, which are currently elusive. First, we argue that T1DM and T2DM, etiologically distinct types of DM, might be linked through amylin evolvability. Furthermore, the comorbidity of AD and T2DM in aging might be an antagonistic pleiotropy phenomenon derived from evolvability regulated by AD-relevant APs, including Aβ, tau, and amylin. Importantly, it was suggested that APN resistance might stimulate amylin protofibrils, leading to Aβ protofibrillar formation in evolvability, which might manifest as an increased AD risk driven by T2DM through an antagonistic pleiotropy mechanism in aging. Taken together, a better understanding of the mechanism of evolvability may shed light on novel evolvability-based therapeutic strategies.
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Background: Age-related cognitive decline begins in middle age and persists with age. Leukocyte telomere length (LTL) decreases with age and is enhanced by inflammation and oxidative stress. However, whether shorter LTL correlates with cognitive decline remains controversial.

Aims: We aimed to investigate the relationship between LTL and cognitive decline in the American elderly.

Methods: We used data from the 1999 to 2002 U.S. National Health and Nutrition Examination Survey (NHANES). We included participants aged 65–80 with available data on LTL and cognitive assessments. The cognitive function assessment used the digit symbol substitution test (DSST). We applied multivariate modeling to estimate the association between LTL and cognitive performance. Additionally, to ensure robust data analysis, we converted LTL into categorical variables through quartile and then calculated the P for trend.

Results: After adjusting for age, cardiovascular disease (CAD) score, gender, race, body mass index (BMI), and educational level, LTL showed a positive correlation with DSST score (odds ratio [OR] 3.47 [0.14, 6.79], P = 0.04). Additionally, to further quantify the LTL–DSST interaction, we found a similar trend when LTL was regarded as a categorical variable (quartile) (P for trend = 0.03).

Conclusion: LTL was associated with cognitive capabilities among the elderly, implying that LTL might be a biomarker of cognitive aging.

Keywords: aging, biomarker, telomere length, cognitive decline, elderly


INTRODUCTION

The aging global population presents a threat of increased disease and disability (Vos et al., 2012). Age-related cognitive decline begins in middle age and continues over time (Li et al., 2001), but studies have found individual differences in the severity of age-related cognitive decline under the influence of genetic and environmental factors (Foster, 2006; Connors et al., 2015; van der Wardt et al., 2015; Heywood et al., 2017). Studies have also suggested that oxidative stress and inflammation might influence aging and age-related memory disorders, which may explain why cognitive decline is highly associated with the elderly (Anstey et al., 2005; Peila and Launer, 2006; Lau et al., 2007; Rafnsson et al., 2007). However, the exact mechanism of cognitive decline remains unknown. Thus, to help reduce the risk of dementia and promote overall health among the elderly, it is essential to identify the potential predictive biomarkers of cognitive dysfunction.

Telomeres, which are repetitive nucleoprotein regions located at the ends of eukaryotic chromosomes, maintain genomic integrity and stability by protecting the end of the chromosome from illegitimate degradation and recombination (Jiang et al., 2018). Successive somatic cell divisions gradually abrase telomere length (TL) during aging (Miu et al., 2019). This cumulative age-interrelated TL shortening conduces to cellular senescence, an attribute of aging (López et al., 2013; Xu et al., 2018). Cellular lifespan is influenced by the length and stability of telomeres to some degree. Therefore, TL has been proposed as a candidate biomarker of aging (Xu et al., 2018). The TL shortening process was reported to accelerate under oxidative stress and inflammatory response and could serve as a record of the cumulative burden of oxidative stress along with inflammation (von Zglinicki et al., 2000; Aviv et al., 2006). Judging from longer telomeres protect cells from cellular senescence and death, it is reasonable to expect that they would also protect neuronal cells against oxidative stress and neurodegeneration that are related with cognitive decline (Collado et al., 2007). Research has reported the implication of shortened leukocyte TL (LTL) in multiple age-related diseases including neurodegenerative ones (Serrano and Andrés, 2004; Valdes et al., 2007; Shammas, 2011; Willeit et al., 2014).

Previous research on LTL and cognitive ability, predominantly in the elderly, has yielded inconsistent results. Studies have noticed a correlation between shortened LTL and age-related cognitive decline among the elderly (Valdes et al., 2010; Yaffe et al., 2011), but other studies have found such an association to be relatively small or absent (Mather et al., 2010; Harris et al., 2012). Therefore, we used the U.S. National Health and Nutrition Examination Survey (NHANES) database to investigate the relationship between LTL and cognitive function in a cohort of elderly individuals.



MATERIALS AND METHODS


Data Source and Participant Selection

The NHANES is an ongoing cross-sectional survey of a nationally representative, non-institutionalized U.S. population conducted by the U.S. National Center for Health Statistics (NCHS). To promote overall representativeness, the NHANES uses a complex multi-stage probability sampling design. Its dataset combines five major factors: socio-demographic characteristics, physical examinations, dietary information, laboratory investigations, and interview or questionnaire data—with raw data that are processed in 2-year cycles and made publicly available online (Cawthon, 2002; Mazidi et al., 2017). The NHANES protocol was approved by the NCHS Research Ethics Review Board, and all participants provided written informed consent. More NHANES data and detailed information on survey methods are available on the center’s official website1.

In this study, we restricted our analysis to participants from 1999 to 2000 and from 2001 to 2002 cycles of the NHANES survey because only these cycles contained TL and cognitive testing information. Eligibility inclusion criteria required participants to be between ages 60 and 85 at the time of the survey, with high school education or above, and to have available data on both LTL and cognitive function examination.



Telomere Measurements

With standardized procedures, purified DNA was acquired from whole blood and stored at −80°C before the LTL assay. Using quantitative polymerase chain reaction, we measured LTL relative to standard–reference DNA (T/S ratio) (Cawthon, 2002; Lin et al., 2010; Needham et al., 2013). The LTL was calculated as the mean T/S ratio, which is an approximation of average TL across all the chromosome ends. More details regarding the LTL quantification procedure and analytical methods are on the NHANES website (see footnote 1).



Cognitive Function Assessment

We evaluated cognitive function using the digit symbol substitution test (DSST), an executive function subtest of the Wechsler Adult Intelligence Scale, Third Edition (WAIS III) (Oberlin et al., 2013). In this test, participants were given a key that paired symbols and numbers. Then, they were given a train of numbers and had to draw symbols under the corresponding numbers using the substitution key in 120s. The DSST score represents the correct number of symbols drawn, with a maximum score of 133. It is considered a sensitive test for cognitive disorder because it could record the participants’ response speed, associative learning, continuous attention, visual spatial skills, and memory abilities (Oberlin et al., 2013).



Covariates

Multivariate models contain variables that might confound the link between LTL and cognitive ability. Educational level was coded as a level 2 categorical variable (high school and above). Cardiovascular disease (CAD) was also a potential confounder as it could affect both LTL and cognitive impairment. To avoid multicollinearity, we generated a comprehensive CAD variable that aggregated multiple risk factors. One score was assigned to each of the three current risk factors: history of hypertension, coronary heart disease, or stroke. Additionally, two points were added for diabetes. Scores ranged from 0 to 5 (Golub et al., 2019).



Statistical Analysis

Statistical analysis was performed following CDC analytical reporting guidelines for complex NHANES data analysis2. We considered masked variance and used the recommended weighting scheme. Demographic characteristics among different TL groups (quartile) were compared using chi-square test or weighted linear regression model. To assess whether LTL is correlated with cognitive decline, our statistical analysis included three main steps. First, we employed weighted univariate and multivariate linear regression models. Multivariate models included model I (only gender, race, and educational level were adjusted) and model II [gender, race, educational level, age, CAD score, and body mass index (BMI) were adjusted]. Second, to account for non-linearity of cognitive decline and LTL, we conducted smooth curve fitting (penalized spline method) and weighted generalized additive model (GAM). Third, we performed subgroup analyses using weighted stratified linear regression models. For the continuous variable, we first converted it to a categorical variable according to the clinical cut point and then performed an interaction test.

To ensure that the data analysis is robust, we converted the TL into a categorical variable by quartile and calculated the P for trend. We did this to verify the TL results as a continuous variable and to observe the possibility of non-linearity.

All analyses were performed using the statistical software packages R3 (The R Foundation) and EmpowerStats4 (X&Y Solutions, Inc., Boston, MA, United States). P-values less than 0.05 (two-sided) were considered statistically significant.



RESULTS


Participants’ Baseline Characteristics

Table 1 shows the weighted distribution of socio-demographic characteristics and other covariates of the selected participants in the NHANES 1999–2002 population.


TABLE 1. Baseline characteristics of participants.

[image: Table 1]The participants in this sample averaged 70.99 ± 7.54 years old, with women representing 51.1%. Among different TL groups (quartile, Q1–Q4), the following distributions were similar: educational level, BMI, CAD score, history of hypertension, diabetes, hyperlipidemia, and stroke. Compared with groups Q1 and Q2, groups Q3 and Q4 were younger and had a higher percentage of females. Regarding cognitive performance, DSST scores ranged from 0 to 117, with a mean of 44.56 (SD = 17.68). In addition, the maximum and minimum T/S ratio values were 3.00 and 0.39, respectively, with a mean of 0.91 (SD = 0.22).



Univariate Linear Regression Analysis

We first assessed a univariate linear regression model to evaluate the relationship between LTL and DSST. The results found that female gender, educational level, and LTL are positively correlated with DSST score, whereas male gender, age, and CAD score are negatively associated with DSST score (see Supplementary Table S1 in the Appendix).



Multivariate Linear Regression Analysis of the LTL–DSST Relationship

Table 2 shows the coefficients of the association between LTL as continuous variable and DSST score. Our multivariate linear regression analysis showed a negative correlation between LTL and DSST score in the crude model (odds ratio [OR] 9.51 [5.82–13.19], P < 0.01) (see Table 2). In the adjusted model I (adjusted by gender, race, and educational level) and model II (adjusted by gender, race, educational level, age, CAD score, and BMI), the results remained stable (OR 10.27 [6.83, 13.72], P < 0.01; OR 3.47 [0.14, 6.79], P = 0.04).


TABLE 2. Multivariable linear regressions analysis of the LTL–DSST relationship.

[image: Table 2]Additionally, to further detect the correlation of LTL–DSST interaction, we stratified the participants into four groups by the 25th, 50th, and 75th LTLx percentiles (0.39–0.76, 0.76–0.88, 0.88–1.03, and 1.03–3.00, respectively). LTL was regarded as a categorical variable (quartile), and a similar trend was observed (P for trend = 0.03; see Table 2). On multivariable analysis, participants in quartile 4 had 139% higher odds of getting higher DSST score than those in quartile 1.



Analyses of LTL–DSST Non-linear Relationship

It is essential to analyze non-linear relationships for continuous variables. A weighted GAM and smooth curve fitting (penalized spline method) were used to investigate the non-linear relationship between LTL and DSST scores. After adjusting for gender, age, educational level, race, CAD score, and BMI, we did not observe a non-linear relationship between LTL and DSST (see Supplementary Figure S1 in the Appendix).



Subgroup Analyses

Table 3 shows our subgroup analysis results. We found that, after adjusting for potential confounders, the interaction test was not statistically significant for age, educational level, gender, race, CAD score, and BMI (P for interaction > 0.05). Thus, we do not detect any substantial evidence to prove that there are systematic differences in associations in different subgroups of the population, which means our main results are stable.


TABLE 3. Effect size of prespecified and exploratory subgroups.
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DISCUSSION

This study’s central finding suggests that cognitive decline correlated significantly with shorter LTL among elderly individuals, and the findings were found to be robust after adjusting for various potential confounders.

Previous studies have noted the role of LTL in a series of age-related chronic diseases including neurodegenerative and CAD (Panossiana et al., 2003; Benetos et al., 2004; Martin et al., 2006; Brouilette et al., 2007; van der Harst et al., 2007; Fitzpatrick et al., 2011). Consistent with our results, some previous studies found that compared with healthy individuals, patients with cognitive disorder [including mild cognitive impairment (MCI) and Alzheimer’s disease (AD)] have truncated TLs in peripheral blood leukocytes (Honig et al., 2006; Grodstein et al., 2008; Mather et al., 2010; Valdes et al., 2010), mononuclear cell (Panossiana et al., 2003), and even in brain tissue (Thomas et al., 2008), while other studies did not observe a correlation between cognitive performance and LTL (Zekry et al., 2010; Hochstrasser et al., 2012; Movérare-Skrtic et al., 2012).

Furthermore, genetics might be a potential confounder in such a correlation in view of the heritable characteristics of LTL (Jeanclos et al., 2000; Nawrot et al., 2004). However, studies have also found significant differences in cognitive scores between twins with inconsistent TL, and the results confirmed that the correlation observed between decreased cognitive ability and shortened TL is robust to age and possible confounding factors.

The precise mechanism underlying the correlation between shorter LTL and cognitive decline remains unclear. Regarding TL, apart from the erosion of telomeres with cell division, telomeres are highly sensitive to damage by oxidative stress and inflammation (Saretzki and Von Zglinicki, 2002; Aviv et al., 2006). Oxidative stress enhances telomere attrition with each cell division (Saretzki and Von Zglinicki, 2002), whereas inflammation entails increased leukocyte turnover and subsequently heightens telomere attrition. An in vitro study reported that the telomere shortening process could be modulated by oxidative stress (Kawanishi and Oikawa, 2004), and many proinflammatory markers, such as interleukin (IL)-6, were negatively correlated with TL (O’Donovan et al., 2011). Evidence showed that short/dysfunctional telomeres in peripheral immune cells as well as in microglia could contribute to cellular senescence that are linked to higher secretion of proinflammatory mediators that play an important role in the etiopathogenesis and progression of cognitive impairment (Collado et al., 2007; Jurk et al., 2012; Weng, 2012; Boccardi et al., 2015). To some extent, LTL might hinge on the cumulative burden of inflammation and oxidative stress across the lifespan (Sultana et al., 2009). Therefore, oxidative stress and inflammation might be the potential thread linking TL shortening with cognitive dysfunction.

Several alternative pathways may underlie the pathogenesis of cognitive impairment. The hippocampus is closely associated with cognitive function and is regarded as a key area affected by aging. It has been reported that TL is independently associated with cortical epithelial marginal areas (including hippocampus and orbitofrontal cortex areas), which overlaps with brain regions related to cognitive impairment psychopathology. Previous animal research reported that telomerase-deficient mice models showed neuronal loss in the hippocampus and frontal cortex linked with short-term memory deficits (Rolyan et al., 2011), whereas telomerase reactivation could reverse aging-related cognitive deficits (Jaskelioff et al., 2011).

This study exhibits multiple strengths. The multi-ethnic, national representative data from NHANES allow our findings to be extrapolated to a broader population. LTL and cognitive assessment were measured in a large sample, offering high statistical power to explore their connection. Additionally, with the NHANES’s rigorous methodology and comprehensive quality procedures, we adjusted for several potential confounders by capitalizing on its abundant data.

However, this study also has several imitations. First, its primary constraint is its cross-sectional design, precluding inferences about causation. Second, LTL comes from one measurement rather than assessed longitudinally, which may provide key insights into the aging process. The shortening rate of LTL may be a more relevant indicator of the wear and tear that results in accelerated biological aging than TL measured at one point in time. Third, because TL maintenance or loss is related to many environmental factors, TL is also controlled by genetics and varies widely between individuals (Graakjaer et al., 2004). Therefore, ideally, one must consider all these intermediate parameters before attributing the differences in TL to a particular phenomenon. Fourth, a potential limitation is the use of only one specific measure of cognitive ability rather than multiple ones, and the type of cognitive measurement might lead to different findings. Accompanying tests, such as the Mini Mental Status Examination (MMSE), could help to assess cognitive function more comprehensively. However, DSST performance seems to be sensitive in reflecting attention/concentration, visual discrimination, information processing speed, and working memory and is especially suitable for screening MCI in the elderly (Salthouse, 1996). Moreover, it was reported to be less sensitive to educational level (Hoyer et al., 2004). Thus, the DSST scale may represent a relatively comprehensive cognitive scale (Launer et al., 2011). Future studies are required to determine the relationship between LTL and cognitive decline, which may reveal new knowledge on the effect of oxidative stress and inflammation on health and longevity.



CONCLUSION

Using the NHANES database, this study found a significant association between LTL and cognitive performance in the elderly after adjusting for potential confounding factors. Further high-quality studies need to be conducted to better understand the pathophysiology of such a correlation.
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Machine Learning Classification Identifies Cerebellar Contributions to Early and Moderate Cognitive Decline in Alzheimer’s Disease
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Alzheimer’s disease (AD) is one of the most common forms of dementia, marked by progressively degrading cognitive function. Although cerebellar changes occur throughout AD progression, its involvement and predictive contribution in its earliest stages, as well as gray or white matter components involved, remains unclear. We used MRI machine learning-based classification to assess the contribution of two tissue components [volume fraction myelin (VFM), and gray matter (GM) volume] within the whole brain, the neocortex, the whole cerebellum as well as its anterior and posterior parts and their predictive contribution to the first two stages of AD and typically aging controls. While classification accuracy increased with AD stages, VFM was the best predictor for all early stages of dementia when compared with typically aging controls. However, we document overall higher cerebellar prediction accuracy when compared to the whole brain with distinct structural signatures of higher anterior cerebellar contribution to mild cognitive impairment (MCI) and higher posterior cerebellar contribution to mild/moderate stages of AD for each tissue property. Based on these different cerebellar profiles and their unique contribution to early disease stages, we propose a refined model of cerebellar contribution to early AD development.

Keywords: Alzheimer’s disease, dementia, cerebellum, machine learning, MCI (mild cognitive impairment), mild moderate AD, gray matter (GM), white matter (WM)


INTRODUCTION

Alzheimer’s disease (AD) is the most prevalent form of dementia in the developed world (Reitz et al., 2011) and is defined by a progressive decline of a variety of cognitive functions and motor abilities. Accumulating evidence suggests that AD has a lengthy preclinical phase, where brain pathology accumulates and patient function declines, but symptoms are insufficient to warrant a clinical diagnosis of dementia. AD neurodegeneration follows specific topographic patterns of gray and white matter atrophy that emerge during its early stages (Serra et al., 2010). Although the pathobiological basis of these alterations remains unclear, there is increasing evidence that white matter and myelin alterations occur at the earliest stages of the disease and are associated with cognitive decline, potentially preceding gray matter (GM) volume changes and loss (Braak et al., 2000). This has been supported by emerging preclinical (Desai et al., 2010), histological (Zhan et al., 2014) and longitudinal studies documenting white matter changes to be of particular importance for AD stages (Frings et al., 2014), in turn stressing the need to better characterize white matter and myelin change in early stages of cognitive decline in AD.

While the traditionally focus has been placed on neocortical and hippocampal atrophies, recent evidence suggests that the cerebellum undergoes focal atrophy in concert with interconnected cerebral nodes in both AD and fronto-temporal dementia (Guo et al., 2016). Histopathology studies of AD have shown cerebellar amyloid-β oligomers to be affected in a counter-clockwise pattern during disease progression, starting in the posterior cerebellar lobe, and paralleling cerebrum atrophy staging and associated symptom progression (Jacobs et al., 2018).

However, the functional decline is often present before an official AD diagnosis has been reached. For example, 60% of elderly patients with a cognitive decline also suffer from falls; twice more than those without impairment (Davis et al., 2011). In a functional MRI study, falling significantly more often in the elderly has implicated the right cerebellum as a potential region of interest in early cognitive decline and aging (Liu-Ambrose et al., 2008). While the cerebellum has long been associated with motor function, it is also involved in many non-motor functions, including working memory and executive functioning (Schmahmann et al., 2001; Bellebaum and Daum, 2007). Nevertheless, the role of cerebellar white and GM in disease progression and classifying stages of early cognitive decline from typical aging remain a challenge. To address these questions, we used machine learning-based classification on GM anatomical and volume fraction myelin images to investigate their contributions to predict the first two early stages of dementia [mild cognitive impairment (MCI) and mild and moderate AD] when compared with typically aging controls. We further calculate their predictive accuracy within the whole brain and neocortex and compare them with the anterior, posterior, and whole cerebellum to investigate the role of cerebellar white and GM in early AD progression.



MATERIALS AND METHODS


Participants

Forty-three age- and gender-matched participants (15 healthy controls; 17 MCI; and 11 Mild/Moderate AD) were included. Subject group demographics are shown in Table 1. A clinical interview, an assessment of cognitive decline using the Mini-Mental State Examination (MMSE), and clinical dementia rating (CDR) scores were used to assign the participants to the healthy (CDR = 0), MCI (CDR ≤ 0.5), and Mild/Moderate AD (0.5 ≤ CDR ≤ 1.0) groups. The CDR is a reliable and valid measure to assess AD stages (Morris, 1993; Nyunt et al., 2013) and its scores have been shown to usefully predict functional decline and incident dementia (Woolf et al., 2016). The MMSE is a 30-point questionnaire that is routinely used to assess cognitive impairment in clinical and research settings (Pangman et al., 2000). MANOVAs revealed no significant group differences in mean age or gender ratio between groups (p > 0.10, Table 1). Genetic screening was performed on individuals with AD and APOE (Apolipoprotein E) status was determined.

TABLE 1. Participant demographics.
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MRI Acquisition

All participants were imaged on a Siemens Tim Trio 3T scanner (Siemens Healthcare GmbH) with a 32-channel head RF array. A multimodal protocol was performed that included mcDESPOT myelin water imaging (Deoni et al., 2008), T1-weighted MP-RAGE anatomical, and diffusion tensor imaging. The mcDESPOT acquisition consists of eight variable flip angle T1-weighted spoiled gradient echo (SPGR_images and two sets of eight variable flip angle T1/T2-weighted fully-balanced steady-state free precession (bSSFP) images, with each set acquired with 0 or 180-degree RF phase cycling pattern (Deoni, 2011). In addition, an inversion-prepared (IR)-SPGR image was also acquired to correct for flip angle (B1 field) inhomogeneities (Deoni, 2011).



MRI Analysis

Following the acquisition, data were visually checked for motion-related artifacts and then a standardized processing pipe-line was performed that included: (1) Skull stripping using the brain extraction tool (Smith, 2002) from the FSL software library (Smith et al., 2004); (2) Linear registration to account for subtle inter-scan motion using FSL’s linear image registration tool (Jenkinson et al., 2002; Zhang et al., 2004); (3) Calculation of the main and transmit magnetic field (B0 and B1) calibration maps (Deoni, 2011); and (4) Estimation of the VFM at each brain voxel using a stochastic region contraction approach to fit a 3-pool model to the acquired SPGR and bSSFP data (Deoni and Kolind, 2015).

All anatomical and VFM images were first loaded to the SPM12’s SUIT toolbox (Diedrichsen et al., 2009) to isolate structures of interest. For the whole brain and neocortex, we used the following steps for analysis: gray and white matter tissue class segmentation, DARTEL registration (Ashburner, 2007) to a common inter-subject space, a DARTEL utility to create Jacobian images. For the cerebellum, we used the following steps for analysis: SPM12’s SUIT toolbox (Diedrichsen et al., 2009) to isolate the structure, DARTEL registration to SUIT space, a DARTEL utility to create Jacobian images. Jacobian determinant images have previously shown promise in discriminating neurodegeneration by allowing a comparison of the expansion and contraction of voxels across and within subjects (Studholme et al., 2004a,b; Hua et al., 2009, 2010; Anderson et al., 2012; Aksman et al., 2016). After applying a thresholded mask created in Matlab to fit the whole brain, cerebrum or whole/anterior/posterior cerebellum to exclude extracerebral or extracerebellar voxels, we used a two-class linear support vector machine learning algorithm, implementing the C cost support vector classifier at a fixed value of C = 1 throughout all classifications. Within the full dataset, we defined a set that is split into a training set N of subjects used to train the classifier, and a set T of subjects that are used to test the classifier’s prediction ability. Specifically, we used leave-one-out cross-validation to learn a function from the data that can accurately predict the labels of unseen or new patterns and thus evaluate the classifier’s performance. The model parameters learned in the training phase are represented as weights (weighted images are displayed in Supplementary Figure 1) and demonstrate the relative contribution of each feature to the predictive task.

Using freely available Matlab code1, we created Jacobian weighted images, forward maps, as well as p and t thresholded maps at p ≤ 0.005. Cerebellar masks were created by using the SUIT atlas (Diedrichsen et al., 2009) by combining vermis, left and right cerebellar lobules I–V to create the anterior cerebellar mask, and vermis, left and right cerebellar lobules VI–X to create the posterior cerebellar mask. The cerebrum mask consisted of the whole brain mask but excluding the cerebellum and brainstem. Jacobian weighted GM volume will be referred to as GM volume throughout the manuscript.




RESULTS

As expected, cognitive decline increased with increasing dementia stages (Table 1). The cerebellum as a region of interest displayed up to 28% higher classification accuracy when compared with the neocortex and up to 18% higher classification accuracy when compared with the whole brain, with the highest prediction accuracy of 75% of cerebellar VFM for mild/ moderate dementia (all results thresholded at p ≤ 0.005, Figure 1). Clusters with the highest cerebellar effects were localized in the lateral cerebellum (x/y/z: 33/26/29 and 37/58/38 in SUIT space).
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FIGURE 1. Weighted prediction t-maps for the whole brain and cerebellum. Jacobian gray matter (GM) volume and volume fraction myelin (VFM) prediction t-maps for the cerebrum, whole brain, and whole cerebellum for mild/moderate Alzheimer’s disease (AD; above) and mild cognitive impairment (MCI; below). Prediction accuracy percentage is noted in brackets and t-values ranging from 0 to 5 are indicated with a color bar on the right, with the lowest t-value in black to the highest t-value in green. x/y/z coordinates for the neocortex and whole-brain are 64/78/58 in DARTEL space, and 70/47/43 for the cerebellum in SUIT space.



Weighted images are shown in Supplementary Figure 1. While classification accuracy increased with AD stages, GM volume was the best predictor for the earliest stage of dementia (MCI), while VFM demonstrated the highest prediction accuracy for the mild/moderate stage of dementia when compared with typically aging controls. Similarly, the cerebellar GM showed the highest prediction accuracy for CDR score (66.8%; Supplementary Figure 2), and consistently higher prediction accuracy when compared with the neocortex (Supplementary Figure 2). When dividing the cerebellum into its anterior and posterior lobe, the posterior cerebellar contribution increased in both GM volume and VFM (Figure 2). These changes were strongest in the Crus I/II (Figure 2).
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FIGURE 2. Weighted prediction t-maps for the whole, anterior, and posterior cerebellum. Jacobian GM volume and VFM prediction t-maps for the whole, anterior, and posterior cerebellum for mild/moderate AD (left), and MCI (right). Prediction accuracy percentage is noted in brackets and t-values ranging from 0 to 5 are indicated with a color bar on the right, with the lowest t-value in black to the highest t-value in green. All x coordinates are x = 70 in SUIT space.





DISCUSSION

In this study, we investigated the contribution of cerebellar GM volume and VFM to predict the first two early stages of AD (MCI and mild/moderate AD) when compared with the whole brain and cerebrum gray matter volume and volume fraction myelin.

Our findings suggest VFM and GM volume loss occur in the early stages of AD, with distinct patterns of anterior and posterior cerebellar contributions (Figure 2). Specifically, disease classification was driven by differences in the posterior cerebellum with its prediction accuracy increasing with symptom severity, paralleling histopathological findings of cerebellar β in the posterior cerebellar lobe (Jacobs et al., 2018).

The cerebellum can be divided functionally into the motor and sensorimotor functions processed in the anterior- posterior lobe and cognitive functions in posterior cerebellar regions, enabled by its distinct neuroanatomic (Middleton and Strick, 2001; Kelly and Strick, 2003) and functional connectivity (Buckner et al., 2011) connections. During the development of AD, cerebellar GM volume appears to follow a predictable pattern, affecting the vermis and posterior lobe in the early stages of the disease, continuing to evolve to the anterior lobe with disease progression (Jacobs et al., 2018). Indeed, lower GM cerebellar anterior volume has been shown in patients with early-onset AD carriers compared to non-carriers (Reiman et al., 2012) as well as in patients with MCI, although the direct nature of its contribution remains unclear possibly because of the diffuse nature of the disease (for a review, Jacobs et al., 2018). In contrast, cerebellar white matter volume declines more rapidly than GM volume, a pattern similar to that observed in the cerebral hemispheres (Jernigan et al., 2001). This pattern of different white and GM volume decline was supported by our study results, where myelin water fraction demonstrated the highest prediction accuracy, underlining the role of white matter alterations at the earliest stages of dementia.

These early developments of AD are also reflected microstructurally, as more diffuse amyloid-beta deposits in early-onset patients showed cerebellar pathology 30 years earlier than sporadic patients (Cole et al., 1993). Here, the degree of cerebellar amyloid-beta was negatively correlated with the age of onset, indicating cerebellar atrophy as a possible biomarker for the early stages of AD. This cerebellar pathology in early-onset AD is further accompanied by cerebellar motor phenomena such as ataxia, especially in PSEN1 mutations (Bateman et al., 2011). Motor phenomena precede the loss of cognitive functions and are associated with early detectable cognitive impairments of MCI and incident AD (Camicioli, 2010). This is in line with our results where the anterior cerebellar contribution to AD was strongest in the early stages followed by increasing posterior cerebellar contribution with cognitive function loss as indicated by decreasing CDR values and prediction (Table 1, Figure 2, Supplementary Figure 2). Our results are further paralleled by histological findings, where the concentration of cerebellar soluble fibrillar amyloid oligomers was inversely correlated with MMSE AD classification performance but positively with the presence of cerebral plaques and tangles, suggesting that AD molecular changes possibly already occur in the cerebellum in the preclinical stages and may contribute to the symptomatology and pathophysiology of the disorder (Mann et al., 1990). While our cerebellar findings seem to mirror these histopathological findings, it remains unclear whether this pattern corresponds to microtissue changes and should be followed up by combining VFM and GM volume MRI scans and histopathology of the cerebellum on tissue from early AD stages.

Cerebellar amyloid-β oligomers have been documented to be affected in a counter-clockwise manner starting in the posterior cerebellar lobe, thus paralleling cerebrum atrophy staging and associated symptom progression (Jankowsky et al., 2004; Gentier et al., 2015), has led to an AD stage model of cerebellar atrophy starting from the posterior to the anterior lobe with disease progression (Jacobs et al., 2018). Based on our findings, we propose a refined model of cerebellar contribution to AD development. We suggest that early AD disease stages are driven by both the anterior and posterior cerebellum, but an initially higher anterior cerebellar lobe contribution to the classification of the earliest stages of the disease and posterior cerebellar lobe contribution increasing with symptom severity. This parallels cerebellar functionality and AD symptom disease progression, as motor phenomena that are classically associated with anterior cerebellar dysfunction, such as ataxia, are early AD symptoms preceding cognitive symptoms that have been associated with posterior cerebellar dysfunction.

While high prediction accuracies of up to 75% could indicate an important contribution of the cerebellum to the earliest stage of AD (mild/ moderate), it decreases for MCI to around 50%. This discrepancy might suggest a less substantial contribution of the cerebellum to MCI development. However, when investigating cerebellar sub-regions, a pattern of higher anterior cerebellar contribution to MCI classification appears (64.9% prediction accuracy; Figure 2), which could be linked to its essential role in motor function and dysfunction.

Our findings support the role of cerebellar contribution to the early stages of AD pathology and define its unique contribution to early disease development prediction as well as subregions driving this classification. However, the cerebellum is often regarded as being spared in AD pathology and is consequently usually used as a control area or reference region in PET imaging studies over total brain volume to control for differences (for example, Dukart et al., 2010). Nevertheless, when a study compared regional glucose metabolism normalization methods using either total cerebral or cerebellar volume, cerebellar normalization was determined superior in identifying dementia patients in comparison to control subjects (Dukart et al., 2010). Together with our findings, it can be suggested to rather chose global brain measures than cerebellar volume for normalization methods to avoid bias towards early AD stages.
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SUPPLEMENTARY FIGURE 1 | Weighted maps for the whole brain and cerebellum. Jacobian gray matter (GM) volume and volume fraction myelin (VFM) weighted maps for the cerebrum, whole brain, and whole cerebellum for mild/moderate AD (above) and mild cognitive impairment (below). Prediction accuracy percentage is noted in brackets and t-values ranging from 0 to 5 are indicated with a color bar on the right, with the lowest t-value in black to the highest t-value in green. x/y/z coordinates for the neocortex and whole-brain are 64/78/58 in DARTEL space, and 70/47/43 for the cerebellum in SUIT space.

SUPPLEMENTARY FIGURE 2 | Weighted prediction t-maps for the whole brain and cerebellum. Jacobian gray matter (GM) volume and volume fraction myelin (VFM) weighted maps for the cerebrum, whole brain, and whole cerebellum for clinical dementia rating (CDR) scores. Prediction accuracy percentage is noted in brackets and t-values ranging from 0 to 5 are indicated with a color bar on the right, with the lowest t-value in black to the highest t-value in green. x/y/z coordinates for the neocortex and whole-brain are 64/78/58 in DARTEL space, and 70/47/43 for the cerebellum in SUIT space.
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The disease biology of frontotemporal lobe dementia (FTD) is complex and not fully understood, with limited translational value appreciated from animal models to date. Human cellular systems that can recapitulate phenotypic features of disease offer promise as translational tools to not only increase our understanding of disease processes but also increase the probability of success of translating novel treatment options to patients. However not all researchers may necessarily have access to well-characterized induced pluripotent stem cell (iPSC)-derived human neurons. As an example, we therefore comprehensively profiled phenotypic features over time in one commercially-available IPSC-derived human neuron cell line. This included systems-level assessments of neurite outgrowth dynamics, neuronal network function, and genome-wide gene expression. By investigating progranulin biology as an example we then demonstrated the utility of these cells as a tool to investigate human disease biology. For example, by using the siRNA-mediated knockdown of the progranulin (GRN) gene, we demonstrated the establishment of an isogenic human cellular model to facilitate translational FTD research. We reproduced findings from rodent neurons by demonstrating that recombinant progranulin (rPGRN) mediated neuroprotection. Contrary to previous rodent data, in our human cellular models, growth factor treatment showed no consistent sensitivity to modulate neurite outgrowth dynamics. Our study further provides the first evidence that rRPGRN modulated neuronal firing and synchrony in human neurons. Taken together, our datasets are a valuable systems-level resource demonstrating the utility of the tested commercially-available human iPSC neurons for investigating basic human neurobiology, translational neuroscience, and drug discovery applications in neurodegenerative and other CNS diseases.
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INTRODUCTION

While most basic biological studies utilize animal-based models to investigate disease mechanisms and biology, suitable models that allow translation of these findings to human biology are often missing. This is especially true in the neuroscience field, which lacks broadly available well-characterized human neuronal models. Variability in pharmacological responsiveness between animal and human cells is particularly rate-limiting for quantitative drug discovery applications and the identification of potential therapeutic molecules. Therefore, novel human cell-based model systems could offer key advantages for translational biology. Induced pluripotent stem cells (iPSCs) can be differentiated into a host of cell types, including neurons (Takahashi et al., 2007) and consequently, have been implemented to model common and rare neurological diseases (Park et al., 2008; Ross and Akimov, 2014), including Alzheimer’s disease (AD; Israel et al., 2012) and frontotemporal lobe dementia (FTD; Almeida et al., 2012; Raitano et al., 2015). Such iPSC-derived neuronal models from normal donors and patients are useful but have certain disadvantages. The creation of these cells is time-consuming and requires extensive characterization (Xu and Zhong, 2013); moreover, results have been shown to vary substantially between labs (Volpato et al., 2018).

Commercially-available iPSC-derived neurons are already differentiated and subjected to quality control, thus making this technology available to the broader research community that would otherwise need expertise in iPSC reprogramming and differentiation procedures. Well-characterized commercially-available cells would be a useful alternative to enhance the availability and reproducibility of iPSC models. iPSC-derived neurons representing distinct brain regions are commercially-available, including the iCell® line from FUJIFILM Cellular Dynamics, Inc. (FCDI). iCell® GlutaNeurons (GNs), for example, express predominantly glutamatergic markers and according to the manufacturer have been previously used to study electrophysiology, cell survival, and neurite outgrowth and the neuronal identity of GNs has been confirmed by flow cytometry and by assessment of gene expression in individual cells, while neuronal function has been assayed by multi-electrode array and calcium influx analyses (Fujifilm, 2018). Therefore, our objective was to perform an independent and longitudinal assessment of key phenotypic features in human iPSC-derived GNs Using live-cell imaging, RNA-Sequencing (RNA-Seq), and multi-well multi-electrode array (mwMEA) technologies, we present comprehensive data characterizing: (1) neuronal morphology and outgrowth; (2) neuronal network activity and synchrony; and (3) genome-wide gene expression profiles in GNs over a culture period of 3 weeks.

Next, we used the cells to study progranulin (PGRN) as proof-of-principle that these human neuronal cells are applicable to better understand translational disease biology in the context of neurodegenerative disease. FTD is a cluster of neurological disorders associated with behavioral and speech abnormalities and the most common pre-senile dementia (Bang et al., 2015). Gene linkage studies identified that heterozygous mutations in the GRN gene lead to haploinsufficiency of the encoded PGRN protein and cause FTD characterized by prominent deterioration of frontal and temporal cortical lobes (Baker et al., 2006; Cruts et al., 2006). We developed a siRNA-mediated knockdown protocol to study how the loss of endogenous GRN expression in human iPSC neurons relates to GRN haploinsufficiency in human FTD patients and studied how the treatment of the used human iPSC neuronal cultures with recombinant PGRN impacts neuronal outgrowth dynamics, resilience towards neurotoxic stress and neuronal function. This work aimed to explore the feasibility of using commercially-available human IPSC glutamatergic neurons as a tool to investigate neuronal structure and function concerning disease with direct application to understanding the influence of progranulin, a common causal genetic risk factor for FTD (Baker et al., 2006; Cruts et al., 2006) on relevant phenotypic endpoints.



MATERIALS AND METHODS


Culture of iPSC-Derived Neurons

iCell® GlutaNeurons (GNs; FUJIFILM Cellular Dynamics Inc., FCDI) are human cells differentiated from a master bank of stably induced pluripotent stem (iPS) cells from normal donors (stemcell.com). The iPS cell lines were generated from human peripheral blood through ectopic expression of reprogramming factors (i.e., Oct4, Sox2, Nanog, Lin28, Klf4, L-Myc, and SV40LT) by episomal transfection. The iPS cell clones were then engineered using nuclease-mediated methodologies to exhibit neomycin resistance under the control of a neuronal-specific promotor. GNs were cultured according to the manufacturer’s protocol. Clear, flat-bottom 96-well plates (Corning) were coated with 0.01% poly-L-ornithine (PLO, Sigma–Aldrich) for a minimum of 1 h at room temperature. After three washes with PBS (Thermo Fisher Scientific, Waltham, MA, USA), the wells were coated with 0.028 mg/ml Growth Factor Reduced Matrigel (Corning) for at least 1 h in a 37°C incubator. Cells were thawed for 2 min in a 37°C water bath, then slowly equilibrated by the dropwise addition of room-temperature complete medium [BrainPhys Neuronal Medium (STEMCELL Technologies) containing iCell® supplements (CDI), N-2 Supplement (Thermo Fisher Scientific, Waltham, MA, USA), laminin (1 μg/ml, Sigma–Aldrich), and penicillin-streptomycin (Thermo Fisher Scientific, Waltham, MA, USA)]. The cells were then plated and allowed to recover overnight at 37°C.

For culturing GNs for multielectrode array (MEA) experiments, 48- and 96-well MEA plates (Axion Biosystem, Atlanta, GA, USA) were coated with 80 μl of 0.07% polyethyleneimine (Sigma–Aldrich) diluted in borate buffer for 1 h at room temperature. The plates were then washed four times with sterile water and air-dried overnight in a sterile biological safety cabinet. GNs were thawed as described above and were resuspended in dotting medium (Complete BrainPhys Medium with 11 μg/ml laminin) to reach a concentration of 10 million cells/ml and 7 million cells/ml for 48- (M768-KAP-48) and 96-well plates (M768-KAP-96), respectively. A 10 μl droplet of the cell suspension was then manually dispensed directly over the recording electrode area of each well. Plates were kept for 1 h in the incubator at 37°C before gently adding 300 μl of fresh complete BrainPhys Medium in each well. A 50% medium change was performed 1-day post-plating and then every other day.



IncuCyte™ ZOOM Analysis

We utilized the IncuCyte™ ZOOM Live-Cell Analysis System (Essen BioScience) to perform live imaging assays for neurite outgrowth and cellular toxicity. This system consists of an incubator housing a microscope for the acquisition of phase as well as red/green fluorescent images over a user-defined time range. By leveraging the systems software modules and algorithms, we performed rapid, long-term, and unbiased high-throughput analyses of multiple morphological features in real-time. Using the NeuroTrack™ module (Essen BioScience), a set of criteria (called a “processing definition”) defining cell bodies and neurites was optimized for GNs to quantify neuronal morphology metrics, including neurite length, the number of neurite branch points, and the number of cell body clusters.

For neurite outgrowth analysis, the following parameters were used for the NeuroTrack™ software: Cell-Body Cluster Parameters = Segmentation Mode (Brightness), Segmentation Adjustment (0.2); Cleanup = Hole Fill (0 μm2), Adjust Size (0 pixels), Min Cell Width (9 μm); Cell-Body Cluster Filters = Area (min = 290 μm2); Neurite Parameters = Filtering (None), Neurite Sensitivity (0.55), Neurite Width (1 μm). For monitoring cellular morphology during siRNA treatment, the following parameters were used for the NeuroTrack™ software: Cell-Body Cluster Parameters = Segmentation Mode (Brightness), Segmentation Adjustment (0.9); Cleanup = Hole Fill (0 μm2), Adjust Size (0 pixels), Min Cell Width (7 μm); Cell-Body Cluster Filters = None; Neurite Parameters = Filtering (None), Neurite Sensitivity (0.5), Neurite Width (1 μm).

For Annexin V analysis, the following parameters were used for the Basic Analyzer™ software: Phase parameters = Segmentation Adjustment (0.4), Cleanup = Hole Fill (0 μm2), Adjust Size (0 pixels), Min Area (40 μm2); Green Channel (Annexin V) parameters = Top hat Radius (60 μM), Top hat Threshold (2 GCU), Edge split on, Edge split sensitivity (0), Cleanup = Hole Fill (0 μm2), Adjust Size (0 pixels).



Neurite Outgrowth Assay

One day after plating (7,000 cells/well), GNs were treated with either PBS (vehicle), 7.41 nM BDNF (PeproTech), 7.41 nM NGF (R&D Systems), concentrations that in previous studies were sensitive to increase neurite outgrowth (Van Damme et al., 2008) or (Thermo Fisher Scientific, Waltham, MA, USA). For all samples, the amount of the vehicle was kept the same. After 50% of the complete medium was removed from the cells, the aforementioned treatments (prepared as 2× concentrations) were diluted 1:1 in the remaining medium. Every other day, half of the medium in each well was exchanged with fresh medium containing the appropriate treatments. The cells were imaged using the IncuCyte™ ZOOM Live-Cell Analysis System (beginning approximately 1 h after the initial treatment); neurite morphology was assessed on the 10th day of treatment. Representative images show that an optimized NeuroTrack™ processing definition accurately masked neurites for quantification and analysis (Figure 4E). Both neurite length and the number of branch points increased over the 10-day assay, as represented by GNs treated with vehicle (PBS; Figure 4F); this is consistent with the increased neurite growth over time seen in GNs plated at a higher density in previous experiments (Figures 1B,C). To determine the fold-change in the neurite metrics, all measurements at day 10 of treatment were normalized to those of the first imaging time point (i.e., 1 h after the first treatment).
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FIGURE 1. Morphological and electrophysiological characterization of cultured human induced pluripotent stem cell (iPSC) neurons. (A) Representative phase-contrast images of GlutaNeuron (GN) neurite and cell body cluster masking by NeuroTrack™ software at indicated day in vitro (DIV), with neurite masks shown in blue and cell-body cluster masks shown in red. Scale bar, 600 μm. (B) Quantification of neurite length, neurite branch points, and cell-body clusters in cultured GNs from four different lots. Graphs represent data from 12 independent experiments (n = 198 wells total) with 1,452 data points per variable (516 for Lot 101335, 123 for Lot 101366, 453 for Lot 101442, and 360 for Lot 100839). Solid lines show local regression (LOESS) models of the data along with 95% confidence intervals. (C) Weighted mean firing rate (MFR), burst frequency, and the synchrony index were measured using multi-well multielectrode array (mwMEA) recordings at baseline and after the addition of vehicle (DMSO) and established neuronal firing modulators 50 μM picrotoxin (PTX), 10 μM CNQX, 1 μM dizocilpine (MK-801), 20 μM NMDA, 1 μM tetrodotoxin (TTX). (D–G) Quantification of neuronal activity in GNs from DIV3 to DIV21. (D) Active electrodes per well over 21 days in culture. (E) Weighted MFR over 21 days in culture, normalized to weighted MFR measured at 3 DIV. (F) Burst frequency over 21 days in culture, normalized to burst frequency recorded at 3 DIV. (G) Synchrony index over 21 days in culture, normalized to synchrony index recorded at 3 DIV. mwMEA graphs represent data from seven independent experiments (8–24 replicates per condition in each experiment), and the results are displayed as the mean ± standard deviation (SD).
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FIGURE 2. RNA-Sequencing(RNA-Seq) profiling of human iPSC neurons during 3 weeks in culture. Untreated GN cultures were collected over 3 weeks in culture, and global gene expression was determined with RNA-Seq. (A) Distribution of the RNA-Seq count data for the 27,882 genes measured in the experiment. The y-axis displays the kernel density estimate, and the x-axis displays the normalized count data with each quartile shaded. (B) Expression of four genes associated with highly functional (Type AP5) iPSC-derived neurons over time. Each point represents an independent replicate (n = 4 independent replicates per time point), and the blue line shows a LOESS model of the data. The colored stripe on the y-axis indicates the quartile of count values shown in panel (A). (C) Volcano plot displaying RNA-Seq data comparing gene expression at DIV14 relative to DIV7. The plot displays 16,591 genes colored according to the mean of their normalized count values across all samples (n = 4 independent replicates per time point). (D) The top five biological processes (BPs)—identified by gene ontology (GO) analysis—that were significantly enriched with differentially expressed genes at DIV14 vs. DIV7. The number of genes observed as differentially expressed and the number expected by chance are superimposed. (E) Expression values over time for the four most statistically significant genes in the neuron differentiation BP at DIV14 compared to DIV7. Data are displayed as in panel (B). (F) Volcano plot of RNA-Seq data comparing gene expression at DIV21 and DIV14 displayed as in panel (C). (G) The top five BPs that were significantly enriched with differentially expressed genes at DIV21 compared to DIV14. (H) Expression values over time for the four most statistically significant genes in the translation BP at DIV21 compared to DIV14. Data are displayed as in panel (B).
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FIGURE 3. Human iPSC neurons as a potential tool to study neurodegenerative and other CNS diseases. (A) Expression profiles—based on the RNA-Seq dataset described in Figure 2—for genes linked to selected neurodegenerative diseases. Each point represents an independent replicate (n = 4 independent replicates per time point), and the line for each graph shows a LOESS model of the data. The colored stripe on the y-axis indicates the quartile of count values shown in Figure 2A. Alzheimer’s Disease (AD), Parkinson’s Disease (PD), amyotrophic lateral sclerosis (ALS), frontotemporal lobe dementia (FTD). (B) Expression of three PGRN receptor genes—EPHA2, SORT1, and TNFRSF1A—in untreated GNs. (C) Expression of BDNF, NGF, and their receptors—NGFR (NGF receptor gene) and NTRK1–3 (BDNF receptor genes) in untreated GNs. Data in panels (B,C) are displayed as in Figure 2B.




[image: image]

FIGURE 4. Recombinant progranulin (PGRN) mediates neuroprotection in human iPSC neurons. (A) Schematic of the neurotoxicity assay timeline. Dashes represent 50% of media changes every other day. (B) Representative images of DIV16 GNs 48 h after either medium change alone (Medium alone), staurosporine (STS) treatment alone (+STS), or STS and 0.114 nM PGRN co-treatment (+STS and PGRN). The top panel shows phase-contrast images of the cells; the bottom panel displays fluorescence images showing the annexin V staining in the green channel with the superimposed annexin V mask (in pink). This user-defined mask was generated using the Basic Analyzer software module in the IncuCyte™ system and was used to quantify cell death based on annexin V fluorescence signal. Scale bar, 400 μm. (C) Measured by annexin V staining-covered area, graph shows the fold change of cell death and toxicity concerning untreated wells. Cells were untreated (medium alone) or co-treated with STS and recombinant PGRN, BDNF, or NGF. The graph represents data from 4 or 10 independent experiments (three replicates per condition in each experiment). Results are displayed as mean ± SD. For all graphs, *p < 0.05; **p < 0.01 (one-way ANOVA with Dunnett’s post hoc test, all conditions compared to STS treated wells). (D) Schematic of the neurite outgrowth assay. Dashes represent 50% media changes (containing treatments in double concentration: 2×) every other day. (E) Representative phase-contrast images and the masking of neurites utilizing the NeuroTrack™ software in the IncuCyte™ system. Images and masks were used to quantify neurite length and neurite branch points. Example images show PBS vehicle-treated GNs; images show masked neurites (pink) and cell body clusters (yellow) after 1 h and after 10 days of treatment. Scale bar, 600 μm. (F) Quantification of neurite length and neurite branch point measurements for vehicle-treated GNs. Each data point represents the mean ± SEM for four to five independent experiments (four replicates per experiment). (G–I) Quantification of neurite metrics after 10 days of treatment with either vehicle (PBS), 7.41 nM BDNF, 7.41 nM NGF, or a range of PGRN concentrations. All graphs represent data from five independent experiments (four replicates per condition in each experiment). Results are displayed as mean ± SEM. For all graphs, *p < 0.0001 (one-way ANOVA with Dunnett’s post hoc test, all conditions compared to vehicle). (G) Neurite length per cell-body cluster (normalized to the measurement at the first imaging time point). (H) Neurite branch point number per cell-body cluster (normalized to the measurement at the first imaging time point). (I) Cell-body cluster number (normalized to the measurement at the first imaging time point).





Neurotoxicity Assay

GNs plated at 25,000 cells/well were treated at DIV14 with IncuCyte® Annexin V Green (4642, Essen BioScience Inc.,) at a final dilution of 1:200. Annexin V, a Ca2+-dependent phospholipid-binding protein, has a high affinity for membrane phosphatidylserine, which translocates from the inner side of the plasma membrane to the cell surface during the early stages of apoptosis (Andree et al., 1990; Koopman et al., 1994). Neuronal toxicity was induced by treating the cells with staurosporine, a nonselective protein kinase inhibitor (STS, Enzo Life Sciences) at 0.1 μM. Vehicle (PBS, Thermo Fisher Scientific, Waltham, MA, USA), 2.2 nM recombinant NGF (Human β-NGF, R&D Systems), 3.7 nM recombinant BDNF (R&D Systems) or a concentration range of PGRN Recombinant Human Progranulin/PGRN (R&D Systems, Thermo Fisher Scientific, Waltham, MA, USA) was co-added to the STS treatment as indicated. For all samples, the amount of the vehicle was kept the same. After 50% of the complete medium was removed from the cells, the treatments mentioned above (prepared as 2× concentrations) were diluted 1:1 in the remaining medium. Every other day, half of the medium in each well was exchanged with fresh medium containing the appropriate treatments. The cells were imaged using the IncuCyte™ ZOOM Live-Cell Analysis System (Essen BioScience; beginning approximately 1 h after the initial treatment).



siRNA-Mediated Gene Knockdown

The Accell Human GRN siRNA SMARTpool (E-009285-00-0050) and Accell Non-targeting Pool (D-001910-10-50) were purchased from Dharmacon. The target sequences of the GRN SMARTpool are GUGCUGUGUUAUGGUCGAU, GAGAUGUCCCCUGUGAUAA, UUGUCCAGCUCGGUCAUGU, and GUGCGUUUCAAUAAAGUUU. The target sequences of the Non-targeting Pool are UGGUUUACAUGUCGACUAA, UGGUUUACAUGUUUUCUGA, UGGUUUACAUGUUUUCCUA, and UGGUUUACAUGUUGUGUGA. The siRNA was reconstituted to 100 μM with 1× Dharmacon siRNA Buffer (B-002000-UB-100) and added directly to the GN media immediately before use. All experiments using siRNA were done with 70,000 GNs per well in 96-well plates. The first 50% media change on the day in vitro (DIV) three was done with 2× concentrated siRNA to achieve the desired concentration of siRNA in each well. All subsequent 50% of media changes were done with freshly added 1× siRNA to maintain the desired siRNA concentration during the culture.



RNA-Sequencing (RNA-Seq)

Plates containing GNs were washed with PBS and then frozen at −80°C until they were thawed for RNA purification using the RNEasy UCP Micro Kit (Qiagen #73934). Four independent experiments were performed (two using lot 100839 and two using lot 101442), and there were five to six technical replicate wells per condition per experiment. The lysates from technical replicate wells were combined before RNA purification to yield sufficient quantities of RNA for RNA-Seq. PolyA RNA was isolated using the NEBNext® Poly(A) mRNA Magnetic Isolation Module, and barcoded libraries were made using the NEBNext® Ultra II™ Directional RNA Library Prep Kit for Illumina® (NEB, Ipswich, MA, USA). Libraries were pooled and single-end sequenced (1 × 75) on the Illumina NextSeq 500 using the High output V2 kit (Illumina Inc., San Diego, CA, USA). Transcript level quantification was generated using Salmon (v0.8.2; Patro et al., 2017), and an index was built using cDNA sequences from the human genome assembly GRCh38 (ftp://ftp.ensembl.org/pub/release-92/fasta/homo_sapiens/cdna/Homosapiens.GRCh38.cdna.all.fa.gz). Gene abundance estimates were created with Tximport (v1.8.0; Soneson et al., 2015) using a tx2gene file containing Ensembl transcript IDs and their associated HGNC symbols. Samples were assigned to one of fifteen possible groups based on treatment type and day in vitro (DIV; Untreated_DIV7, GRN_siRNA_DIV7, Control_siRNA_DIV7, et cetera), and a DESeqDataSet was constructed using a design formula of ~group in DESeq2 (Love et al., 2014). Genes with count means of less than five were removed before principal component analysis (PCA) and pairwise comparisons. Differential expression was determined using the DESeq2 default of a Benjamini–Hochberg adjusted p-value cutoff of 0.10. Gene ontology (GO) analysis was performed using the Overrepresentation Enrichment Analysis method of WebGestalt (Wang et al., 2017) with “geneontology” selected as the functional database. Note that the RT-PCR presented in Figure 7B is from the same samples we used for RNA-Seq. The RT-PCR data shows reduced GRN expression in treated samples. This validation our RNA-Seq data, which similarly demonstrated reduced GRN expression through an orthogonal method. RNA-Seq data are publicly accessible at the Gene Expression Omnibus under Accession GSE157573.
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FIGURE 5. Recombinant PGRN enhances firing and synchronization in cultured human iPSC neurons. (A) Representative images of GNs at 19 DIV growing on top of the electrodes of a 48-well mwMEA plate and schematic of the experiment and mwMEA recording. Dashes represent 50% of media changes every other day. Recordings were made before, during, and after PGRN treatment on DIV19; then, an additional recording was performed 2 days later. (B) Representative raster plots for neuronal firing before, during, and after exposure to the vehicle (PBS) or 0.114 nM PGRN in DIV19 cells. Each row of the raster plot represents an electrode within a well (16 total), and each black line within the row represents a neuronal spike. Averages of spikes are shown at the top of each raster plot. Scale bar, 20 s. (C–F) Quantification of neuronal activity relative to baseline activity in cells during treatment, directly after washes, and 2 days after treatment/washed. All graphs represent data from six independent experiments (two to six replicates per condition in each experiment). Results are displayed as mean ± standard error of the mean (SEM). For all graphs, *p < 0.05; **p < 0.01 (one-way ANOVA with Dunnett’s post hoc test, all conditions compared to vehicle). (C) Weighted mean firing rate (MFR), normalized to baseline weighted MFR recorded before treatments. (D) Burst frequency, normalized to baseline burst frequency recorded before treatments. (E) Network burst percentage, normalized to baseline network burst percentage recorded before treatments. (F) Synchrony index, normalized to baseline synchrony index recorded before treatments.
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FIGURE 6. Efficacy of Accell™ siRNA-mediated gene knockdown in human iPSC neurons. (A–C) Expression of PPIB (A), GAPDH (B), and GRN (C) mRNA in GNs after 72-h exposure to 1 μM of siRNAs targeting the indicated gene. The expression levels were compared to those in GNs treated with 1 μM of pooled non-targeting (NT) siRNAs. Expression was detected using qPCR with 18S rRNA as an internal control (n = 3 independent replicates per group). (D) Schematic of the protocol for long-term treatment of self-delivering Accell™ siRNAs to GNs. Dashes represent 50% media changes (with 1× siRNA treatments) every other day. (E) Representative images taken at DIV21 of GNs repeatedly exposed to the indicated concentrations of NT siRNA per the protocol in panel (D) neurite masking by NeuroTrack™ software is shown for neurites (blue) and cell-body clusters (red). Scale bar, 300 μm. (F–H) NeuroTrack™ quantification of neurite length (F), neurite branch points (G), and cell-body clusters (H) in cells treated with the indicated concentrations of NT siRNA until DIV21. The data were collected for nine independent experiments (n = 183 untreated wells, n = 120 wells treated with 30 nM, and n = 15 wells for remaining concentrations). All measurements were normalized to the mean of the untreated cells per recording for each experiment. Solid lines show a LOESS fit of the data, and the shaded area represents the 95% confidence intervals of the model (when large enough to display). The concentrations displayed in red were significantly different than untreated cells at DIV21 [padj < 0.05, Tukey’s Honest Significant Difference (HSD) test].
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FIGURE 7. Reducing GRN expression in human iPSC neurons to model FTD. (A) GRN mRNA levels were determined using qPCR (with ACTB as a reference gene) following 18 days of treatment with the indicated siRNA concentrations. A three-parameter log-logistic model, with a bottom set to zero, was fit to the GRN siRNA data and is displayed as a blue line along with 95% confidence intervals. No model converged for the NT siRNA data. Untreated and GRN siRNA data come from seven independent experiments (n = 36 untreated wells and 105 GRN siRNA wells), while the NT siRNA data come from five independent experiments (n = 75 wells). Gene expression data are not displayed for the highest dose of siRNA used in Figures 5E–H due to toxicity. (B) GRN mRNA expression levels measured using qPCR in GNs treated with 30 nM siRNA and collected at DIV7, 10, 14, 17, and 21 (n = 4 independent replicates per time point for each treatment). The solid line shows a LOESS model of the data, with the 95% confidence intervals displayed in the shaded areas. The mean of ACTB, PPIB, and GAPDH expression was used for the reference. (C,D) Principle component analysis of RNA-Seq data from the cells treated with siRNA and collected at DIV7, 10, 14, 17, and 21 (n = 60 samples). The data are displayed according to shape (indicating the DIV) and color (indicating the siRNA) in (C), while (D) shows the data with the shape indicating the experiment and the color indicating the cell lot number. (E–G) Volcano plots of RNA-Seq data comparing 30 nM of either NT or GRN siRNA at DIV7, 14, and 21. Each plot displays 16,591 genes colored according to the mean of their normalized count values across all samples (n = 4 independent replicates per siRNA). The labeled points were statistically significant (padj < 0.1), except for the GRN point labeled in the DIV7 plot.





Quantitative Reverse Transcription PCR

Gene expression in siRNA dose-response experiments was determined using the TaqMan™ Gene Expression Cells-to-CT™ Kit (Invitrogen #AM1728). For the RNA-Seq samples, cDNA was synthesized from 10 ng of total RNA using Superscript III (Invitrogen #18080), and gene expression were analyzed using the standard TaqMan protocol. The TaqMan assays used were: GRN (Hs00963707_g1), PPIB (Hs00168719_m1), ACTB (Hs99999903_m1), and GAPDH (Hs99999905_m1). The fold change of GRN relative to reference genes (ACTB for dose-response experiments or the mean of ACTB, PPIB, and GAPDH for the RNA-Seq samples) was determined using the comparative Ct method. The R package drc was used for dose-response modeling (Ritz et al., 2015).



Multi-well Multielectrode Array (mwMEA)

The neuronal electrical activity of cultured GNs was acquired using the Maestro MEA system (Axion Biosystem) according to the manufacturer’s guidelines. Briefly, 48- or 96-well plates were inserted in the Maestro machine (set up at 37°C and 5% CO2 without perfusion) and were recorded using AxIS software (Axion Integrated Studio, Axion Biosystem, version 2.4.2.13). mwMEA plates were composed of 48 wells or 96 wells, with each well containing an array of 16 or 8, respectively, individual embedded nano-textured gold microelectrodes (~40–50 μm diameter; 350 μm center-to-center spacing) with four integrated ground electrodes (Axion Biosystems). Treatment with the control compounds was performed at DIV18–23 with 20 min baseline recording followed by 20 min recording after the addition of 55 μl of a 7× concentration of either 50 μM picrotoxin (PTX, Tocris), 10 μM 6-cyano-7-nitroquinoxaline-2, 3-dione (CNQX, Sigma–Aldrich), 1 μM dizocilpine (MK-801, Sigma–Aldrich), 30 μM N-methyl-D-aspartic acid (NMDA, Sigma–Aldrich) or 1 μM tetrodotoxin (TTX, Tocris). For the acute addition of PGRN experiments, GNs were recorded from DIV18 to DIV24 depending on the network maturation, which can be quantified by a synchrony index of ~0.2 (see “Results” section below). To start, a 20 min baseline recording was performed on the 48-well mwMEA plate followed by the addition of 55 μl of a 7× concentration of PGRN (ranging from 0.0014 to 11.4 nM) or PBS. Another 20 min recording was made in the presence of the compound. Then, the compounds were washed out with four 50% media changes. This was followed by a 20 min post-wash recording. Finally, plates were recorded 2 days post-treatment.

For the GRN haploinsufficiency experiments, GRN or NT siRNA (30 nM) was added 3 days post-plating by replacing 50% of the medium with 2× siRNA, and a first mwMEA recording was performed the same day for 20 min. From there, neuronal activity of the treated cells was measured for 20 min every other day until DIV21.

The channels of the mwMEA were sampled simultaneously with a gain of 1,200× and a sampling rate of 12.5 kHz/channel. For all recordings, a Butterworth band-pass filter (200 Hz – 3 kHz) was applied along with an adaptive threshold spike detector set at 6× standard deviation. Data from the recordings were saved to two different file types simultaneously: a raw data file (*.raw file) that included all data, and an AxIS spike file (*.spk file) that included the spikes per electrode with a 1 s bin time. The Axis spike data file was then analyzed using Neural Metric tool software (Axion Biosystem, version 2.2.4) with an active electrode criterion of 5 spikes per min. For a single electrode burst, the Poisson Surprise algorithm was selected with a setting of 10. For the network burst, the Envelope statistic was chosen with a threshold factor of 3, a minimum inter-burst interval of 2,000 ms, a minimum electrode percentage of 50%, and a burst inclusion of 75%.




RESULTS


Quantifying the Morphology and Neurite Dynamics of Human iPSC Neurons

First, we characterized key morphological processes in cultured GNs neurons starting at the time of plating. We tracked neurite dynamics in GNs from four separate cell lots over 3 weeks in culture using live-cell imaging. Representative images in Figure 1A illustrate the precision of the automatic capture of neurite metrics by our optimized algorithms and the typical morphological progression of the cultures over time from DIV3 to DIV21. As expected, we were able to track and quantify the outgrowth and branching of neurites over time. Additionally, we were able to identify small, discrete groups of cell bodies in younger cultures that over time tended to form larger continuous cell cluster organizations. In general, across multiple lots, we found that neurite length and branching rapidly increased during the first few days in culture and then began to plateau after around DIV7 (Figure 1B). The number of defined groups of cells (named cell-body clusters), on the other hand, tended to decrease over time (Figure 1B), indicating that the cells and their soma were surprisingly mobile and tended to organize into larger groups as the cultures aged. Notably, we found that, although all lots of GNs showed robust outgrowth of neurites, there was considerable within-lot variation in the overall performance of the GNs in our morphological assays. For example, one lot consistently showed inferior performance across metrics as compared to the three others (Figure 1). Taken together, our unbiased live-cell imaging approach allowed us to quantify morphological parameters in commercially-available human iPSC-derived GNs and demonstrated that these cells are a useful tool to study neurite dynamics and the quantitative pharmacology of molecules that potentially modulate this process.



Quantifying Neural Network Activity in Human iPSC Neurons

Outgrowth and branching of cultured GNs suggest that individual neurons connect into networks. We thus expected that—once neurons extended neurites and connect with each other—spontaneous electrical activity would emerge in the cultures. To capture and quantify dynamics in extracellular membrane potentials in plated excitable GNs (Obien et al., 2015) longitudinally, we plated them on mwMEA.

First, we validated qualitatively that GNs are electrophysiologically active and sensitive to established chemical modulators using our standard plating and cell culture conditions. Our results demonstrate that in GN cultures treatment with the sodium channel blocker TTX, the glutamate receptor antagonist dizocilpine (MK-801), or the AMPA/kainate receptor antagonist CNQX abolished network bursting and reduced synchronization of neuronal firing. Conversely, the addition of the GABA antagonist PTX to GN cultures increased the number of bursts and synchronization of neuronal firing as expected, while treatment with NMDA increased the mean firing rate (MFR; Figure 1C).

We then longitudinally measured and analyzed the mwMEA data of cultured GNs without pharmacological treatments. Over 3 weeks in culture, the total number of active electrodes did not change significantly (Figure 1D) suggesting that neuronal activity and, thus, neuronal connections between iPSC neurons appeared to be equally distributed across the entire well. However, over time and in particular, during the first few days in culture, an increase in the weighted MFR was evident (Figure 1E) concomitantly to the increased neurite growth in the first week after plating, followed by a plateau period afterward (compare timing to that in Figure 1B). Therefore, the initial increase in growth of GN neurites and branch points appeared proportional to the increased neuronal connectivity and spontaneous firing as measured by electrical network activity.

Burst frequency sharply increased after approximately 2 weeks in culture (Figure 1F). This is consistent with the literature (Tukker et al., 2018) and suggests that synchronized electrical network activity emerges delayed after a sufficient amount of neuronal connections has been established across an in vitro neuronal network. The synchrony index is another metric to quantify neuronal synchronization. This metric is based on measuring spike firing events between electrode pairs and comparing them across all electrodes throughout the mwMEA well (Paiva et al., 2010). In the commercially-available human iPSC neurons used in this study, the synchrony index steadily increased over time (Figure 1G) suggesting that firing progressively increased during the first 2 weeks and that neural networks mature over time. Thus, after approximately DIV14, relatively mature networks are established that are characterized by synchronous neuronal network burst activity. Taken together, our assessments demonstrate that for at least 3 weeks in culture, commercially-available GNs exhibit spontaneous neuronal activity and bursting behavior that can be leveraged to model human neuronal network development and function using mwMEA.



Genome-Wide Gene Expression Dynamics in Cultured Human iPSC Neurons

We then aimed to better understand gene expression in cultured GN longitudinally on a genome-wide scale to investigate how GNs transcriptionally mature over time and to validate that GNs express genes relevant to the phenotypic readouts we are interested in, such as neurite dynamics and neuronal firing mentioned above. We monitored and compared the GN transcriptome via RNA-Seq after DIV7, DIV10, DIV14, DIV18, and DIV21. We first investigated the distribution of the genome-wide count data for all of the genes in the human transcriptome, broken down into quartiles (Figure 2A). and refer to genes within quartiles as having high, medium, and low levels of expression, respectively. Genes with no or very low expression (mean counts <5) were excluded.

Gene expression signatures of GN were compared to published postmitotic iPSC-derived neuron datasets which suggested a classification of iPSC-derived human neurons into less vs. highly mature and active types based on gene expression and electrophysiological features (Bardy et al., 2016). We determined expression levels of the top four genes specifically expressed in the highly functional AP5 human neuron type—CKMT1B, GDAP1L1, PCLO, and TRAPPC6B—longitudinally in GNs. All four genes were present in the highest gene expression quartile of all transcribed GN genes (Figure 2B) throughout the assayed 3-weeks-long cell culture period revealing that GN are postmitotic and properly differentiated human neurons and transcriptionally similar to highly functional AP5 type neurons. This is consistent with our mwMEA recordings (Figures 1E–H) and highlights the utility of GNs for electrophysiology studies in mature human neuronal cultures.

Next, to better understand how cultured GNs transcriptionally mature over time-periods which complement our longitudinal neurite dynamics and mwMEA datasets, genome-wide gene expression dynamics were compared between three key time points (DIV7, DIV14, and DIV21). Around DIV7 a plateau in neurite outgrowth becomes apparent and after ~DIV14 highly synchronous network activity is established, we terminated most experiments for this study at DIV21. Over 1,000 genes were differentially expressed when comparing DIV14 to DIV7 RNA-Seq datasets (536 upregulated, 526 downregulated; Figure 2C). An unbiased GO analysis further showed that differentially expressed genes were significantly enriched in the biological processes (BP) neuron differentiation and neuron projection development (Figure 2D). For example, the expression of key neuron differentiation genes steadily decreased over time (Figure 2E), which is consistent with our neurite dynamics data. The combined results suggest a shift to a morphologically and structurally mature state at DIV14 compared to DIV7. Between DIV21 and DIV14, almost 3,000 genes were differentially expressed (1,678 upregulated, 1,143 downregulated; Figure 2F). In particular, the genes involved in mRNA catabolism and translation were significantly enriched in the GO analysis (Figure 2G), demonstrating that during this time interval the human iPSC neurons are becoming functionally active as evidenced by the sharply increasing expression level of genes representative for the “Translation” group after DIV14 (Figure 2H), which once again mirrored the increased neuronal activity and synchrony we identified using mwMEA (Figure 1G). In all, these transcriptional dynamics highlight relevant developmental stage changes that occur as the GNs progress through 3 weeks in vitro.



Human iPSC Neurons Express Key Neurodegenerative Disease-Linked Genes

A potential utility of these cells could be to facilitate the study of aberrant cellular functions in cellular models of human disease. Our RNA-Seq datasets to revealed that expression levels of AD-associated genes APOE, APP, PSEN1, and PSEN2 were expressed consistently in the medium-to-high quartiles (Figure 3A), with APP being the most highly expressed disease gene. Relevant Parkinson’s Disease (PD)-associated genes PARK7, PINK1, SNCA, and PRKN are expressed at medium-to-high levels, while LRRK2 is expressed at overall lower levels (Figure 3A). Finally, amyotrophic lateral sclerosis (ALS)-linked gene, including SOD1, and genes causing FTD, including GRN, are also robustly expressed in GNs at all assayed time points (Figure 3A).



Progranulin Mediates Neuroprotection in Human iPSC Neurons

Next, we used GNs to understand the quantitative pharmacology of genes with an established role in neurodegenerative diseases in humans. PGRN is a pleiotropic growth factor that modulates diverse BP including neuronal survival and neurite outgrowth, PGRN mutations cause FTD (Van Damme et al., 2008; Gao et al., 2010; Gass et al., 2012). We analyzed the expression of the putative PGRN receptors (Figure 3B; Hu et al., 2010; Tang et al., 2011; Neill et al., 2016) in GNs. While the expression of EPHA2 was relatively low, both SORT1 and TNFRSF1A were highly expressed in GNs through the assayed 3 weeks in culture (Figure 3B). To qualify them as potential reference molecules and controls for our phenotypic assays, we verified that the expression of growth factors that have been shown to mediate neuroprotection (Nguyen et al., 2009, 2010) and enhance neurite outgrowths (Drubin et al., 1985; Iwasaki et al., 1998), such as brain-derived neurotrophic factor (BDNF) and nerve growth factor (NGF), BDNF and NGF and their signaling receptors (NTRK1, NTRK2, NTRK3, and NGFR), are robustly expressed in GNs (Figure 3C).

Cortical neurons from an FTD patient carrying mutated GRN show increased vulnerability to the neurotoxin staurosporine (Almeida et al., 2012), while the affected growth of iPSC-derived cortical neurons in a separate PGRN-FTD model is rescued by the reinstatement of GRN expression (Raitano et al., 2015). in vitro rodent studies have established that recombinant PGRN may promote neuronal survival (Van Damme et al., 2008; Ryan et al., 2009; Gao et al., 2010; Guo et al., 2010; Kleinberger et al., 2010; Xu et al., 2011). To complement rodent-derived data, we next quantified the responsiveness of human iPSC-derived GNs to recombinant PGRN in a neurotoxicity assay. GNs were grown uninterrupted for 2 weeks before being treated with 0.1 μM staurosporine (STS), an established non-selective protein kinase inhibitor and potent neurotoxin (Rüegg and Burgess, 1989), to trigger apoptotic neuronal death (Koh et al., 1995). To assess neuroprotection, cells were co-treated with either vehicle (PBS), positive controls (recombinant NGF or BDNF; Ichim et al., 2012), or a range of recombinant PGRN concentrations (Figure 4A) while cells were continuously monitored the fluorescence of the added annexin V dye to quantify apoptosis in our live-cell imaging platform. There were considerably more annexin V-labeled cells and annexin V-labeled area after 48-h STS treatment compared to treatment with medium alone, thus confirming STS cytotoxicity and validating the annexin V reagent to track cell death longitudinally (Figure 4B). Co-treatment of cells with either BDNF or NGF significantly lowered STS-induced neuronal death. Similarly, co-treatment experiments with PGRN concentrations of 0.114 nM or higher lead to a significant reduction in cell death compared to treatment with STS alone (Figures 4B,C). Our data complement evidence derived from rodent neurons and demonstrate a neuroprotective role for PGRN also in human GNs.



No Sensitivity to Growth Factor-Mediated Neurite Dynamics in Human iPSC Neurons

We established a live-cell imaging neurite outgrowth assay using BDNF and NGF as positive controls (Figure 4D; Huang and Reichardt, 2001) to test if recombinant PGRN promotes neurite outgrowth in human GNs, as previously found in rodent neurons (Van Damme et al., 2008; Gao et al., 2010; Wang et al., 2010; Gass et al., 2012; De Muynck et al., 2013). Cells were incubated with recombinant growth factors or PGRN for 10 days, then morphological neurite metrics were analyzed (Figure 4D). BDNF, NGF (Iwasaki et al., 1998; Colombo et al., 2014), and PGRN (Van Damme et al., 2008; Gao et al., 2010; Wang et al., 2010; De Muynck et al., 2013) treatments using concentrations that have been previously shown to increase neurite outgrowth did not affect GNs (Figures 4C,G,H). Only 1,140 nM PGRN, which is ~16.000 times higher than the normal PGRN levels in human CSF (Nguyen et al., 2013), significantly enhanced neurite length in GN cultures. Cell-body cluster number was overall unchanged (Figure 4I), suggesting that captured effect sizes were not masked by variations in plating density, and thus neurite outgrowth in GNs may not be sensitive to physiologically-relevant concentrations of exogenous growth factor proteins.



Acute PGRN Treatment Increases Neuronal Activity in Human iPSC Neurons

PGRN plays a role in synaptic plasticity (Tapia et al., 2011; Lui et al., 2016), PGRN treatment in murine cortical neurons can modulate aspects of spine maturation and synaptic transmission (Zhang et al., 2017). However, electrophysiological data in human iPSC neurons is lacking. To address this, we cultured GNs on mwMEA plates and exposed them to recombinant PGRN. mwMEA recordings were performed before, during, and immediately after treatment of functionally mature DIV19 GNs, followed by a final recording session 2 days after treatment (Figure 5A). Acute, one-time addition of 0.114 nM PGRN induced a significant increase in the overall firing activity of the cells, measured by the weighted MFR compared to the vehicle (Figures 5B,C). Surprisingly, 2 days after treatment, cells treated with either 0.00114, 0.114, or 11.4 nM PGRN also exhibited an enhanced firing rate compared to vehicle-treated cells (Figure 5C). Burst frequency was not modulated by the addition of PGRN either before or immediately after the washes, but 2 days after treatment a significant increase was observed for GNs that were exposed to 0.114 nM PGRN (Figure 5D). The network burst percentage, a measure of the spontaneous synchronization of burst activity across the network in the well, did not immediately respond to treatments but exhibited a significantly higher burst percentage after the washes up until 2 days after treatment (Figure 5E). The synchrony index (an alternative metric of neuronal synchronization) was not changed significantly, but 0.114 nM PGRN addition showed a trend towards increases network synchrony (Figure 5F). These results suggest that recombinant PGRN can enhance network activity in human iPSC neurons in a sustained manner.



Using Human iPSC Neurons to Model Frontotemporal Lobe Dementia

To complement our approaches utilizing increased levels of (recombinant) PGRN, we next aimed to develop human cellular assays with decreased PGRN expression using siRNA (Baker et al., 2006; Cruts et al., 2006). First, we tested three different pools of self-delivering siRNAs in GNs, and found that in each tested pool we produced nearly complete knockdown of their target at 72 h (Figures 6A–D). To assess possible off-target effects of long-term siRNA exposure on neuronal health, morphology, and outgrowth, GNs were treated with a range of non-targeting (NT) siRNA concentrations, and their morphology was quantified. The highest concentration of NT siRNA tested (1,000 nM) caused extensive clustering of GNs at DIV21 (Figures 6E,H) and impeded neurite growth, but the tested lower concentrations of NT siRNA were well tolerated (Figures 6F–H).

We then studied the impact of various levels of GRN siRNA on GRN mRNA expression at DIV21 (Figure 7A). GRN mRNA was nearly undetectable in cells treated with 300 nM siRNA. A log-logistic dose-response model was fit to the GRN siRNA data (top = 1.073 ± 0.034, slope = 0.941 ± 0.111, ED50 = 10.45 ± 1.43 nM). This model indicated that 10 nM siRNA produced ~50% knockdown at DIV21, further experiments showed that 30 nM siRNA produced ~50% knockdown at DIV10 (Figure 7B). As expected in our approach to continuously replenish siRNA, the effects of 30 nM siRNA were more pronounced at the endpoint (71 ± 5.8% knockdown). We chose to continue using 30 nM siRNA for our experiments because it produced an approximated GRN haploinsufficiency in the time window that was most-relevant for our phenotypic assays (between ~DIV10 and ~DIV15) without noticeable off-target effects (Figures 6F–H).



GRN Knockdown Does Not Impact the Transcriptome in GNs

Global gene expression abnormalities are present in human post mortem GRN-FTD brain samples (Chen-Plotkin et al., 2008). Next, we used RNA-Seq to determine if additional genes were changed in the GNs treated with 30 nM GRN siRNA or NT siRNA for up to DIV21 (Figure 7B). A PCA was used to reveal factors that modulate gene expression variance among samples. The first identified principal component was DIV, which accounted for 26% of the variance in the data (Figure 7C). This is not surprising given the expected developmental changes in gene expression (Figures 2C,F). The second principal component was the lot of GNs, which accounted for 8% of the variance (Figure 7D). The very little variance was due to the presence of either siRNA itself, as data from NT siRNA-treated cells were grouped with that from untreated cells. Surprisingly, knockdown of GRN also had little impact in the PCA (Figure 7C), which suggests that reduced GRN expression did not significantly affect the GN transcriptome. This was confirmed by pairwise analyses of the NT siRNA and GRN siRNA sample groups at DIV7, DIV14, and DIV21 (Figures 7E–G). This unbiased analysis detected significant decreases in GRN mRNA at DIV 14 and 21, which validated the RT-PCR data shown in Figure 7B and demonstrated that the study was powered to detect similar changes in other genes if they existed. We conclude that siRNA-mediated GRN knockdown in GNs under the current culture conditions did not affect global gene transcription signatures.



GRN Knockdown Does Not Affect Neurite Dynamics in Human Neurons

Full GRN knockout rodent cortical and spinal cord neurons have decreased outgrowth and neurite complexity in vitro (Van Damme et al., 2008; Gao et al., 2010; Wang et al., 2010; De Muynck et al., 2013). Some neurons, including in the amygdala, may also show reduced neurite complexity in 6–9-month-old heterozygous GRN knockout mice in vivo (Arrant et al., 2016). We investigated next if the neurite dynamics are affected in cultured iPSC-derived human GNs with reduced PGRN expression. Automated and unbiased quantitative assessment of morphological features (illustrated by the schematic in Figure 8A) revealed that treatment of GNs with 30 nM of GRN siRNA had no significant effect on neurite length, neurite branch points, and density or movement of cell body clusters, compared to NT siRNA or untreated control cells (Figures 8B–D). GRN knockdown results mirror those from the recombinant PGRN treatment experiments described earlier (Figures 4G–I) and suggest that neurite dynamics in human iPSC-derived GNs under the probed conditions are not sensitive to bi-directional manipulations of progranulin levels.


[image: image]

FIGURE 8. Morphological and electrophysiological features in human iPSC neurons with reduced GRN expression. (A) Schematic shows the repeated siRNA treatment protocol for knocking down GRN mRNA in GNs and the time course of the 21 DIVs with life cell imaging and mwMEA recordings. (B–D) Violin plots of GN neurite length (B), branch points (C), and cell-body clusters (D) at DIV21 following repeated treatment with the indicated concentrations of siRNA for 18 days. The white box plots display the median, with whiskers displayed using the Tukey method. Outliers are shown as black dots. The colored violin plots display the distribution of the data collected from 11 independent experiments (n = 69 untreated wells, n = 36 NT siRNA wells, and n = 42 GRN siRNA wells). The results of ANOVA are displayed in the graph along with the results of Tukey’s HSD test when the ANOVA results were significant. (E–H) Quantification of neuronal activity in GNs treated with either NT or GRN siRNA 30 nM from DIV3 to DIV21. (E) Graph showing active electrodes per well over 21 days in culture. (F) Plotted weighted MFR over 21 days in culture, normalized to weighted MFR measured at 3 DIV. (G) Graphed burst frequency over 21 days in culture, normalized to burst frequency recorded at DIV3. (H) Synchrony index over 21 days in culture, normalized to synchrony index recorded at 3 DIV. mwMEA graphs represent data from seven independent experiments (8–24 replicates per condition in each experiment). mwMEA graphs represent data from six independent experiments (two to six replicates per condition in each experiment), results are displayed as mean ± standard deviation (SD) *p < 0.05; (one-way ANOVA with Dunnett’s post hoc test, all conditions compared to NT siRNA).





GRN Knockdown Does Not Consistently Affect Neuronal Network Activity in Human Neurons

By utilizing mwMEA recordings, we now explored if siRNA-mediated GRN haploinsufficiency in human GNs neurons modulates electrophysiological properties. The mwMEA activity of NT siRNA- and GRN siRNA-treated cells was longitudinally measured every second day starting at DIV3 (the first day of siRNA treatment) up to DIV21 (Figure 8A). Throughout the experiments, the number of active electrodes remained relatively constant. Although GRN siRNA-treated measurements trended lower, there was no significant difference between GRN siRNA- and NT siRNA-treated cells (Figure 8E). The weighted MFR in GRN siRNA-treated human iPSC neurons showed a consistent trend toward lower neuronal activity over 21 days that only reached statistical significance at DIV15 (Figure 8F). Consistent to previous experiments (Figure 1), the network burst frequency and synchrony index as a measure of neuronal synchrony increased over time in both NT siRNA- and GRN siRNA-treated cells, but no group difference was evident (Figures 8G,H). Our assessments of human iPSC neurons with reduced PGRN levels demonstrated no effect on global gene transcription or neuronal morphology and only modest modulation of neuronal firing. In all, our study describes a longitudinal systems-level characterization of GNs and highlights the diversity of phenotypic screening assays and manipulations of target genes that can be performed using these particular commercially-available human iPSC neurons.




DISCUSSION

Animal-based cellular models drive our understanding of disease biology, but often these tools do not have sufficient translational value for more clinically-relevant human biology. Therefore, in this study, we focused our attention on iPSC-derived neuronal cells as a key technology that is commercially available and, thus, would allow independent validation and wide distribution of the presented tools among the science community to open up this technology also to researchers that are not proficient in iPSC reprogramming. Since comprehensive and longitudinal profiling of human iPSC GNs is lacking, we have characterized systems-level phenotypic neuronal features (neurite outgrowth dynamics, neuronal network function, genome-wide gene expression).

Our longitudinal morphological dataset as a proof-of-principle demonstrates that live-cell imaging of GNs qualifies assay conditions and time points that are appropriate for investigating a given biological question. Furthermore, quantitative pharmacology of compounds that potentially modulate a cellular process can be performed using the assays and conditions outlined in this study. For example, since neurite outgrowth reaches a plateau around ~DIV10, GN experiments that focus on studying these neurite dynamics during the phase of strongest growth should be performed before DIV10.

To complement the quantification of morphological features in GNs, we established a long term mwMEA platform that enabled us to quantify the formation and synchronization of functional neuronal network activity in human iPSC neurons. Our results are consistent with previous studies in both rodent and human neurons (Tukker et al., 2018; Odawara et al., 2016; Tukker et al., 2016) and demonstrate that, as neurons grow in vitro, they spontaneously form networks that are characterized by electrical activity. Our data further revealed that GNs need approximately 2 weeks in culture before a robust synchronization of neuronal firing develops across the well (Figure 1). Therefore, human iPSC GNs are a valuable tool to study a variety of electrophysiological features and offer ways to robustly quantify (either acutely or over time) how neuronal firing and synchrony may be modulated by genetic or pharmacological manipulations.

The third major arm of longitudinal phenotypic characterization that we performed in GNs was a comprehensive genome-wide gene expression characterization spanning 3 weeks in culture. Our data validate that GNs are of a postmitotic neuronal phenotype and that intrinsic global gene expression is fluid during the in vitro culture period. While the first week of culture (growth phase) is characterized by genes that are typically expressed during neuronal development, the second week (maturation and refinement phase) is dominated by neuronal differentiation gene networks. The third week of culture (synchronous and steady-state phase) shows highly expressed gene networks typical for very mature neuronal homeostasis and activity (Figure 2). These changes in the gene expression profile over time are consistent and overlap with the developmental progression of the previously quantified morphological and functional features in GNs (Figure 1). Besides, our RNA-Seq data also can be utilized for data mining in the context of identifying molecular targets and genes that are associated with neuronal diseases. We show, for example, that GNs express relevant genes that are important for studying growth factors or neurodegenerative diseases including Alzheimer’s, Parkinson’s, ALS, and FTD (Figure 3). To allow additional analyses of our data, data sharing, and combination with other published datasets, our RNA-Seq datasets will be made publicly available at the Gene Expression Omnibus as a resource to study and better understand the longitudinal expression of any gene(s) of interest in GN cultures.

To provide a practical demonstration, we have leveraged our GN datasets to investigate relevant human neurobiology questions in phenotypic assays. For example, we have investigated if growth factor treatment during the initial neuronal outgrowth phase impacts the dynamics of neurite outgrowth; in separate assays, we have quantified if such treatment can mediate neuroprotection and lower apoptotic cell death. One of the key findings of our study is that recombinant progranulin is neuroprotective in human neurons (Figure 4). This is noteworthy for at least two reasons: (1) revealing that the potency of PGRN to protect human neurons against apoptosis caused by STS (Almeida et al., 2012) is comparable to that of BDNF and NGF (Aloe et al., 2012; Allen et al., 2013; Kowiański et al., 2018); and (2) this result builds a translational bridge from previous rodent neuronal data (Van Damme et al., 2008; Gao et al., 2010; Gass et al., 2012; Wang et al., 2010; De Muynck et al., 2013) to human neuronal data.

Some involvement of PGRN in synapse biology is prominent in the literature (Tapia et al., 2011; Petoukhov et al., 2013; Yuan et al., 2015; Lui et al., 2016; Meeter et al., 2016; Zhang et al., 2017; Uesaka et al., 2018), but not much was known about the role of PGRN in regulating neuronal firing. Our mwMEA experiments provide evidence that a one-time acute treatment with recombinant PGRN can increase neuronal firing and synchrony in human iPSC neurons (Figure 5). Surprisingly, we further found that this effect appears to be long-lasting for at least up to 2 days after treatment. While we currently do not understand which mechanism mediates this activity, future studies that investigate the role of PGRN are warranted including for example to complement our existing data with PGRN overexpression or GRN gene editing using e, g, CRISPR technologies.

Our proof of principle approach to model FTD in human neurons in vitro using siRNA-mediated GRN knockdown demonstrated that GNs combined with other off-the-shelf reagents can be used to elucidate the functions of disease-associated genes in highly customized isogenic models and assays of human disease (Figure 6). At this stage, our analyses of this model are still preliminary and suggest that siRNA-mediated GRN knockdown in GNs under the current culture conditions seemingly did not modulate global gene transcription signatures (Figure 7), although gene expression defects have been reported in GRN-deficient post mortem brains (Chen-Plotkin et al., 2008). We speculate that a GRN knockdown of longer than 2–3 weeks could be needed to influence the genome-wide transcriptional landscape more robustly in cultured GNs. It is further difficult to directly compare our human GN knockdown model, which was designed to mimic haploinsufficiency and have a ~50% reduction in PGRN levels to previous studies utilizing PGRN-deficient mice. Virtually all phenotypes described previously in rodent neurons were derived from analyzing full PGRN knockout tissues or cells, which do not express PGRN at all. Additional experiments are needed to more deeply investigate PGRN biology in human cellular models, our study provides a validation of available siRNA tools and a roadmap to demonstrate how our isogenic and scalable knockdown protocol can be leveraged to manipulate the expression of virtually any gene in the genome in commercially-available human iPSC GNs. In conclusion, we have deeply characterized one commercially-available human iPSC-derived neuronal cell line as a potential translatable tool for fundamental and translational neuroscience research.
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A reliable disease model is critical to the study of specific disease mechanisms as well as for the discovery and development of new drugs. Despite providing crucial insights into the mechanisms of neurodegenerative diseases, translation of this information to develop therapeutics in clinical trials have been unsuccessful. Reprogramming technology to convert adult somatic cells to induced Pluripotent Stem Cells (iPSCs) or directly reprogramming adult somatic cells to induced Neurons (iN), has allowed for the creation of better models to understand the molecular mechanisms and design of new drugs. In recent times, iPSC technology has been commonly used for modeling neurodegenerative diseases and drug discovery. However, several technological challenges have limited the application of iN. As evidence suggests, iN for the modeling of neurodegenerative disorders is advantageous compared to those derived from iPSCs. In this review, we will compare iPSCs and iN models for neurodegenerative diseases and their potential applications in the future.
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INTRODUCTION

Neurodegenerative diseases comprised of a group of complicated disorders of the central nervous system among the aged population. To design effective treatment strategies to cure these diseases, scientists are in desperate need of convenient and reliable disease models. Previous neurodegenerative disease models based on genetic manipulations include transgene integration or gene knockout systems. These systems can only be utilized partially to understand disease mechanisms, pathology, and progression (Hargus et al., 2014; Heilker et al., 2014; Imaizumi and Okano, 2014; Zhao et al., 2014). These current models cannot be used as accurate models for neurodegenerative diseases especially due to specific limitations. First, although the fibroblasts or disease-associated mutation transformed cell lines of patients have enabled detailed mechanistic studies to be carried out, the biology of cell lines does not resemble the biology of primary neurons (Hargus et al., 2014). Thus it is often unclear whether the mechanisms studied are directly comparable to patients’ pathology. Second, animal models-such as dogs, flies, monkeys, and especially rodents (Zhao et al., 2014), is another method of studying neurodegenerative diseases (Gitler et al., 2017). However, these models often cannot accurately recapitulate human disease and animal models of the sporadic forms of neurodegenerative diseases due to species-specific differences. In addition, it is difficult to manipulate affected cell types in neurodegenerative disorders in vitro. Due to these limitations, a number of preclinical trials that aimed to identify drugs have failed to successfully translate into therapeutics in clinical settings (Kraljevic et al., 2004; Ledford, 2011; Ke et al., 2016). In summary, it is important to develop accurate and predictive disease models as they are essential to providing key insights to understanding disease mechanisms and the development of drugs to cure neurodegenerative diseases.

Innovations in cellular reprogramming technology have provided us with a promising tool to solve this problem. Takahashi and Yamanaka (2006) established a unique method of reprogramming somatic cells to iPSCs, which can be differentiated into cell types of all the three germ layers including non-proliferating neurons. The neurons derived from iPSCs would have the same genetic information as the individual patient and can be differentiated from iPSCs. This technology has been utilized by other investigators for neurodegenerative disease modeling (Table 1; Wan et al., 2015; Haston and Finkbeiner, 2016; Liu and Deng, 2016; Csobonyeiova et al., 2017). Moreover, in recent years, the discovery of direct reprogramming technology has enabled the reprogramming of somatic cells to neurons, bypassing the iPSC stage (Vierbuchen et al., 2010; Ambasudhan et al., 2011; Li et al., 2015, 2017; Karow et al., 2018; Tanabe et al., 2018; Xiao et al., 2018). With the advancement of these technologies, scientists have been able to create highly efficient and lineage-specific neurons through the reprogramming of somatic cells (Marro et al., 2011; Xu Z. et al., 2015; Black et al., 2016; Mall et al., 2017). Altogether, these technologies can be used for modeling neurodegenerative diseases (Shi et al., 2017; Sun et al., 2017; Han et al., 2018; Farkhondeh et al., 2019).


TABLE 1. Neurons derived from iPSC technology.

[image: Table 1]Even though, the mechanisms of iPSCs or iN reprogramming are still unclear (Xu J. et al., 2015; Omole and Fakoya, 2018), there are some obvious differences between iPSCs-derived neurons and iN. Among them, recent studies have indicated that the application of iN for aging-related neurodegenerative diseases would be a better choice, as it does not reset aging information (Mertens et al., 2015, 2018; Tang et al., 2017; Bohnke et al., 2018; Traxler et al., 2019). In this review, we summarize recent studies involving iPSCs and in neurodegenerative disease modeling and its advantages and limitations.



REPROGRAMMING SOMATIC CELLS TO NEURON CELLS


iPSC Technology

In 2006, a phenomenal study conducted in Yamanaka lab demonstrated that viral vectors carrying a combination of pluripotent transcription factors, including Oct4, Sox2, Klf4, and c-Myc (OSKM), were sufficient to effectively reprogram mouse fibroblasts cells to iPSCs (Takahashi and Yamanaka, 2006; Okano and Yamanaka, 2014). In 2007, their laboratory also demonstrated that OSKM could reprogram human fibroblasts to iPSCs by the retroviral system (Takahashi et al., 2007). The generated iPSCs had the potential to be differentiated into all three germ layers of cell type with the unlimited ability of self-renewal. Besides OSKM, the combination of other transcription factors, including Oct4, Sox2, Nanog, and LIN28, has also been demonstrated to be able to convert human somatic cells into iPSCs with a lentiviral system (Yu et al., 2007). In addition, this technology has been successfully used for translating into other somatic cell types, such as neural stem cells (Eminli et al., 2008; Kim et al., 2008), stomach and liver cells (Aoi et al., 2008), mature β lymphocytes (Hanna et al., 2008), melanocytes (Utikal et al., 2009), adipose stem cells (Sun et al., 2009), and keratinocytes (Maherali et al., 2008). iPSC technology provides a platform that can be used as a model system for neurodegenerative diseases to design new therapeutics. However, the current iPSC technology still has some limitations, including low efficiency and a long reprogramming process, which are primarily due to the existence of several roadblocks (Ebrahimi, 2015; Haridhasapavalan et al., 2020). Another problem is that iPSCs may cause cancerous tumor formation due to an undifferentiated pluripotent stem cell after transplantation (Choi and Hong, 2017). In recent years, researchers put tremendous efforts into refining and optimizing approaches to improve reprogramming efficiency and safety (O’Malley et al., 2009; Sommer and Mostoslavsky, 2010, 2013; Gonzalez et al., 2011; Morris and Daley, 2013; Omole and Fakoya, 2018; Borgohain et al., 2019; Haridhasapavalan et al., 2019). Maherali et al. (2008) created a doxycycline-inducible lentiviral system including OSKM, which had a higher frequency of converting primary fibroblasts into iPSCs. This system could even reprogram keratinocytes into iPSCs within 10 days (Maherali et al., 2008). In addition, using lentivirus or retrovirus to deliver OSKM may cause insertional mutagenesis when integrating gene sequences in the genomic DNA of the cells. To improve technical safety, other delivery methods, including non-viral or non-integrating viral vectors, have been attempted, such as protein transduction, the transfection of modified mRNA transcripts, small molecules, sendai virus, and episomal vectors (Sommer and Mostoslavsky, 2010, 2013; Gonzalez et al., 2011; Morris and Daley, 2013; Omole and Fakoya, 2018; Borgohain et al., 2019; Haridhasapavalan et al., 2019). However, compared to the traditional viral gene delivery method, these alternative methods had poorer outcomes.



iN Technology

After the establishment of iPSC reprogramming technology, researchers are continuously seeking effective ways to improve the reprogramming condition. The main challenge is to rapidly and efficiently change cell fate by reprogramming using minimal transcription factors. In 2010, Vierbuchen and his group succeeded in directly reprogramming mouse fibroblasts to functional neurons by overexpression of three transcription factors, including Ascl1, Brn2, and Myt1l (Vierbuchen et al., 2010). Subsequently, several studies showed some other transcription factors (Ngn2, Ascl1, and Dlx2) also could convert mouse postnatal astrocytes into both GABAergic and cholinergic neurons (Berninger et al., 2007; Heinrich et al., 2011; Xiao et al., 2018; Huang et al., 2019; Wazan et al., 2019). Moreover, only one transcription factor NGN2, when supplemented with chemicals including dorsomorphin and forskolin, could directly reprogram human fibroblasts (MRC5) to neurons (Liu et al., 2013) with high efficiency. The neurons generated are functional and mostly cholinergic neurons (Liu et al., 2013). Only epigenetic chemicals without transcription factors have been demonstrated to directly reprogram human and mouse fibroblasts into functional neuron cells (Hu et al., 2015; Li et al., 2015, 2017; Smith et al., 2016; Qin et al., 2017). Other studies have shown that some defined tissue-specific transcription factors (TFs), such as Sox2, Zfp521 (a single zinc-finger TF), and Ptfa1, directly reprogram human fibroblasts into a neural stem cell (Maucksch et al., 2013; Shahbazi et al., 2016; Xiao et al., 2018). In addition, in Rubio et al. (2016) used the CRISPR/Cas9 platform to inactivate two neurological disorder genes, TSC2 and KCNQ2 and subsequently combined with a multicistronic lentivirus expressing the Ascl1, Lmx1a, and Nurr1 genes to directly convert fibroblasts into neuropathological-resistant neuronal cells. Although several other cell types can also be reprogrammed into neurons, like hepatocytes and pericytes cells (Marro et al., 2011; Karow et al., 2012), fibroblasts are still the most popular original cell type for reprogramming. Together these findings supported that iN can be directly derived from different cell types by certain combinations of transcription factors (Table 2). This technology for the generation of iN from other cell types could be useful for the development of neurological disease models (Ruggieri et al., 2014; Gascon et al., 2017; Gao et al., 2019; Pereira et al., 2019).


TABLE 2. Neurons derived from direct reprogramming technology.
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DIRECT REPROGRAMMING TO GENERATE SPECIFIC NEURONAL SUBTYPES

During the early stages, just after the discovery of direct reprogramming technology, investigators paid more attention to the efficacy of reprogramming and whether the neurons generated are physiologically functional. Subsequently, investigators tried to control the reprogramming process to convert somatic cells to specific neuronal subtypes. Reprogramming somatic cells into defined neuronal subtypes is a crucial step for the application of iN reprogramming technology into clinical trials. In recent years, technical improvements in this field have made substantial progress, which would dramatically increase the applications of iN technology.


Dopaminergic Neurons

Parkinson’s disease is a neurodegenerative disorder with progressive loss of dopaminergic neurons in the midbrain (Alexander, 2004). Thus, using reprogramming technology for the generation of defined dopaminergic neurons could be an interesting approach for the treatment of Parkinson’s disease. According to neuronal system development, several transcription factors play a critical role in the generation and specification of dopaminergic neurons, including Otx2, FoxA1/2 Lmx1a/b, Ascl1, Ngn2, Pitx3, and Nurr1 (Nr4a2) (Arenas et al., 2015). Several studies have reported the successful reprogramming of fibroblasts or astrocytes into induced dopaminergic (iDA) neurons. Among them, the minimal combination is Ascl1, Nurr1, and Lmx1a (Kim et al., 2011; Pfisterer et al., 2011; Torper et al., 2013; Caiazzo et al., 2015). The iDA neurons that are generated are functional, can produce dopamine, and have firing of action potentials and functional D2 auto receptors (Caiazzo et al., 2011). Moreover, transplantation of these functional iDA neurons could improve the behavior deficit caused by the loss of endogenous DA neurons (Dell’Anno et al., 2014). De Gregorio et al. (2018) found that, when combined with transcription factors ASCL1 and NURR1, miR-34b/c could double the yield of transdifferentiated fibroblasts into dopaminergic neurons. The iDA neurons that are generated synthesize dopamine and showed spontaneous electrical activity and are reversibly blocked by tetrodotoxin, which is consistent with the electrophysiological properties featured by brain dopaminergic neurons (De Gregorio et al., 2018).



Spinal Motor Neurons

Genetic disorders like Amyotrophic Lateral Sclerosis (ALS) result in the loss of motor neurons (Robberecht and Philips, 2013). Regeneration of new motor neurons is important for potential therapy and disease models for ALS. Studies on mouse models have demonstrated that reprogramming of mouse embryonic fibroblasts into induced motor neurons (iMN) could be achieved by combined overexpression of common transcription factors [Ascl1, Neurog2, Myt1l, and Brn2 (Pou3f2)] with some specific TFs (Lhx3, Isl1, and Hb9) for spinal cord motor neurons (Lee et al., 2009; Son et al., 2011; Tang et al., 2017; Zhang et al., 2017). These iMNs could survive after being transplanted into the spinal cord and are capable of forming a neuromuscular junction with myotube cells in vitro (Son et al., 2011). To optimize the reprogramming condition, four TFs (Neurog2, Sox11, LHX3, and Isl1), when supplemented with forskolin, dorsomorphin, and FGF2 could directly reprogram human fibroblasts into motor neurons, which are HB9 and ChAT-positive, have action potentials and can form a neuromuscular junction with extremely high efficiency (>80%) (Liu et al., 2016).



GABAergic Neurons (Interneurons)

The GABAergic neurons are inhibitory interneurons located in the cortex, which play crucial roles in regulating the excitation and inhibition of nervous system activation (Tremblay et al., 2016). The loss or malfunction of GABAergic neurons would also result in neurological diseases, such as epilepsies, cognitive disorders, autism, schizophrenia, and intellectual disabilities (Woo and Lu, 2006; Brooks-Kayal, 2010; Marin, 2012). Colasante et al. (2015) demonstrated the use of five TFs (Foxg1, Ascl1, Sox2, Dlx5, and Lhx6) for reprogramming human and mouse fibroblasts into induced GABA (iGABA) interneurons. The generated iGABA interneurons could survive and mature after being transplanted into the hippocampus (Colasante et al., 2015). The new iGABA interneurons can form functional synapses, and release GABA (Colasante et al., 2015). Importantly, the transplanted iGABA interneurons can integrate into host circuitry and play inhibitory functions (Colasante et al., 2015). A great part of the GABAergic neurons also showed Parvalbumin (PV) protein and gene expression. Soon after, another research group obtained induced PV (iPV) neurons by Ascl1 from mouse fibroblasts (Shi et al., 2016). These reports showed that the controlled reprogramming process by some specific regional TFs would lead to lineage reprogramming of neuronal subtypes (Masserdotti et al., 2016).



iPSCs APPLICATION FOR NEURODEGENERATIVE DISEASES MODELING AND DRUG DISCOVERY

Neurodegenerative diseases including Alzheimer’s Disease (AD), Parkinson’s Disease (PD) and Amyotrophic Lateral Sclerosis (ALS) are aging-related disorders in which several genetic mutations have been identified before the onset of the diseases. However, even with a clearer understanding of the mechanisms of neurodegenerative diseases, the progression of designing therapy is going slow (Finkbeiner, 2010; Mason et al., 2014; Wyss-Coray, 2016). Based on these genetic mutations, different animal models have been established to study the underlying disease mechanisms and explore the potential drugs for treatment. Unfortunately, due to the variations among different species and the irreproducibility of human disease pathology, current animal models cannot ideally model neurodegenerative diseases as the data generated from these models cannot be successfully translated into clinical applications (Jucker, 2010; Imaizumi and Okano, 2014; Mitsumoto et al., 2014). In this scenario, iPSC technology brought new hope for neurodegenerative disease modeling and drug discovery in vitro. Nowadays, iPSC technology has been widely applied for disease modeling, mechanism study, and the screening of drugs for neurodegenerative diseases (Figure 1).


[image: image]

FIGURE 1. The route to apply iPSCs and iN technology for neurodegenerative disease modeling and drug discovery. To establish an in vitro disease model, the first step is to obtain fibroblasts from a diseased person. Upon overexpression of certain transcription factors, fibroblasts can be directly or indirectly reprogrammed to neurons. Depending on research purposes, the fibroblasts from original iPSCs can be modified by gene editing (CRISPR CAS9). The neurons generated would be applied for drug screening according to the disease phenotype. Subsequently, the best candidates could then be used for pre-clinical studies on drug toxicity, bio-availability, pharmacology, and metabolism in animals. Finally, the potential drug would be used for clinical studies and therapy. DP: disease person.



Alzheimer’s Disease (AD)

Alzheimer’s Disease is the most common chronic progressive neurodegenerative disease. In recent decades, researchers have focused on the study of the pathogenesis of AD. Several genetic mutations have been identified in genes namely, APP, presenilin 1/2 (PS1/2), and APOE, to cause Familial Alzheimer’s disease (Armstrong, 2013; Karch et al., 2014; Shen, 2014; Moreno et al., 2018; Wang et al., 2018). However, the mechanisms of the neurons and synapse damage in AD remain unclear. The new iPSC technology from AD patients can provide sufficient quantity or quality neurons for the discovery of potential therapeutics (Byrne, 2014; Tcw, 2019).

In recent years, researchers have been successful in reprogramming fibroblasts carrying with different genetic mutations to iPSCs. Yagi et al. (2011) pioneered the use of iPSC technology to establish an in vitro model for AD, which was derived from iPSCs with PS1/2 mutation. The expression of Aβ42 was dramatically increased in neurons derived from iPSCs (Yagi et al., 2011). In addition to this, the APP gene mutation has also been investigated by Israel et al. (2012). They demonstrated that the levels of Aβ42 and tau are significantly increased in neurons derived from iPSCs (Israel et al., 2012; Ochalek et al., 2017). Subsequently, studies conducted by several groups of investigators used iPSCs to produce neurons derived to model AD where the properties of pathogenic Aβ42 and tau were reserved (Shi et al., 2012; Duan et al., 2014; Muratore et al., 2014; Sproul et al., 2014; Chang et al., 2015; Moore et al., 2015; Rowland et al., 2018; Tcw, 2019). In summary, the novel iPSCs in vitro model can be utilized as an excellent tool to study AD.



Parkinson’s Disease (PD)

The loss of dopaminergic neurons in the neuropathology of PD, which causes motor problems, including bradykinesia, resting tremor, rigidity, flexed posture, “freezing,” and lose of postural reflexes (Seibler et al., 2011; Postuma et al., 2015). Similar to AD, the deficit of reliable in vitro models has limited the progression of drug discovery for PD. Several groups obtained iPSCs from patient somatic cells with different genetic mutations including LRRK2, SNCA, PARK2, or PINK1, which are related to familial PD, and the DA neurons derived from iPSCs has been used to investigate the molecular mechanisms (Ke et al., 2019). The dopaminergic neurons derived from LRRK2 iPSCs have some important PD features, including (α-Syn aggregates, overexpression of oxidative stress genes, lower number of neurites, and caspase-3 activation (Nguyen et al., 2011; Sanchez-Danes et al., 2012). Importantly, after correction of LRRK2 mutation in iPSCs, they can rescue the pathogenic phenotypes of neurite shortening and mitochondrial DNA damage (Reinhardt et al., 2013; Sanders et al., 2014). iPSCs derived from PD patients, who received triplication of the SNCA gene, have also been shown to have PD pathogenic neuron properties (Oliveira et al., 2015). PARK2 gene mutation has been shown to play a critical role in neuron morphology by iPSCs-derived neuron model (Imaizumi et al., 2012; Ren et al., 2015). In addition, (Seibler et al., 2011) also reported that iPSCs reprogrammed from PD patients’ fibroblasts with PINK1 mutations can generate DA neurons. The new DA neurons showed properties of upregulation of PGC-1α, which can be reversed after overexpression of wild-type PINK1 in new DA neurons. Together, all these studies demonstrated that iPSCs is a better in vitro model for PD with genetic mutations.



Amyotrophic Lateral Sclerosis (ALS)

Induced Pluripotent Stem Cells technology also has been widely applied for ALS. The pathology of ALS includes the progressive loss of motor neurons in the brain and spinal cord. Several genes have been identified to be associated with ALS, such as SOD1, C9orf2, and TDP-43 (Rosen et al., 1993; Sreedharan et al., 2008; DeJesus-Hernandez et al., 2011). Among them, the SOD1 gene mutation is the most studied genetic alteration in ALS. Compare to wild type SOD1, motor neurons (MN) derived from SOD1 mutated patients’ iPSCs showed the features of decreased survival rate, smaller soma size, and shorter neurite (Chen et al., 2014; Kiskinis et al., 2014). In addition, MN derived from SOD1 mutated iPSCs showed impaired mitochondrial function and increased oxidative stress (Chen et al., 2014). Importantly, the correction of the SOD1 mutation could rescue these phenotypes in iPSCs (Chen et al., 2014; Kiskinis et al., 2014). iPSC-derived motor neurons retaining the patients’ full genetic information, therefore, scientists established a large number of in vitro cellular models for sporadic ALS. The sufficient utility of sporadic ALS models is useful for elucidating the pathological characteristics of specific cases and identifying novel candidate drugs (Fujimori et al., 2018). On the other hand, many investigators have studied the phenotypes of MN derived from C9orf72 mutant iPSCs (Donnelly et al., 2013; Sareen et al., 2013; Devlin et al., 2015; Dafinca et al., 2016). Abnormalities of electrophysiology, calcium homeostasis, ER stress, and mitochondrial membrane potential have been identified in MN from iPSCs carrying C9orf72 mutation (Devlin et al., 2015; Dafinca et al., 2016). In addition, the C9orf72 mutant has been demonstrated to cause oxidative and neurotoxicity in MN from iPSCs (Donnelly et al., 2013; Sareen et al., 2013; Birger et al., 2019).



iN FOR NEURODEGENERATIVE DISEASE MODELING AND DRUG DISCOVERY

With a specific combination of reprogramming factors, somatic cells can be directly converted into neurons bypassing the iPSC stage. Along with the advancement of direct reprogramming technology, the new generation of iN has also been applied for modeling neurogenerative diseases and drug discovery (Figure 1). Liu et al. (2016) have used direct reprogramming technology through using a combination of TFs and small molecules and efficiently reprogrammed ALS patients’ fibroblasts to motor neurons with FUS gene mutation. The new iMN from ALS patients was unable to form neuromuscular junctions with muscle cells. Moreover, after the chemical screening, they found the chemical kenpaullone can rescue the disease phenotype. Recently, (Chang et al., 2018) utilized the mesoporous silica nanoparticles (MSNs) as a non-viral delivery system for the transduction of the three key factors to achieve the conversion of mouse fibroblasts (MFs) into functional dopaminergic neuron-like cells. These recent studies are the beginning of developments that will enable us to apply iN for neurodegenerative disease modeling and drug discovery. Before applying this technique for large scale drug screening, the problems associated with efficiency and the homogeneity of direct reprogramming needs to be further improved.



COMPARISON OF iPSCs-DERIVED NEURONS TO iN

In contrast to the application of iPSC technology, the application of the iN approach is new and emerging in the field of neurodegenerative diseases. Like any technique, iN technology has some obvious advantages and disadvantages (Table 3). Because direct reprogramming does not involve the iPSC stage and the differentiation step, which saves a lot of time, iPSC technology may take several months, depending on the protocol. In addition, the technical challenges of iN are less compared to iPSCs culture technology. The most important difference between iPSCs and iN is epigenetic reset.


TABLE 3. The different features between iN and iPSCs-derived neurons.

[image: Table 3]As we know, a healthy and diseased person not only differs in genomic levels but also has different epigenetics. Epigenetic information is crucial for disease onset, especially for aging-related diseases. A recent study conducted by Tang et al. (2017) found iPSCs derived motor neurons did not show age-related differences, while iN, in contrast, age-equivalent induced motor neurons showed nuclear envelope defects. Mertens et al. (2015) provided interesting evidence for iN as it can reserve aging signatures of the original patient, which is not observed in iPSCs. Furthermore, they have also found downregulation of RanBP1 in aged fibroblasts and iN derived from aged fibroblasts, and when RanBP1 was knocked down, the transcriptional markers shifted from young to aged (Mertens et al., 2015). Therefore, iN is a more reliable model for neurodegenerative diseases and drug discovery, which could model natural disease progression, especially age-related information. On the other hand, iPSCs can maintain self-renewal but not iN, which is required for maintenance and stock. Due to the unlimited self-renewal of iPSCs, the neurons derived from iPSCs can be unlimited. Thus, without an iPSC stage, investigators might need to acquire a larger quantity of original cells from a patient to obtain enough iN. In addition, identification of the right combination of transcription factors, the inclusion of chemical compounds (small molecules), and the efficiency of reprogramming are also very important. However, to realize the application of iN in neurodegenerative diseases, the underlying mechanisms of direct reprogramming need to be further addressed.



CONCLUSION AND PERSPECTIVE

In conclusion, this review has discussed recent iPSCs and iN technology and their application for neurodegenerative disease modeling. Compared them to traditional disease models, both iPSCs and iN are more accurate models for studying diseases and drug discovery. For iPSCs and iN disease models, there are still some challenges that need to be further investigated to optimize reprogramming conditions, especially the efficiency of direct reprogramming and lineage-specific reprogramming. For the modeling of neurodegenerative diseases, iN could be a better model for disease and the development of drugs, without epigenetic reset. In the coming years, we expect there to be extensive improvements in reprogramming technology for the application of iPSCs and iN for disease modeling and drug discovery.
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ABBREVIATIONS

ABM, Ascl1, Brn2, and Myt1l; AD, Alzheimer’s Disease; ALS, Amyotrophic Lateral Sclerosis; ANL, Ascl1, Nurr1, and Lmx1a; APOE, apolipoprotein E; APP, amyloid beta precursor protein; ASCL1, achaete-scute family BHLH transcription factor 1; Brn2, POU domain, class 3, transcription factor 2; Dlx2, distal-less homeobox 2; Dlx5, distal-less homeobox 5; FGF2, fibroblasts growth factor 2; FoxA1/2, forkhead box A1/2; Foxg1, forkhead box G1; Hb9, motor neurons and pancreas homeobox 1; iDA, induced dopaminergic; iMN, induced motor neurons; iN, induced neurons; iPSCs, induced pluripotent stem cells; Isl1, ISL LIM homeobox 1; Klf4, Kruppel-like factor 4; Lhx3, LIM homeobox protein 3; Lhx6, LIM homeobox protein 6; Lmx1a/b, LIM homeobox transcription factor 1 a/b; LRRK2, leucine rich repeat kinase 2; Myt1l, myelin transcription factor 1 like; Ngn2, neurogenin 2; Nurr1, (Nr4a2), nuclear receptor subfamily 4, group A, member 2; Oct4, octamer-binding transcription factor 4; OHDA, hydroxydopamine; OSKM, Oct4, Sox2, Klf4, and c-Myc, otx2, orthodenticle homeobox 2; PARK2, parkin RBR E3 ubiquitin protein ligase; PD, Parkinson’s Disease; PGC-1 α, PPARG coactivator 1 alpha; PINK1, PTEN induced putative kinase 1; Pitx3, paired-like homeodomain transcription factor 3; PS1/2, presenilin 1/2; PV, Parvalbumin; RanBP1, RAN binding protein 1; SNCA, synuclein alpha; SOD1, superoxide dismutase 1; Sox11, SRY (sex determining region Y)-box 11; Sox2, SRY (sex determining region Y)-box 2; TDP-43, TAR DNA binding protein; TFs, transcription factors; Zfp521, Zinc Finger Protein 521.


REFERENCES

Alexander, G. E. (2004). Biology of Parkinson’s disease: pathogenesis and pathophysiology of a multisystem neurodegenerative disorder. Dialog. Clin. Neurosci. 6, 259–280.

Ambasudhan, R., Talantova, M., Coleman, R., Yuan, X., Zhu, S., Lipton, S. A., et al. (2011). Direct reprogramming of adult human fibroblasts to functional neurons under defined conditions. Cell Stem Cell 9, 113–118. doi: 10.1016/j.stem.2011.07.002

Aoi, T., Yae, K., Nakagawa, M., Ichisaka, T., Okita, K., Takahashi, K., et al. (2008). Generation of pluripotent stem cells from adult mouse liver and stomach cells. Science 321, 699–702. doi: 10.1126/science.1154884

Arenas, E., Denham, M., and Villaescusa, J. C. (2015). How to make a midbrain dopaminergic neuron. Development 142, 1918–1936. doi: 10.1242/dev.097394

Armstrong, R. (2013). Review article What causes alzheimer’s disease? Folia Neuropathol. 3, 169–188. doi: 10.5114/fn.2013.37702

Barbuti, A., Qu, X., Liu, T., Song, K., Li, X., and Ge, D. (2012). Induced pluripotent stem cells generated from human adipose-derived stem cells using a non-viral polycistronic plasmid in feeder-free conditions. PLoS One 7:e48161. doi: 10.1371/journal.pone.0048161

Berninger, B., Costa, M. R., Koch, U., Schroeder, T., Sutor, B., Grothe, B., et al. (2007). Functional properties of neurons derived from in vitro reprogrammed postnatal astroglia. J. Neurosci. 27, 8654–8664. doi: 10.1523/JNEUROSCI.1615-07.2007

Birger, A., Ben-Dor, I., Ottolenghi, M., Turetsky, T., Gil, Y., Sweetat, S., et al. (2019). Human iPSC-derived astrocytes from ALS patients with mutated C9ORF72 show increased oxidative stress and neurotoxicity. eBio Med. 50, 274–289. doi: 10.1016/j.ebiom.2019.11.026

Black, J. B., Adler, A. F., Wang, H. G., D’Ippolito, A. M., Hutchinson, H. A., Reddy, T. E., et al. (2016). Targeted epigenetic remodeling of endogenous loci by CRISPR/Cas9-based transcriptional activators directly converts fibroblasts to neuronal cells. Cell Stem Cell 19, 406–414. doi: 10.1016/j.stem.2016.07.001

Bohnke, L., Traxler, L., Herdy, J. R., and Mertens, J. (2018). Human neurons to model aging: a dish best served old. Drug Discov. Today Dis. Models 27, 43–49. doi: 10.1016/j.ddmod.2019.01.001

Borgohain, M. P., Haridhasapavalan, K. K., Dey, C., Adhikari, P., and Thummer, R. P. (2019). An insight into DNA-free reprogramming approaches to generate integration-free induced pluripotent stem cells for prospective biomedical applications. Stem Cell Rev. Rep. 15, 286–313. doi: 10.1007/s12015-018-9861-6

Brooks-Kayal, A. (2010). Epilepsy and autism spectrum disorders: are there common developmental mechanisms? Brain Dev. 32, 731–738. doi: 10.1016/j.braindev.2010.04.010

Byrne, J. A. (2014). Developing neural stem cell-based treatments for neurodegenerative diseases. Stem Cell Res. Ther. 5:72. doi: 10.1186/scrt461

Caiazzo, M., Dell’Anno, M. T., Dvoretskova, E., Lazarevic, D., Taverna, S., Leo, D., et al. (2011). Direct generation of functional dopaminergic neurons from mouse and human fibroblasts. Nature 476, 224–227. doi: 10.1038/nature10284

Caiazzo, M., Giannelli, S., Valente, P., Lignani, G., Carissimo, A., Sessa, A., et al. (2015). Direct conversion of fibroblasts into functional astrocytes by defined transcription factors. Stem Cell Rep. 4, 25–36. doi: 10.1016/j.stemcr.2014.12.002

Chang, C. Y., Chen, S. M., Lu, H. E., Lai, S. M., Lai, P. S., Shen, P. W., et al. (2015). N-butylidenephthalide attenuates Alzheimer’s disease-like cytopathy in Down syndrome induced pluripotent stem cell-derived neurons. Sci. Rep. 5:8744. doi: 10.1038/srep08744

Chang, J. H., Tsai, P. H., Wang, K. Y., Wei, Y. T., Chiou, S. H., and Mou, C. Y. (2018). Generation of functional dopaminergic neurons from reprogramming fibroblasts by nonviral-based mesoporous silica nanoparticles. Sci. Rep. 8:11. doi: 10.1038/s41598-017-18324-8

Chen, H., Qian, K., Du, Z., Cao, J., Petersen, A., Liu, H., et al. (2014). Modeling ALS with iPSCs reveals that mutant SOD1 misregulates neurofilament balance in motor neurons. Cell Stem Cell 14, 796–809. doi: 10.1016/j.stem.2014.02.004

Choi, K. A., and Hong, S. (2017). Induced neural stem cells as a means of treatment in Huntington’s disease. Expert Opin. Biol. Ther. 17, 1333–1343. doi: 10.1080/14712598.2017.1365133

Colasante, G., Lignani, G., Rubio, A., Medrihan, L., Yekhlef, L., Sessa, A., et al. (2015). Rapid conversion of fibroblasts into functional forebrain GABAergic interneurons by direct genetic reprogramming. Cell Stem Cell 17, 719–734. doi: 10.1016/j.stem.2015.09.002

Csobonyeiova, M., Polak, S., Nicodemou, A., and Danisovic, L. (2017). Induced pluripotent stem cells in modeling and cell-based therapy of amyotrophic lateral sclerosis. J. Physiol. Pharmacol. 68, 649–657.

Dafinca, R., Scaber, J., Ababneh, N., Lalic, T., Weir, G., Christian, H., et al. (2016). C9orf72 hexanucleotide expansions are associated with altered endoplasmic reticulum calcium homeostasis and stress granule formation in induced pluripotent stem cell-derived neurons from patients with amyotrophic lateral sclerosis and frontotemporal dementia. Stem Cells 34, 2063–2078. doi: 10.1002/stem.2388

De Gregorio, R., Pulcrano, S., De Sanctis, C., Volpicelli, F., Guatteo, E., von Oerthel, L., et al. (2018). miR-34b/c regulates Wnt1 and enhances mesencephalic dopaminergic neuron differentiation. Stem Cell Rep. 10, 1237–1250. doi: 10.1016/j.stemcr.2018.02.006

DeJesus-Hernandez, M., Mackenzie, I. R., Boeve, B. F., Boxer, A. L., Baker, M., Rutherford, N. J., et al. (2011). Expanded GGGGCC hexanucleotide repeat in noncoding region of C9ORF72 causes chromosome 9p-linked FTD and ALS. Neuron 72, 245–256. doi: 10.1016/j.neuron.2011.09.011

Dell’Anno, M. T., Caiazzo, M., Leo, D., Dvoretskova, E., Medrihan, L., Colasante, G., et al. (2014). Remote control of induced dopaminergic neurons in parkinsonian rats. J. Clin. Invest. 124, 3215–3229. doi: 10.1172/JCI74664

Devlin, A. C., Burr, K., Borooah, S., Foster, J. D., Cleary, E. M., Geti, I., et al. (2015). Human iPSC-derived motoneurons harbouring TARDBP or C9ORF72 ALS mutations are dysfunctional despite maintaining viability. Nat. Commun. 6:5999. doi: 10.1038/ncomms6999

Donnelly, C. J., Zhang, P.-W., Pham, J. T., Haeusler, A. R., Mistry, N. A., Vidensky, S., et al. (2013). RNA toxicity from the ALS/FTD C9ORF72 expansion is mitigated by antisense intervention. Neuron 80, 415–428. doi: 10.1016/j.neuron.2013.10.015

Duan, L., Bhattacharyya, B. J., Belmadani, A., Pan, L., Miller, R. J., and Kessler, J. A. (2014). Stem cell derived basal forebrain cholinergic neurons from Alzheimer’s disease patients are more susceptible to cell death. Mol. Neurodegener. 9:3. doi: 10.1186/1750-1326-9-3

Ebrahimi, B. (2015). Reprogramming barriers and enhancers: strategies to enhance the efficiency and kinetics of induced pluripotency. Cell Regen. 4:10. doi: 10.1186/s13619-015-0024-9

Eminli, S., Utikal, J., Arnold, K., Jaenisch, R., and Hochedlinger, K. (2008). Reprogramming of neural progenitor cells into induced pluripotent stem cells in the absence of exogenous Sox2 expression. Stem Cells 26, 2467–2474. doi: 10.1634/stemcells.2008-0317

Farkhondeh, A., Li, R., Gorshkov, K., Chen, K. G., Might, M., Rodems, S., et al. (2019). Induced pluripotent stem cells for neural drug discovery. Drug Discov. Today 24, 992–999. doi: 10.1016/j.drudis.2019.01.007

Finkbeiner, S. (2010). Bridging the Valley of death of therapeutics for neurodegeneration. Nat. Med. 16, 1227–1232. doi: 10.1038/nm.2222

Fujimori, K., Ishikawa, M., Otomo, A., Atsuta, N., Nakamura, R., Akiyama, T., et al. (2018). Modeling sporadic ALS in iPSC-derived motor neurons identifies a potential therapeutic agent. Nat. Med. 24, 1579–1589. doi: 10.1038/s41591-018-0140-5

Fusaki, N., Ban, H., Nishiyama, A., Saeki, K., and Hasegawa, M. (2009). Efficient induction of transgene-free human pluripotent stem cells using a vector based on Sendai virus, an RNA virus that does not integrate into the host genome. Proc. Jpn Acad. Ser. B 85, 348–362. doi: 10.2183/pjab.85.348

Gao, L., Huang, S., Zhang, H., Hua, W., Xin, S., Cheng, L., et al. (2019). Suppression of glioblastoma by a drug cocktail reprogramming tumor cells into neuronal like cells. Sci. Rep. 9:3462. doi: 10.1038/s41598-019-39852-5

Gascon, S., Masserdotti, G., Russo, G. L., and Gotz, M. (2017). Direct neuronal reprogramming: achievements, hurdles, and new roads to success. Cell Stem Cell 21, 18–34. doi: 10.1016/j.stem.2017.06.011

Gitler, A. D., Dhillon, P., and Shorter, J. (2017). Neurodegenerative disease: models, mechanisms, and a new hope. Dis. Models Mech. 10, 499–502. doi: 10.1242/dmm.030205

Gonzalez, F., Boue, S., and Belmonte, J. C. I. (2011). Methods for making induced pluripotent stem cells: reprogramming a la carte. Nat. Rev. Genet. 12, 231–242. doi: 10.1038/nrg2937

Han, C., Chaineau, M., Chen, C. X., Beitel, L. K., and Durcan, T. M. (2018). Open science meets stem cells: a new drug discovery approach for neurodegenerative disorders. Front. Neurosci. 12:47. doi: 10.3389/fnins.2018.00047

Hanna, J., Markoulaki, S., Schorderet, P., Carey, B. W., Beard, C., Wernig, M., et al. (2008). Direct reprogramming of terminally differentiated mature B lymphocytes to pluripotency. Cell 133, 250–264. doi: 10.1016/j.cell.2008.03.028

Hargus, G., Ehrlich, M., Hallmann, A. L., and Kuhlmann, T. (2014). Human stem cell models of neurodegeneration: a novel approach to study mechanisms of disease development. Acta Neuropathol. 127, 151–173. doi: 10.1007/s00401-013-1222-6

Haridhasapavalan, K. K., Borgohain, M. P., Dey, C., Saha, B., Narayan, G., Kumar, S., et al. (2019). An insight into non-integrative gene delivery approaches to generate transgene-free induced pluripotent stem cells. Gene 686, 146–159. doi: 10.1016/j.gene.2018.11.069

Haridhasapavalan, K. K., Raina, K., Dey, C., Adhikari, P., and Thummer, R. P. (2020). An insight into reprogramming barriers to iPSC generation. Stem Cell Rev. Rep. 16, 56–81. doi: 10.1007/s12015-019-09931-1

Haston, K. M., and Finkbeiner, S. (2016). Clinical trials in a dish: the potential of pluripotent stem cells to develop therapies for neurodegenerative diseases. Annu. Rev. Pharmacol. Toxicol. 56, 489–510. doi: 10.1146/annurev-pharmtox-010715-103548

Heilker, R., Traub, S., Reinhardt, P., Scholer, H. R., and Sterneckert, J. (2014). iPS cell derived neuronal cells for drug discovery. Trends Pharmacol. Sci. 35, 510–519. doi: 10.1016/j.tips.2014.07.003

Heinrich, C., Gascon, S., Masserdotti, G., Lepier, A., Sanchez, R., Simon-Ebert, T., et al. (2011). Generation of subtype-specific neurons from postnatal astroglia of the mouse cerebral cortex. Nat. Protoc. 6, 214–228. doi: 10.1038/nprot.2010.188

Hou, P., Li, Y., Zhang, X., Liu, C., Guan, J., Li, H., et al. (2013). Pluripotent stem cells induced from mouse somatic cells by small-molecule compounds. Science 341, 651–654. doi: 10.1126/science.1239278

Hu, W., Qiu, B., Guan, W., Wang, Q., Wang, M., Li, W., et al. (2015). Direct conversion of normal and Alzheimer’s disease human fibroblasts into neuronal cells by small molecules. Cell Stem Cell 17, 204–212. doi: 10.1016/j.stem.2015.07.006

Huang, L., Wang, J., Huang, S., Siaw-Debrah, F., Nyanzu, M., and Zhuge, Q. (2019). Polyacrylic acid-coated nanoparticles loaded with recombinant tissue plasminogen activator for the treatment of mice with ischemic stroke. Biochem. Biophys. Res. Commun. 516, 565–570. doi: 10.1016/j.bbrc.2019.06.079

Imaizumi, Y., Okada, Y., Akamatsu, W., Koike, M., Kuzumaki, N., Hayakawa, H., et al. (2012). Mitochondrial dysfunction associated with increased oxidative stress and alpha-synuclein accumulation in PARK2 iPSC-derived neurons and postmortem brain tissue. Mol. Brain 5:35. doi: 10.1186/1756-6606-5-35

Imaizumi, Y., and Okano, H. (2014). Modeling human neurological disorders with induced pluripotent stem cells. J. Neurochem. 129, 388–399. doi: 10.1111/jnc.12625

Israel, M. A., Yuan, S. H., Bardy, C., Reyna, S. M., Mu, Y., Herrera, C., et al. (2012). Probing sporadic and familial Alzheimer’s disease using induced pluripotent stem cells. Nature 482, 216–220. doi: 10.1038/nature10821

Jucker, M. (2010). The benefits and limitations of animal models for translational research in neurodegenerative diseases. Nat. Med. 16, 1210–1214. doi: 10.1038/nm.2224

Karch, C. M., Cruchaga, C., and Goate, A. M. (2014). Alzheimer’s disease genetics: from the bench to the clinic. Neuron 83, 11–26. doi: 10.1016/j.neuron.2014.05.041

Karow, M., Camp, J. G., Falk, S., Gerber, T., Pataskar, A., Gac-Santel, M., et al. (2018). Direct pericyte-to-neuron reprogramming via unfolding of a neural stem cell-like program. Nat. Neurosci. 21, 932–940. doi: 10.1038/s41593-018-0168-3

Karow, M., Sánchez, R., Schichor, C., Masserdotti, G., Ortega, F., Heinrich, C., et al. (2012). Reprogramming of pericyte-derived cells of the adult human brain into induced neuronal cells. Cell Stem Cell 11, 471–476. doi: 10.1016/j.stem.2012.07.007

Ke, M., Chong, C.-M., and Su, H. (2019). Using induced pluripotent stem cells for modeling Parkinson’s disease. World J. Stem Cells 11, 634–649. doi: 10.4252/wjsc.v11.i9.634

Ke, Z., Zhang, X., Cao, Z., Ding, Y., Li, N., Cao, L., et al. (2016). Drug discovery of neurodegenerative disease through network pharmacology approach in herbs. Biomed. Pharmacother. 78, 272–279. doi: 10.1016/j.biopha.2016.01.021

Kim, D., Kim, C. H., Moon, J. I., Chung, Y. G., Chang, M. Y., Han, B. S., et al. (2009). Generation of human induced pluripotent stem cells by direct delivery of reprogramming proteins. Cell Stem Cell 4, 472–476. doi: 10.1016/j.stem.2009.05.005

Kim, J., Su, S. C., Wang, H., Cheng, A. W., Cassady, J. P., Lodato, M. A., et al. (2011). Functional integration of dopaminergic neurons directly converted from mouse fibroblasts. Cell Stem Cell 9, 413–419. doi: 10.1016/j.stem.2011.09.011

Kim, J. B., Zaehres, H., Wu, G., Gentile, L., Ko, K., Sebastiano, V., et al. (2008). Pluripotent stem cells induced from adult neural stem cells by reprogramming with two factors. Nature 454, 646–650. doi: 10.1038/nature07061

Kiskinis, E., Sandoe, J., Williams, L. A., Boulting, G. L., Moccia, R., Wainger, B. J., et al. (2014). Pathways disrupted in human ALS motor neurons identified through genetic correction of mutant SOD1. Cell Stem Cell 14, 781–795. doi: 10.1016/j.stem.2014.03.004

Kraljevic, S., Stambrook, P. J., and Pavelic, K. (2004). Accelerating drug discovery. EMBO Rep. 5, 837–842. doi: 10.1038/sj.embor.7400236

Ledford, H. (2011). Translational research: 4 ways to fix the clinical trial. Nature 477, 526–528. doi: 10.1038/477526a

Lee, S., Lee, B., Lee, J. W., and Lee, S. K. (2009). Retinoid signaling and neurogenin2 function are coupled for the specification of spinal motor neurons through a chromatin modifier CBP. Neuron 62, 641–654. doi: 10.1016/j.neuron.2009.04.025

Li, X., Liu, D., Ma, Y., Du, X., Jing, J., Wang, L., et al. (2017). Direct reprogramming of fibroblasts via a chemically induced XEN-like State. Cell Stem Cell 21, 264–273.e267. doi: 10.1016/j.stem.2017.05.019

Li, X., Zuo, X., Jing, J., Ma, Y., Wang, J., Liu, D., et al. (2015). Small-molecule-driven direct reprogramming of mouse fibroblasts into functional neurons. Cell Stem Cell 17, 195–203. doi: 10.1016/j.stem.2015.06.003

Liu, M. L., Zang, T., and Zhang, C. L. (2016). Direct lineage reprogramming reveals disease-specific phenotypes of motor neurons from human ALS patients. Cell Rep. 14, 115–128. doi: 10.1016/j.celrep.2015.12.018

Liu, M.-L., Zang, T., Zou, Y., Chang, J. C., Gibson, J. R., Huber, K. M., et al. (2013). Small molecules enable neurogenin 2 to efficiently convert human fibroblasts into cholinergic neurons. Nat. Commun. 4:2183. doi: 10.1038/ncomms3183

Liu, X., Li, F., Stubblefield, E. A., Blanchard, B., Richards, T. L., Larson, G. A., et al. (2011). Direct reprogramming of human fibroblasts into dopaminergic neuron-like cells. Cell Res 22, 321–332. doi: 10.1038/cr.2011.181

Liu, Y., and Deng, W. (2016). Reverse engineering human neurodegenerative disease using pluripotent stem cell technology. Brain Res. 1638, 30–41. doi: 10.1016/j.brainres.2015.09.023

Maherali, N., Ahfeldt, T., Rigamonti, A., Utikal, J., Cowan, C., and Hochedlinger, K. (2008). A high-efficiency system for the generation and study of human induced pluripotent stem cells. Cell Stem Cell 3, 340–345. doi: 10.1016/j.stem.2008.08.003

Mall, M., Kareta, M. S., Chanda, S., Ahlenius, H., Perotti, N., Zhou, B., et al. (2017). Myt1l safeguards neuronal identity by actively repressing many non-neuronal fates. Nature 544, 245–249. doi: 10.1038/nature21722

Marin, O. (2012). Interneuron dysfunction in psychiatric disorders. Nat. Rev. Neurosci. 13, 107–120. doi: 10.1038/nrn3155

Marro, S., Pang, Z. P., Yang, N., Tsai, M. C., Qu, K., Chang, H. Y., et al. (2011). Direct lineage conversion of terminally differentiated hepatocytes to functional neurons. Cell Stem Cell 9, 374–382. doi: 10.1016/j.stem.2011.09.002

Mason, A. R., Ziemann, A., and Finkbeiner, S. (2014). Targeting the low-hanging fruit of neurodegeneration. Neurology 83, 1470–1473. doi: 10.1212/WNL.0000000000000894

Masserdotti, G., Gascon, S., and Gotz, M. (2016). Direct neuronal reprogramming: learning from and for development. Development 143, 2494–2510. doi: 10.1242/dev.092163

Maucksch, C., Jones, K. S., and Connor, B. (2013). Concise review: the involvement of SOX2 in direct reprogramming of induced neural stem/precursor cells. Stem Cells Transl. Med. 2, 579–583. doi: 10.5966/sctm.2012-0179

Mertens, J., Paquola, A. C. M., Ku, M., Hatch, E., Bohnke, L., Ladjevardi, S., et al. (2015). Directly reprogrammed human neurons retain aging-associated transcriptomic signatures and reveal age-related nucleocytoplasmic defects. Cell Stem Cell 17, 705–718. doi: 10.1016/j.stem.2015.09.001

Mertens, J., Reid, D., Lau, S., Kim, Y., and Gage, F. H. (2018). Aging in a dish: iPSC-derived and directly induced neurons for studying brain aging and age-related neurodegenerative diseases. Annu. Rev. Genet. 52, 271–293. doi: 10.1146/annurev-genet-120417-031534

Mitsumoto, H., Brooks, B. R., and Silani, V. (2014). Clinical trials in amyotrophic lateral sclerosis: why so many negative trials and how can trials be improved? Lancet Neurol. 13, 1127–1138. doi: 10.1016/s1474-4422(14)70129-2

Moore, S., Evans, L. D., Andersson, T., Portelius, E., Smith, J., Dias, T. B., et al. (2015). APP metabolism regulates tau proteostasis in human cerebral cortex neurons. Cell Rep. 11, 689–696. doi: 10.1016/j.celrep.2015.03.068

Moreno, C. L., Della Guardia, L., Shnyder, V., Ortiz-Virumbrales, M., Kruglikov, I., Zhang, B., et al. (2018). iPSC-derived familial Alzheimer’s PSEN2 (N141I) cholinergic neurons exhibit mutation-dependent molecular pathology corrected by insulin signaling. Mol. Neurodegener. 13:33. doi: 10.1186/s13024-018-0265-5

Morris, S. A., and Daley, G. Q. (2013). A blueprint for engineering cell fate: current technologies to reprogram cell identity. Cell Res. 23, 33–48. doi: 10.1038/cr.2013.1

Muratore, C. R., Rice, H. C., Srikanth, P., Callahan, D. G., Shin, T., Benjamin, L. N., et al. (2014). The familial Alzheimer’s disease APPV717I mutation alters APP processing and Tau expression in iPSC-derived neurons. Hum. Mol. Genet. 23, 3523–3536. doi: 10.1093/hmg/ddu064

Narsinh, K. H., Jia, F., Robbins, R. C., Kay, M. A., Longaker, M. T., and Wu, J. C. (2010). Generation of adult human induced pluripotent stem cells using nonviral minicircle DNA vectors. Nat. Protoc. 6, 78–88. doi: 10.1038/nprot.2010.173

Nguyen, H. N., Byers, B., Cord, B., Shcheglovitov, A., Byrne, J., Gujar, P., et al. (2011). LRRK2 mutant iPSC-derived DA neurons demonstrate increased susceptibility to oxidative stress. Cell Stem Cell 8, 267–280. doi: 10.1016/j.stem.2011.01.013

Ochalek, A., Mihalik, B., Avci, H. X., Chandrasekaran, A., Teglasi, A., Bock, I., et al. (2017). Neurons derived from sporadic Alzheimer’s disease iPSCs reveal elevated TAU hyperphosphorylation, increased amyloid levels, and GSK3B activation. Alzheimers Res. Ther. 9:90. doi: 10.1186/s13195-017-0317-z

Okano, H., and Yamanaka, S. (2014). iPS cell technologies: significance and applications to CNS regeneration and disease. Mol. Brain 7:22. doi: 10.1186/1756-6606-7-22

Oliveira, L. M., Falomir-Lockhart, L. J., Botelho, M. G., Lin, K. H., Wales, P., Koch, J. C., et al. (2015). Elevated alpha-synuclein caused by SNCA gene triplication impairs neuronal differentiation and maturation in Parkinson’s patient-derived induced pluripotent stem cells. Cell Death Dis. 6:e1994. doi: 10.1038/cddis.2015.318

O’Malley, J., Woltjen, K., and Kaji, K. (2009). New strategies to generate induced pluripotent stem cells. Curr. Opin. Biotechnol. 20, 516–521. doi: 10.1016/j.copbio.2009.09.005

Omole, A. E., and Fakoya, A. O. J. (2018). Ten years of progress and promise of induced pluripotent stem cells: historical origins, characteristics, mechanisms, limitations, and potential applications. PeerJ 6:e4370. doi: 10.7717/peerj.4370

Pang, Z. P., Yang, N., Vierbuchen, T., Ostermeier, A., Fuentes, D. R., Yang, T. Q., et al. (2011). Induction of human neuronal cells by defined transcription factors. Nature 476, 220–223. doi: 10.1038/nature10202

Pereira, M., Birtele, M., and Rylander Ottosson, D. (2019). Direct reprogramming into interneurons: potential for brain repair. Cell. Mol. Life Sci. 76, 3953–3967. doi: 10.1007/s00018-019-03193-3193

Pfisterer, U., Kirkeby, A., Torper, O., Wood, J., Nelander, J., Dufour, A., et al. (2011). Direct conversion of human fibroblasts to dopaminergic neurons. Proc. Natl. Acad. Sci. U.S.A. 108, 10343–10348. doi: 10.1073/pnas.1105135108

Postuma, R. B., Berg, D., Stern, M., Poewe, W., Olanow, C. W., Oertel, W., et al. (2015). MDS clinical diagnostic criteria for Parkinson’s disease. Mov. Disord. 30, 1591–1601. doi: 10.1002/mds.26424

Qin, H., Zhao, A., and Fu, X. (2017). Small molecules for reprogramming and transdifferentiation. Cell. Mol. Life Sci. 74, 3553–3575. doi: 10.1007/s00018-017-2586-x

Reinhardt, P., Schmid, B., Burbulla, L. F., Schondorf, D. C., Wagner, L., Glatza, M., et al. (2013). Genetic correction of a LRRK2 mutation in human iPSCs links parkinsonian neurodegeneration to ERK-dependent changes in gene expression. Cell Stem Cell 12, 354–367. doi: 10.1016/j.stem.2013.01.008

Ren, Y., Jiang, H., Hu, Z., Fan, K., Wang, J., Janoschka, S., et al. (2015). Parkin mutations reduce the complexity of neuronal processes in iPSC-derived human neurons. Stem Cells 33, 68–78. doi: 10.1002/stem.1854

Robberecht, W., and Philips, T. (2013). The changing scene of amyotrophic lateral sclerosis. Nat. Rev. Neurosci. 14, 248–264. doi: 10.1038/nrn3430

Rosen, D. R., Siddique, T., Patterson, D., Figlewicz, D. A., Sapp, P., Hentati, A., et al. (1993). Mutations in Cu/Zn superoxide dismutase gene are associated with familial amyotrophic lateral sclerosis. Nature 362, 59–62. doi: 10.1038/362059a0

Rowland, H. A., Hooper, N. M., and Kellett, K. A. B. (2018). Modelling sporadic Alzheimer’s disease using induced pluripotent stem cells. Neurochem. Res. 43, 2179–2198. doi: 10.1007/s11064-018-2663-z

Rubio, A., Luoni, M., Giannelli, S. G., Radice, I., Iannielli, A., Cancellieri, C., et al. (2016). Rapid and efficient CRISPR/Cas9 gene inactivation in human neurons during human pluripotent stem cell differentiation and direct reprogramming. Sci. Rep. 6:37540. doi: 10.1038/srep37540

Ruggieri, M., Riboldi, G., Brajkovic, S., Bucchia, M., Bresolin, N., Comi, G. P., et al. (2014). Induced neural stem cells: methods of reprogramming and potential therapeutic applications. Prog. Neurobiol. 114, 15–24. doi: 10.1016/j.pneurobio.2013.11.001

Sanchez-Danes, A., Richaud-Patin, Y., Carballo-Carbajal, I., Jimenez-Delgado, S., Caig, C., Mora, S., et al. (2012). Disease-specific phenotypes in dopamine neurons from human iPS-based models of genetic and sporadic Parkinson’s disease. EMBO Mol. Med. 4, 380–395. doi: 10.1002/emmm.201200215

Sanders, L. H., Laganiere, J., Cooper, O., Mak, S. K., Vu, B. J., Huang, Y. A., et al. (2014). LRRK2 mutations cause mitochondrial DNA damage in iPSC-derived neural cells from Parkinson’s disease patients: reversal by gene correction. Neurobiol. Dis. 62, 381–386. doi: 10.1016/j.nbd.2013.10.013

Sareen, D., O’Rourke, J. G., Meera, P., Muhammad, A. K., Grant, S., Simpkinson, M., et al. (2013). Targeting RNA foci in iPSC-derived motor neurons from ALS patients with a C9ORF72 repeat expansion. Sci. Transl. Med. 5:208ra149. doi: 10.1126/scitranslmed.3007529

Seibler, P., Graziotto, J., Jeong, H., Simunovic, F., Klein, C., and Krainc, D. (2011). Mitochondrial Parkin recruitment is impaired in neurons derived from mutant PINK1 induced pluripotent stem cells. J. Neurosci. 31, 5970–5976. doi: 10.1523/JNEUROSCI.4441-10.2011

Shahbazi, E., Moradi, S., Nemati, S., Satarian, L., Basiri, M., Gourabi, H., et al. (2016). Conversion of human fibroblasts to stably self-renewing neural stem cells with a single zinc-finger transcription factor. Stem Cell Rep. 6, 539–551. doi: 10.1016/j.stemcr.2016.02.013

Shen, J. (2014). Function and dysfunction of presenilin. Neurodegener. Dis. 13, 61–63. doi: 10.1159/000354971

Shi, Y., Inoue, H., Wu, J. C., and Yamanaka, S. (2017). Induced pluripotent stem cell technology: a decade of progress. Nat. Rev. Drug Discov. 16, 115–130. doi: 10.1038/nrd.2016.245

Shi, Y., Kirwan, P., Smith, J., MacLean, G., Orkin, S. H., and Livesey, F. J. (2012). A human stem cell model of early Alzheimer’s disease pathology in Down syndrome. Sci. Transl. Med. 4:124ra129. doi: 10.1126/scitranslmed.3003771

Shi, Z., Zhang, J., Chen, S., Li, Y., Lei, X., Qiao, H., et al. (2016). Conversion of fibroblasts to parvalbumin neurons by one transcription factor, Ascl1, and the chemical compound forskolin. J. Biol. Chem. 291, 13560–13570. doi: 10.1074/jbc.M115.709808

Smith, D. K., Yang, J., Liu, M. L., and Zhang, C. L. (2016). Small molecules modulate chromatin accessibility to promote NEUROG2-mediated fibroblast-to-neuron reprogramming. Stem Cell Rep. 7, 955–969. doi: 10.1016/j.stemcr.2016.09.013

Sommer, C. A., and Mostoslavsky, G. (2010). Experimental approaches for the generation of induced pluripotent stem cells. Stem Cell Res. Ther. 1:26. doi: 10.1186/Scrt26

Sommer, C. A., and Mostoslavsky, G. (2013). The evolving field of induced pluripotency: recent progress and future challenges. J. Cell. Physiol. 228, 267–275. doi: 10.1002/jcp.24155

Son, E. Y., Ichida, J. K., Wainger, B. J., Toma, J. S., Rafuse, V. F., Woolf, C. J., et al. (2011). Conversion of mouse and human fibroblasts into functional spinal motor neurons. Cell Stem Cell 9, 205–218. doi: 10.1016/j.stem.2011.07.014

Sproul, A. A., Jacob, S., Pre, D., Kim, S. H., Nestor, M. W., Navarro-Sobrino, M., et al. (2014). Characterization and molecular profiling of PSEN1 familial Alzheimer’s disease iPSC-derived neural progenitors. PLoS One 9:e84547. doi: 10.1371/journal.pone.0084547

Sreedharan, J., Blair, I. P., Tripathi, V. B., Hu, X., Vance, C., Rogelj, B., et al. (2008). TDP-43 mutations in familial and sporadic amyotrophic lateral sclerosis. Science 319, 1668–1672. doi: 10.1126/science.1154584

Sun, N., Panetta, N. J., Gupta, D. M., Wilson, K. D., Lee, A., Jia, F., et al. (2009). Feeder-free derivation of induced pluripotent stem cells from adult human adipose stem cells. Proc. Natl. Acad. Sci. U.S.A. 106, 15720–15725. doi: 10.1073/pnas.0908450106

Sun, W., Zheng, W., and Simeonov, A. (2017). Drug discovery and development for rare genetic disorders. Am. J. Med. Genet. Part A 173, 2307–2322. doi: 10.1002/ajmg.a.38326

Takahashi, K., Tanabe, K., Ohnuki, M., Narita, M., Ichisaka, T., Tomoda, K., et al. (2007). Induction of pluripotent stem cells from adult human fibroblasts by defined factors. Cell 131, 861–872. doi: 10.1016/j.cell.2007.11.019

Takahashi, K., and Yamanaka, S. (2006). Induction of pluripotent stem cells from mouse embryonic and adult fibroblast cultures by defined factors. Cell 126, 663–676. doi: 10.1016/j.cell.2006.07.024

Tanabe, K., Ang, C. E., Chanda, S., Olmos, V. H., Haag, D., Levinson, D. F., et al. (2018). Transdifferentiation of human adult peripheral blood T cells into neurons. Proc. Natl. Acad. Sci. U.S.A. 115, 6470–6475. doi: 10.1073/pnas.1720273115

Tang, Y., Liu, M. L., Zang, T., and Zhang, C. L. (2017). Direct reprogramming rather than iPSC-Based reprogramming maintains aging hallmarks in human motor neurons. Front. Mol. Neurosci. 10:359. doi: 10.3389/fnmol.2017.00359

Tcw, J. (2019). Human iPSC application in Alzheimer’s disease and Tau-related neurodegenerative diseases. Neurosci. Lett. 699, 31–40. doi: 10.1016/j.neulet.2019.01.043

Torper, O., Pfisterer, U., Wolf, D. A., Pereira, M., Lau, S., Jakobsson, J., et al. (2013). Generation of induced neurons via direct conversion in vivo. Proc. Natl. Acad. Sci. U.S.A. 110, 7038–7043. doi: 10.1073/pnas.1303829110

Traxler, L., Edenhofer, F., and Mertens, J. (2019). Next-generation disease modeling with direct conversion: a new path to old neurons. FEBS Lett. 593, 3316–3337. doi: 10.1002/1873-3468.13678

Tremblay, R., Lee, S., and Rudy, B. (2016). GABAergic interneurons in the neocortex: from cellular properties to circuits. Neuron 91, 260–292. doi: 10.1016/j.neuron.2016.06.033

Utikal, J., Maherali, N., Kulalert, W., and Hochedlinger, K. (2009). Sox2 is dispensable for the reprogramming of melanocytes and melanoma cells into induced pluripotent stem cells. J. Cell Sci. 122, 3502–3510. doi: 10.1242/jcs.054783

Vierbuchen, T., Ostermeier, A., Pang, Z. P., Kokubu, Y., Sudhof, T. C., and Wernig, M. (2010). Direct conversion of fibroblasts to functional neurons by defined factors. Nature 463, 1035–1041. doi: 10.1038/nature08797

Wan, W., Cao, L., Kalionis, B., Xia, S., and Tai, X. (2015). Applications of induced pluripotent stem cells in studying the neurodegenerative diseases. Stem Cells Int. 2015:382530. doi: 10.1155/2015/382530

Wang, C., Najm, R., Xu, Q., Jeong, D.-E., Walker, D., Balestra, M. E., et al. (2018). Gain of toxic apolipoprotein E4 effects in human iPSC-derived neurons is ameliorated by a small-molecule structure corrector. Nat. Med. 24, 647–657. doi: 10.1038/s41591-018-0004-z

Warren, L., Manos, P. D., Ahfeldt, T., Loh, Y. H., Li, H., Lau, F., et al. (2010). Highly efficient reprogramming to pluripotency and directed differentiation of human cells with synthetic modified mRNA. Cell Stem Cell 7, 618–630. doi: 10.1016/j.stem.2010.08.012

Wazan, L. E., Urrutia-Cabrera, D., and Wong, R. C.-B. (2019). Using transcription factors for direct reprogramming of neurons in vitro. World J. Stem Cells 11, 431–444. doi: 10.4252/wjsc.v11.i7.431

Wiedemann, A., Hemmer, K., Bernemann, I., Göhring, G., Pogozhykh, O., Figueiredo, C., et al. (2012). Induced pluripotent stem cells generated from adult bone marrow-derived cells of the nonhuman primate (Callithrix jacchus) using a novel quad-cistronic and excisable lentiviral vector. Cell. Reprogramm. 14, 485–496. doi: 10.1089/cell.2012.0036

Woo, N. H., and Lu, B. (2006). Regulation of cortical interneurons by neurotrophins: from development to cognitive disorders. Neuroscientist 12, 43–56. doi: 10.1177/1073858405284360

Wyss-Coray, T. (2016). Ageing, neurodegeneration and brain rejuvenation. Nature 539, 180–186. doi: 10.1038/nature20411

Xiao, D., Liu, X., Zhang, M., Zou, M., Deng, Q., Sun, D., et al. (2018). Direct reprogramming of fibroblasts into neural stem cells by single non-neural progenitor transcription factor Ptf1a. Nat. Commun. 9:2865. doi: 10.1038/s41467-018-05209-1

Xu, J., Du, Y., and Deng, H. (2015). Direct lineage reprogramming: strategies, mechanisms, and applications. Cell Stem Cell 16, 119–134. doi: 10.1016/j.stem.2015.01.013

Xu, Z., Jiang, H., Zhong, P., Yan, Z., Chen, S., and Feng, J. (2015). Direct conversion of human fibroblasts to induced serotonergic neurons. Mol. Psychiatry 21, 62–70. doi: 10.1038/mp.2015.101

Yagi, T., Ito, D., Okada, Y., Akamatsu, W., Nihei, Y., Yoshizaki, T., et al. (2011). Modeling familial Alzheimer’s disease with induced pluripotent stem cells. Hum. Mol. Genet. 20, 4530–4539. doi: 10.1093/hmg/ddr394

Yu, J., Vodyanik, M. A., Smuga-Otto, K., Antosiewicz-Bourget, J., Frane, J. L., Tian, S., et al. (2007). Induced pluripotent stem cell lines derived from human somatic cells. Science 318, 1917–1920. doi: 10.1126/science.1151526

Zhang, L., Yin, J. C., Yeh, H., Ma, N. X., Lee, G., Chen, X. A., et al. (2015). Small molecules efficiently reprogram human astroglial cells into functional neurons. Cell Stem Cell 17, 735–747. doi: 10.1016/j.stem.2015.09.012

Zhang, Q. J., Li, J. J., Lin, X., Lu, Y. Q., Guo, X. X., Dong, E. L., et al. (2017). Modeling the phenotype of spinal muscular atrophy by the direct conversion of human fibroblasts to motor neurons. Oncotarget 8, 10945–10953. doi: 10.18632/oncotarget.14641

Zhang, Z., and Wu, W.-S. (2013). Sodium butyrate promotes generation of human induced pluripotent stem cells through induction of the miR302/367 cluster. Stem Cells Dev. 22, 2268–2277. doi: 10.1089/scd.2012.0650

Zhao, P., Luo, Z., Tian, W., Yang, J., Ibáñez, D. P., Huang, Z., et al. (2014). Solving the puzzle of Parkinson’s disease using induced pluripotent stem cells. Exp. Biol. Med. 239, 1421–1432. doi: 10.1177/1535370214538588


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2020 Zhang, Xie, Hu, Afreen, Zhang, Zhuge and Yang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.










	
	ORIGINAL RESEARCH
published: 17 December 2020
doi: 10.3389/fnagi.2020.548616






[image: image2]
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Purpose: To develop and validate an integrative nomogram based on white matter (WM) radiomics biomarkers and nonmotor symptoms for the identification of early-stage Parkinson's disease (PD).

Methods: The brain magnetic resonance imaging (MRI) and clinical characteristics of 336 subjects, including 168 patients with PD, were collected from the Parkinson's Progress Markers Initiative (PPMI) database. All subjects were randomly divided into training and test sets. According to the baseline MRI scans of patients in the training set, the WM was segmented to extract the radiomic features of each patient and develop radiomics biomarkers, which were then combined with nonmotor symptoms to build an integrative nomogram using machine learning. Finally, the diagnostic accuracy and reliability of the nomogram were evaluated using a receiver operating characteristic curve and test data, respectively. In addition, we investigated 58 patients with atypical PD who had imaging scans without evidence of dopaminergic deficit (SWEDD) to verify whether the nomogram was able to distinguish patients with typical PD from patients with SWEDD. A decision curve analysis was also performed to validate the clinical practicality of the nomogram.

Results: The area under the curve values of the integrative nomogram for the training, testing and verification sets were 0.937, 0.922, and 0.836, respectively; the specificity values were 83.8, 88.2, and 91.38%, respectively; and the sensitivity values were 84.6, 82.4, and 70.69%, respectively. A significant difference in the number of patients with PD was observed between the high-risk group and the low-risk group based on the nomogram (P < 0.05).

Conclusion: This integrative nomogram is a new potential method to identify patients with early-stage PD.

Keywords: radiomics, white matter, magnetic resonance imaging, machine learning, Parkinson's disease


INTRODUCTION

Parkinson's disease (PD) is a common age-related progressive neurodegenerative disease (Dorsey et al., 2007). PD begins subtly and progresses slowly; thus, when the diagnosis is clear, most patients are in the middle or late stages of the disease. As the use of neuroprotective drugs by these patients has little effect on the speed of PD progression (LeWitt, 2015), an early diagnosis is of paramount importance for identifying disease onset and developing effective treatment plans. Currently, the diagnosis of PD mainly depends on the patient's medical history and clinical symptoms; however, the early stages of PD can include many atypical symptoms such as sleep disorders, decreased olfactory function and cognitive disturbances, and these non-motor symptoms often precede clinical motor signs (Mielke and Maetzler, 2014). Unfortunately, the cardinal and defining nonmotor symptoms used for the early diagnosis of PD in the clinic, particularly the symptoms that are typical of the early stages, also occur in patients with other disorders (Trojano and Papagno, 2018; De Pablo-Fernández et al., 2019), and the diagnostic error rate is as high as 25% among practitioners with limited clinical experience in diagnosing early-stage of PD (Miller and O'Callaghan, 2015). Thus, it is very challenging to diagnose early-stage PD based on current diagnostic standards.

In recent years, progress has been achieved in magnetic resonance imaging (MRI) technology in the field of neuroimaging (Agosta et al., 2017), such as structural MRI (Tzarouchi et al., 2010), diffusion tensor imaging (Schwarz et al., 2013), and blood oxygen level-dependent functional MRI (Benzagmout et al., 2019). These different techniques represent effective methods for non-invasively studying changes in brain morphology and function associated with PD. However, given the high cost of long functional imaging sessions and a general lack of standard imaging protocols, as represented by differences between MRI systems, scanning protocols and magnetic field strength (Frederick and Meijer, 2014), these complex scanning techniques cannot become widespread in clinical practice. Therefore, the identification of a simple, noninvasive measure to preclinically identify patients with early-stage PD is important.

Radiomics is a recently emerged field of radiology that quantifies imaging data with the aid of advanced image processing techniques, including high-throughput analysis and feature selection, to build biomarkers for the complete characterization of tumors (Liu et al., 2019). At this stage, the new quantitative imaging technology of radiomics has already been used to diagnose neurodegenerative diseases, including PD (Shinde et al., 2019). Nevertheless, most PD studies using radiomics examine only the substantia nigra (SN), where iron accumulation is spatially heterogeneous, allowing clinicians to easily distinguish patients with PD from healthy people (Guan et al., 2017). While the SN provides robust disease biomarkers, the concern is that radiomic analysis of the SN depends on the use of a special sequence, such as quantitative susceptibility mapping or neuromelanin-sensitive imaging, to display the contours of the SN. Understandably, the complexity of this technology has limited its clinical application.

However, the SN of patients with PD is not the only area exhibiting obvious disease-related tissue changes. White matter (WM) has also exhibits been reported to exhibit widespread microstructural alterations in patients with early-stage PD in the absence of gray matter atrophy and cognitive impairment (Pelizzari et al., 2020). In addition, several studies have shown widespread WM and gray matter changes in individuals with PD (Muthuraman et al., 2017; Koirala et al., 2019). Hence, an investigation of WM microstructural integrity in patients with PD may enable more successful exploration of early biomarkers of PD. Previous studies based on diffusion tensor imaging have shown that patients with PD present a greater decrease in WM integrity (Pozorski et al., 2018) than healthy people and often display extensive changes in the microstructure of WM in the early stage of PD even before the onset of cortical neuron loss (Rektor et al., 2018). Based on this evidence, structural changes occur earlier than physiological changes in the early stage of PD. Moreover, a three-dimensional radiomic analysis of WM throughout the brain was recently shown to reflect microstructural changes based on conventional T1-weighted imaging sequences (Shu et al., 2020), which may be more suitable than diffusion tensor imaging sequences for clinical application based on cost alone. Accordingly, we hypothesized that the structural changes in WM in patients with early-stage PD would also be detected by a radiomic analysis and would be of potential use for exploring new imaging-based disease biomarkers. To the best of our knowledge, this type of analysis has not yet been performed.

PD is a complex neurodegenerative disorder in which many different pathophysiological processes have been identified in different brain regions. Furthermore, a single WM biomarker will not be able to accurately diagnose and monitor disease progression; rather, a combination of different biomarkers should be used to provide a more comprehensive approach. As shown in previous studies, early diagnosis has been accomplished by the detection of multiple factors including impaired olfaction, depression, rapid eye movement sleep behavior disorder (RBD), excessive daytime sleepiness (EDS) and cognitive decline (CD) (Kalia and Lang, 2015), which usually occur in the prodromal stage of PD (Filippi et al., 2018). Accordingly, the purpose of this study was to explore the possibility of developing novel imaging biomarkers of PD from WM using radiomics and combining them with prodromal nonmotor symptoms to generate an integrative nomogram for disease classification. Overall, we hope to propose a low-cost and highly accurate method for identifying patients with early-stage PD.



MATERIALS AND METHODS


Patients

The datasets used to build the model were all obtained from the Parkinson's Progress Markers Initiative (PPMI) database (http://www.ppmi-info.org), which is the first global and comprehensive international Parkinson's research database (Parkinson Progression Marker Initiative, 2011). The PPMI is a landmark observational clinical study designed to comprehensively evaluate cohorts of significant interest using advanced imaging, biological, clinical and behavioral assessments to identify biomarkers of PD progression. Because the PPMI is a longitudinal study, we chose to use the baseline data to study early-stage PD. Importantly, all subjects were in the first or second stage of the disease according to the Hoehn-Yahr scale, and none of them had received drug treatment. The average interval between the development of clinical symptoms and the diagnosis of PD in these patients was 16.5 ± 14.9 months. Therefore, we defined the disease stage of these subjects as the early stage of PD. The detailed characteristics of the patients and the disease duration are provided in the Supplementary Materials. After age and sex matching, 168 healthy controls (HCs) and 168 patients with PD were selected from the database. These 336 subjects were then randomly divided into a training set (n = 234) and a test set (n = 102). The training set was used to build the diagnostic model, and the test set was used to verify the reliability of the model. We also investigated 58 age- and sex-matched patients with atypical PD from the PPMI who had imaging scans without evidence of dopaminergic deficit (SWEDD) to determine whether the model was able to distinguish patients with typical PD from patients with SWEDD. The matching details are provided in the supporting materials. Figure 1 shows the recruitment process for the research study.


[image: Figure 1]
FIGURE 1. Flowchart of the recruitment process in the current study.




Whole-Brain White Matter Segmentation and Image Preprocessing

We obtained T1-weighted MRI data from the PPMI database. The PPMI diffusion MRI data were acquired using Siemens Tim Trio and Siemens Verio 3 Tesla MRI scanners at 32 different international sites based on a standardized protocol. T1-weighted MRI data were obtained using the following parameters: TR = 2300 ms, TE = 2.98 ms, TI = 900 ms, image matrix = 240 × 256 × 176, and voxel resolution = 1 × 1 × 1 mm3. All images were automatically segmented into whole-brain gray matter, WM and cerebrospinal fluid volumes using the spm12 software package (https://www.fil.ion.ucl.ac.uk/spm/software/spm12/). The WM boundaries were manually adjusted using ITK-SNAP software (http://www.itksnap.org) by two experienced neuroradiologists (radiologist A and radiologist B, with 5 and 10 years of neuroimaging experience, respectively) who were blinded to the clinical data. This modification was accomplished using the following steps: (1) removal of nonbrain tissue, brainstem, and cerebellum and (2) modification of WM segmentation. Then, the WM volumes were imported into AK software (Quantitative Analysis Kit, version 1.2, GE Healthcare) for image preprocessing. First, all images were resampled to 1 × 1 × 1 mm3 resolution through linear interpolation to eliminate the effect of anisotropy on the features. A Gaussian filter was then applied to reduce noise, and the magnetic field inhomogeneity was corrected, which also assisted with reducing the effects of external interference factors. Finally, the intensity was standardized to limit the grayscale values of all images to a range of 0-32 and ensure that they would be compared without bias (Sun et al., 2018).



Radiomic Feature Extraction

AK software was used to extract 378 radiomic features based on the WM images, including histogram (42 features), Haralick (10 features), form factor (9 features), gray-level co-occurrence matrix (126 features, GLCM), run-length matrix (180 features, RLM) and gray-level size-zone Matrix (11 features, GLSZM) features. A detailed description of the features is provided in Figure 2. These features have been shown to characterize cancer heterogeneity and potentially reflect changes in the image structure (Mayerhoefer et al., 2020). In addition, we used the features that were most robust to manual correction by different radiologists (Shu et al., 2019) to ensure the stability and repeatability of the radiomics features. The Spearman rank correlation test was used to calculate the correlation coefficient (CC) of each feature between feature set A (from radiologist A) and feature set B (from radiologist B). Features with a CC> 0.8 were considered robust features (Wu et al., 2016). The quantitative value of robust features is the average of the two features.


[image: Figure 2]
FIGURE 2. Details of the extracted features. Three hundred seventy-eight features were extracted from six categories.




Establishment of an Overarching Radiomic Biomarker

Not every single feature is equally relevant to the diagnosis of PD. Furthermore, data reduction or feature selection is necessary to obtain meaningful results from pattern recognition analysis (Ashburner, 2009). In the present study, the minimum redundancy maximum relevance (mRMR) algorithm was used to extract robust features from the training set (Mukaka, 2012). The aim of the maximum relevance procedure was to select features with the maximal correlation with the actual PD diagnosis. At the same time, the minimum redundancy process ensured that the selected features had minimal redundancy among the other features, and we defined features with CCs greater than 0.1 and 0.8 as high-correlation and low-redundancy features, respectively. Then, the mRMR method was used to obtain an optimal feature set with a high correlation and low redundancy. Second, the least absolute shrinkage and selection operator (LASSO) algorithm was then applied to reduce the dimensionality of the optimal feature set. Finally, a gradient boosting decision tree (GBDT) algorithm was utilized to select radiomic features and build the composite radiomic biomarker. In order to quantify the radiomics biomarker discriminability, a score was calculated using the biomarker model from each patient in the training set. This result reflected the possibility of PD and was defined as the rad-score. The training set biomarker formula was employed to calculate the scores for the test set. Finally, the accuracy of the radiomic biomarker obtained from the training and test sets was evaluated by constructing a receiver operating characteristic (ROC) curve. To further verify the clinical efficacy of the radiomics biomarker, we conducted a stratified analysis of the rad-scores for patients with different nonmotor symptoms. Detailed information on dimensionality reduction is provided in the Supplementary Materials.



Construction of the Integrative Nomogram

Stepwise logistic regression analysis was performed to select independent predictors of PD for each potential predictive variable: demographic characteristics (i.e., family history of PD, age, and sex), nonmotor symptoms (i.e., impaired olfaction, depression, RBD, EDS, and CD) and radiomic biomarkers in the training set. In addition, machine learning, an important part of radiomics, improves the accuracy, performance, and predictive ability of the model (Chen et al., 2018; Watson et al., 2019). Accordingly, five machine learning classifiers were used to construct the predictive model and included support vector machine (SVM), Bayes, logistic regression, random forest, and decision tree classifiers. All models were examined using 5-fold cross-validation, in which 20% of the data were used to test the biomarker that was created with the other 80% of data. Different test and training set data were used for every 5-fold cross-validation, and the average classification accuracy was calculated based on 10 iterations of 5-fold cross-validation. The accuracy of the model using different machine learning classifiers was evaluated with an ROC curve and the DeLong test. Finally, the best machine learning method was applied to develop a predictive model for PD based on independent predictors, and an integrative nomogram was constructed. Figure 3 shows the workflow for creating the radiomics model. Detailed information about the machine learning techniques used in the present study is provided in the Supplementary Materials.


[image: Figure 3]
FIGURE 3. Workflow used to build the radiomic model.




Assessment of the Integrative Nomogram

Based on the nomogram, the risk score of PD was calculated for each patient. The accuracy of the nomogram obtained from the training and test sets was then evaluated with an ROC curve. A calibration curve was generated to evaluate the calibration performance, and the Hosmer-Lemeshow test was performed to analyze the goodness-of-fit of the nomogram. We attempted to distinguish the patients with PD in the SWEDD dataset to further evaluate the performance of the integrative nomogram. A dataset of age- and sex-matched patients with SWEDD and PD was collected from the PPMI, and the probability of PD was defined from the model score and was calculated for each patient using the integrative nomogram. Taking the threshold of the Youden index of the ROC curve as the classification point, we divided all cases into a low-risk and a high-risk group according to the model score. Based on the actual PD patients in different risk groups, the clinical effect of the nomogram was determined. Finally, the net benefit of the model was evaluated using decision curve analysis (DCA) (O'Brien, 2007).



Statistical Analyses

Statistical analyses were performed with the Statistical Package for the Social Sciences (SPSS) version 22.0 (SPSS, Inc., Chicago, IL, USA), GraphPad Prism 6 (GraphPad Software, San Diego, CA, USA) and R software (version 3.3.1). Differences between categorical variables were examined using a chi-square test. Parametric data were assessed using an independent-sample t-test, whereas nonparametric data were assessed using the Mann-Whitney U-test. All analyses were controlled for age and sex. The nomogram was constructed, and calibration plots were generated using the “rms” package. The DCA was performed with the “dca.R.” package. Results with a two-tailed P < 0.05 were considered significant.




RESULTS


Comparison of Patients' Clinical Data

Significant differences in Hoehn-Yahr staging were observed between patients in the three datasets (training set, test set and SWEDD set), but other clinical features were not significantly different, as shown in Table 1. However, a family history of PD, impaired olfaction and CD were significantly different between HCs and patients with PD in both the training and test sets, and RBD was significantly different between HCs and patients with PD in the test set. No other significant differences existed, as shown in Table 2.


Table 1. Descriptive statistics of the three datasets.
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Table 2. Clinical characteristics of the training and test sets.
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Development and Accuracy of the Radiomic Biomarker

After dimensionality reduction was applied to the 378 extracted features, four features were ultimately selected to construct the radiomics biomarker using logistic regression analysis. Detailed information on the dimensionality reduction process and features is provided in the Supplementary Materials. The rad-score was calculated from the formula for the radiomics biomarker, and it displayed favorable predictive efficacy in the training and test sets (the area under the curve (AUC) values were 0.838 and 0.826, respectively; the specificity was 83.8 and 84.3%, respectively; and the sensitivity was 71.8 and 74.5%, respectively). In addition, the nonmotor symptoms of patients with PD were compared using the rad-score. We observed a significant difference in rad-scores between patients with PD without olfactory disturbances and patients with PD and olfactory impairment, as illustrated in Figure 4.


[image: Figure 4]
FIGURE 4. Violin plots of subgroups of patients stratified by non-motor symptoms. The blue line represents the median, and the red lines represent the first and third quartiles. RBD, rapid eye movement sleep behavior disorder; EDS, excessive daytime sleepiness; FD, family history of PD; DP, depression; CD, cognitive decline; IO, impaired olfaction.




Development of an Integrative Nomogram

A family history of PD, impaired olfaction, CD and radiomics biomarkers were independent predictors of PD according to the univariate logistic regression analysis. ROC curves showed that radiomics biomarkers had the highest diagnostic efficacy among these independent predictors (Figure 5). Then, impaired olfaction, CD and radiomics biomarkers were selected as the factors to construct the integrated model using a stepwise logistic regression analysis, as shown in Table 3. Based on three independent predictors, five machine learning methods were used to construct the model. The AUC values of the SVM, Bayes, logistic regression, random forest, and decision tree classifiers in the training set were 0.927, 0.903, 0.937, 0.914, and 0.897, respectively. The predictive performance of the different machine learning methods is presented in the Supplementary Material. The DeLong test showed a significant difference in the AUC value of the logistic regression model compared with the other machine learning methods. Accordingly, the logistic regression classifier was used to build the models and develop an integrative nomogram, as depicted in Figure 6.


[image: Figure 5]
FIGURE 5. Diagnostic accuracy of the independent predictors in the training and test sets. FD, family history of PD; CD, cognitive decline; IO, impaired olfaction.



Table 3. Stepwise logistic regression analysis of the nomogram for PD prediction.
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[image: Figure 6]
FIGURE 6. (A) ROC curves of the five machine learning methods. (B) Heatmap of p-values obtained using the model compared with each of the other machine learning methods based on the DeLong test. (C) Integrative nomogram used to detect PD. The nomogram was developed using the training set. In the nomogram, a vertical line is first generated according to the value of the rad-score to determine the corresponding score. Similarly, the scores for CD and olfaction are also determined. Then, the total score is calculated as the sum of the three scores described above. Finally, a vertical line is generated according to the value of the total score to determine the probability of PD.




Performance of the Nomogram

The calibration curves showed the consistency between the predicted PD probability and the actual PD probability for the nomogram in both the training and testing sets. The Hosmer-Lemeshow test did not reveal a significant difference between the performance of the nomogram in the training and testing sets (P > 0.05), indicating the lack of a deviation from the fit. The accuracy, specificity, and sensitivity of the nomogram for identifying PD were 0.937, 83.8, and 84.6%, respectively, for the training set and 0.922, 88.2, and 82.4%, respectively, for the test set. The DCA curves also showed good net benefits, which indicated the superior diagnostic accuracy of the nomogram, as indicated in Figure 7. The integrative nomogram showed good classification results in the datasets containing patients with PD and SWEDD from the PPMI. The AUC, sensitivity and specificity were 0.836, 70.69, and 91.38%, respectively. Finally, the dataset was divided into a high-risk group and a low-risk group according to the best diagnostic threshold of the nomogram (cutoff value: 0.2862), and the chi-square test revealed a significant difference in the number of patients with PD between the high-risk group and the low-risk group (χ2 = 40.474, ϕ = 0.5847, P < 0.001; Figure 8).


[image: Figure 7]
FIGURE 7. Calibration of the radiomics nomogram for PD in the training and test sets (A,B). The dashed line represents the reference line where an ideal biomarker would lie, the dotted line represents the performance of the biomarker, and the solid line corrects for any bias in the biomarker. ROC curves of the radiomics nomogram for detecting the presence of PD in the training and test sets (C,D). A DCA was performed to show the clinical effectiveness of the nomogram in predicting the presence of PD in patients included in the training and test sets (E,F). The y-axis represents the net benefit. The pink line represents the radiomics nomogram. The solid black line represents the hypothesis that all patients had PD. The black dotted line represents the hypothesis that no patients had PD. The x-axis represents the threshold probability. The threshold probability is where the expected benefit of treatment is equal to the expected benefit of avoiding treatment. For example, if the possibility of PD in a patient is over the threshold probability, then a treatment strategy for PD should be adopted. The decision curves for the test set showed that if the threshold probability is between 0 and 0.88, then the use of the radiomic nomogram to predict PD provides a greater benefit than treating either all or none of the patients.



[image: Figure 8]
FIGURE 8. ROC curves for the nomogram in predicting PD in the validation dataset (A). Bar plots show a significantly higher incidence of PD in the high-risk group than in the low-risk group (B). *represents p < 0.05.





DISCUSSION

Our results show a difference in the value of radiomic biomarkers based on whole-brain white matter between patients with PD and HCs, suggesting that the microstructure of the WM in patients with PD is altered at the early disease stage (Rektor et al., 2018). Furthermore, the difference in the rad-score in the olfactory subgroup suggested that WM damage might be a risk factor for impaired olfaction. In addition, the integrative nomogram showed good performance for identifying patients with early-stage PD, particularly in the SWEDD dataset. We believe that the diagnostic model for PD will be expanded in the future, particularly given the convenience and speed of using the nomogram in the clinic.

Brain MRI is commonly used in clinical practice to evaluate the structural anatomy and pathology of the brain and is also used in the diagnostic workup of PD to exclude the presence of subcortical vascular pathology or other causes of secondary parkinsonism and to differentiate PD from atypical parkinsonism (Heim et al., 2017). However, conventional MRI does not increase the diagnostic value when the clinical diagnosis is uncertain, which is particularly true in the early stages of PD (Brooks, 2000; Meijer et al., 2012). Encouragingly, we were able to use T1-weighted images to identify patients with PD in the present study, which will further expand the application of conventional MRI sequences for the early diagnosis of PD. Similar studies using T2-weighted imaging (T2WI) from conventional MRI have constructed a radiomic model to distinguish patients with PD from HCs (Liu et al., 2020); however, the authors manually placed regions of interest at the caudate nucleus and putamen, which is a very subjective and time-consuming process. These structures are also very small, and the segmentation is not sufficiently accurate. Overall, imaging WM is very accessible and inexpensive in clinical practice compared to imaging of the caudate nucleus and putamen. In addition, we inferred that PD might tend to cause greater damage in WM than other neurological degenerative diseases, as evidenced by the excellent performance of the WM-based radiomics integrative nomogram for distinguishing patients with PD from patients with SWEDD. This increased performance may be due to WM changes that likely represent axonal degeneration and myelin damage, which often occur early in disease progression (Burke and O'Malley, 2013) and support our hypothesis. Interestingly, WM is not the main pathological substrate of PD, and the difference in radiomics features further confirms the existence of a compensatory mechanism in the brain tissue in response to early-stage PD (Mizuno et al., 2010), which will be studied in the future.

Adeli et al. combined MRI and SPECT and achieved a PD diagnostic accuracy of 97.5% (Adeli et al., 2017). Obviously, this figure exceeds the predictive accuracy reported in the current study, but the accuracy reported in the previous study mainly depended on the SPECT data, whereas the results of our study mainly depended on MRI data alone. In our results, the diagnostic efficiency of the radiomic biomarker based on MRI was 83.8%, much higher than the value for other nonmotor symptoms. Nonetheless, the diagnostic efficiency of radiomic biomarkers was lower in the present study than that the study by Wu et al. (2019), who showed that the diagnostic efficiency of radiomic biomarkers based on 18F-FDG PET images was 90.97%. However, because PET is not widely used in routine clinical practice, the method may lack practicality. Of course, we should not ignore the other factors that were used to build the model, including CD and impaired olfaction, which also contributed substantially to the model. In fact, impaired olfaction is one of the most common and typical nonmotor disorders associated with PD (Fullard et al., 2017), and most patients with PD develop an impairment of olfaction 4–6 years before they start to present motor impairment (Reichmann, 2017). This finding may also explain why olfactory impairment is the only non-motor symptom displaying statistically significant differences in the scores of the radiomics biomarker in patients with PD, and a deterioration in the sense of smell has been postulated to reflect extrastriatal neurodegeneration in patients with PD (Schrag et al., 2017). Accordingly, we speculate that olfactory damage may also reflect early changes in the WM microstructure, but further research is needed.

The advantages of the nomogram are also reflected in other aspects of this study. We analyzed 3D WM images, while most previous studies were based largely on a cross-sectional analysis of the SN (Takahashi et al., 2018; Cheng et al., 2019; Li et al., 2019). Nevertheless, a cross-sectional image of the SN may not completely reflect the early typical pathological changes associated with PD, and larger whole-brain changes will likely give a better representation of the global alterations associated with the disease. Four radiomic features were selected in the present study, including two features of RLM. In a previous study, RLM features, which reflect roughness and directionality, were also associated with the progression of white matter hyperintensity (WMH) (Li et al., 2017). Directionality refers to a specific route or angle of the nerve fasciculus. In normal WM, nerve fibers are properly oriented and regulated; nevertheless, when myelin is damaged, the neural structure may be disrupted (Yu et al., 2004), consistent with the white matter damage observed even in patients with early-stage PD in previous studies using advanced MRI technologies, such as DTI (Bergamino et al., 2020; Sanjari Moghaddam et al., 2020), showing that structural changes in the WM may underlie the clinical and pathologic heterogeneity of PD and cause relative cognitive impairment. Therefore, WM is a promising brain tissue to provide new insights that will be important for the early diagnosis of PD.

The correction curve and DCA showed the stability and clinical diagnostic benefits of the nomogram (AUC of 0.937), but the sensitivity of the nomogram may still be lower than that of cerebrospinal fluid, which was the first identified biomarker of PD (Olsson et al., 2016). As shown in a similar study, early diagnosis of PD based on a cerebrospinal fluid model constructed using machine learning achieved a sensitivity of 90% (Dos Santos et al., 2018). Regardless, the nomogram used in this study as a noninvasive evaluation tool may be more suitable for clinical application than invasive detection of cerebrospinal fluid. Furthermore, the accuracy of the nomogram decreased from 0.937 to 0.836 when applied to patients with SWEDD compared with HCs. We speculate that this decrease may be due to early microstructural changes in WM caused by other neurological diseases in patients included in the SWEDD dataset, and similar to patients with early-stage PD, these changes were accelerated. However, the difference between patients with PD and patients with SWEDD is likely attributable to the lack of dopaminergic neurons (Wyman-Chick et al., 2016); therefore, the model will undoubtedly further reflect the pathological mechanism of dopaminergic damage (Liu et al., 2018). Additionally, participants classified as having SWEDD who would later be diagnosed with PD might be distinguished from patients who would not develop PD. The nomogram was able to discriminate patients without evidence of dopaminergic deficits typical of PD from patients with other neurological disorders, which might be useful to clinicians, particularly when the nomogram is combined with imaging data.

Despite the overall positive results presented here, the current study still has some limitations. First, regarding the samples used for external verification, a larger sample size from multiple research centers is needed to verify and improve the results of the present study. Second, the patients with PD who were included in this study may have been in different neurological disease stages, and differences in WM features were still observed between patients with PD and HCs (the severity of PD did not appear to affect the results of this study). Final, we did not consider the possible effect of chronic dopaminergic medications on our results; the regimen of neuropsychiatric medications provided to patients during illnesses potentially affects brain structures (Zeng et al., 2015). Nevertheless, analysis of this cohort enabled us to establish a preliminary nomogram, facilitating the future consideration of long-term medication use in a larger and more diverse prospective study.

Although early diagnosis of PD is still based on clinical criteria, the advent of integrative nomograms will provide an imaging measure that can detect early-stage PD and may serve as a basis for future disease prediction studies in longitudinal cohorts.
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Exercise intervention studies in mild cognitive impairment (MCI), a prodromal stage of Alzheimer's disease (AD), have demonstrated inconsistent yet promising results. Addressing the limitations of previous studies, this trial investigated the effects of a 12-month structured exercise program on the progression of MCI. The NeuroExercise study is a multicenter randomized controlled trial across three European countries (Ireland, Netherlands, Germany). Hundred and eighty-three individuals with amnestic MCI were included and were randomized to a 12-month exercise intervention (3 units of 45 min) of either aerobic exercise (AE; n = 60), stretching and toning exercise (ST; n = 65) or to a non-exercise control group (CG; n = 58). The primary outcome, cognitive performance, was determined by an extensive neuropsychological test battery. For the primary complete case (CC) analyses, between-group differences were analyzed with analysis of covariance under two conditions: (1) the exercise group (EG = combined AE and ST groups) compared to the CG and (2) AE compared to ST. Primary analysis of the full cohort (n = 166, 71.5 years; 51.8% females) revealed no between-group differences in composite cognitive score [mean difference (95% CI)], 0.12 [(−0.03, 0.27), p = 0.13] or in any cognitive domain or quality of life. VO2 peak was significantly higher in the EG compared to the CG after 12 months [−1.76 (−3.39, −0.10), p = 0.04]. Comparing the two intervention groups revealed a higher VO2peak level in the aerobic exercise compared to the stretching and toning group, but no differences for the other outcomes. A 12-month exercise intervention did not change cognitive performance in individuals with amnestic MCI in comparison to a non-exercise CG. An intervention effect on physical fitness was found, which may be an important moderator for long term disease progression and warrants long-term follow-up investigations.

Clinical Trial Registration: https://clinicaltrials.gov/ct2/show/NCT02913053, identifier: NCT02913053.

Keywords: Alzheimer's disease, non-pharmacological treatment, aerobic exercise, cognition, quality of life


INTRODUCTION

Worldwide, over 46 million people are living with dementia, with the numbers expected to rise to approximately 74 million by 2030 (Prince et al., 2015). The prevalence of mild cognitive impairment (MCI), a stage of cognitive impairment with minimal functional loss that is often, but not always, a prodromal stage of dementia (McKhann et al., 2011), is 6.7% for ages 60–64 and rises to 25.2% for ages 80–84 (Albert et al., 2011; Petersen et al., 2018). Clinicians and researchers differentiate between amnestic MCI (aMCI), which describes the dominance of memory impairments and is most likely to transition to dementia due to Alzheimer's disease (AD), and non-amnestic MCI, which is characterized by an impairment in other cognitive domains (e.g., language, visuospatial) (Petersen, 2004). Individuals with both aMCI or non-amnestic MCI have a cumulative risk of 14.9% of developing dementia within 2 years (Petersen, 2004; Winblad et al., 2004; Petersen et al., 2018). As such, cognitive decline due to dementia is a key contributor to the significant economic impact of an aging population (Prince et al., 2015), and is identified as a global health and healthcare priority.

If a primary prevention strategy could delay conversion to dementia by even two years, it would reduce the total number of patients living with dementia and have substantial public health, economic and societal benefits (Vickland et al., 2010; Brodaty et al., 2011; Sperling et al., 2011), further highlighting the importance of early detection and treatment of cognitive decline. Currently, there is no proven treatment for people with MCI that delays progression to dementia. However, the recently updated practice guidelines of the American Academy of Neurology (AAN) for the treatment of MCI suggest that exercise is a promising non-pharmacological strategy to improve cognitive function in individuals with MCI (Petersen et al., 2018). This recommendation was underpinned by only two studies that investigated the effect of a 6-month multicomponent exercise or resistance exercise intervention on the progression of MCI and demonstrated a positive effect on domain-specific cognitive function (attention and episodic memory) (Nagamatsu et al., 2012; Suzuki et al., 2012). Furthermore, the results from four systematic reviews recommend exercise as a promising treatment option and included different exercise modes from multicomponent exercises to tai chi in their reviews (Ohman et al., 2014; Wang et al., 2014; Zheng et al., 2016; Song et al., 2018). Whereas three of them recommend aerobic exercise as probably the most effective form of exercise to maintain or improve cognitive function in individuals with MCI (Ohman et al., 2014; Zheng et al., 2016; Song et al., 2018), the other one did not define the type of exercise more specifically (Wang et al., 2014). However, these reviews recommend larger sample sizes, standardized neuropsychological testing, longer intervention periods and well-defined MCI diagnostic criteria, as these were methodological issues limiting previous studies. A recent study by Tarumi and colleagues compared 12 months of either stretching or aerobic exercise training in individuals with aMCI and concluded that both exercise modes improved executive and memory functions (Tarumi et al., 2019). However, the authors did not include a non-exercise control group, which precludes a direct comparison with their trial. Moreover, the two studies included in the AAN guideline included only women or less than 100 participants, which limits their external validity (Nagamatsu et al., 2012; Suzuki et al., 2012).

The multicenter NeuroExercise project addressed these limitations by strictly recruiting participants with aMCI, increasing the sample size compared to previous studies, extending the intervention period, involving three different countries and bringing together experts from clinical and exercise intervention trials (Devenney et al., 2017). The aim of the NeuroExercise project was to investigate the effects of a 12-month structured exercise program (either aerobic exercise or stretching and toning exercises) on the progression of cognitive decline in MCI compared to a control group. We hypothesized that participation in an extensive exercise program, of either aerobic exercise or stretching and toning exercises, would demonstrate a slower rate of cognitive decline compared to the control group.



METHODS


Trial Overview, Standard Protocol Approvals, and Registrations

The NeuroExercise project was a randomized controlled trial performed in three centers in Europe; the German Sport University Cologne, Germany, Radboud University Medical Center, Nijmegen, the Netherlands and at St. James's Hospital and Trinity College Dublin, Ireland. Participants were randomized to either a yearlong supervised and home-based aerobic exercise program, an equivalent non-aerobic stretching and toning program or to a control group using a centrally controlled computer-generated randomization list (for each country), controlled by an independent statistician.

The ethics committee of the German Sport University, Cologne Germany, the Commisie Mensgebonden Onderzoek Arnhem-Nijmegen, Netherlands, and the Tallaght Hospital/St. James's Hospital Joint Research Ethics Committee Dublin Ireland, approved the study protocol, which has been described previously (Devenney et al., 2017). All participants provided written informed consent to participate in accordance with the provisions of the Declaration of Helsinki. Participants were recruited between October 2015 and September 2017. The trial is registered at Clinicaltrials.gov (trial registration number: NCT02913053).



Participants and Study Procedure

Sedentary adults aged 50 years or older diagnosed with aMCI were recruited via hospital memory clinics affiliated with the three sites and from the community via advertisements in local newspapers. Eligibility criteria for inclusion were: (1) an education adjusted Montreal Cognitive Assessment (MoCA) score between 18 and 26; (2) stable medical condition for more than 6 months and stable medication for more than 3 months; (3) medical clearance to undergo a symptom-limited cardiopulmonary exercise test and extensive aerobic exercise training; (4) physical ability sufficient to allow performance of endurance exercise training; (5) capacity to provide written and dated informed consent form. Participants recruited from the community completed additional testing to confirm MCI status. To distinguish between amnestic and non-amnestic MCI, we applied education adjusted cut-offs of −2 standard Deviation (SD) for low education (<10 years of education), −1.5 SD for the middle group (10–13 years of education) and −1 SD for the highly educated (>13 years of education), which were taken from the delayed recall portion of either the Logical Memory (story recall) subtest of the Wechsler Memory Scale IV LM (Ireland and Netherlands) or the Repeatable Battery for the Assessment of Neuropsychological Status Delayed Memory Index (Germany) (Randolph et al., 1998; Wechsler, 2008; Hendriks et al., 2014).

Exclusion criteria were: (1) a diagnosis of AD or any other type of dementia; (2) any neurological disorder or other severe chronic disease; (3) engagement in moderate-intensity aerobic exercise training for more than 30 min, three times per week, during past the 2 years. A full list of in- and exclusion criteria as well as sample size calculations have been published previously (Devenney et al., 2017).



Interventions

In each center participants were randomly assigned to the aerobic exercise (AE), the non-aerobic stretching and toning group (ST) or the control group (CG). Both exercise groups consisted of 3 × 45 min exercise sessions per week over 12 months and exercise intensity was monitored using Borg's Rating of Perceived Exertion (RPE), which is a scale from 6 (“no exertion”) to 20 (“maximal exertion”) that assess subjective perception of effort during exercise (Borg, 1998; Stuckenschneider et al., 2019). Participants of the AE group had a target RPE of at least 13 while exercising, whereas participants in the ST group exercised to an RPE <10 (Borg, 1998). Participants in the AE group performed indoor and outdoor walking and running exercises, whereas participants in the ST group performed light resistance, stretching, and coordination exercises such as balance. Participants attended supervised instructor led classes and completed unsupervised home exercises. Participants were asked to participate in a supervised exercise session at least once a week. Class attendance and adherence to unsupervised home sessions were recorded for all participants. Exercise diaries, which were collected by the class instructors during supervised exercise sessions once a week, were also used to record unsupervised exercise sessions. The CG received usual care and was not advised on exercise or did not attend exercise sessions (Devenney et al., 2017).



Outcome Measures

All outcomes were measured at baseline (T0) and after 12 months (T2). Outcome assessors were not blinded to the allocated treatment arm. A neuropsychological test battery measuring six cognitive domains (verbal episodic memory, visual episodic memory, working memory, psychomotor function, executive function, and attention) was administered as the primary outcome (Devenney et al., 2017). The neuropsychological test battery consisted of: a computer-based CogState Battery (International Shopping List Task—immediate and delayed recall, Detection Task, Identification Task, One Back Task, and One Card Learning Task), Verbal fluency, and Trail Making Test. The allocation of the tests of the six cognitive domains was based on the CogState Guidelines and conventional classification of neuropsychological tests (Lezak, 2004; Maruff et al., 2004). A comprehensive description of the outcome measures for each test has been published elsewhere (Devenney et al., 2017) and an overview of the domain scores presented in Supplementary Table 1.

Cardiovascular fitness (VO2peak) was assessed as a secondary outcome measure using an incremental exercise test on a standard cycle ergometer. Participants at the German Sport University and Trinity College Dublin completed a maximal test in accordance with the World Health Organization Protocol (Fletcher et al., 2001). In Dublin, VO2peak was based on direct spirometry [collection of expired gasses during exercise using the K4B22 equipment (K4B22 User Manual, COSMED, Italy)]. In Cologne, VO2peak was estimated using the following equation [VO2peak = (exercise capacity (W)/weight (kg) × 10.8 + 3.5 + 3.5)] (Glass et al., 2007). In Nijmegen, aerobic fitness was estimated from a submaximal exercise test completed according to the Astrand-Rhyming submaximal protocol, according to the local exercise screening protocol. VO2peak was estimated using the average HR of minute 5 and 6 and the work load in the Astrand Nomogram (Astrand and Ryhming, 1954). VO2peak (mL/kg/min) was defined as outcome measure for cardiorespiratory fitness.

Health-related quality of life was evaluated using the health-related quality of life for people with Dementia (DemQOL) questionnaire, which has a good acceptability and internal consistency in patients with MCI (Mhaolain et al., 2012). The total score of the DemQOL was calculated and analyzed.



Statistical Analysis

The primary analysis of this study was the comparison of cognitive functioning (primary outcome measure) before (T0) and after (T2) the 1-year intervention. A composite score was calculated by averaging all six CogState domain scores into one overall cognition score. The obtained scores per test were converted into z-scores based on the standard deviation and mean of the total sample at baseline. In case of multiple tests within one domain, the average score for the domain was calculated with at least one test completed per domain (Supplementary Tables 1, 2). Between-group effect sizes were quantified using Cohen's d, with 0.2 representing a small effect, 0.5 a moderate sized effect, and 0.8 representing a large magnitude effect.

For the primary analysis, we included group (aerobic exercise, stretching and toning group, and control group) as independent variables of an ANCOVA with dependent variable the change in composite cognitive score of T2 compared to T0, and as covariates baseline cognitive functioning (T0), sex and age. Between-group differences were analyzed with analysis of covariance under two conditions: (1) the exercise group (EG = combined AE, and ST groups) compared to the control group and (2) AE compared to ST. ANCOVA analyses were chosen as they are unbiased in randomized studies and have more statistical power than repeated measures ANOVAs (Van Breukelen, 2006).

Secondary outcome measures included six separate cognitive domain scores (verbal and visual episodic memory, working memory, psychomotor function, executive function, and attention), cardiorespiratory fitness (VO2peak) and quality of life (DemQOL). Analyses for all secondary outcome parameters were carried out with similar ANCOVA analyses using the respective baseline score, age, and gender as covariates. All analyses were performed as complete cases (CC) analyses including all participants independent of adherence to the intervention with baseline and follow-up data of at least one test completed per domain. Data are presented as means and 95% confidence intervals within brackets.

For further exploration of the data and to determine the effect of center, which had a significant influence on recruitment (Sanders et al., 2018), a secondary ANCOVA analysis was performed. Moreover, the effect of per protocol participation on primary outcome measures was included in the secondary analysis. Per-protocol (PP) participation was defined as >66% adherence in the EG, which equaled an average of two exercise sessions per week, in line with recent recommendations from the AAN (Petersen et al., 2018). We included per protocol participation [not per protocol (NPP: ≤66 adherence), per protocol (PP), control group (CG)] and center [Ireland (IRE), the Netherlands (NL), Germany (GER)] as independent variables of an ANCOVA with dependent variable the change in composite cognitive score of T2, and as covariates baseline cognitive functioning (T0), sex and age. Similar secondary analyses were performed for cardiorespiratory fitness (VO2peak) and quality of life (DemQOL). In case of significant interaction effects of center*per protocol participation, post-hoc pairwise comparisons between centers [(IRE, NL, GER) and groups (PP), NPP, CG] were conducted using Bonferroni correction for multiple pairwise comparisons. SPSS 22 was used for all analyses with α set at 0.05.




RESULTS


Participants

In total, 183 participants were recruited at the three centers (Germany: 79, Netherlands: 42, Ireland: 62) and randomly stratified into the three groups (AE = 60; ST = 65; CG = 58). Trial recruitment rates differed significantly between the three sites, as discussed previously (Sanders et al., 2018). Five participants dropped out in the AE group (8.6%), six participants in the ST group (9.2%), and six participants in the CG (10%). None of the dropouts were directly related to the intervention, but were due to personal or medical reasons, such as the loss of a relative or diagnosis of cancer. Participant recruitment, screening, enrollment, and attrition are depicted in Figure 1.
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FIGURE 1. Trial profile.


Participant characteristics differed between the EG and the CG. The CG had a significantly higher proportion of women and a significantly lower hand grip strength in comparison to the EG (Table 1).


Table 1. Group demographics.
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Complete Case Analysis

Hundred and twelve participants in the EG (AE = 53; ST = 59) and 54 participants in the CG were included in the CC analysis. Due to missing test results, outcomes have different numbers of cases included (Supplementary Table 2). Individuals in the AE group participated in 96.6 ± 45.0 (mean ± SD) exercise sessions throughout the 12-month intervention period, while participants in the ST group exercised 92.0 ± 49.3 times.



Complete Case Analysis—Cognition and Quality of Life

ANCOVA did not show a significant difference in composite cognitive performance between the EG and the CG, nor between AE group and ST group, with effect sizes (ES) in the small range, Cohen's d 0.11 [exercise vs. CG, mean difference (95% CI)], [0.12 (−0.03, 0.27)] and 0.22 [AE vs. ST, 0.11 (−0.08, 0.26)] (Figure 2, Supplementary Tables 2, 3). Age (p < 0.001), baseline cognitive functioning (p < 0.001), but not gender (p = 0.45) were associated with T2 cognitive composite performance scores. Furthermore, no significant differences were identified in any of the six cognitive domains nor quality of life between the EG and the CG (Supplementary Tables 2, 3). ANCOVA showed a significant difference between the AE and ST groups for the domain attention [p = 0.011 and small ES of 0.35, 0.39 (0.09, 0.67)], where the performance in the ST group was significantly higher compared to the AE group (Supplementary Tables 2, 3).
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FIGURE 2. Results of the primary outcome: (A) composite cognitive score for complete case (CC) analysis; (B) results of VO2peak for complete case analysis. Boxplots of mean z-scores and 95% CI of EG: Exercise group (AE and ST together). CG, control group; AE, aerobic exercise and ST, stretching and toning exercise. No differences in the comparison between T2 results of the groups for cognition. *significant difference EG vs. CG and AE vs. ST, p < 0.05 for VO2peak.




Complete Case Analysis—VO2Peak

VO2peak improved significantly in the EG p = 0.04 compared to the CG and in the AE group p = 0.001 compared to ST group, with medium ES of 0.40 [−1.76 (−3.39, −0.10)] and 0.60 [−3.10 (−4.95, −1.21)]. ANCOVA revealed that baseline scores were associated with VO2peak at T2 (p < 0.001), but not age (p = 0.88) nor gender (p = 0.45).



Secondary per Protocol and per Center Analysis

One hundred and sixty-six participants (IRE = 56; NL = 36; GER = 74) were included in the secondary analysis. In IRE 19 participants were in the NPP group, 17 participants in the PP group, and 20 participants in the CG. In the Netherlands 8 participants were in each the NPP and the CG, and 20 participants in the PP group. 30 individuals were in the NPP group, 18 in the PP group, and 26 in the CG in Germany. Mean differences for composite cognitive score, quality of life and cardiorespiratory fitness for each group in each center (T2–T0) are presented in Figure 3.
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FIGURE 3. Cognition (A) = Mean difference of cognitive composite score between T2 and T0; Quality of Life (B) = mean difference of DemQOL total score between T2 and T0; VO2peak (C) = mean difference of VO2peak (ml/kg/min) between T2 and T0 divided by participation and center (NPP, not per protocol; PP, per protocol; CG, control group; IRE, Ireland, NL, Netherlands; GER, Germany; DemQOL, Health-Related Quality of Life for People with Dementia Questionnaire).




Secondary Analysis—Cognition

Secondary ANCOVA analysis revealed no effect of group (p = 0.069) but an effect of center (p = 0.005) on T2 cognitive composite scores. No significant interaction effect between center and per protocol participation for cognitive composite scores (p = 0.153) was found. Age (p < 0.001) and cognitive functioning at baseline (p < 0.001) were associated with T2 cognitive composite scores. No influence of gender (0.673) was identified.



Secondary Analysis—VO2Peak

Per protocol participation (p < 0.001), but not center (p = 0.772) had an influence on VO2peak at T2, and ANCOVA revealed a significant interaction effect of center*per protocol participation (p = 0.021). Post hoc pairwise comparisons showed significant differences for participants in Germany, where individuals in both the PP (p = 0.001) and NPP (p = 0.019) groups had a significantly higher VO2peak compared to participants in the CG. Baseline VO2peak (p < 0.001), but not gender (p = 0.499) or age (p = 0.726) were associated with T2 VO2peak.



Secondary Analysis—Quality of Life

No effect of center (p = 0.225) or per protocol participation (p = 0.051) was found on quality of life. However, a significant interaction effect (center*per protocol participation) (p = 0.01) was identified. Post hoc pairwise comparisons revealed that participants in the NPP group in Germany had a significantly better quality of life in comparisons to participants in IRE (p = 0.034) and the NL (p = 0.01). Furthermore, in Germany the NPP group had a significantly better quality of life than the CG (p = 0.023) at T2. Baseline scores (p < 0.001), but not age (p = 0.245) or gender (p = 0.169) were associated with quality of life after 12 months. No further differences were found in the secondary ANCOVA analysis.




DISCUSSION


Main Findings

This multicenter randomized controlled trial analyzed the effects of a 12-month structured exercise program (aerobic exercise or stretching and toning) on the progression of cognitive decline in individuals with aMCI. We did not identify an intervention effect on cognitive performance in the primary complete case analysis. Nevertheless, an intervention effect on physical fitness was identified with a medium effect size. The exercise group increased their physical fitness significantly more after 12 months than the control group.

Collaboration of three research facilities provided the opportunity to analyze aMCI populations across three different countries in North-West Europe. Furthermore, strict inclusion and exclusion criteria ensured a diagnosis of aMCI by using delayed recall scores from standardized memory tests to address limitations of previous studies. An extensive neuropsychological test battery was administered, and composite scores calculated to provide insight into both general cognitive performance and domain-specific cognitive function before and after participation.

Recently, two independent systematic reviews (Zheng et al., 2016; Song et al., 2018) as well as the American Academy of Neurology (AAN) (Petersen et al., 2018) suggested a positive effect of exercise on cognitive function in individuals with MCI. However, the results of our study do not corroborate this, as neither the EG nor the CG improved or decreased their cognitive performance over the period of 12 months. Even though it can be argued that a stable cognitive function may be positive for individuals with MCI, other studies demonstrated improvements on specific cognitive tests after an exercise intervention (Nagamatsu et al., 2012; Suzuki et al., 2013; Nascimento et al., 2014; Tarumi et al., 2019). In contrast to previous studies, we used composite outcome measures for different cognitive domains based on standardized neuropsychological tests, which is considered the best approach to detect cognitive changes in individuals at risk of AD (Lim et al., 2016).

To date, it is unclear which people with MCI progress to dementia, remain stable, or reverse to normal cognitive function and studies report different numbers that may explain outcomes of our study. The AAN summarized findings of different studies and calculated a cumulative risk of 14.9% for the development of dementia in individuals with MCI within two years (Petersen et al., 2018). However, other studies also showed a reversion to unimpaired cognitive function on their follow-up measurements of their respective participants (Ganguli et al., 2011; Roberts et al., 2014). Individuals with aMCI are reportedly at a higher risk of progressing to dementia (Albert et al., 2011; Ganguli et al., 2011; Roberts et al., 2014), but over the course of 12 months stability in cognitive function may be the most frequently observed outcome (Ganguli et al., 2011). Ganguli and colleagues reported a progression to dementia of only 1.4% for individuals with aMCI with 77.8% remaining stable and further 15.4% improving their cognitive function back to normal after 12 months (Ganguli et al., 2011). Therefore, mixed outcomes in different studies may be expected in a cohort of individuals with any type of MCI.

MCI does not have one single cause, but is a multicausal syndrome (Knopman and Petersen, 2014; Petersen et al., 2014), which might explain the different outcomes observed in our and other studies as it is unlikely that one single treatment (e.g., exercise) will prove to be an effective intervention for all individuals. Multidomain-type (e.g., diet, exercise, and cognitive training) interventions in the Finnish Geriatric Intervention Study to Prevent Cognitive Impairment and Disability (FINGER) showed positive results on global cognitive function, as well as on processing speed and executive function in a sample of older individuals at cerebrovascular risk for cognitive decline (Ngandu et al., 2015). However, the FINGER study showed this significant treatment benefit in a cognitively unimpaired sample of older adults at risk for future cognitive decline, but not in individuals with diagnosed MCI (Ngandu et al., 2015).

Despite the lack of significant differences in cognitive function, physical fitness—measured by VO2peak—increased significantly in the EG compared with the CG, and in the AE group compared with the ST group. These findings are in line with existing literature, as standardized exercise training increases physical fitness (Tarumi et al., 2019). Even though a direct effect of an increased VO2peak on cognition was not detected, higher physical fitness might be an important outcome for future disease progression. Recently published research defined changes in physical fitness as an independent risk factor for incident dementia and dementia mortality and highlighted the importance of improving fitness to delay onset of dementia (Tari et al., 2019). This is in line with previous research, which showed that higher physical fitness during mid-life and late-life (e.g., higher VO2peak values) is positively associated with cognitive function in older adults with and without cognitive impairment (Mavros et al., 2017; Schultz et al., 2017; Stuckenschneider et al., 2018). Individuals with MCI have an increased risk of being socially isolated, which increases the risk of future progression to dementia (Fratiglioni et al., 2000; Bosma et al., 2002). Previous studies showed that higher physical fitness leads to an increase in self-confidence, which consequently may increase social participation (Perkins et al., 2008; Choi et al., 2017). Therefore, improving physical fitness may not only benefit cognitive function, but also may be the driving force for a socially integrated and fulfilling life during later life—especially in individuals with MCI. However, further evidence (e.g., longer intervention periods, longer follow-up period) is required to establish the beneficial effects of an increased VO2peak on cognitive decline.

Moreover, increased fitness likely induces structural changes such as an increased hippocampal volume and an improved white matter integrity (Young et al., 2015; Dougherty et al., 2017; Muller et al., 2017; Ding et al., 2018). Findings to date are equivocal if exercise induced structural changes influence cognitive function directly or if structural changes may rather be beneficial for sustaining cognitive functions long-term (Hotting and Roder, 2013). To further explore this hypothesis, data from physiological measurements (e.g., MRI scans) is needed to provide insight into physiological mechanisms triggered by an increased physical fitness. Tarumi and colleagues provided insight into possible mechanisms and showed that an increased cardiorespiratory fitness following a 12 months exercise intervention was associated with an improved white matter integrity of the prefrontal cortex (Tarumi et al., 2019, 2020) as well as a redistribution of cerebral blood flow in individuals with aMCI (Thomas et al., 2020). However, the lack of a control group as well as an overall atrophy of global brain volume and particularly hippocampal areas warrants further research (Tarumi et al., 2019).

While no effective treatment currently exists for AD, a large number of mechanisms related to AD genetics and different modifiable risk factors, as well as protective factors (such as exercise) have been identified. Given the large heterogeneity in current studies, it may be time to rethink future trials whereby personalized precision prevention may be the most appropriate approach, in which an intervention is prescribed in response to each individuals' modifiable risk factors (Gillman and Hammond, 2016). A possible next step towardz this may include a responder analysis to identify which individuals with MCI benefit most from an exercise intervention (Snapinn and Jiang, 2007). Further research is needed to better define the biomarkers or cognitive profile that best predicts different subtypes of MCI, especially those at the highest risk to progress from the preclinical stages of MCI towards dementia due to AD (Sperling et al., 2011).



Secondary Analysis—Effect of Research Setting

In none of the centers cognitive function significantly improved in the exercise groups at T2. However, participants in Germany exercising at least twice a week were the only participants in the exercise groups that showed a positive trend on their cognitive function, based on a positive difference between T2 and T0. Additionally, physical fitness and quality of life significantly improved in the exercise groups in comparison to the control group in Germany, whereas no significant changes for any outcome in Ireland and the Netherlands were found. Therefore, we speculate that a non-medical setting and a non-medical research community might have additional effects on improving fitness and may have additional benefits for quality of life in individuals with MCI (Sanders et al., 2018). Even though multicenter clinical studies in elderly with cognitive impairment are the backbone of evidence-based prevention, complete standardization is difficult to obtain in the different research facilities involved. Whereas the exercise classes in Germany were all supervised, participants in Ireland and the Netherlands partly exercised on their own. Even though all participants were instructed on exercise duration and intensity and were asked to participate in at least one supervised exercise session a week to remind and educate them about exercise intensity (Devenney et al., 2017), unsupervised exercise training may compromise treatment fidelity. Further, it is possible that methods such as self-report of exercise training are open to bias due to the so-called social desirability response bias (Aadahl and Jorgensen, 2003), which may explain findings of the secondary analysis with physical fitness only improving significantly in Germany. Besides the additional effects of supervised exercise training on VO2peak, increased social interaction, which was achieved due to the participants exercising in groups during the supervised sessions, may also explain secondary findings for quality of life, which only improved in the German sample. However, we did not find a significant treatment effect on cognition for the German sample.



Strength and Limitations

This study has several strengths including its large sample size, its strict inclusion of individuals with aMCI, its long intervention period (12 months), and its multicentric design. Furthermore, different cognitive tests were combined into one overall score of cognitive function (primary outcome), but also for different subdomains of cognitive function to provide a psychometrically more reliable and thus more valid construct (Lim et al., 2016). However, subtle changes may be easier detected in single tests—even though they are also prone to false positive type I errors.

One of the limitations of the study was that the recruitment aim of 225 individuals with aMCI (75 per center), was not achieved. Nevertheless, recruitment numbers were sufficient regarding the power calculation for primary analysis (16). As numbers were significantly lower in the secondary analysis, due to the differentiation by center, results of it need to be interpreted cautiously. Despite difficulties in recruitment, dropout rates were less than 10% in all groups, which shows a good acceptance of the study and the high motivation of the participants. Participants received their individual study results after completion of the study, which may have motivated individuals to participate, especially in the CG. As cardiorespiratory fitness did not change in this CG, it is unlikely that the participants in that group as a whole altered their lifestyle only because of participating in our trail.

Only 53% of participants reached the target exercise frequency, which was defined as 100 exercise sessions (or more, at least twice a week) within the intervention period of 12 months according to recent recommendations of the AAN (Petersen et al., 2018). In comparison to previous studies the low number of participants following the per-protocol intervention may have been due to the longer intervention period (12 months), and the strict and conservative target exercise frequency. The low dropout rate and more than half of the intervention group following the strict protocol is already a promising result for this rather inactive participant selection, which is reflected by a low baseline cardiorespiratory fitness in comparison to population reference values (Edvardsen et al., 2013). As the best dose-response relationship of exercise on cognitive function is frequently discussed, yet still unknown (Gomes-Osman et al., 2018), future exercise prevention trials should concentrate on defining the best dose-response relationship. Future studies should use objective monitors such as heart rate monitors to ensure a certain exercise intensity is reached. Even though Borg's RPE scale may present a practical tool to monitor intensity, self-reporting always bears the risks to be affected by motivational aspects and over- or underestimation of the individuals' functional abilities. Therefore, monitoring intensity via heart rate may increase accuracy of the training program and, thus, lead to better study outcomes. It may be speculated that different outcomes observed in our study compared to the one conducted by Tarumi and colleagues may be due to the objective monitoring used in their study (Tarumi et al., 2019). However, cardiorespiratory fitness increased in both trials, so that further insight into these different monitoring methods is warranted.

Different tests for VO2peak were applied, which was due to different regulations by the institutional review boards (Devenney et al., 2017). Effects of these differences were minimized by using standardized and validated VO2peak measurements at all sites. Significant differences between the groups' baseline characteristics are reported, however, these occurred rather by chance than by bias (Altman and Dore, 1990; Moher et al., 2010), as a centrally controlled computer-generated randomization list (for each country), which was controlled by an independent statistician, was used. There is ongoing discussion whether to report differences in baseline characteristics or not (Moher et al., 2010). Given the large heterogeneity observed in individuals with MCI, we presented baseline statistics to identify possible confounders. The EG and CG had a different proportion of women and men with significantly more women being in the CG. This could have biased the results, as women have a higher risk to progress to dementia, but we performed an ANCOVA to statistically adjust for the potential effect of sex. The different proportion of women and men might also account for the differences in hand grip strength between the EG and the CG. As men are reportedly stronger than women, a higher value in hand grip may be expected. Furthermore, the ST group used significantly more medications compared to the AE group. As investigational drug studies and unstable medication were among the exclusion criteria of our trial, it is unlikely that this baseline difference had a significant impact on our results. However, the effect of medication has not fully been investigated in previous studies on exercise interventions and should be addressed by future trials.



Future Directions

No cure for AD currently exits, prompting increased efforts to understand the preclinical stages such as aMCI as potential opportunities for new treatment approaches. Based on results of our multicentric randomized controlled trial, future research in the field of exercise interventions should target the following aspects: Both cognitive and physiological measurements are warranted to fully establish the effects of exercise and provide insight into its underlying mechanisms. Furthermore, different and combined exercise modes (e.g., endurance, resistance), intensities (e.g., moderate, high) and exercise volume (length of exercise classes, average exercise sessions per week) need attention to identify best dose-response relationships in the future. To ensure comparability between studies researches must focus on uniform reporting of their findings and their interventions. Objective monitors such as heart rate/activity monitors should be used to measure exercise intensity and frequency. Additionally, long-term follow-ups are needed to establish the long-term effects of exercise on disease progression. Besides promoting exercise on its own, multi-domain type interventions (e.g., exercise, cognitive training, and diet) may help to address the large heterogeneity observed in individuals in preclinical stages of AD.




CONCLUSION

This study does not support the recommendation from small and short-term RCTs that an exercise intervention has an effect on cognitive performance in individuals with amnestic MCI. Nevertheless, we found a reliable intervention effect on physical fitness, which may be an important outcome for disease progression. Future trials need to target long-term follow ups (up to 5 years) to evaluate the efficacy of an increased physical fitness on cognitive decline. Moreover, the heterogeneity between subjects and centers may explain different findings within the study. Therefore, future trials should consider personalized intervention approaches or multidomain interventions.
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Type 2 diabetes mellitus (T2DM) patients are highly susceptible to developing dementia, especially for those with mild cognitive impairment (MCI), but its underlying cause is still unclear. In this study, we performed a battery of neuropsychological tests and high-resolution sagittal T1-weighted structural imaging to explore how T2DM affects white matter volume (WMV) and cognition in 30 T2DM-MCI patients, 30 T2DM with normal cognition (T2DM-NC) patients, and 30 age-, sex-, and education-matched healthy control (HC) individuals. The WMV of the whole brain was obtained with automated segmentation methods. Correlations between the WMV of each brain region and neuropsychological tests were analyzed in the T2DM patients. The T2DM-NC patients and HC individuals did not reveal any significant differences in WMV. Compared with the T2DM-NC group, the T2DM-MCI group showed statistically significant reduction in the WMV of seven brain regions, mainly located in the frontotemporal lobe and limbic system, five of which significantly correlated with Montreal Cognitive Assessment (MoCA) scores. Subsequently, we evaluated the discriminative ability of these five regions for MCI in T2DM patients. The WMV of four regions, including left posterior cingulate, precuneus, insula, and right rostral middle frontal gyrus had high diagnostic value for MCI detection in T2DM patients (AUC > 0.7). Among these four regions, left precuneus WMV presented the best diagnostic value (AUC: 0.736; sensitivity: 70.00%; specificity: 73.33%; Youden index: 0.4333), but with no significant difference relative to the minimum AUC. In conclusion, T2DM could give rise to the white matter atrophy of several brain regions. Each WMV of left posterior cingulate, precuneus, insula, and right rostral middle frontal gyrus could be an independent imaging biomarker to detect cognitive impairment at the early stage in T2DM patients and play an important role in its pathophysiological mechanism.
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INTRODUCTION

Type 2 diabetes mellitus (T2DM) is a common metabolic disorder characterized by insulin resistance and hyperglycemia, which has become a significant health problem throughout the world. It can cause severe multi-systemic dysfunction, such as kidney, eye, peripheral, central nervous system, etc. Epidemiological investigations have shown that T2DM is associated with a twofold increased risk of dementia and can affect a wide range of cognitive abilities (Peila et al., 2002; Biessels et al., 2006; Crane et al., 2013). Mild cognitive impairment (MCI) is considered as a precursor of dementia, which has been an increasingly common target of potential therapeutic trials (Schneider et al., 2009; Brooks and Loewenstein, 2010; Sperling et al., 2011). Currently, the occurrence of dementia is an irreversible process and has no effective cure solution. The effective and preventive treatments are needed at early phases of the dementia spectrum (Jedynak et al., 2012). Thus, the early detection of alterations in T2DM patients with MCI is important for patient care and developing future treatment.

Nowadays, the cognitive tests have been widely used for detection of cognitive impairment. However, the cognitive tests scores could be affected by the subjective judgment and drug intervention. Brain magnetic resonance (MR) imaging provided a good opportunity to explore the diabetic cerebral changes. The MR imaging biomarkers are more objective evidence, which could provide a supplement and clue for early diagnosis of cognitive impairment in T2DM patients. On conventional MR images, brain atrophy in some regions could be found (de Bresser et al., 2010; van Elderen et al., 2010; Espeland et al., 2013; Moran et al., 2019). Recently, lots of attention have been paid on the gray matter changes of T2DM patients. Several studies have shown that regional atrophy patterns of gray matter mainly located in frontal lobe, middle temporal gyrus, and posterior cingulate gyrus (Brundel et al., 2010; Moran et al., 2013; Moulton et al., 2015; Fang et al., 2018; Li et al., 2018). Despite the importance of gray matter atrophy in T2DM, white matter abnormalities played a distinct and irreplaceable role in cognitive impairments induced by T2DM. White matter has a vital role for transferring information between gray matter regions. White matter alterations include both microstructural deficits and morphological abnormalities. On one hand, studies of white matter integrity using MR diffusion tensor imaging (DTI) have demonstrated microstructural alterations in different regions in T2DM patients. These studies observed reduced white matter integrity predominantly in the cingulum, the uncinate fasciculus, the superior and inferior longitudinal fasciculus, corpus callosum, and external and internal capsule (Zhang et al., 2014; Nouwen et al., 2017; Yoon et al., 2017; Sun et al., 2018; Xiong et al., 2019). On the other hand, volumetric measurements are widely used to study morphological changes in both normal aging and in neurodegenerative disorders. Understanding changes in regional brain volumes has the potential to aid prediction of onset and progression of many neurodegenerative disorders. However, few studies have been focused on alterations of white matter volume (WMV) in T2DM patients. The loss of WMV in T2DM patients has been observed in temporal lobe, inferior frontal triangle region, and hippocampus (Korf et al., 2006; Gold et al., 2007; Chen et al., 2012; Moran et al., 2013). The alterations of WMV in previous studies did not show a consistent pattern in T2DM. The reason for the inconsistent results may be that T2DM patients included in these studies were in different stages of diabetes-associated cognitive impairment. To our knowledge, we have not found the report of WMV changes in T2DM patients with MCI at present.

In the current study, we enrolled T2DM patients with mild cognitive impairments (T2DM-MCI), T2DM patients with normal cognition (T2DM-NC), and healthy controls (HC) who performed clinical assessment, a battery of neuropsychological tests, and high-resolution sagittal T1-weighted structural MR imaging to explore how T2DM affects white matter and cognition. Automated segmentation analyses were applied to investigate the WMV difference of the whole brain in these three groups. Then, we assessed the relationship between the WMV of each brain region and neuropsychological tests in the T2DM groups. Finally, we identified the imaging biomarkers to detect MCI in T2DM patients. We expect that our study could provide imaging biomarkers and new insight into the neuropathological mechanisms of T2DM-related cognitive impairment.



MATERIALS AND METHODS


Participants

Samples were collected from 90 patients, consisting of 30 HC, 30 patients with T2DM-NC (T2DM-NC group), 30 patients with T2DM with MCI (T2DM-MCI group). Their overall data were accumulated and categorized by gender, age, and years of education. From October 2015 to June 2020, our hospital recruited all the T2DM patients with and without MCI. The World Health Organization’s criteria were adopted to diagnose T2DM. The accurate diagnosis of MCI was made on the basis of the criteria set up in European Alzheimer’s Disease Consortium in 2006, which involves Mini-Mental State Examination (MMSE) score > 24, clinical dementia rating (CDR) ≥ 0.5, MoCA score < 26, normal activities of daily living (ADL) score, and complaints of hypomnesia. Each patient was tested by structural MRI, neurological, and neuropsychological examinations. All the participants signed informed consent before the study started and were right-handed. If participants had a history of brain injury, epilepsy, alcoholism, Parkinson’s disease, major depression, or other psychiatric or neurological disorder, they were excluded. The participants with severe claustrophobia or contraindications to MRI, severe depression (Hamilton Depression Rating Scale ≥ 18), and dementia (MMSE ≤ 24) were also excluded. If patients with T2DM had microvascular complications including nephropathy, retinopathy, and neuropathy, they were excluded. Thirty volunteers with no cognitive complaints or psychiatric illnesses, nervous system diseases, and vascular risk factors were enlisted as the HC. Participant was excluded if white matter hyperintense lesions on fluid-attenuated inversion recovery (FLAIR) imaging were found. The white matter lesions were also evaluated according to a 10-level scale from barely detectable white matter changes (grade 1) to extensive, confluent changes (grade 9) (Manolio et al., 1994; Chen et al., 2012), and grade 0 (normal white matter) and grade 1 (barely detectable white matter changes) were included and other grades were excluded in this study. Each individual was measured for height, weight, and body mass index (BMI). The Medical Ethics Committee of our institution approved this study, which was conducted in accordance with the principles of the Declaration of Helsinki.



Neuropsychological Assessments

The Montreal Cognitive Assessment (MoCA), MMSE, Rey-Osterrieth Complex Figure Test (ROCF), Trail-Making Test (TMT), Auditory Verbal Learning Test (AVLT), Verbal Fluency Test (VFT), Digit Span Test (DST), Digit Symbol Coding Test (DSCT), and Hamilton Depression Scale (HAMD) were included in the neuropsychological assessments.



Standard Laboratory Tests

Standard laboratory tests were executed to evaluate glycosylated hemoglobin (HbA1c), fasting plasma glucose (FPG), fasting insulin, fasting C-peptide, high-density lipoprotein (HDL), low-density lipoprotein (LDL), total cholesterol (TC), triglycerides (TG), urinary microalbumin, homocysteine, blood urea nitrogen (BUN), uric acid, cystatin C, serum creatine, free thyroxine (FT), free triiodothyronine (FT3), and thyroid stimulating hormone (TSH).



MR Image Acquisition

A 3 T Trio MRI system (Siemens Healthcare, Erlangen, Germany) equipped with a 12-channel phase-array head coil was adopted to collect all MRI data. During the image acquisition, the tested subjects were asked not to move and to keep calm with their eyes closed. By using a T1-weighted magnetization prepared rapid acquisition gradient echo (MPRAGE) sequence (repetition time = 1,900 ms, echo time = 2.52 ms, inversion time = 900 ms, flip angle = 9°, matrix = 256 × 256, thickness = 1.0 mm, 176 slices with voxel size = 1 × 1 × 1 mm3), the 3D high-resolution structural images were procured. Afterward, conventional brain T1-weighted imaging (TR/TE = 200/2.78 ms, flip angle = 70°, matrix = 384 × 384, thickness = 4.0 mm, 25 slices, voxel size = 0.7 × 0.6 × 5 mm3) and FLAIR imaging (TR/TE/TI = 9,000/93/2,500 ms, flip angle = 130°, matrix = 256 × 256, thickness = 4.0 mm, 25 slices, voxel size = 0.9 × 0.9 × 4 mm3) were subjected to all the subjects to exclude white matter hyperintense lesions and organic diseases.



Image Processing

The data were outputted to a personal computer from the MRI scanner. Off-line analysis was carried out and Linux Operating System was the operating system. Firstly, all the images were confirmed not affected by head motion prior to further analysis of the 3D brain images. Afterward, we converted all the data to MGZ (compressed Massachusetts General Hospital file) format. Meanwhile, by using FreeSurfer software (version 5.3.0, available at http://surfer.nmr.mgh.harvard.edu), the whole brain WMVs were measured. There were multiple steps of the automated processing stream of FreeSurfer, which contained Talairach transformation, removal of non-brain tissue, automatic correction of topological defects, inflation of the folded surface, and registration into an average spherical surface template. In order to segment the gray/white matter tissue and CSF with sub-millimeter precision, a deformable surface algorithm was utilized. Raw volumes for the total WMV were extracted as well as segmented volumes of 68 WMVs (34 regions in each hemisphere) in white matter regions (based on Killiany-Desikan atlas) (Harrisberger et al., 2018; Guo et al., 2019).



Statistical Analyses

Statistical analyses were performed using SPSS software (version 20.0; IBM Corp., Armonk, NY). The data distribution was verified using the Kolmogorov–Smirnov test. For WMV, comparisons among the three groups were performed by using ANOVA test, with the level of significance setting at P < 0.05, false discovery rate (FDR) corrected. For demographics and neuropsychological testing, comparisons among the three groups were performed by using the analysis of variance (ANOVA) test, if the data distribution was normal. The level of significance for intergroup differences was set at P < 0.05. The chi-squared analyses were applied to nonparametric analyses if the data distribution was not normal. Post hoc tests with Bonferroni correction were performed after observing statistical differences among the three groups. P < 0.017 (0.05/3) was considered significant after Bonferroni correction. For the T2DM patients, the correlations between the WMV of each brain region and the neuropsychological scale scores were tested using Pearson correlation analyses. For receiver operating characteristic (ROC) analysis, areas under the curves (AUCs) were used to evaluate the diagnostic value of each marker. Generally, an AUC greater than 0.9 indicated excellent diagnostic efficacy, between 0.7 and 0.9 indicated good diagnostic efficacy, between 0.5 and 0.7 indicated poor diagnostic efficacy, and no more than 0.5 indicated the lack of a diagnostic value. MedCalc Statistical Software (version 19.3.1; MedCalc Software Ltd, Ostend, Belgium) was used to compare differences in AUCs. P < 0.05 was considered statistically significant.



RESULTS


Demographics and Neuropsychological Testing

The demographic, clinical, and neuropsychological data for the T2DM-MCI, T2DM-NC, and HC groups are shown in Tables 1, 2. No significant intergroup difference was observed in age, gender, years of education, systolic, or diastolic blood pressure, LDL, total cholesterol, and triglycerides. T2DM-NC patients presented higher FPG and HbA1c and lower HDL than HC (Bonferroni correction, P < 0.017); T2DM-MCI patients presented higher BMI, FPG, and HbA1c and lower HDL than HC (Bonferroni-correction, P < 0.017), while no significant differences were found between T2DM-NC and T2DM-MCI patients. As expected, cognitive function evaluated by various neuropsychological tests showed the worst performance in T2DM-MCI patients than HC and T2DM-NC patients. No significant difference was shown between T2DM-NC patients and HC (Bonferroni correction, P > 0.017). Furthermore, T2DM-MCI patients exhibited significant decreases in multiple domains of cognitive function including episodic memory, working memory, executive function, and attention domains when compared with T2DM-NC patients and HC, but no differences in language ability and spatial processing.


TABLE 1. Demographic and clinical data of the subjects.
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TABLE 2. Comparison of the neuropsychological test results among T2DM-MCI, T2DM-NC, and HC groups.
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Group Differences in WMV Among the Groups

The WMV of the whole brain of T2DM-MCI, T2DM-NC, and HC groups were analyzed. If statistical differences among the three groups were observed, then a post hoc test was performed. It was not surprising that obvious difference in WMV among these three groups were observed in 13 regions (P < 0.05, FDR corrected, Table 3). Subsequently, we performed a post hoc test and Bonferroni correction. Significant difference of regional WMV was observed in T2DM-MCI patients relative to T2DM-NC patients. Regions of the white matter atrophy were the left insula, posterior cingulate, and precuneus, right lateral orbitofrontal gyrus, pars orbitalis gyrus, rostral middle frontal gyrus, and temporal pole (Bonferroni-correction, P < 0.017) (Table 3). However, there was no significant difference between T2DM-NC and HC groups (Table 3). In addition, the included T2DM patients had no obvious white matter hyperintensity lesions on T2 FLAIR, which indicates that brain white matter atrophy rather than cerebrovascular lesions may substantially mediate the relationship between T2DM and cognitive impairment.


TABLE 3. Differences in the white matter volume among T2DM-MCI, T2DM-NC, and HC groups.
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WMV in Relation to Cognitive Performance in T2DM Patients

Based on the WMV and cognition scores with significant intergroup differences, we explored the relationship between WMV of these regions and the neuropsychological testing scores in all T2DM patients. The results revealed that MoCA scores were significantly correlated with the WMV of the left posterior cingulate (r = 0.387, P = 0.002), precuneus (r = 0.319, P = 0.013), insula (r = 0.328, P = 0.011), right rostral middle frontal gyrus (r = 0.297, P = 0.021), and temporal pole (r = 0.259, P = 0.045) (Figure 1).
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FIGURE 1. The significant correlations between white matter volume and cognitive performance in T2DM patients. Correlations between MoCA scores and white matter volume of five regions, including left posterior cingulate (A), left precuneus (B), and left insula (C), right rostral middle frontal gyrus (D), and right temporal pole (E).




Discriminative Ability of White Matter Atrophy for MCI Detection in T2DM Patients

Considering that the WMV of eight brain regions significantly correlated with MoCA scores, we evaluated the discriminative ability of the white matter atrophy of these regions for MCI detection in T2DM patients. The ROC results showed that, when used alone, the WMV of left posterior cingulate, precuneus, insula, and right rostral middle frontal gyrus had high diagnostic value for MCI detection in T2DM patients (AUC > 0.7, Table 4), among which the value of WMV of left precuneus was the highest (AUC: 0.736, sensitivity: 70%, specificity: 73.33%). While the other region, right temporal pole, demonstrated little significance to identify T2DM-MCI patients (AUC = 0.686, Table 4). Furthermore, there was no significant difference between the minimum AUC (right rostral middle frontal gyrus) and the maximum AUC (left precuneus) among these four single markers (Z = 0.597, P = 0.551), which had high diagnostic value for MCI detection in T2DM patients (Figure 2). Above all, each WMV of these four regions, including left posterior cingulate, precuneus, insula, and right rostral middle frontal gyrus, could be the independent imaging biomarkers for MCI identification in T2DM patients.


TABLE 4. Diagnostic values of single imaging marker for MCI in T2DM patients.
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FIGURE 2. ROC curves of white matter volume of four single regions for mild cognitive impairments in T2DM patients. No significant difference (Z = 0.597, P = 0.551) was found between minimum AUC (right rostral middle frontal gyrus) and the maximum AUC (left precuneus).




DISCUSSION

In this study, cognitive function assessed by various neuropsychological tests showed that T2DM-MCI patients performed worst among these three groups, while there was no significant difference between T2DM-NC patients and HC. Subsequently, T2DM-MCI patients had white matter atrophy of several regions, and T2DM-NC patients did not show any white matter deficits. In particular, WMV of five regions including the left posterior cingulate, precuneus, insula, right rostral middle frontal gyrus, and temporal pole were significantly correlated with MoCA scores in T2DM patients. More importantly, we identified that each WMV of left posterior cingulate, precuneus, insula, and right rostral middle frontal gyrus could be the independent imaging biomarkers for T2DM-associated MCI detection.

To explore the white matter atrophy due to T2DM and T2DM-associated cognitive impairments, we compared the difference of WMV among T2DM-MCI, T2DM-NC, and HC groups. As expected, the WMV was considerably different in some regions among these three groups with FDR correction. After a post hoc test and Bonferroni correction, T2DM-MCI patients had white matter atrophy in the left insula, posterior cingulate, and precuneus, right lateral orbitofrontal gyrus, pars orbitalis gyrus, rostral middle frontal gyrus, and temporal pole, when compared with T2DM-NC patients without clinically confirmed cognitive impairment. Additionally, the T2DM-NC patients did not show significant atrophy in brain white matter compared with the HC. These results indicated that the observed atrophy in brain white matter is strongly associated with cognitive impairment in T2DM patients. Previous studies reported that T2DM was associated with white matter loss mainly in frontal and temporal white matter, which were partly in line with our findings (Chen et al., 2012; Moran et al., 2013). However, some other studies revealed that individuals with T2DM had reductions in hippocampus volumes but superior temporal gyrus had no volume loss, which were not in accordance with our results (Korf et al., 2006; Gold et al., 2007; Cherbuin et al., 2012). In addition, we found that some limbic structures and precuneus, which have been reported associated with cognitive functions (Cavanna and Trimble, 2006; McCrimmon et al., 2012; Hoogenboom et al., 2014), had obviously reduced WMV. The reason of the inconsistent results may be associated with the cognitive state of the included T2DM patients. T2DM patients included in these previous studies were in different stages of diabetes-associated cognitive impairment, whereas in our study, we enrolled T2DM-MCI, the early stages of cognitive impairment in T2DM patients, and T2DM-NC without clinically confirmed cognitive impairments to provide early signs of cognitive dysfunction, which may help clinicians with the earlier prevention of severe cognitive decline in T2DM patients.

The MoCA scores, which served as an index of the cognitive status of the patients, are known to distinguish patients with MCI form the normal population (Petersen et al., 1999). MoCA has shown higher sensitivity in detecting cognitive decline than the MMSE (Nasreddine et al., 2005). Our results revealed that no significant differences were shown in MMSE scores among these three groups, while MoCA scores were significantly higher in HC when compared with T2DM-MCI and T2DM-NC patients, and T2DM-NC patients performed better than T2DM-MCI patients. Furthermore, WMV of five brain regions significantly correlated with the MoCA scores, mainly located in frontotemporal lobe and limbic system, which have been implicated in memory and learning (McCrimmon et al., 2012). Among them, the correlation coefficient of the left posterior cingulate WMV was higher than others. Cingulate gyrus, as one of the important limbic structures, has been reported to be disrupted in T2DM patients (Yau et al., 2010; Hoogenboom et al., 2014; Tan et al., 2016; Nouwen et al., 2017; Groeneveld et al., 2018; Yu et al., 2019). More importantly, its disruption was associated with impairments in cognitive functions including memory, psychomotor speed performance, and executive function in T2DM patients (Hoogenboom et al., 2014). Previous studies have discovered reduced functional connectivity in the default mode network between posterior cingulate gyrus and left medial frontal gyrus in middle-aged T2DM patients. Moreover, reduced FA in the cingulum was correlated with lower functional connectivity between cingulate and medial frontal gyrus (Hoogenboom et al., 2014). Moreover, the white matter loss was also reported in cingulate gyrus attributed to T2DM (Chen et al., 2012). More interestingly, our study also showed that the WMV of left posterior cingulate had a high discriminative ability for T2DM patients with MCI. Thus, the white matter disruption of cingulate gyrus has a possible relationship with cognitive impairments at the early stage in T2DM patients.

In addition, to find non-invasive biomarkers for early detection of cognitive impairment in T2DM patients, we evaluated the discriminative ability of these five regions for MCI in T2DM patients. Four regions had high diagnostic value for MCI detection in T2DM patients by performing ROC analysis of a single region, among which the value of left precuneus was the highest. The precuneus has been reported to play a central role in a wide spectrum of highly integrated tasks, including visuo-spatial imagery (Simon et al., 2002; Malouin et al., 2003; Wenderoth et al., 2005), episodic memory retrieval (Platel et al., 2003; Addis et al., 2004; Lundstrom et al., 2005), and self-processing operations (Vogeley et al., 2004; den Ouden et al., 2005; Cavanna and Trimble, 2006). Moreover, the white matter disruption and reduced functional connectivity of the precuneus were found in T2DM patients and significantly correlated with disease duration (Zhou et al., 2010; Hsu et al., 2012; Wood et al., 2016). Thus, the white matter atrophy of precuneus could be a part of mild cognitive dysfunction in T2DM patients. Then, we compared the AUC of these four regions’ WMV, which presented high diagnostic value for MCI detection in T2DM patients. The results showed that no significant difference was found in maximum AUC relative to the minimum AUC among the four regions’ WMV. Therefore, each WMV of the four regions, including left posterior cingulate, precuneus, insula, and right rostral middle frontal gyrus, could be the independent imaging biomarker for detecting mild cognitive dysfunction in T2DM patients.

There are also several limitations in our study. First, this current research is a cross-sectional study with a relatively small sample size, and a longitudinal study with a larger sample size is needed in the future to test whether these WMV atrophy could predict the development of cognitive impairment in T2DM patients. Second, although we enrolled age-, sex-, and education-matched HC, T2DM-MCI patients had higher BMI index than HC. However, there were no significant difference in BMI between T2DM-MCI and T2DM-NC patients, with the result that the effect of BMI on the results should be little. Third, although education has been used as a control variable in this study, the participants with different levels of educational achievement may show different effects. Fourth, we only focused on the white matter atrophy in T2DM patients with MCI. Some microstructural damage of white matter could not be detected on conventional MR images. Exploring the WMV, integrity, and network connection in the same participants will provide more details on the pathophysiological mechanism of white matter. Thus, multimodal imaging methods are needed to investigate the white matter damage in T2DM association with cognitive deficits in future.



CONCLUSION

In conclusion, the present study revealed that T2DM-NC patients did not show any white matter damage, and T2DM-MCI patients showed significantly reduced WMV in several regions, which suggests that significant white matter atrophy occurred in MCI stage in T2DM patients. In particular, MoCA scores in T2DM patients had significant correlations with the white matter loss of the five regions mainly in the frontotemporal lobe and limbic system. Moreover, each WMV of the four regions, including left posterior cingulate, precuneus, insula, and right rostral middle frontal gyrus, could be the independent imaging biomarker for T2DM-associated cognitive impairment at the early stage and play an important role in its pathophysiological mechanism.
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Jia-Ji electro-acupuncture (EA) has been widely applied in clinic to exhibit curative effects on spinal cord injury (SCI). However, its underlying mechanisms leading to improvement of motor function after SCI remain unclear. Allen’s method was made by NYU Impactor M-III equipment to create the SCI rats model. Rats were randomly divided into four groups: Sham (only laminectomy), Model (SCI group), EA (SCI + Jia-Ji EA treatment), EA + CQ (SCI + Jia-Ji EA treatment + inhibitor chloroquine). Basso-Beattie-Bresnahan assessment showed improvement of hind limb motor function after Jia-Ji electro-acupuncture treatment. Histological change of injured spinal cord tissue was alleviated after treatment, observed by hematoxylin-eosin and Nissl staining. The mRNA and protein expression levels of RIPK1, RIPK3 and MLKL were decreased in EA group. Besides, the increased expression of LC3 and reduced expression of P62 after treatment compared with Model group, confirmed that Jia-Ji electro-acupuncture could enhance the autophagy flux. Electron microscopy imaging showed increasing the number of lysosomes, autophagosomes, and autolysosomes after Jia-Ji electro-acupuncture treatment. Furthermore, inhibition of lysosome function with CQ led to partly eliminate the effect of EA on reducing necroptosis. These data make the case that Jia-Ji electro-acupuncture treatment may improve locomotor function by promoting autophagy flux and inhibiting necroptosis.

Keywords: Jia-Ji electro-acupuncture, spinal cord injury, motor function repair, autophagy flux, necroptosis, lysosome


INTRODUCTION

Spinal cord injury (SCI) may cause structural and functional impairment of the spinal cord, leading to sensory, motor or autonomic nerve dysfunction, and ultimately affecting the patient’s physical, psychological, and social abilities (Singh et al., 2014). With its secondary complications in the long term, SCI is life-threatening and constitutes a considerable portion of the global social and economic burden (GBD 2016 Traumatic Brain Injury and Spinal Cord Injury Collaborators, 2019). The annual incidence of SCI in the United States is about 17,000 new cases per year (National Spinal Cord Injury Statistical Center, 2016). The global incidence of traumatic SCI ranges from 3.6 to 195.4 patients per million, and the numbers are still rising (Jazayeri et al., 2015).

The pathological mechanism of traumatic SCI involves primary injury (irreversible mechanical injury), and secondary injury (reversible) which is caused by a progressive cascade of tissue destruction and microenvironment changes, including oxidative stress, ischemia, inflammation, edema, glutamatergic excitotoxicity, ion imbalance, and apoptosis (Kumar et al., 2018). Rapid diagnosis and neuroprotective interventions at the stage of acute injury are therefore critical, and these treatments have the potential to significantly improve subsequent long-term functional recovery. Recent medical treatments attempt to reduce secondary damage and protect neurons that survive primary damage (Kwon et al., 2004). Some adjunctive therapies are used as an effective treatment of acute SCI clinically, such as corticosteroids (Schroeder et al., 2014), neuroprotectant agents (Grossman et al., 2014), and alternative therapy (electro-acupuncture) (Xiong et al., 2019).

As a Traditional Chinese medicine method, electro-acupuncture (EA) is a therapy in which a needle is inserted at an acupuncture point and attached to a trace amount of pulsed current to produce a synthetic electro-acupuncture stimulation. Previous studies have proved that the application of EA in the treatment of SCI is beneficial to the neurological and functional recovery of SCI (Ding et al., 2011; Huang et al., 2011). EA has been widely used in SCI therapy in the clinic to improve functional recovery after spinal cord and nerve muscle damage. However, its work mechanism is still unclear.

Inhibition of lysosomal/autophagy pathways and activation of necroptosis have been shown to lead to cell loss and tissue damage in some CNS trauma models (Sarkar et al., 2014; Lipinski et al., 2015). Necroptosis is proved to be associated with the pathogenesis of some neurodegenerative diseases, such as multiple sclerosis and amyotrophic lateral sclerosis (Ofengeim et al., 2015; Ito et al., 2016). It has been previously demonstrated that autophagy flux is inhibited after SCI in the mouse model, with obvious accumulation of autophagy markers LC3-II and autophagy substrate P62/SQSTM1 in ventral motor neurons (Liu et al., 2015b). Inhibition of autophagy flux is proved to be caused by rapid lysosomal dysfunction, contributing to accumulation of RIPK1, RIPK3, and MLKL after SCI, which were located in neurons destroyed by autophagy (Liu et al., 2018). The receptor-interacting protein kinases 1 (RIPK1) and the sequential activation of downstream RIPK3 and the mixed lineage pseudo-kinase MLKL regulates necroptosis which leads to neuronal and glial cell death after SCI (Liu et al., 2015a; Weinlich et al., 2017). As necroptosis markers, RIPK1, RIPK3, and MLKL are expressed in damaged spinal cord tissue and are negatively correlated with motor function recovery (Wang et al., 2018). Specific inhibition of RIPK1 kinase activity is found to block necroptosis and inflammation (Degterev et al., 2008). Thus, the interaction of lysosomal/autophagy and necroptosis may play a key role in improving neuronal survival and functional outcomes after SCI injury.

In this study, the effects of EA on improvement of lower limb function in rat modal would be investigated to explore its mechanism of autophagy flux and necroptosis regulated by lysosomal dysfunction after SCI, and to provide a potential effective therapy for SCI.



MATERIALS AND METHODS


Animals Model

Female Sprague Dawley rats (220–250 g body weight), aged 10 weeks old, were obtained from the central animal of Heilongjiang Chinese Medicine university. Animals use and care protocols conform to guidelines by the International Council for Laboratory Animal Science (ICLAS) and Animal Care and Use Committee of China.

Rats were randomly divided into four groups: Sham group, SCI group, EA group, and EA + CQ group. The sham group received only laminectomy. Model group underwent T9-T11 SCI. Electro-acupuncture group (EA) performed Jia-Ji electro-acupuncture therapy 6 h after SCI. Electro-acupuncture + inhibitor chloroquine group (EA + CQ) received both EA and inhibitor CQ treatment after SCI. 6 h after the injury, the rats were treated with electro-acupuncture. At the same time, the rats were intraperitoneally injected with inhibitor chloroquine (CQ, C6628, United States, Sigma) at an injection dose of 50 mg/kg/d, until the rats were killed. The Sham group, Model group and EA group were injected daily with the same dose of normal saline as CQ. Rats in the SCI, EA and EA + CQ groups were further divided into four subgroups by various time points of treatment: 6 h, 1, 3, and 7 days. And 3 and 7 days subgroups were focus of subsequent studies.

Allen’s model was made by application of NYU Impactor M-III strike. After anesthesia with 10% chloral hydrate (3.0 mL/kg body weight) via intraperitoneal injection, a 5 cm longitudinal incision was made dorsally on the rats. Expose the T9-11 spinous processes, and resect the T10 lamina to create a gap around vertebral arch plate. Repeat extend the gap and remove the vertebral plate and T10 spinous process, and expose the intact spinal cord. For Sham group, only laminectomy was performed. The SCI model was then produced using a NYU Impactor M-III strike (a 10 g pouching rod of 2.5 mm diameter with drop of 50 mm and damage of 50 g⋅cm) at the T10 segment to create relatively serious injury (Verma et al., 2019). All SCI rats conformed to the following injury criteria: spinal cord ischemia and edema, formation of tail sway reflex, flicking of both body and legs, and the appearance of sluggish paralysis. After the strike was completed, marked the skin on both sides of the wound, and applied antibiotics (amoxicillin) to the incision site. Ensure adequate food and water, assist urination once in the morning and evening until the reflex of urination was restored, and massaged the abdomen of rats clockwise every day to prevent flatulence and difficulty in defecation.

Electro-acupuncture treatment method (EA): 6 h after injury, Jia-Ji electro-acupuncture therapy was performed. Operation method: The upper and lower spinous process gaps (proximal end at the top, distal end at the bottom) in the damaged area were selected to open points within 7 mm. After routine disinfection, inserted the needle into the spine with a needle tip to the lamina (depth is 13 mm). With Micro Plus type pulse electro-acupuncture (BioMedical Life Systems, Inc., Vista, CA, United States), the positive pole was connected to the upper needle handle, and the negative pole to the lower needle body on the same side. Selection parameters: Pulse wave type: continuous pulse waveform; Pulse repetition frequency: 100 Hz; Current output intensity: slight twitch of back muscle (about 1 mA). It lasted for 30 min, once a day.



Behavioral Assessment

The Basso-Beattie-Bresnahan (BBB) scores was used to evaluate the functional recovery of the hind limbs in rats with SCI (Basso et al., 1995). The scale ranged from 0 to 21 (0 = complete hind limb paralysis, 21 = normal locomotion) for joint movement, gait and hind limb coordination, and fine motion of the toes. The higher the score, the better the motor function. The rats in each group were dynamically evaluated according to the 6 h, 1, 3, and 7 days after SCI. The rats were placed in the open field and moved freely for 5 min. Two trained observers scored performance of the rats blindly and recorded the average value (Hong et al., 2019).



Hematoxylin-Eosin Staining and Nissl Staining

Rats in Sham, Model, and EA groups (n = 6) were subjected to deep anesthesia with 10% chloral hydrate (3.5 ml/kg, I.P.) at different time points. The rats were sacrificed by cutting off their heads quickly, and the spinal cord in the damaged area was quickly removed on the ice bag and then fixed with 4% paraformaldehyde. Paraffin-embedded lesion. Transverse paraffin sections (5 μm thick) were placed on slides. HE staining was performed for histopathological examination. The sections were incubated in 1% toluidine blue for Nissl staining and observed under light microscope.



Immunohistochemistry

Rats in Sham, Model, EA, and EA + CQ groups were deeply anesthetized with 10% chloral hydrate and executed, then the injury section of spinal cord tissue were fixed in 4% paraformaldehyde. A 5μm thick of paraffin embedding spinal cord section was incubated with primary antibody 4°C overnight after dewaxing, transparency, hydrogen peroxide incubation, antigen repair, and blocking. The mixture was placed in room temperature for 30 min, rinsed with PBS for 3 times, incubated with secondary antibody at 37°C for 30 min. Finally, sections were incubated with DAB, hematoxylin redyeing, and mounted on coverslips. Photographic results were taken under a light microscope (400 ×) and quantitative assessment of immunohistochemical staining was performed by Image-Pro Plus 6.0 software. Primary antibodies: RIPK1 (1:100, RIPK1 Rabbit PolyClonal antibody, United States Proteintech), RIPK3 (1:40, Rabbit PolyClonal antibody, Beijing BIOSS), MLKL (1:200, Rabbit PolyClonal antibody, United States Affinity), LC3B (1:500, Rabbit polyclonal antibody, United States Proteintech), P62 (1:200, Rabbit polyclonal antibody, United States Proteintech). Second antibody: anti-rabbit (PV-6,001, Beijing Zhongshanjinqiao).



Transmission Electron Microscopy

Rats in Sham, Model, and EA groups (n = 6) at 3 and 7 days time points were euthanized. The spinal cord tissues at the injured sites were removed, cut into small pieces of about 1 mm × 1.5 mm × 1.5 mm, and fixed with 2.5% glutaraldehyde for more than 24 h and then with 2% osmium acid for 2 h. After dehydration in acetone, the embedded spinal cord sections were stain with toluene ammonia blue to select required sites for observation. Sweden made LKB-III ultra-thin slicing machine was used to section with the thickness of about 500A. The samples were stained with uranium acetate and lead nitrate and observed by transmission electron microscope.



Real-Time Quantitative Polymerase Chain Reaction (qRT-PCR)

The spinal cord tissue at the damaged site in each group was quickly removed and put into liquid nitrogen, and then transferred to the −80°C refrigerator for use. Total RNA was isolated using BufferRL1. The mRNA expression of RIPK1, RIPK3, MLKL were measured using the RT-qPCR system. The reverse transcription system was as follows: RNase Free dH2O: 10 μl, 5X PrimeScript Buffer 2 (for Real Time): 4 μl, RNA: 4 μl, RT Primer Mix (4 ×): 1 μl, Primescript RT Enzyme Mix I: 1 μl. 42°C for 15 min and 85°C for 5 s for reverse transcription. PCR reaction solution was as follows: TBGreen Premix Ex Taql (Tli RNaseH Plus) (2 ×): 10 μl, PCR Forward Primer(10 μM): 0.8 μl, PCR Reverse Primer (10 μM): 0.8 μl, RT reaction solution (cDNA): 2 μl, sterilized water: 6.4 μl, Total: 20 μl. Target gene primer sequence: RIPK1 (For 5′-GAGGAGGAAAGGAAGCGAAG-3′, Rev 5′-TGACTGGTTGTGCTGGGATA-3′) 113 bp, RIPK3 (For 5′-GAGTGGGACTACGTGTACGG-3′, Rev 5′-CAGCAGAACA TTGGAGGGCT-3′) 204 bp, MLKL(For 5′-AGCCTCCCCAGT GACATTAC-3′, Rev 5′-GCCCACAGTAGCAAACTTCC-3′) 120 bp, β-actin (For 5′-CCTGTGGCATCCATGAAACTAC-3′, Rev 5′-CCAGGGCAGTAATCTCCTTCTG-3′) 150 bp. PCR amplification procedure followed by 40 cycles of 95°C for 5 s, 60°C for 30 s. Delta-delta Ct (ΔΔCt) method was used to calculate the relative expression of the target gene. PrimeScript RT reagent Kit with gDNA Eraser (Perfect Real Time) (Japan, Takara), TB Green Premix Ex Taq II (Tli RNaseH Plus) (Japan, Takara).



Western Blot Assay

Rats in Sham, Model, EA, and EA + CQ groups (n = 6) at 3 and 7 days time points were euthanized, and the spinal cord tissues at the damaged sites were removed rapidly and homogenized in lysis buffer. With PMSF15 ml, 12,000 rpm, centrifuged for 5 min, the supernatant was absorbed, and the protein concentration was determined by BCA. Loading sample for electrophoresis and then transferred the protein to the PVDF membrane. After blocking for 1 h, the PVDF membrane was incubated with the primary antibody at 4°C overnight, as shown below: LC3B (1:2,000, Rabbit polyclonal antibody, United States Proteintech), P62 (1:1,000, Rabbit polyclonal antibody, United States Proteintech), RIPK1 (1:1,000, RIPK1 Rabbit PolyClonal antibody, United States Proteintech), RIPK3 (1:2,000, Rabbit polyclonal antibody, Beijing BIOSS), MLKL (1:1,000, Rabbit polyclonal antibody, United States Affinity), β-actin (1:5,000, mouse monoclonal antibody, United States Proteintech). The membrane were washed 3 times with Tris-buffered saline Tween, and incubated with secondary antibody at 37°C for 1 h as shown below: HRP-Goat-Anti-Rabbit IgG(H + L) (1:5,000, United States Proteintech), HRP-Goat-Anti-Mouse IgG(H + L) (1:5,000, United States Proteintech). The immunoreactive bands were visualized by ECL chemiluminescence. The grayscale values of bands were quantified by Image Lab 5.2.1 software, and the relative expression of protein was calculated according to the ratio of target protein to β-actin.



Statistical Analyses

SPSS 25.0 software was used for statistical analysis. The data were presented as mean ± standard deviation (± SD). One-way analysis of variance (ANOVA) was used for comparison between groups. For further comparison between groups, the least significant difference (LSD) test was used for those with homogeneous variance, and Dunnett’s T3 test was used for those with heterogeneous variance. P < 0.05 was considered statistically significant.



RESULTS


Electro-Acupuncture Improved Motor Function

BBB scale scores were used to assess movement of hind limb. The first part mainly evaluates the range of motion of joints, with a score of 0–7. The second part mainly evaluates the gait and hind limb coordination ability, with a score of 8–13. The third part mainly assessed the fine movement of the toes, with a score of 14–21 points. After SCI, the rats were paralyzed in the hind limbs, without any movement phenomenon, with reduced diet and water, accompanied by urinary retention, and entered the stage of spinal cord shock, with a score of 0 point. The evaluation results of Sham group were all scored 21 points at the four time points of 6 h, 1, 3, and 7 days, and the rats walked as usual, indicating no dyskinesia. The scores of Model group at each time point after SCI were significantly lower than Sham group (P < 0.01), which means a significant movement disorder following SCI. After EA treatment, there was little change in the score at 6 h and 1 day, and no statistical significance was found compared with the Model group (P > 0.05). The scores were significantly greater in the EA group compared with the SCI group on days 3 and 7 after injury (P < 0.01; Figure 1). Motor dysfunction of the hind limbs could be improved in the rats with EA treatment at 3 and 7 days.
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FIGURE 1. BBB scores of four different time points. Data are expressed as the mean ± SD (n = 6 rats/group). ##P < 0.01, vs. Sham group; &P > 0.05, **P < 0.01, vs. Model group. BBB: Basso, Beattie and Bresnahan rating scale, used to evaluated hind limb locomotor. Sham, laminectomy only; Model, spinal cord injury; EA, electro-acupuncture.




Effects of Electro-Acupuncture on Histological Changes in Spinal Cord

At the time points of 3 and 7 days, the appearance and structure of the spinal cord tissues in Sham group was normal. The hematoma after SCI in Model group was most severe on 3 day. After the EA treatment, the hematoma area became significantly smaller at each time point (Figure 2A).
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FIGURE 2. Effect of EA on histological changes in spinal cord at 3 and 7 days. (A) Spinal cord tissue appearance. EA could promote bleeding absorption, reduce edema and protect spinal cord. (B) HE stained images of spinal cord sections (200×). EA could improve the pathological changes. Arrows with different colors means different structure and pathological changes, listed with the image. In model group, neuron disappear compared to Sham. Tissue cavity, hemorrhagic focus, swelling neuron, neutrophil, monocyte and demyelination could be seen in Model group at 3 day. Glial cell, ghost cell, neuronophagia, swelling axon and microglia nodules are shown in Model group at 7 day. While after EA treatment, several neurons could be seen, the damage tissue and inflammation factors reduce. (C) Nissl stained images of motor neuron (200×). The number of motor neuron could increase after EA treatment. (D) Number of anterior horn motor neurons in each group. Data are expressed as the mean ± SD (n = 6 rats/group). ##P < 0.01, vs. Sham group; *P < 0.05, **P < 0.01 vs. Model group.


In the SCI group on 3 day, pathological change was most obvious with gray structure disorder, necrosis and inflammation worsen, a large number of neurons lost, the serious neurons swelling, neutrophils, and monocytes infiltration, white matter demyelinating and scattered focus of hemorrhage. Compared with the Model group, the EA group had fewer necrotic cavities, improved neuronal swelling, more orderly gray matter structure, less neuron loss, and improved inflammatory cell infiltration. At the time point 7 days after SCI, the loss of gray matter neurons in the Model group was still significant, the necrotic cavity gradually expanded, which showed the ghost cell of dead neurons, the decrease of inflammatory cells compared with that at 3 day, and a large number of glial cells proliferated. In this figure, the image of neuronophagia and nodular microglia could be seen. There are numerous voids in the white matter, marked demyelinating changes, and the ends of axons swell into a spherical shape. The hemorrhagic lesion was reduced compared with that of 3 day, while the above pathological symptoms were improved after treatment in the EA group. The gray matter structure was relatively complete, the nerve fibers were arranged in a more orderly manner, the boundary between gray matter and white matter could be observed, the number of neurons was more, the number of cavities was less, and the inflammatory cell infiltration was improved (Figure 2B).

Nissl staining was used to observe the morphology and number of motor neurons in the anterior horn of spinal cord in each group. In Sham group, the anterior horn motor neurons were orderly arranged without significant reduction, deep blue staining. At 3 and 7 days time points, there were statistically significant reducing in the number of anterior angular motor neurons in Model group compared to Sham group (P < 0.01). Although the number of neurons in the EA group decreased, the number of neurons in the EA group was still higher than that in the Model group, and the staining was relatively deeper. The comparison between the two groups was statistically significant (3 day: P < 0.05, 7 day: P < 0.01) (Figures 2C,D).



Electro-Acupuncture Inhibited the Expression of Necroptosis Markers RIPK1, RIPK3, and MLKL

RIPK1, RIPK3, and MLKL were mainly expressed in the cytoplasm of neurons and glial cells. The average OD value of RIPK1, RIPK3, and MLKL in the Model group was significantly higher than that of the Sham group at 3 and 7 days after injury (P < 0.01). After EA treatment, the mean OD value of RIPK1, RIPK3, and MLKL decreased, and the comparison between the EA group and the Model group was statistically significant at the time points of 3 and 7 days (RIPK1, 3 day: P < 0.01, 7 day: P < 0.05; RIPK3, 3 day/7 day: P < 0.01; MLKL, 3 day: P < 0.05, 7 day: P < 0.01. Figures 3A–F). It may illustrate that the expression level of RIPKI, RIPK3, and MLKL increased after SCI, and the EA had the effect of inhibiting the necroptosis factors.
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FIGURE 3. Effects of EA on the expression of necroptosis markers. (A–F) Immunohistochemistry results of RIPK1, RIPK3, and MLKL in spinal cord of rats in each group. RIPK1, RIPK3, and MLKL were brown-yellow positive, mainly expressed in neuron and glial cells (red arrow). (B,D,F) Average OD of RIPK1, RIPK3, and MLKL in each group. After EA treatment, these necroptosis markers reduced compared to Model. Data are expressed as the mean ± SD (n = 6 rats/group). (B):##P < 0.01, vs. Sham group; *P < 0.05, **P < 0.01, vs. Model group; (D):##P < 0.01, vs. Sham group; **P < 0.01, vs. Model group. (F): ##P < 0.01, vs. Sham group; *P < 0.05, **P < 0.01, vs. Model group. (G–I) Quantification of RIPK1, RIPK3 and MLKL mRNA by qRT-PCR. (G): ##P < 0.01, vs. Sham group; *P < 0.05, vs. Model group. (H): ##P < 0.01, vs. Sham group; *P < 0.05, vs. Model group. (I): ##P < 0.01, vs. Sham group; *P ≤ 0.05, **P < 0.01, vs. Model group.


qRT-PCR results showed that the expression of RIPK1, RIPK3, and MLKL mRNA in the Model group was significantly higher than that in the Sham group at 3 and 7 days after SCI (P < 0.01). After treatment, the expression level of those mRNA in the EA group was decreased, and the difference between the EA group and the Model group was statistically significant at 3 and 7 days time points (RIPK1, RIPK3, P < 0.05; MLKL, 3 day: P ≤ 0.05, 7 day: P < 0.01. Figures 3G–I). This result is consistent with immunohistochemistry results.



Electro-Acupuncture Enhanced Autophagy Flux and Inhibited Necroptosis


Electro-Acupuncture Increased Numbers of Autolysosomes

Electron microscopy was used to observe the structure changes of spinal cord tissue after injury. In the Sham group, the nuclei were intact and uniformly stained, the number and structure of organelles in the cytoplasm were normal, the myelin sheath was arranged in concentric circles around the axons, and microfilaments and microtubules could be seen in the axons in regular arrangement. No axonal denaturation and granular disintegration were observed, no autolysosome was found, and several primary lysosomes could be seen (Figure 4A). On 3 day after SCI, the cytoplasm of neurons in the spinal cord tissue had sustained extensive edema, the mitochondria were swollen significantly, the myelin lamina was broken, the rough endoplasmic reticulum was loose, the number of lysosomes increased (Figure 4B). In the EA + CQ group, autophagosomes increased much more than that in EA group, while only several autolysosomes could be seen (Figure 4C). CQ destroyed lysosome function by inhibiting the fusion of lysosome and autophagosomes, leading to the accumulation of autophagosomes, and blockage of autophagy flux. The number of lysosomes, especially secondary lysosomes/active lysosomes, autophagosomes, and autolysosomes in the EA group was greater than that in the model group (Figure 4D). This results may illustrate that EA have effects on increasing the numbers and function of lysosomes and autolysosomes and enhancing autophagy flux.
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FIGURE 4. Electron microscopy results of the spinal cord tissue sections after EA. (A) Ultrastructure of the sham group (13,000×). Nuclei is intact (red arrow), with obvious nucleoli. The myelin sheath is arranged around the axon in concentric circles. No autophagosome is found. (B) Ultrastructure of spinal cord tissue after injury in 3 day (18,000×). In model group, the myelin sheath and the nucleus shrinks and several lysosomes (Red arrow) and autolysosomes (purple arrow) are shown. (C) EA + CQ group in 3 day (44,000×). Autophagosomes accumulated significantly. Several active lysosomes could be seen. (D) EA group in 3 day (18,000×). The number of lysosomes, autophagosomes and autolysosomes increased in EA group, especially active lysosomes. Yellow arrow: secondary lysosome (active lysosome). Blue arrow: autophagosomes with two membranes. Red: primary lysosomes. Purple: autolysosomes with single membrane.




Lysosomes Inhibitor CQ Eliminated Effect of EA on Motor Function Improvement and Histological Changes

The EA group scored higher than the Model group on both 3 and 7 days, with statistically significant differences (P < 0.05, P < 0.01, Figure 5A). However, after injection of lysosomes inhibitor CQ, the EA + CQ group had lower scores on 3 and 7 days than the EA group significantly (P < 0.01), indicating that CQ could partially eliminate the therapeutic effect of EA on improvement of motor function.
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FIGURE 5. (A) BBB scores of neurological function recovery after injection of CQ. Data are expressed as the mean ± SD (n = 6 rats/group). #P < 0.05, ##P < 0.01, vs. Model group. **P < 0.01, vs. EA group. Model, spinal cord injury; EA, electro-acupuncture; EA + CQ, electro-acupuncture with injection of inhibitor CQ. (B) Nissl staining results of spinal cord tissue after inhibitor CQ injection (200 ×). (C) Number of anterior horn motor neuron. Data are expressed as the mean ± SD (n = 6 rats/group). #P < 0.05, ##P < 0.01, vs. Model group. **P < 0.01, vs. EA group.


At the time points of 3 and 7 days after surgery, the number of neurons in the Model group was significantly reduced, while neurons relatively increased after treatment in the EA group, statistically significant compared with the Model group at each time point (P < 0.05, P < 0.01). However, the neurons in the EA + CQ group decreased after injection of inhibitor CQ at 3 and 7 days compared with that in the EA group (P < 0.01), indicating that injection of inhibitor CQ could partially eliminate the therapeutic effect of EA and reduce the number of neurons (Figures 5B,C).



Electro-Acupuncture Promoted Autophagy Flux Blocked by Lysosomes Inhibitor

Immunohistochemistry results showed that LC3 and P62 were mainly expressed in cytoplasm of neurons and glial cells. At postoperative 3 and 7 days, the mean density value of LC3 and P62 in Model group were significantly higher than Sham group (P < 0.01). After treatment at 3 and 7 days, LC3 in the EA group increased significantly compared with the Model group (P < 0.05, P < 0.01), while the value of P62 in EA group was lower than that in Model group (P < 0.05). The mean density value of LC3 and P62 both increased in EA + CQ group at each time point after injection of inhibitor CQ, compared to that in EA group (P < 0.05, P < 0.01). The results showed that the expression of LC3 increased after SCI, which may be related to the decreased autophagosomal degradation caused by lysosomal dysfunction. While electro-acupuncture could promote the expression of LC3 and increase the formation of autophagosome. After SCI, the expression level of autophagy degradation substrate P62 was increased, and the acupuncture could reduce the expression of P62, promote autophagy degradation, and accelerate autophagy flux. On the basis of the acupuncture treatment, lysosomal inhibitor CQ was injected to enhance the expression of LC3 and P62, leading to excessive accumulation of autophagosomes and blocking of autophagy flux (Figure 6).
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FIGURE 6. Immunohistochemistry results on the expression of LC3 and P62. (A) Immunohistochemical staining results of LC3 in rats in each group (400×). LC3 is brown staining (black arrow). (B) Mean optical density of LC3 in each group (IOD/Area). ##P < 0.01, vs. Sham; *P < 0.05, **P < 0.01, vs. Model; &P < 0.05, vs. EA. (C) Immunohistochemical staining results of P62 in each group (400 ×). P62 is brown staining (black arrow). (D) Mean optical density of P62 in each group (IOD/Area). ##P < 0.01, vs. Sham; *P < 0.05, vs. Model; &&P < 0.01, vs. EA. Data are expressed as the mean ± SD (n = 6 rats/group).


It is further verified by Western Blot. LC3-II protein expression in Model group was significantly higher than that in Sham group at 3 and 7 days postoperatively (P < 0.01). After EA treatment, the expression level of LC3-II protein increased, which was statistically significant compared with the Model group at the time points of 3 and 7 days (P < 0.01). However, LC3-II protein in the EA + CQ group continued to increase after injection of inhibitor CQ, and the difference between the EA group and the EA group was statistically significant (P < 0.05). These results indicate that the expression of LC3-II protein increases and autophagy increases after SCI, which may be caused by the blockage of autophagy flux. The continued increase of LC3-II protein expression after acupuncture treatment may be related to the promotion of autophagy. The inhibitor CQ was injected on the basis of the electro-acupuncture treatment, resulting in the further increase of LC3-II protein expression and a large amount of autophagosome accumulation (Figure 7A).


[image: image]

FIGURE 7. Western blot results of the expression of LC3-II and P62 protein. (A) Expression of LC3-II in each group (LC3-II/β-actin). ##P < 0.01, vs. Sham; **P < 0.01, vs. Model; &P < 0.05, vs. EA. (B) Expression of P62 protein in each group (P62/β-actin). ##P < 0.01, vs. Sham; *P < 0.05, vs. Model; &&P < 0.01, vs. EA.


P62 protein expression in the Model group was significantly increased compared with that in the Sham group (P < 0.01), while it was decreased in EA group, which was statistically significant compared to Model group at 3 and 7 days after treatment (P < 0.05). After injection of inhibitor CQ, the expression of P62 protein in the EA + CQ group was higher than that in the EA group at each time point (P < 0.01). These results indicated that P62 protein expression increased after SCI. After EA treatment, the expression of P62 protein was decreased, autophagy degradation was promoted, and autophagy flux was enhanced. The inhibitor CQ could partly eliminated the effect of the EA on reducing P62 protein expression, but promoted its increase (Figure 7B).



Lysosomes Inhibition Eliminated the Effect of Electro-Acupuncture on Reducing Necroptosis Markers Expression

At 3 and 7 days after surgery, the average optical density value of RIPK1, RIPK3, MLKL in the EA group were lower than that of the Model group (RIPK1, MLKL: P < 0.05, P < 0.01; RIPK3: P < 0.05), while the value of them in EA + CQ group increased after the injection of inhibitor CQ, and the comparison between the EA + CQ group and the EA group was statistically significant at 3 and 7 days after surgery (P < 0.05, P < 0.01, Figure 8). These results indicated that EA treatment could inhibit the formation of necroptosis factor RIPK1, RIPK3, MLKL, reduce the formation of necrotic complex, and protect the remaining neurons. However, after injection of inhibitor CQ, the effect of EA on necroptosis factors reduction was partially eliminated, so as to increase the value of necroptosis factor and reduce the survival rate of neurons.
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FIGURE 8. Immunohistochemistry results on the expression of RIPK1, RIPK3, and MLKL. RIPK1, RIPK3 and MLKL were brown-yellow positive, mainly expressed in neuron and glial cells (black arrow). (A) Immunohistochemistry results of RIPK1 in rats in each group (400×). Mean optical density of RIPK1 in each group (IOD/Area). ##P < 0.01, vs. Sham; *P < 0.05, **P < 0.01, vs. Model; &P < 0.05, &&P < 0.01, vs. EA. (B) Immunohistochemistry results of RIPK3 in rats in each group (400×). Mean optical density of RIPK3 in each group (IOD/Area).##P < 0.01, vs. Sham; *P < 0.05, vs. Model; &P < 0.05, &&P < 0.01, vs. EA. (C) Immunohistochemistry results of MLKL in rats in each group (400×). Mean optical density of MLKL in each group (IOD/Area). ##P < 0.01, vs. Sham; *P < 0.05, **P < 0.01, vs. Model; &P < 0.05, &&P < 0.01, vs. EA.


The expression of RIPK1, RIPK3, and MLKL in the Model group was significantly increased compared with that in the Sham group at 3 and 7 days (P < 0.01), while it was decreased after treatment in the EA group. At the time points of 3 and 7 days, the difference was statistically significant compared with that in the Model group (RIPK1: P ≤ 0.05; RIPK3: P < 0.05; MLKL: P < 0.05, P < 0.01). Compared with the EA group, RIPK1, RIPK3, and MLKL protein expression in the EA + CQ group increased significantly at each time points after injection of inhibitor CQ (RIPK1: P < 0.01, P < 0.05; RIPK3: P < 0.05, P < 0.01; MLKL: P < 0.01, Figure 9). The results show that RIPK1, RIPK3, and MLKL protein expression increased after SCI, and EA treatment could reduce these necroptosis factors expression and necrosis complex formation. Inhibitor CQ could partly eliminate the effect of EA on reducing RIPK1, RIPK3, and MLKL protein expression, instead promoting its elevation, which is available in the formation of necrotic complexes and exacerbates neuronal necrosis.
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FIGURE 9. Western blot results on the expression of RIPK1, RIPK3, and MLKL. (A) Expression of RIPK1 protein in each group (RIPK1/β-actin). ##P < 0.01, vs. Sham; *P ≤ 0.05, vs. Model; &&P < 0.01, &P < 0.05, vs. EA. (B) Expression of RIPK3 protein in each group (RIPK3/β-actin). ##P < 0.01, vs. Sham; *P < 0.05, vs. Model; &P < 0.05, &&P< 0.01, vs. EA. (C) Expression of MLKL protein in each group (MLKL/β-actin). ##P < 0.01, vs. Sham; *P < 0.05, **P < 0.01, vs. Model; &&P < 0.01, vs. EA.




DISCUSSION

Clinically, EA as a traditional Chinese medicine therapy has been widely used to improve the prognosis of spinal cord and neuromuscular injury. Electro-acupuncture at Jia-Ji points is a combination of acupuncture effect and electric field effect on injured spinal cord after SCI. In this study, we investigated the molecular biological mechanism of EA treatment on improvement of lower hind motor and autophagy regulation of necroptosis. Our data showed that lysosome function was inhibited after SCI with increasing the expression of LC3-II and P62. LC3-II reflects the number of autophagosomes and P62 is autophagy cargo protein. The number of autophagosomes and the degradation of autophagy cargo protein increased after EA treatment, which proved that the electro-acupuncture has the effect of enhancing autophagy flux. Consistent with previous study (Liu et al., 2018), we found that necroptosis markers were accumulated after SCI in neurons with inhibiting of autophagy flux and lysosomal damage. The accumulation of RIPK1, RIPK3, and MLKL were inhibited in neurons and glial cells by using Jia-Ji EA treatment, which may reduce necroptosis. Besides, the lysosome inhibitor CQ partially eliminated the therapeutic effect of EA on promoting autophagy flux and inhibiting necroptosis. This study suggests that Jia-Ji EA treatment may promote the recovery of motor function through the mechanism of accelerating autophagy flux and alleviating necroptosis.

Rodent models have become standard in the past 30 years and have been widely used in SCI research (Kwon et al., 2015). Rats are the best choice and the most widely used due to the limit field of vision of mice (Verma et al., 2019). In rat model of SCI, we observed that there was a significant improvement on motor function after EA treatment compared to Model group at 3 and 7 days time points (P < 0.01). The improvement of hind limb motor function was not obvious after treatment for 6 h or 1 day. So 3 and 7 days time points were selected as time points in the following study. It is further proved by the histological changes. At the time points of 3 and 7 days, the appearance and structure of the spinal cord tissues in the Sham group were normal, while the hematoma in the spinal cord attack area in the Model group was obvious. However, the hematoma was the most severe in 3 day, indicating that the vascular hemorrhage of the spinal cord after external impact caused congestive necrosis, leading to further aggravation of tissue ischemia. After EA treatment, the range of hematoma in EA group at each time point became smaller and the color became lighter. Spinal cord structure was disorder at 3 day after SCI in Model group, with nerve fibers arranged loosely, flake bleeding lesions, the massive death of neurons, retained a large number of neurons die cavity. These pathology changes are associated with cells and necrotic neurons apoptosis, known as vacuolization of neurons. While at 7 day after SCI, inflammatory cells infiltration reducing, hyperplasia of glial cells, and phagocytosis phenomenon of neurons could be seen on HE stain, suggests that microglia have the effect of the removal of necrotic neurons, leaving ghost necrotic neurons observed. These pathological findings are consistent with previous reports (Alexander and Popovich, 2009; Mortazavi et al., 2015; Quadri et al., 2020). The Nissl body is a marker of the functional state of neurons. From Nissl staining, we found that the number of residual neurons in the Model group increased after EA treatment (P < 0.05), indicating that the death of neurons was reduced. The results showed that the EA could improve the microcirculation and inhibit neuronal death, which may be related to the improvement of motor function at 3 and 7 days time points.

Necroptosis is a regulatory necrosis activated downstream of tumor necrosis factor receptor 1 (TNFR1), dependent on the activity of receptor interaction protein kinases 1 (RIPK1) and 3 (RIPK3), and recruits mixed lineage pseudo-kinase MLKL to form necrosome complex (Necrosome), mediating cell rupture and death (Vandenabeele et al., 2010). The accumulation of necroptosis markers RIPK1, RIPK3, and MLKL was found after SCI, which may contribute to neuronal and glial cell death (Liu et al., 2015a). The RIPK1 inhibitor NEC-1 and the MLKL inhibitor NSA was found to inhibit the expression of necrosis factor and improve the lower limb motor function (Wang et al., 2014, 2018). In our results, RIPK1, RIPK3, and MLKL were mainly expressed in the cytoplasm of neurons and glial cells, but also shown in the intercellular substance, possibly because necroptosis factors in the cytoplasm were released into the intercellular after cell rupture. The mean optical density values of spinal cord tissues RIPK1, RIPK3, and MLKL in the Model group were significantly higher than those in the Sham group at 3 and 7 days after surgery (P < 0.01). This indicated that necrotic complexes accumulated in large quantities after SCI, while the average optical density values of RIPK1, RIPK3, and MLKL were decreased at all-time points after treatment in the EA group (P < 0.05). It may illustrate that EA could inhibit necrosome accumulation and reduce necroptosis of neuron.

As an important and conserved lysosomal degradation pathway, autophagy is thought to be involved in many physiological and pathological processes. It has been shown that inhibiting autophagy may have a neuroprotective effect (Siracusa et al., 2016; Wei et al., 2016). Autophagy flux is a dynamic process involving the formation, transmission, and degradation of autophagosomes. The increase of autophagosomes alone does not mean the enhancement of autophagy, and the accumulation of autophagosomes may occur due to the reduction of autophagosome degradation or the inability to degrade with the increase of autophagosome formation, thus inhibiting autophagy flux. The beneficial or harmful functions of autophagy may depend on the induction or inhibition of autophagy flux after central nervous system injury. Smooth autophagy flux often leads to cell protection, while blocked autophagy flux contributes to cell death. In our results, LC3 and P62 were mainly expressed in the cytoplasm of neurons and glial cells, consistent with the location of necrotic apoptotic factors. Average optical density values of LC3 and P62 were significantly higher than that of Sham group at 3 and 7 days postoperatively (P < 0.01). Besides, the expression peak of LC3 and P62 at 3 day was in accordance with that of necroptosis factors. The increase of LC3 and P62 after SCI indicates the blockage of autophagy flux, which may be caused by dysfunction of lysosomes on fusion and degradation of autophagosome after injury. The average optical density value of LC3 in the EA group was higher than that of the Model group at all-time points (P < 0.05), while the average optical density value of P62 was lower than that of the Model group (P < 0.05), indicating that EA treatment promoted the increase of LC3, reduced the expression of P62, and accelerated autophagy flux. LC3-II is generally considered as an autophagosome marker, because the content of LC3-II reflects the number of autophagosomes. However, LC3-II may not be able to estimate autophagy activity. Not only autophagy activation, but also inhibition of autophagosomal degradation greatly increases the content of LC3-II. The degradation of autophagy substrate P62/SQSTM1 is another marker widely used to evaluate autophagy activity, which can recruit ubiquitin substrates into autophagosome and degrade with it (Yoshii and Mizushima, 2017). When autophagy flux is high, the level of p62 protein decreases. Conversely, a reduction in autophagy flux may lead to P62 protein accumulation. Moreover, it was observed by electron microscopy that the number of lysosomes, autophagosomes and autolysosomes were increased compared with the model group after SCI was treated by EA. This result also indicates that EA could increase autophagy flux and promote autophagy degradation, consistent with the results that increase of LC3 expression and decrease of P62 expression mentioned before. More active lysosomes appeared after EA treatment, indicating Jia-Ji EA may stimulate lysosome function. The mechanism of EA on increasing autophagy flux may be related to the increase of autophagosome formation and the improvement of lysosomal function. However, the mechanism of Jia-Ji EA on increasing the number of lysosomes and enhancing its function still needs further study.

Lysosome function plays an important role in promoting autophagy flux. When autophagy flux is blocked due to lysosome dysfunction, the accumulation of autophagosomes would possibly lead to cell death (Lipinski et al., 2015). The autophagosome can be used as a basis to assemble necrotic complexes (Goodall et al., 2016). RIPK1 is recruited by P62 [the ZZ domain of P62 can interact with RIPK1 (Puissant et al., 2012)] to the autophagosome, which activates the assembly of necrosome and further mediates cell death. After inhibition of lysosomal function, autophagosomes accumulated, and could not be successfully degraded, contributing to the increase of LC3 and P62 contents. It has been previously demonstrated that autophagy flux was inhibited after SCI and treatment with rapamycin could attenuated accumulation of P62 by improving lysosomal function and autophagy flux (Liu et al., 2018). To further explore the effect of autophagy flux on rat hind limb function, lysosome inhibitor chloroquine CQ was applied. Many studies supported lysosomal luminal alkalinizer chloroquine (CQ) as an inhibitor of autophagy flux in rats with SCI (Hu et al., 2017; Zhang et al., 2017). CQ could improve the pH-value of lysosomes and then destroy the function of lysosomes, inhibit fusion of lysosomes and autophagosomes, thus leading to the accumulation of autophagosomes and blockage of the autophagy flux. BBB score and Nissl staining were observed after injecting CQ on the basis of EA treatment. At the time points of 3 and 7 days, BBB score was lower than that of the EA group (P < 0.01). The staining of motor neurons in the anterior horn was relatively light and the number of them was decreased compared with that of the EA group (P < 0.01), indicating that injection inhibitor CQ partially eliminated the therapeutic effect of EA, reduced the number of motor neurons in the anterior horn, and aggravated dysfunction of hind limbs in rats.

After treatment, the average optical density values of RIPK1, RIPK3, and MLKL in the EA group were lower than those in the Model group at each time point (P < 0.05), indicating the inhibitory effect of EA on necroptosis. After the injection of inhibitor CQ, the average optical density values of LC3, P62, RIPK1, RIPK3, and MLKL in the EA + CQ group increased at each time point, which was statistically significant compared with the EA group at each time point (P < 0.05). These results indicated that CQ partially eliminated the effect of EA on promoting autophagy flux and inhibiting necrotizing apoptosis. The results above were further confirmed by Western blot. Protein expression levels of LC3, P62, RIPK1, RIPK3, and MLKL were significantly higher than that of Sham group at 3 and 7 days after surgery (P < 0.01), indicating autophagy flux blocked and necrotic protein expression enhanced after SCI. The expression of LC3-II was all higher than that in the Model group at each time point (P < 0.01) after EA treatment, while the protein expression levels of P62, RIPK1, RIPK3, and MLKL were all lower than that in the Model group (P < 0.05), indicating that EA could promote autophagy flux and inhibit necroptosis at the same time. It proved that autophagy may have relationship with necroptosis regulation. Blockage of autophagy flux by CQ may lead to the accumulation of the autophagosomes and increase of P62 expression, which may recruit and interact with RIPK1 to the autopahgosomes and then activate necroptosis. By promoting autophagy flux, Jia-Ji EA could inhibit the necroptosis of neuron, then further inhibit the reduction of the number of anterior motor neurons, and eventually improve the recovery of motor function. Furthermore, we still need to extend the observation time to the regeneration and repair period of SCI in the future study.



CONCLUSION

Together our data suggest that, Jia-Ji electro-acupuncture may improve the motor function of hind limbs in rats after SCI by improving lysosomal function, promoting the autophagy flux, then reducing necroptosis and inhibiting the loss of neuron. It showed that the mechanism of Jia-Ji electro-acupuncture treatment were involved in lysosome/autophagy flux/necroptosis pathway. This study provides a potential mechanism and a better understanding of the neuroprotective effect of the electro-acupuncture. In future studies, we will explore the mechanism of Jia-Ji electro-acupuncture on lysosomal function and whether it could induce neuron regeneration and remodeling through this pathway.
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Patients with type 2 diabetes mellitus (T2DM) are highly susceptible to developing dementia, especially for those with mild cognitive impairment (MCI), but its underlying cause is still unclear. This study aims to investigate the early detection of white matter structural network changes in T2DM patients with MCI and assess the relationship between cognitive impairment and structural network alterations in T2DM patients. In this study, we performed a battery of neuropsychological tests and diffusion tensor MRI in 30 T2MD-MCI patients, 30 T2DM patients with normal cognition (T2DM-NC) and 30 age-, sex-, and education-matched healthy control (HC) individuals. Cognitive performance exhibited obvious differences among the three groups. The structural network was significantly disrupted in both global and regional levels in T2DM patients. The T2DM-MCI group showed more severe impairment of global network efficiency, and lower nodal efficiency and fewer connections within multiple regions like the limbic system, basal ganglia, and several cortical structures. Moreover, a subnetwork impaired in T2DM-MCI patients was characterized by cortical-limbic fibers, and commissural fibers and pathways within the frontal, temporal, and occipital lobes. These altered global and nodal parameters were significantly correlated with cognitive function in T2DM-MCI patients. In particular, executive dysfunction and working memory impairment in T2DM-MCI patients correlated with nodal efficiency in the right opercular part and triangular part of the inferior frontal gyrus, which indicated that white matter disruption in these regions may act as potential biomarkers for T2DM-associated MCI detection. Our investigation provides a novel insight into the neuropathological effects of white matter network disruption on cognition impairments induced by T2DM.

Keywords: type 2 diabetes mellitus, mild cognitive impairment, diffusion tensor imaging, white matter network, network-based statistics


INTRODUCTION

Type 2 diabetes mellitus (T2DM) is a common metabolic disorder characterized by insulin resistance and hyperglycemia, which can lead to severe multi-systemic impairments. Patients with T2DM have a considerably high risk of developing cognitive dysfunction (Cukierman et al., 2005; Koekkoek et al., 2015). A significant portion of T2DM patients with cognitive impairment eventually progress to dementia (Cheng et al., 2012; Ninomiya, 2014). Mild cognitive impairment (MCI) is the early stage of diabetic cognitive impairment, which is a modifiable stage between normal cognitive aging and dementia (Sperling et al., 2011). The occurrence of dementia is an irreversible process making the pre-dementia stage, which includes MCI, the best time to treat T2DM patients (Mitchell and Shiri-Feshki, 2008). Therefore, early identification and detection of alterations in T2DM-MCI patients may help clinicians with early prevention of severe cognitive decline.

Previous studies have reported that changes in white matter (WM) in T2DM patients are correlated with cognitive impairment (Reijmer et al., 2013a; Hoogenboom et al., 2014; Zhang et al., 2014). Diffusion tensor imaging (DTI), a sophisticated magnetic resonance (MR) imaging technique, is sensitive in detecting microstructural alterations of the WM in T2DM (Hsu et al., 2012; Tan et al., 2016). These results revealed that significant alterations of WM integrity were predominantly found in the cingulum, the uncinate fasciculus, the superior and inferior longitudinal fasciculus, corpus callosum, and external and internal capsule in T2DM patients (Reijmer et al., 2013a; Hoogenboom et al., 2014; Zhang et al., 2014; Nouwen et al., 2017; Yoon et al., 2017; Sun et al., 2018; Xiong et al., 2019). However, these previous studies mainly focused on the regional abnormalities in WM integrity in T2DM.

The human brain is a complex network which comprises multiple brain regions connected to each other. Recently, there has been much interest in mapping the “connectome” to investigate and fully understand the complexity of brain structural network connections (Sporns et al., 2005; Lichtman et al., 2008). So far, four studies have examined the topological properties of the structural brain network in patients with diabetes (Reijmer et al., 2013b; Kim et al., 2016; Zhang et al., 2016, 2019). The results showed disruptions in network integration parameters which represent the slower speed and lowered capacity of a network to exchange information. However, indicators of small-world alteration and local information integration capability did not show a consistent pattern in T2DM. The reason for the inconsistent results may be that the T2DM patients studied were in different stages of diabetes-associated cognitive impairment in this research. Therefore, our study aimed to explore the WM structural network connectome mechanism in T2DM patients with and without MCI.

In this study, we enrolled T2DM patients with MCI (T2DM-MCI), T2DM patients with normal cognition (T2DM-NC), and healthy controls (HC) to perform a clinical assessment, a battery of neuropsychological tests, and DTI MR imaging. Network-based statistics (NBS) and graph theory analysis were conducted to investigate WM structural network connectome differences in these three groups, and then we assessed the relationship between structural topological network disruptions and cognitive performance in T2DM-MCI patients. Our study may provide insights into the neuropathological mechanisms of T2DM-related cognitive impairment.



MATERIALS AND METHODS


Participants

Thirty patients with T2DM-NC and 30 patients with T2DM-MCI were enrolled in the study from October 2015 to November 2019. T2DM was diagnosed using the 1999 criteria proposed by the World Health Organization. The diagnosis of MCI was based on the criteria established in the 2006 European Alzheimer's Disease Consortium, which includes complaints of hypomnesis, an MoCA score <26, a mini mental state exam (MMSE) score > 24, a clinical dementia rating (CDR) ≥ 0.5, and a normal activities of daily living (ADL) score. Participants were excluded if they had a history of brain injury, alcoholism, epilepsy, Parkinson disease, major depression, or other psychiatric or neurological disorders. Participants with dementia (MMSE ≤ 24), severe depression (Hamilton Depression Rating Scale ≥ 18), severe claustrophobia, or contraindications to MRI were also excluded. T2DM patients were excluded if they had microvascular complications, including nephropathy, retinopathy, and neuropathy. Thirty volunteers without vascular risk factors, nervous system diseases, cognitive complaints, or psychiatric illnesses were recruited as HC. Thirty HCs had no T2DM, psychiatric or neurological disorder, and had an MoCA score ≥ 26, and an MMSE score > 24. Height, weight, and body mass index (BMI) were measured for each participant. All participants were tested by neurological, neuropsychological, and structural MRI examinations. All participants were right-handed and native Chinese speakers. Glycosylated hemoglobin (HbA1c), fasting plasma glucose (FPG), fasting C-peptide, fasting insulin, triglycerides (TGs), total cholesterol (TC), low-density lipoprotein (LDL), high-density lipoprotein (HDL), homocysteine, urinary microalbumin, blood urea nitrogen (BUN), uric acid, serum creatine, cystatin C, free thyroxine (FT), free triiodothyronine (FT3), and thyroid-stimulating hormone (TSH) were measured via standard laboratory testing. This study was carried out in accordance with the Declaration of Helsinki. The Research Ethics Committee of Southwest Hospital, Army Medical University approved the study. All participants voluntarily provided written informed consent.



Neuropsychological Testing

All participants completed a battery of neuropsychological tests, including MMSE, Montreal Cognitive Assessment (MoCA), Digit Symbol Coding Test (DSCT), Complex Figure Test (CFT), Trail-Making Test (TMT), Digit Span Test (DST), Verbal Fluency Test (VFT), and Auditory Verbal Learning Tests (AVLT) which contains 12 variants, including coat, trousers, kerchief, glove, driver, carpenter, soldier, lawyer, crabapple, lily, wintersweet, and yulan.



Imaging Acquisition

All imaging data were obtained on a 3-Tesla Trio MRI system (Siemens Healthcare, Erlangen, Germany) equipped with a 12-channel phase-array head coil. DTI images were acquired by a single-shot echo planar imaging (EPI) sequence with the following parameters: repetition time (TR) = 10,000 ms; echo time (TE) = 92 ms; flip angle = 90°; field of view (FOV) = 256 mm × 256 mm; matrix = 128 × 128; slice thickness = 2 mm, no gap; 75 axial slices; 64 encoding diffusion directions with b = 1,000 s/mm2; and 1 non-diffusion b = 0 s/mm2 images. The 3D high-resolution structural images were obtained using a T1-weighted magnetization prepared rapid acquisition gradient echo (MPRAGE) sequence, as follows: TR = 1,900 ms, TE = 2.52 ms, TI = 900 ms, flip angle (FA) = 9, matrix = 256 × 256, thickness = 1.0 mm, 176 slices with voxel size =1 × 1 × 1 mm. Then, all the subjects were required to undergo conventional brain T1-weighted and fluid attenuated inversion recovery (FLAIR) images to exclude organic diseases and white matter (WM) hyperintense lesions.



Imaging Preprocessing

For the DTI data, they were preprocessed and analyzed by the Pipeline for Analyzing Brain Diffusion Images toolkit (PANDA, www.nitrc.org/projects/panda) (Cui et al., 2013) based on the FMRIB Software Library (FSL) (Behrens et al., 2003). The specific preprocessing steps were performed as previously reported (Xie X. et al., 2017). In brief, first, we converted the image format from DICOM to NIFTI. Second, we removed the skull and extracted the brain tissue. Third, we corrected head motion and eddy-current induced distortions by realigning each diffusion-weighted image to the non-weighted b0 image.



Network Construction

The network nodes and edges were defined by the following procedures. An Automated Anatomical Labeling (AAL) template was used to parcellate the cerebral cortex into 90 anatomical regions (45 for each hemisphere), each representing a node of the constructed network. The 3D T1-weighted images were co-registered to the original b0 images using SPM (www.fil.ion.ucl.ac.uk/spm), and then the co-registered 3D-T1 images were normalized to the Montreal Neurologic Institute (MNI) space. Finally, the inverse transformations were applied to the AAL atlas, resulting in corresponding AAL regions in the individual DTI native-space.

A deterministic fiber assignment with the continuous tracking (FACT) algorithm was used to track the whole-brain white matter fibers for each subject in the native diffusion space. All voxels with an FA ≥0.2 were used as seed points; the tracking continued to one of the seed points unless the tracking angle between two adjacent voxels was > 45° or the FA was <0.2 (Mori et al., 1999). To determine the edges of the brain network, two brain regions were considered connected by an edge in cases in which at least three fibers were present between the regions. A threshold of three fibers ensures that influence from spurious connections is reduced (Lo et al., 2010). For each edge of the network, the mean FA along the fiber bundles were defined as the weights of a network edge between two connected nodes. FA value is an important index to evaluate fiber integrity (Beaulieu, 2002). Previous studies proposed that mean FA has the ability to subtly detect local brain lesions (Lim and Helpern, 2002). At last, a 90 × 90 matrix was generated, representing the FA-weighted structural network of each subject.



Network Measures

The global and nodal topological metrics were calculated with the graph theoretical network analysis toolbox (GRETNA; http://www.nitrc.org/projects/gretna). A sparsity threshold range of 10–30% with an interval of 1%, which was checked by previous studies and showed good small-world characteristics, was applied to minimize the possible discrepancies among all FA-weighted matrices (Watts and Strogatz, 1998; Zhang et al., 2011; Korgaonkar et al., 2014). Within every threshold, the global network metrics were calculated. Specifically, the global metrics of each structural network were constant and ranged from 15 to 30% (Supplementary Figure 1). Hence, the threshold at different levels of sparsity, ranging from 10 to 15%, was employed in our study. During these thresholds, we calculated the following global network parameters of the weighted brain structural network (see detailed computational formulas of these parameters in the Supplementary Material): clustering coefficient (Cp), characteristic path length (Lp), normalized Cp (γ), normalized Lp (λ), small-worldness (σ), global efficiency (Eglob), and local efficiency (Eloc). Cp represented the average clustering coefficients of all nodes. Lp was defined as the average of the shortest path length between any two nodes. Eglob is considered as an important parameter to estimate the global transmission efficiency of the network. Eloc demonstrated the network interconnection among the nodes. We investigated the “small worldness” by generating 1,000 random networks to compare with the real networks. γ and λ were defined as the ratio of real world network's Cp and Lp to the random network's. And σ was defined as the ratio of γ to λ, which quantifies the organization of a network, with σ > 1 indicating a network has a small-world property. Nodal efficiency and betweenness centrality were also computed to represent regional characteristics of the structural network. Among these nodes, there were a number of specific nodes that interacted with many other nodes, which were defined as hubs that play a vital role in maintaining network stability. As a hub, the condition should be the betweenness centrality of a node greater than or equal to the average value plus SD of the network betweenness centrality.

Moreover, a network-based statistic (NBS) was used to identify the altered structural connections in patients (Zalesky et al., 2010). We first applied one-way ANOVA (post-hoc: two-sample two-tailed t-tests) to compare the strength of the edge at each individual element of the connectivity matrix. Second, a primary component-forming threshold (P < 0.01, uncorrected) was applied to search for potential connected edges. Third, the size of the largest remaining subthreshold connected component was computed. Then, the groups were randomly shuffled (5,000 permutations) and the largest subthreshold connected component size was calculated by repeating steps 1, 2, and 3. In this way, an empirical null distribution was generated to evaluate the statistical significance of the network connected component sizes. Finally, for any connected component of size M that found in the right grouping of controls and patients, the corrected P- value was determined by calculating the proportion of the 5,000 permutations for which the maximal connected component was larger than M. The NBS identifies the subnetworks of connected edges that differ the most among groups (P < 0.05 NBS corrected for multiple comparisons). The results of the nodal and edge comparisons were visualized using the BrainNet viewer software (http://www.nitrc.org/projects/bnv/).



Statistical Analysis

All statistical analyses were performed in SPSS (version 22, Chicago, IL). For demographic and neuropsychological testing, a one-way analysis of variance (ANOVA) test was used to compare among groups. Post-hoc tests with Bonferroni correction were performed after observing statistical differences among the three groups. An χ2 test was used to compare sex variables. Instead of using single threshold metrics, we calculated the area under the curve (AUC) of each metric above to summarize the topological characteristic of the structural brain network. The group differences in AUC values of global network metrics (Cp, Lp, Eglob, and Eloc) and nodal properties (nodal efficiency and nodal betweenness centrality) were investigated with one-way ANOVA, while age and gender were adjusted as potential confounders. Metrics showing the main effect of group differences in the ANOVA model were further evaluated by post-hoc tests. A significance threshold of P < 0.05 was applied to each test, and the false discovery rate (FDR)-correction was applied for multiple comparison corrections. In addition, to explore the relationships between the topological properties of the network measures and clinical outcomes in cognitive function, we further performed Spearman's correlation between the topological properties and cognitive test scores in the T2DM-MCI patient groups. P < 0.05 was considered statistically significant.




RESULTS


Demographics and Neuropsychological Testing

There were no significant differences in age, gender, years of education, systolic or diastolic blood pressure, LDL, total cholesterol, and triglycerides among the T2DM-MCI, T2DM-NC, and HC groups. Compared with HC, T2DM-NC patients had higher FPG and HbA1c and lower HDL (Bonferroni-correction, P < 0.05). T2DM-MCI patients had higher BMI, HbA1c, and FPG and lower HDL than HC (Bonferroni-correction, P < 0.05). But no significant difference was found between T2DM-NC and T2DM-MCI patients (Bonferroni-correction, P > 0.05). In the neuropsychological test, T2DM-MCI patients performed worst among the three groups, while no significant difference was shown between T2DM-NC patients and HC (Bonferroni-correction, P > 0.05). Moreover, T2DM-MCI patients presented an obvious reduction in multiple domains of cognitive function including episodic memory, executive function, working memory, and attention when compared with T2DM-NC patients and HC. However, no significant differences in spatial processing and language ability among the three groups were found. Demographic data and neuropsychological testing are presented in Table 1.


Table 1. Demographic and neuropsychological characteristics.

[image: Table 1]



Global Network Properties

The brain networks of the T2DM-MCI, T2DM-NC, and HC groups exhibited good small-world properties (σ > 1, Supplementary Figure 2). The global properties of the network showed no significant differences in Cp, but was observed in Lp, Eglob, and Eloc among these three groups. In post-hoc comparisons, significantly higher Lp and lower Eglob and Eloc were found in the T2DM-MCI group relative to the HC group, while higher Lp and lower Eglob in the T2DM-NC group were found relative to the HC group. The T2DM-MCI group showed higher Lp and lower Eglob relative to the T2DM-NC group (P < 0.05, FDR-corrected, Figure 1, Table 2).


[image: Figure 1]
FIGURE 1. The differences of global network properties. The differences are shown in Cp (A), Lp (B), Eglob (C), and Eloc (D) among the T2DM-MCI, T2DM-NC, and HC groups. *The significance threshold was set at P < 0.05, **The significance threshold was set at P < 0.001. Cp, clustering coefficient; Lp, shortest path length; Eglob, global efficiency; Eloc, local efficiency.



Table 2. Differences in the global network properties among the T2DM-MCI, T2DM-NC, and HC groups.
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Nodal Efficiency and Hubs Characteristics
 
Nodal Efficiency

All nodal properties (nodal efficiency and betweenness centrality) of the white matter network of the T2DM-MCI, T2DM-NC, and HC groups were analyzed. Significant group effects of nodal efficiency were found in 33 of 90 nodes among the three groups, while the post-hoc comparison showed that nodal efficiency was widely reduced at 32 nodes in the T2DM-MCI group compared with the HC group and 12 nodes in the T2DM-NC group compared with the HC group (P < 0.05, FDR-corrected, Table 3, Figure 2). To reveal regions specifically related to cognitive impairments associated with T2DM, we carried out a post hoc comparison between T2DM-MCI and T2DM-NC. Compared to T2DM-NC group, T2DM-MCI group showed lower nodal efficiency in 11 nodes mainly located in the limbic system, basal ganglia, parts of frontal, temporal and parietal lobe, including right inferior frontal gyrus (opercular part and triangular part), left hippocampus, parahippocampal gyrus, fusiform gyrus, superior parietal gyrus, precuneus, caudate nucleus, middle temporal gyrus, inferior temporal gyrus, inferior parietal, but supramarginal and angular gyri (P < 0.05, FDR-corrected, Table 3). There were also group effects and between-group differences of betweenness centrality in 5 of 90 nodes (P < 0.05). However, the differences did not survive after FDR correction for multiple comparisons (Supplementary Table 2).


Table 3. Differences in the nodal efficiency among the T2DM-MCI, T2DM-NC, and HC groups.
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[image: Figure 2]
FIGURE 2. The brain regions with a significantly reduced nodal efficiency in T2DM patients. (A) Significant difference in terms of nodal efficiency between groups as determined by one-way ANOVA. Significant brain network nodes are rendered on the surface of the automated anatomical labeling atlas in BrainNet Viewer (NKLCNL, Beijing Normal University). The color code represents F-value. (B) Significant reductions of the nodal efficiency of T2DM-NC relative to HC (up), T2DM-MCI relative to HC (middle), and T2DM-MCI relative to T2DM-NC (bottom) were visualized. The abbreviations of the 90 brain regions are given in the Supplementary Table 1. The significance threshold was set at P < 0.05 (FDR-corrected). R (L) right (left) hemisphere.




Hubs Characteristics

The hubs of the brain network of these three groups were identified, including 13 hubs in HC, 12 hubs in T2DM-NC patients, and 11 hubs in T2DM-MCI patients (Table 4). Among them, 10 hubs were shared by these three groups, mostly distributed in the bilateral precentral gyrus, calcarine fissure and surrounding cortex, superior occipital gyrus, precuneus, and putamen. Compared with HC, T2DM-NC patients had decreased hubs at the right hippocampus, right caudate nucleus, and left thalamus, while two new hubs appeared at the caudate nucleus and middle temporal gyrus on the left side (Figure 3). T2DM-MCI patients had decreased hubs at the right hippocampus and right caudate nucleus relative to HC, while they had decreased hubs at the left caudate nucleus and left middle temporal gyrus, and increased hubs at the left thalamus relative to T2DM-NC patients (Figure 3).


Table 4. Hubs of the T2DM-MCI, T2DM-NC, and HC groups.
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[image: Figure 3]
FIGURE 3. Distribution differences of hubs in the T2DM-MCI, T2DM-NC, and HC groups. The blue node represents the hub in the former group but not in the latter. In contrast, the red node represents the hub in the latter group but not in the former. HIP.R, right hippocampus; CAU.R, right caudate nucleus; CAU.L, left caudate nucleus; THA.L, left thalamus; MTG.L, middle temporal gyrus.





Network Measure Correlates With Cognitive Function Score

The correlations between brain network parameters, including global network properties and nodal efficiency, and cognitive function scores were analyzed for the T2DM-MCI group. For global network properties, Lp, Eglob, and Eloc were significantly correlated with DST scores (r = −0.4149, P = 0.0226; r = 0.4051, P = 0.0264; r = 0.4934, P = 0.0056, uncorrected), and Eloc was significantly correlated with TMT-A scores in the T2DM-MCI group (r = −0.3620, P = 0.0494, uncorrected) (Figures 4A–D). Furthermore, the nodal efficiency of the right opercular part of the inferior frontal gyrus was significantly correlated with DST scores (r = 0.4049, P = 0.0265, uncorrected) in the T2DM-MCI group (Figure 4E). And the nodal efficiency of the right triangular part of the inferior frontal gyrus was significantly correlated with TMT-A scores (r = −0.3736, P = 0.0420, uncorrected) and TMT-B scores (r = −0.5238, P = 0.00297, uncorrected), respectively (Figures 4F,G).


[image: Figure 4]
FIGURE 4. The significant correlations between altered global or nodal network properties and cognitive performance in T2DM-MCI patients. (A) Correlation between Lp and DST-forwards. (B) Correlation between Eglob and DST-forwards. (C) Correlation between Eloc and DST-forwards. (D) Correlation between Eloc and TMT-A. (E) Correlation between IFGoperc.R and DST-forwards. (F) Correlation between IFGtriang.R and TMT-A. (G) Correlation between IFGtriang.R and TMT-B. Lp, shortest path length; Eglob, global efficiency; Eloc, local efficiency; IFGoperc.R, right opercular part of inferior frontal gyrus; IFGtriang.R, right triangular part of inferior frontal gyrus.




Network-Based Statistical Analysis

Differences of the connectivity component between groups were detected using the NBS method. A subnetwork of 9 nodes and 8 edges was found impaired in the T2DM-MCI group, compared with the HC group (P < 0.05, NBS corrected, Figure 5). Nevertheless, no significant differences were found between the T2DM-NC group and HC group or T2DM-MCI group and T2DM-NC group. The impaired subnetwork included the left hippocampus, calcarine fissure and surrounding cortex, the orbital part of the inferior frontal gyrus, lingual gyrus, the orbital part of the superior frontal gyrus, middle occipital gyrus, fusiform gyrus, the medial orbital of the superior frontal gyrus, and right caudate nucleus.


[image: Figure 5]
FIGURE 5. Subnetworks with impaired edge connection in T2DM-MCI patients relative to HC. The impaired connections are shown in blue edges. The nodes are set to equal size. HIP.L, left hippocampus; CAL.L, left calcarine fissure and surrounding cortex; ORBinf.L, left inferior frontal gyrus, orbital part; LING.L, left lingual gyrus; FFG.L, left fusiform gyrus; ORBsupmed.L, left superior frontal gyrus, medial orbital; CAU.R, right caudate nucleus.





DISCUSSION

The purpose of this current study was to early detect the neuroimaging alterations of T2DM-associated cognitive impairments. All participants in the T2DM-MCI, T2DM-NC, and HC groups had good small-world properties. The global properties of the structural network showed a significant decrease of Eglob and an increase of Lp in T2DM-MCI patients, when compared with T2DM-NC patients. Then nodal efficiency analysis showed the impaired efficiency of widespread brain regions in T2DM-MCI and T2DM-NC patients. While nodal efficiency, primarily located in the limbic system, basal ganglia, parts of the frontal, temporal, and parietal lobes, suffered more severely in T2DM-MCI patients than T2DM-NC. Moreover, a subnetwork impaired in T2DM-MCI was identified and characterized by cortical-limbic fibers, commissural fibers and pathways within frontal, temporal and occipital lobes. In particular, these network abnormalities were correlated with cognitive function performance in T2DM-MCI patients. Our investigations highlighted the importance of structural network analysis in our understanding of T2DM-related cognitive impairment symptoms.

In this study, deceased Eglob and increased Lp were observed in T2DM-MCI and T2DM-NC patients, which was in line with previous studies related to T2DM and cognitive impairments using DTI-based graph theoretical network analysis (Reijmer et al., 2013b; Kim et al., 2016; Zhang et al., 2016). Meanwhile, Eloc was also found significantly deceased in T2DM-MCI patients when compared with HC. These above findings imply that efficiency of network information transmission was decreased with the cognition decline of T2DM patients. However, no significant changes were found on Cp of T2DM-MCI and T2DM-NC patients in our study. The changing pattern of Cp reported in white matter network studies of T2DM have been controversial. Reijmer et al. found decreased Cp in well-controlled diabetic patients (Reijmer et al., 2013b), while Zhang et al. reported increased Cp in T2DM patients free of clinical vascular complications (Zhang et al., 2019). Two other studies detected no change in Cp in T2DM, which were similar to our current study (Kim et al., 2016; Zhang et al., 2016). These inconsistencies may be explained by the differences in sample sizes, age, and complications of the enrolled patients. Therefore, more studies are needed to draw a reliable conclusion about the impact of T2DM on the topological properties of the brain network.

T2DM-MCI patients exhibited significantly reduced nodal efficiency in 11 nodes, mainly located in the limbic system, basal ganglia, and parts of the frontal, temporal, and parietal lobes. Previous studies have reported that the temporal lobe and in particular the limbic system seem to be susceptible to T2DM (Den Heijer et al., 2003; Korf et al., 2006; Gold et al., 2007; Mccrimmon et al., 2012; Xie Y. et al., 2017). Our results are in agreement with previous literature showing microstructural and network impairment in different regions of the temporal lobe and limbic system, and also in their corresponding association fibers in T2DM. In addition, T2DM is also associated with the abnormal pattern of functional connectivity in these regions (Xia et al., 2017). These structures have been implicated in memory formation and learning (Mccrimmon et al., 2012). Furthermore, it had been well-documented that deficits in either frontal cortex or WM may be the underlying reasons for executive dysfunction and memory loss in patients with T2DM (Duncan and Owen, 2000; Preston and Eichenbaum, 2013; Reijmer et al., 2013b; Duan et al., 2015). Of note, our findings revealed that the nodal efficiency in the right opercular part and triangular part of the inferior frontal gyrus had a close relationship with multiple cognitive function scores, especially working memory, attention, and executive function, which was in line with previous studies (Li et al., 2018). The opercular part of the inferior frontal gyrus has many important functions in the brain, some of which are involved in semantic processing, language production, and phonological processing (Tonkonogy and Goodglass, 1981; Sainson et al., 2014). Moreover, the loss of white matter volume in the inferior frontal triangle region has been reported in T2DM patients (Chen et al., 2012). Both the opercular part and triangular part of the inferior frontal gyrus are involved in higher cognitive functions such as memory, emotion, and learning (Maess et al., 2006; Badre and Wagner, 2007). These results suggested that WM in the right opercular part and triangular part of the inferior frontal gyrus may act as potential biomarkers for T2DM-associated MCI detection.

More importantly, brain hubs, defined as some specific nodes interacting with many other nodes, play an important role in maintaining network stability and enabling efficient information transmission (Albert et al., 2000). The loss of hubs could affect network connection and information processing (Van Den Heuvel and Sporns, 2013). In hubs analysis, there were almost similar hub organizations in the T2DM-MCI, T2DM-NC, and HC groups, but differences still existed in the distribution of hubs among these three groups at the right hippocampus, bilateral caudate nucleus, and right middle temporal gyrus. T2DM-NC patients lost hubs at the right hippocampus and caudate nucleus, while two new hubs were found at the left caudate nucleus and middle temporal gyrus when compared to HC. These increased hub nodes may represent compensation for those lost, which may maintain the normal cognitive function in T2DM-NC patients (Liu et al., 2018; Yu et al., 2019; Wang et al., 2020). Meanwhile, T2DM-MCI patients lost hubs at the right hippocampus and caudate nucleus relative to HC, and lost hubs at the left caudate nucleus and middle temporal gyrus compared to T2DM-NC. These lost hubs are more likely to be related to cognitive performance (Den Heijer et al., 2003; Gold et al., 2007; Falvey et al., 2013; Rofey et al., 2015). Also, some regions with decreased nodal efficiency belonged to the lost hubs in T2DM-MCI. This suggests that the hub nodes, to some extent, were yet to be damaged, resulting in cognitive impairments in T2DM-MCI patients. This subsequently explains that T2DM cognitive dysfunction might disrupt the structural network and reorganize the network's hubs.

In addition, T2DM-NC patients showed disrupted topological organization of the white matter network including global network properties, nodal efficiency, and hubs, which indicates that the topological organization of structural brain networks have already been altered in T2DM-NC patients. Our results are partly in accordance with previous studies that explored changes of structural and functional brain networks in cognitively intact T2DM patients (Chen et al., 2017; Zhang et al., 2019). However, T2DM-MCI patients showed another disrupted structural network that was worse than T2DM-NC patients. These differences illustrated the severity of the disease condition. Therefore, a longitudinal study is necessary to confirm the dynamic changes in brain network topological organization in T2DM patients as the disease progresses in future.

However, our study has a few limitations. First, the current study is a cross-sectional study with a relatively small sample size, and a longitudinal study with a larger sample size is needed in future to detect the dynamic changes in structural network properties and to test whether structural network properties can predict the development of cognitive impairment in T2DM patients. Second, there was a higher BMI index in groups with T2DM than healthy controls. However, there were no significant intergroup differences in BMI between T2DM-MCI and T2DM-NC patients, and the effect of BMI on the results should be small. Last but not least, we only focused on the structural network properties and their relationship with neurophysiological tests in T2DM patients. Exploring the overlap between functional and structural connectivity in the same participants will achieve more convincing and reliable results. Thus, multimodal imaging methods are needed to investigate the structural and functional dysconnectivity in T2DM associated with cognitive deficits in the future.



CONCLUSION

In conclusion, the present study revealed disrupted network measures in T2DM patients. T2DM-MCI patients showed sporadic impairments of the structural network, primarily located in the limbic system, basal ganglia, and parts of the frontal, temporal, and parietal lobes when compared with T2DM-NC patients. Moreover, these network abnormalities were correlated with cognitive function performance in T2DM-MCI patients. In particular, the executive dysfunction and working memory impairment in T2DM-MCI patients correlated with reduced nodal efficiency in the right opercular part and triangular part of the inferior frontal gyrus, which indicated that WM in these regions may act as potential biomarkers for T2DM-associated MCI detection. Our investigation provides a novel insight into the neuropathological effects of white matter network disruption on early cognition impairments induced by T2DM.
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Objective: The purpose of this study is to evaluate the major mental health outcomes on dementia patient carers when using psychoeducational programs and psychotherapeutic interventions.

Methods: A meta-analysis was performed with randomized controlled trials of carers' tele-health interventions from the literature inception to December 31, 2019, using PubMed, EMBASE, and CENTRAL databases for articles.

Results: The meta-analysis identified 1,043 results, of which 11 were randomized control trials. Among all 11 randomized control trials, only one study addressed face-to-face contact with online modules of interventions, four studies addressed telephone-based interventions, two studies reported on combined face-to-face contact and phone call interventions, two studies focused on web-based interventions, one study used video and telephone interventions, and one study conducted a computer-telephone integration system of intervention. The updated evidence suggested that there was more efficacy via tele-health interventions in lowering depression for carers of people with dementia. We outlined the delivery formation of intervention to evaluate the effectiveness and processes of major mental health improvements, including depression, burden, anxiety, and quality of life.

Conclusions: In this study, tele-health intervention was shown to significantly lower depression and also lower the risk of mental health impairment. Although there was a significant decrease of depression, there were no significant differences in burden, anxiety, and quality of life. Future researchers are encouraged to carry out larger-scale studies; also, further analysis using a standardized assessment tool is suggested for future multi-component tele-health interventions.

Keywords: tele-health, intervention, carers, dementia, systematic review, meta-analysis


INTRODUCTION

Studies showed that carers of dementia family members have a poorer quality of life (QoL) (Glueckauf et al., 2007; Häusler et al., 2016; Brown et al., 2019) and higher risk for death by suicide. This risk did not decrease even after the care-recipients were institutionalized or died (Kishita et al., 2018). In 2015, there were 17.7 million informal carers who provided either in-home substantial services or unpaid assistance to their family members and friends. Though caregiving can strengthen the relationship between carer and recipient, it can also cause emotional and physical burdens on carers, resulting in higher rates of depression, lower quality of life, and poorer overall health. However, these outcomes might be eliminated when proactively addressing the needs of families and carers. To improve the support systems for carers and the care recipients, it is suggested to have a better understanding of carers and their challenges (Edwards et al., 2020). A UK survey in 2019 found that most carers (79%) used one or more types of technology, while distance carers, who do not reside in the same home with the care recipients, used slightly fewer (77%). There are lots of studies assessing the efficacy of carer interventions on emotional well-being (Orgeta et al., 2013; Wagner and Brandt, 2018; Or and Kartal, 2019). However, only a few of these reviewed the effect of intervention by delivery mode for carers of dementia patients, such as tele-health intervention. To develop more cost-effective approaches that meet the needs of people with dementia and their family carers is urgent. Different kinds of interventions could prevent or reduce the negative effect of carers, but use of internet interventions is still very limited (Blom et al., 2013). Some interventions are designed to support carers in their role, such as skills training or education to assist in caring for people living with dementia. Evidence showed that if carers learn to deal more effectively with the stresses of caregiving, their QoL will remain at a higher level. Psychoeducational interventions are the most widely studied, and improvement in level of depression and stress have been reported. Recently, there was one study that conducted a comprehensive review that suggested psychoeducation-skill building interventions show a significant influence on burden when delivered face-to-face (Kishita et al., 2018). This meta-analysis updated the literature on interventions for carers of dementia patients published between 2006 and 2016 and evaluated the efficacy of psychoeducational programs and psychotherapeutic interventions on major mental health outcomes, such as depression, anxiety, burden, and QoL. This study demonstrated strong empirical support for treating anxiety and depression by all modes of delivery (Kishita et al., 2018). Face-to-face intervention is very costly compared to the tele-health-based interventions. Tele-health interventions are much more convenient as carers can receive help when it is necessary, especially in a time such as the COVID-19 pandemic, when social distancing is crucial. Therefore, the purpose of the research is to assess the efficacy of tele-health interventions for carers of dementia patients.



MATERIALS AND METHODS


Data Sources and Searches

Inception to December 31, 2019, we developed the search strategy, without language restriction, for PubMed, EMBASE, and CENTRAL for articles. The search terms included caregiver, carer, dementia, cognitive decline, cognitive impairment, web-based intervention, technology intervention, internet intervention, tele-health intervention, and randomized controlled trials. Titles and abstracts were screened by three reviewers independently, while full texts were sourced for relevant articles. Inclusion criteria were assessed independently, and inconsistencies were resolved by consensus. The reference lists of included trials and other published meta-analyses were also reviewed for relevant articles.



Eligibility Criteria

According to the American Psychiatric Association's Diagnostic and Statistical Manual (DSM-5), dementia is typically diagnosed when acquired cognitive impairment has become severe enough to compromise social and/or occupational functioning. Symptoms of memory loss are caused by a range of cognitive abilities, or a general cognitive decline, and not just memory (Hugo and Ganguli, 2014). Trials were considered eligible if they were randomized clinical trials, comparing the key mental health states of anxiety, depression, and burden, and associated with poor QoL in dementia carers. Trials were required to report at least one of the following forms of intervention: blending face-to-face contact with online modules, telephone-based, combined face-to-face contact and phone calls or web-based intervention, using video and telephone interventions, or a computer-telephone integration system (Table 1). Also, trials were required to report at least one of the following outcomes: symptoms of depression, anxiety, burden, or QoL. Trials that recruited participants with face-to-face intervention only were excluded.


Table 1. Characteristics of included studies.
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Data Extraction

Data were collected independently by two authors using a standardized data extraction form, entered into a dedicated database, and checked independently by four authors. The data included study characteristics, baseline demographics of participants, description of the intervention, incidence of dementia, the forms of intervention, main treatment components, and length of each session (min)/treatment. We reported outcomes at the point of the longest follow-up. Eleven majority delivery modules of intervention were defined as those in which more than 50% had tele-health interventions.



Outcomes

For our primary analysis, we used a hierarchical approach in which we included trials that reported delivery mode of intervention including blending face-to-face contact with online modules, telephone-based, combined face-to-face contact and phone calls, or web-based intervention using video and telephone interventions, or a computer-telephone integration system. We chose this approach to maximize the number of clinical trials included in our primary analysis, while also giving priority to the most tele-health intervention relevant mental health outcomes reported in trials. The main outcomes of this meta-analysis were depression, anxiety, burden, and QoL on follow-up carers of people with dementia. The outcome measures for studies were efficacy carer interventions on anxiety, depression, burden, and quality of life.



Risk of Bias Assessment

Cochrane risk of bias tool (Higgins et al., 2011) was applied to assess the methodological quality of eligible trials on random sequence generation, allocation concealment, blinded outcome assessment, completeness of outcome data, evidence of selective reporting, and other biases. The risk of bias was independently assessed by two reviewers, while a third reviewer resolved the disagreements. A risk-of-bias summary table was created in Review Manager version 5.3. and the study was considered to be at high risk of bias if two of the domains were rated as high.



Data Synthesis and Analysis

A descriptive analysis of each trial is provided in Table 1. Outcomes of depression, anxiety, burden, and QoL were estimated for each trial. Weighted pooled treatment effects were calculated using restricted maximum likelihood estimation to fit a random-effects meta-analysis model. A pooled mean difference and 95% CI was calculated using a random-effects meta-analysis. If this was not reported, the mean between-group difference reported at follow-up was used.




RESULT


Study Selection

The systematic search of articles published from database inception to December 31, 2019, identified 1,043 results. After title and abstract screening, 26 articles were considered potentially relevant. Twenty studies were included after full- text review. Eleven studies reported the intervention via blending face-to-face contact with online modules (n = 1), four were telephone-based (n = 4), two combined face-to-face contacts and phone calls (n = 2), two used web-based intervention (n = 2), one used video and telephone interventions (n = 1), and one used a computer-telephone integration system (n = 1). These were included in the primary meta-analysis (Figure 1). Seven out of 11 studies were conducted in the United States (Burns et al., 2003; Winter and Gitlin, 2006; Finkel et al., 2007; Gallagher-Thompson et al., 2007, 2010; Glueckauf et al., 2012; Tremont et al., 2015), and the rest were in the Netherlands (n = 3) (Blom et al., 2015; Prick et al., 2015; Boots et al., 2018) and France (n = 1) (Cristancho-Lacroix et al., 2015). Of the 11 studies, five studies recruited carers of people with Alzheimer's disease. Most studies involved carers of people with various diagnoses of dementia grouped as a whole. In total, 1,087 participants were enrolled. The mean (SD) age of trial participants was 64.22 (5.4) years old. The publication year ranged from 2003 to 2018. Eleven trials' main outcome measurement were of depression, two trials were of anxiety, six trials were of burden, and two trials were QoL. The most commonly used measurement was the Centre for Epidemiologic Studies Depression scale (CESD). Data were available to calculate the effect size for six of the eleven studies that included burden as one of the outcome measures. The majority of studies used the Zarit Burden Interview (ZBI). Two studies reported the efficacy of interventions on anxiety. The most commonly used measure was the psychological complaints measure [Hospital Anxiety and Depression Scale-Anxiety (HADS-A)]. Two studies reported the efficacy of interventions on QoL. They used the Investigation Choice Experiments for the Preferences of Older People (ICECAP-O) and Euro-QoL to measure the efficacy.


[image: Figure 1]
FIGURE 1. Flow diagram of the studies' selection process.




Study Characteristics
 
Blending Face-To-Face Contact With Online Modules and Key Mental Health

This category contained a description of only one trial on follow-up (81 participants). Carers of people with mild dementia of all subtypes (Clinical Dementia Rating, score 0.5–1) were divided into the intervention group (31 participants) and the control group (37 participants). The primary outcome was self-efficacy and symptoms of depression. Secondary outcomes included QoL and psychological complaints. The main treatment component was a blended care self-management program in combination with face-to-face coaching and tailored web-based modules. The main outcome measure for depression in this study was the CESD scale. The outcome of QoL measure was the Investigation Choice Experiments for the Preferences of Older People (ICECAP-O).



Telephone-Based and Key Mental Health

Four trials reported telephone-based therapy on follow-up (509 participants). Overall, 270 participants were in the intervention group and 239 participants in the control group. Symptoms of depression as primary outcomes were reported in this category. Secondary outcomes included QoL and physiological responses to stress. Two studies involved psychoeducation and skills training of communication as the main treatment component. Other studies provided problem-solving, planning of pleasant activities, and a supportive social network. The main outcome measure for depression in four studies was the CESD scale. The Dutch version of the Revised Memory and Behavior Problem Checklist (RMBPC), used self-rated general health salivary cortisol levels to measure physiological responses to stress. The outcome of the QoL measure was Euro-QoL. Self-Perceived Pressure from Family Care (SPICC) was applied to measure the planning of pleasant activities.



Combines Face-To-Face Contacts and Phone Calls and Key Mental Health

This category contained a description of two trials on follow-up (87 participants) and divided the carers of people with either dementia or Alzheimer's disease into the intervention group (43 participants) and the control group (44 participants). Symptoms of depression as the main outcome were reported in this category. One study included physical symptoms, psychosocial resources, and subjective burden secondary outcomes. The other study included general health and mental health and an assessment of how the dementia was manifested for the patient and affected the carer as the secondary outcomes. The main outcome measure for depression in this category was CESD scale. Modified Caregiver Health and Behavior Inventory, Assistance subscale of Interpersonal Support Evaluation List, Caregiver Appraisal Inventory, and modified General Well-Being scale were used to measured secondary outcomes.



Web-Based Intervention and Key Mental Health

This category contained a description of two trials on follow-up (294 participants). Overall, 174 participants were in the intervention group and 120 participants in the control group. Symptoms of depression and stress as main outcomes were reported in this category. One study included secondary outcomes such as anxiety. The other study included self-efficacy, burden, perceived health status, and depression as the secondary outcome. The CESD scale and Perceived Stress Scale (PSS-14) were the main two outcome measures for depression and stress. Hospital Anxiety and Depression Scale (HADS-A), Revised Scale for Caregiving Self-Efficacy, Zarit Burden Interview (ZBI), the French version of the Nottingham Health Profile, and Beck Depression Inventory (BDI-II) were used to measure secondary outcomes.



Using Video and Telephone Interventions and Key Mental Health

This category contained a description of one trial on follow-up (70 participants). Overall, 36 participants were in the intervention group and 34 participants in the control group. Symptoms of depression and stress as main outcomes were reported in this category and were measured by CESD scale and a Chinese translation of the Revised Memory and Behavior Problems Checklist (RMBPC).



Computer-Telephone Integration System and Key Mental Health

This category contained a description of one trial on follow-up (46 participants). Seventeen participants were in the intervention group and 19 participants were in the control group. Symptoms of depression, burden, self-care activities, and social support as outcomes were reported in this category. CESD scale, Revised Memory and Behavior Problems Checklist (RMBPC), Caregiver Health and Health Behaviors scale, and Received Social Support scale for outcomes measurement were performed.





RISK OF BIAS

The quality of those studies included in our research was assessed by the Cochrane risk of bias summary and no study was excluded due to a high risk bias. All included studies were randomized trials and there were seven studies that described the specific randomization method. The majority of trials (n = 3) were single-blind randomized control trials. A randomization sequence was adequately generated in seven studies and 11 adequately concealed allocation. Reporting bias was noted in one trial (Figure 2). In all studies, the quality of detection bias and performance bias was relatively inconsistent, whereas the quality of publication bias was relatively low.


[image: Figure 2]
FIGURE 2. Risk of bias summary: review authors' judgements about each risk of bias item for each included study.




EFFECTS OF INTERVENTIONS

A random effects model was used for depression. It showed statistically significant high heterogeneity (I2 = 55%; p = 0.01), which had a large impact on the overall effect size (Blom et al., 2015; Tremont et al., 2015). Overall effective study size for depression was low [SMD = −0.34, p = 0.01; 95% CI = −0.54 to −0.14 (Figure 3A)].
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FIGURE 3. Effect sizes (Hedge's g) derived from studies examining the tele-health intervention of carers. (A) Depression. (B) Anxiety. (C) Quality of life. (D) Burden.


Symptoms of depression with intervention formations of tele-health compared with control was highly correlated with a reduction in carers of people with dementia or AD with 7.0 vs. 7.5% over a 4.1 year-follow-up; [OR, 0.93 (95% CI, 0.88–0.98); ARR, 0.39% (95% CI, 0.09–0.68%)] (Figure 3A). Heterogeneity was low (I2 = 0.0%).

Anxiety and depression were also analyzed with a random effects model, though no heterogeneity was observed between study size. An overall effect size for anxiety was large (g = 2.10, p < 0.00001; 95% CI = −1.19 to 2.10 (Figure 3B). There was high heterogeneity between study effect sizes (Z = 0.54, p = 0.59; I2 = 97).

The efficacy of interventions on QoL and burden were evaluated with a random effects model, but the heterogeneity was not significant (g = 0.23, p = 0.27; 95% CI = −0.04 to 0.50 (Figure 3C) and the heterogeneity between study effect sizes were significantly low (Z = 1.69, p = 0.09; I2 = 19) compared with the effect size on burden, which was small [g = 0.04, p = 0.72; 95% CI = −0.23 to 0.14 (Figure 3D)].



DISCUSSION

Epidemiologic studies have reported a stronger association between negative states of mental health and carers of people with dementia (Phung et al., 2013). To increase carers' knowledge of the illness, develop problem-solving skills, and facilitate social support through psychoeducational interventions, interventions should be used Technology-based interventions significantly affect burden, anxiety, depression, QoL, and self-efficacy (Frias et al., 2020). Web-based interventions for carers of people with early-stage dementia demonstrated a significant improvement in self-efficacy, mastery, and QoL (Gallagher-Thompson et al., 2010). Both telephone-based and face-to-face technology-based interventions showed improvements in depression, subjective burden, and assistance support in dementia cares (Gallagher-Thompson et al., 2007). There is a significant need for non-pharmacological interventions for persons living with dementia that are easily available, easy to access, and facilitate the use of information and communication technologies (ICTs) (Gilson et al., 2019). This meta-analysis, which included 11 trials with 1,087 participants for the primary outcome analysis, found that was more efficacy via tele-health interventions in lowering depression in carers of people with dementia. We outlined the delivery formation of intervention to evaluate the effectiveness and processes of key mental health improvements, including depression, burden, anxiety, and QoL.


Primary Findings

Our research showed that depression can be relieved more through tele-health interventions than face-to-face. Steffen et al. reported on a distance intervention carries out with a small sample size by phone and by mail that could prevent the risk of negative effects on mental health [pre-intervention score (SD), 18.9 (4.9), and post-intervention score (SD), 16.1 (3.9)] (Gant et al., 2007). There was a decrease in depression in the intervention that was associated with fewer hospitalizations at 6 months (r = 0.18, P = 0.02) (Tremont et al., 2017). The current study found that carers in the tele-health intervention group had less case-level depression [odds ratio (OR) 0.24, 95% CI 0.07–0.76] (Livingston et al., 2014). This was also proven in Zhao et al.'s study in which depression scores dropped an average of 0.23 (95% CI −0.38 to −0.07; P < 0.01) after web-based interventions (Zhao et al., 2019); otherwise, in the study by Kajiyama et al. (2013), it showed evidence-based interventions for carers via the internet for reducing stress was significant (p = 0.017) but no significant changes in the bother, depression, or level of life quality. There was no significant effect on depression that was statistically significant effected by Time (p = 0.27), Group (p = 0.53), Ethnicity (p = 0.34), the Group * Time * interaction (p = 0.92), or the Group * Ethnicity * Time * interaction (p = 0.08) (Czaja et al., 2013). A cross-sectional study reported that carers of AD dementia patients frequently experienced hypertension (12.7%) and insomnia (11.0%) but there were no significant differences on depression and other comorbidities (Montgomery et al., 2018). However, the tele-health intervention should be an important measure to help carers of dementia in the future, especially in conjunction with the fast improvement of associated technologies.



Secondary Findings

One report by Austrom et al. (2015) showed that a weekly web-based video conference support group for carers could relieve their anxiety (mean difference 1.5, improvement 75%) and burden (mean difference −1.0, improvement 50%). Tsolaki et al. (2015) found ICT can not only help patients with cognitive, functional, and behavioral problems, but also support health professionals and carers by reducing their anxiety compared with face-to-face interventions. There is also a meta-analysis that found that web-based interventions significantly improved the anxiety status of carers by −0.32 (95% CI −0.50 to −0.14; P = 0.0005) (Zhao et al., 2019). However, McKechnie et al. (2014) reported no change in depression or anxiety over the 12-week study period via online peer support. In one study, carers who had access to a website improved their confidence while role strain, anxiety, and depression were decreased, although some of them were not significant (Zimmerman et al., 2018). However, a small sample size, low test efficiency, and a high rate of loss to follow-up over time limits this study and further research is needed to draw a conclusion.


Burden

Our study showed that the mental health burden would be reduced through tele-health intervention. Some studies showed a correlation between scores on depression, anxiety, and sleep quality assessments and carers' burden (Coffman et al., 2017). Online contact with a professional led to relief in burden and strain for those carers that appreciated personalized practical advice and emotional support (Hopwood et al., 2018). However, not many studies support this result. Parker et al. (2008) performed a meta-analysis study that indicated that there were no significant effects from any of the interventions. Therefore, the major outcome for web-based learning courses was the increase in knowledge. No effects were found on the relief of burden (Hattink et al., 2015).



Quality of Life

Our study revealed that tele-health interventions could improve quality of life for carers of dementia patients.

Although there was one study that indicated that quality of life was only moderate (SD = 8.21) and negatively correlated with burden (r = −32, p = 0.01) and depression (r = −0.296, p < 0.05) (Papastavrou et al., 2014), the findings from Bartfay and Bartfay (2013) showed similar levels of QOL between carers who used community-based interventions. Another systemic meta-analysis showed the effectiveness of IT interventions in the carers of elderly dementia both improving the quality of life and effects on behavior (such as less falling) (Nijhof et al., 2009). However, Duggleby et al. (2018) reported no significant differences from web-based interventions on health-related quality of life, neither for carers of community-living persons with Alzheimer's disease, nor for related dementia.




Quality of the Included Studies

All results of the quality assessment for the included studies were rated as medium, which explained the variation in many domains, such as theoretical model selection, intervention format, and evaluation tools. It also increased the difficulty in assessing the risk of bias in many areas, which resulted in inconsistent results. There is more and more evidence proving the feasibility of tele-health multicomponent interventions and suggesting the most useful and least expensive intervention components or platforms. Further research on carer-focused interventions to improve their mental health is suggested in the future.




LIMITATIONS

There are a few limitations that may lessen the credibility of our study. First, the study was not assessed by a standardized tool, and only limited variables were analyzed. Second, only the USA, Dutch, and France were included, which may limit the ability to conclude the result in other nationalities. Third, there were large differences in the usage of assistive technology, outcome measures, and the quality of studies. All of these created difficulties in comparing results across reviews.



CONCLUSIONS

In this meta-analysis of randomized clinical trials, depression lowering with tele-health interventions compared with a controlled group was significantly associated with a lower risk of incident mental health impairment. Although there was a significant decrease in depression, there were no significant differences in burden, anxiety, or quality of life. More rigorous methods and larger-scale, higher-quality studies and multicomponent tele-health interventions are suggested in the future to analyze the outcome in further detail using a standardized assessment tool.
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Objective: To define resilience metrics for cognitive decline based on plasma and cerebrospinal fluid (CSF) amyloid-β (Aβ) and examine the demographic, genetic, and neuroimaging factors associated with interindividual differences among metrics of resilience and to demonstrate the ability of such metrics to predict the diagnostic conversion to mild cognitive impairment (MCI).

Methods: In this study, cognitively normal (CN) participants with Aβ-positive were included from the Sino Longitudinal Study on Cognitive Decline (SILCODE, n = 100) and Alzheimer's Disease Neuroimaging Initiative (ADNI, n = 144). Using a latent variable model of data, metrics of resilience [brain resilience (BR), cognitive resilience (CR), and global resilience (GR)] were defined based on the plasma Aβ and CSF Aβ. Linear regression analyses were applied to investigate the association between characteristics of individuals (age, sex, educational level, genetic, and neuroimaging factors) and their resilience. The plausibility of these metrics was tested using linear mixed-effects models and Cox regression models in longitudinal analyses. We also compared the effectiveness of these metrics with conventional metrics in predicting the clinical progression.

Results: Although individuals in the ADNI cohort were older (74.68 [5.65] vs. 65.38 [4.66], p < 0.001) and had higher educational levels (16.3 [2.6] vs. 12.6 [2.8], p < 0.001) than those in the SILCODE cohort, similar loadings between resilience and its indicators were found within both models. BR and GR were mainly associated with age, women, and brain volume in both cohorts. Prediction models showed that higher CR and GR were related to better cognitive performance, and specifically, all types of resilience to CSF Aβ could predict longitudinal cognitive decline.

Conclusion: Different phenotypes of resilience depending on cognition and brain volumes were associated with different factors. Such comprehensive resilience provided insight into the mechanisms of susceptibility for Alzheimer's disease (AD) at the individual level, and interindividual differences in resilience had the potential to predict the disease progression in CN people.

Keywords: resilience, Alzheimer's disease, amyloid, cognitive decline, cognitively normal


INTRODUCTION

Alzheimer's disease (AD) was originally defined as a clinical pathologic disease mainly based on clinical symptoms and neuropathologic changes like deposition of amyloid-β (Aβ) and hyperphosphorylated tau. Recent developments of AD have proposed research frameworks based on biomarkers (McKhann et al., 2011; Jack et al., 2018), which enhanced the understanding of the mechanism and brought substantial research interest to the preclinical stage of AD (Dubois et al., 2018; Jessen et al., 2018; Slot et al., 2018; Li et al., 2019). However, studies have shown that biomarkers and cognitive performance were discordant in some individuals with the pathology of AD often due to individual variations in resilience to the pathology of AD (Katzman et al., 1988; Ghisays et al., 2020). Therefore, as a theoretical construct, terms like reserve, resilience, and maintenance were defined to enhance the understanding of the individual difference related to diseases of the brain (Stern et al., 2018). Resilience, which represents the degree of structural and cognitive deficits associated with the pathology of AD, can be divided into brain resilience (BR) and cognitive resilience (CR) (Rentz et al., 2017) or a combination of both [e.g., global resilience (GR); Hohman et al., 2016; Arenaza-Urquijo and Vemuri, 2018)]. High or low resilience reflects better or worse than predicted properties of the brain or cognitive performances based on the pathological burden. Compared with the traditional index of the reserve including educational level, intelligence quotient (IQ), and occupational complexity, resilience defined by residual approaches provided a feasible quantitative measure of the impact of pathology on cognition (Ewers, 2020).

Currently, studies have found that high resilience may slow the rate of cognitive decline (van Loenhoud et al., 2019; Ossenkoppele et al., 2020), and the protective effect was more notable in the early stage before the cognitive impairment (Lo et al., 2013; Arenaza-Urquijo et al., 2017), which had important implications for intervention in the cognitively normal (CN) stage. In addition, these studies generally used cerebrospinal fluid (CSF) Aβ and PET Aβ to measure the level of the amyloid deposition. However, both methods are invasive or expensive, which are not suitable for widespread screening in the preclinical phase of AD. The advent of plasma Aβ has provided an alternative that is affordable and less invasive. Previous studies have shown the relationship between plasma Aβ and central Aβ (Hanon et al., 2018; Chatterjee et al., 2019; Schindler et al., 2019; Vergallo et al., 2019). The biomarker of amyloid peptide and the Alzheimer's disease risk (BALTAZAR) study found that the plasma Aβ was associated with cognitive performance, apolipoprotein E (APOE)-ε4 status, and CSF Aβ in cross-sectional analyses (Hanon et al., 2018). In a longitudinal study, Schindler et al. found that the plasma Aβ was inversely correlated with the baseline PET Aβ and correlated with the baseline CSF Aβ in CN older adults and could be used to predict the future amyloid status (Schindler et al., 2019).

However, it is still unclear that, in the context of CN individuals, which factors contribute to these metrics of resilience (BR, CR, and GR) to Aβ and whether the levels of resilience defined by plasma Aβ and CSF Aβ could both help predict the baseline and longitudinal cognitive decline. To address the questions mentioned above, we, therefore, quantified the metrics of resilience based on plasma Aβ and CSF Aβ. Using linear regression analyses, we tested whether demographic (age, sex, and educational level), genetic (APOE-ε4), and imaging markers are associated with these metrics of resilience. Then for investigating the added predictive value of different metrics of resilience, we explored the hypothesis that these metrics of resilience could help predict the diagnostic conversion and high resilience could slow down the cognitive decline longitudinally in CN individuals.



METHODS


Participants

Participant data from the Sino Longitudinal Study on Cognitive Decline (SILCODE) project (Li et al., 2019) from March 2017 to October 2018 and Alzheimer's Disease Neuroimaging Initiative (ADNI) (Weiner and Veitch, 2015) were used for this retrospective study. The SILCODE is a longitudinal observational project focusing on elderly Chinese people. Its primary goal was to identify the individuals in preclinical AD who would convert to mild cognitive impairment (MCI) and understand the disease mechanism. The ADNI was launched in 2003 as a public–private partnership whose goal was to test whether biological markers and clinical assessments could be combined to measure the progression of individuals in the spectrum of AD. The Aβ-positive CN participants were recruited from the SILCODE (N = 100) and the ADNI (N = 144). The median follow-up was 9.4 months [interquartile range (IQR): 0–17.3] for the SILCODE and 70.8 months (IQR: 35.9–91.2) for the ADNI. All CNs underwent clinical and neuropsychological assessments, plasma (SILCODE) or examination of the CSF (ADNI), MRI scans at baseline, and had a normal performance on neuropsychological tests adjusted for age, sex, and education. Participants with the following conditions were excluded: current major psychiatric diagnosis such as depression and anxiety, serious neurologic diseases, diseases that could cause cognitive decline (e.g., thyroid dysfunction, severe anemia, syphilis, or HIV), a history of brain lesions, or head traumas (additional inclusion/exclusion criteria can be found at www.adni-info.org and https://www.clinicaltrials.gov/ct2/show/study/NCT03370744).



Standard Protocol Approvals, Registrations, and Patient Consent

Informed written consent was obtained from all participants at each site, and study procedures were approved by the institutional review board at each center. The ADNI and the SILCODE are listed in the ClinicalTrials.gov registry (ADNI-1: NCT00106899; ADNI-2: NCT01231971; ADNI-GO: NCT01078636; ADNI-3: NCT02854033; and SILCODE: NCT03370744).



Neuropsychological Assessments

Across both studies, the neuropsychological assessment covered similar cognitive domains. To aid comparability and calculate the CR, we chose six neuropsychological measures used by both studies and combined them into three domains: memory, language, and executive. The six measures were the Boston Naming Test and the Animal Naming for the language domain, the Trail Making Test A and the Trail Making Test B for the executive domain, and the auditory verbal learning test (AVLT) delayed recall and the delayed recognition scores for the memory domain. Scores of the Mini–Mental State Examination (MMSE) and the Montreal Cognitive Assessment (MoCA) were used to assess global cognition. All test scores were z-transformed within each test to remove the bias among measures. Within each domain, z-transformed scores were averaged to obtain a composite score.



MRI Acquisition and Processing

Structural MRI scans were acquired on 3T scanners from GE Healthcare (Chicago, USA), Philips Medical Systems (Eindhoven, Netherlands), and Siemens Medical Solutions (Erlangen, Germany) (http://adni.loni.usc.edu/methods/documents) in the ADNI study and acquired on 3T SIGNA PET/MR (GE Healthcare) and Tim Trio (Siemens Medical Solutions) in the SILCODE study. The mean interval between the baseline cognitive visit and related neuroimaging visit was 23 and 22 days for the SILCODE and the ADNI cohorts, respectively. Structural MR images were processed using SPM12 (http://www.fil.ion.ucl.ac.uk/spm/software/spm12). In the preprocessing, structural images were removed from the non-brain tissue; segmented into the gray matter (GM), the white matter (WM), and the CSF; and then modulated and normalized into the MNI template. A 6 mm full width at half maximum (FWHM) Gaussian isotropic kernel was used to spatially smooth the normalized images. The intracranial volume (ICV) was computed as the sum of the GM, the WM, and the CSF. The left and the right hippocampal were determined for subsequent analysis.



Biomarker Collection and Analyses of the Plasma and the CSF

In the SILCODE cohort, plasma samples were collected in polypropylene tubes with ethylenediaminetetraacetic acid (EDTA). Samples were centrifugated, aliquoted, and stored at −80°C. Plasma samples were measured using the kit: Aβ Peptide Panel 1 (4G8) Kit (Mesoscale Diagnostics, Rockville, Maryland, USA), and they were randomized and measured in duplicate with the same aliquot, blinded for clinical diagnosis. Levels of Aβ42 showed good average coefficients of variation of duplicate measurements (4.14% CV) and within the detection limit (2.5–1,271 pg/ml). In the ADNI, lumbar puncture was performed as previously described (http://www.adni-info.org/). Values of Aβ42 in samples of the CSF were generated by a novel, fully automated electrochemiluminescence immunoassay (Elecsys assay) (Bittner et al., 2016) and downloaded from the LONI site (provided in UPENNBIOMK9.csv and UPENNBIOMK10.csv files).



Gaussian Mixture Modeling

Since there is no accepted standard cut-point to determine amyloid status in relation to plasma Aβ, we calculated the cut-point to determine the amyloid status with the Gaussian mixture modeling in the SILCODE cohort. This approach was suitable since it is data-driven and does not assume similar distributions of levels of Aβ across cohorts (Mormino et al., 2014; Wang et al., 2016). First, 1–5 Gaussian distributions allowing for either equal or unequal variances were fit to the data, and the number of distributions that best described the data was determined by the Bayesian information criterion (BIC) (see Supplementary Figure 1). We found that the optimal model contained two Gaussian distributions that reflected abnormal vs. normal Aβ. Each individual was assigned a probability of belonging to either the abnormal or normal distribution. Considering the relatively high false positive rate of abnormal Aβ based on only CN population and plasma Aβ, CNs with >50% probability of belonging to abnormal Aβ distribution as well as smaller than 25% uncertainty corresponding to the classification were labeled Aβ+. Otherwise, they were labeled Aβ-. The final cut-points were 11.43 pg/ml in the SILCODE group. For the ADNI group, we used a pre-defined cut-point (980 pg/ml) to determine the amyloid status (Hansson et al., 2018).



Statistical Analyses

Statistical analyses were performed in the R version 3.6.2 (http://www.r-project.org/) and R-package “plspm” was used to construct the partial least squares (PLS) path models. Two multivariate PLS path models (Figure 1) were constructed to quantify the BR and CR and a second-order latent composite measure (GR) for each cohort. The PLS path model, which is for studying complex multivariate relationships among observed and latent variables, is the partial least squares approach to the structural equation modeling. It provides a framework for analyzing multiple relationships between a set of blocks of variables. A full path model comprises two submodels: an outer model that reflects the relationships between each latent variable and its block of indicators and an inner model that reflects the relationships between latent variables. In this study, for the outer model, memory, language, and executive domain residuals were indicators of the CR when left and right hippocampus volume residuals were indicators of the BR. For the inner model, the GR was derived from its latent variables (CR and BR). Specifically, we performed individual linear regression models between composite scores/hippocampal volumes and plasma/CSF Aβ levels and used the standardized residual as an indicator of CR/BR. For example, memory domain residuals to Aβ were calculated as residuals from a regression model with memory domain scores as the outcome and Aβ as the predictor, representing as one of the indicators of the CR.


[image: Figure 1]
FIGURE 1. Path diagram depicting the PLS models for both cohorts. The PLS path model includes the outer model and the inner model. The outer model includes indicators presented as capsules and the first order latent variables presented as hexagons. The inner model depicts the relationships between the first order latent variables (CR and BR) and the second order latent variable (GR). The loadings between a latent variable and its indicators are presented as numbers. A, the PLS model for the ADNI; B, the PLS model for the SILCODE. CR, cognitive resilience; BR, brain resilience; GR, global resilience. PLS, partial least squares; ADNI, Alzheimer's Disease Neuroimaging Initiative; SILCODE, Sino Longitudinal Study on Cognitive Decline.


To evaluate which factors contribute to resilience, we performed two sets of multivariable linear regression models. In the first set, multivariable linear regression models were performed with age, sex, educational levels, APOE-ε4 status, and the whole brain volume as independent variables and the respective metric of resilience as a dependent variable. In the second set, the cognitive scores and brain volumes for residuals calculation were also included as independent variables. Then, linear mixed effect models were used for longitudinal cognitive analyses. The global cognition test (MoCA) was used as the outcome variable, and fixed effects included our interested effects (i.e., the effect of resilience of interest * time) as well as other effects that we wanted to test or control, including time (from the baseline), age, sex, education, and APOE-ε4 status. The random effect included the intercept of an individual. In addition to the original mixed effect models, we also performed another set of mixed effect models adjusting the effects of the original cognitive and brain variables used to derive resilience and included the time interactions with each of these variables. To further evaluate the utility of resilience in predicting the conversion from normal controls (NCs) to MCI, the Cox analysis for each metric of resilience was performed. For visualization purposes, we dichotomized the sample according to low vs. high resilience (CR, BR, or GR) using a median split. Using these dichotomized groups, we computed three 2-level variables (CR: CR+/CR–; BR: BR+/BR–; and GR: GR+/GR–) and Kaplan–Meier survival curves were created to show the conversion rate from the baseline with respect to resilience. Finally, for evaluating the added value of resilience for predicting the longitudinal cognitive decline, we used the Akaike information criterion (AIC) and the BIC to evaluate both the predictive models with conventional indicators (MoCA/MMSE and hippocampal volume/brain volume) and the predictive models with conventional indicators plus resilience. A lower AIC or BIC value indicates a better model. The level of significance was set at p < 0.05.




RESULTS


Characteristics of Participants

A total of 244 participants were included in the study. From the SILCODE group, 100 participants were included [59 (59%) female; mean (SD) age, 65.38 (4.66); mean (SD) MMSE score, 28.84 (1.13)]. From ADNI group, 144 participants were included [74 (51.4%) female; mean (SD) age, 74.68 (5.65); mean (SD) MMSE score, 29.08 (1.10)]. The characteristics and clinical details of the participants are presented in Table 1. The average age [65.38 (4.66) vs. 74.68 (5.65), p < 0.001] and educational level [12.6 (2.8) vs. 16.3 (2.6), p < 0.001] of participants in the SILCODE were significantly lower than those in the ADNI.


Table 1. Characteristics of the participants of the study.
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The PLS Path Model

The PLS path models for the SILCODE and the ADNI cohorts are presented in Figure 1. For evaluating the quality of the two models, we assessed three aspects of the measures of the model. Both models showed good one-dimensionality of the indicators (SILCODE: mean Cronbach's alpha = 0.67, mean Dillon–Goldstein's rho = 0.81, mean first eigenvalue = 1.79; ADNI: mean Cronbach's alpha = 0.69, mean Dillon–Goldstein's rho = 0.82, mean first eigenvalue = 1.80). Furthermore, the indicators were well-explained by its latent variable as average loading for the CR and the BR was 0.81 for the SILCODE cohort and 0.82 for the ADNI cohort. The degree to which a given construct was different from other constructs was good (all cross-loadings in two models <0.26). In sum, both models fit well and had a goodness-of-fit score of 0.73.



Factors Associated With Resilience

Multivariable models (Table 2) showed that factors contributing to different metrics of resilience were overall consistent in both cohorts. Younger age was associated with higher levels of all three metrics of resilience. Specifically, higher educational levels were related with greater CR and larger whole brain volume was related to greater BR and GR. After including the original cognitive and brain measures that resilience derived from Supplementary Table 1 the young, women, and large brain volume were associated with the BR and the GR while the CR was only related to cognitive composite scores.


Table 2. Demographic, genetic, and neuroimaging factors associated with metrics of resilience to Aβ.
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Longitudinal Cognitive Progress

Linear mixed models (Table 3) in two cohorts both showed that higher CR (SILCODE: β = 1.064, p < 0.001; ADNI: β = 0.814, p = 0.002) and higher GR (SILCODE: β = 0.677, p < 0.001; ADNI: β = 0.661, p = 0.007) were associated with better cognitive performances. We also identified a significant positive interaction between all metrics of resilience and time in the ADNI cohort and a similar trend in the SILCODE cohort, suggesting that participants with a higher level of resilience would perform better over time. After controlling the baseline cognitive performance and hippocampal volumes (Supplementary Table 2), associations between resilience and cognition were insignificant in the SILCODE cohort, whereas higher CR (β = 0.977, p = 0.004), BR (β = 0.565, p < 0.001), and GR (β = 0.420, p = 0.036) in the ADNI cohort continued to predict slower cognitive decline in the CNs. As the results of Cox regression models and survival curves showed (Figures 2, 3), all three metrics of resilience were protective factors to clinical progression (all values of p < 0.05). Information criteria for prediction models with and without resilience were provided in Table 4. Compared with the predictive models with conventional variables (MMSE and brain volume), models with both conventional variables and resilience showed smaller AIC and BIC values (CR: AICΔ = −4.64, BICΔ = −2.84; BR: AICΔ = −5.56, BICΔ = −3.76; GR: AICΔ = −12.15, BICΔ = −10.34). Similar results were found in the comparison of the predictive models with another combination of conventional variables and the predictive models with conventional variables and resilience (Supplementary Table 3).


Table 3. Results of the mixed effect models to predict global cognition in both cohorts.
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FIGURE 2. Forest plots for metrics of resilience as predictive factors for clinical conversion. Resulting hazard ratios for models of cox regression classified by (A) CR, (B) BR, and (C) GR. All covariates were continuous except for sex and APOE status which were dichotomous. CR, cognitive resilience; BR, brain resilience; GR, global resilience.
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FIGURE 3. Kaplan-Meier survival curve according to 2-level variable in the ADNI cohort. High conversion rate was associated with (A) low CR, (B) low BR, and (C) low GR. CR, cognitive resilience; BR, brain resilience; GR, global resilience.



Table 4. Information criteria for prediction models with and without resilience.
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DISCUSSION

This study provides information about different phenotypes of resilience, their associations with demographic, genetic, and neuroimaging factors in a relatively large number of CNs. Two latent variable models to quantify the metrics of resilience related to Aβ in two cohorts were constructed. Results from this study suggested that younger individuals, women, and people with larger brain volumes were related to greater brain and GR when exposed to the Aβ burden. All three phenotypes of resilience based on the plasma and the CSF Aβ were observed to have a protective effect against cognitive decline in long-term follow-up. These metrics of resilience may capture additional information when the consequence of the clinical progression can be predicted than conventional cognitive and brain indicators.

Metrics of resilience were defined with the PLS model separately in each cohort and the loadings between cognitive indicators, brain indicators, and the respective resilience as well as the loadings between the BR, the CR, and the GR were calculated. The framework and goodness-of-fit in both models were similar and consistent with the previous work, indicating to a certain extent that the residualization approach was a feasible and reliable method of quantifying the metrics of resilience. Previous literature (Jagust, 2013; Scholl et al., 2016; Jack et al., 2019) had suggested that the brains were more vulnerable to various kinds of damages in aging and the prevalence of pathologic biomarkers in AD were found to be different in women and men with respect to age. Our results had confirmed the associations of these factors and resilience and indicated that age, sex, and brain volume were important for investigating the BR and the GR. In CN individuals, women, young individuals, or larger brain volume sustained better cognitive function and the preservation of the brain structure when exposed to pathological changes. Explanations could be the neural compensation mechanism, the protective effects of sex steroid hormones before menopause, the gene expression of heterochrony, and the threshold models of brain reserve (Satz, 1993; Berchtold et al., 2008; Pike et al., 2009). Intriguingly, women displayed both higher levels of pathologic biomarkers in AD and higher resilience (Jack et al., 2019), which seems to be congruent. However, the protective effect of resilience may diminish with age and the accumulation of pathological changes. In post-menopausal women, the depletion of sexual hormones, the gene expression changes in specific brain regions (like superior frontal gyrus), and high Aβ burden accumulation would accelerate cognitive decline although they remain clinically normal (Yuan et al., 2012; Jack et al., 2017). Compared with factors associated with the BR and the GR, we found a specific association between educational levels and CR as CN individuals with higher education level could cope with more severe pathological burden (Kemppainen et al., 2008; Pettigrew et al., 2017; van Loenhoud et al., 2019). The explanation of how education enhanced the reserve capacity and slowed down cognitive decline in individuals with accumulated pathological deposits was still unclear and was even challenged since the paradoxical results of education on modifying longitudinal cognitive decline (van Loenhoud et al., 2019; Wilson et al., 2019) though it was generally accepted that higher educational levels before progressing into the cognitive impaired stage were beneficial to our brains. However, after controlling the cognitive performance, the association between the CR and education levels disappeared, suggesting this relation was poor and more likely reflected the association between the baseline cognition and educational levels.

We found no association between the APOE genotype and the resilience at baseline in both cohorts. The dissociation of the APOE phenotype and the resilience could be caused by the dual effects on the brain of different APOE genotypes and the effect of the APOE on pathology was dominated in the later stage in AD. Consistent with this explanation, Wolk et al. (2010) reported APOE-ε4 carriers with AD displayed severe impairments in the memory domain rather than in execution and language domains. Another report (Pievani et al., 2009) found carriers were associated with greater temporal volume loss, and non-carriers were associated with greater frontoparietal volume loss.

Although previous studies exploring resilience have shown that higher resilience scores were associated with better cognitive performances and a smaller risk of the clinical progression, many of them defined the resilience based on educational levels, reading abilities, or lifestyle (Roe et al., 2008; Kaup et al., 2015; Vemuri et al., 2017). These metrics remained stable in the elderly and hardly reflected the current level of resilience of an individual. Therefore, they may fail to reflect the individual difference in cognitive or structural brain processes over time. However, several investigators have found residual approaches based on cognitive/brain predictors and biomarkers in AD to quantify that resilience could provide more information at the individual level over time and include information from various cognitive domains and biomarkers (Reed et al., 2010; Hohman et al., 2016). With this approach, we found that all types of resilience could predict longitudinal global cognitive changes, even adjusting for the baseline cognitive performance and hippocampal volumes and considering conventional predictors. This finding suggested that resilience was not only associated with demographic, genetic, cognitive, and imaging features but also provided added information about the prognosis.

The strength of our study lies in a relatively large sample of Aβ-positive CN individuals with demographic, genetic, neuroimaging, and biomarker data of AD, and a longitudinal design allowed us to inform the impact of different resilience to the clinical progression. Two cohorts provided the possibility of validating factors contributing to the different metrics of resilience and the effects of resilience on cognitive decline.

The present study has several limitations. The differences in characteristics of the participants and measurements across two cohorts led to only comparable cognitive tests with respect to the included three domains. This limitation was partly resolved by the combination of test scores and transformation. Another limitation was the different ranges of follow-up and different methods of accessing the amyloid in the two cohorts. The short follow-up period for the SILCODE cohort not only resulted in the absence of the Cox regression analysis for this cohort, as there were no sufficient clinical progression datapoints available for analysis but also may lead to the relatively poor predictive value of resilience compared to that in the ADNI cohort, though growing evidence has demonstrated that plasma Aβ concentrations are highly correlated with brain amyloidosis (Nakamura et al., 2018; Risacher et al., 2019). In addition, as the false positive rate for the classification of the Aβ status if only based on the CSF or the plasma was higher than those based on multiple methods or Aβ PET, we, therefore, adjusted the cut-point within the SILCODE by controlling the classification uncertainty of the Aβ abnormal below 25% and used a pre-defined cut-point in the ADNI that was determined to optimize the concordance with the Aβ PET visual read.



CONCLUSION

This study provides information about the associations between the resilience based on the plasma Aβ and the CSF Aβ and demographic, genetic, and neuroimaging factors in Aβ-positive CN individuals. We found that younger individuals, women, and people with larger brain volumes were associated with higher brain and GR. Metrics of resilience based on Aβ had a protective effect against the clinical progression and could provide additional information beyond the cognitive performance and imaging features in CN people.
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Deep brain stimulation (DBS) is a neurosurgical technique that regulates neuron activity by using internal pulse generators to electrodes in specific target areas of the brain. As a blind treatment, DBS is widely used in the field of mental and neurological diseases, although its mechanism of action is still unclear. In the past 10 years, DBS has shown a certain positive effect in animal models and patients with Alzheimer's disease (AD), but there are also different results that may be related to the stimulation parameters of DBS. Based on this, determining the optimal stimulation parameters for DBS in AD and understanding its mechanism of action are essential to promote the clinical application of DBS in AD. This review aims to explore the therapeutic effect of DBS in AD, and to analyze its stimulation parameters and potential mechanism of action. The keywords “Deep brain stimulation” and “Alzheimer's Disease” were used for systematic searches in the literature databases of Web of Science and PubMed (from 1900 to September 29, 2020). All human clinical studies and animal studies were reported in English, including individual case studies and long-term follow-up studies, were included. These studies described the therapeutic effects of DBS in AD. The results included 16 human clinical studies and 14 animal studies, of which 28 studies clearly demonstrated the positive effect of DBS in AD. We analyzed the current stimulation parameters of DBS in AD from stimulation target, stimulation frequency, stimulation start time, stimulation duration, unilateral/bilateral treatment and current intensity, etc., and we also discussed its potential mechanism of action from multiple aspects, including regulating related neural networks, promoting nerve oscillation, reducing β-amyloid and tau levels, reducing neuroinflammation, regulating the cholinergic system, inducing the synthesis of nerve growth factor.

Keywords: deep brain stimulation, Alzheimer's disease, therapeutic effect, stimulation parameter, action mechanism


INTRODUCTION

Alzheimer's disease (AD) is the most common type of dementia in the elderly. Its clinical manifestations are progressive cognitive decline and memory loss (Querfurth and LaFerla, 2010; Patterson, 2018). The prevalence and incidence of AD are increasing rapidly, and it is one of the major health crises facing the aging society of the 21st century (Alzheimer's Association, 2020). Clinically, only a small number of AD patients benefit from the temporary treatment effect of AD drugs. There are currently no viable medications to slow or reverse the progression of AD (Ihl et al., 2011; Arai et al., 2016, 2018; Cummings et al., 2020). The severity of AD and the limitations of drug therapy have spurred the development of research on non-drug therapies (Cummings et al., 2014; Aldehri et al., 2018). A series of physical therapy methods, including electrical stimulation and magnetic stimulation, are gradually being applied in the field of neurological diseases (Li et al., 2015; Temel and Jahanshahi, 2015; Zhou et al., 2018; Holczer et al., 2020).

Aldini first reported the use of electrical stimulation technology to improve the mood of melancholy patients in 1804, thus opening up a new field of electrical stimulation for the clinical treatment of mental illness (Aldini, 1804; Parent, 2004). Deep brain stimulation (DBS) is an invasive neuromodulation technique that involves brain stimulation and is one of the few neurosurgery methods that allows blinded research. The DBS device is mainly composed of stimulating electrodes in the brain, subcutaneous leads and pulse generators, and it directly changes brain activity in a controlled manner by using internal pulse generators to deliver electrical pulses to stimulation electrodes in specific target areas of the brain (Kringelbach et al., 2007; Lozano and Lipsman, 2013; Chen and Ponce, 2019). DBS is used for mental disorders, such as obsessive-compulsive disorder, epilepsy and depression (Zhou et al., 2018; Vazquez-Bourgon et al., 2019; Onate-Cadena et al., 2020), and for a variety of neurodegenerative diseases, such as idiopathic tremor, Parkinson's disease, and dystonia (Miocinovic et al., 2013; Chen and Ponce, 2019; Lee et al., 2019; McKinnon et al., 2019). Human clinical trials of DBS for AD began in 1984. Turnbull applied DBS to the left nucleus basalis of Meynert (NBM) in patients with a 4-years AD course but found no improvement in memory or cognition (Turnbull et al., 1985). Since then, research on treatment with DBS in AD has been vacant for more than two decades.

Research on the use of DBS in AD was restarted by a case study that used DBS to treat obese patients. The memory of a morbidly obese patient was enhanced after chronic hypothalamic/fornix DBS treatment. This enhancement may have occurred because DBS regulates marginal activity. That is, electrical activity in the medial temporal lobe is activated during DBS stimulation (Hamani et al., 2008). In the past 10 years, preliminary studies of DBS in AD have shown some positive effects of this treatment, including slowing cognitive decline and hippocampal atrophy and increasing cerebral glucose metabolism and brain connectivity in AD patients (Laxton et al., 2010; Sankar et al., 2015; Lozano et al., 2016; Aldehri et al., 2018), but there are also some controversial negative effects, such as AD patients <65 years of age have not shown good curative effects, and some patients have postoperative side effects (Lozano et al., 2016; McMullen et al., 2016; Leoutsakos et al., 2018). These discrepant results cannot be ignored. Differences in methodology, such as DBS parameters (stimulation target, frequency, stimulation start time, duration, unilateral/bilateral treatment, and stimulation current intensity), study design and sample size may explain these differences. The exact mechanism of action of DBS in AD is unknown. At present, there is little direct research on the mechanism of action of DBS in AD, and various hypotheses (changing the electrical activity of neurons, promoting neurogenesis and neurotransmitter release, etc.) have been proposed to explain its potential mechanism of action (Hescham et al., 2013a; Laxton and Lozano, 2013; Kuhn et al., 2015a; Aldehri et al., 2018; Jakobs et al., 2019; Yu et al., 2019).

There is increasing interest in exploring DBS as a treatment method for intervention in AD. A decision analysis model of DBS in AD patients shows that DBS is more effective and more cost-effective than standard treatment in the clinical treatment of AD (Mirsaeedi-Farahani et al., 2015). To effectively promote the application of DBS in the field of AD treatment, in this review, we systematically searched the literature published in the field of DBS in AD, and explored the effect of DBS stimulation parameters on the treatment effect for AD and the potential mechanism of action of DBS in the treatment of AD.



METHODS


Literature Search and Selection Criteria

In the literature databases of Web of Science and PubMed (from 1900 to September 29, 2020), human clinical studies and animal studies on DBS in AD were systematically searched using the following terms, individually and combined in multiple search strategies: “Deep brain stimulation,” “DBS,” “Alzheimer's disease,” and “AD.” Literature inclusion criteria: the main purpose was to study the therapeutic effects of DBS in AD, including human clinical research and animal research; the language of the article was English only; individual case studies and long-term follow-up studies were not excluded; and duplicate studies were excluded.



Data Abstraction

The selected articles were classified according to human clinical research and animal research to extract relevant data. The following data were extracted from human clinical studies: (1) study design; (2) basic information on the participants, including number, sex, average age, average Alzheimer's disease assessment scale-cognitive section (ADAS-Cog), average Mini-Mental State Examination (MMSE), and additional medications; (3) DBS data, including the DBS protocol and brain target; (4) follow-up; (5) main results, including the main outcome measures (average ADAS-Cog and average MMSE) and conclusion; and (6) adverse events. Various cognitive outcome measures have been used in human clinical studies, and some studies have evaluated multiple indicators. In this review, we chose the average ADAS-Cog and average MMSE as the main outcome measures. For studies that did not report averages and SDs, data were calculated from specific figures in the literature. The following data were extracted from animal studies: (1) basic information on the animals, including number, sex, age, animal type, grouping; (2) DBS data, including DBS protocol and brain target; (3) behavioral methods; (4) follow-up; and (5) main conclusion.




RESULTS


Search Results

This review included 30 studies on the treatment of DBS in AD. As shown in Figure 1, research on DBS in AD treatment was lacking for ~25 years after 1984 when DBS was applied in AD treatment. The time on the abscissa was the publication time of the article. It was not until 2010 that there was another paper on DBS in AD. During the 10-years period from 2010 to 2020, DBS in AD papers were published every year.


[image: Figure 1]
FIGURE 1. The cumulative growth of studies of DBS in AD.




Human Clinical Studies
 
DBS Implementation

DBS is implemented in the human body and its components are surgically implanted. As mentioned earlier (Laxton et al., 2010; Mao et al., 2018), after local anesthesia is applied, the stereotaxic frame is installed on the patient's head. The position of the DBS target is ascertained by imaging. Subsequently, a drill is used to make bilateral holes in the skull, and the stimulation electrodes are implanted three-dimensionally. After the electrodes are placed, the internal pulse generator is implanted into the subclavian or subcutaneous area of the chest or abdomen under general anesthesia. The lead is implanted subcutaneously and connected to the stimulation electrodes and internal pulse generator through the head, neck, and chest. The positioning of the electrodes must be verified again by imaging after the operation.



Therapeutic Effects

Table 1 lists the detailed characteristics of 16 human clinical studies of DBS in AD patients. Turnbull et al. started the field of DBS in the treatment for AD in 1984 (Turnbull et al., 1985). A study by Laxton et al. (2010) showed that after DBS treatment, the memory of AD patients improved, the rate of cognitive decline decreased, and cerebral glucose metabolism increased (Laxton et al., 2010; Smith et al., 2012). Subsequently, human clinical studies of DBS in AD continued. Fontaine et al. reported that a patient with AD showed stable memory and increased metabolism in the medial temporal lobe after 1 year of DBS (Fontaine et al., 2013). Other studies have also shown that the nutritional status of AD patients remains stable, and the rate of hippocampal atrophy slows down after 1 year of DBS (Noreik et al., 2015; Sankar et al., 2015). Kuhn et al. applied DBS to 6 AD patients, and 1 year later, the ADAS-Cog scores of four participants increased or remained stable, but the scores of two participants deteriorated (Kuhn et al., 2015a). Kuhn et al. also performed DBS on two other AD patients who were 5 years younger. One AD patient had a stable ADAS-Cog score and an increase in MMSE score after 28 months. Another case showed overall improvement in the first year of treatment, but the ADAS-Cog score increased by seven points after 26 months (Kuhn et al., 2015b). The long-term follow-up results of all eight patients at 24 months showed that the ADAS-cog of young patients with mild AD remained relatively stable during the 24-months follow-up period, while the ADAS-cog of AD patients with high baseline increased (Hardenacke et al., 2016). In the two youngest patients among the eight, the repetitive inhibition of sensory gating improved (Durschmid et al., 2020). Therefore, they believed that DBS performed in the early and young ages of AD may have a beneficial effect on the progression of the disease and cognitive function. Baldermann et al. also showed that AD patients with less atrophy can benefit from DBS (Baldermann et al., 2018). However, the study by Lozano et al. showed different results. Lozano et al. observed an increase in cerebral glucose metabolism in 21 AD patients after 1 year of DBS, considered DBS to be safe, and proposed that DBS may benefit AD patients aged 65 years and older, while those under 65 years old may show a worsening condition (Lozano et al., 2016). Leoutsakos et al. conducted a second-year follow-up of 42 participants in the study, confirming that DBS benefits older patients with AD (Leoutsakos et al., 2018). Furthermore, McMullen et al. reported that an AD patient implanted with bilateral fornix DBS experienced asymptomatic bilateral cerebral encephalomalacia (McMullen et al., 2016). Among the current existing studies, only two studies have shown no therapeutic effect of DBS in AD (Turnbull et al., 1985; McMullen et al., 2016), and there were a few AD patients with poor performance in other studies (Lozano et al., 2016; Leoutsakos et al., 2018; Mao et al., 2018). The small sample size (case report) (Turnbull et al., 1985; McMullen et al., 2016), side effects of DBS surgery (Ponce et al., 2016), and improper use of quetiapine by patients (Lozano et al., 2016; Leoutsakos et al., 2018; Mao et al., 2018) may account for these differences, but we cannot rule out the possibility that it is due to other methodological differences. However, among most AD patients receiving DBS, DBS is a promising intervention for AD.


Table 1. The human clinical study of DBS in AD.
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Animal Studies
 
DBS Implementation

For DBS in AD animal models, the stimulating electrodes are implanted, and the stimulator is connected externally. A single study implanted the stimulators subcutaneously on the backs of mice (Huang et al., 2019). Each mouse is anesthetized and fixed on a stereotaxic device; the scalp is removed, exposing the skull. An electric drill is used gently drill small holes at the target points on the skull. Then, the stimulating electrode is implanted at the target position and fixed to the skull with adhesive material. In some studies, a small number of screws are implanted in the skull to fix the electrodes (Hescham et al., 2013b; Chen et al., 2014; Zhang et al., 2015; Tsai et al., 2020). X-ray imaging or tissue staining is used to ensure that the electrode is implanted in the target position (Lee et al., 2016; Mann et al., 2018; Huang et al., 2019).



Therapeutic Effects

In addition to human clinical research on DBS in AD, animal research on DBS in AD is also being carried out simultaneously. Table 2 lists the detailed characteristics of 14 animal studies of DBS in AD animal models. Compared with human clinical studies, the behavioral, physiological and biochemical changes of AD model mice established by transgenic AD model or drug injection after DBS are mostly positive in the animal studies. This review later used these animal studies, combined with human clinical studies, to explore the effects of DBS stimulation parameters on the efficacy of AD treatment and the potential mechanism of action of DBS in AD.


Table 2. The animal study of DBS in AD.
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Adverse Events

DBS is an invasive brain stimulation technique that carries the risk of major surgery (Doshi, 2011). The main surgical complications include bleeding, infection, and hardware failure (Ponce et al., 2016; Barrett, 2017). The adverse events related to DBS that occur in AD are manifested in human clinical studies which are rarely found in animal studies. Table 3 lists the adverse events of the human clinical study of DBS in AD. At higher voltage intensity, AD patients felt inner restlessness, warmth, flushing, sweating, increased heart rate and blood pressure, and other adverse reactions. However, after reducing the voltage intensity, AD patients had almost no adverse effects (Laxton et al., 2010; Kuhn et al., 2015a). Other minor adverse reactions, including headache, diarrhea, vomiting, and paresthesias, were almost transient and had no sequelae (Laxton et al., 2010; Kuhn et al., 2015a; Leoutsakos et al., 2018; Scharre et al., 2018). Serious adverse events, including internal pulse generato infections, skin infections, inaccurate device location, hematoma, syncope, epilepsy, etc., could almost be resolved (Ponce et al., 2016). Leoutsakos et al. conducted the largest-scale study on the safety of DBS in AD patients, which involved 42 patients with AD (Lozano et al., 2016; Ponce et al., 2016; Leoutsakos et al., 2018). Within 90 days after receiving DBS surgery, 26 patients experienced 64 non-serious adverse events related to DBS surgery, of which 5 patients experienced 7 serious adverse events. For these 64 non-serious adverse events, 57 occurred within 30 days after surgery. In the second year after receiving DBS surgery, 24 patients reported 86 non-serious adverse events, and eight patients reported 15 serious adverse events. Two statistical results showed that the shorter the time after the completion of the operation is, the greater the possibility of reported adverse events in AD patients. The occurrence of adverse events gradually decreased over time, and there seemed to be no long-term complications. The safety of adverse events was as expected. However, the case report by McMullen et al. showed that DBS has brought long-term adverse effects (McMullen et al., 2016). This might be related to both the physical state of the patients and the experience of the surgeon. Although this was only a case study, researchers should pay attention to it. In general, AD patients tolerate DBS well under the appropriate DBS parameters, which proves that DBS is a relatively safe technique for AD patients.


Table 3. Adverse events of the human clinical study of DBS in AD.
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DBS PARAMETERS


Stimulation Targets

To date, the stimulation targets for DBS in the treatment of AD patients in human clinical studies have involved the fornix, NBM, and ventral capsule/ventral striatum (VC/VS) (Table 1). Relevant animal research also involved multiple stimulation targets, including the intralaminar thalamic nucleus (ILN), midline thalamic nuclei (MTN), mammillothalamic tract (MT), anterior nucleus of thalamus (ANT), entorhinal cortex (EC), and CA1 (Table 2). The selection of these stimulation targets for DBS is mainly based on the neural network of the brain. Among them, VC/VS is related to the frontal lobe neural network (Price and Drevets, 2010); ILN and MTN are important components forming cortico-thalamo-cortical pathways (Saalmann, 2014); NBM participates in the base forebrain cholinergic circuit; and the fornix, MT, ANT, EC, and CA1 (hippocampus) are nodes in the Papez circuit (Yu et al., 2019). Figure 2 shows a schematic representation of these targets in the brain. AD is also considered to be a disease of the neural circuit, as neurons and neural circuits associated with cognitive function are damaged, and the Papez circuit is degraded (Lv et al., 2018). The Papez circuit is the main pathway of the limbic system and plays a vital role in the formation and storage of memory. Understanding the effects of these stimulation targets can help to select the best DBS stimulation target for AD.


[image: Figure 2]
FIGURE 2. The schematic diagram of the stimulation targets for DBS in AD.



VC/VS

DBS regulates the frontal lobe network of the brain that is involved in cognition and behavior. The ventral striatum, nucleus accumbens, and anterior limb of the internal capsule sit at the base of the frontal lobes. White matter fibers of the frontal lobe and the ventral capsule connect the dorsomedial and orbital prefrontal cortices to the ventral striatum (Price and Drevets, 2010). These neural networks have shown degeneration in AD (Lehericy et al., 1989). VC/VS DBS can affect related behavioral disorders in patients with mental disorders such as obsessive-compulsive disorder and depression (Greenberg et al., 2010; Dougherty et al., 2015). In a non-random phase I experiment, Scharre et al. first used the VC/VS of the frontal lobe network as the stimulation target for DBS in AD patients (Scharre et al., 2018). Fluorodeoxyglucose-positron emission tomography metabolism increased, and clinical dementia rating–sum of boxes (CDR-SB) performance decreased in AD patients receiving DBS. By targeting the VC/VS, DBS may adjust the frontal lobe network and affect the executive function of AD patients. This is the first report to show improved behavioral and executive defects without tracking memory targets in the treatment of AD by DBS. It provides new target options for DBS treatment in AD. This study also shows that chronic DBS with the VC/VS as a target is well-tolerated.



ILN

The rostral part of the ILN is connected to the medial prefrontal cortex (mPFC) and is considered to be a key component of cognitive function (Mair and Hembrook, 2008; Saalmann, 2014). Although the function of the ILN in cognitive function has been proven, the effect of ILN DBS on AD-related cognitive dysfunction has not been extensively studied. Only one related study has shown that unilateral ILN DBS treatment can improve spatial learning and memory deficits in AD rat models injected with β-amyloid (Aβ), reduce the expression of postsynaptic density protein 95 (PSD-95) in the mPFC and hippocampus, and maintain dendritic spine density (Tsai et al., 2020).



MTN

The MTN connects to the medial prefrontal cortex, medial temporal lobe and hippocampus. The midline structure of thalamus is involved in memory related functions (Saalmann, 2014). An study of high-frequency MTN DBS showed that the time that TgCRND8 mice explored new objects in the object recognition task was significantly longer than that of wild type mice, and the expression of FosB protein in the hippocampus was significantly upregulated (Arrieta-Cruz et al., 2010). There is currently no other research on MTN DBS in AD.



NBM

Acetylcholine (ACh) is essential for cognitive function and memory processing, and it is mainly derived from cholinergic neurons in the NBM (Carlsen et al., 1985). This region is mainly located below the anterior commissure and globus pallidus and on the anterior lateral part of the hypothalamus (Hedreen et al., 1984). The NBM sends a wide range of cholinergic nerve projections that dominate the cortex and hippocampus, and it represents an important cholinergic pathway in functional networks that subserve cognition and memory (Gratwicke et al., 2013). NBM damage can lead to a decrease in cholinergic transmission and degenerative changes in mossy fibers and the dentate gyrus of the hippocampus (Bartus et al., 1982; Amenta et al., 1991). The first evidence neural network dysfunction in AD is the loss of NBM cholinergic neurons in the brain, which is evident on postmortem examination (Whitehouse et al., 1981). Turnbull et al. reported for the first time the impact of NBM DBS on AD patients, although the report found no evidence of clinical improvement (Turnbull et al., 1985). Since then, chronic NBM DBS has shown good efficacy in AD. NBM DBS performed in early AD may have beneficial effects on AD progression and cognitive function (Kuhn et al., 2015b; Hardenacke et al., 2016). AD patients receiving NBM DBS showed a substantially stabilized nutritional status within 1 year (Noreik et al., 2015). NBM DBS can also improve the spatial learning and memory of AD model mice; regulate the gamma-aminobutyric acid (GABA), glutamate system, and cholinergic systems; reduce the abundance of amyloid protein; and exert neuroprotective effects (Lee et al., 2016; Huang et al., 2019; Koulousakis et al., 2020).



Fornix

As part of the Papez circuit, the fornix is the main inflow and outflow pathway of the hippocampus and middle temporal lobe. The fornix is an arcuate fiber bundle from the hippocampus to the mammillary body. This tract provides a direct source of input from the hippocampal structure to the anterior nucleus of the thalamus and can effectively encode and integrate memory information (Browning et al., 2010; Lovblad et al., 2014). When the fornix of humans and animals is damaged, it can cause severe memory impairment (Tsivilis et al., 2008; Browning et al., 2010). Atrophy of the fornix can be accompanied by a transition from mild cognitive impairment to AD (Copenhaver et al., 2006). Hamani et al. reported for the first time that fornix stimulation can improve memory, although only one patient in their study received DBS to treat obesity (Hamani et al., 2008). Since then, DBS in the fornix has gradually been applied to AD. Chronic fornix DBS can stabilize or slow memory decline and increase hippocampal volume and cerebral metabolism in some patients with AD (Laxton et al., 2010; Smith et al., 2012; Fontaine et al., 2013; Sankar et al., 2015; Lozano et al., 2016) and improve spatial learning memory and recognition memory and reduce amyloidosis, the inflammatory response, the loss of neurons and the local changes in brain volume in AD model mice (Hescham et al., 2013b; Zhang et al., 2015; Gallino et al., 2019; Leplus et al., 2019). Therefore, the fornix is a good target choice for the treatment of DBS in human clinical research and animal research on AD (Senova et al., 2020).



MT

In the Papez circuit, information related to memory is transmitted to the mammillary body through the fornix, and then to the ANT through the MT. Although the MT participates in the Papez circuit, MT DBS did not cause memory changes in patients with refractory epilepsy (Duprez et al., 2005). No beneficial memory effect of MT DBS was found in SD rats injected scopolamine (Hescham et al., 2015). Therefore, it is worth exploring whether DBS in the MT has a positive effect.



ANT

The ANT is part of the Papez circuit, receiving information from the mammillary body via the MT and projecting it to the cingulate gyrus. The functional interaction between the ANT and hippocampus is crucial for spatial memory and conditional learning (Dumont et al., 2010). In AD model rats, ANT DBS improves impaired spatial memory (Chen et al., 2014). This is consistent with the research by Zhang et al., even though ANT DBS did not improve the recognition memory of AD model rats (Zhang et al., 2015). ANT DBS appears to be a potential treatment for AD cognitive dysfunction. However, Hescham et al. did not seem to find any beneficial memory effects of ANT DBS in SD rats injected scopolamine (Hescham et al., 2015). In addition, at high current densities, ANT DBS disrupts the acquisition of contextual fear conditions in healthy rats and impairs the performance of rats in spatially alternating tasks. In this case, ANT DBS caused a functional depolarization block near the stimulation electrode, which greatly reduced the spontaneous discharge of the local neuron population. Extracellular recordings showed that under high current ANT DBS, the discharge rate of DG cells was reduced and hippocampal activity was suppressed (Hamani et al., 2010). The differences in the results of various animal studies may have multiple causes, and further research is needed to explore the impact of ANT DBS in AD.



EC

The EC is located in the anterior part of the parahippocampal gyrus and is a key area for information transmission to and from the hippocampus, forming a three-synapse circuit with the hippocampus. At the same time, EC is the first area affected in AD and is closely related to memory formation (Braak and Braak, 1991; Khan et al., 2014). EC DBS can enhance the spatial memory of wild-type mice, and promote the rapid proliferation of neurons in the dentate gyrus (DG) (Stone et al., 2011). Acute EC DBS can improve memory deficits induced by scopolamine, and increase the expression of c-Fos in the CA3 region (Hescham et al., 2015). Research by Zhang et al. showed that chronic EC DBS contributes to spatial memory and recognition memory deficits induced by Aβ40 (Zhang et al., 2015), which is consistent with research on AD transgenic mice (Xia et al., 2017; Mann et al., 2018). In addition, chronic EC DBS can significantly reduce Aβ and tau in the hippocampus of AD transgenic mouse models, as well as reduce total tau and phosphorylated tau in the cortical region (Mann et al., 2018). In another study, it was been demonstrated that EC DBS can increase synaptic activity by increasing synaptophysin levels, and promote low sedimentation clearance of tau through the lysosomal pathway, thereby exerting a beneficial effect on AD (Akwa et al., 2018).



CA1

The hippocampus is a brain area that is closely related to learning and memory functions, and is almost the central structure of memory-related circuits in the brain. The first region of the hippocampal circuit is the CA1, which mainly projects to the EC and subiculum and is very important for spatial memory (Igarashi et al., 2014). Acute CA1 DBS can improve memory deficits induced by scopolamine, and the beneficial effect of CA1 DBS is accompanied by increased expression of Fos in the cingulate gyrus (Hescham et al., 2015). No other studies related to DBS in AD have targeted the CA1 area to date.

Overall, the fornix, NBM, and EC are the preferred targets for DBS treatment in AD, even if there are other alternative targets. Currently, there are only two comparative studies of different stimulation targets for DBS in AD. Hescham et al. compared the effects of DBS in the ANT, CA1, MT, and EC in AD rat models induced by scopolamine (Hescham et al., 2015). CA1 DBS and EC DBS could improve memory deficits caused by scopolamine, and no beneficial memory effect was observed in the ANT or MT. A study had even shown that DBS in the hippocampus and entorhinal regions can impair memory (Jacobs et al., 2016). Zhang et al. investigated the effects of DBS in the ANT, EC, and fornix on the cognitive behavior of AD rat models (Zhang et al., 2015). DBS of these three targets can benefit the spatial memory of AD model rats. EC DBS and fornix DBS also improved the recognition and memory of AD model rats, but this effect was not observed in ANT DBS. In the Papez circuit, the EC and the fornix are directly connected to the hippocampus, while the ANT is connected to the fornix and the nipple body and indirectly connected to the hippocampus. This difference in neural connectivity may explain why the EC and fornix show more significant spatial and recognition memory improvements than the ANT. The comparison of different targets of DBS in AD still needs more research.




Stimulation Frequency

To date, the application of DBS in AD has been carried out under fixed stimulation parameters with a single frequency setting of 20, 100, or 130 Hz. The selection of frequency parameters in AD is based on the application of DBS in other diseases. The stimulation frequency of DBS, it can be divided into high frequency electrical stimulation (HFS, 25~1,000 Hz) and low frequency electrical stimulation (LFS, 0.1~25 Hz) (Schiller and Bankirer, 2007). HFS is commonly used in the treatment of mental illness. For patients with Parkinson's disease, high-frequency stimulation is beneficial for dyskinesias, and low-frequency stimulation may improve some axial movement symptoms (Baizabal-Carvallo and Alonso-Juarez, 2016). However, stimulation at a frequency that is too high can cause functional lesions (Jakobs et al., 2019). Therefore, it is critical to optimize the stimulation frequency of DBS to minimize the side effects of electrical stimulation caused by the stimulation frequency. Huang et al. implemented four DBS frequencies of 10, 50, 100, and 130 Hz in the NBM of Aβ precursor protein/Presenilin1 (APP/PS1) mice and tested their spatial memory using the Morris water maze (MWM) (Huang et al., 2019). It was found that 10 Hz DBS had no effect. The latency during the learning period was significantly reduced by DBS at frequencies at 50, 100, and 130 Hz, and the number of passes and occupation time of the target quadrant and platform area in the exploration task increased significantly. Higher frequency (100 Hz, 130 Hz) stimulation was better than lower frequency (10 Hz, 50 Hz) stimulation, and a shorter latency, a larger number of times and a longer occupation time were observed at 100 Hz. Therefore, the optimal DBS frequency remains unclear. Some studies have shown that the efficacy of DBS in AD is not affected by frequency, as 10 Hz and 100 Hz show the same effect (Hescham et al., 2013b).



Stimulation Start Time

The stimulation start time of DBS in AD is also closely related to the effect of treatment. The time from pathological appearance to clinical symptoms of AD may be as long as 20 years or more (Bateman et al., 2012; Villemagne et al., 2013; Selkoe and Hardy, 2016). It is one of the new interests in the treatment of AD to take measures to intervene the development of AD before clinical symptoms appear, and to delay or even prevent brain lesions (Alzheimer's Association, 2018; Fan and Wang, 2020). Several studies have shown that DBS intervention in the early stages of AD produces better results. Huang et al. administered NBM DBS to APP/PS1 mice at 4, 6, 9, and 12 months of age and performed MWM tests at the end of 13 months of age (Huang et al., 2019). APP/PS1 mice at 4–6 months of age are in the early stages of AD. The results showed that the escape latency of AD mice receiving DBS at 4 and 6 months of age was significantly reduced, and the occupation time of the target quadrant and the number of passes through the platform area increased significantly. DBS at 4 months of age produced the best results. However, DBS had little effect at 9 and 12 months of age. EC DBS was performed in TgCRND8 mice at 6 weeks and 6 months of age, but a reduction in amyloid plaque was found only in mice at 6 weeks. In clinical studies, Hardenacke et al. evaluated the effects of DBS on 8 AD patients and proposed that NBM DBS in the early stage of the disease or at a younger age may have a beneficial effect on disease progression (Hardenacke et al., 2016). NBM DBS can increase blood flow by more than 50% in the cerebral cortex and nerve growth factor (NGF) expression in the parietal cortex by ~68% in healthy rats at 4–6 months of age, but in aged rats at 29–31 months of age, blood flow increased by only ~25%, with no significant change in NGF in the parietal cortex (Hotta et al., 2009). This again proves that providing DBS at a younger age has a more favorable impact. Unfortunately, in a phase II clinical study, it was suggested that fornix DBS may benefit patients with AD who are ≥65 years of age, and that patients under 65 years of age may show worsening condition (Lozano et al., 2016). This has an effect that is opposite to the impact of NBM DBS in interventions for young AD patients (Hardenacke et al., 2016). The reason for this difference may be that young patients are not in the early stages of AD, or fornix DBS alone may not be suitable for the early treatment of AD, or among other possible reasons.



Stimulation Duration

After DBS, AD patients' disease progression slowed significantly. This may be related to the stimulation duration of DBS, and the persistence of the effect is unclear. Animal research has shown that both acute and chronic DBS can cause long-term remodeling of the mouse brain. One hour of fornix DBS improved spatial memory deficits and caused local volume differences in various regions of the brain in AD mice. These changes can last at least 45 days, suggesting that the role of DBS in AD is more than immediate (Gallino et al., 2019). The improvement of spatial memory and recognition memory caused by DBS for 24 h in the AD rat model induced by Aβ42 can last for at least 4 weeks (Zhang et al., 2015). Chronic DBS (7 h/d) was performed on Toronto triple-transgenic (3 × Tg) AD model mice for 25 d, and the beneficial effects of DBS on recognition and memory in AD mice lasted at least 1 month. The after effects of DBS suggest that chronic DBS can also cause long-term changes in brain function (Mann et al., 2018). Huang et al. performed four durations of DBS (7, 14, 21, and 28 days for 1 h/days) in APP/PS1 mice at 4 months of age and performed the MWM and Aβ detection 30 d after the end of DBS (Huang et al., 2019). However, 7 d of DBS had almost no impact. DBS for 14, 21, and 28 days all improved the spatial memory of APP/PS1 mice and significantly reduced the soluble Aβ40 and Aβ42 levels in the hippocampus and cortex. DBS achieved the best results after 21 consecutive days of stimulation. This shows that the therapeutic effect of DBS is not directly proportional to the duration of treatment.



Unilateral/Bilateral Treatment

Of the human clinical studies and animal studies of DBS in AD, only 5 studies used unilateral DBS (Turnbull et al., 1985; Lee et al., 2016; Huang et al., 2019; Koulousakis et al., 2020; Tsai et al., 2020). Although researchers believe that bilateral DBS seems safe for AD, there have still been a small number of adverse events (Ponce et al., 2016; Leoutsakos et al., 2018). Preliminary experiments by Huang et al. showed that bilateral DBS led to more severe complications and higher mortality (Huang et al., 2019). In fact, unilateral DBS can also improve the symptoms associated with AD and shows good neuroprotective effects and reversible side effects (Lee et al., 2016; Huang et al., 2019; Tsai et al., 2020). To improve the safety of DBS for AD, whether to switch to unilateral DBS in the future is worth exploring.



Current Intensity

The efficacy of DBS in AD is affected by current density. Decreasing DBS current intensities of 200, 100, and 50 μA were applied to rats receiving scopolamine to study the effects of higher, medium, and lower current densities. At low currents, there was no significant difference in the time ratio of discrimination between the displaced and familiar objects in rats receiving DBS compared with the control rats. However, the spatial memory of rats was substantially improved under DBS at 100 and 200 μA. Therefore, it was found that a lower current intensity had no effect on DBS in AD (Hescham et al., 2013b). However, there is no other study on the effect of DBS stimulation current intensity on AD.




POTENTIAL MECHANISMS OF ACTION

The mechanism of DBS in AD is unknown. This article will explore the potential mechanism of DBS in AD from several perspectives.


Regulation Related Neural Networks

Due to related molecular and structural abnormalities, the memory network of patients with AD changes (Sperling et al., 2010). There is evidence that the Papez circuit and the default mode network of AD patients are impaired and that the inherent connectivity in the default network is disrupted during resting states and cognitive tasks (Raichle et al., 2001; Greicius et al., 2004; Sperling et al., 2009). DBS has been shown to play a role in the regulation of neural networks in diseases. In patients with epilepsy, fornix DBS shows an electrical effect in the upstream hippocampus (Lozano and Lipsman, 2013; Miller et al., 2015). Hamani et al. used fornix DBS in obese patients, and electroencephalogram (EEG) showed that electrical activity in the hippocampus and parahippocampus was activated during stimulation (Hamani et al., 2008). Based on this, the Hamani team further used fornix DBS in AD, and the results showed that the neural network of the default pattern network and memory circuits in AD patients' brains were activated, including the entorhinal and hippocampal regions, and the connectivity between neural networks in the brain was also increased (Laxton et al., 2010). Functional connectivity analyses revealed that cerebral glucose metabolism in AD patients increased in a frontal-temporal-parietal-striatal-thalamic network and a frontal-temporal-parietal-occipital network after fornix DBS (Smith et al., 2012). The beneficial effects of NBM DBS in AD patients are significantly correlated with the fronto-parieto-temporal pattern of cortical thickness (Baldermann et al., 2018). Figure 3 shows the modulated brain structure of AD patients after DBS in the current study. Therefore, DBS may establish upstream and downstream effects in related neural network circuits by targeting key nodes of the neural network in the AD brain, increasing connectivity between networks, and thereby improving AD symptoms.
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FIGURE 3. The modulated brain structure of AD patients after DBS in the current study. (A) Modulated brain areas of AD patients after DBS of different targets. (B) Modulated brain networks of AD patients after DBS. NBM, nucleus basalis of Meynert; VC/VS, ventral capsule/ventral striatum.




Promotion of Nerve Oscillation

Neuronal oscillations are essential for information processing and communication between different brain structures. DBS has the potential to reset the unstable mode of neuron oscillations in AD, especially θ oscillations in the hippocampus (Hardenacke et al., 2013; Senova et al., 2018). With an approximately sinusoidal (4–10 Hz) EEG activity, θ oscillations can be recorded in edge circuits, are related to various cognitive processes, and play an important role in learning and memory (Buzsaki, 2002; Laxton et al., 2010). Various drugs that destroy cognitive functions reduce or eliminate hippocampal θ oscillations (McNaughton et al., 2007; Scott et al., 2012). The disruption of θ activity leads to impaired spatial and recognition memory, and the restoration of θ rhythm improves the learning ability of rats (Howlett et al., 2004; Hasselmo, 2006; Villette et al., 2010). Suthana et al. found that DBS caused the hippocampal θ rhythm to reset, optimally encode input information, and improve memory function in animal models (Suthana et al., 2012). In addition, electrical stimulation of perforated pathways in rodents can trigger θ phase reset, which creates favorable conditions for long-term memory enhancement (McCartney et al., 2004). Abnormalities in θ rhythm have been shown in AD patients and mouse models of AD (Klimesch, 1999; Scott et al., 2012). Based on these studies, we hypothesized that DBS may improve AD symptoms through neural oscillations that cause θ reset.



Reduction of Aβ Levels

Aβ oligomers are one of the main neuropathological signs of AD. Aβ oligomers are highly neurotoxic, which may cause loss of synapses and neuronal damage (Hardy and Higgins, 1992; Perl, 2010), and affect circuit connectivity and network activities (Canter et al., 2016). Over the past decades, genetic, biochemical, and pathological evidence has revealed the importance of Aβ as a neuropathological marker of AD (Sperling et al., 2011; Barage and Sonawane, 2015). Acute DBS significantly reduced Aβ plaques in the hippocampus and cortex of 6-week-old TgCRND8 mice (Xia et al., 2017). Chronic DBS can also reduce Aβ and APP levels in 3xTg mice. The main source of Aβ production is the hydrolysis of APP. APP is hydrolyzed by β-secretase and γ-secretase to generate Aβ amyloid production pathways and non-amyloid production pathways are cleaved by α-secretase and γ-secretase (Barage and Sonawane, 2015; Chen et al., 2017; Kowalski and Mulak, 2019). Arrieta-Cruz et al. showed that high-frequency DBS can increase α-secretase activity in the hippocampus of TgCRND8 AD mice by a factor of two, which significantly increases synaptic plasticity in the CA1 region but does not change β-secretase activity (Arrieta-Cruz et al., 2010). In addition, Aβ can be cleared by internalization into glial cells (Kim et al., 2018), and DBS can regulate glial cell activity (Vedam-Mai et al., 2016; Xia et al., 2017). Therefore, DBS can reduce Aβ levels and improve the pathological state of AD, possibly by reducing Aβ production or increasing Aβ clearance.



Reduction of Tau Levels

Neurofibrillary tangles containing aggregates of hyperphosphorylated tau protein are also one of the neuropathological signs of AD. Tau with an abnormally high degree of phosphorylation forms toxic paired helical filaments, severely impairs synaptic function and causes cell death (Mohandas et al., 2009; Joel et al., 2015). Fornix DBS has no significant effect on hippocampal tau or phosphorylated tau in Wistar rats. However, EC DBS can reduce the total tau and Ser416-phosphorylated tau in the cortex and hippocampus of 3 × Tg AD mice and increase neurogenesis in the dentate gyrus (Mann et al., 2018). A study by Akwa et al. also showed that EC DBS can reduce tau phosphorylation and accumulation of tau oligomers in the CA1 region of 3xTg AD mice, and increase tau autophagy-lysosomal degradation and synaptic protein expression (Akwa et al., 2018). Therefore, DBS may affect the degradation or clearance of tau in AD to reduce tau levels. However, the specific details are not yet clear.



Reduction of Neuroinflammation

It has been recognized that neuroinflammation plays an important role in the development and progression of AD (Von Bernhardi, 2007; Le Page et al., 2017). The development of AD is closely related to the complex cascade that leads to the death of neurons. Normally functioning glial cells can express Aβ-related degradation enzymes or bind related proteins to promote the degradation and clearance of Aβ (Mulder et al., 2012; Yali et al., 2014; Kim et al., 2018). With the development of AD, glial cell malfunction can release excessive inflammatory factors and neurotoxic factors to produce neurotoxic effects, promote the cascade of Aβ and inflammation, and aggravate neuronal death and the progression of AD (Bagyinszky et al., 2017). In AD, astrocytes and microglia, the two main groups of cells driving neuroinflammation, exhibit high levels of abnormal activation (Cohen et al., 2013; Lopategui Cabezas et al., 2014). Chronic fornix DBS can reduce the degree of astrocytic and microglial reactivity and the extent of neuron loss in the cortex and hippocampus (Leplus et al., 2019). DBS activates astrocytes and microglia in the early stage after implantation; the degree of glial reactivity later decreases (Song et al., 2013). Whether DBS promotes the degradation and clearance of Aβ by activating additional protective glial cells, thereby reducing neurotoxicity and cascade reactions and ultimately downregulating glial cell levels and reducing neuroinflammation, is worth exploring.



Regulation the Cholinergic System

Degeneration of the cholinergic circuit is a pathological manifestation of AD. AD patients and animal models have obvious cholinergic dysfunction involving abnormal ACh production and degradation, including choline acetyltransferase (ChAT) and acetylcholinesterase (AChE), respectively (Davies and Maloney, 1976; Perry et al., 1977; Schliebs and Arendt, 2011). Acetylcholinesterase inhibitors (donepezil, rivastigmine, galantamine) are approved by the U.S. Food and Drug Administration for the treatment of AD patients (Unzeta et al., 2016; Kaushik et al., 2018; Alzheimer's Association, 2020). High levels of ACh contribute to hippocampal θ oscillation and enhance memory (Verdier and Dykes, 2001; Micheau and Marighetto, 2011). Supplementation of exogenous ChAT can improve memory and cognitive dysfunction in AD model mice (Fu et al., 2004; Zhu et al., 2020). Studies have shown that DBS improves scopolamine-induced learning and memory deficits in rats (Hescham et al., 2013b, 2015). Scopolamine is a muscarinic acetylcholine receptor antagonist. In APP/PS1 mice, DBS reduced the level of AChE in the hippocampus and cortex while increasing the level of ChAT, which implies an increase in ACh (Huang et al., 2019). In rats with amygdala injury, DBS treatment can effectively compensate for amygdala injury and reduce the activity of AChE (Kadar et al., 2014). Therefore, DBS can regulate the cholinergic system, which may be one of the mechanisms by which DBS improves AD. However, a large-scale study on long-term use of donepezil hydrochloride in patients with AD showed that the donepezil hydrochloride cannot help AD patients after the first 6 months. Acetylcholinesterase inhibitors are not long-term effective in the treatment of AD (Arai et al., 2016, 2018). This prompts us to consider whether DBS improves AD directly or indirectly by regulating the cholinergic system, whether this regulatory improvement is long-term effective, and how long this improvement will last. At present, there is no relevant research to solve these problems. There are still many questions to be explored about the regulation of DBS on the cholinergic system in AD.



Induction of NGF Synthesis

DBS may exert neuroprotective effects by inducing NGF synthesis in AD (Mashayekhi and Salehin, 2006; Hardenacke et al., 2013). NGF is the most typical neurotrophic peptide involved in regulating the survival and differentiation of neurons (Lindsay and Harmar, 1989; Sofroniew et al., 2001). NGF levels and metabolic pathways are clearly imbalanced in AD (Cuello et al., 2010). The decrease in NGF supply at the age-related basal forebrain cholinergic neuron cell level is similar to that observed in AD (Salehi et al., 2004). NGF gene therapy caused classic trophic responses in the brains of AD patients, including neuronal hypertrophy, axonal sprouting and activation of cell signaling (Tuszynski et al., 2015). The supply of NGF can provide long-term cholinergic nutritional support, thereby slowing or preventing cognitive decline in AD patients (Hardenacke et al., 2013). Studies have shown that unilateral NBM DBS can result in significantly higher NGF levels in healthy rats than observed before stimulation. Mecamylamine, the nicotinic blocker, can completely eliminate the secretion of NGF, which suggests that the projection of the basal forebrain may be the reason for the increase of NGF (Hotta et al., 2009). In AD disease, the ability of DBS to induce the release of NGF may be a pathway closely related to its mechanism, which also seems to be related to the cholinergic system of the basal forebrain.



Other Potential Mechanisms

The mechanism of DBS in AD may also involve a variety of other factors. In addition to the mechanisms described above, DBS may also improve AD symptoms by regulating other neurotransmitter systems. GABA and glutamic acid are closely involved in memory function (Sivilotti and Nistri, 1991). In AD rat models, glutamate acid decarboxylase 65 and 67 and glutamate transporter levels changed after NBM DBS. This suggests that NBM DBS may regulate changes in the GABA and glutamate systems and improve memory in AD rat models (Lee et al., 2016). It is also possible that DBS can enhance synaptic plasticity, promote neuron formation, and improve memory by regulating brain-derived nerve factors, including brain-derived neurotrophic factor and vascular endothelial growth factor (Gondard et al., 2015). It has been reported that DBS can increase hippocampal neurogenesis in AD (Mann et al., 2018; McKinnon et al., 2019). The newly born neurons have normal morphology and function and can promote the normalization of functional circuits (Lledo et al., 2006). DBS may improve AD symptoms by promoting neuron regeneration. Figure 4 shows the protein changes and potential protective mechanisms in AD animal models after DBS of different targets in the current study. The impact of DBS on AD animal models involves multiple potential protective mechanisms including signaling pathways, oxidative stress, cell apoptosis, the GABA and glutamate systems and neuronal function. More research is still needed to explore these possibilities.
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FIGURE 4. The protein changes and potential protective mechanisms in AD animal models after DBS in the current study. Aβ, β-amyloid; AchE, acetylcholine esterase; ANT, anterior nucleus of thalamus; APP, amyloid precursor protein; ChAT, choline acetyltransferase; EC, entorhinal cortex; DG, dentate gyrus; GABA, gamma-aminobutyric acid; GAD 65 and 67, glutamate acid decarboxylase 65 and 67; GFAP, glial fibrillary acidic protein; GSH-Px, glutathione peroxidase; ILN, intralaminar thalamic nucleus; MDA, methane dicarboxylic aldehyde; mPFC, medial prefrontal cortex; MT, mammillothalamic tract; MTN, midline thalamic nuclei; NBM, nucleus basalis of Meynert; PSD-95: postsynaptic density protein 95; SOD, superoxide dismutase; VC/VS, ventral capsule/ventral striatum.





DISCUSSION

This article reviews the published literature on DBS in AD. In patients and animal models with AD, DBS has shown some efficacy.

To provide the best parameter as a reference for the application of DBS in AD, this review summarizes and analyzes the different treatment parameters from current human clinical studies and animal studies of DBS in AD. Concerning stimulation targets, the NBM, fornix, and EC are the preferred targets for DBS treatment. This may be related to their structures and roles in the brain. They are involved in different circuit systems, including the base forebrain cholinergic system, the Papez circuit, and the trisynaptic circuit (Lv et al., 2018; Yu et al., 2019). There is currently no human clinical study of the EC as a target of stimulation in AD, and only animal studies support the EC as a target of DBS. The first area where neuropathy occurs in the AD brain is the EC, which then spreads to other cortexes and the hippocampus (Braak and Braak, 1991). The EC plays a very important role in information transmission. Whether EC DBS has a better effect than NBM and fornix DBS in AD is worthy of further investigation in animals and humans. In addition, EC DBS has been reported to improve spatial memory in patients with epilepsy by resetting the θ rhythm on EEG (Suthana et al., 2012).

Other DBS parameters that are commonly used in AD patient studies include stimulation frequency (130/20 Hz), stimulation duration (long-term), bilateral stimulation, pulse width (90–150 μs), and stimulation voltage (3.0–3.5 V) (Table 1); in AD animals the investigated parameters are stimulation frequency (130/100 Hz), stimulation duration (30 min-1 h, 3–42 days), bilateral stimulation, pulse width (60–100 μs), and stimulation current (100 μA) (Table 2). Based on the characteristics of human and animal tissues, although these DBS parameters used in AD animals cannot be directly applied for DBS in AD patients, they can provide more supporting evidence for the study of DBS in AD patients. Unilateral DBS should be popular in the treatment of DBS. After all, unilateral DBS is very likely to cause less surgical injury. Based on the long early incubation period of AD and the irreversible characteristics of neurodegenerative diseases (Selkoe and Hardy, 2016), using DBS to intervene in the early stages of AD to delay the AD process seems to be an excellent approach to treat AD (Huang et al., 2019). A number of studies have shown that NBM DBS and EC DBS have more beneficial effects in early AD (Hardenacke et al., 2016; Xia et al., 2017; Huang et al., 2019). However, in one clinical study, fornix DBS may have caused worse outcomes for AD patients at a younger age (Lozano et al., 2016). This may be related to multiple differences among different studies. In general, the preferred of DBS parameters for AD tend to be unilateral, early stage, and chronic treatment, with the NBS/fornix/EC as targets, and the pulse width, stimulation frequency, and stimulation voltage/current intensity can be individually designed in the future.

The improvement in AD caused by DBS is a multifactorial phenomenon, involving neural networks, θ oscillations, and changes in the microenvironment in the body (Laxton et al., 2010; Smith et al., 2012; Baldermann et al., 2018; Huang et al., 2019; Leplus et al., 2019). DBS is a neural regulation technology that directly changes brain activity in a controlled manner and corrects abnormal electrical circuits in the brain (Yu et al., 2019). In AD, during stimulation, DBS may have upstream and downstream effects on related neural network circuits by stimulating targets, activating or promoting electrical activity in the brain, and resetting θ oscillation. However, it is unclear what different upstream and downstream effects DBS has on different targets in AD. Most animal research focuses on the behavioral and biological effects in AD animals after DBS. The biological effects of DBS on AD animal models involve multiple potential protective mechanisms (Figure 4), and there may be interconnections among these fields. For example, DBS may regulate the microenvironment of AD animal models by promoting ACh release, inducing NGF synthesis, and reducing Aβ and tau levels (Hescham et al., 2013a; Xia et al., 2017; Huang et al., 2019). At present, these changes are only superficial phenomena, and the mechanism underlying them has not been explored. In the future, experimental methods such as electrophysiological recording, in vivo and in vitro optogenetics, and patch clamp technology may be used to further study the mechanism of DBS in AD.

DBS has broad application prospects for the treatment of AD. However, research in this area is still in its infancy. The stimulation parameters and mechanism of DBS in AD need to be further explored. There are still limitations to applying DBS in AD. To date, most of the published studies have been performed with small sample sizes, especially human clinical studies. Some patients with AD in human clinical studies also used acetylcholinesterase medication when receiving DBS (Table 1), which may have confounding effects on the results. Compared with other electrical stimulation techniques, DBS is an invasive technique with multiple risks, including the risks of major surgery, such as bleeding, infection and other side effects (Doshi, 2011; Ponce et al., 2016; Barrett, 2017). Creating a personalized DBS treatment plan for each AD patient is a way to reduce the risk of DBS. In addition, sex is considered to be a factor related to the sex risk for AD. AD has a higher prevalence in women (Mielke et al., 2014). Most experiments in animal research are dominated by male animals. Fornix DBS can significantly improve the performance of male mice in the water maze without affecting the performance of females (Gallino et al., 2019). Human clinical studies have not considered the sex of patients with AD. Therefore, whether DBS can eventually become an effective approach for AD is still not clear. More animal studies and human clinical studies on the application of DBS in AD are needed.



CONCLUSION

Most current research shows that DBS is a promising intervention for the treatment of AD. However, future studies of DBS therapy for AD should consider additional aspects, including individual differences, based on the diversity of DBS parameters. The stimulation parameters need to be standardized, and the after effect and mechanism of action need to be further explored.
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A correlation between the abnormal cerebral glucose metabolism and the progression of Alzheimer’s disease (AD) has been found in previous studies, suggesting that glucose alterations may be used to predict the histopathological diagnosis in AD. In this study, we investigated the dynamic changes of cerebral glucose uptake in vivo using MR glucose chemical exchange saturation transfer (glucoCEST) imaging in a rat model of AD with an intracerebroventricular (i.c.v) injection of amyloid Aβ-protein (25–35), confirmed by Morris water maze and Nissl staining. In total, 6 rats in the AD group and 6 rats in the control group that were given an injection of sterile normal saline were included. At 28 days after injection, all rats performed a 7.0 T MR exanimation, including glucoCEST, diffusion tensor imaging (DTI) and hippocampus magnetic resonance spectra (MRS), to detect the possible metabolic and structural changes in the rat brain. A significantly elevated brain glucoCEST signal in the brain of AD rats was observed, and a decreased brain glucose uptake was also explored during the progression of glucose infusion compared with those in rats of the control group. In addition, there is a significant positive correlation between glucoCEST enhancement (GCE) and myo-Inosito (Ins) in the AD group and the control group (P < 0.05). A significantly reduced number of neurons in the cortex and hippocampus in AD rats combined with the significantly longer escape and a decreased number of crossings were verified at 28 days after Aβ25–35 injection by Nissl staining and Morris water maze, respectively. Our results indicated that an abnormal brain glucose mechanism in AD rats could be detected by glucoCEST imaging, suggesting a new method to explore the occurrence and progress of diabetes-related AD or dementia.
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INTRODUCTION

Alzheimer’s disease (AD) is a chronic progressive neurodegenerative disease characterized by the accumulation of amyloid-β protein and a Tau-meditated neuronal injury (de Paula et al., 2009; de-Paula et al., 2012). AD affects around 50 million persons worldwide, and the number will likely increase with longer life expectancy (Abbott, 2011). Clinically, patients with AD are presented with a combination of features, such as progressive cognitive decline, dementia, and personality changes (Jack et al., 2013). The deposition of amyloid-β peptides has been observed in AD animal models as well as post-mortem AD patients, suggesting amyloid-β as having a key role in AD pathogenesis (Seynnaeve et al., 2018). Nevertheless, accumulated evidence shows that the pathogenesis of AD is also contributed to by multiple key players (de-Paula et al., 2012).

Glucose is a primary source of energy for almost all living organisms. Impaired glucose metabolism is associated with a wide range of pathological conditions (Mergenthaler et al., 2013) and is considered an important risk factor for AD (Duran-Aniotz and Hetz, 2016). The reduction of glucose uptake in posterior cingulate and temporal-parietal regions is the most commonly described diagnostic criterion for AD (Wang et al., 2016) with 18F-fluorodeoxyglucose (FDG) positron emission tomography (PET), and it was considered to be associated with the cognitive decline in healthy control (Gardener et al., 2016). Moreover, type 2 diabetes was shown with an increased risk of cognitive decline and developing AD (Mergenthaler et al., 2013). Therefore, the interplay between glucose metabolism and AD should be better understood, especially during the early stages of AD.

Over the last three decades, 18-FDG PET has provided important information for the diagnosis and differential diagnosis of AD in animal models and patients. Le Douce et al. (2020) found that there was a decreased glucose uptake in the amygdala, entorhinal cortex and hippocampus in 3xTg-AD transgenic mice in the early phase with 18F-FDG PET. In patients with AD, reduced glucose metabolism was also observed by 18F-FDG-PET in the temporal and superior temporal/posterior temporal regions, posterior cingulate cortex and the anterior wedge (Herholz, 2010; Kantarci et al., 2010). However, contradictory results were also found in APP/PS1 transgenic mice, indicating an increased glucose utilization in multiple brain regions at 2 and 3.5 months of age (Li et al., 2016).

Chemical exchange saturation transfer (CEST) imaging is a relatively new MR contrast technique and has been used to map exchanged protons or molecules in glucose, amide proton, glutamate or creatine in vivo. Based on a frequency-specific saturation pulse, the magnetization transfer effect occurred among bulk water and labile solute protons in the above metabolites and further lead to a decreased signal intensity of free water. By detecting the changes of the free water signal, the effect of glucose chemical exchange saturation transfer (glucoCEST) can be observed, which is related to the concentration of glucose and exchange environments, such as pH and temperature. GlucoCEST is considered a non-invasive alternative for the in vivo imaging of glucose uptake following an external administration of glucose (McMahon, 2017). Moreover, glucoCEST enhancement (GCE) imaging was achieved by subtracting the difference glucoCEST images before and after glucose administration, which is similar to dynamic contrast-enhanced (DCE) MR perfusion by the injection of gadolinium-based contrast agent. Using glucoCEST, glucose uptake in healthy mice brains (Nasrallah et al., 2013), colorectal tumor models (Walker-Samuel et al., 2013) and healthy mice livers (Miller et al., 2015) was successfully detected. In this study, we aim to explore the dynamic changes of cerebral glucose uptake in AD model rats using both glucoCEST and GCE. The possible pathological and behavioral changes in the rat brain of the AD group were detected by Nissl staining and a morris water maze to confirm the AD model. Furthermore, the correlation between glucose metabolism, diffusion characteristics and several hippocampus metabolites was investigated for the interpretation of abnormal glucose metabolism.



MATERIALS AND METHODS


Animals

A total of 12 male Sprague-Dawley (SD) rats (between 16 and 18 weeks of age and weighing 250–320 g) were purchased from the Animal Center Laboratory of our Medical College. The rats were randomly divided into the control group (n = 6) and the AD group (n = 6). All rats were housed in plastic cages at 12 h light/dark cycle with free access to food and water. All experiments were approved by our ethics committee of Animal Care and Welfare.



AD Rat Modeling

Amyloid β-Protein Fragment 25–35 (Aβ25–35; Sigma-Aldrich) was dissolved in sterile saline at a concentration of 1 mg/ml and stored at −20°C till to be used. Before injection, Aβ25–35 was aggregated in an electronic thermostat at 37°C for 4 days (D’Agostino et al., 2012; Kim et al., 2015).

With reference to the method described by previous studies (Ohta et al., 2012; Kim et al., 2015), the AD rat model was established. Briefly, rats were anesthetized with an intraperitoneal injection of pentobarbital sodium (40 mg/kg) and placed in a stereotaxic device. Following midline incision, a dental drill was used to perforate skull over the right lateral ventricle at the coordinates (0.8 mm posterior to the bregma and 1.5 mm lateral to the midline). Rats in the AD group were transfused with 9 μl of aggregated Aβ 25–35 into the right lateral ventricle using a microsyringe at a rate of 1 μl/min, and the needle was then left in place for an additional 5 min to allow adequate diffusion. Meanwhile, the rats in the control group were injected with sterile normal saline.



Estimation of Blood Glucose Concentration

On the 14th day after the intracerebroventricular injection of Aβ25–35, three rats in the AD and control groups were randomly selected to acquire the time-blood glucose concentration curves by continuous injection of D-glucose infusion according to the method described previously (Chan et al., 2012). The rats were anesthetized by 1.5% isoflurane in oxygen gas during the whole experimental procedure. D-glucose (1.5 mM) was dissolved in normal saline and was continuously injected using a microsyringe pump (JMS, Japan, model SP-500) at a rate of 2.0 ml/h. The blood glucose concentration was examined in a sample obtained from the tail vein at the following time points: before injection, 10, 20, 30, 40, and 50 minters after injection and 10 and 20 minters after the finish of glucose infusion.



Optimization Scan Parameters of GlucoCEST Imaging in Phantom

Firstly, seven centrifugal tubes containing the following different metabolites were scanned to acquire an optimized saturation power referenced with the method detailed previously (Haris et al., 2013). The metabolites in each tube included creatine (Cr, 10 mM), glutamate (glu, 10 mM), gamma-aminobutyric acid (GABA, 10 mM), choline (cho, 10 mM), high D-glucose concentration (200 mM), low D-glucose concentration (10 mM) as well as D-glucose and Cr mixture (5 mM each), respectively. Next, another six tubes containing D-glucose with different concentrations (6.25, 12.5, 25, 50, 75, and 100 mM) in pH of 7.4 were scanned to observe the CEST exchange signal affected by the concentration (Nasrallah et al., 2013). Finally, three tubes containing D-glucose (25 mM) with different pH (6.4, 7.4, and 8.4) were examined to observe the impact of pH on the glucose CEST exchange. All phantoms (Haris et al., 2012) were prepared in phosphate buffer solution (PBS) supplemented with 1% agarose solution.

Several important scan paraments of glucoCEST imaging, such as saturation power, saturation during and repetition time (TR), were optimized in phantom model with varying values: saturation power (1.5, 3.0, and 6.0 μT) in the tubes with different metabolites; saturation power (1.5, 2.0, 2.5, 3.0, 3.5, and 4.0 μT) in the phantoms with different concentration D-glucose; saturation during (4, 5, and 6 s) and TR (5, 6, 7, and 8 s), respectively (Nasrallah et al., 2013; Dai et al., 2014). In addition, the phantom model with different pH D-glucose concentrations was scanned with B1 = 1.5 μT, saturation time 5 s.



MRI Acquisition in Phantom and Animal Examination

In the phantom test, an echo-planar imaging (EPI) sequence with a continuous wave saturation pulse was used to perform glucoCEST imaging to explorer the optimized scan parameters. The acquisition parameters were set as the following: TR 5.04 s, slice thickness 2 mm, acquisition matrix 64 × 64, field of view of 40 mm × 40 mm, averages 1, pre-saturation during 5 s, the saturation offset range from –1,500 to +1,500 Hz, the step 30 Hz and reference image without the saturation offset of 10,000 Hz. A B0 and B1 map were collected to correct the possible asymmetry and variation of magnetic field.

All rats were performed MR imaging at 28 days after the intracerebroventricular injection with Aβ25–35/sterile normal saline in the AD group/control group. Before MR examination, all rats were allowed to fast for 24 h. The rats were firstly anesthetized in an induction box with 4% isoflurane in oxygen and continued to inhale the gas mixture of 1.5%/98.5% isoflurane/oxygen via a nose tube during the MRI scanning (Tang et al., 2017). The respiration rate was monitored and maintained by animal physiological monitoring and gating systems (model 1030, SAII, United States). Then, rats were fixed on an MRI matching sampler with a bite and two ear bars to prevent the head motion.

MR imaging in phantom and animal were performed on a 7.0 T animal MR scanner (7T/160/AS Agilent Technologies, United States) with a 9,563 volume transmit/receive coil. The protocol included Axial and sagittal T2-weighted, DTI, and bilateral hippocampal MR spectroscopy and glucoCEST imaging. Axial and sagittal T2W imaging was acquired to demonstrate the morphology of rats’ whole brain, and the parameters were set up as follows: TR 2,000 ms, acquisition matrix 256 × 128, field of view 40 × 40 mm, slice thickness 2 mm, slice 6, slice spacing 0.2 mm and average 2. With the reference to T2WI, the scan layer including the middle hippocampus was selected as the area of interest. Axial Diffusion Tensor Imaging (DTI) of the rat brain was obtained with the following parameters: the scanning layer is consistent with glucoCEST imaging, TR 2,000 ms, TE 39.68 ms, FOV 40 mm × 40 mm, slice thickness 4 mm, matrix 128 × 128, b 1031.0 s/mm2, and the average 8. A total of seven diffusion-weighted images with S0 and six directions were obtained (b = 1031.0 s/mm2) in a total scan time of 10 min and 41 s. Then, 1-H Magnetic Resonance Spectroscopy (MRS) was performed in the bilateral hippocampus before D-glucose infusion using a Point RESolved Spectroscopy (PRESS) pulse sequence with the following parameters: TR 4,000 ms, TE 13 ms, averages 192, and a spectral width of 4,006 KHz.

The axial glucoCEST images of the rat brain were acquired before the intraperitoneal injection of D-glucose (1.5 mM) and 10, 20, 30, and 40 min during infusion and then 10 and 20 min following the infusion. The scan parameters were: TR 6 s, slice thickness 4 mm, acquisition matrix 64 × 64, field of view of 35 × 35 mm2, average 1, saturation during of 5 s, saturation offset range from –900 to +900 Hz at intervals of 30 Hz and magnetization references at 10,000 Hz. The saturation power of 1.5 μT was used with the minimize influence of other metabolites on glucoCEST and direct water saturation effect.



Morris Water Maze

After MR examination, a Morris water maze (MWM) was used to evaluate learning and memory dysfunction. MWM experiments were carried out on the 14th and 28th day following Aβ25–35 administration as described previously (D’Agostino et al., 2012; Ohta et al., 2012). Rats were trained for 4 days (4 trails/day), and the swimming pattern was captured with a camera and a video track software (Noldus, Co., Ltd. Holland) for analysis. The latency to reach the platform was acquired using a computer-controlled tracking system. Rats were allowed 120 s to reach the platform then they were guided to the platform manually and left there for 5 s. On the fifth day, the platform was removed and a 120 s-spatial probe-trial was performed. The number crossing the platform position, the time of crossing from the target quadrant and the swimming speed of each rat were recorded.



Nissl Staining

Finally, rats were sacrificed and underwent myocardial perfusion with saline followed by 4% paraformaldehyde. The brains were removed and fixed in 4% paraformaldehyde overnight. Next, the brain tissues were dehydrated in ethanol, embedded in paraffin, subjected to coronal sectioning into 5 μm thickness and required to undergo Nissl staining (Beyotime Co., Ltd., Shanghai, China) according to the standard protocols. The Nissl staining results were observed by an uninformed examiner. Three consecutive but non-overlapping fields of vision (magnification of 40×) in the hippocampal CA1 region and cerebral parietal cortex were randomly selected from each rat brain tissue, and the neurons were counted with Image J software and showed as mean values per high-power field (HPF).



Data Analysis

All glucoCEST images were processed using a custom MATLAB (The Mathworks, Inc., Natick, MA, United States) routine. Regions of interest (ROIs) were drawn manually based on the T2-weighted images. Total brain, bilateral hippocampal and cortex were drawn as ROI to observe the abnormal GCE in AD rats. After B0 correction, Z-spectra were obtained by the ratio of the signals from different irradiation frequency offsets and the signal of water protons without saturation (S0). The magnetization transfer ratio asymmetry (MTRasym) was calculated as MTRasym (0.9 ppm) = [Ssat (−0.9 ppm) −Ssat (+0.9 ppm)]/S0. Meanwhile, the GlucoCEST enhanced (GCE) images were calculated as the subtraction of the glucoCEST image before D-glucose injection and the mean glucoCEST images of 40 min after injection and 10 min after the finishing D-glucose injection.

1-H MRS data were analyzed with LCModel software (version 6.3, LCModel company, Canada) to acquire the concentrations of metabolites, such as N-acetyl aspartate (NAA), glutamate (Glu), glutamine (Gln), creatine (Cr), taurine (Tau), myo-Inosito (mI), glutathione (GSH), NAA + N-acetylaspartylglutamate (NAAG), glycerophosphocholine + phosphocholine (GPC + PCh), Glu + Gln, and Cr + phosphocreatine (PCr). A standard deviation (SD) value of less than 20 was accepted as being indicative of more reliable data.

In diffusion imaging, a brain apparent diffusion coefficient (ADC) map and fractional anisotropy (FA) map was acquired by VnmrJ (version 4.0, Agilent Technologies, United States) and subsequently analyzed by MATLAB software to calculate the ADC and FA in the total brain.



Statistical Analysis

All data were analyzed statistically using SPSS 20.0 software (IBM, United States). Taking the small sample size in this study into consideration, outlier detection was firstly performed with a stem-and-leaf plot. Then normal distribution and homogeneity of variance were verified by a Shapiro-Wilk test and Levene’s test, respectively. If a normal distribution and variance homogeneity tests were satisfied simultaneously, the group differences were analyzed with an independent sample t-test. Otherwise, a non-parametric test was used. In MWM data, square-root transformation was used to fit normal distribution and homogeneity of variance. One-way ANOVA repeated measures were performed to detect the group differences of escape latency over 4 days. The correlation among glucose metabolism and other metabolites in bilateral hippocampal were assessed using linear regression analysis. A p < 0.05 was considered to be a statistically significant difference.




RESULTS


Optimization of Scan Parameters in Phantom

Among the different metabolites, the CEST effect of D-glucose could be better distinguished at a saturation power of 1.5 μT (Figure 1A). The overlap of CEST effects of different metabolites is more serious with the increased saturation power from 1.5 to 6 μT (Figures 1B,C).
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FIGURE 1. (A–C) Z-spectrum and MTR of the different metabolites indicating that D-glucose can be distinguished from the other metabolites at saturation energy B1 of 1.5 μT.


The increase of D-glucose concentration resulted in the broadening of the glucoCEST signal in the asymmetric spectrum curve in the range of 0.5–1.0 ppm (Figure 2A). Moreover, a shift of the peak of D-glucose asymmetric spectrum curve (from 0.5 to 1.3 ppm) was found, and the D-glucose concentration (25–100 mM) was positively associated with the glucoCEST effect (10–25%) (Figure 2A).
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FIGURE 2. (A) Z-spectrum and MTR of different concentrations of D-glucose showing the direct saturation exchange rate of D-glucose and that water protons increase with the increase of D-glucose concentration. (B) Z-spectrum and MTR of D-glucose with different PH values examining the impact of pH. It indicates that the D-glucose effect is negatively correlated with pH. (C–E) Z-spectrum and MTR investigating the optimization of the saturation energy and echo and saturation time parameters. The D-glucose CEST effect increases with the increase in saturation energy and saturation and echo times.


A negative correlation was observed between the pH and the glucoCEST exchange rate. A decreased glucoCEST asymmetry signal was observed with the increase of pH value (Figure 2B). At a pH of 7.4, the glucoCEST exchange rate was about 10%. With the increase of saturation power from 1.5 to 4.0 μT, there was a gradual rise in MTRasym (0.9 ppm), and the peak of the asymmetry curve shifted to a higher frequency (Figure 2C). Elevated MTRasym (0.9 ppm) (7.5, 9, 9.5, and 11.5%, respectively), was found with increasing repetition times (5, 6, 7, and 8 s); however, the scan time was also significantly increased (Figure 2D). Meanwhile, with an increase of the saturation duration from 4 to 6 s, MTRasym (0.9 ppm) increased from 7 to 11% (Figure 2E) with a prolonged scan time. Taken the scan time and MTRasym (0.9 ppm) into consideration, the optimal scan parameters of the glucoCEST were as follows: pH of 7.4, TR of 5.04 s, saturation power of 1.5 μT and saturation during of 5 s.



Decreased Brain GCE Signal in AD Rats

The brains glucoCEST asymmetric spectrum and Z-spectrum of all rats in the AD group and the control group were detected at 28 days after Aβ25–35 administration (Figures 3A,B). The lowest brain GCE in AD rats was observed at 40 min and after stopping the infusion particularly in the thalamic and the hippocampal regions (Figures 3C,D). Additionally, in control rat brains, the change of GCE signal showed homeostasis without a downward trend.
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FIGURE 3. The brain GCE signal of a rat in AD and control groups at 28 days after Aβ25–35 administration, respectively. (A,B) Showing Z-spectra and MTRasym of AD and control rat brains. (C,D) Showing glucoCEST and GCE images of AD and control rat brain at 28 days after Aβ25–35 administration in specific time point, respectively. (E) The mean GCE signal of the total brain, hippocampus, and parietal cortex in an AD rat and a healthy rat. (F) The corresponding bar chart to the mean GCE signal of the total brain, hippocampus and parietal cortex in AD and control rats. It indicates that the glucose uptake of the whole brain in AD rats was significantly decreased, P < 0.05; the glucose uptake of the AD rats hippocampi is reduced, but p > 0.05; the glucose uptake of the parietal cortex in AD is decreased, p < 0.05 (*p < 0.05, error bar was standard error).


Because of abnormally elevated GCE signal, one case in the AD group was excluded. Compared to the control rats (n = 6), significant decreases in the GCE signal of total brain and AD rats (n = 5) were observed at continuous injection for 40 min and at 10 min after the stop of the injection (P < 0.05; Figures 3E,F). The decreased GCE signal was also found in the bilateral parietal cortex of AD rats with significant statistical differences (P < 0.05; Figures 3E,F), but there were no significant statistical differences in the bilateral hippocampus (P > 0.05; Figures 3E,F).



Metabolite Concentrations in the Bilateral Hippocampal

One case in the control group was cut off because of the more than 20 metabolites in the SDs. Compared to the control group (n = 5), a descending trend of the concentrations from bilateral hippocampal in AD rats (n = 5) was observed in the Gln, mI, Cr + PCr, and Glu + Gln at 28 days after Aβ25–35 administration. However, there was no significant difference in the concentrations of all metabolites between the AD group and the control group (P > 0.05; Figure 4).
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FIGURE 4. MRS images analyzing the metabolite content in the hippocampi of control and AD rats at 28 days after Aβ25–35 administration (A); the white box in the rat brain is the volume of interest of MRS scanning. (B) Metabolite concentration in the hippocampus at 28 days after Aβ25–35 administration; it showed no difference was found between the two groups (all P > 0.05, error bar was standard error).




The Correlation Between mI Concentration and GCE Signal

In rats of the control group (n = 5) and the AD group (n = 5), a strong positive correlation between GCE and mI (R2 = 0.626) was found with significant statistical differences (P < 0.01) at 28 days after Aβ25–35 administration (Figure 5).
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FIGURE 5. Scatter plot of the relationship between the mean GCE signal of rat total brain and hippocampal MI concentration detected by MRS in the AD group and control group at 28 days after Aβ25–35 administration. The graph showed a positive correlation between MI concentration and GCE signal (R2 = 0.626).




Comparison of ADC and FA of Total Brain

There was no significant difference in the ADC values and FA values of the total brain between the AD and control groups (P > 0.05; Figure 6).
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FIGURE 6. Analysis of DTI imaging of rat brains in the AD group and control group at 28 days after Aβ25–35 administration. (A) ADC images and (B) FA images of the control and AD rat brains. (C) Bar chart demonstrating the corresponding ADC value of the control and AD rats. P > 0.05. (D) Bar chart representing the corresponding FA value of the control and AD rats. P > 0.05, error bar was the standard error (n = 6 per group).




Impaired Spatial Learning and Memory in AD Rats

At 14 days after Aβ25–35 administration, the escape latency was relatively longer in the AD rats than in the control group; however, the difference was not statistically significant (P > 0.05; Figure 7A). At 28 days after Aβ25–35 injection, a significantly longer latency to find a platform in the AD rats was found compared to those in the control rats (P < 0.05; Figure 7B), indicating a slower learning pattern in the AD rats. Furthermore, fewer crossing times to the platform and the time to cross the target quadrant in AD rats were observed at the 28 days following Aβ25–35 administration, and they were statistically significant (P < 0.05; Figures 7C,D,F,G), though no significant difference in the average swimming speed was found between two groups (P > 0.05; Figure 7E).
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FIGURE 7. Evaluation of the learning and memory dysfunction in rats of the control and AD groups at 14 and 28 days after Aβ25–35 administration by Morris water maze (MWM). The escape latency of control and AD rats (A,B). (C) Bar charts presenting the percentage of target quadrant crossings. (D) Bar charts presenting the number of target crossings. (E) Bar chart presenting the analysis of swimming speed among rats of the control and AD groups. (F) Tracing of the swimming pattern in the control rats. (G) Tracing of the swimming pattern of the AD rats. n = 6 per group, *P < 0.05, error bar was the standard error.




Decreased Number of Hippocampal CA1 and Parietal Nissl Body in AD Rats

Nissl staining was used to observe the neural loss and damage in the AD rat brains after 28 days of Aβ25–35 administration. Rats in the control groups showed typical Nissl staining in the hippocampus with deeper staining, regular and tighter neural arrangement and normal cytoarchitecture (Figure 8A). In the AD group, the hippocampal neurons had reduced numbers of Nissl bodies, lighter staining, irregular cell arrangement in the CA1 region with intact cell structure and blurred cell nuclei (Figure 8C). Similar observations were found in the cerebral cortex (Figures 8B,D). In the control group, Nissl bodies were observed in the cortical nerve cells with typical deep staining and normal cytoarchitecture (Figure 8B). In the AD group, the number of Nissl bodies in the cortical neurons was decreased with a shallow staining and abnormal cytoarchitecture (Figure 8D). Otherwise, compared to the control group, the numbers of neuronal cells per HPF of hippocampal CA1 and parietal cortex neurons in the AD group were decreased (P < 0.05; Figure 8E).
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FIGURE 8. Nissl staining demonstrating the decreased neurogenesis in AD rats at 28 days after Aβ25–35 administration. (A,B) Representative photomicrographs of the hippocampal CA1 region (A) and the internal pyramidal layer of parietal cortex (B) in control rats demonstrating normal neural cytoarchitecture. (C,D) Representative photomicrographs of the hippocampus CA1 region (C) and the internal pyramidal layer of the parietal cortex (D) in the AD group, demonstrating reduced numbers of neurons and neural damage. (E) Bar chart presenting the number of neurons per HPF in the internal pyramidal layer of parietal cortex and hippocampal CA1 area of AD and control group. n = 6 per group, *p < 0.05, scale bar = 100 μm.





DISCUSSION

In this study, we investigated the changes in the cerebral glucose metabolism with GlucoCEST in a rat model of AD. A significantly decreased mean GCE signal of total brain and bilateral parietal cortex of AD rats was observed after 40 min of continuous injection of D-glucose and 10 min after the stop of injection. Moreover, there is a strong positive correlation between GCE and mI in the rats of the control group (n = 5) and the AD group (n = 5), suggesting the presence of abnormal glucose metabolism in the brain of AD rats.

Different from previous animal AD studies with transgenic mice models, we chose the AD rat models for acquiring the brain glucoCEST images with high SNR. The method of AD rat modeling is based on a previous study (Lu et al., 2009), and the water maze test and pathological examination were performed to verify the abnormal behavioral and pathological changes in rats with the intracerebroventricular injection of aggregated Aβ25–35 (9 μl). The injection of 9 μl Aβ25–35 was demonstrated to cause severe neurotoxicity leading to impaired learning and memory function, the release of inflammatory mediators and impairment of neuronal cells (Lu et al., 2009). Indeed, in our study, rats in the AD group had a reduced number of neurons in the cortex and the hippocampus with altered neural architecture after Aβ25–35 injection. These results are consistent with previous studies (Maurice et al., 1996). Moreover, AD rats had significantly longer escape latency and a decreased number of crossing times compared to rats in the control group at 28 days after the injection of Aβ25–35. These results indicate that the capacity for space exploration was impaired in AD rats, and the same was true for their learning and memory abilities. Taken together, our results confirm the feasibility of single Aβ25–35 administration in inducing AD symptoms in rats (Kim et al., 2015).

D-glucose is a glucose metabolite produced by the body’s metabolism that can pass through the blood–brain barrier (Nasrallah et al., 2013). GlucoCEST is based upon the fact that each glucose molecule contains five hydroxyl groups that can be chemically exchanged with hydrogen protons in the free-water molecule (Walker-Samuel et al., 2013). Consequently, this reduces the strength of the MRI free-water signal that can reflect the content of D-glucose. Therefore, D-glucose can be used as an MRI contrast agent to increase the imaging sensitivity. Walker-Samuel et al. (2013) indicated the presence of an intracellular origin of glucoCEST using D-glucose, and Nasrallah et al. (2013) reported that most of the glucoCEST signals seen in the brain after injecting 2DG are of an intracellular origin. In this study, the GCE technique was used to detect the uptake of exogenously administered D-glucose in the brain.

Previous studies used glucoCEST to examine the glucose metabolism in tumors, and the brain sugar content was mainly examined with 18FDG–PET (Coleman et al., 2017). In the few AD relative studies using glucoCEST imaging, Wells et al. (2015) explored the glucose metabolism in AD and found that elevated CEST signal in the cortex of AD mouse, which is consistent with our results. But the quality of glucoCEST images in Wells’ study needs to be improved. In this study, an EPI sequence with a continuous-wave saturation pulse was used, and it had been proven to be able to improve the CEST contrast ratios and the quality of glucoCEST images (Sun et al., 2008). Furthermore, the important scan parameters of glucoCEST imaging, such as saturation power, saturation duration and TR were optimized in phantom to improve the quality of brain glucoCEST images.

The glucose tolerance test was performed in fasted rats in this study using intraperitoneal glucose injections. To prolong the time window of blood glucose peaks and maintain a higher concentration of glucose in the brain, we used a syringe pump to continue the small dose supplementation. In the control group, the brain GCE signal continued to rise and was consistent with the trend of blood glucose monitoring, confirming the reliability of our method. The GCE signals, however, were significantly reduced in the AD group, and these results were in accordance with the previously reported 18FDG–PET studies (Waldron et al., 2015; Coleman et al., 2017).

In glucoCEST images before D-glucose injection, we found more elevated MTRasym (0.9 ppm) signals in the total brain of AD rats than in the control group. Except for technical issues such as B0/B1, direct water saturation and MT, the CEST signal is considered related to the concentration of exchanged protons or molecules, T1 relaxation time of tissues and the exchanged environment, including pH and temperature. Although elevated glucose/Cr in the AD brain was reported (Mullins et al., 2018), the effect of other issues was not excluded. Further experiments are thus needed to confirm the elevated MTRasym (0.9 ppm) signal mainly comes from elevated glucose concentration. As for the molecular mechanism of abnormal glucose metabolism and AD, the insulin receptor substrate 2 (IRS2) and Glycogen Synthase Kinase-3 (GSK-3) may play important roles in the insulin signaling in the brain and AD processes (reviewed by Danièlle et al., 2018). We will also explore the relationship between molecular signals and glucoCEST signals in further studies.

A decreased concentration trend of the metabolites (Gln, mI, Cr + PCr, and Glu + Gln) from the bilateral hippocampus in AD rats was observed in this study. Although there were no statistical differences, we think the group differences may be observed with increased sample size. Decreased NAA/tCr and Glu/tCr ratios were also reported in previous animal studies with mice models of AD (von Kienlin et al., 2005). However, those changes were age-dependent index observed in 24-month-old animals instead of 12-month-old animals. Interestingly, an increased mI/tCr ratio was also reported in 20-month-old APP-PS1 mice (Marjanska et al., 2005) and amyloid-positive healthy elderly (Voevodskaya et al., 2016) in the cortex, though this is still a matter of controversy. We found a decreased mI in the bilateral hippocampus of an AD rat at 28 days after modeling, and it was related to GCE in this study. As a second messenger glucose isomer, mI is involved in glucose and insulin metabolism and promotes muscle glucose uptake (Chukwuma et al., 2016). We thus believe that decreased mI may mainly contribute to elevated MTRasym (0.9 ppm) signals and decreased GCE in AD rats. This is also abnormally increased in old age, and this may be as a compensation mechanism.

This study had some limitations: (1) the relatively small number of examined animals, which could impact the significance of our results; (2) the total scan time was too long, and in future studies, we need to use a more efficient method to increase brain glucose uptake; and (3) we used the Aβ25–35-induced AD rat instead of a double transgenic AD mouse model. Therefore, we will improve our experimental condition and enquire with a mouse head coil with a high channel in future studies.



CONCLUSION

In this study, we found a reduced GCE signal of glucose in the whole brain and parietal cortex of AD rats in vivo, and reduced GCE in the total brain is associated with decreased concentrations of mI in the bilateral hippocampus of AD rats and control rats. Therefore, CEST-based MRI GCE can be a potentially valuable tool to explorer the early pathogenesis and pathological mechanisms of many diseases, such as diabetes-related AD and other kinds of dementia as well as neurodegenerative diseases.
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No Evidence That Cognitive and Physical Activities Are Related to Changes in EEG Markers of Cognition in Older Adults at Risk of Dementia

Daria Laptinskaya1,2*, Olivia Caroline Küster3,4, Patrick Fissler1,3,5, Franka Thurm6,2, Christine A. F. Von Arnim3,7 and Iris-Tatjana Kolassa1,2*

1Clinical and Biological Psychology, Institute of Psychology and Education, Ulm University, Ulm, Germany

2Department of Psychology, University of Konstanz, Konstanz, Germany

3Department of Neurology, Ulm University, Ulm, Germany

4Clinic for Neurogeriatrics and Neurological Rehabilitation, University- and Rehabilitation Hospital Ulm, Ulm, Germany

5Psychiatric Services of Thurgovia, Academic Teaching Hospital of Paracelsus Medical University Salzburg, Muensterlingen, Switzerland

6Faculty of Psychology, TU Dresden, Dresden, Germany

7Division of Geriatrics, University Medical Center Göttingen, Göttingen, Germany

Edited by:
Kuangyu Shi, University of Bern, Switzerland

Reviewed by:
Calogero Edoardo Cicero, University of Catania, Italy
Siti Anom Ahmad, Putra Malaysia University, Malaysia

*Correspondence: Daria Laptinskaya, daria.laptinskaya@uni-ulm.de; daria.laptinskaya@gmail.com; Iris-Tatjana Kolassa, iris.kolassa@uni-ulm.de

Received: 27 September 2020
Accepted: 27 January 2021
Published: 19 March 2021

Citation: Laptinskaya D, Küster OC, Fissler P, Thurm F, Von Arnim CAF and Kolassa I-T (2021) No Evidence That Cognitive and Physical Activities Are Related to Changes in EEG Markers of Cognition in Older Adults at Risk of Dementia. Front. Aging Neurosci. 13:610839. doi: 10.3389/fnagi.2021.610839

An active lifestyle as well as cognitive and physical training (PT) may benefit cognition by increasing cognitive reserve, but the underlying neurobiological mechanisms of this reserve capacity are not well understood. To investigate these mechanisms of cognitive reserve, we focused on electrophysiological correlates of cognitive performance, namely on an event-related measure of auditory memory and on a measure of global coherence. Both measures have shown to be sensitive markers for cognition and might therefore be suitable to investigate potential training- and lifestyle-related changes. Here, we report on the results of an electrophysiological sub-study that correspond to previously published behavioral findings. Altogether, 65 older adults with subjective or objective cognitive impairment and aged 60–88 years were assigned to a 10-week cognitive (n = 19) or a 10-week PT (n = 21) or to a passive control group (n = 25). In addition, self-reported lifestyle was assessed at baseline. We did not find an effect of both training groups on electroencephalography (EEG) measures of auditory memory decay or global coherence (ps ≥ 0.29) and a more active lifestyle was not associated with improved global coherence (p = 0.38). Results suggest that a 10-week unimodal cognitive or PT and an active lifestyle in older adults at risk for dementia are not strongly related to improvements in electrophysiological correlates of cognition.
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INTRODUCTION

The number of people with cognitive deficits and dementia is growing due to increasing life expectancy and demographic change. Thus, the meaning of the detection of pathological cognitive decline as well as its prevention and slowing down became an increasingly important issue. For decades the assessment of cognitive decline in healthy aging and in dementia had been mainly based on neuropsychological data. However, recently surrogate biomarkers in cerebrospinal fluid and neuroimaging have evolved. In our recent studies we described two sensitive electroencephalography (EEG) markers for cognition. These are resting-state global coherence (Laptinskaya et al., 2019) and a novel mismatch negativity (MMN) index for auditory memory decay, namely ΔMMN (Laptinskaya et al., 2018).

Resting-state global coherence cognition was defined as the coherence over the whole skull at rest in the frequency range between 4 and 30 Hz. Coherence represents functional coupling between brain regions or single electrode pairs. A wide range of studies reported alterations in resting-state EEG coherence in dementia (e.g., Knott et al., 2000; Stevens et al., 2001; Adler et al., 2003). The most prominent change is attenuated coherence in the alpha and beta frequency range in fronto-parietal and the temporo-parietal coupling (see Babiloni et al., 2016 for a review). Recent studies suggest that these changes might already occur in mild cognitive impairment (MCI; Michels et al., 2017). In line with previous study results investigating frequency- or region-specific coherence, we found global coherence to be a sensitive EEG marker for global cognition (Laptinskaya et al., 2018).

The MMN is one of the most widely investigated ERP components and is elicited when a presentation that has been automatically predicted by the central nervous system is violated (Näätänen et al., 1978, 2011). In an auditory paradigm the MMN can be evoked when in a sequence of equal tones a deviant tone is presented. The MMN represents two, closely linked, processes: auditory discrimination ability and auditory memory. With increasing interstimulus interval (ISI, the distance between the standard and the deviant tone) MMN provides more information on the auditory memory trace (for a review see Bartha-Doering et al., 2015). Many previous studies have shown attenuated MMN amplitude, especially after long ISIs in dementia (Pekkonen et al., 1994; Schroeder et al., 1995; Papadaniil et al., 2016) as well as in MCI as a possible prodromal stage of dementia (Lindín et al., 2013; Ji et al., 2015; Papadaniil et al., 2016). However, no MMN marker for cognition has been established yet. This might be due to the fact that the comparability between study results is difficult because of the methodological difference, such as different deviant types and ISI lengths. To address this challenge, we built a difference score between MMNs after short and after long ISIs. The difference score (hereafter referred to as ΔMMN) takes individual differences in auditory discrimination ability as well as auditory memory into account and has been shown to reflect cognition or even the cognitive decline over a period of 5 years (Laptinskaya et al., 2018).

Beneath new diagnostic tools for cognition, intervention methods which are capable to prevent or slow down cognitive decline are of great clinical and scientific interest. Previous studies suggest that cognitive and physical activity may benefit cognition or even delay dementia (Livingston et al., 2020). Regarding the impact of physical and cognitive activity on cognition, specific training programs and an active lifestyle can be distinguished. The last one is often defined as the number of regularly performed activities. While some studies reported positive training effects on cognition (e.g., Hess et al., 2014; Lampit et al., 2014; Edwards et al., 2016; Groot et al., 2016), others failed to find beneficial effects (e.g., Williamson et al., 2009; Barnes et al., 2013). Training factors such as the combination of cognitive and physical training (PT) aspects (e.g., Fissler et al., 2013; see Gheysen et al., 2018 for a review and a recent meta-analysis), longer training periods, and variability in training tasks (cf., Fissler et al., 2013) seem to be important determinants for training success. Results regarding active lifestyle are more consistent than results on training interventions: the majority of studies reported a positive association between an active lifestyle and cognition. But the comparability between training and lifestyle studies is limited. Training effects on cognition often refer to time limited experimental designs. In contrast, lifestyle cognition studies are associative in nature and consider longer time periods. Furthermore, lifestyle cannot be experimentally manipulated. To fill this scientific gap, we systematically investigated the effects of specific training programs with lifestyle cognition associations for 10 weeks in older adults with increased risk of developing dementia (cf., Küster et al., 2016). We found that persons with a more active lifestyle showed benefits in cognitive performance post-training when compared to persons with a less active lifestyle. In contrast, neither a 10-week auditory cognitive training (CT) nor a 10-week PT showed beneficial effects on cognition. We concluded that the lifestyle might be beneficial for cognition more than the short-term training programs by higher variability in cognitive demands, enjoyment, fun, and intrinsic motivation.

Until now the biological mechanisms of positive effects of cognitive and physical activity on cognition are not well understood. Understanding the mechanisms of treatment is decisive to develop individualized treatments that specifically target brain changes that underlie cognitive symptoms. In the present study, we examine the association between lifestyle and changes in EEG markers for cognition as well as the effect of a 10-week auditory CT and a 10-week PT on the two EEG parameters. The results might give further insights into electrophysiological mechanisms which underlie the positive link between cognitive and physical activity and changes in cognition. In the long term, this knowledge could be used for individualized therapies that are based on biomarker profiles of patients with cognitive impairment. The aim of the present study was to investigate the association between lifestyle and EEG markers for cognition. Furthermore, we tested the hypothesis, whether specific training programs are suitable to enhance global cognition and ΔMMN.



MATERIALS AND METHODS


Participants

The study was approved by the ethics committees of both study centers, the University of Konstanz and Ulm University, Germany. The study was part of a controlled clinical trial investigating the effect of physical exercise and auditory CT on cognition as well as on electrophysiological and biological parameters (Küster et al., 2016, 2017; Fissler et al., 2017; Laptinskaya et al., 2018, 2019). Prior to the study, all participants provided written informed consent. Subjects were recruited in the Memory Clinic of Ulm University Hospital, Germany and the Center for Psychiatry Reichenau, Germany, or via public advertisements. The detailed description of the inclusion and exclusion criteria can be found in Küster et al. (2016). In brief, inclusion criteria were: 55 years of age or older and subjective or objective memory impairment, fluency in German language, stable anti-dementia and antidepressant medication, and independent living. Exclusion criteria were as follows: probable moderate or severe dementia [Mini Mental State Examination; MMSE (Folstein et al., 1975) < 20] and history of other neurologic or psychiatric disorders (except mild to moderate depression). Furthermore, participants with severe hearing or visual impairment, and physical impairment which could restrain the participation in the training programs were also excluded.

Out of 122 participants who were screened for eligibility, due to exclusion and drop-outs 65 subjects were included in the study (for the detailed flow of participants see Figure 1). Subsequently, the participants were assigned into one of the three groups: auditory CT (n = 19), PT (n = 21), and wait-list control (WLC; n = 25). In order to minimize differences in age, gender, education, and cognitive status (MMSE) between groups, we used a minimization approach. The investigators were blind to the subjects’ group allocation. In rare cases this was not maintained because the participants disclosed their group assignment during neuropsychological assessment. Notably, because of drop-outs, the number of evaluated training data sets varied for MMN and for coherence analysis (for drop-out reasons see Figure 1).
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FIGURE 1. Flow chart of participants within study groups. Information written in green refers to ΔMMN data and information written in blue refers to global coherence data. aPre-training, post-training, or both. bFor one subject, the global coherence data for all three time-points (pre, post, follow-up), but no cognitive data, were available.


According to classification criteria (see Supplementary Presentation 1) the participants were classified as having subjective memory impairment (SMI, n = 12), amnestic cognitive impairment (aMCI, n = 23), non-amnestic cognitive impairment (naMCI, n = 14), or probable dementia (ADp, n = 5).



Procedure

Four weeks prior to the commencement of the intervention and within a slot of one or two appointments, details of sociodemographic, cognitive and lifestyle data, as well as electrophysiological recordings were collected. Prior to the beginning of EEG recordings, individual hearing thresholds were assessed using in-house software PyTuneSounds (Hartmann, 2009). The training or the waiting period started 1–4 weeks after the pre-training test and lasted 10 weeks. Post-training tests were carried out 1–4 weeks after the end of the intervention. Potential long-term effects were examined in follow-up tests 3 months after the post assessment.



Neuropsychological Assessment

All participants completed the following assessments: the Alzheimer’s Disease Assessment Scale–cognitive subscale (ADAS; Ihl and Weyer, 1993), phonemic and semantic word fluency as well as TMT part A and B of the Consortium to Establish a Registry for Alzheimer’s Disease–plus test battery, the subtests digit span and digit-symbol coding of the Wechsler Adult Intelligence Scale (Tewes, 1991). Furthermore, an adapted German version of the California Verbal Learning Test [German: Münchner Verbaler Gedächtnistest [MVGT, Munich Vebal Memory Test); Ilmberger, 1988] was conducted. Additionally, everyday cognition in an ecologically valid task was assessed using the working-memory subtest of the Everyday Cognition Battery (ECB computation span, Allaire and Marsiske, 1999). Verbal Knowledge Test (German: Wortschatztest) was used to assess crystallized abilities.

To reduce multiple testing and thus α-inflation and in order to assess latent cognitive function scores, a principal component analysis using the oblique rotation technique was performed across all participants. Using the Kaiser criterion (Eigen values ≥ 1.0) two components were extracted. One component showed high loadings of episodic memory scores, namely MVGT encoding, MVGT long-delay recall, and ADAS-free recall. The second component showed high loadings of attention and executive function scores, i.e., TMT part A and B, digit span forward and backward, digit-symbol, phonemic and semantic fluency, and ECB computation span. All variables were z-standardized and two component scores were built, one representing memory functions and the one representing attention and executive functions. The components represent the weighted average of those z-standardized variables with loadings of at least aij = 0.40 on the respective component. Additionally, a global cognition component score was calculated as the average of the two component scores. A more detailed description of the principal component analysis can be found in Küster et al. (2016).



EEG Assessment


EEG Recording and Data Processing

The EEG was recorded using a high-density 256-channel HydroGel Geodesic Sensor Net (HCGSN; Electrical Geodesics, Inc.; Eugene, OR, United States). During data acquisition Cz served as reference and the data were sampled with 1,000 Hz. Resting state EEG as well as MMN EEG were collected in the same session after neuropsychological assessment, starting with the resting state EEG recording. During EEG recordings participants were seated comfortably in an electrically shielded room. To avoid drowsiness artifacts during resting state EEG, participants were instructed to keep their eyes open and to fixate on a chosen mark approximately at eye level on the opposite wall. Furthermore, to avoid blink and muscle artifacts, the participants were instructed to relax and to reduce blinking during both EEG recordings. There was a 5 min break between the recordings. During MMN EEG recording participants watched silent Charlie Chaplin videos while auditory stimuli were presented binaurally through stereo headphones at 50 dB above the individual hearing threshold. Since the MMN is elicited automatically without participants’ attention and it is preferable to keep attention effects low during MMN recording, participants were instructed to watch the video carefully and not to pay any attention to the sounds.

After recording the EEG, the data were imported into MATLAB (version 2015b; The MathWorks, 2015); the FieldTrip toolbox (version 20151012) was used for preprocessing.



Global EEG Coherence Analyses

Data were bandpass filtered in the range of 1-30 Hz (24 dB/octave), noisy channels were rejected, and the data were re-referenced to the average of all channels marked as good. For a better comparison between assessments, the noisy channels were compared between recordings and the same channels were used for coherence analyses for the pre-post (M = 220.65, SD = 20.76, range: 170–246) and the pre-follow-up comparison (M = 220.93, SD = 20.88, range: 170–246), respectively. Artifact-contaminated epochs were manually rejected. To avoid trial bias, 20 trials were randomly selected from clean epochs for each subject and assessment. Spectral coherence analyses were calculated as an index for functional connectivity assuming a linear coupling in brain activity. Spectral coherence analyses were applied using the bsmart implementation for MATLAB (Cui et al., 2008). As an index for global coherence, we calculated the spectral coherence for all pairs of electrodes and averaged all values for the 1–30 Hz frequency range as an index for global coherence.



ΔMMN Analyses


Procedure and paradigms

We used two different passive MMN paradigms. The paradigm order was counterbalanced between subjects. The Optimum–1 paradigm (Näätänen et al., 2004) focuses on auditory discrimination ability. Stimuli were presented with a constant SOA of 0.5 s. The Optimum–1 paradigm is suitable to detect MMN after five deviant types: duration, frequency, intensity, location, and a gap deviant. The paradigm presents 1,845 stimuli in three 5 min blocks. Every second tone was a standard tone. Thus, the probability for the standard tone was 50% and the probability for each deviant type was 10%. For the formation of a standard tone as such, a sequence of 15 standard tones was presented at the beginning at each block.

The Memory Trace paradigm (in accordance to Grau et al., 1998) uses long 3 s ISI and was developed to investigate the auditory memory trace. A total number of 462 stimuli are presented within three blocks of 6 min each. The same standard tone, duration and frequency deviant as in the Optimum–1 paradigm were used in the Memory Trace paradigm. As in the Optimum–1 paradigm 15 standard tones were presented at the beginning of each block for the standard tone formation. One to three standard tones were presented between two deviant tones. The number of standard stimuli and the ISI between standard tone (0.5, 1.5, or 3 s) were assigned pseudo randomly. The ISI between standard stimuli and deviant tone was constantly 3 s. Standard stimuli were presented with 66.2% probability and each deviant tone with a probability of 16.9%.



Detailed description of the stimuli

The standard tone was a harmonic tone of three sinusoidal partials of 500, 1,000, and 1,500 Hz with the second partial being 3 dB and the third being 6 dB lower in intensity then the first partial. The standard tone was 75 ms in duration including 5 ms rise and fall times. The duration deviant was 50 ms shorter in comparison to the standard tone. The gap deviant comprised a 7 ms silent gap (including 1 ms fall and rise times) in the middle of the tone. One half of all frequency deviants were 10% higher (partials: 550, 1,100, and 1,650 Hz) and the other half 10% lower in frequency than the standard tone (partials: 450, 900, and 1,350 Hz). Intensity deviants were 10 dB louder or lower than the standard tone (50% each). The location deviants had an interaural time difference of 800 μs to the left or to the right ear (50% each).



MMN analysis

For both paradigms the EEG data were bandpass filtered in the range of 1–35 Hz (24 dB/octave) and noisy channels were interpolated using the average method. Artifact-contaminated epochs were manually rejected. Finally, the data were re-referenced to the linked mastoids. As the largest MMN is often assessed at fronto-central EEG electrodes, and the averaging of electrodes with similar activity has been demonstrated to show more reliable results than the measure of single separate electrodes (Huffmeijer et al., 2014), the average voltage at FCz, Fz, and Cz was computed as mean MMN amplitude for all further analyses.

The number of averaged trials can influence the signal-to-noise ratio. Thus, to avoid these confounding effects, main analyses were repeated by building the ΔMMN from 50 randomly selected artifact-free trials for each assessment and each subject.



Calculation of ΔMMN

The difference score ΔMMN was defined by subtracting MMN after long ISI from MMN after short ISI, with higher values indicating less automatic auditory memory decay (cf., Laptinskaya et al., 2018). Thus, for the calculation of ΔMMN the MMN in both Optimum–1 and Memory Trace paradigms needed to be available. Since no MMN was observed after the frequency deviant in the Memory Trace paradigm in a previous study (Laptinskaya et al., 2018), we restricted the ΔMMN analyses to the duration deviant. The dataset of one person was excluded from analyses, as no Optimum–1 data were available.



Assessment of Lifestyle

For the assessment of lifestyle we used the Community Healthy Activities Model Program for Seniors (CHAMPS) Physical Activity Questionnaire for Older Adults (Stewart et al., 2001). The questionnaire describes 40 daily life activities, each assigned to a cognitively challenging (e.g., solving crossword puzzles, reading), physical (e.g., swimming, running), or social domain (e.g., meeting friends and family, calls with friends and family). Each activity was rated by three of the authors (PF, OCK, DL) on a five-point rating scale from 1 (no demands) to 5 (high demands). Activities with a rating score above three points were categorized to the respective domain (see Supplementary Table 1). Cronbach’s α for authors’ ratings was very good: αCronbach = 0.92 for physical domain, αCronbach = 0.86 for cognitive domain, and αCronbach = 0.95 for social domain. The categorization was validated by ratings of 39 independent healthy older adults (MMSE ≥ 26, aged 64–90). The comparison between authors’ and seniors’ ratings revealed very high correlations for all domains: r = 0.87 for physical domain, r = 0.89 for cognitive domain, and r = 0.84 for social domain. If the chosen categories differed between authors and seniors the classification was adapted to the seniors’ opinion. Finally, the cognitive domain comprised 14 activities, the physical domain 17 activities, and the social domain 13 activities. Twelve activities could not be assigned to any domain because of an overall loading under three points.

Study participants were asked which typical activities they perform within a 4-week span. For each domain the number of performed activities was divided by the number of potential activities in this domain. Subsequently, the domain values were averaged and the final average value was regarded as the index for lifestyle activity.



Training Interventions


Auditory Cognitive Training

As CT we employed the German adapted version of the Brain Fitness software provided by the Posit Science Corporation (San Francisco, CA; for more detailed training tasks description see Küster et al., 2016). It consists of six tasks which target working memory and auditory processing. Each exercise lasted approximately 15 min. One training session included four out of six training tasks and took 1 h in duration. The training difficulty was automatically adapted according to the participant’s task performance. Participants were asked to perform the 1-h session once a day, 5 days per week for a period of 10 weeks. Thus, the participants completed 50 training hours in total.



Physical Training

The PT was carried out in groups consisting of 5-10 participants and involved aerobic, strength, flexibility, coordination, and balance elements. The training was based on a training program that has shown positive effects in nursing home residents (Thurm et al., 2011). Each group met twice a week for a 1-h session over a period of 10 weeks. The difficulty of the training was adapted by two instructors. Furthermore, the participants completed three fixed homework sessions per week of about 20 min each with the same exercise elements as the main training. Homework sessions were documented and regularly checked by the instructors. Thus, in total the participants completed 20 training hours in the group setting and 10 training hours at home.



Wait-List Control Group

Participants in the WLC were asked to continue their daily routine as usual. After study participation, we offered them the participation in one of the training programs.



Statistical Analyses


General Procedure and Descriptive Statistics

All statistical analyses were carried out with R (version 3.2.3; R Core Team, 2016) in RStudio (RStudio Team, 2015). In group comparisons, all model residuals were normally distributed according to the Shapiro-Wilk normality test; therefore, parametric tests were applied. Baseline group differences in continuous variables (demographics and outcome measures) were evaluated with univariate analysis of variance (ANOVA) models with intervention group (CT, PT, and WCT) as between group factor. Differences in gender distribution were analyzed with Pearson’s Chi-square (χ2)-test. Normal distribution of all models’ residuals was confirmed using the Shapiro-Wilk test (W statistic) and visual inspection (Q–Q plots). The statistical significance level (α) was set to 0.05 for all analyses.



Cognitive Progression of the Sample

These analyses were performed in accordance to Küster et al. (2016, p. 6, 8) and are repeated here to show the cognitive progression for the sample. The overall cognitive change was demonstrated for the cognitive component scores as well as for single test values. For this purpose, comparisons between post- and pre-training were performed. To adjust for possible retest effects, we calculated z-values based on baseline assessment for pre- and for post-training, respectively. Subsequently, the standardized post-value was subtracted from the pre-value and 95% confidence intervals were calculated. Finally, Group (CT vs. WLC and PT vs. WLC) × Time (pre vs. post) as well as Lifestyle (continuous) × Time interactions were performed for each cognitive outcome to test for possible differences in cognitive progression in dependence on group allocation or lifestyle. Training effects on cognitive progression were indicated by a significant Group × Time interaction, while positive associations between lifestyle and cognitive change were indicated by a significant Lifestyle × Time interaction.



Lifestyle Global Coherence Association and Training Effects on Global Coherence

We evaluated the association between active lifestyle and change in global coherence as well as training effects on global coherence by employing linear mixed-effects models using the nlme package 3.1.119 (Pinheiro et al., 2011). The model included Group (CT vs. WLC and PT vs. WLC) × Time (pre vs. post) as well as Lifestyle (continuous) × Time interactions as fixed effects in the same model, and Subject as random intercept with Global coherence as dependent variable. Significant Group × Time interactions reflected a training effect on global coherence, and significant Lifestyle × Time interactions demonstrated an association between lifestyle and global coherence. Hedges’ g was calculated by comparing the difference scores in the auditory cognitive or PT group and the control group, respectively. As secondary analyses, t-tests were carried out for pre-post comparison in global cognition for each group separately.

Nowadays, the most prominent coherence chance has been reported for the fronto-temporal and fronto-parietal area. Thus, as supplemental analyses, the same linear mixed-effects model was used to assess training-induced effects and lifestyle-associated changes in fronto-temporal and fronto-parietal coherence.



Training Effect on ΔMMN

As for global coherence, to explore training effects on ΔMMN, a linear mixed-effects model was modeled. It was restricted to Group (CT vs. WLC and PT vs. WLC) × Time (pre vs. post) as fixed effect with ΔMMN as dependent variable because we focused on the effect of auditory CT on ΔMMN and did not expect a positive effect of PT or a positive association between lifestyle and ΔMMN Significant lifestyle associations for the period of 10 weeks were revealed by a significant Lifestyle × Time interaction, while training effects on EEG indices were indicated by a significant Group × Time interaction. Hedges’ g was calculated to show effect sizes for the training programs. Therefore, the z-standardized difference score between pre- and post-training was built for the two interventions as well as for the control group. Hedges’ g was calculated by comparing the difference scores in the auditory cognitive or PT group and the control group, respectively. Positive effects indicate beneficial effects of the intervention.

The main analysis was repeated with ΔMMN calculated from constant 50 trials (for rare exceptions see Supplementary Presentation 1) for each subject.

Again, as secondary analyses, t-tests for paired samples were performed for pre-post comparisons in ΔMMN within each group.



Follow-up-Assessment

In a final step, all linear mixed-effects models were repeated, including the follow-up analysis as a third time point in the model (pre vs. post and pre vs. follow-up) to account for possible long-lasting training effects.



RESULTS


Mismatch Negativity Analysis

The number of trials was left for averaging in the Optimum–1 paradigm as well as in the Memory Trace paradigm can be found in the Supplementary Material.



Group Comparisons at Baseline

At baseline, the three study groups (CT, PT, and WLC) did not differ in demographic variables, cognitive data, lifestyle data, and in EEG parameter (see Table 1).


TABLE 1. Baseline characteristics and group comparisons for and between study groups.
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Cognitive Progression of the Sample

As already shown by Küster et al. (2016, p. 8), no positive training effects on cognition were found neither for the auditory cognitive nor for the PT program, ps ≥ 0.08 (see Table 2). In turn, participants who reported a more active lifestyle had a significantly better progression in global cognition and in memory functions over a period of 10 weeks in comparison to their less active counterparts, ps < 0.01 (see Table 2).


TABLE 2. Cognitive changes and group effects on cognition as well as lifestyle cognition associations over time (cf. Küster et al., 2016, p. 8).
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Lifestyle Global Coherence Association and Training Effects on Global Coherence

The mixed-effects model comprising Group × Time and Lifestyle × Time as fixed effects and Subject as random intercept with Global coherence as dependent variable revealed no significant associations between lifestyle and global coherence changes over a period of 10 weeks, F(1,43) = 0.78, p = 0.38 (see Figure 2). The same model revealed no significant training effects on global coherence, F(2,43) = 1.13, p = 0.33 (see Figure 3). Likewise, in comparison to the control group the Hedges’ g was negative for the cognitive, Hedges’ g = −0.40, 95% CI [−1.14, 0.33], p = 0.29, as well as for the PT, Hedges’ g = −0.32, 95% CI [−1.01, 0.37], p = 0.34. The secondary analyses did not show a significant change in global coherence over time within groups (see Table 3). The supplemental analysis with ΔMMN calculated from a constant number of 50 trials did no change the main results. The analyses regarding the fronto-parietal and fronto-tempotal area did not reveal significant training-induced effects and lifestyle-associated changes in coherence (see Supplementary Table 2).
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FIGURE 2. Association between active lifestyle and global coherence. Statistic values refer to the Lifestyle × Time interaction in the Lifestyle × Time + Group × Time linear mixed-effects model. Arrow bars indicate standard errors.
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FIGURE 3. Training effects on global coherence as well as ΔMMN. Statistic values refer to the Group × Time interaction in the Lifestyle × Time + Group × Time linear mixed-effects model. Arrow bars indicate standard errors.



TABLE 3. Electroencephalography raw data comparisons between pre- and post-training.
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Training Effect on ΔMMN

Also, for ΔMMN no significant auditory CT effect was found, F(2,39) = 0.10, p = 0.90 (see Figure 3). In comparison to the control group the auditory CT did not show beneficial impact on ΔMMN, Hedges’ g = 0.14, 95% CI [-0.67, 0.95], p = 0.79. The 50 trials’ analyses for ΔMMN did not change the results. The t-test as secondary analysis did not reveal a significant pre-post change for ΔMMN (see Table 3).

Also, the t-test analyses did not reveal significant alterations in global coherence and ΔMMN within the 10-week period in any of the groups (see Table 3).



Follow-Up-Assessment

No significant relationships between lifestyle and change in global coherence as well as significant training effects were found after including the follow-up assessment into the model.



DISCUSSION

This study aimed at investigating the association between an active lifestyle and changes in global coherence in a sample at-risk for developing dementia. Furthermore, we examined the effects of a cognitive and a PT program on global coherence and the effects of auditory CT on ΔMMN-Dur as an index for automatic auditory memory decay.


Lifestyle Association With Global Coherence

We did not find an association between self-reported lifestyle and changes in global coherence during a period of 10 weeks in older adults at risk for developing dementia. Thus, there is no evidence that global coherence is an underlying mechanism of lifestyle-related cognitive benefits, which were previously reported by several studies including our working group. This finding is not in line with studies reporting positive effects of an enriched environment on neuronal plasticity in animals (e.g., Fabel and Kempermann, 2008; for a review see Kramer et al., 2004), as changes in functional connectivity have been attributed to neuronal structural and functional changes. Notably, the majority of studies investigating the effects of an enriched environment on neuroplasticity reported positive effects for separate areas, while in the present study global changes in functional connectivity were considered. Thus, a possible explanation for the discrepancy in results might be the fact that lifestyle-dependent functional neuroplasticity takes place in individual brain regions or in separate frequency bands and is not reflected by a global coherence score. Finally, the observation period of 10 weeks might have been too short to show significant effects.



Training Effects on Global Coherence

Contrary to previous results reporting positive training effects on functional connectivity (Voss et al., 2010; Anguera et al., 2013; Klados et al., 2016; Zilidou et al., 2018), we did not find any effects of cognitive or PT interventions on global coherence. So far, only few studies investigated training impacts on functional connectivity. Even if the aforementioned results by previous studies are promising, several methodological differences in investigation tool (functional magnetic resonance imaging, EEG), study sample (healthy adults, cognitively impaired adults), regions of interest (separate regions vs. global connectivity), and training programs make the comparison of study results difficult.

One important factor might be the duration of training. In a functional magnetic resonance imaging study Voss et al. (2010) investigated the effect of aerobic walking training on the default mode network in healthy older adults. Interestingly, the authors reported enhanced coherence in several regions of the default mode network only after a 12-month training period, while the effects were not significant after 6 months. Stronger DMN connectivity was associated with better executive control after training. Consequently, the training period in the present study might have been too short to tap functional neuroplasticity.

In recent years, there is a growing interest in combined training interventions (e.g., Fissler et al., 2013; Herold et al., 2018). Styliadis et al. (2015) found positive effects on MMSE scores only for the combination of an 8-week physical and auditory CT and not for interventions of physical or auditory CT alone. Furthermore, the cognitive improvement was associated with an elevated power in delta and theta band activity which has been shown to be positively associated with neurodegeneration (e.g., Stevens et al., 2001; Adler et al., 2003; Babiloni et al., 2009). Using low resolution brain electromagnetic tomography, Klados et al. (2016) examined the same combined training program used by Styliadis et al. (2015) on EEG coherence and found a widespread training induced elevated beta band coherence. The authors referred training-induced elevation in beta band activity to enhanced neuroplasticity (Styliadis et al., 2015; Klados et al., 2016). Enhanced functional connectivity as a result of neuroplasticity has also been supported by other authors (e.g., Frantzidis et al., 2014; Zilidou et al., 2018). Oswald et al. (2006) offer an explanation for the effectiveness of the combination of physical and auditory CT and conjectured that physical activity drives neuroplasticity induced by cognitively demanding activities through improved metabolic processes. Therefore, the combination of both of the training programs used in the present study might have yielded significant effects, especially because Styliadis et al. (2015) and Klados et al. (2016) used the adapted Greek version of the same auditory CT program that was applied in the present study. Furthermore, similarly to the results for lifestyle, it is also possible that particular brain networks, such as the DMN, and separate frequency bands, such as the beta band, are more sensible to training effects than the global scores (cf., Klados et al., 2016).



Training Effects on ΔMMN-Dur

In contrast to our hypothesis, we did not find significant auditory CT effects on ΔMMN-Dur. We based our expectation on previous results reporting positive associations between MMN as an index for automatic discrimination ability and the persons’ ability to discriminate changes between sounds or sound sequences. For instance, musicians, who are more capable to discriminate tones in comparison to non-musicians, also showed a larger MMN; their automatically elicited MMN-amplitude was associated with better discrimination performance. Furthermore, an enhanced MMN has been shown to be associated with linguistic skills in young subjects (Tremblay et al., 1997; Kujala et al., 2001; Cheour et al., 2002). It has to be noted that learning a new instrument or a new language might be more intrinsically motivating as exercising an auditory training program. Furthermore, studies on musicians focused on long lasting exercise periods; therefore the comparison to the present 10-week training period is limited. As for the MMN as a marker for linguistic skills, the corresponding studies have been conducted with children or very young adults. Even if the human brain has been shown to stay neuroplastic up to old age (e.g., Gutchess, 2014), neuroplasticity becomes more difficult in advanced age due to age-associated neuronal changes, for example, the neuronal atrophy or hemispheric asymmetry reduction (Oberman and Pascual-Leone, 2013).

While, to our best knowledge, no study exists that investigated the effects of auditory CT on MMN in the field of cognitive aging, more research exists for subjects with schizophrenia or schizophrenia-spectrum illnesses. Persons with schizophrenia-spectrum illnesses show pronounced cognitive deficits. Similar to AD, cognitive deficits in schizophrenia have been shown to be associated with a decreased MMN (e.g., Hermens et al., 2010) and furthermore with functional disability (e.g., Hamilton et al., 2018). Recent studies examined whether auditory training might improve cognition in subjects with schizophrenia and whether the positive changes are accompanied by an improved MMN. In line with the missing training-induced results in the present study, the authors did not find any positive training effects on MMN using the adapted version of the same training as applied in the present study (Kärgel et al., 2016; Biagianti et al., 2017). Some authors even report an attenuated MMN after auditory training in schizophrenia patients (Perez et al., 2017).

These results indicate that some other factors than the auditory training per se might be responsible for the intervention’s success. In this context, Chandrasekaran and Kraus (2010) noted that we learn best about things that we care about, thus the intrinsic motivation, enjoyment, and fun of the training might be of high relevance (cf. also, Küster et al., 2016). These factors might be higher for learning a new instrument or language than for a computer-based relative monotonous training program. Furthermore, the training duration in the aforementioned studies ranged between a single 1-h session (Perez et al., 2017), 2-week training period (Kärgel et al., 2016), 8-week training period (Biagianti et al., 2017), and 10 weeks of training intervention in the present study. Thus, besides the training’s contents and motivational aspects, the missing effect of training in the present study might be explained by the training’s duration.



STRENGTHS AND LIMITATIONS

Since global coherence is a global marker measured over the whole skull, it is more reliable as the measure of EEG coherence for separate pairs of electrodes. ΔMMN-Dur as a difference score between MMN for long and for short interstimulus interval is a novel EEG marker which takes different auditory processing aspects into account, such as auditory discrimination ability as well as the automatic auditory memory trace (Näätänen et al., 2012) and is correlated with cognitive performance (Laptinskaya et al., 2018).

Also, the following limitations have to be considered: in our previous research we found a positive lifestyle cognition association but no positive training effects on behavioral measures of cognition. Thus, training-induced electrophysiological changes might be difficult to detect. However, other authors reported positive training effects despite the missing of significant benefits in neuropsychological testing (cf., Miró-Padilla et al., 2020). Random allocation is the best method to prevent selection bias. Due to logistic issues, a randomized allocation to the groups was not feasible. Thus, we chose the minimization approach in order to control for bias regarding age, gender, education, and cognitive status reflected by MMSE. Although, selection bias cannot be excluded, we assume that it was unlikely: there were no differences in sociodemographic data, cognition, or EEG parameters between groups. Finally, the small sample size might be a further limitation.

In the coherence analyses as a measure for functional connectivity, the interactions between brain regions are considered as linear connections, although there are indications that at least some of the interactions between brain regions may have a non-linear component (Rombouts et al., 1995). An often-used non-linear measure for functional connectivity is the synchronization likelihood (SL). In a magnetoencephalography study, Gómez et al. (2009) compared the accuracy of coherence as well as SL to discriminate healthy older adults without cognitive deficits from subjects with MCI. Interestingly, the authors reported a better accuracy for the linear coherence measure. Thus, we assume that coherence analysis is a suitable method to investigate functional connectivity in the present sample at-risk for developing AD.



CONCLUSION

In the light of the results of the present study as well as the review of the previous literature, we conclude that training interventions focusing on only one training aspect are not very powerful to generate positive effects on global EEG coherence. Instead, multimodal interventions taking physical and cognitive as well as motivational and emotional aspects into account seem to be more promising. Notably, this sort of intervention is very similar to an active lifestyle, which has been shown to be related to positive cognitive change.

Since, the auditory training did not reveal positive effects on ΔMMN-Dur as an index for automatic auditory memory decay, we suggest that other training parameters such as longer training periods and more intrinsically motivating as well as joyful approaches might be more suitable to tap the automatic auditory memory trace in EEG.
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Alzheimer's Disease (AD), the leading cause of senile dementia, is a progressive neurodegenerative disorder affecting millions of people worldwide and exerting tremendous socioeconomic burden on all societies. Although definitive diagnosis of AD is often made in the presence of clinical manifestations in late stages, it is now universally believed that AD is a continuum of disease commencing from the preclinical stage with typical neuropathological alterations appearing decades prior to its first symptom, to the prodromal stage with slight symptoms of amnesia (amnestic mild cognitive impairment, aMCI), and then to the terminal stage with extensive loss of basic cognitive functions, i.e., AD-dementia. Positron emission tomography (PET) radiotracers have been developed in a search to meet the increasing clinical need of early detection and treatment monitoring for AD, with reference to the pathophysiological targets in Alzheimer's brain. These include the pathological aggregations of misfolded proteins such as β-amyloid (Aβ) plagues and neurofibrillary tangles (NFTs), impaired neurotransmitter system, neuroinflammation, as well as deficient synaptic vesicles and glucose utilization. In this article we survey the various PET radiotracers available for AD imaging and discuss their clinical applications especially in terms of early detection and cognitive relevance.
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INTRODUCTION

Alzheimer's Disease (AD), the leading cause of senile dementia, is a progressive neurodegenerative disorder affecting millions of people worldwide and exerting tremendous socioeconomic burden on all societies (Goedert and Spillantini, 2006; Querfurth and LaFerla, 2010). AD is neuropathologically characterized by deposition of senile plaques and neurofibrillary tangles in the brain tissue. Excessive aggregation of misfolded β-amyloid (Aβ) and hyperphosphorylated tau proteins leads to cytotoxicity and disruption of cytoarchitecture, and subsequent neuronal death and brain function decline. Neuroinflammation activation, cholinergic deficit, impaired glucose utilization and synaptic dysfunction are also outstanding characteristics of AD. Functional neuroimaging using positron emission tomography (PET) is able to reveal these in vivo pathological/pathophysiological alterations. With increasing viewpoint of AD as a continuum from asymptomatic preclinical stage, to prodromal stage with mild cognitive impairment (MCI), and finally to the advanced stage of dementia, integrated early diagnostic and differentiation paradigms with the help of PET imaging has been well-acknowledged in multiple diagnostic criteria (Dubois et al., 2007, 2014; Jack et al., 2011). In this review article, we describe the various PET radiotracers available for AD imaging and discuss their clinical applications especially in terms of early detection and cognitive relevance. Literature evidence on the predictive ability of PET imaging with various PET tracers for prodromal stage conversion and monitoring of disease progression will also be reviewed. Finally, comments on emerging biomarkers and their prospects in early detection of AD will be provided.



PET TRACERS FOR IMAGING Aβ


Overview

The disturbance of homeostasis between the accumulation of neurotoxic Aβ peptides and its clearance in the brain is believed to be the core event in AD etiology (Hardy and Allsop, 1991; Hardy and Higgins, 1992). The Aβ peptides are derived from the breakdown of amyloid precursor protein (APP) through cleavage by β- and γ-secretase. The soluble oligomers, believed to be the perpetrator of cytotoxicity, are aggregated by longer species of the Aβ peptides such as Aβ40 and Aβ42 released into the extracellular space. The accumulation of Aβ peptides, from neurotoxic oligomers to further aggregated insoluble β-sheet fibrils and dense fibrillary plaques, is believed to underlie subsequent neurofibrillary tangle formation and neuronal loss, which precede the onset of clinical symptoms by more than 10–15 years (Hardy and Gwinn-Hardy, 1998; Hardy et al., 1998). However, confirmation of AD neuropathology has long relied on immunohistochemical staining of Aβ aggregates in postmortem autopsy tissues. Since the early 2000s, the availability of antemortem in vivo PET imaging with Aβ radiotracers has greatly advanced our knowledge on the time course and correlation of Aβ aggregation, AD progression, and cognitive decline, and revolutionized AD diagnosis.



Tracer Development

The search for Aβ imaging tracers dated back to the mid-1990s, culminated in the first in vivo imaging of Aβ in an AD patient in 2002 with the 11C-labeled Pittsburgh compound B ([11C]PIB, Figure 1), which is derived from the Aβ staining agent thioflavin-T (Klunk et al., 2004). [11C]PIB has a relative high selectivity for Aβ of all forms from soluble oligomers to insoluble fibrils and plaques over other pathologic proteins such as tau and α-synuclein. Both visual inspection and quantitative analysis demonstrated higher cortical retention in AD patients than in cognitively intact subjects, especially in the orbitofrontal cortex, inferior parietal cortex, posterior cingulate cortex and precuneus, which resembled the pattern found in immunohistochemical studies (Rowe and Villemagne, 2011). To date, [11C]PIB is still the best and most widely used Aβ PET tracer and regarded as the gold standard.


[image: Figure 1]
FIGURE 1. Structures of representative PET radiotracers for Aβ imaging.


The short radioactive half-life of ~20 min for the carbon-11 nuclide limits the use of [11C]PIB to institutions with on-site cyclotrons, thus inspiring the development of 18F-labeled Aβ radiotracers. Three of such tracers with favorable binding and imaging properties, [18F]florbetapir ([18F]AV-45), [18F]florbetaben ([18F]AV-1, [18F]BAY-94-9172), and [18F]flutemetamol ([18F]GE-067) (Figure 1), have since been approved by the United States Food and Drug Administration (FDA) for clinical diagnosis and differential diagnosis of AD (Barthel et al., 2011; Lister-James et al., 2011; Curtis et al., 2015). [18F]NAV4694 ([18F]AZD4694), another promising 18F-labeled tracer with rapid pharmacokinetics and lower non-specific binding in the cerebral white matter, is now in clinical trials (Cselenyi et al., 2012; Therriault et al., 2021). These tracers, with longer radioactive half-life of ~110 min, are suitable for long-distance distribution and thus can be more widely used in the clinics. They are presumed to yield less noisier images and therefore more precise quantitation of minute cerebral Aβ accumulation in the early stage of the disease, due to more abundant radioactivity counts in the later period of scan. Notably, imaging protocols provided for each tracer are quite different from one another in terms of scanning window as well as visual interpretation and quantitative analysis of the images (Mallik et al., 2017).



Imaging Research Findings and Clinical Relevance

In general, cortical Aβ retention detected by PET imaging is in good correlation with immunohistochemical staining of amyloid plagues at autopsy or biopsy brain samples (Clark et al., 2012; Rinne et al., 2012; Curtis et al., 2015; Sabri et al., 2015a). This qualifies the application of Aβ PET imaging as a non-invasive tool for in vivo detection of cortical Aβ deposition in the living brain. In the clinical daily-routine context, Aβ PET imaging provides plenty valuable information for the purpose of differential diagnosis between AD dementia and dementia disorders associated with non-Aβ pathologies such as frontotemporal lobe dementia (FTLD), which is sometimes indistinguishable from AD by neuropsychological assessments and conventional structural imaging modalities only (Rowe et al., 2008).

On the other hand, it has been emphasized that an amyloid-positive PET merely reflects the existence of amyloid neuropathology in vivo and does not necessarily guarantee a diagnosis of AD, concerning the fact that many otherwise cognitively normal subjects (even young healthy volunteers) have been found to be amyloid-positive judging from PET results, and that cognitive decline is more likely due to factors other than amyloid pathology in dementia with Lewy bodies (DLB) or in some co-morbid situations (Johnson et al., 2007; Ossenkoppele et al., 2015; Petrou et al., 2015). It has also been debated whether a negative amyloid scan could exclude the possibility of AD (Jack et al., 2016), since evidence of neurodegeneration in the absence of amyloid pathology challenges the proposed AD progression scheme (Sperling et al., 2011).

The ability of PET imaging with Aβ tracers to predict conversion from MCI due to AD, the prodromal stage of the disease defined by different diagnostic guidelines (McKhann et al., 2011; Dubois et al., 2014), to AD dementia has also been extensively investigated. Roughly 70% of amyloid-positive MCI patients converts to AD dementia within 3 years (Okello et al., 2009a). As compared to [18F]FDG PET, amyloid PET has higher sensitivity but relatively lower specificity (Teipel et al., 2015), which is consistent with the finding that amyloid accumulation commences at least a decade before the worsening of synaptic activity and brain function to a clinically significant level where amyloid deposition reaches a plateau (Jack and Holtzman, 2013; Jack et al., 2013a). Correlation of Aβ retention to cognitive performance has been shown to be greater in MCI and cognitively intact subjects than in AD dementia patients (Pike et al., 2007, 2011; Villemagne et al., 2008), which could also be explained by the hypothesized plateau model. Therefore, it is not surprising that regional hypometabolism and amyloid deposition in the temporoparietal regions are closely associated with each other whereas those in the frontal lobe, a region affected only in advanced AD, are not (Edison et al., 2007; Cohen et al., 2009).

The significance of Aβ PET in subjects without objective evidence of cognitive decline is emerging most recently. Large-scale comprehensive studies have shown that Aβ positivity is linked to high progression risk in subjective cognitive decline (SCD) and is associated with age and family history other than sex, education, marital or retirement status and self-reported lifestyle factors (Papp et al., 2020; Sperling et al., 2020). Longitudinal follow-up studies suggest that the duration of Aβ existence might be more important than age or binary result in affecting both deteriorating rate and the final status of cognition through elevated entorhinal tau burden (Hanseeuw et al., 2019; Koscik et al., 2020). Even if Aβ burden detected by PET is below threshold, its value is still positively correlated to the subject's future risk of cognitive decline (Guo et al., 2020).



The Centiloid Scaling Project

As the utilization of amyloid PET in clinical trials and research expands and multiple tracers are available for such imaging applications, the urgent need for inter-tracer standardization and for multi-center collaboration and longitudinal comparison drove the launch of the centiloid scaling project (Klunk et al., 2015). According to the concept of the project, one institute can follow a multi-step regime to create a scaling from 0 (young healthy controls) to 100 (typical AD patients) using its own amyloid PET data (Rowe et al., 2016). In this way a universal cutoff value could then be directly or indirectly applied in multi-center imaging and/or longitudinal studies to allow for inter-site/inter-tracer comparisons. The study group of the centiloid project has now made progress in the derivation and verification of converting formula, enabling the translation of non-[11C]PIB Aβ PET semi-quantitative values to standardized [11C]PIB counterparts (Rowe et al., 2017; Battle et al., 2018; Bourgeat et al., 2018; Navitsky et al., 2018). The authenticity of the centiloid approach has been confirmed neuropathologically (Amadoru et al., 2020).



Discussion

The amyloid cascade theory has been the predominant theory of AD etiology and drove the development of anti-Aβ therapeutics in the last 3 decades. The availability of Aβ PET imaging tracers and its applications in AD imaging have indicated that amyloid pathology may be a high risk factor for future cognitive decline. However, increasing evidence also indicates that cortical amyloid is not specific for the presence of cognitive symptoms, thus affecting the positive predictive value of Aβ PET imaging. Among populations without dementia, the prevalence of cerebral amyloid pathology as determined by Aβ PET imaging or cerebral spinal fluid (CSF) Aβ measurement is associated with age (Jansen et al., 2015), e.g., 33% of healthy elderly individuals have significant levels of Aβ deposition without apparent clinical symptoms (Rowe et al., 2010). Therefore, Aβ deposition alone cannot explain AD pathogenesis and progression. Repeated failures of clinical trials for many anti-Aβ drug candidates have dampened the hope for their efficacy as disease-modifying therapeutics. Nonetheless, it should be kept in mind that Aβ PET imaging will still remain the gold standard to investigate disease mechanisms as it provides information regarding the topography of Aβ lesions. Although there have been no successful anti-Aβ drugs up to date, Aβ PET imaging has provided useful outcome measures for anti-Aβ therapeutics in clinical trials (Salloway et al., 2014; Honig et al., 2018; Wessels et al., 2020).




PET TRACERS FOR IMAGING TAU TANGLES


Overview

In addition to the β-amyloid peptides, microtubule-associated protein tau (MAPT), or simply tau protein, together with its misfolded products, has been more thoroughly studied in recent years to explore its relationship with AD. Similar to the case of senile plaques formed by Aβ, the formation of neurofibrillary tangles (NFTs) by paired helical filaments (PHFs) is also a neuropathological hallmark of AD (Braak and Braak, 1997). PHFs are aggregated by misfolded hyperphosphorylated tau protein whose binding affinity with the microtubules is weakened, causing neuronal cytoarchitecture breakdown and dysfunction (Hoover et al., 2010; Spillantini and Goedert, 2013).

With the repeated failures of anti-Aβ therapeutics in large scale clinical trials, the focus was shifted from Aβ to tau on the development of AD therapeutics and imaging agents (Giacobini and Gold, 2013). However imaging tau in vivo is more challenging than imaging Aβ. Tau protein has six unique isoforms characterized by the number of repeats of its microtubular binding domains, and multiple secondary/tertiary structures differentiated by the shape of the filaments (Spillantini and Goedert, 2013). In addition to its much lower abundance compared to Aβ peptides in the brain, MAPT's intraneuronal property demands the qualified tracer to cross neuron cell membrane in addition to the blood brain barrier. These factors collectively hamper the screening and identification of sensitive and specific compounds. Nevertheless, substantial progress has been made in overcoming these inherent obstacles, and preliminary studies have shown encouraging results worthy of the efforts (Hall et al., 2017; Leuzy et al., 2019).



Tracer Development

PET imaging of fibrillary tau traced back to about the same time for amyloid, with [18F]FDDNP arguably as the earliest tracer (Agdeppa et al., 2001). Indeed, this tracer labels both amyloid plaques and fibrillary tau tangles in vivo, but this property is also its biggest disadvantage, as it has comparable affinity for both amyloid and tau proteins, i.e., a lack of selectivity for either target. The first selective tau tracer [18F]THK523 was developed by Tohoku University of Japan in 2005 (Okamura et al., 2005). Later structural modifications led to the development of other tracers in the THK family: [18F]THK5105, [18F]THK5117, [18F]THK5317, and [18F]THK5351, with improved binding and in vivo pharmacokinetic properties (Okamura et al., 2013; Chiotis et al., 2016; Betthauser et al., 2017). However, tracers in this family were later found to have notable off-target binding to monoamine oxidase-B (MAO-B), which greatly limited their utility in imaging of tauopathies including AD (Ng et al., 2017).

[18F]Flortaucipir ([18F]AV1451, or formerly [18F]T807) is currently the most applied and the only FDA-approved tau radiotracer (Figure 2) (https://www.fda.gov/drugs/drug-approvals-and-databases/drug-trial-snapshot-tauvid). It has a 25-fold higher affinity for tau than Aβ, as well as favorable kinetics for both uptake and washout in the brain without radioactive metabolites penetrating the blood-brain-barrier (Xia et al., 2013). [18F]flortaucipir has higher affinity to PHFs over straight filaments (SF), and to combined 3-repeat (3R) and 4-repeat (4R) isoforms over 3R or 4R isoforms alone, making it more suitable for imaging AD pathology than non-AD tauopathies such as progressive supranuclear palsy (PSP) and corticobasal degeneration (CBD) (Lowe et al., 2016). It is noted that suspected minor off-target binding to MAO-A in the basal ganglia and substantia nigra would limit the application of [18F]flortaucipir in imaging Parkinsonian tauopathies (Ono et al., 2017).
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FIGURE 2. Structures of representative PET radiotracers for tau imaging.


[11C]PBB3 is another selective tau tracer that has also been thoroughly studied in various tauopathies including AD (Figure 2). [11C]PBB3 binds to both 3R and 4R tau isoforms and its affinity for tau is over 40 times higher than that for amyloid, making it suitable for imaging of various tauopathies in vivo (Kimura et al., 2015). Minor structural modifications then afforded [18F]APN-1607 (PM-PBB3) and [18F]AM-PBB3, the next generation members of the PBB3 family. [18F]APN-1607, (Figure 2) has recently been reported to possess more favorable pharmacokinetics and provide higher gray-matter/white-matter contrast (Hsu et al., 2020; Su et al., 2020; Tagai et al., 2021).

The clinical development of several newer, second generation selective tau tracers are ongoing, including [18F]PI2620, [18F]MK6240, [18F]GTP1, [18F]RO-948 (RO6958948), [18F]JNJ-311 (JNJ64349311), and [18F]JNJ-067 (JNJ-64326067) (Figure 2). Designers of these new generation tracers are focusing on improving in vivo characteristics such as higher selectivity, faster brain penetration/washout, and less off-target binding. Preliminary studies for these newer tracers have shown promising results (Declercq et al., 2017; Kuwabara et al., 2018; Guehl et al., 2019; Rombouts et al., 2019; Teng et al., 2019; Schmidt et al., 2020).

Off-target binding has been a universal concern for tau tracers since the early [18F]FDDNP was found to be non-selective to both amyloid and tau (Thompson et al., 2009). In PET imaging of neurodegeneration, selectivity of tau tracers over other pathological proteins such as Aβ, α-synuclein, and TDP-43 would always require validation. Similarity of the secondary/tertiary structures of the binding sites of these proteins makes it difficult to find a truly selective and specific probe, not to mention the complexity introduced by potential comorbidity of the neurodegenerative disorders. In addition, off-target binding in the central nervous system (CNS) has been widely examined across the tau tracers. It is now known that MAO-A and MAO-B are the most frequent off-targets whose secreting neurons are highly overlapped with Parkinsonism-related brain regions (Lowe et al., 2016; Bischof et al., 2017; Okamura et al., 2018). Choroid plexus is frequently found to be a tissue with apparent off-target binding, the mechanism of which is yet unclear (Ikonomovic et al., 2016). It is postulated that melanin, neuromelanin, mineralized structures and hemorrhagic lesions can also cause off-target binding of tau tracers in various locations. There is also debate that the suspected “off-target” binding may be reflecting true tau-binding, or binding to some specific targets yet to be identified (Ikonomovic et al., 2016; Passamonti et al., 2017). These characteristics pose substantial difficulties to clinical differentiation and potential post-treatment evaluation (Passamonti et al., 2017).

Recent cryo-electron microscopic structure discoveries of AD tau filaments may provide new insights for the binding interactions between various tau tracers and tangles, and spur refinements on the design of novel, subtype-selective tau tracers (Fitzpatrick et al., 2017).



Imaging Research Findings and Clinical Relevance

According to the amyloid cascade hypothesis, neurodegeneration characterized by misfolded tau tangle aggregation is the downstream event secondary to major amyloid deposition (Jack et al., 2013b). In contrast to the globally elevated pattern seen in brain amyloid PET of AD dementia patients, the spatiotemporal distribution of tau tracers follows a typical neuropathological sequence of spreading (Braak's stage), as have been demonstrated in both cross-sectional and longitudinal studies in a wide-range of subjects from advanced AD dementia patients to cognitively intact elderly controls (Rabinovici and Jagust, 2009; Johnson et al., 2016; Wooten et al., 2017; Villemagne et al., 2018). This quantitative and sequential connection indicates that this in vivo tangle spreading trajectory may reflect not merely neuronal dysfunction but also disease progression. In parallel to postmortem immunohistochemical findings, in vivo tau deposition varies amongst the brain regions, starting from the medial temporal lobe, i.e., hippocampus and entorhinal cortex (Braak stage I–II), to the adjacent neocortices (Braak stage III–IV), and finally to the entire brain (Braak stage V–VI) (Cho et al., 2019; Leuzy et al., 2019; Baek et al., 2020; Fleisher et al., 2020). As expected, clinical manifestation of AD is closely related to tau retention in the responsible brain regions. For instance, while temporal lobe deposition correlates well with memory performances, frontal lobe retention strongly correlates with execution and global cognition (Ossenkoppele et al., 2016; Bejanin et al., 2017; Shimada et al., 2017).

According to current experience with all the available tau tracers, AD is not likely to be the diagnosis of a tau-negative individual, while non-tauopathies can be basically excluded from the cause of cognitive decline for a tau-positive individual (Bischof et al., 2017). Non-AD tauopathies such as FTLD, PSP and CBD, however, manifest different distribution patterns and trajectory from AD involving different sub-regions in the brain stem and basal ganglia as well as cortical regions, which could be of additional differential diagnostic value in the clinical context (Bischof et al., 2017; Leuzy et al., 2019). Recently, tau deposition in cognitively intact healthy elderly subjects has also been revealed by PET and confirmed by autopsy results. This phenomenon is coined primary age-related tauopathy (PART) and believed to produce only minute, if any, clinical symptoms (Crary et al., 2014). In the absence of amyloid, PART alone is believed to be insufficient to develop memory decline (Harrison et al., 2019). Its relationship to suspected non-amyloid pathology (SNAP) has also been proposed, which presumably underlies the preclinical abnormalities during the development of AD (Jack, 2014).

Hypometabolism in brain regions that are commonly affected in advanced AD, including posterior cingulate cortex, precuneus and temporoparietal association cortex, represents synaptic dysfunction of the neurons in the course of AD (see below section on FDG imaging of glucose metabolism). Cortical tau tracer deposition can be seen in the same areas, establishing a typical topographic “yin-yang” offset between the two biomarkers. Further, correlation between these two imaging findings grows stronger as tau burden increases (Figure 3) (Whitwell et al., 2018; Lu et al., 2020). These unique phenomena demonstrate outstanding pathophysiological coherency of excessive MAPT retention and subsequent destruction of cytoarchitecture, resulting in synaptic metabolic deficit. On the other hand, multi-modality studies also reveal that the correspondence between frontal hypometabolism and medial temporal tau retention is present independent of amyloid deposition, which can be interpreted as aging-related.
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FIGURE 3. Representative images of [11C]PIB, [18F]APN1607, and [18F]FDG PET and MRI of an AD patient, an MCI patient and a high-risk asymptomatic subject. Aβ was positive for the AD patient and equivocal for the MCI patient and the high-risk asymptomatic subject. Typical Braak Stage V–VI tau deposition was seen in the AD brain, whereas no tau deposition was seen in the brain of the MCI patient or the high-risk asymptomatic subject. Typical AD-like glucose-hypometabolism was seen in AD brain including posterior cingulate cortex, parietal, temporal, and pre-frontal cortices, whereas most of these regions are relatively spared in the brain of MCI patient and high-risk asymptomatic subject. Images provided by PET Center, Huashan Hospital, Fudan University.


The relationship between tau aggregation and cortical atrophy as demonstrated by structural MRI is similar to that between tau aggregation and hypometabolism. However the former was found to be weaker than the later, especially in conditions other than mild AD (Sepulcre et al., 2016; Iaccarino et al., 2018). In addition to local correlation, tau deposition in the parietal lobe and precuneus can also be correlated to medial temporal lobe atrophy (Shimada et al., 2017). These observations seem plausible due to the fact that substantial structural alterations often relate to the later stage of the disease.

In general, CSF phosphorylated tau (p-tau, representing misfolded tangle formation) and total tau (t-tau, representing neurodegeneration) levels parallel in vivo tau tracer binding (Mattsson et al., 2018; Leuzy et al., 2019; Okafor et al., 2020). However, discordant results have also been found in small subgroups, possibly due to varying detectability around the CSF threshold and uneven rate of tau tangle formation in different disease stages (Murray et al., 2015; Thal et al., 2015). Although it is believed that elevated CSF tau levels precede tau imaging manifestation, tau PET has the advantage of visualization and topographic quantitation capacity, as well as relative non-invasiveness (Wolters et al., 2020).



Discussion

The research and development of tau PET tracers has gained undeniable progress in the last few years. Although some issues remain, especially isoform selectivity and other potential off-target binding, the applications of these tracers in AD imaging have provided, and are expected to continue to provide valuable information on the time course and topography of tau tangles in AD, and the correlation with cognitive dysfunction. Longitudinal and cross-sectional multi-target and multi-modality studies are encouraged to further elucidate the role of tau in the course of AD, as well as its interaction and relationship with Aβ deposition, synaptic dysfunction, brain atrophy, and other pathological biomarkers. Another important application of tau imaging is its utility for patient selection and endpoint measurements in phase 2 and phase 3 clinical trials of disease-modifying anti-tau treatments that have been gaining increasing impetus (Giacobini and Gold, 2013).

Coming from different compound families, the currently available tau tracers have different affinities for the various MAPT isoforms or tangle structures, hence distinctive topographic binding patterns in the same tauopathy. Selectivity to isoforms and structures could be a future direction to design new probes as 3R-specific or 4R-specific. We could therefore foresee a future tau imaging landscape where different tracers “rule” their own pieces of territory (i.e., specific tauopathy characterized by specific isoform or structure) in case that the correlation of tau imaging results similar to the “Aβ centiloid” is not achievable.




PET TRACER FOR IMAGING GLUCOSE METABOLISM: [18F]FDG


Overview

As a radionuclide-labeled analog of glucose, the major metabolic substrate of neurons, [18F]fluorodeoxyglucose ([18F]FDG, or FDG) has long been used in the investigation of CNS disorders to reflect neuronal degeneration and injury. In fact the first report of this most widely used tracer was a brain imaging study (Phelps et al., 1979), although now the majority of its clinical application is for oncological purposes. The characteristic AD pathology (McGeer et al., 1986) and neurodegenerative changes (Mielke et al., 1996; Scholl et al., 2011) are associated with cortical hypometabolism demonstrated in pre-mortem FDG PET imaging. Clinical application of FDG PET in AD lies mainly in differential diagnosis from other causes of dementia, as well as treatment effect evaluation of disease-modifying or progression-slowing therapies. Clinical value of FDG PET has also been investigated for its predictive ability for conversion to AD dementia of high-risk subjects assumed to be in the prodromal or asymptomatic stage.



AD Dementia Patients

The characteristic manifestation of FDG PET in AD dementia is hypometabolism in the posterior part of cerebrum including the posterior cingulate cortex (PCC), precuneus (PrC), and parietotemporal association cortices such as the angular gyrus. These regions are the most discriminating components of AD-specific cerebral hypometabolic pattern as well as strong indicators of disease severity and progression. It is of significant differential value that PCC and PrC are substantially spared in other minor causes of senile dementia including frontotemporal lobe dementia (FTLD), dementia with Lewy bodies (DLB), Parkinson's Disease dementia (PDD), and vascular dementia (VaD). The hippocampus and entorhinal cortex are involved in the earliest stages of AD according to neuropathological findings based on NFT formation (Braak and Braak, 1997), however glucose metabolism in these areas cannot be readily distinguished between AD patients and normal controls. This is largely due to the frequent presence of medial temporal hypometabolism even in normal aging, and the partial volume effect (PVE) correlated with regional cortical atrophy. Frontal lobe hypometabolism is often associated with advancement, executive dysfunction, or atypical behavior in AD cases, although it could also be observed in normal aging. Occipital lobe hypometabolism is related to the posterior cortical atrophy (PCA) subtype of AD, but care should be taken when differentiating dementia types because this is also a prominent sign of DLB.



MCI Patients

Early differentiation of MCI due to AD is crucial since early therapeutic intervention is indicated to be beneficial at least in slowing disease progression (Vellas et al., 2007; Molinuevo et al., 2011). It should be noted, though, that the etiology of MCI is heterogeneous, meaning that approximately half of the patients convert to dementia other than AD, or do not convert at all (Rowe et al., 2010; Bennett et al., 2012; Frisoni et al., 2017). Therefore, whether FDG PET has discriminative and predictive ability for MCI patients is of great clinical relevance.

Hypometabolism revealed by FDG PET in typical AD-affected brain regions including the inferior parietal lobe, precuneus and posterior cingulate cortex is present early in prodromal AD, namely MCI stage. In a meta-analysis comparing the accuracy of 3 different imaging modalities, FDG PET (sensitivity = 88.8%, specificity = 84.9%) exhibits higher sensitivity and higher specificity than cerebral blood flow SPECT (sensitivity = 83.8%, specificity = 70.4%) and structural MRI (sensitivity = 72.8%, specificity = 81%) in terms of predicting short-term conversion to AD dementia (Yuan et al., 2009). Interestingly, FDG PET performs better in excluding non-converters than [11C]PIB Aβ PET (specificity: 74.0 vs. 56.2%), while its sensitivity is lower (sensitivity: 78.7 vs. 93.5%) (Zhang et al., 2012). This could be explained by the compensatory mechanism of preserved cerebral synaptic function against amyloid burden. Aside from the advantage of accurate short-term predictive ability, FDG PET can also exclude other potential etiology underlying MCI such as FTLD and DLB, in contrast to other biomarkers including CSF Aβ1−42 and t-tau/p-tau assays (Arbizu et al., 2018).

The value of FDG PET in MCI has been acknowledged in existing diagnostic criteria (Albert et al., 2011; Dubois et al., 2014). Meanwhile, future researches in this field are encouraged to overcome the various current limitations in terms of methodology normalization, gold standard verification, and effectiveness/economy evaluation (Arbizu et al., 2018).



High-Risk Asymptomatic Subjects

People with subjective cognitive decline (SCD) rather than objective evidence of cognitive impairment, subjects burdening amyloidosis, and family members of AD patients expressing PSEN1/2 or APP mutation were reported to have higher tendencies to develop to AD dementia (Bateman et al., 2011; Villemagne et al., 2011; Wolfsgruber et al., 2016). It is hypothesized that neurodegenerative alterations could have be silently undergoing in these subjects.

Various confounding factors lead to heterogeneity of the underlying etiology for SCD, leaving controversy in the regional metabolic manifestation of typical AD-affected areas in this subgroup (Scheef et al., 2012; Brugnolo et al., 2014; Van Der Gucht et al., 2015). Although amyloid-positive asymptomatic subjects, as defined by CSF Aβ1−42 or amyloid PET, will have higher risk of converting to AD in a life-long period, the utility of FDG PET reflecting neurodegeneration in this population is still not comparable to that in MCI patients, due to its poor performance in prediction of short-term conversion (Villemagne et al., 2011). Glucose metabolic abnormalities prior to the onset of clinical symptoms were observed in asymptomatic carriers of mutated APP and PSEN1/2 genes (Mosconi et al., 2008; Benzinger et al., 2013), who theoretically would suffer from dementia eventually. Nonetheless, the relationship between cerebral hypometabolism and time-to-conversion cannot be easily concluded in the absence of well-designed longitudinal studies.

In view of the above-mentioned facts, it is not recommended to clinically apply FDG PET to asymptomatic subjects with only one risk factor for diagnostic or prognostic purposes. Further investigation is needed to verify whether FDG PET is useful for individuals with multiple risk factors (Mosconi et al., 2008; Vannini et al., 2017).



Treatment Monitoring

FDG PET has been used as an imaging biomarker for outcome assessment in multiple clinical trials of AD therapeutics (Hoyer, 2002; Landau et al., 2011; Herholz, 2012). Global as well as sub-global or regional FDG uptake alterations following medication or surgical treatment has been observed in multiple clinical research studies (Nordberg et al., 1992; Heiss et al., 1994; Mega et al., 2001; Potkin et al., 2001; Tune et al., 2003; Schmidt et al., 2008; Tzimopoulou et al., 2010; Craft et al., 2012; Smith et al., 2012).



Discussion

FDG PET has been most widely used in dementia research and as an important adjunct imaging tool in the diagnosis of AD. On the whole, FDG PET enables early diagnosis of AD and thus early therapeutic intervention, as well as treatment strategy optimization in a large proportion of cases (Laforce et al., 2010; Elias et al., 2014). Delaying of disease progression and prevention of life quality deterioration as instructed by FDG PET can help lessen the overall healthcare expenditure (Banerjee and Wittenberg, 2009; Getsios et al., 2012).

Although quite a few critical issues in the utility of FDG PET for AD diagnosis have already been resolved, there are still many others that require verification with larger cohorts and better-designed trials (Garibotto et al., 2017).




PET TRACERS FOR IMAGING NEUROINFLAMMATION


Overview

Increasing evidence has helped with the formation of neuroinflammation hypothesis of AD etiology (McGeer and McGeer, 2010; Morales et al., 2014). Similar to the cases in other systems of the human body, it is now believed that the impact on CNS under different phases of the inflammatory process could be different. While acute inflammation could be protective to the brain against the harmful effects of invading pathogens and traumatic injuries, consistent stimulation by inflammatory factors could, on the other hand, be detrimental to the neurons and eventually induce neurodegeneration and loss of cognitive functions (Wyss-Coray and Mucke, 2002; Mrak and Griffin, 2005). It is also suggested that the neuroinflammation underlying AD starts from the earliest stages without any obvious clinical symptoms, and lasts to the end stage of the disease (Vehmas et al., 2003; Hoozemans et al., 2005). Therefore it is hypothesized that the clinical onset of AD dementia could be partly prevented or postponed by anti-inflammation interventions, which is based on results from retrospective observation studies and prospective trials (McGeer et al., 1996; Hoozemans et al., 2011). Multiple pathophysiological factors can trigger the process of immunoactivation in the CNS, in which complements, cytokines, growth factors, reactive oxygen species, microglia and astrocytes participate (Barger and Harmon, 1997; Akiyama et al., 2000). PET radiotracers have been developed to image these neuroinflammatory targets in vivo (Zimmer et al., 2014; Varley et al., 2015).



Tracer Development

The 18-kDa translocator protein (TSPO) is a mitochondrial protein. Under normal circumstances, it is low-expressed in specific brain regions in the microglia, the monocyte-macrophage-dendritic cell family member majorly active in the CNS and comprising ~15% of the non-neuronal cells within. TSPO is found to participate in amino acid and cholesterol transportation, and to serve as a “switch” in activating microglia from the resting state in response to various stimuli including infection and traumatic injury (Streit et al., 2004). Pro-inflammatory cytokines and neurotoxic substances are released by significantly proliferated microglia after the induction of soluble or fibrillary Aβ and subsequent TSPO regulation, which could be related to the fact that amyloid plaques are found to be colocalized with activated microglia in vivo in the brain where massive neuronal destruction and brain atrophy occur (McGeer et al., 1988; Venneti et al., 2009; Schilling and Eder, 2011). These characteristics made TSPO the predominant target for imaging in vivo inflammatory process in AD.

[11C]PK11195 was the first successfully developed TSPO tracer for human PET imaging (Figure 4) (Cagnin et al., 2001), but it remains controversial whether its binding is correlated with amyloid deposition, probably due to its low specific binding signal and hence low sensitivity to detect small changes in TSPO under disease conditions (Edison et al., 2008; Wiley et al., 2009; Yokokura et al., 2011). To overcome the shortcomings of [11C]PK11195, a series of 2nd generation TSPO tracers were developed and evaluated, including [11C]PBR28, [11C]DAA1106, [18F]DPA713, [18F]DPA714, [18F]FEPPA, [18F]FEMPA, and [18F]FEDAA1106 (Figure 4; Varley et al., 2015; Calsolaro and Edison, 2016; Edison et al., 2018). Though the majority of these radioligands are more sensitive than [11C]PK11195, subsequent studies found that their brain uptake are regulated by the TSPO gene rs6971 polymorphism, thus requiring phenotyping of individual subjects to match imaging results to their TSPO affinity status (Owen et al., 2012). More recently, 3rd generation, putative “phenotype-insensitive” TSPO probes such as [11C]ER176 (Figure 4) are being developed and evaluated (Wadsworth et al., 2012; Ikawa et al., 2017).
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FIGURE 4. Structures of representative PET radiotracers for TSPO imaging.


Similar to the paradigm of TSPO imaging of microglial activation, MAO-B is found to be elevated in reactive astrocytes and chosen as the target for in vivo imaging of neuroinflammation. The selective MAO-B tracer [11C]deuterium-L-deprenyl ([11C]DED) has been applied to studies of neurodegenerative disorders including AD (Carter et al., 2012). Type-2 imidazoline receptor, a newly discovered target for imaging astrocyte, is now being evaluated for its potential in differentiating AD and control using [11C]BU99008 under ongoing trial (Wilson et al., 2019).



Imaging Research Findings and Clinical Relevance

In vivo TSPO imaging is generally able to discriminate between AD dementia patients and normal control subjects (Cagnin et al., 2001; Yasuno et al., 2008; Suridjan et al., 2015; Varrone et al., 2015; Hamelin et al., 2016; Kreisl et al., 2016a). The majority of the multi-modality studies report that regional TSPO binding correlates to [11C]PIB retention positively, and FDG uptake as well as cortical volume negatively (Edison et al., 2008; Yokokura et al., 2011; Kreisl et al., 2013, 2016b) (Figure 5). In most cases the extent of TSPO binding is associated with not only baseline cognitive performance, but also its deterioration over time (Edison et al., 2008; Okello et al., 2009b; Yokokura et al., 2011; Kreisl et al., 2013, 2016a). Elevated TSPO binding in advanced AD dementia patients is seen in various cortical regions following an anticipated distribution pattern (Cagnin et al., 2001; Hamelin et al., 2016). Apart from global discrimination, regional TSPO binding is correlated to attenuated corresponding brain function. One study uncovered an inverse correlation between visuospatial function and [18F]FEPPA binding in the parietal and posterior internal capsule, as well as correlation between language ability and binding in the latter region (Suridjan et al., 2015). Interestingly, early-onset AD (EOAD) is reported to be associated with higher TSPO binding than late-onset AD (LOAD), especially in the frontal and parietal cortices, suggesting greater microglial activation in the former condition (Kreisl et al., 2013). In addition, a longitudinal study revealed that TSPO binding in MCI converters to AD dementia is drastically different from that of non-converters (Kreisl et al., 2016a). These results are concordant with previous finding that chronic microglia participation may be associated to the brain in AD progression (McGeer and McGeer, 2010; Morales et al., 2014).
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FIGURE 5. Single subject images from a patient with posterior cortical atrophy (top row), a patient with amnestic Alzheimer's disease (center row), and a healthy control subject (bottom row). The posterior cortical atrophy subject showed focal occipito-temporal [11C]PBR28 binding, with FDG hypometabolism in the same region (arrows). While the posterior cortical atrophy subjects showed occipito-temporal PIB binding, PIB binding was also found in frontal cortex. The subject with amnestic Alzheimer's disease showed more diffuse [11C]PBR28 binding, with occipital sparing on PIB and classic bilateral temporo-parietal hypometabolism on FDG imaging. The control subject showed low amounts of diffuse [11C]PBR28 binding and absence of cortical PIB [11C]PIB binding. Courtesy from Kreisl et al. (2016b).


However, conflicting results are also present in various aspects. Absence of the expected correlation between TSPO binding and cortical amyloid retention or neuronal metabolism has been repeatedly reported (Okello et al., 2009b; Wiley et al., 2009; Schuitemaker et al., 2013). There are also studies showing the inability of TSPO tracers to discriminate healthy subjects from patients with MCI or even advanced dementia (Okello et al., 2009b; Wiley et al., 2009; Schuitemaker et al., 2013; Golla et al., 2015). Likewise, significant association between TSPO binding and memory performance or disease severity is not always found (Yasuno et al., 2008; Schuitemaker et al., 2013). Single-nuclide polymorphism of rs6971 has been discovered to regulate TSPO binding in vivo and may partly contribute to the conflicting findings so far, since binding adjusted to individual phenotyping shows increased discriminating accuracy (Suridjan et al., 2015). In addition to doubts about the sensitivity of current TSPO tracers to detect subtle alterations in the prodromal stages of AD, there are data relating higher binding of [18F]DPA714 to slower cognitive decline, suggesting a neuroprotective role of microglial activation perhaps in the early phase of the disease (Hamelin et al., 2016).

According to a collective study with both [11C]DED and [11C]PIB, astrocytosis is most profound in amyloid-positive MCI subjects, followed by advanced AD patients as well as amyloid-negative MCI subjects and healthy controls (Carter et al., 2012; Rodriguez-Vieitez et al., 2016). This PET finding suggests that astrocytic reaction diminishes after prodromal AD converts to dementia, and is supported by postmortem autoradiographic study showing highest binding of MAO-B radioligand in the earliest Braak stages (Gulyas et al., 2011).



Discussion

It is universally acknowledged that neuroinflammation plays an active part in the course of AD. PET imaging of neuroinflammation targets have, in part, confirmed the correlation between Aβ deposition and elevated microglia/astrocyte activation/neuroinflammation. Nonetheless, in light of the complexity of both the process and components, questions such as “Is neuroinflammation beneficial at the beginning and harmful thereafter?” and “Is TSPO imaging and MAO-B imaging reflecting true activation of microglia and astrocytes?” remain to be answered. In order to obtain a clearer picture of the various aspects of inflammation in the CNS, further exploration is needed with some of the clues now at hand. First, microglia can be polarized to either M1, releasing neurotoxic substances, or to M2, releasing neuroprotective cytokines (Mosser and Edwards, 2008). Highly selective radioligands discriminating the two opposing activations will help answer these questions. Further, longitudinal studies, ideally tracking from the very early stage to the end stage of the disease across subjects, will be more informative than cross-sectional studies in mapping the time course and topography of microglia activation in disease progression. In addition, genotype-insensitive TSPO tracers under development require verification and validation in large-sample cohorts (Wadsworth et al., 2012; Zanotti-Fregonara et al., 2014; Ikawa et al., 2017). Finally, multi-modality imaging approaches will be helpful in revealing the interactions between neuroinflammation and various pathologic/pathophysiological components in AD.




PET TRACERS FOR IMAGING TARGETS IN THE CHOLINERGIC SYSTEM


Overview

The basal/rostral forebrain cholinergic pathways are believed to play an important role in a variety of neuropsychological functions including attention, consciousness and memory processing (Perry et al., 1999). Cholinergic replacement countering the loss of cholinergic neurotransmission in neurodegeneration is the theoretical basis of AD-treatment strategies using clinically approved medications (Bartus et al., 1982; Schliebs and Arendt, 2011). Cholinergic depletion and the resulting deficit in neuronal compensatory plasticity are confirmed in autopsy studies of AD patients (Bierer et al., 1995; Craig et al., 2011). PET imaging tracers targeting various aspects of cholinergic neurotransmission and metabolism can help us to better understand the role of cholinergic neuropathy and its interaction with other pathologic/pathophysiological components in the course of AD.



Tracer Development

Acetylcholinesterase (AChE) is the major target of AD medications, most of which are acetylcholinesterase inhibitors (AChEIs). These therapeutic agents, including galantamine, rivastigmine, tacrine and donepezil, block AChE to inhibit hydrolysis of ACh, thus increasing ACh level in the synaptic cleft. N-[11C]methyl-4-piperidinyl propionate ([11C]PMP) and N-[11C]methyl-4-piperidyl acetate ([11C]MP4A) are two selective substrates for AChE that have been successfully brought to in vivo human imaging research (Figure 6). Another presynaptic cholinergic PET tracer [18F]FEOBV, selective to the vesicle ACh transporter (VAChT), is reported to have been assessed in humans (Aghourian et al., 2017). Postsynaptic acetylcholine receptors can be classified into nicotinic acetylcholine receptors (nAChRs) and muscarinic acetylcholine receptors (mAChRs). While most of the previous human PET studies used α4β2 or non-selective nAChR tracers including [11C]nicotine, 2-[18F]F-A-85380 ([18F]2-FA), [18F]AZAN, and [18F]flubatine (also known as [18F]NCFHEB) (Figure 6) (Nordberg et al., 1990; Sabri et al., 2008, 2015b; Wong et al., 2013), successful development of selective tracers for new targets such α7 nAChR and M1 and M4 mAChR has been reported recently. Recent imaging evaluations in humans indicated that [18F]ASEM, [11C]LSN3172176, and [11C]MK-6884 (Figure 6) have appropriate kinetics and imaging properties and are promising tracers for their respective targets α7 nAChR and M1 and M4 mAChR (Hillmer et al., 2017; Wong et al., 2018; Masdeu et al., 2020; Naganawa et al., 2020a; Tong et al., 2020). [18F]ASEM and [11C]MK-6884 have been used in preliminary studies of α7 nAChR and M4 mAChR in AD (see below), while evaluation of M1 mAChR in AD is ongoing with [11C]LSN3172176 in our laboratories.


[image: Figure 6]
FIGURE 6. Structures of representative PET radiotracers for cholinergic targets.




Imaging Research Findings and Clinical Relevance

AChE imaging using [11C]PMP and [11C]MP4A showed reduced cortical binding in AD patients than in healthy controls, especially in regions innervated with cholinergic projections (Iyo et al., 1997; Kuhl et al., 1999). AChE binding is lower in AD patients than in healthy controls, in parallel with VAChT reduction, and is further decreased by treatment with AChE inhibitors donepezil, rivastigmine and galantamine (Kuhl et al., 1999, 2000; Shinotoh et al., 2001; Kaasinen et al., 2002; Kadir et al., 2008). However this induced inhibition is absent for nAChR binding, suggesting that allosteric modulation effect maintains ACh signaling by up-regulating nAChR but not AChE (Maelicke et al., 2001). The degree of treatment-induced decline in AChE binding is more prominent in the frontal cortex than in the temporoparietal cortices, and correlated to improvement in frontal lobe functions such as execution and attention rather than episodic memory. Correlation between AChE hydrolysis and hypometabolism in the posterior cingulate cortex is also absent, while a connection between higher hydrolysis rate and APOE4 positivity exists (Kuhl et al., 1999; Eggers et al., 2006).

The binding of novel VAChT tracer [18F]FEOBV is found to be lower in AD than in healthy controls in a recent multi-tracer study involving [18F]FDG and [18F]NAV4694 as well (Aghourian et al., 2017). [18F]FEOBV PET is shown to have higher sensitivity than [18F]FDG in discriminating AD from healthy controls (Figure 7). There is also a positive correlation of [18F]FEOBV binding to minimal mental state examination (MMSE) and Montreal cognitive assessment (MoCA). A more recent study attributed basal forebrain degeneration in AD to the loss of cortico-amygdalar cholinergic input, as demonstrated by [18F]FEOBV binding decline (Schmitz et al., 2018).


[image: Figure 7]
FIGURE 7. Averaged [18F]FEOBV VAChT PET (A,B), [18F]FDG PET (C,D), and [18F]NAV4694 Aβ PET (E,F) images of healthy controls (A,C,E) and AD patients (B,D,F). PET images in control subjects revealed the greatest [18F]FEOBV uptake in brain areas known to be the most innervated by the cholinergic systems, including the striatum, thalamus, cerebral cortex as a whole, hippocampal area and cerebellum (A). In AD patients, PET imaging revealed a significant reduction of [18F]FEOBV uptake in comparison with control subjects (B). Distinct cerebral hypometabolism (D) and amyloid deposition (F) were seen in the AD patients, as compared to control subjects (C,E). Courtesy from Aghourian et al. (2017).


Nicotinic AChR binding reduction is not only lower in AD and MCI subjects than in cognitively-intact volunteers, but also in MCI converters to AD dementia than in non-converters (Nordberg et al., 1990, 1995; Kendziorra et al., 2011). Binding quantitation of the AD-affected brain regions is significantly responsible for their coupling cognitive functions (Ellis et al., 2008; Sabri et al., 2008; Kendziorra et al., 2011; Okada et al., 2013). Frontal [11C]PIB retention is found to be inversely correlated with [18F]2-FA binding in the medial frontal cortex and nucleus basalis magnocellularis of AD patients (Maas et al., 2000). PET imaging with [18F]flubatine, a new-generation α4β2 tracer with more favorable kinetics, reveals receptor deficiency within the basal forebrain-cortical and septo-hippocampal cholinergic projections (Sabri et al., 2018). Episodic memory, working memory and executive functions are well-correlated with impairment of α4β2 nAChR in the corresponding cortices. Initial imaging studies with the α7 nAChR selective radioligand [18F]ASEM in healthy controls and MCI subjects indicated elevation of this receptor subtype with healthy aging, and in MCI, in a direction opposite of that for α4β2 nAChR in AD (Coughlin et al., 2018, 2019). A preliminary imaging study of M4 mAChR in AD revealed reduced uptake of [11C]MK-6884 primarily in the parietotemporal cortex in a pattern consistent with clinical symptom presentations and FDG hypometabolism (Masdeu et al., 2020).



Discussion

PET imaging studies with tracers for both pre- and post-synaptic cholinergic targets have confirmed the abnormalities of cholinergic transmission in vivo, in AD, as manifested in altered levels of AChE, VAChT, and α4β2 and α7 nAChR's, and their correlations with Aβ deposition and cognitive functions. The α7 nAChR is a target gaining increasing focus in recent years, due to its newly discovered participation in preventing amyloid toxicity and tau hyper-phosphorylation, in increasing synaptic strength and stability, and in modulating neuroinflammation by acting on non-neuronal cells (Wang et al., 2003; Conejero-Goldberg et al., 2008; Halff et al., 2014; de Oliveira et al., 2016; Maurer and Williams, 2017; Gamage et al., 2020). Renewed interests have also been seen in the mAChR, especially the M1 and M4 subtypes, for therapeutic development for AD (Levey, 1996; Schliebs and Arendt, 2011; Melancon et al., 2013). Investigation of these additional targets with recently available PET tracers will lead to a more thorough understanding of cholinergic involvement in AD etiology and progression.




PET TRACERS FOR IMAGING SYNAPTIC DENSITY


Overview

The total number of synapses in the neocortices is approximately 164 × 1012 (Tang et al., 2001). Synapses are critical for neurotransmission in neuron-neuron interaction, the deficiency of which would result in neuronal dysfunction and consequent occurrence of neuropsychiatric symptoms including amnesia, apathy and executive dysfunction. Loss of synapses has long been regarded as a pathologic hallmark of AD (Scheff et al., 1990; Terry et al., 1991; Scheff and Price, 2006) and correlates strongly with cognitive impairment (Hamos et al., 1989; DeKosky and Scheff, 1990; Terry et al., 1991; DeKosky et al., 1996; Robinson et al., 2014). Synaptic density reductions are seen in the neocortex and limbic system in MCI, a prodromal form of AD and other dementias (Masliah et al., 1994, 2001; Pham et al., 2010). Accumulation of toxic Aβ oligomers is believed to lead to the loss of synapses and presynaptic proteins in MCI patients (Pham et al., 2010; Wei et al., 2010; Beeri et al., 2012; Robinson et al., 2014). More recent research also suggests an emerging role for tau mediated toxicity at the synapses (Pooler et al., 2014; Wang and Mandelkow, 2016). Thus PET imaging of the synapses provides a tool for direct visualization of synaptic density loss along the AD pathogenesis and progression pathway.



Tracer Development

Synaptic vesicle glycoprotein 2 (SV2) is one of the synaptic proteins highly expressed on the presynaptic membrane. Among the 3 forms of SV2, only SV2A is extensively expressed in glutamatergic and GABAergic neurons throughout the CNS (Dong et al., 2006). Traditionally, synapses can only be observed by electron microscopic and immunohistochemical examinations in biopsy and autopsy tissue samples. Recently a series of novel PET radiotracers selectively targeting SV2A have been developed (Figure 8) (Mercier et al., 2014; Estrada et al., 2016; Nabulsi et al., 2016; Becker et al., 2017; Li et al., 2019; Cai et al., 2020a), enabling non-invasive observation and quantification of synaptic density in humans (Finnema et al., 2016; Bahri et al., 2017; Cai et al., 2020b; Naganawa et al., 2020b).


[image: Figure 8]
FIGURE 8. Structures of representative PET radiotracers for SV2A.




Imaging Research Findings and Clinical Relevance

A recent human SV2A PET study using [11C]UCB-J in cohorts of MCI/AD patients and age-matched cognitively intact elderly subjects revealed significant reduction of synaptic density in the hippocampus and entorhinal cortex (44 and 27%, respectively) (Chen et al., 2018). Moreover, statistically significant correlations were found between hippocampal synaptic density and episodic memory (Logical Memory II and Rey Auditory Verbal Learning Test, R = 0.56, P = 0.01) and global function (Clinical Dementia Rating Sum of Boxes, R = −0.61, P = 0.003) (Chen et al., 2018). These findings suggest that [11C]UCB-J can capture the early pathological alterations in the hippocampus and entorhinal cortices, brain structures not readily analyzed in FDG PET compared to neocortices due to attenuated sensitivity introduced by size-related partial volume effect despite their early involvement in AD's Braak Staging (Braak and Braak, 1997).

The loss of synaptic density in the hippocampus of AD patients was replicated in a study using another SV2A radiotracer [18F]UCB-H, in which a 11 ~ 18% reductions of synaptic density in the basal forebrain and anterior/dorsomedial thalamus were found to be correlated with cognitive alterations (Bastin et al., 2020; Mecca et al., 2020). In a more recent [11C]UCB-J study with a larger cohort of 34 AD and MCI patients, the significant loss of synaptic density measured by PET in the hippocampus and entorhinal cortex followed by parahippocampal cortex, amygdala, lateral temporal cortex, pre-frontal cortex, posterior cingulate cortex/precuneus, lateral parietal cortex, and pericentral cortex was found to be generally correlated with atrophy measured by structural MRI which is in line with autopsy reports, and was more significantly correlated with CDR-SB (r = −0.54, P = 0.00003) and episodic memory (r = 0.56, P = 0.00001) than in the smaller sample reported earlier (de Wilde et al., 2016; Chen et al., 2018; Mecca et al., 2020). The relationship between cognitive performances and medial temporal (especially hippocampus and parahippocampal gyrus) synaptic density loss in aMCI was strengthened by a mutually correlated regional tau accumulation, as was revealed by a multi-tracer PET study using [18F]MK-6240 and [11C]UCB-J (Vanhaute et al., 2020).



Discussion

SV2A PET has shown great promise as a biomarker for the non-invasive detection of synaptic density, which can serve as a useful tool for studying synaptopathies in neurodegenerative and psychiatric disorders including AD (Cai et al., 2019; Heurling et al., 2019). Due to the ubiquitous distribution of synaptic vesicles throughout the CNS, a highly selective molecular probe such as SV2A PET tracer can spot the subtle alterations of synaptic density both quantitatively and topographically.

It is anticipated that with the help of multi-target molecular imaging approaches, the correlation between synaptic loss and other pathophysiological factors related to AD can be further elucidated. For instance, the relationship between pathological amyloid and tau protein aggregations, neuronal glucose utility impairment, dysfunctions in various neurotransmitter systems and synaptic loss would be better understood. Since pathological synaptic alterations emerge in the early stage of AD and continue throughout its course, many unanswered questions and controversial issues, e.g., sequence on the emergence of pathologic and physiological biomarkers, energetic, and neurotransmitter system abnormalities, and their relative impacts on disease progression, would be hopefully settled. It is perceivable that SV2A PET has the potential in AD early detection, differential diagnosis and conversion prediction of the prodromal stage subjects. Many studies using SV2A PET imaging in AD and other neurodegenerative diseases are ongoing, and results are emerging rapidly in publications. The introduction of additional 18F-labled SV2A radiotracers with favorable kinetics and high specific binding profiles, such as [18F]SynVesT-1 (also known as [18F]SDM-8 and [18F]MNI-1126) and [18F]SynVesT-2 (also known as [18F]SDM-2), should facilitate these studies since they are suitable for central production and distribution for use in off-site imaging facilities (Figures 8, 9). Further, PET imaging with these SV2A radiotracers will be useful as endpoint measure in AD drug clinical trials (e.g. NCT03493282: Effect of CT1812 treatment on brain synaptic density).


[image: Figure 9]
FIGURE 9. Representative images of T1WI MRI and [18F]SynVesT-1 PET of a [18F]Florbetapir positive AD patient. SV2A binding is significantly reduced in the left hippocampus (white arrow). Images provided by PET Center, Huashan Hospital, Fudan University and Department of Nuclear Medicine, East Hospital, Tongji University.





SUMMARY AND CONCLUDING REMARKS

Alzheimer's disease, characterized by impairments of cognitive functions and memory loss, is an extremely complex neurodegenerative disorder involving multiple pathophysiological processes, from loss of synapses and neurons, to neuroinflammation, to deposition of Aβ plaques and neurofibrillary tau tangles. Early diagnosis is the key to effectively treat the disease before manifestation of clinical symptoms. The past two decades have witnessed the development of PET imaging agents targeting various pathologic and physiological biomarkers in AD which has greatly contributed to the investigation and diagnosis of this disease.

Radiotracers targeting pathologic hallmarks of AD such as Aβ and tau proteins have allowed the differentiation of AD and non-AD dementia, the tracking of pathological protein burden over the temporal course of the disease, the stratification of patients for clinical trials, and the monitoring of biological effects of therapeutic agents. Nonetheless, there remained a few unanswered questions to be further studied concerning the relationship between these targets and the etiology of AD.

Pathophysiological alterations such as neuroinflammation as well as neurotransmitter and synaptic dysfunction are increasingly thought to commence from the earliest stage of the pathological changes in AD, and PET radiotracers targeting these biomarkers may help to elucidate their roles in AD progression in synergy with the core pathologies.

Measurement of synaptic density through PET imaging of the synaptic biomarker SV2A opens a new avenue for the investigation of neurodegenerative diseases. Initial in vivo imaging results from prodromal AD and AD dementia cohorts were in excellent correlation with cognitive impairment. Preliminary results of healthy aging subjects also demonstrated the early involvement of synaptic density alterations and its relationship to tau aggregation, which is in concordance with autopsy neuropathological findings. SV2A PET imaging, now at its early discovery phase, is expected to provide further important information on synaptic protein alterations, along with other pathological changes, during the entire AD progression continuum, and contribute to the early detection of the disease.

PET imaging of biomarkers has played an important role in AD drug development. This trend will continue, as newer imaging biomarkers are increasingly incorporated into clinical trials of next-generation AD drugs as outcome measures. It is expected that applications of PET imaging biomarkers in drug clinical trials will continue to greatly facilitate the development of AD therapeutics.

The United States National Institute of Aging (NIA) and the Alzheimer's Association (AA) recently put forward a research framework for AD, i.e., the NIA-AA Research Framework, which is based on the current understanding of the AD continuum and grounded on a biomarker-based definition of AD (Jack et al., 2018). Biomarkers are grouped into three categories: Aβ deposition, pathologic tau, and neurodegeneration (ATN) based on the nature of the pathologic process that each measures. Biomarkers of Aβ plaques (labeled “A”) are represented by cortical Aβ plaque burden assessed by amyloid PET imaging or decreased CSF Aβ42. Biomarkers of fibrillar tau (labeled “T”) are elevated CSF phosphorylated tau (p-tau) and/or cortical tau tangles measured by tau PET imaging. Biomarkers of neurodegeneration or neuronal injury (labeled “N”] are based on CSF total tau (t-tau), hypometabolism as revealed by FDG PET imaging, and brain atrophy detected by MRI. It is evident that PET imaging targeting various biomarkers is an essential component of this ATN research framework, as it provides one biomarker measurement for each of the arms: amyloid PET for A, tau PET for T, and FDG PET for N. The recent emergence of synaptic PET imaging targeting SV2A may provide another biomarker for N, neurodegeneration that more closely tracks with the progression of the disease and cognitive impairment, and less sensitive to cofounding factors such as blood glucose level, stimulation and medication which affect FDG PET, a surrogate measure of synaptic/neuronal function (Herholz, 2008; Burns et al., 2013; Ishibashi et al., 2015). These advancements in the development of PET radiotracers for AD biomarkers have been made possible through the efforts of numerous researchers in the PET imaging field in the last two decades. Collectively, AD imaging studies with various radiotracers have greatly increased our knowledge on the etiology and progression of this complex neurodegenerative disorder, and facilitated the research and development of AD therapeutics. It is believed that PET imaging with effective tracers targeting various AD pathophysiological biomarkers will continue to advance our understanding of the disease, and hopefully provides a sensitive and definitive tool for early diagnosis and monitoring of treatment effect.
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The Distribution of Skull Score and Skull Density Ratio in Tremor Patients for MR-Guided Focused Ultrasound Thalamotomy
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Objective: Magnetic resonance-guided focused ultrasound (MRgFUS) is a minimum-invasive surgical approach to non-incisionally cause the thermos-coagulation inside the human brain. The skull score (SS) has already been approved as one of the most dominant factors related to a successful MRgFUS treatment. In this study, we first reveal the SS distribution of the tremor patients, and correlate the SS with the image feature from customized skull density ratio (cSDR). This correlation might give a direction to future clinical studies for improving the SS.

Methods: Two hundred and forty-six patients received a computed tomography (CT) scan of the brain, and a bone-enhanced filter was applied and reconstructed to a high spatial resolution CT images. The SS of all patients would be estimated by the MRgFUS system after importing the reconstructed CT images into the MRgFUS system. The histogram and the cumulative distribution of the SS from all the patients were calculated to show the percentage of the patients whose SS lower than 0.3 and 0.4. The same CT images of all patients were utilized to calculated the cSDR by first segmented the trabecular bone and the cortical bone from the CT images and divided the average trabecular bone intensity (aTBI) by the average cortical bone intensity (aCBI). The Pearson’s correlations between the SS and the cSDR, aTBI, and the aCBI were calculated, respectively.

Results: There were 19.19 and 50% of the patient who had the SS lower than the empirical threshold 0.3 and 0.4, respectively. The Pearson’s correlation between the SS and the cSDR, aCBI, and the aTBI were R = 0.8145, 0.5723, and 0.8842.

Conclusion: Half of the patients were eligible for the MRgFUS thalamotomy based on the SS, and nearly 20% of patients were empirically difficult to achieve a therapeutic temperature during MRgFUS. The SS and our cSDR are highly correlated, and the SS had a higher correlation with aTBI than with aCBI. This is the first report to explicitly reveal the SS population and indicate a potential way to increase the chance to achieve a therapeutic temperature for those who originally have low SS.

Keywords: tremor, skull density ratio, skull score, MR-guided focused ultrasound thalamotomy, essential tremor


INTRODUCTION

High intensity focused ultrasound (HIFU) is an incisionless surgical device that has been widely used in medical research and clinical trials including the treatment of tumors (Kennedy, 2005) such as the liver (Kennedy et al., 2004; Illing et al., 2005), and kidney for over 50 years (Kennedy et al., 2003). By using the heating or cavitation at a variable distance from the transducer, HIFU can cause selectively thermal coagulation in a well-defined volume.

Sharing similar principles of the HIFU, recently the trans-cranial magnetic resonance-guided focused ultrasound (MRgFUS) has been widely used in different clinical trials to treat various neurological disorders in the human brain (Elias et al., 2016; Leinenga et al., 2016). MRgFUS can perform a thermal ablation around the subcortical area or opening the blood-brain barrier (Abbott et al., 2006) for drug delivery with different ultrasound frequency. One of the important keys to these successes was the phase aberration correction (Fry and Barger, 1978; Sun and Hynynen, 1998; Hynynen et al., 2004) across thousands of the ultrasound beams when passing through the skull (Chang et al., 2016; Jung et al., 2019) that produce a constructive focusing at the target area which maximize the energy-heat efficiency without causing any thermal coagulation outside the target. A high spatial resolution (<2 mm slice thickness) of a volumetric computed tomography (CT) scan with bone-enhanced filtering was used not only to delineate the entire skull for the phase aberration correction during the treatment but also to estimate a general skull score (SS) to screen patients before the treatment. The SS, which is offered by the InSightec, directly correlated with the temperature efficiency in the MRgFUS thalamotomy (Chang et al., 2016), and the empirical criterion of the SS for the MRgFUS thalamotomy is 0.40 (Wang et al., 2018). However, no literature was reported regarding the percentage of patients who can feasibly receive MRgFUS thalamotomy under this empirical criterion.

In this study, we tried to reveal the population distribution of the SS in tremor patients of Taiwanese people to address the aforementioned question, and report on the relationship between the SS and a customized skull density ratio (cSDR) by our algorithm, to determine the reliability of cSDR and the importance of the trabecular bone or the cortical bone separately in bone density calculation to provide fundamental information before designing a solution for low SS in MRgFUS treatment.



MATERIALS AND METHODS


Patient Selection

Two hundred and forty-six patients (62.4 ± 12.0 years old, ranging from 23 to 89 years old, 162 male and 84 female) with tremor dominant symptoms visited our site for the MRgFUS thalamotomy screening and were recruited in this study. Enrolled patients gave informed consent and were diagnosed by neurologists specializing in movement disorders based on tremor criteria (Wang et al., 2018). The experiments conformed to the standards set by the Declaration of Helsinki and were approved by the Chang Bing Show Chwan Memorial Hospital, Taiwan. Conventional CT scans were arranged for those who were willing to join the MRgFUS thalamotomy screening with no unnecessary radiation exposure.



Conventional CT Scan

A sixteen-slice CT scanner (LightSpeed, GE, United States) was used to acquire the brain CT image. The scanning parameters followed the head routine scan protocol in our hospital and they were: peak X-ray tube voltage = 120 kVp, tube current = 250 mA, and scan time = 1.0 s. The scanning slices were parallelly aligned with the orbital-meatus (OM) line by the visual check of a radiographer. All the projection images of respective patients were used to reconstruct a volumetric image with a slice thickness of 0.625 mm. A high-pass filter (Bone + filter) was applied to the reconstructed CT images to enhance the dynamic range of the skull while suppressing that of the other parts in the images.



SS Calculation

The CT images of each patient were uploaded into the ExAblate Neuro platform (InSightec Inc., Israel) and followed the procedures suggested by InSightec to calculate the SS. Specifically, the volumetric CT images with high-pass filtering of each patient were first uploaded into the ExAblate Neuro platform, and the anterior commissure, posterior commissure, and mid-sagittal point were defined on the platform. We used the built-in tool named target defined by AC-PC in the ExAblate Neuro platform to simulate a target for the MRgFUS thalamotomy. The spatial position of a simulated MRgFUS transducer helmet was then adjusted to align the ultrasound transducer focus and the simulated target of each patient. After the target selection, the calcification of each patient on the CT images was manually marked to turn off the ultrasound transducers which routes to the target pass through the marked calcification. After the brain calcification selection, the treatment protocol will be selected and the fiducial will be manually placed. In the treatment tag of the ExAblate Neuro platform, the SS from respective patients were reported from the ExAblate Neuro platform. Figure 1A showed how the ExAblate Neuro platform simulated the ultrasound beams penetrated through the skull, and the definition of the maximum and minimum values of the skull along the Ik-th ultrasound beam. The SS for each patient was calculated by Eq. (1),
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FIGURE 1. (A) The ExAblate Neuro platform simulated the ultrasound beams (light green lines) penetrating through a skull (transparent green around the head) and extracted the maximum [max (Ik)] and minimum [min(Ik)] of the skull intensities along each of the ultrasound. The blue line at the right panel of the (A) delineated the CT image intensity changes along one of the ultrasound beam Ik. A high intensity difference between and cortical and trabecular bone might leaded to a low SS = 0.25 [(B), left] compared to high SS = 0.70, which had a relatively similar intensity between the cortical and trabecular bone [(B), right]. SS, skull score.


where P indicated the number of ultrasound beams from the transducer.



cSDR Calculation

The same CT images of each patient were used to calculate the SS ratio by our method. Specifically, we first used the image contrast window and level provided by a high-pass filter to enhance the cortical and trabecular bone and used Otsu’s method (Otsu, 1979) to separate the bone from the non-bone objects in the volumetric CT image. A mask volume was created by setting the intensity of bone to unity and that of non-bone to zero. The middle slice of the mask volume was used as the initial slice for the following analysis. Repeated image erosion was performed on the initial slice, and stopped before all the binary voxels were eroded. One of the remaining voxels was randomly selected and used as the seed point for the region growing on the initial slice. The candidates of the seed points for region growing of the adjacent slices to the previous slice were selected from the overlap between two adjacent slices to ensure spatial continuity. The region growing procedure was stopped until all the slices of the CT mask image were performed. The mask image from the results after region growing was used to define the entire skull. The aforementioned procedure to the volumetric CT image was repeatedly performed for 30 times by considering the balance between the computation time and the accuracy of the skull definition. All the 30 masked images were added together into one masked image, with the voxel values ranging from 0 to 30. We used the part of the skull where the masked image value equals 30, indicating the part most spatially continuous from the initial slice, to exclude the part of the bone that might be less related to the regions of the MRgFUS thalamotomy, such as maxillary bone. The Outs’ method was again used to obtain the image intensity threshold of the cortical bone and trabecular bone of the skull. The SDR (Eq. 2) was calculated by dividing the average trabecular bone intensity (aTBI) across all N voxels by the average cortical bone intensity (aCBI) across all M voxels.
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All the aforementioned calculations were performed on the MATLAB (MathWorks, United States) platform.



SDR Calculation

The histogram of all SSs from 246 patients was computed with the bin range from 0.1 to 0.8 and a step size of 0.01. The cumulative distribution function (Park, 2018) of the SS was computed from each bin of the histogram, leading a range from 0.1 to 0.8 and step size of 0.01.



Correlation Between SS and cSDR

The linear correlations between the SS and the cSDR across all the patients were estimated by calculating the Pearson’s correlation coefficient between the SS and the cSDR from each of the patients. Specifically, the bootstrap sampling (Efron, 1979) was applied to produce 24,600 pairs of SS-cSDR pairs by repeatedly selecting 246 samples from our 246 data. For example, one can select [1,1,1,2,2,3,3,3,…, 122] or [1,2,3,4,5,6,…,246] from our 246 data while the number here in the bracket means the data index. A new SS-cSDR pair was produced by averaging across the SS and cSDR of each of the selections. The data selection and averaging were repeated 24,600 times, then we had 24,600 SS-cSDR pairs. The linear correlation between the SS and the cSDR after bootstrap sampling was estimated by calculating the Pearson’s correlation coefficient across all the bootstrapped pairs. Similarly, the linear correction of the SS-aCBI and SS-aTBI pairs across all the patients was respectively estimated to evaluate the influence of the aCBI and the aTBI on the SS. The correlation coefficient of the aforementioned calculation was done on MATLAB (MATLAB and Statistics Toolbox Release 2018a, The Math Works, Inc., Natick, MA, United States) by using the corrcoef function. The Pearson’s correlation coefficient and the p-value of this calculation were reported accordingly.



RESULTS

The 246 patients’ demographic characteristics are summarized in Table 1. There were 114 clinically diagnosed essential tremor (ET) patients, and the rest of them experiencing other types of tremors, including Parkinson’s disease and psychogenic tremor, etc. Figure 1B shows an exemplar of the trans-axial CT images with low (SS = 0.25) and high (SS = 0.70). The main difference between the CT images with the low (Figure 1B, left) and the high SS (Figure 1B, right) was that the contrast between the cortical and trabecular bone was higher in the low SS CT image than that in the high SS CT image. According to Eq. (1), a high intensity difference between the cortical and trabecular bone would lead to a high SS.


TABLE 1. Demographic characteristics in subjects with tremor.
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SS Distribution Calculation

The mean and the standard deviation of the SS from the total 246 patients were 0.419 ± 105 and ranged from 0.16 to 0.73. Figure 2A shows the histogram of the SS of the included patients and there was a population peak at the SS = 0.41. Figure 2B shows the cumulative distribution function of the SS.


[image: image]

FIGURE 2. The histogram (A) and the cumulative distribution function (B) of the SS for the patients who received the MRgFUS thalamotomy screening. The envelope of the histogram showed a slightly positive skewed distribution and the peak was located at 0.41. The slope of the cumulative population was visually consistent from the beginning and start to decrease after the SS = 0.50. SS, skull score; MRgFUS, Magnetic resonance-guided focused ultrasound.




Correlation Between SS and cSDR

The total 2,46,000 bootstrapped samples (Figure 3) resulted in the SS ranging from 0.38 to 0.44 and cSDR ranging from 0.712 to 0.728. The Pearson’s correlation coefficient between the SS and cSDR was 0.8145 with the statistical significance (p < 10–5), and linear relation between the SS and cSDR:
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FIGURE 3. The distribution of the bootstrapped SS-cSDR pairs and the linear correction between these SS-SDR pairs. The blue dots show the total 2,46,000 bootstrapped samples, and the red line indicates the linear fitting of these bootstrapped samples. SS, skull score; cSDR, customized skull density ratio.


Figures 4A,B show that the aCBI and aTBI were linearly correlated with SS, and the linear relations were:
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FIGURE 4. The distribution of the SS-aCBI (A) and SS-aTBI (B) pairs, and the respective linear fitting (red lines) of these two pairs. SS, skull score; aCBI, average cortical bone intensity; aTBI, average trabecular bone intensity.


between aCBI and aTBI to SS, respectively. However, the aCBI was less correlated (R = 0.5723) to SS than that of aTBI to SS (R = 0.8842). Moreover, the slope of the linear relation between the aTBI and the SS was higher (Eq. 5, slope = 826) than that between the aCBI and the SS (Eq. 4, slope = 375.5).



DISCUSSION

This study demonstrated the distribution of SS in the population of tremor dominant patients in Taiwan. Only half of the patients fulfilled the empirical SS criteria for the MRgFUS treatment. To our knowledge, this is the first report of SS distribution in patients with tremors.

In this study, we screened 246 patients, and ET patients occupied about 46% (114/246) of total participants. This result was consistent with the perception that ET is the most common movement disorder compared to others (Thanvi et al., 2006) in elderly people. However, the average age of the participants enrolled in this study was high and this limitation might affect the following analysis of the SS or SDR distributions.

Traditional SDR calculation is done by first defining the regions of cortical bone and trabecular bone of the skull and then dividing the average trabecular image intensity by the average cortical image intensity. Our approach differed, and the SS, which is offered by InSightec Inc., was calculated by averaging across all the ratios of the minimum and the maximum of the HU number of the skull CT image along thousands of spatial pathways from the ultrasound transducer to the simulated target in the subcortical area. The traditional SDR is in practice the same as the cSDR in this study in terms of the calculation, which is the averaged tubercular bone intensity over the averaged cortical bone intensity. We used our customized algorithm to automatically extract the skull which has a similar skull region for the SS calculation and then calculate the traditional SDR. Compared with the SS, our cSDR calculation is free from complex steps when calculating the SS.

A high SS suggested a high possibility of success to the MRgFUS thalamotomy to relieve the tremor (Chang et al., 2016), However, according to the SS distribution from our results (Figure 2B), nearly half of the patients have an SS lower than 0.4 in tremor patients of Taiwanese descent, indicating that for those patients, it might be difficult to raise the temperature to the therapeutic 54-degree during the MRgFUS thalamotomy. It is noteworthy that there was a closed 20% of the patients with SS lower than 0.3, indicating the bare success of the MRgFUS thalamotomy for those patients. It minimizes the feasibility of treatment in Asia.

Interestingly, SS is correlated with the trabecular bone rather than the cortical bone. The bootstrapped samples of the SS-cSDR pairs showed a high correlation between SS and cSDR (Figure 3), and the value of the SS was always lower than cSDR in our data. Theoretically, the highest value in the SS calculation indicated the intensity of the cortical bone while the lowest value might not necessarily come from the trabecular bone. The lowest value may represent the intensity of the trabecular bone space or the partial volume of the trabecular bone. The larger difference between the highest and lowest value would lead to a smaller SS. In comparison, our cSDR calculation only use the trabecular bone value, and it would decrease the difference to the cortical bone, leading to a larger cSDR value than the SS. Moreover, according to Eq. (3), SS was more sensitive than cSDR to the cortical and trabecular bone differences since 1 SS would only produce 0.8466 SDR. In Figures 4A,B, both the aTBI and the aCBI have a linear correlation with the SS, and the slope of the respective linear fitting indicating that the aTBI increased higher than the aCBI when increasing the SS, and vice versa. This might be due to the fact that the CBI has smaller variation across patients than the TBI. Here, our data showed a reliable relation of cSDR with SS. Moreover, a possible solution for low SDR should be focused on the aTBI rather than aCBI.



CONCLUSION

To our knowledge, this is the first report of the SS population for the MRgFUS thalamotomy in Taiwanese tremor patients. Our results suggest that in nearly half of the Taiwanese patients with tremors it might not be feasible to achieve the therapeutic temperature using current MRgFUS thalamotomy. Accordingly, it is crucial to improve the energy-temperature efficiency for the MRgFUS thalamotomy.

Moreover, our results showed a linear relationship between the SS and our cSDR. In addition, SS correlated more to the trabecular bone than cortical bone. Clinically, seeking a medical approach to increase the aTBI intensity might increase the SS, and further improve the energy-temperature efficiency during the MRgFUS treatment.
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Background: Alzheimer’s disease (AD) is one of the major threats of the twenty-first century and lacks available therapy. Identification of novel molecular markers for diagnosis and treatment of AD is urgently demanded, and genetic biomarkers show potential prospects.

Method: We identify and intersected differentially expressed genes (DEGs) from five microarray datasets to detect consensus DEGs. Based on these DEGs, we conducted Gene Ontology (GO), performed the Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis, constructed a protein—protein interaction (PPI) network, and utilized Cytoscape to identify hub genes. The least absolute shrinkage and selection operator (LASSO) logistic regression was applied to identify potential diagnostic biomarkers. Gene set enrichment analysis (GSEA) was performed to investigate the biological functions of the key genes.

Result: We identified 608 consensus DEGs, several dysregulated pathways, and 18 hub genes. Sixteen hub genes dysregulated as AD progressed. The diagnostic model of 35 genes was constructed, which has a high area under the curve (AUC) value in both the validation dataset and combined dataset (AUC = 0.992 and AUC = 0.985, respectively). The model can also differentiate mild cognitive impairment and AD patients from controls in two blood datasets. Brain-derived neurotrophic factor (BDNF) and WW domain-containing transcription regulator protein 1 (WWTR1), which are associated with the Braak stage, Aβ 42 levels, and β-secretase activity, were identified as critical genes of AD.

Conclusion: Our study identified 16 hub genes correlated to the neuropathological stage and 35 potential biomarkers for the diagnosis of AD. WWTR1 were identified as candidate genes for future studies. This study deepens our understanding of the transcriptomic and functional features and provides new potential diagnostic biomarkers and therapeutic targets for AD.

Keywords: Alzheimer’s disease, diagnosis biomarkers, hub genes, integrative analysis, aging


INTRODUCTION

Alzheimer’s disease (AD) is the most common neurodegenerative disease in the elderly, affecting more than 35.6 million people worldwide (Querfurth and LaFerla, 2010; Kumar et al., 2015). Epidemiological analysis has predicted that the number will rise to 65.7 million in 2030 and approximately 115.4 million in 2050 (Prince et al., 2013). The symptoms usually start with subtle memory loss and gradually progress to affect other cognitive domains as the condition deteriorates, such as language, visuospatial skills, motor skills, executive function, and activities of daily living (McKhann et al., 2011; Huang and Mucke, 2012). As AD usually has concealed onset, most patients with AD are already at an advanced stage at the time of diagnosis. Furthermore, the long-term care and related costs of AD contribute a substantial economic burden to the society and family. It is reported that the global societal cost for dementia is projected to grow to approximately $2 trillion in 2030 (Wimo et al., 2017). Unfortunately, despite recent progress in understanding the neurobiology and pathophysiology of AD so far, no therapeutic strategies can effectively prevent or cure AD. Therefore, research directed toward identifying AD biomarkers is needed for the early diagnosis, prevention, and treatment of AD.

AD is a characteristic “complex” disease resulting from the interaction of genetic and environmental factors. It is known that the primary pathogenesis of AD was β-amyloid (Aβ) abnormal deposition, neurofibrillary tangles induced by phosphorylation of tau proteins, inflammatory response, oxidative stress, and neuronal apoptosis. All these processes involve alterations in the expression and regulation of numerous genes. Studies suggest that genetic factors are estimated to attribute up to 79% to the risk for AD (Wingo et al., 2012). The apolipoprotein E (APOE) ε4 allele has been identified as the most substantial risk factor for AD (Rogaev et al., 1995; Sherrington et al., 1995). Mutations in the genes which enhanced generation and aggregation of Aβ, such as amyloid precursor protein (APP), presenilin (1) (PSEN1), and presenilin (2) (PSEN2), were included in the established genetic causes of familial AD (Sorbi et al., 2001; Tanzi and Bertram, 2005). Moreover, genetic analyses have suggested that the individual differences and complicated pathogenesis of AD may be influenced by multiple genes and their variants involved in numerous biological functions and substantially increase the risk of the disease (Hokama et al., 2014; Stopa et al., 2018). Therefore, identification and comprehensive analyses of potential candidate genes will considerably increase our understanding of the biological mechanisms involved in disease pathogenesis and could potentially be used as diagnostic or predictive biomarkers for AD.

In recent years, bioinformatics analysis is widely applied in molecular biology experiments and clinical practice (Banwait and Bastola, 2015), revealing the key pathways and drug targets in complex diseases (Khan et al., 2018). Thus, joint analysis of the array-based data of AD may be a novel analytical strategy. Our present study aims to reveal the transcriptomic characteristics and identification of novel biomarkers of AD for diagnosis and treatment. We identified co-differentially expressed genes (DEGs) in AD of five microarray datasets in the Gene Expression Omnibus (GEO). Based on the results, we performed a series of analyses, including Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment pathway analysis, protein—protein interaction (PPI) analysis, and least absolute shrinkage and selection operator (LASSO) logistic regression analysis. We identified 18 hub genes and tested their expression levels in different Braak stages. A 35-gene-based diagnosis model was constructed, and then we test the diagnostic values for AD and mild cognitive impairment (MCI). Finally, two key genes were identified by overlapping the 18 hub genes and 35 diagnosis genes. We further explored their correlations with β-secretase activity and Aβ 42 levels. Gene set enrichment analysis (GSEA) was used to explore the potential biological functions of hub genes. Our present study could provide more insights into the molecular mechanism of AD and provided potential biomarker candidates for clinical diagnosis and treatment.



MATERIALS AND METHODS


Data Processing

GEO1 is a public functional genomics data repository of high-throughput gene expression data, chips, and microarrays. According to the following criteria, datasets were considered eligible for our analysis: (1) datasets with AD samples; (2) datasets supported by peer-reviewed PubMed-indexed publications; and (3) studies with information about the technology and platform utilized for studies. We selected 10 datasets (GSE33000, GSE36980, GSE48350, GSE5281, GSE122063, GSE106241, GSE4226, GSE97760, GSE63060, and GSE63061) related to AD for analysis. A total of 757 non-demented healthy control subjects (NDHCS) and 932 AD patients were analyzed. We extracted the whole data of a single study, including all brain regions, for analysis. The data sample collection is shown in Table 1. The flowchart of the study is illustrated in Figure 1.


TABLE 1. Dataset characteristics.
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FIGURE 1. Flowchart for bioinformatics analysis in this study. AD, Alzheimer’s disease; MCI, mild cognitive impairment; NDHCS, non-demented healthy control subjects; AUC, area under the curve; GSEA, gene set enrichment analysis; GEO, Gene Expression Omnibus; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.


The GSE33000 (platform GPL4372) was composed of postmortem prefrontal cortex (PFC) samples of 157 NDHCS and 310 AD patients with matched genotype and clinical data. The GSE36980 (platform GPL6244) was composed of the frontal cortex (FC), temporal cortex (TC), and hippocampus (HPC) from 47 NDHCS and 32 AD patients. From GSE48350 (platform GPL570), we selected data from the HPC, entorhinal cortex (EC), superior frontal cortex (SFC), and post-central gyrus (PCGY) derived from 253 postmortem brains, among which 80 cases were diagnosed as having AD. The GSE122063 (platform GPL16699) was composed of tissues collected from FC and TC, 44 tissues from NDHCS and 56 from AD patients. The GSE5281 (platform GPL570) was composed of tissues collected by laser capture microscopy (LCM) from 74 NDHCS and 87 AD patients. The brain regions included the EC, HPC, medial temporal gyrus, posterior cingulate, SFC, and primary visual cortex. The GSE106241 was enrolled for independent external validation. In this dataset, 60 human temporal cortical tissue samples were included and divided into seven groups based on Braak staging.

Gene expression profiles of peripheral blood were obtained from GSE97760, GSE4226, GSE63060, and GSE63061. Study subjects from GSE97760 (platform GPL16699) were all female, including nine subjects with advanced AD and 10 age-matched NDHCS. The GSE4226 (platform GPL1211) was composed of peripheral blood mononuclear cells from 14 NDHCS and 14 AD patients. Datasets GSE63060 and GSE63061 were composed of MCI patients, AD patients, and NDHCS. There are 329 samples (145 AD, 80 MCI, and 104 NDHCS) in GSE63060 and 382 samples (139 AD, 109 MCI, 134 NDHCS) in GSE63061. Three borderline MCI samples, one NDHCS-to-AD sample, one MCI-to-NDHCS sample, and one other sample, were excluded from GSE63061.



Identification of Consensus DEGs

As single datasets and few samples may weaken the credibility of the results, data integration is necessary to look for findings supported by several pieces of evidence and investigate the complex genetic mechanisms (Pineda et al., 2015). Therefore, five brain tissue datasets (GSE33000, GSE36980, GSE48350, GSE5281, and GSE122063) were selected to identify consensus DEGs. We used the impute package to supplement missing data (Troyanskaya et al., 2001). Then, the normalizeBetweenArrays function in the limma package was used to normalize gene expression. Next, we performed the differential analysis in each of the datasets. We screened DEGs by comparing AD tissues to NDHCS tissues in the R computing environment using the limma package (Ritchie et al., 2015). DEGs were determined by | Log 2 FC| > 0, adjusted p-value < 0.05. Volcano plots were generated using ggplot 2 in R. In order to obtain a consensus of DEGs, Venn analysis was performed using Draw Venn Diagram, a Web-based tool,2 to identify common DEGs from the five datasets. The heatmap of the consensus DEGs was drawn using the R pheatmap package. We performed the batch correction, followed by normalization between arrays to remove the heterogeneity among multiple microarray datasets using sva and limma packages (Leek et al., 2012). Finally, principal component analysis (PCA) was performed to compare the difference of consensus DEGs between AD and NDHCS groups in different brain regions.



GO Enrichment and KEGG Pathway Analysis of the DEGs

GO enrichment analyses were performed in R using the function of clusterProfiler14. Metascape3 was used to perform the KEGG pathway analysis. Functional and pathway enrichment analyses were conducted separately for upregulated and downregulated genes. In this analysis, a p-value < 0.05 was considered significant for the screening of significant GO terms and KEGG pathways. Furthermore, we performed the differential analysis separately in 10 brain regions. DEGs were determined by | Log 2 FC| > 0, adjusted p-value < 0.05. The top 100 upregulated DEGs and top 100 downregulated DEGs of each brain region were used for GO enrichment analyses. Finally, we take the intersection of pathways of each brain region to identify common and specific dysregulated pathways.



PPI Network Construction, Hub Gene Selection, and Hub Gene Expression in Different Braak Stages of AD

To further explore the interactions among DEGs, PPI network analysis was performed using the online database STRING with an interaction score of 0.4 as the threshold. Next, we utilized Cytoscape (version 3.7.1) to construct and visualize the main regulatory network. We used cytoHubba, a plugin of Cytoscape, to select the hub genes in the PPI network. Five methods (degree, maximum neighborhood component (MNC), radiality centrality, stress centrality, closeness centrality) were used to sequence and evaluate central genes (Chin et al., 2014). The five ranked methods selected the top 20 hub genes. Venn analysis was performed to identify central genes by overlapping the top 20 genes. Finally, we validate hub gene expressions in different Braak stages using the HPC and superior frontal cortex (SPF) samples in the dataset GSE48350. Overall differences between groups were tested with the Kruskal—Wallis (K-W) test, and differences between groups were compared by the Wilcox test. The boxplot was drawn by R package ggplot 2. The top 10 hub genes were also further evaluated based on the difference in the gene expression of GSE48350.



Identification of Potential Biomarkers of AD Using LASSO Logistic Regression

The LASSO, a penalized shrunken regression method, has a strong predictive value and low correlation and is applied to select the best features for high-dimensional data. The samples from five brain tissue datasets were randomly assigned to the training set (30%) and validation set (70%). The expression profiles of consensus DEGs were extracted and fit into LASSO logistic regression by the glmnet package. In order to evaluate the ability of the LASSO model to identify AD, receiver operating characteristic (ROC) analysis was completed using the package of pROC in the validation set and combined set (Robin et al., 2011). The area under the curve (AUC) was calculated, and AUC values close to 1 (AUC > 0.7) refer to good classifier models. We also investigated the diagnosis effect of the top 10 hub genes in the combined set.



Evaluate the Diagnosis Model in Peripheral Blood Datasets

As it is hard to obtain brain tissues for diagnosis in clinical practice, we attempted to enroll independent peripheral blood datasets to evaluate the clinical utility of our diagnosis model. We performed ROC analyses in GSE4226 and GSE97760 to examine the ability to differentiate AD from NDHCS. The datasets GSE63060 and GSE63061 were used to verify the accuracy of the model to differentiate MCI and AD from NDHCS. ROC curves were plotted using the “pROC” package.



GSEA and Independent Validation Analysis

GSEA was performed to identify biological process (BP) GO terms of the top 10 hub genes that may be correlated to AD in GSE48350 datasets. We performed GSEA using the R package clusterProfiler for analysis. The c5.bp.v 7.0.symbols.gmt datasets in the MsigDB V 6.2 database4 were used as reference gene sets, and those with an adjusted p-value < 0.05 after 1,000 permutations were considered significantly enriched gene sets (Subramanian et al., 2005). We determined the key genes by overlapping the hub genes selected from the PPI network and potential diagnosis genes identified from the LASSO regression model. Next, we enrolled another independent dataset (GSE106241) and compared the expression level of key genes in different Braak stages using the K-W test. Moreover, we investigated their associations with β-secretase activity and Aβ 42 levels in AD samples from GSE106241 using the Spearman correlation analysis. p-values less than 0.05 (p < 0.05) were considered significant. The violin plots and correlation analysis in this section were all generated in R 3.6.3.



RESULTS


Identification of Consensus DEGs

Five microarray datasets, including GSE33000, GSE36980, GSE48350, GSE5281, and GSE122063, were downloaded from the National Center of Biotechnology Information-GEO (NCBI-GEO). Details of the five datasets are presented in Table 1. A total of 1,060 samples (495 NDHCS subjects and 565 AD patients) were available for DEG analysis, including microarray data from 10 brain regions: the EC, FC, HPC, medial temporal gyrus, PCGY, posterior cingulate, PFC, primary visual cortex, SFC, and TC. After background correction and normalization, we used the limma package to identify DEGs between NDHCS and AD samples of GEO data. Gene difference analysis found that there were 19,206 DEGs in GSE33000, 3,220 DEGs in GSE36980, 8,134 DEGs in GSE48350, 7,587 DEGs in GSE5281, and 12,207 DEGs in GSE122063 compared with AD patients and NDHCS (Supplementary Table 1). Volcano plots in Figure 2A show the number of DEGs identified from each of the five datasets. Subsequently, we intersected these DEGs from the five datasets and finally identified 608 common DEGs, of which 179 DEGs were upregulated and 429 DEGs were downregulated (Figure 2B and Supplementary Table 1). To compare the DEGs between the AD and NDHCS groups, the heatmap showed the expression of common DEGs from five datasets (Supplementary Figure 1). PCA revealed that the expression of common DEGs differed significantly between NDHCS and AD samples in each brain region, indicating that the DEGs we found were common core genes in AD (Supplementary Figure 2).
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FIGURE 2. Identification of DEGs between AD and NDHCS samples. (A) The volcano plot of the genes in the five datasets. (B) Venn diagram analysis of common downregulated DEGs and common upregulated DEGs. AD, Alzheimer’s disease; NDHCS, non-demented healthy control subjects.




GO Enrichment and KEGG Pathway Analysis of the DEGs

We performed GO term, KEGG pathway, and functional enrichment analyses to explore the potential biological functions of the common DEGs. The GO annotation results include BP, molecular function (MF), and cellular component (CC). The results revealed that the BP primarily associated with the upregulated genes, including the regulation of the nuclear-transcribed mRNA catabolic process, bleb assembly, detoxification of copper ion, stress response to copper ion, detoxification of inorganic compound, and stress response to metal ion. For CC enrichment analysis, the results showed that upregulated genes significantly took part in the focal adhesion, cell—substrate adherens junction, cell—substrate junction, and cell—cell junction. For MF analysis, upregulated genes are mainly enriched in cell adhesion molecule binding, cadherin binding, molecular adaptor activity, and transcription corepressor activity (Figure 3A). For downregulated genes, regulation of membrane potential, modulation of chemical synaptic transmission, regulation of transsynaptic signaling, and neurotransmitter transport were dominant BPs. For CC enrichment analysis, downregulated genes mainly take part in presynapse, synaptic membrane, axon part, and glutamatergic synapse. In the enrichment analysis of MF, the downregulated genes mainly revolved in active transmembrane transporter activity, P—P-bond-hydrolysis-driven transmembrane transporter activity, and primary active transmembrane transporter activity (Figure 3B). The KEGG pathway analysis showed that the upregulated genes were significantly enriched in the Hippo signaling pathway, regulation of actin cytoskeleton, adherens junction, mineral absorption, MAPK signaling pathway, and TGF-beta signaling pathway, while the downregulated DEGs were mainly enriched in the synaptic vesicle cycle, citrate cycle (TCA cycle), Parkinson’s disease, lysosome, MAPK signaling pathway, and cholinergic synapse. The KEGG pathway enrichment analysis results are illustrated in Figures 3C,D. The complete results of GO and KEGG analyses can be found in Supplementary Table 2.
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FIGURE 3. The GO analysis and KEGG pathway analysis of upregulated and downregulated DEGs. (A) The GO analysis of common upregulated DEGs. (B) The GO analysis of common downregulated DEGs. (C) The KEGG pathway analysis of common upregulated DEGs. (D) The KEGG pathway analysis of common downregulated DEGs.




Specific Dysregulated Pathways for Each Brain Region

We performed GO enrichment analyses using the top 100 upregulated DEGs and top 100 downregulated DEGs of each brain region. Then we identified the specific dysregulated pathways of each brain region. There were two specific pathways in the EC and the PCGY, 20 pathways in the FC, 12 pathways in the HPC, 145 pathways in the medial temporal gyrus, 38 pathways in the posterior cingulate, 47 pathways in the primary visual cortex, four pathways in the TC, and 58 pathways in the PFC (Supplementary Table 2). There was no specific pathway in the SFC. The HPC was associated with the neuron projection organization. The medial temporal gyrus was associated with neuron projection maintenance, neurotransmitter receptor transport to the plasma membrane, neurotransmitter receptor transport to the postsynaptic membrane, and response to Aβ. The dysregulated genes in the posterior cingulate were significantly enriched in pathways, including the branching morphogenesis of a nerve, glutamate metabolic process, positive regulation of synaptic transmission, and glutamatergic pathway. In the primary visual cortex, the dysregulated genes were involved in neuromuscular synaptic transmission, neuroinflammatory response, and cell aging. The neurotransmitter reuptake was associated with TC. Peripheral nervous system development and nerve development were significantly enriched pathways in PFC.



PPI Network Construction, Hub Gene Selection, and Hub Gene Expression in Different Braak Stages of AD

The upregulated and downregulated DEGs were uploaded into the online tool STRING5 to gain PPI information separately. Based on the degree of connectivity, we constructed the PPI network and selected the top 50 hub genes, and the result was visualized by Cytoscape (Figure 4A). Next, we used cytoHubba to choose hub genes. According to the five classification methods in cytoHubba, we selected the top 20 hub genes, as shown in Supplementary Table 3. Finally, six upregulated and 12 downregulated central genes were identified by overlapping the first 20 genes (Figure 4B and Supplementary Table 3). Then, we used samples in the dataset GSE48350 to explore whether the expression levels of these central genes varied in different Braak stages in the HPC and SPF (Supplementary Table 4). We found that five hub genes were upregulated and 11 hub genes were downregulated as AD progressed (p < 0.05). Predominantly, SMAD 4 and YAP 1 were significantly upregulated in Braak III and IV and Braak V and VI compared with Braak 0. Brain-derived neurotrophic factor (BDNF), PSMD14, SLC32A1, SNAP25, and SYP were identified to be downregulated in Braak III and IV and Braak V and VI compared with Braak 0 (Figure 5).
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FIGURE 4. PPI network and hub gene selection. (A) The top 50 hub genes in the PPI network of the upregulated and downregulated DEGs according to node degree. (B) Hub genes were identified by overlapping the first 20 genes in the five classification methods of cytoHubba.
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FIGURE 5. Hub gene expression in different Braak stages of AD. The upper, middle, and lower horizontal lines of the box represent the upper, median, and lower quartiles, respectively. Overall differences between groups were tested with the K-W test. Asterisks indicate significant vs. Braak 0 groups; *p < 0.05; **p < 0.01; ***p < 0.001 (dataset GSE48350; n = 91 for NDHCS; n = 2 for Braak stages I and II; n = 15 for Braak stages III and IV; n = 21 for Braak stages V and VI). AD, Alzheimer’s disease; NDHCS, non-demented healthy control subjects; HPC, hippocampus; PFC, prefrontal cortex.




Identification of Potential Biomarkers of AD Using LASSO Logistic Regression

To identify potential biomarkers for AD, we extracted the expression profile of the DEGs and fit them into LASSO logistic regression. We separated all samples (565 AD samples and 495 NDHCS) into training and validation cohorts (Supplementary Table 5). Thirty-five potential predictors in the training cohort were identified and were features with nonzero coefficients in the LASSO logistic regression model (Figures 6A,B and Table 2). Next, we evaluated the ability of the LASSO regression model in differentiating between AD and NDHCS, suggesting that the AUC of the 35-gene-based model was 0.992 in the validation set and 0.985 in the combined set (Figure 6C). The results indicate that our 35-gene-based diagnosis model can correctly classify AD samples and NDHCS in brain tissues. The diagnosis effect of the top 10 hub genes was also investigated and presented in Supplementary Figure 3. Only BDNF had the ability to differentiate AD from NDHCS (AUC = 0.703).
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FIGURE 6. Gene selection through the LASSO model. (A) Tenfold cross-validation for tuning parameter (lambda) selection in the LASSO regression model. The vertical lines were drawn at the optimal values by the minimum criteria and the 1 – SE criteria. (B) The LASSO coefficient profiles of the 608 DEGs. (C) ROC curve analysis of the validation dataset and combined dataset.



TABLE 2. The list of 35 potential biomarkers of AD using LASSO logistic regression.
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Evaluation of the Diagnosis Model in Peripheral Blood Datasets

To further discover whether this model is worth using in clinical practice, we test our diagnosis model on four independent peripheral blood datasets (Supplementary Table 5). In the GSE4226, composed of peripheral blood mononuclear cells, only 16 genes of the 35-gene-based model were covered. The ROC analysis was also conducted based on the 16 genes, and the AUC was 0.871 (Figure 7A). We applied the 35-gene-based model to GSE97760, which included patients with advanced AD and NDHCS and showed the perfect discrimination ability (Figure 7B, AUC = 1.000). We also found that our diagnosis model had the ability to differentiate MCI and AD from NDHCS in the blood datasets. In GSE63060 (30 genes of the 35-gene-based model were covered), the AUC for differentiating MCI and NDHCS is 0.922, and the AUC for AD and NDHCS is 0.837 (Figure 7C). In GSE63061 (28 genes of the 35-gene-based model were covered), AUC for MCI and NDHCS is 0.763, and AUC for AD and NDHCS is 0.802 (Figure 7D). Conclusively, the results indicate that our 35-gene-based diagnosis model can classify AD and MCI from NDHCS in peripheral blood.
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FIGURE 7. ROC curve analysis in blood datasets. (A) ROC curves of peripheral blood mononuclear cell data from GSE4226. (B) ROC curves of peripheral blood data from GSE97760. (C) ROC curve analysis of GSE63060. (D) ROC curve analysis of GSE63061. AD, Alzheimer’s disease; MCI, mild cognitive impairment; NDHCS, non-demented healthy control subjects; AUC, area under the curve.




GSEA and Independent Validation Analysis

To gain new insights into the biological functions of the top 10 genes, we performed GSEA to identify the potential BPs between AD and NDHCS subjects. As indicated in Figures 8A,B, the BDNF was associated with cognition, HPC development, neuron death, regulation of neuronal synaptic plasticity, regulation of neurotransmitter levels, and transport. BPs such as neuroblast proliferation, neuroepithelial cell differentiation, neurotransmitter biosynthetic process and metabolic process, neuroinflammatory response, and regulation of neuroinflammatory response were associated with WW domain-containing transcription regulator protein 1 (WWTR1). The rest of the top 10 hub genes were also involved in several neuron-related pathways, including axon development (SMAD4, SLC32A1, and YAP1), neuron death (SNAP25 and ATP5B), and synapse organization (SMAD4 and SLC32A1). The results are shown in Supplementary Figure 4.
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FIGURE 8. GSEA based on GSE48350 and independent validation analysis based on GSE106241. (A) BDNF. (B) WWTR1. (C) BDNF expression levels in the Braak stages 0–6. (D) WWTR1 expression levels in Braak stages 0–6. (E) Correlation between BDNF and Aβ 42 levels. (F) Correlation between BDNF and β-secretase activity. (G) Correlation between WWTR1 and Aβ 42 levels. (H) Correlation between WWTR1 and β-secretase activity. p-values < 0.05 were considered to be statistically significant.


BDNF and WWTR1 were identified as key genes by overlapping the 18 hub genes in the PPI network and 35 potential predictors selected from the LASSO regression model. To confirm the result, we enrolled another independent dataset (GSE106241) to conduct validation analysis (Supplementary Table 5). As shown in Figures 8C,D, BDNF and WWTR1 showed significant differences among the different Braak stages (p = 0.001 and 0.041, respectively). Moreover, we found that BDNF was negatively associated with Aβ 42 levels and β-secretase activity (R = –0.35 and R = –0.42, respectively, Figures 8E,F). WWTR1 was positively associated with Aβ 42 levels and β-secretase activity (R = 0.36 and R = 0.61, respectively, Figures 8G,H). This result further proves that the two genes are essential and involved in the pathology of AD.



DISCUSSION

Bioinformatics analysis has developed rapidly and applied to many diseases in recent decades, revealing the complex pathogenesis and identifying new biomarkers for diagnosis and treatment (Ali et al., 2018). Nevertheless, integrated bioinformatics analysis has not yet been systematically used in AD. Previous researches were usually based on single datasets and few samples that may weaken the credibility of the results. However, our current study has recruited five open public datasets for DEGs to significantly improve the number of samples (495 NDHCS vs. 656 AD samples). Thus, our study provides more credible and trustworthy results. We performed a series of integrative analyses based on DEGs, including GO and KEGG enrichment analyses, a constructed PPI network, LASSO logistic regression, and GSEA. In this way, we provide valuable clues for investigating the molecular mechanisms underlying the initiation and development of AD.

The KEGG pathway enrichment analysis showed significant enrichment in pathways including the Hippo signaling pathway, the TGF-beta signaling pathway, the MAPK signaling pathway, the synaptic vesicle cycle, lysosome, and the cholinergic synapse. A recent study confirmed that the Hippo pathway is associated with the pathogenesis of AD. The precursor of Aβ can promote the nuclear translocation of FOXO 3a by inducing MST1-dependent phosphorylation of Foxo 3a. The MST-Foxo pathway, which is considered a branch of the Hippo pathway, activates a proapoptotic member of the Bcl-2 family and triggers an intrinsic apoptotic pathway, resulting in neuronal death (Wang and Wang, 2016). Regarding the TGF-beta signaling pathway, previous studies showed that the expression of TGF-β 1 and TGF-β 2 increased in the brains of patients with AD (Zetterberg et al., 2004). Given the current evidence of microglial dysfunction in neurodegeneration, we speculate that changes in brain TGF-β signaling in AD could alter microglial state and trigger their pathogenic functions (Salter and Stevens, 2017). It is well documented that lysosomal dysfunction is a prominent feature in AD brains, resulting in a failure to clear accumulated protein aggregates and contributes to the process of the pathogenesis of AD (Fraldi et al., 2016). Similarly, the MAPK signal pathways are activated in vulnerable brain regions of AD patients and are involved in the progress of AD (Zhu et al., 2002; Guillot et al., 2016). Therefore, the MAPKs have been proposed as therapeutic targets for AD. Previous studies also confirm that cholinergic transmission impairments are correlated with the neuropathological stage of AD (Amberla et al., 1993). A decrease in the cholinergic activity and disruption of synaptic function contribute to memory impairment (Sayer et al., 2004). Furthermore, the GO analysis indicated that the DEGs are involved in a wide range of BPs and have different MFs. We also found several specific dysregulated pathways in each brain region. Our results indicated that the changes in BPs, CCs, MFs, and pathways might play critically important roles in the pathogenesis of AD.

We identified 18 hub genes by overlapping five sequencing methods in cytoHubba, of which 16 hub genes were significantly dysregulated as AD progressed. Some of these genes have been previously reported to be associated with AD. For example, the reduction of SNAP25 causes postsynaptic loss and learning and memory impairment (Ren et al., 2018). A recent study has demonstrated that SNAP25 is an effective biomarker for predicting AD 5–7 years before cognitive impairment (Jia et al., 2020). SYP can affect the synaptic structure and neurotransmitter release to regulate synaptic plasticity (Zhu et al., 2019). The dysfunction of ATP5B is associated with neurofibrillary tangle burden in the AD brain and with cognition (Wang et al., 2017). The decrease of BDNF correlates with the neuropathological stage of AD (Laske et al., 2006). Further studies are required to investigate their features, functions, and mechanisms.

In the present study, we constructed a 35 gene-based LASSO model, which can accurately predict AD in both validation and combined brain tissue datasets. Among the 35 genes, previous studies have reported that the expressions of IFITM3 (Correani et al., 2017), SORBS1 (Blalock et al., 2004), ENAH (de Oliveira-Júnior et al., 2015), SST (Solarski et al., 2018), ENSA (Boettcher et al., 2008), C14orf40 (Chung et al., 2018), BASP1 (Zhou et al., 2020), RTN3 (Zou et al., 2018), CDK7 (Zhu et al., 2000), and HPCA (Jiang et al., 2016) were associated with AD or have functions in neural tissue, indicating possible therapeutic targets. For example, IFITM3 is a reliable biomarker of the inflammatory microglial phenotype in AD damaged tissues (Correani et al., 2017), and the expression of SORBS1 is higher, while the expression of ENSA is lower in the brain of patients with AD (Blalock et al., 2004; Boettcher et al., 2008). SST interferes with Aβ fibrillization and promotes the formation of Aβ assemblies (Solarski et al., 2018). However, the molecular mechanism of these 35 genes contributing to AD pathogenesis is still poorly understood, and further exploration of potential mechanisms may be valuable.

To assess and confirm its clinical application value, we validated our gene signature on peripheral blood. According to ROC curves, the 35-gene-based model is able to distinguish MCI and AD samples from NDHCS samples in the blood. Especially in GSE97760, the model shows the perfect ability to select advanced AD patients (AUC = 1.000). Our results indicate that this diagnosis model could be beneficial for clinical applications. It is known that the blood—brain barrier (BBB) controls substance exchange strictly between the brain and blood. However, studies indicate that the breakdown of BBB could enhance the movement of proteins between the brain and blood in either direction (Zipser et al., 2007). Thus, some proteins in the blood might be associated with AD pathology. Recent studies have also adopted the strategy to integrate brain and blood datasets to identify potential AD biomarkers (Yao et al., 2018; Zhu et al., 2020). Our results shed new light on diagnosis biomarker identification. Further large-sample studies with a different analysis in the blood are required to confirm our results.

This study detected two key genes, BDNF and WWTR1, as potential biomarkers for clinical diagnosis and therapeutic monitoring in AD. Both of them have been identified as hub genes in the PPI network and varied significantly in the different neuropathological stages of AD. They were also selected as potential diagnostic biomarkers from LASSO logistic regression. GSEA suggests that the BDNF and WWTR1 could function as key players in a broad array of essential signaling pathways. Moreover, an independent validation showed that BDNF and WWTR1 are associated with the Braak stage, Aβ 42 levels, and β-secretase activity.

BDNF, located on chromosome 11 p 14, is reported to play an essential role in regulating neurodevelopment, promoting neuronal survival, and supporting basal forebrain cholinergic projections to the HPC and neocortex (Marmigère et al., 2003; Huang et al., 2007). Previous studies indicate that BDNF depletion led to an increase in cortical amyloid plaque numbers and size (Braun et al., 2017). It has also been reported that the expression of BDNF decreased in the brain tissue of patients with AD (Connor and Dragunow, 1998; Fields et al., 2014). This is consistent with our results that BDNF is negatively correlated with the Braak stage, and GSEA suggested that it is involved in HPC development, cognition, neuron death, and neurotransmitter regulation. Thus, the downregulation of BDNF may play a crucial role in the pathogenesis of AD. WWTR1 is another potential diagnosis biomarker and may contribute to the development of AD. Functional enrichment analysis showed that WWTR1 was significantly involved in the neuroinflammatory response and neurotransmitter biosynthetic and metabolic pathways. Previous research indicates that WWTR1 is playing a crucial role in the Hippo and TGF-beta pathways, which is associated with the progress of AD (Lei et al., 2008; Deiana et al., 2018). However, the mechanisms of WWTR1 and AD remain undefined. More research is needed to elucidate the functions and underlying mechanisms of WWTR1 and AD. Although we enrolled an additional dataset for external validation, high-quality validation experiments are still required to prove the value of BDNF and WWTR1 in AD pathology.



CONCLUSION

In conclusion, we identified 608 consensus DEGs, several dysregulated pathways, and 16 hub genes associated with AD progress by a series of bioinformatics analyses. The diagnostic model of 35 genes was constructed, which has a high AUC value in not only brain tissue but also peripheral blood. BDNF and WWTR1 were identified as candidate genes for future molecular studies. Our current study deepens our understanding of underlying molecular mechanisms in AD and provides new potential diagnostic and therapeutic biomarkers.
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Background: Increasing evidence has shown that amyotrophic lateral sclerosis (ALS) can result in abnormal energy metabolism and sleep disorders, even before motor dysfunction. Although the hypothalamus and thalamus are important structures in these processes, few ALS studies have reported abnormal MRI structural findings in the hypothalamus and thalamus.

Purpose: We aimed to investigate volumetric changes in the thalamus and hypothalamus by using the automatic brain structure volumetry tool AccuBrain®.

Methods: 3D T1-weighted magnetization-prepared gradient echo imaging (MPRAGE) scans were acquired from 16 patients with ALS with normal cognitive scores and 16 age-, sex- and education-matched healthy controls. Brain tissue and structure volumes were automatically calculated using AccuBrain®.

Results: There were no significant differences in bilateral thalamic (F = 1.31, p = 0.287) or hypothalamic volumes (F = 1.65, p = 0.213) between the ALS and control groups by multivariate analysis of covariance (MANCOVA). Left and right hypothalamic volumes were correlated with whole-brain volume in patients with ALS (t = 3.19, p = 0.036; t = 3.03, p = 0.044), while the correlation between age and bilateral thalamic volumes tended to be significant after Bonferroni correction (t = 2.76, p = 0.068; t = 2.83, p = 0.06). In the control group, left and right thalamic volumes were correlated with whole-brain volume (t = 4.26, p = 0.004; t = 4.52, p = 0.004).

Conclusion: Thalamic and hypothalamic volumes did not show differences between patients with normal frontotemporal function ALS and healthy controls, but further studies are still needed.

Keywords: amyotrophic lateral sclerosis, thalamus, hypothalamus, volumetric analysis, MRI


BACKGROUND

Amyotrophic lateral sclerosis is a multiple-system neurodegenerative disease that has a far greater impact than motor system dysfunction. In recent years, more researchers in neurosciences have expanded their interest beyond motor dysfunction and explored other research axes, such as energy homeostasis and sleep disorder, in patients with amyotrophic lateral sclerosis (ALS). Patients with ALS generally have normal or low body mass index (BMI). Weight loss may begin before the onset of motor symptoms, which is probably caused by dysphagia and hypermetabolism. Early weight loss is associated with a higher rate of ALS progression with a grimmer prognosis (Dupuis et al., 2011; Gallo et al., 2013; O’Reilly et al., 2013; Huisman et al., 2015; Ahmed et al., 2016). Clinical trials have demonstrated that strengthening intake may benefit patients with ALS (Wills et al., 2014; Dorst et al., 2015). In addition to energy homeostasis, sleep disorders are also fairly common in patients with ALS (Diaz-Abad et al., 2018; Liu et al., 2018; Congiu et al., 2019). Animal studies have shown that sleep disorders may initiate before the onset of motor symptoms (Liu et al., 2015; Zhang et al., 2018). Interestingly, as both energy metabolism and sleep are closely related to the function of the hypothalamus (Vercruysse et al., 2018), it is not surprising that pathological abnormalities in the hypothalamus were found in patients with ALS (Cykowski et al., 2014; Nakamura et al., 2015). In 33 autopsy-confirmed patients with ALS, six patients presented TDP-43 pathology in the hypothalamus (Cykowski et al., 2014). In the autopsy of a patient with familiar ALS, SOD1 immunohistochemistry showed neuronal cytoplasmic inclusions, glial cytoplasmic inclusions, and dystrophic neurites in the brain and spinal cord, with a predilection for the hypothalamus and central gray matter (Nakamura et al., 2015). Hypothalamic neuropeptide levels were shown to be changed in ALS mouse models (Vercruysse et al., 2016). In addition to these biomolecular abnormalities, structural changes have also been reported: Up to 15% of patients diagnosed with behavioral variant frontotemporal dementia (bvFTD), a similar but different disease within the spectrum of ALS (Strong et al., 2017; van Es et al., 2017), were reported to have hypothalamic atrophy (Bocchetta et al., 2015; Ahmed et al., 2017). However, few studies have reported hypothalamic atrophy in patients with ALS (Gorges et al., 2017).

C9orf72 repeat expansion is one of the most important gene mutations in the ALS-FTD disease spectrum (Gijselinck et al., 2012; Balendra and Isaacs, 2018). In addition to commonly reported brain areas, such as the motor cortex, frontal and temporal lobes, and corpus callosum (Foerster et al., 2013), changes in the thalamus have been the focus of relatively few studies. Machts reported bilateral thalamic atrophy in patients with ALS-FTD (Machts et al., 2015). Schönecker’s study subsequently showed thalamic atrophy in ALS/FTD C9orf72 mutation carriers that extended beyond the expected atrophy in the prefrontal and temporal subregions (Schönecker et al., 2018). However, Westeneng found that, although patients with ALS with C9orf72 repeat expansion had more severe bilateral thalamic atrophy, 21% of patients with ALS without the C9orf72 mutation had a similar neuroimaging phenotype (Westeneng et al., 2016). Chipika also found thalamic atrophy in patients with ALS without the C9orf72 mutation (Chipika et al., 2020). Some earlier studies found structural or functional changes in the thalamus in patients with ALS but lacked cognitive and behavioral assessments (Douaud et al., 2011; Sharma et al., 2011, 2013). Therefore, it remains unclear whether thalamic atrophy could occur in patients with pure ALS.

AccuBrain® (BrainNow Ltd., Shenzhen, China) is a cloud-based National Medical Products Administration (NMPA) and Conformité Européenne (CE)-marked software tool that performs brain MRI segmentation. It is based on a multi-atlas segmentation method with a statistical anatomical atlas previously generated by experienced experts, and it automatically calculates the brain volume of various brain structures. AccuBrain® presents less inter-scanner variability than FreeSurfer and FSL-FIRST based on the comparison of their coefficient of variation values of brain volumetry, especially in basal ganglia structures, such as the thalamus (p < 0.001) (Liu et al., 2020). Abrigo’s study showed that AccuBrain® could provide accurate automated hippocampal segmentation in accordance with the EADCADNI standard (Abrigo et al., 2018). The clinical value of AccuBrain® has also been demonstrated in various neurological disease studies (Guo et al., 2019; Wang et al., 2019; Zhao et al., 2019; Dou et al., 2020; Hou et al., 2020; Liu et al., 2020). AccuBrain® may, therefore, be a rapid and sensitive tool for detecting brain structures in neurodegenerative diseases.

The aim of this study was to determine whether thalamic and hypothalamic atrophy occurs in patients with ALS by using the AccuBrain® technique.



MATERIALS AND METHODS


Participants

In total, 16 right-handed patients who met the ALS-revised El Escorial criteria (Brook et al., 2000) at Peking University Third Hospital (PUTH) between 2011 and 2012 and 16 right-handed healthy controls were enrolled. All the patients underwent the Mini-Mental State Examination (MMSE), Frontal Assessment Battery (FAB), verbal fluency (VF), and prospective memory (PM) tests before inclusion. The exclusion criteria were as follows: (1) dementia or cognitive dysfunction, brain trauma, epilepsy, stroke, psychiatric disorders, and other central nervous system diseases; (2) absolute or relative contraindication for MRI; and (3) pregnancy.

The clinical characteristics are shown in Table 1. The patients with ALS were followed up until death; during this follow-up period, contact with eight of 16 patients was lost before this endpoint. The life span was the time from the disease onset to death. All the participants provided informed consent. The study was approved by the ethics committee of PUTH.


TABLE 1. Characteristics of the participants: patients with ALS and healthy controls.
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MRI Acquisition

The data for 16 patients with ALS and 16 healthy controls were acquired on a Siemens 3.0 T Trio TIM MR scanner. Structural MRI data were obtained using a high-resolution 3-D T1-weighted magnetization-prepared gradient echo imaging (MPRAGE) sequence [192 sagittal slices, no gap, layer thickness = 1 mm; field of view (FOV) = 256 mm × 256 mm; repetition time (TR) = 2,530 ms; echo time (TE) = 3.44 ms; inversion time (TI) = 1,100 ms; acquisition time = 363 s].



Brain Volumetry

All images were processed using AccuBrain® (BrainNow Medical Technology Ltd., China), which is a brain quantification tool that performs brain structure and tissue segmentation and quantification in a fully automatic mode. Given the T1-weighted MRI data, several brain structures and three major brain tissues are segmented automatically based on prior anatomical knowledge specified by experienced radiologists. The anatomical information is automatically transformed onto the individual brain. The absolute volume (in ml) of 20 brain structures and their bilateral components were automatically calculated. These measures and structures included but were not limited to intracranial volume, whole-brain parenchyma, hippocampus, amygdala, ventricular system, lateral ventricle, third ventricle, inferior lateral ventricle, caudate, putamen, pallidum, hypothalamus, thalamus, pons, midbrain, and gray matter in different lobes.



Statistics

During enrollment, although trying to meet the similarity between the ALS and control groups in sex, age, and education, paired enrollment was still not strictly performed. Therefore, when comparing the clinical characteristics between the ALS and control groups, the chi-square test was used for sex. For age and education factors, t-tests were used when the variables were normally distributed, and Mann–Whitney U tests were used when the variables were not normally distributed. Multivariate analysis of covariance (MANCOVA) was used to compare the differences in thalamic and hypothalamic volumes between patients with ALS and controls. During the univariate analysis, when studying the relationship between brain volumes and age, years of education, duration of illness, revised functional rating scale (FRS-R) scores and life span, Pearson correlations were used when the data were continuous, normally distributed and had a linear relationship; otherwise, Spearman correlations were performed. When studying the relationship between brain volumes and sex, bulbar involvement and disease stage, t-tests were used when the variables were normally distributed, and Mann–Whitney U tests were used when the variables were not normally distributed. ANOVA was used to compare the brain volumes among different diagnostic levels. Then, multivariable linear regression analysis was used. The standard statistical significance level was set at p < 0.05. IBM SPSS V20 software was used for all statistical analyses.




RESULTS


Comparisons of Thalamic Volume Between Patients With Amyotrophic Lateral Sclerosis and Healthy Controls

Multivariate analysis of covariance was used, in which volumes in the left thalamus and right thalamus were set as two dependent variables; patients with ALS or healthy controls were set as independent variables; and whole-brain volume, age, sex, and education years were set as covariates. The volumes were normally distributed. The patients with ALS and controls were two independent groups. There was homogeneity of variance-covariance matrices assessed using Box’s M test of equality of covariance (F = 1.249, p = 0.290). However, there was no significant difference between the ALS and control groups (F = 1.311, p = 0.287). Descriptive measures of brain volumes were listed in Supplementary Table 1.



Comparisons of Hypothalamic Volume Between Patients With Amyotrophic Lateral Sclerosis and Healthy Controls

Multivariate analysis of covariance was used, in which volumes in the left hypothalamus and right hypothalamus were set as two dependent variables; The patients with ALS or healthy controls were set as independent variables; and whole-brain volume, age, sex, and education years were set as covariates. The volumes were normally distributed. The patients with ALS and controls were two independent groups. There was homogeneity of variance-covariance matrices assessed using Box’s M test of equality of covariance (F = 2.533, p = 0.055). However, there was no significant difference between the ALS and control groups (F = 1.647, p = 0.213). Descriptive measures of brain volumes are listed in Supplementary Table 1.



Thalamic and Hypothalamic Volumes and Clinical Characteristics

Univariate analysis was first used to choose possible variants for multivariable linear regression analysis. Variants with p < 0.1 were chosen (Table 2). Descriptive measures of categorical variables, such as disease stages, sex, and bulbar involvement, are listed in Supplementary Table 2.


TABLE 2. Univariate analysis of brain volumes and clinical characteristics.
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Multivariable linear regression analysis was separately performed with bilateral thalamic and hypothalamic volumes as the dependent variables and whole-brain volume and factors chosen above as the independent variables. The results are shown in Tables 3, 4. However, after Bonferroni correction (p < 0.0125), left and right hypothalamic volumes were correlated with whole-brain volume in the patients with ALS, while the correlation between age and bilateral thalamic volumes tended to be significant. In the control group, left and right thalamic volumes were correlated with whole-brain volume, and sex was correlated with left hypothalamus volume.


TABLE 3. Multiple linear regression of brain volumes and clinical characteristics in ALS.
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TABLE 4. Multiple linear regression of brain volumes and clinical characteristics in controls.
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Validation of the Automatic Segmentation of the Thalamus

Validation of the automatic segmentation of the thalamus was conducted by comparing the automatically generated segmentation labels with the corrected labels manually performed based on the automatic results. The dice similarity coefficient (range: 0–1) was used as the metric of segmentation accuracy (Table 5).


TABLE 5. Validation of the automatic segmentations of thalamus and hypothalamus.
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DISCUSSION

In this study, hypothalamic volume was not different (F = 1.65, p = 0.213) between the patients with ALS and healthy controls after adjusting for age, sex, education year, and whole-brain volume. Although relatively few studies have reported hypothalamic volume in patients with ALS, Cykowski and Nakamura found pathological changes in ALS autopsy (Cykowski et al., 2014; Nakamura et al., 2015), and Gorges found hypothalamic atrophy in patients with ALS (Gorges et al., 2017). The probable reasons for the negative result in this study include the following: (1) the study did not include subregional analysis of the hypothalamus, which might have covered some potential significance; (2) the sensitivity of AccuBrain® software: Although the study provided a comparison with post-segmentation manual correction, it was not comparable to validation studies of alternative software (Wolff et al., 2018; Billot et al., 2020); and (3) the sample of this study was small, which might have affected the accuracy of the analyses.

Thalamic volume was also not different (F = 1.31, p = 0.287) between the patients with ALS and healthy controls after adjusting for age, sex, education year, and whole-brain volume in this study. There were actually more reports of thalamic atrophy than hypothalamic atrophy in the patients with ALS (Douaud et al., 2011; Sharma et al., 2011, 2013; Machts et al., 2015; Westeneng et al., 2016; Christidi et al., 2018; Chipika et al., 2020), although this study did not show a difference. In addition to the probable reasons listed as hypothalamic volume, thalamic atrophy was most commonly reported in the patients with ALS who also had frontotemporal dysfunctions (Machts et al., 2015; Westeneng et al., 2016; Christidi et al., 2018). Other studies did not mention cognitive function (Douaud et al., 2011; Sharma et al., 2011, 2013). Patients with normal cognitive function have seldom been reported. Since the cognition of this group of the patients with ALS was normal, we hypothesize that thalamic atrophy in the patients with ALS may be more related to frontotemporal dysfunction and needs further study.

Age is commonly recognized to have a negative correlation with brain volumes. However, although there were trends of significance between age and thalamic volume, there were no significant differences between age and hypothalamic volume in either the patients with ALS or controls. Gorges’s (Gorges et al., 2017) study found that the age at the onset was correlated with anterior hypothalamic volume but not with total or posterior hypothalamic volumes. Our study did not divide the hypothalamus into anterior and posterior parts; thus, it is unknown whether any subregional differences exist. It is also worth noting that, unlike the thalamus, hypothalamic volume was not correlated with whole-brain volume in healthy controls but was significantly correlated in the patients with ALS. Thus, we speculate that hypothalamic volume may be a potential age-independent biomarker for ALS. Additionally, hypothalamic volume was not correlated with the disease stage. These characteristics suggest that further in-depth investigation is required to determine the structural and functional roles of the hypothalamus.

Generally, there are some limitations of this study. First, the sample size was small, which may have affected the accuracy of the analyses, and the results need confirmation in further large-sample studies. Second, we did not divide subregions of the thalamus and hypothalamus, which may have different brain network connections. Third, we used the AccuBrain® technique to analyze thalamic and hypothalamic volumes. The software is commercial and inaccessible to other researchers; therefore, it is not easy to replicate by fellow colleagues. As our study did not provide commonly accepted measures but only a comparison with the post-segmentation manual correction, it is not comparable to validation studies assessing alternative software. For future work, it will be important to compare volumes by using these different sensitive techniques to confirm the results. Much work remains to be done for automated thalamus and hypothalamus volumetry, requiring larger sample sizes to compensate for the measurement errors and to provide a deeper understanding of the role of the thalamus and hypothalamus.



CONCLUSION

Thalamic and hypothalamic volumes did not show differences between the patients with normal frontotemporal function ALS and healthy controls, but further studies are needed.
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Mean + SD Non-adjusted Adjusted

FOSSQ + FOSSQ- t P OR (95% CI) P

N 85 581

RMM 6:2:4+:8.3 8.1 2T —5.26 <0.001 0.98 (0.88-1.09) NS
RCM 3.6+32 59+4.1 —4.90 <0.001 1.01 (0.92-1.11) NS
ATT 2i3:k201 50+23 —10.00 <0.001 0.67 (0.59-0.77) <0.001
MEN 1.6::2.6 40+£35 —5.99 <0.001 0.85 (0.75-0.95) 0.006
ORI 7.4+56 11.1+£569 —5.54 <0.001 1.08 (0.96-1.10) NS
ABS 2:8:k02:3 43+24 —5.47 <0.001 0.93 (0.86-1.15) NS
LAN 5.8+ 3.0 7922 —7.52 <0.001 0.89 (0.80-0.99) 0.044
DRAW 45+38 6.6 +£4.0 —4.60 <0.001 1.02 (0.94-1.10) NS
ANM 3.6+32 58+35 —5.58 <0.001 1.04 (0.93-1.15) NS

CASI, Cognitive Abilities Screening Instrument; FOSSQ, Freezing of Speech Single Questionnaire; CDR, Clinical Dementia Rating scale; N, number of cases; NA, not
applicable; NS, not significant; OR, odds ratio; RMM, remote memory; RCM, recent memory; ATT, attention; MEN, mental manipulation; ORI, orientation; ABS, abstract
thinking; LAN, language; DRAW, drawing; ANM, animal naming.
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Mean + SD Non-adjusted Adjusted

FOSSQ + FOSsQ — t P OR (95% CI) P
N 85 581
MFCS
Disorganized speech 37 (43.5) 34 (5.9) 110.562 <0.001 5.74 (3.17-10.41) <0.001
Drowsy/lethargic 57 (67.1) 156 (26.9) 55.11 <0.001 3.39 (1.99-5.77) <0.001
Sleep > 2 h 63 (74.1) 121 (20.8) 105.32 <0.001 6.68 (3.77-11.82) <0.001
Staring into space 57 (67.1) 73 (12.6) 140.17 <0.001 7.88 (4.41-14.08) <0.001
MFCS total score 25412 0.7 +1.0 15.69 <0.001 3.12 (2.38-4.10) <0.001
HAICDDS-Language
L1 60 (70.6) 173 (29.8) 87.76 <0.001 3.09 (1.78-5.37) <0.001
L2 68 (80.0) 199 (34.3) 96.55 <0.001 3.01 (1.54-5.90) 0.001
L3 54 (63.5) 140 (24.1) 91.10 <0.001 2.38 (1.35-4.19) 0.003
L4 21 (24.7) 22.(3.8) 60.31 <0.001 4.70 (2.37-9.56) <0.001
L5 59 (69.4) 155 (26.7) 62.10 <0.001 2.65 (1.48-4.77) 0.001
L6 61 (71.8) 198 (34.1) 74.68 <0.001 2.87 (1.66-4.96) <0.001
L7 2 (2.4 6 (1.0 0.89 NS 3.33 (0.56-19.64) NS
L8 28 (32.9) 30 (5.2) 71.97 <0.001 4.96 (2.62-9.38) <0.001
Language total score 6.0 (3.2) 1.9 (24 138.57 <0.001 1.45 (1.30-1.61) <0.001

MFCS, Mayo Fluctuation Composite Score; HAICDDS-Language; Language subscale in the History-based Atrtificial Intelligent Clinical Dementia Diagnostic System;
FOSSQ, Freezing of Speech Single Questionnaire; CDR, Clinical Dementia Rating scale; N, number of cases; NA, not applicable; NS, not significant; OR, odds ratio; L1,
Does his/her speaking become noticeably less fluent? L2, Can’t he/she understand words or sentences of others? L3, Is it difficult to express a sentence completely? L4,
Does he/she repeat the same words or repeat the words of others? L5, Does he/she speak very little? L6, Does he/she have trouble finding words or names? L7, Does
language impairment occur early and much earlier than other symptoms? L8, Does his/her speech reduce pitch range (monotone) and reduced volume (hypophonia)?
Any, at least one scale of the language questionnaire was positive.
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Hemisphere Persistent Graph theory-based

homology-based properties
properties
SIP BNP CPL NR EC Mod GC
Both 0.006 0.004 0.365 0.062 0.183 0.087 0.201
Left 0.047 0.049 0.364 0.177 0.276 0.089 0.368
Right 0.078 0.098 0.190 0.095 0.162 0.195 0.352

APOE4+, APOE e3/e4 and e4/e4 alleles; APOE4-: APOE e3/e3 allele; SIP, Slope
of Integrated persistent feature Plot; BNF, Betty Number Plot; CPL, Characteristic
Path Length; NR, Network Radius; EC, Eigenvector Centrality; Mod, modularity;
GC, Global Efficiency.
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APOE4+ (n = 16) APOE4- (n = 22) p-value

Age 73.88+7.35 75.75 + 5.34 0.368
Education 16.53 £ 1.97 16.84 £ 2.84 0.462
Male/Female 7/9 10/12 0.920
MMSE Score 28.590 + 1.65 28.77 + 1.66 0.833

Data is presented as means + standard deviations. APOE4+, APOE e3/e4 and
e4/e4 alleles; APOE4-, APOE e3/e3 allele; NC, Normal Control; MMSE, Mini-Mental
State Examination; CDR, Clinical Dementia Rating.
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Hemisphere Persistent Graph theory-based

homology-based properties
properties
SIP BNP CPL NR EC Mod GC
Both 0.021 0.009 0.237 0.024 0.273 0.037 0.458
Left 0.027 0.027 0.316 0.154 0.422 0.361 0418
Right 0.144 0.097 0.134 0.052 0.281 0.090 0.393

The permutation test of 10,000 permutations was performed for statistical
inference. APOE4+-, APOE e3/e4 and e4/e4 alleles; APOE4-: APOE e3/e3 allele;
SIP Slope of Integrated persistent feature Plot; BNP Betti Number Plot; CPL,
Characteristic Path Length; NR, Network Radlius; EC, Eigenvector Centrality; Mod,
modularity; GC, Global Efficiency.
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APOE4+ (n = 27) APOE4- (n = 31) p-value

NC/SMC 16/11 22/9 -

Age 73.26 +6.83 74.58 £5.18 0.407
Education 16.81 £2.17 17.22 £2.93 0.569
Male/Female 12/15 15/16 0.769
MMSE Score 2817 £1.58 28.53 + 1.55 0.734

Data is presented as means =+ standard deviations. APOE4+, APOE e3/e4
and ed/e4 alleles; APOE4-: APOE e3/e3 allele; NC, Normal Control; SMC,
Subjective Memory Complaint; MMSE, Mini-Mental State Examination;, CDR,
Clinical Dementia Rating.
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ROI node name Left hemisphere Right hemisphere

Index in AAL90 Abbreviation Index in AAL90 Abbreviation
Inferior frontal gyrus pars triangularis 13 IFGtriang.L 14 IFGtriang.R
Medial frontal gyrus 23 SFGmed.L 24 SFGmed.R
Superior medial orbital frontal cortex 25 ORBsupmed.L 26 ORBsupmed.R
Anterior cingulate and paracingulate gyrus 31 ACG.L 32 ACG.R
Posterior cingulate gyrus 35 PCG.L 36 PCG.R
Parahippocampal gyrus 39 PHG.L 40 PHG.R
Cuneus 45 CUN.L 46 CUN.R
Supramarginal gyrus 63 SMG.L 64 SMG.R
Angular gyrus 65 ANG.L 66 ANG.R
Precuneus 67 PCUN.L 68 PCUN.R
Superior temporal gyrus 81 STG.L 82 STG.R
Temporal pole: superior temporal gyrus 83 TPOsup.L 84 TPOsup.R
Middle temporal gyrus 85 MTG.L 86 MTG.R
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Classifier Modalities pMCI/sMCI ACC AUC
SWM MRI, PET, CSF, APOE 110/205 83.6% N

ELM MRI, PET, CSF, APOE 110/205 84.7% 88.8%
ELM MRI, PET, CSF, APOE, neuropsychological scores 110/205 85.1% 92.6%
ELM MRI, PET, CSF, APOE, neuropsychological scores 110/141 (ambiguous subjects excluded) 87.1% 94.7%

ACC, accuracy; APOE, apolipoprotein E; AUC, area under receiver operating characteristic curve; CSF, cerebrospinal fluid;, ELM, extreme learning machine; pMCl,
progressive mild cognitive impairment; sMCI, stable mild cognitive impairment; SVM, support vector machine.
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TABLE 1 | The demographic information of subjects.

Mean + SD NC sMcl pMClI AD
Count (F/M) 200 (93/107) 205 (90/115) 110 (47/63) 102 (35/67)
Age 739+60 71.8+741 739472 75.7+£80
Education 164427 161 £2.7 162 +2.7 15.4 £ 3.0
MMSE 29.0+£1.2 281417 271417 232420

In cells of the second row, the first number is total number with numbers of female (F) and male (M) in brackets. AD, Alzheimer’s disease; MMSE, Mini Mental State

Examination; NC, normal control; pbMCI, progressive mild cognitive impairment; SD, standard deviation; sMCI, stable mild cognitive impairment.
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Input: Map,nc, Pap/Ne, Bap/ne: Mwct, Puvci, Bucl

1
2
3

4

a = LASSO(train = Map nc)-coefficients;

Map/nc = Map/ncl:s ! = 0], Myic) = Myail:, ! = 0];
scoremp) = ELM(train = Map,nc)-outputScore(Mycy);
scorepgr = ELM(train = Pap,nc)-outputScore(Pyc));
scoregip = ELM(train = Bap,Nc)-outputScore(Buc));
scores = [scoreyR|, SCOrepgT, Scorepio]; ## scoreseRN*3

Classification and Validation:

5
6

9

for n from 1 to 100:
scores = scores[random_permute,:];
Ten folds cross-validation:
separate scores into ten folds along first dimension;
forifrom 1to 10:
testSet = scores[foldth = = i,:];
trainSet = scores|[others,];
record predict = ELM(train = trainSet).classify(testSet);
end for
end for

statistics of 100 runs
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“- modality” means the absence of the modality in experiments. In each cell, the two numbers represent the mean and standard deviation derived from 100 runs of
validation. ACC, accuracy; APOE, apolipoprotein E; AUC, area under receiver operating characteristic curve; BACC, balanced accuracy; CSF, cerebrospinal fluid; LASSO,

least absolute shrinkage and selection operator; SEN, sensitivity; SPE, specificity.
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Mean = SD Non-adjusted Adjusted

FOSSQ + FOSSQ-— t/x2 P OR (95% ClI) p
N 85 581
Age, years 77.34+10.1 746 +11.3 2.20 0.028 NA
CDR, 0/0.5/1/2/3 2/9/23/31/20 51/288/128/88/26 87.79 <0.001 NA
Female, N (%) 39 (45.9) 328 (56.3) 3.35 NS 0.56 (0.34-0.92) 0.023
Education, years 57+11.3 58 +4.9 —0.14 NS 1.01 (0.98-1.05) NS
IADL 14+24 43+33 —7.97 <0.001 0.95 (0.77-1.16) NS
MoCA 6.3+6.2 122482 —6.36 <0.001 0.98 (0.92-1.04) NS
CASI 37.7+236 58.6 + 25.4 —-7.18 <0.001 0.99 (0.98-1.01) NS
NPI 140+ 11.8 54+79 8.73 <0.001 1.05 (1.03-1.08) <0.001
UPDRS-M 30.9+19.9 18.2 + 16.6 8.34 <0.001 1.02 (1.01-1.03) 0.002
DLB features
Fluctuation 56 (65.9) 60 (10.3) 159.11 <0.001 10.22 (5.76-18.13) <0.001
VH 26 (30.6) 30(5.2) 62.24 <0.001 4.18 (2.20-7.95) <0.001
Parkinsonism 58 (68.2) 148 (25.5) 63.27 <0.001 4.68 (2.77-7.91) <0.001
RBD 21 (24.7) 56 (9.6) 16.46 <0.001 2.84 (1.52-5.29) <0.001
DaTabN 12 (63.2) 20(30.3) 6.78 0.009 1.16 (0.23-3.29) NS
History of CVA 26 (30.6) 128 (22.0) 3.06 NS 1.11 (0.63-1.94) NS

FOSSQ, Freezing of Speech Single Questionnaire; CDR, Clinical Dementia Rating scale; N, number of cases; NA, not applicable; NS, not significant; OR, odds ratio;
IADL, Instrumental Activities of Daily Living; MoCA, Montreal Cognitive Assessment; CASI, Cognitive Abilities Screening Instrument; NPI, total score of the twelve-domain
Neuropsychiatric Inventory; UPDRS-M, motor subscale of the Unified Parkinson’s Disease Rating Scale in 28 NC, 34 AD, 34 VICI, and 25 DLB; VH, visual hallucinations;
RBD, REM sleep behavior disorder; DaTabN, abnormal dopamine transporter imaging in 29 NC, 15 AD, 17 VCI, and 24 DLB; CVA, cerebrovascular accident.
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Brain areas Side Peak location P-value Cluster size

X y z
Patients vs. controls (negative)
Genu of corpus callosum L —11 29 —4 0.028 718
Body of corpus callosum L —-16 —4 36 0.033 742
Splenium of corpus callosum L —18 =31 33 0.039 184
Anterior limb of internal capsule R 22 14 12 0.046 206
L —20 20 4 0.040 4
Retrolenticular part of internal capsule R 38 —34 -2 0.039 128
Anterior corona radiata R 13 32 -7 0.034 1066
L -16 36 -8 0.027 1148
Superior corona radiata R 18 13 33 0.040 299
L -18 15 31 0.033 322
Posterior corona radiata R 30 —63 19 0.041 80
L -19 —31 35 0.039 35
Posterior thalamic radiation R 39 —42 -2 0.039 653
Sagittal stratum R 42 =31 —-10 0.039 374
External capsule R 16 19 -1 0.039 137
Fornix/stria terminalis R 29 —27 -3 0.041 120
Superior longitudinal fasciculus L —43 —47 6 0.049 55
Tapetum R 31 —51 14 0.042 24
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Brain areas Side Peak location P-value Cluster size
X y z
Patients vs. controls (positive)
Genu of corpus callosum R 11 21 20 0.008 998
Body of corpus callosum R 10 18 21 0.008 1537
Splenium of corpus callosum R 24 —51 18 0.008 859
Anterior limb of internal capsule R 23 7 18 0.010 387
L -15 14 0 0.011 196
Posterior limb of internal capsule R 24 -7 18 0.010 336
Retrolenticular part of internal capsule R 38 -37 -2 0.008 358
L —38 —29 —1 0.012 231
Anterior corona radiata R 18 20 28 0.008 1296
L —-18 36 13 0.009 1374
Superior corona radiata R 25 —23 30 0.008 1208
L -27 -2 25 0.010 999
Posterior corona radiata R 30 —47 20 0.008 685
L —-20 -35 38 0.010 600
Posterior thalamic radiation R 33 —62 11 0.008 655
L -33 —64 7 0.010 748
Sagittal stratum R 39 -1 —15 0.008 464
L —40 -35 -13 0.012 335
External capsule R 36 —10 —12 0.002 635
L —16 16 —12 0.010 479
Cingulum (cingulate gyrus) R 10 -37 32 0.008 75
L —10 -35 32 0.049 101
Fornix/stria terminalis R 32 —14 -1 0.010 70
L —-32 —21 -8 0.012 112
Superior longitudinal fasciculus R 39 —48 19 0.008 1196
L -37 —41 24 0.010 1104
Tapetum R 32 —51 14 0.008 36
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Groups ND

N 190
Age, year 68.1+11.4
Female, N (%) 100 (52.6)
Education, year 74+49
CDR, 0/0.5/1/2/3 53/137/0/0/0
CDR-SB 0.7 +£0.7
IADL 7.7+06
MoCA 20.0 £6.0
CASI 81.5+12.1
NPI-sum 34+5.0
UPDRS-M 7A1+£74
DLB features, N (%)

Fluctuation 4(2.1)
VH 1(0.5)
Parkinsonism 32 (16.8)
RBD 17 (8.9)
DaTabN 2(6.9)
Informant

Age, year 58.8+13.3
Education, year 111 +£75

AD

230
80.1+ 8.6
164 (67.0)
4.4 +45

0/85/77/51/17
6.7 £ 4.4
2727
74+55
44.8 +£21.5
52+6.9
11.4 £120

32 (13.9)
10 (4.3)
42 (18.9)
13(5.7)
3(20.0)

54.9 +14.3
11.1+£43

VaD

183
737 +10.7
77 (42.1)
6.0+ 4.8
0/66/52/48/17
72450
26+29
9.1+68
47.8+24.6
8.3+09.3
30.6 £ 14.6

48 (26.2)
16 (8.7)
73(39.9)
13(7.1)
8 (47.1)

55.7 £ 13.7
102+ 4.8

DLB

63
80.8 +£7.0
36 (67.1)
53+ 13.0
0/9/22/20/12
9.7:+62
1.4+23
7365
43.2 £23.3
16.6 +14.0
289+ 111

32 (50.8)
29 (46.0)
59 (93.7)
34 (54.0)
19 (79.2)

54.3 £13.7
11.1+£49

F/x2

57.24
29.19
9.15
324.18
128.61
235.16
175.02
139.26
31.02
37.76

91.61
136.07
167.39
123.49

31.94

1.96
0.60

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

<0.001
<0.001
<0.001
<0.001
<0.001

0.120
0.613

N, Number of participants; ND, Non-demented; AD, Alzheimer disease; VaD, vascular dementia; DLB, Dementia with Lewy bodies; CDR, Clinical Dementia Rating;
IADL, Instrumental Activities of Daily Living; MoCA, Montreal Cognitive Assessment; CASI, Cognitive Abilities Screening Instrument; NPI-sum, The sum of score of
Neuropsychiatric Inventory; UPDRS-M, motor subscale of the Unified Parkinson’s Disease Rating Scale in 28 NC, 34 AD, 34 VCI, and 25 DLB; VH, visual hallucinations;
RBD, REM sleep behavior disorder; DaTabN, abnormal dopamine transporter imaging in 29 NC, 15 AD, 17 VCI, and 24 DLB.
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Age, mean (SD)

Sex

Modified Rankin Scale score?, mean (SD)

Time from symptom onset to diagnosis, mean (SD)
Mini-Mental State Examination (MMSE), mean (SD)
Montreal Cognitive Assessment (MoCA), mean (SD)
Symptom

Memory impairment

Seizure

Faciobrachial dystonic seizures

Mental and behavioral abnormalities
Cerebrospinal fluid

Glucose (mmol/L), mean (SD)

Chlorine (mmol/L), mean (SD)

Protein® (g/L), mean (SD)

Lactic acid® (mmol/L), mean (SD)

Antibodies to LGI1

Serum (positive)

Cerebrospinal fluid (positive)

55.9 (10.6) years
11 male, 3 female
2.2(0.8)

3.4 (2.3) months
22.1(5.9)
18.3(5.5)

10/14 (71%)
11/14 (79%)
4/14 (29%)
4/14 (29%)

46(1.2)
121 (5.6)
0.38 (0.17)
2.2(0.3)

14/14 (100%)
10/14 (71%)

aThe criteria of the modified Rankin Scale (mRS) score can be described as: 0 — No
symptoms at all. 1— No significant disability despite symptoms; able to carry out all
usual duties and activities. 2 — Slight disability; unable to carry out all previous
activities, but able to look after own affairs without assistance. 3 — Moderate
disability; requiring some help, but able to walk without assistance. 4 — Moderately
severe disability; unable to walk and attend to bodily needs without assistance. 5 -
Severe disability; bedridden, incontinent and requiring constant nursing care and
attention. PCSF Protein normal values: <0.45 g/L. °CSF lactic acid normal values:

1.2-2.1 mmol/L.
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Peak T
Brain areas Location location statistic
Side BA X y z

Patients vs. controls (negative)

Hippocampus L NA -27 —-10 -23 -3.13
Inferior frontal gyrus (IFG) L 47 42 29 -4 -362
Amygdala R NA 27 -1 —-14 825
Superior temporal gyrus (STG) R 22 51 —-19 1 —3.42
Anterior cingulate cortex (ACC) R 32 6 38 -2 =271
Posterior cingulate cortex (PCC) R 23 6 —43 25 —-259
Patients vs. controls (positive)

Caudate L NA —-18 17 18 +4.57
Putamen R NA 24 10 +3.13
Supplementary motor area (SMA) R 6 9 2 58 +3.76
NA, not applicable. All coordinates are in the MNI (Montreal Neurological

Institute) ICBM152 space.
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NDC mean (SD) AD mean (SD) DLB mean (SD) AD vs. NDC OR, p-value = DLB vs. NDC p-value DLB vs. AD p-value

Age, year 71.3(9.2) 80.2(7.2) 81.3(7.0) NA NA NA
CDR-SB 0.8(0.7) 7.0(4.6) 10.3(5.3) 11.25, < 0.001 4.78, < 0.001 1.15, < 0.001
Female, N (%) 81 (52.6) 151 (65.9) 32 (56.1) 1.88,0.010 0.92, NS 0.67, NS
Education 7.1(6.1) 4.1(4.4) 32(3.7) 0.93, 0.003 0.90, 0.027 0.95, NS
HAI-VSQ 0.4 (0.6) 2.0(2.2) 3322 3.68, < 0.001 5.62, < 0.001 1.26, < 0.001
IADL 7.5(1.0) 2.3(2.6) 1.2(2.1) 0.31, < 0.001 0.37, < 0.001 0.78,0.003
MoCA 19.1 (6.1) 6.8 (5.1) 5.8(4.8) 0.75, < 0.001 0.70, < 0.001 0.95, NS
CASI 79.4 (12.2) 41.8 (22.8) 39.7 (21.8) 0.90, < 0.001 0.89, < 0.001 0.99, NS
NPI 3.1(5.0) 5.4(7.7) 16.0 (16.4) 1.09, < 0.001 1.23, < 0.001 1.10, < 0.001
Fluctuation, N (%) 2(1.3) 36 (15.7) 37 (64.9) 12.87, < 0.001 135.9, < 0.001 9.9, < 0.001
VH, N (%) 4(2.6) 12(5.2) 15 (26.3) 1.69, NS 17.9, < 0.001 6.64, < 0.001
Parkinsonism, N (%) 18 (11.8) 26 (11.4) 51 (89.5) 0.68, NS 41.86, < 0.001 66.64, < 0.001
RBD, N (%) 17 (11.0) 9(3.9 22 (38.6) 0.34,0.023 7.89, < 0.001 17.47, < 0.001
DaTabN*, N (%) 5(35.7) 3(27.3) 13 (72.2) 0.64, NS 3.84,NS 10.8, 0.018
Informer age, year 61.0 (12.6) 541 (10.2) 56.8 (12.4) 0.94, < 0.001 0.96, 0.035 1.02, NS
Informer education, year 10.0 (4.4) 12.1(3.3) 11.2(3.5) 1.12,0.011 1.07, NS 0.91, NS

Odds ratio (OR) was Adjusted for Age. NDC, Non-demented control, including normal cognition and mild cognitive impairment; AD, Alzheimer’s disease; DLB, dementia
with Lewy bodies; NA, Not applicable; NS, Non-significance; CDR-SB, Sum of boxes of the Clinical Dementia Rating Scale; HAI-VSQ, Visuospatial function question-
naire in the History-based Artificial Intelligent Clinical Dementia Diagnostic System (HAICDDS); IADL, Instrumental Activities of Daily Living; MoCA, Montreal Cognitive
Assessment; CASI, Cognitive Abilities Screening Instrument; NPI, Neuropsychiatric Inventory; VH, Visual hallucinations; RBD, REM sleep behavior disorder; DaTabN*,
Abnormal dopamine transporter imaging among eight ND, 12 AD, and 17 DLB participants.
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Age Education Gender CDR-SB IADL MoCA CASI NPI HAI-VSQ MoCA-VS CASI-Draw
HAI-VSQ r=0.330 r=-0.112 r=-0.026 r=0.825 r=-0.602 r=-0.552 r=-0.683 r=0.235 r=-0.380 r=-0.467
p < 0.001 p=0.019 p=0.341 p < 0.001 p < 0.001 p < 0.001 p < 0.001 p < 0.001 p < 0.001 p < 0.001
MoCA-VS  r=-0.550 r=0.584 r=0.234 r=-0.537 r=0.598 r=0.842 r=0.715 r=-0.131 r=-0.380 r=0.599
p < 0.001 p < 0.001 p < 0.001 p < 0.001 p < 0.001 p < 0.001 p < 0.001 p =0.006 p < 0.001 p < 0.001
CASI-Draw  r = —0.396 r=0.424 r=0.187 r=-0.612 r=0.565 r=0.687 r=0.786 r=-0.140 r=-0.467 r=0.599
p < 0.001 p < 0.001 p < 0.001 p < 0.001 p < 0.001 p < 0.001 p < 0.001 p =0.003 p < 0.001 p < 0.001

CDR-SB, Sum of boxes of the Clinical Dementia Rating Scale; IADL, Instrumental Activities of Daily Living; MoCA, Montreal Cognitive Assessment; CASI, Cognitive Abilities Screening Instrument; NPI, Neuropsychiatric
Inventory, HAI-VSQ, Sum score of the visuospatial questionnaire in History-based Atrtificial Intelligent Clinical Dementia Diagnostic System (HAICDDS); MoCA-VS, Visuospatial domain in MoCA; CASI-Draw, Visuospatial

domain in CASI.
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NDC mean (SD) AD mean (SD) DLB mean (SD) AD vs. NDC OR, p-value DLB vs. NDC OR, p-value DLB vs. AD OR, p-value

HAI-VSQ 0.4 (0.6) 2.0(2.2) 33(2.2) 2.79, < 0.001 4.28, < 0.001 1.48, < 0.001
MoCA-VS 2.5(1.6) 0.5(1.0) 0.4(0.7) 0.81,NS 0.70, NS 0.96, NS
CASI-Draw 8.6 (2.5) 4.9(4.1) 4.3(35) 1.25,0.003 1.03, NS 1.02, NS

Odds Ratio (OR) was Adjusted for Age, Education, Gender, and Cognitive State by CASI Total Score. NDC, Non-demented control; AD, Alzheimer’s disease; DLB,
dementia with Lewy bodies; NA, Not applicable; NS, Non-significance; HAI-VSQ), Visuospatial function questionnaire in History-based Artificial Intelligent Clinical Dementia
Diagnostic System (HAICDDS); MoCA-VS, Visuospatial domain in MoCA; CASI-Draw, Visuospatial domain in CASI.
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dfALFF Middle Occipital Gyrus, Cuneus, Calcarine, right Superior occipital gyrus 18 —81 21 218 —4.1399

dReHo Left Cerebellum Posterior Lobe —36 —63 -39 92 4.4288
Middle Temporal Gyrus, Inferior Temporal Gyrus —54 —45 —-12 87 4.2681
Medial Frontal Gyrus, Superior Frontal Gyrus 15 69 3 175 3.501
Superior Temporal Gyrus, Middle Temporal Gyrus 63 -39 6 84 3.7049
Middle Frontal Gyrus, opercular part of inferior frontal gyrus, Right Cerebrum 48 21 33 93 4.019
Medial Frontal Gyrus, Superior Frontal Gyrus 3 42 36 79 3.3601
Inferior Parietal Lobule, Superior Parietal Lobule, Precuneus 42 —54 48 176 3.7523
Middle Temporal Gyrus_L —57 —-57 0 241 —3.8508
Precuneus_R 24 —48 3 459 4.3631
Middle Frontal Gyrus_R 36 57 18 230 —3.6827
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Participants B SE Wald's 42 OR 95% Cl p-value

APOE ¢4 carriers Model 4
HighTC -0.716 0.545 1.724 0.489 0.168-1.423 0.189
High TG 0.098 0.556 0.081 1.108 0.371-3.284 0.860
High LDL-c 0.166 0.618 0.072 1.181 0.352-3.965 0.788
Low HDL-c 3172 1.208 6.957 23.847 2.269-261.772 0.008
Model 5
HighTC —0.946 0.594 2.540 0.388 0.121-1.243 0.411
High TG -0.238 0.615 0.150 0.788 0.236-2.628 0.698
High LDL-c 0.060 0.665 0.008 1.062 0.288-3.914 0.928
Low HDL-c 4.100 1.432 8.200 60.335 3.646-998.364 0.004
APOE &4 non-carriers Model &
HighTC 0.245 0.176 0.902 0.558-1.458 0.675
High TG 0.270 0.840 0.781 0.460-1.325 0.359
High LDL-c 0.376 0.339 0.803 0.384-1.680 0.561
Low HDL-c 1.057 0.184 0.636 0.080-5.043 0.668
Model 7
HighTC —0.052 0.250 0.043 0.950 0.582-1.549 0.836
High TG -0.176 0.283 0.385 0.839 0.482-1.461 0.535
High LDL-c —0.166 0.383 0.187 0.847 0.400-1.795 0.665
Low HDL-c —0.254 1.062 0.057 0.776 0.007-6.221 0.811

Binary logistic regression model was used for data analysis, cif = 1. Models 4 and 5 were analyzed in APOE 4 carriers. Modiels 6 and 7 were analyzed in APOE s4 non-carriers. APOE
o4 carrier status: dummy coded with e4 carmiers = 1, non-carters = 0. Models 4 and 6 were adjusted for age, gender, and education yeers. Models 5 and 7 were adjusted for age,
gender, edlucation years, smoking, drinking, intensity of physical activity, body mass index, log-transformed fasting blood glucose, mean arterial pressure, pulse rate, and heart disease.
TC, total cholesterol: LDL-c, low-density lipoprotein; HDL-c, high-density lipoprotein: TG, triglycerides; APOE, apolipoprotain E.
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Total (n = 1,273) Normal serum lipids (1 = 519) Dyslipidemia (n = 754) df p-value

Age, years (mean = SD) 574+97 565+ 102 575+93 1,271 0062
Gender, female (%) 755 (59.8) 275 (53.0) 480 (63.7) 1 <0.001
Education, years (mean + SD) 6.4+8.4 68+82 62+85 1.271 0,003
Drirking, n (%) 153 (12.0) 68 (13.1) 85(113) 1 0324
smoking, n (%) 400 (31.4) 187 (36.0) 213(28.2) 1 0,003
Lack of activity, n (%) 252 (19.8) 97 (187) 155 (12.2) 1 0411
Cardiovascular disease, n (%) 114 (9.0 4710.4) 67(8.9) 1 0917
Hypertension, n (%) 479 (37.6) 164 (31.6) 315 (41.8) 1 <0.001
Diabetes melltus, n (%) 142(11.2) 51(9.8) 91 (12.1) 1 0212
MAP, mimHg (mean + SD) 957 +£11.7 94 %12 o7 12 1.271 <0.001
Puise rate, (mean = SD) 74 £10 73+ 10 75+ 10 1,271 <0.001
FBG, mmol/L, median (quartie) 5.34 (5.02, 5.80) 5.27 (4.98, 5.66) 5.40(5.05, 5.89) - <0.001
BMI, kg/m? (mean + SD) 2510 +£3.20 2432 +8.06 2562 :£3.19 1.271 <0.001
Cognttive impairment, n (%) 99(7.8) 41(7.9) 58(7.7) 1 0892
APOE 4 cariers, n (%) 189 (14.8) 57(11.0) 132 (10.4) 1 0001

Unpaired Student’s t-test and mean & SD were used to compare the difference of the approximately nommally distributed continuous variables between normal serum lipids group and
dyslipidemia group. Menn-Whitney U test and median (quartil) were used for the skew distributional data, and x? and percentage were used for categorical variables. SD, standard
Hewsaliors READ iy arfariel rresesinst: FOG. St Biocd olicoser BIE. Bock it ndee APOE soclsderoian E
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B SE Wald’s 12 OR 95% Cl p-value
Model 1
High TC ~0.195 0222 0774 0.823 0533-1.274 0.380
High TG —0.167 0239 0.487 0.848 0529-1.353 0.485
High LDL-c —0.082 0312 0.039 0.940 0511-1.732 0843
Low HDL-c 0595 0655 0.824 1.813 0.502-6.544 0364
Model 2
High TC —0.161 0226 0506 0.851 0.546-1.326 0477
High TG —0.144 0.250 0333 0.866 0531-1.413 0.564
High LDL-c —0.081 0319 0.036 0.941 0.504-1.757 0.849
Low HDL-c 0718 0655 1.203 2.051 0.568-7.404 0273
Model 3
High TC —0.077 0.248 0.09 0.926 0.569-1.507 0.757
High TC by APOE 54 status —0.462 0568 0662 0630 0.207-1.918 0416
High TG —0.474 0279 0.39 0.840 0.486-1.452 0532
High TG by APOE &4 status 0146 0592 0.061 1.157 0.363-3.692 0.805
High LDL-c —0.180 0382 0222 0835 0.395-1.766 0.637
High LDL-c by APOE ¢4 status 0435 0704 0.381 1.544 0.389-6.136 0537
Low HDL-c —0.354 1.061 0.111 0702 0.088-5.614 0.739
Low HDL-c by APOE ¢4 status 3.000 1.452 4.269 20.094 1.167-346.056 0.039

Binary logistic regression model was used for data analysis, df = 1. APOE s4 carier status: dummy coded with s4 carriers = 1, non-carriers = 0. Mode! 1 was adfusted for age, gender;
and education years. Model 2 was adjusted for age, gender; education years, smoking, crinking, intensity of physical activity, body mass index, log-transformed fasting blood glucose,
mean arterial pressure, puise rate, heart disease, and APOE e cartier status. Model 3 was adjusted for the covariates included in model 2 as well as the interaction terms of APOE
¢4 carrier status by serum lipids. TC, total cholesterol: LDL-c, low-density lipoprotein; HDL-c, high-density lipoprotein: TG, triglycerides; APOE, apolipoprotein E.
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APOE &4 non-carriers (n = 1,084) APOE ¢4 cartiers (n = 189) df p-value
Age, years (mean + SD) 57.0+98 575+93 1,271 0501
Gender, fernale (%) 642 (59.2) 113 (59.8) 1 0884
Education, years (mean & SD) 65+3.4 62+35 1,271 0228
Drirking, n (%) 133 (12.3) 20 (106) 1 0510
Smoking, n (%) 43 (31.6) 57(30.2) 1 0685
Lack of activity, n (%) 217 (20.0) 35 (185) 1 0633
Cardiovascular disease, n (%) 103 (9.5 1(58) 1 0102
Hypertension, (%) 410(37.8) 69 (36.5) 1 0731
Diabetes melltus, n (%) 118 (10.7) 26(13.) 1 0218
MAR, mmHg (mean = SD) 95.7+118 956+ 11.3 1,271 0860
Pulse rate (mean = SD) 7410 749 1,271 0774
FBG, mmol/L, median (quartie) 5.33(5.01, 5.80) 5.36 (5.04, 5.88) - 0543
BMI, ko/m? (mean = SD) 25.07+8.15 2506+ 347 1,271 0437
Cognitive impairment, n (%) 80(7.4) 19 (10.4) 1 0205
Dyslipidenia, n (%) 622 (57.4) 132 (60.8) 1 0001
TC, mmol/L (mean + SD) 515+ 0.99 5.6+ 094 1,271 0,008
TG, mmol/L, median (quartie) 1.29(0.96, 1.80) 1.48(1.09, 2.15) - <0.001
LDL-c, mmol/L (mean + SD) 2.61+0.66 282+ 062 1,271 <0.001
HDL-c, mmol/L (mean & SD) 1.60+0.34 1.53+032 1,271 0007

Unpaired Student's t-test and mean  SD were used to compare the difference of the approximately nomally distributed continuous variables between APOE e4 carrers and non-
carriers. Mann-Whitney U test and median (quartie) were used for the skew distributional date. x2 and percentage were used for categorical variables. SD, standard deviation; MAR
mean arterial pressure; FBG, fasting blood glucose; BMI, body mass index; TC, total cholesterol; LDL-c, low-density lipoprotein; HDL~c, high-density lipoprotein; TG, trighycerices;
APOE, apolipoprotein E.
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HC (1 =30) T2DM without T2DM with F-value P-value
MCI (n = 30) MCI (n = 30) (t/x?)
Numbers 30 30 30 - -
Age (years) 53.17 + 6,57 54.97 +554 559+ 6.54 1.491 0231
Sex (male/female) 14/16 1911 12/18 3.467 0.477%
Education (years) 11.80 +2.99 11.90 £292 10.43£294 2316 0.105
Diabetes duration (years) - 793+598 693+ 5.46 0699 0933
BMI (kg/m?) 23.45 +2.59 24.08 +8.02 2559 +3.31 4.052 0.021*
Systolic blood pressure (mmHg) 128.18 % 18.10 13137 + 14.78 13057 & 18.25 0.194 0.749
Diastolic blood pressure (mimHg) 79.77 £ 9.47 82.90  9.80 80.60 + 1033 0895 0.441
Biochemical indicator
Fasting glucose (mmol/L) 5.47+0.63 856+ 1.97 9.14£3.05 25.769 <0001
HOATC (%) 550+ 0.36 884 1.72 9.13£2.07 49505 <0001
Total cholesterol (mmol/L) 5214096 496 1.37 524 %145 0.432 0651
HDL cholesterol (mmolrL) 1.40+0.33 1484030 1.16+£033 5.167 0,008
LDL cholesterol (mmol/L) 3.10+ 067 293+£078 336+ 1.06 1874 0.160
General mental status
MoCA 2777128 27.0040.83 22.93:+1.95 99.370 <0001
MMSE 2848+ 1.17 2843+ 1.07 27.93+1.31 1.774 0.176
Episodic memory
AVLTimmediately recall 22.83 + 5,00 2277 +3:83 19.50 £ 455 5.406 0.006'%
AVLT-recognition 22.00 % 1.45 2187+ 1.48 21,10+ 360 4252 0017*
AVLT-delayed recall (5 min) 820+ 1.94 780 156 7.23 £ 2.40 1.775 0.176
AVLT-delayed recall (20 min) 787 +2.18 733177 683264 1.620 0204
AVLT-classification 7.47 £260 743206 633225 1.902 0.155
ROCF-immedate recall 24.08 +8.49 2263+ 695 19.00 + 664 3754 0.027*
ROCF-delayed recall (20 min) 2365 7.74 2185£7.13 18.20 £ 6.19 4659 0012*
Working memory
WAIS 4623+ 11.99 4123+ 1083 35.63+8.33 7658 0.001*
DST-orwards 957+ 1.38 887 +0.82 893+ 1.08 3584 0.082"
DST-backwards 5534 1.17 503089 4674088 5.805 0.004"
Spatial processing
ROCF-copy 3347 £1.90 3255+ 4.11 31.7 388 0911 0.406
Executive function
™TB 6133+ 22.74 67.73 + 24.19 80.77 + 26.59 4877 0.010*
Language ability
VFT 44,83+ 6.06 44104829 40.60 +7.04 2970 0057
Attention
TMTA 4857 + 16,61 51.97 £ 17.44 63.80 + 21,66 5.484 0.006'%

All subjects (T2DM-MCI, T2DM-NC, HC) were matched for age, sex, and education. Values are the mean < standard deviation. Chi-square test for sex. The comparisons of each
neuropsychological test among these three groups were performed with ANOVA. The level of significance for intergroup differences wes set at P < 0.05. *P < 0.05 T2DM-MCI vs. HC
with post-oc test, Bonferron corrected. *P < 0.05 T2DM-NC vs. HC with post-hoc test, Bonferroni corrected. P < 0.05 T2DM-MCI vs. T2DM-NC with post-hoc test, Bonferroni

corrected. B, body mass index; HbATc, glycosylated hemoglobin; HDL, high-density lipoprotein; LDL, low-density lipoprotein; MMSE, Mini-Mentel State Examination; MoCA, Montreal

Cognitive Assessment; AVLT, Auditory Verbal Learning Test; ROCF, Rey-Osterrieth Complex Figure; WAIS, Wechsler Adult Intelligence Scale; DST, Digital Span Test; TMT, Trail Making

Test; VFT, Verbal Fluency Test.
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Morris water maze

Image acquisition
and analysis
software

SP600125

Source

Beijing Zhongyan Taihe
Medical Instrument, Co.,
Ltd

Peking University Institute
of Science Nerve and
Beijing Hua Wei Industrial
Development Company

Shanghai Xinruan
Information Technology,
Co., Ltd

China Daheng Group, Inc

Sigma-Aldrich, St. Louis,
MO, United States

Details

Model:
ZYTH2013030504,
specification:

0.256 mm x 13 mm
Model: HANS-LH202

Model: XR-XM101

China Daheng Group,
Inc., Beijing Image Vision
Technology Branch
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Antibody

Anti-APP antibody [Y188]

Anti-IJNK1 + JNK2 (phospho

T183 + Y185) antibody
Anti-JNK
Anti-MKK7 [EP1455Y]

Anti-MKK7 (phosphor T275)

Anti-MEK4/MKK4

Anti-MEK4/MKK4(phospho S80)

c-Jun (60A8) rabbit mAb
Anti-caspase-3
Anti-GAPDH

1gG H&L

Biotinylated secondary antibody

Host

species

Rabbit
Rabbit

Rabbit
Rabbit
Rabbit
Rabbit
Rabbit
Rabbit
Rabbit
Mouse
Goat
Rabbit

Antibody
code

ab32136
ab4821

92528
ab52618
ab192592
ab131494
ab131353
91658
ab13847
ab8245
ab150080
KIT-9706

Company

Abcam, United Kingdom
Abcam, United Kingdom

CST, United States
Abcam, United Kingdom
Abcam, United Kingdom
Abcam, United Kingdom
Abcam, United Kingdom
CST, United States
Abcam, United Kingdom
Abcam, United Kingdom
Abcam, United Kingdom
MXB, China
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Group Region

HC Precentral_L
Precentral R
Hippocampus_R
Calcarine_L
Calcarine_R
Occipital_Sup_L
Ocipital_Sup_R
Precuneus_L
Precuneus_R
Caudate_R
Putamen_L
Putamen_R
Thalamus_L

R (L) right (left) hemisphere.

Group

T2DM-NC

Region Group
Precentral_L T2DM-MCI
Precentral R

Calcarine_L

Calcarine_R

Occipital_Sup_L
Occipital_Sup_R
Precuneus_L
Precuncus_R
Caudate_L
Putamen_L
Putamen_R
Temporal_Mid_L

Region

Precentral_L
Precentral_R
Calcarine_L
Calcarine_R
Occipital_Sup_L
Occipital_Sup_R
Precuneus_ L
Precuneus_R
Putamen_L
Putamen_R
Thalamus_L
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Nodes

PreCG.L
IFGoperc.R
IFGtriang.L
IFGtriang.R
ORBInf.L
REC.L
INS.L
DCGL
PCGL
PCG.R
HIPL
HIPR
PHG.L
AMYG.L
CUNR
LING.L
SOG.L
SOGR
MOG.L
FFGL
FFGR
SPG.LL
IPLL
ANG.L
PCUN.L
POLL
PCLR
CAUL
MTGL
MTGR
TPOMId.L
me.L
ITGR

ANOVA

(p-value)

0.009
0.003
0.020
0.010
0.020
0.042
0.042
0.047
0.001
0.046
<0.001
0.034
0.001
0.001
0.009
0.002
0.013
0.018
0.012
<0.001
0.013
0.028
0.002
0.040
0.002
0.019
<0.001
0.023
0.039
<0.001
0.046
0.001
0.043

HC vs. T2DM-NC

ns
ns
0.039
ns
0.020
ns
ns
ns
0.017
ns
0.040
ns
ns
<0.001
ns
0.014
0.013
0.031
ns
ns
ns
ns
ns
ns
ns
0.021
0.002
ns
ns
0.004
ns
0.036
ns

Post-hoc test (p-value)

HC vs. T2DM-MCI

0.003
0.001
0.005
0.003
0.020
0.026
0.012
0.023
0.001
0.031
<0.001
0.013
0.001
0.007
0.002
<0.001
0.009
0.007
0.002
<0.001
0.002
0.012
<0.001
0.017
<0.001
0.003
<0.001
0.011
0.022
<0.001
0013
<0.001
ns

T2DM-MCI vs. T2DM-NC

ns
0.021
ns
0.015
ns
ns
ns
ns
ns
ns
0.009
ns
0.023
ns
ns
ns
ns
ns
ns
0.002
ns
0.025
0.010
ns
0.011
ns
ns
0.039
0.040
ns
ns
ns
0.019

Nodal efficiency difference

HC > T2DM-MCI

HC, T2DM-NC > T2DM-MCI
HC > T2DM-NC, T2DM-MCI
HC, T2DM-NC > T2DM-MCI
HC > T2DM-NC, T2DM-MCI
HC > T2DM-MCI

HC > T2DM-MCI

HC > T2DM-MCI

HC > T2DM-NC, T2DM-MCI
HC > T2DM-MCI

HC > T2DM-NC > T2DM-MCI
HC > T2DM-MCI

HC, T2DM-NC > T2DM-MC
HC > T2DM-NC, T2DM-MCI
HC > T2DM-MCI

HC > T2DM-NC, T2DM-MCI
HC > T2DM-NC, T2DM-MCI
HC > T2DM-NC, T2DM-MCI
HC > T2DM-MCI

HC, T2DM-NC > T2DM-MC
HC > T2DM-MCI

HC, T2DM-NC > T2DM-MC
HC, T2DM-NC > T2DM-MC
HC > T2DM-MCI

HC, T2DM-NC > T2DM-MC
HC > T2DM-NC, T2DM-MCI
HC > T2DM-NC, T2DM-MCI
HC, T2DM-NC > T2DM-MC
HC, T2DM-NC > T2DM-MC
HC > T2DM-NC, T2DM-MCI
HC > T2DM-MCI

HC > T2DM-NC, T2DM-MCI
T2DM-NC > T2DM-MC

The abbreviations of the 90 brin regions are given in the Supplementary Table 1. The significance threshold was set at P < 0.05 (FDR-corrected). R (L) right (left) hemisphere.

ns, non-significant.
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HC

T2DM-NC T2DM-MCI F-value (P-value)
Cp 0.0138 + 0.0014 0.0141 £ 0.0014 0.0140 £ 0.0011 ns
Ly 0.2277 + 0.0075 0.2338 £ 0.0103 0.2399 + 0.0128 9.618 (<0.001)
Eg 0.0110 & 0.0004 0.0107 £ 0.0005 0.0105 + 0.0005 9.645 (<0.001)
Eic 0.0149 = 0.0006 0.0147 + 0.0006 0.0144 = 0.0007 3.543 (0.033)

ns, non-significant; Cp, clustering coefficient; Lp, shortest path length; Egop, global efficiency; Eie, local efficiency:
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Types

DNA
microarray

RNA-
Seq

Dataset_ID

E-MEXP-
2280
GSE110226

GSE12685

GSE1297

GSE16759

GSE26927

GSE28146

GSE29378

GSE32645

GSE33000

GSE36980

GSE37263

GSE39420

GSE44768

GSE44770

GSE44771

GSE48350

GSE5281

GSE61196

GSE84422

GSE93885

GSE104704

GSE95587

GSE53697

GSE67333

Brain tissue

Medial temporal lobe

Choroid plexus

Frontal cortex

Hippocampus

Parietal lobe cortex

Entorhinal cortex

Hippocampus

Hippocampus

Cortex

Prefrontal cortex

Frontal cortex,
hippocampus, temporal
cortex

Neocortex

Posterior cingulate

Cerebellum

Prefrontal cortex

Visual cortex

Entorhinal cortex,
hippocampus,
post-central gyrus,
superior frontal gyrus

Entorhinal cortex,
hippocampus, medial
temporal gyrus,
posterior cingulate,
primary visual cortex,
superior frontal gyrus

Choroid plexus

Amygdala, anterior
cingulate, caudate
nucleus, dorsolateral
prefrontal cortex, frontal
pole, hippocampus,
inferior frontal gyrus,
inferior temporal gyrus,
middle temporal gyrus,
nucleus accumbens,
occipital visual cortex,
parahippocampal
gyrus, posterior
cingulate cortex,
precentral gyrus,
prefrontal cortex,
putamen, temporal
polesuperior parietal
lobule, superior
temporal gyrus

Olfactory bulb

Lateral temporal lobe

Fusiform gyrus

Dorsolateral prefrontal

cortex

Hippocampus

Disease
stage

Braak
stage VI
Braak
stage Ill to
W
MMSE 21
to 27
Braak
stage at lll
to Vi
Braak
stage at V
toVl

Braak
stage at V
to Vi
Braak
stage at V
toVl
Braak
stage VI

Braak
stage at vV
to Vi
Braak
stage at Il
to Vi
Braak
stage at vV
to Vi

Braak
stage at Il
to Vi

Braak
stage at Il
and VI

Braak
stage at | to
Y

Braak
stage at V
toVl
Braak
stage at Il
toVl
Braak
stage at Il
to VI
Braak
stage at vV
to Vi

Platform

Affymetrix Human Genome
U133 Plus 2.0 Array
Rosetta/Merck Human RSTA
Custom Affymetrix 2.0
microarray

Affymetrix Human Genome
U133A Array

Affymetrix Human Genome
U133A Array

Affymetrix Human Genome
U133 Plus 2.0 Array

lllumina humanRef-8 v2.0
expression beadchip
Affymetrix Human Genome
U133 Plus 2.0 Array

lllumina HumanHT-12 V3.0
expression beadchip

Agilent-014850 Whole Human
Genome Microarray 4 x 44K
G4112F

Rosetta/Merck Human 44k 1.1
microarray

Affymetrix Human Gene 1.0 ST
Array [transcript (gene) version]

Affymetrix Human Exon 1.0 ST
Array [transcript (gene) version]

Affymetrix Human Gene 1.1 ST
Array [transcript (gene) version)

Rosetta/Merck Human 44k 1.1
microarray

Rosetta/Merck Human 44k 1.1
microarray

Rosetta/Merck Human 44k 1.1
microarray

Affymetrix Human Genome
U133 Plus 2.0 Array

Affymetrix Human Genome
U133 Plus 2.0 Array

Agilent-014850 Whole Human
Genome Microarray 4 x 44K
G4112F

Affymetrix Human Genome
U133A ArrayAffymetrix Human
Genome U133B
ArrayAffymetrix Human
Genome U133 Plus 2.0 Array

Affymetrix Human Gene 2.0 ST
Array [transcript (gene) version]
lllumina HiSeq 2500 (Homo
sapiens)

lllumina HiSeq 2500 (Homo
sapiens)

lllumina HiSeg 2500 (Homo
sapiens)

lllumina HiSeq 2000 (Homo
sapiens)

Number
of
samples

12

13

14

31

18

30

63

467

79

16

21

230

230

230

253

161

21

1,146

18

30

117

17

Number of
samples
omitted

0

30

28

22

ihl
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Comparison_ID

E-MEXP-2280
GSE32645
GSE110226
GSE61196_CvsBraak3
GSE61196_CvsBraak6
GSE33000

GSE12685
GSE1297_Cvslni
GSE1297_CvsMod
GSE1297_CvsSev
GSE93885_Cvslni
GSE93885_CvsMod
GSE93885_CvsSev
GSE29378_CA1
GSE29378_CA3
GSE26927

GSE16759

GSE37263
GSE48350_EC
GSE48350_HIP
GSE48350_PCG
GSE48350_SFG
GSE28146_Cvslni
GSE28146_CvsMod
GSE28146_CvsSev
GSE5281_EC
GSE5281_HIP
GSE5281_MTG
GSE5281_PC
GSE5281_PVC
GSE5281_SFG
GSE44768

GSE44770

GSE44771
GSE84422_Amygdala
GSE84422_Nucleus_accumbens
GSE84422_96_Anterior_cingulate
GSE84422_96_Caudate_nucleus

GSEB4422_96_Dorsolateral_prefrontal_cortex

GSE84422_96_Frontal_pole
GSE84422_96_Hippocampus
GSE84422_96_Inferior_frontal_gyrus
GSE84422_96_Inferior_temporal_gyrus
GSE84422_96_Middle_temporal_gyrus
GSE84422_96_Occipital_visual_cortex
GSE84422_96_Parahippocampal _gyrus
GSE84422_96_Posterior_cingulate_cortex
GSE84422_96_Precentral_gyrus
GSE84422_96_Prefrontal_cortex
GSE84422_96_Putamen
GSEB4422_96_Superior_parietal_lobule
GSE84422_96_Superior_temporal_gyrus
GSE84422_96_Temporal_pole
GSE84422_97_Anterior_cingulate
GSE84422_97_Caudate_nucleus

GSE84422_97_Dorsolateral_prefrontal_cortex

GSE84422_97_Frontal_pole
GSE84422_97_Hippocampus
GSE84422_97_Inferior_frontal_gyrus
GSE84422_97_Inferior_temporal_gyrus
GSE84422_97_Middle_temporal_gyrus
GSE84422_97_Occipital_visual_cortex
GSE84422_97_Parahippocampal _gyrus
GSE84422_97_Posterior_cingulate_cortex
GSE84422_97_Precentral_gyrus
GSE84422_97_Prefrontal_cortex
GSE84422_97_Putamen
GSE84422_97_Superior_parietal_lobule
GSE84422_97_Superior_temporal_gyrus
GSE84422_97_Temporal_pole
GSEB6980_FC

GSE36980_HIP

GSEB6980_TC

GSE104704_0Old

GSE95587

GSE53697

GSE67333
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Functional Genes Adjusted P-value Dysregulated state
category

Ubiquitin PRKN 1.77E-06 Downregulated
-proteasome UCHL1 2.70E-02 Downregulated
system (UPS) UCHL3 1.47E-20 Downregulated
PSMC1 2.09E-24 Downregulated
UBE2D2 2.02E-24 Downregulated
STUB1 1.62E-18 Downregulated
NEDD8 1.88E-31 Downregulated
ATXN1 0.61 Downregulated
ATXN3 0.79 Upregulated
ATXN7 0.97 Upregulated
Autophagy BECN1 1.42E-20 Downregulated
MTOR 1.16E-15 Downregulated
TFEB 2.06E-36 Upregulated
ATGS 5.20E-19 Downregulated
ATG7 1.78E-32 Downregulated
TREMZ2 5.06E-32 Upregulated
MS4A4A 8.77E-22 Upregulated
PLCG2 6.91E-26 Upregulated
ABI3 1.83E-19 Upregulated
ATG12 0.94 Downregulated
PICALM 0.86 Upregulated
SQSTM1 0.20 Upregulated
Unfolded ERN1 1.06E-13 Upregulated
-protein EIF2AK3 2.00E-10 Upregulated
response (UPR) TMEM259 6.57E-11 Downregulated

XBP1 2.95E-14 Upregulated
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Subgroups No of No of No of No of Comparison_ID
control disease DEGs pathways

Cerebellum 98 122 - - GSE44768

Putamen and 30 51 - - GSE84422_96_Putamen, GSE84422_97_Putamen, GSE84422_Nucleus_accumbens

nucleus

accumbens

Amygdala and 175 159 2,260 18 GSE84422_Amygdala, GSE1297_CvslIni, GSE1297_CvsMod, GSE1297_CvsSev,

hippocampus GSE28146_Cvslni, GSE28146_CvsMod, GSE28146_CvsSev, GSE29378_CA1,
GSE29378_CA3, GSE36980_HIP, GSE48350_HIP, GSE5281_HIP,
GSE84422_96_Hippocampus, GSE84422_97_Hippocampus, GSE67333

Cerebral 632 849 6,636 25 E-MEXP-2280, GSE12685, GSE16759, GSE26927, GSE32645, GSE33000,

neocortices

GSE36980_FC, GSE36980_TC, GSE37263, GSE44770, GSE44771, GSE48350_EC,
GSE5281_EC, GSE5281_PVC, GSE84422_96_Dorsolateral_prefrontal_cortex,
GSE84422_96_Frontal_pole, GSE84422_96_Occipital_visual_cortex,
GSE84422_96_Prefrontal_cortex, GSE84422_96_Superior_parietal_lobule,
GSE84422_96_Temporal_pole, GSE84422_97_Dorsolateral_prefrontal_cortex,
GSE84422_97_Frontal_pole, GSE84422_97_Occipital_visual_cortex,
GSE84422_97_Prefrontal_cortex, GSE84422_97_Superior_parietal_lobule,
GSE84422_97_Temporal_pole, GSE104704_0Old, GSE53697
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Title

Integrated Identification of Key
Genes and Pathways in Alzheimer’s
Disease via Comprehensive
Bioinformatical Analyses (Yan et al.,
2019)

Systematic Analysis and Biomarker
Study for Alzheimer’s Disease (Li X.
et al., 2018)

Network-based approach to
identify molecular signatures and
therapeutic agents in Alzheimer’s
Disease (Rahman et al., 2019)

Alzheimer’s Disease Master
Regulators Analysis: Search for
Potential Molecular Targets and
Drug Repositioning Candidates
(Vargas et al., 2018)

Condition-specific Gene
Co-expression Network Mining
Identifies Key Pathways and
Regulators in the Brain Tissue of
Alzheimer’s Disease Patients (Xiang
etal., 2018)

Analytical Strategy to Prioritize
Alzheimer’s Disease Candidate
Genes in Gene Regulatory
Networks Using Public Expression
Data (Kawalia et al., 2017)

The Bioinformatic Analysis of the
Dysregulated Genes and
MicroRNAs in Entorhinal Cortex,
Hippocampus, and Blood for
Alzheimer’s Disease (Pang et al.,
2017)

A Systematic Integrated Analysis of
Brain Expression Profiles Reveals
YAP1 and Other Prioritized Hub
Genes as Important Upstream
Regulators in Alzheimer’s Disease
(Xu et al., 2018)

Network Topology Analysis of
Post-Mortem Brain Microarrays
Identifies More Alzheimer’s Related
Genes and MicroRNAs and Points
to Novel Routes for Fighting with
the Disease (Chandrasekaran and
Boncheyv, 2016)

A Systematic Investigation into
Aging Related Genes in Brain and
Their Relationship with Alzheimer’s
Disease (Meng et al., 2016)

Identification of Differentially
Expressed Genes through
Integrated Study of Alzheimer’s
Disease Affected Brain Regions
(Puthiyedth et al., 2016)

Meta-Analysis of Transcriptome
Data Related to Hippocampus
Biopsies and iPSC-Derived
Neuronal Cells from Alzheimer’s
Disease Patients Reveals an
Association with FOXA1 and
FOXA2 Gene Regulatory Networks
(Wruck et al., 2016)

A Computational Framework for the

Prioritization of Disease-gene
Candidates (Browne et al., 2015)

Identification of Unstable Network

Modules Reveals Disease Modules
Associated with the Progression of
Alzheimer’s Disease (Kikuchi et al.,
2013)

R packages and genes are in italic font.

Authors
(publication
year)

Yan et al.
(2019)

LiX. etal.
(2018)

Rahman et al.
(2019)

Vargas et al.
(2018)

Xiang et al.
(2018)

Kawalia et al.
(2017)

Pang et al.
(2017)

Xu et al. (2018)

Chandrasekaran
and Bonchev
(2016)

Meng et al.
(2016)

Puthiyedth
etal. (2016)

Wruck et al.
(2016)

Browne et al.
(2015)

Kikuchi et al.
(2013)

Database

GEO, KEGG, Reactome,
STRING, Wikipathway

GEO, International
Genomics of Alzheimer’s
Project

CMap, GEO, JASPAR,
miRTarBase, STRING,
TarBase

CMap, GEO

Allen Brain Institute, GEO

ArrayExpress, CPDB,
ENSEMBL, GEO,
GWAScatalog,
GWASCentral, GWASdDb,
KEGG, NeuroTransDB,
RegulomeDB

CMap, GEO, KEGG

GEO

ArrayExpress, GEO, OMIN,
ResNet

Biocarta, DisGeNet, GEO,
GenAge, GenMapP,
MetaBase

GEO

GEO, KEGG

BIND, BioGPS, BioGRID,
DIP, GEO, HPRD, InACT,
MINT, PDB

BioGRID, GEO

Bioinformatic tools

Platform: Morpheus, RBPDB,
UCSCG;

Software: Cytoscape, ClueGO,
Gluepedia, Graphpad Prism,
MCODE

R package: affy, gimnet, limma,
MASS, PRROC, ROCR;
Software: Ingenuity Pathway
Analysis, MAGMA

Platform: DAVID, GEO2R;
Software: CytoHubba, Cytoscape,
MCODE

Algorithm: Algorithm for the
Reconstruction of Accurate Cellular
Networks, two-tail gene set
enrichment analysis;

R package: ggplot2, RedeR, RTN

Algorithm: Local maximized
Quasi-Clique Merger;

Platform: REVIGO;

R package: Affy, Enrichr, ImQCM

Algorithm: BC3Net10;

R package: affy,
arrayQualityMetrics, bc3net, limma;
Platform: HaploReg, SCAIView

R package: affy, edgeR, limma,
WGCNA;

Platform: DAVID;

Software: CytoHubba, Cytoscape,
GSEA

R package: in silico Merging,
limma, WGCNA

Algorithm: Robust Multiarray
Average approach, empirical Bayes
method;

Platform: DAVID;

Software: Pajek, Pathway Studio

Algorithm: Condition-specific target
prediction;

Platform: DAVID, oPOSSUM;

R package: WGCNA;

Software: Ingenuity Pathway
Analysis

Algorithm: (a,8)-k Feature Set
approach, Minimum Description
Length Principle;

R package: GeneMeta, RankProd,
Software: Expression Analysis
Systematic Explorer

Platform: oPOSSUM;

R package: affy, Gostats, lumi,
oligo

Algorithm: Average of Pearson
correlation coefficients;

Platform: hORFeome;

R package: GOSemSim;

Software: Cytoscape, Significance
Analysis of Microarrays

Algorithm: Infomap algorithm, MAS
algorithm

Pathogenic factors

BDNF, CACNATA, CALB,
CD44, CDC42, OXT,
PDYN, TAC1, TH, VEGFA

NDUFAT, MRPL51,
RPL36AL

AR, CREBBP, E2F1,
FOXC1, FOXL1, GATA2,
JUN, NFIC, PPARG, RACT,
RPL12, RPL15, RPST1,
RPS6, SMAD3, SRF,
UBA52, UBC, USF2, YY1
ATF2, CNOT7, CSRNP2,
PARK2, SLC30A9,
TSC22D1

FOS, JUN, MEF2A, MIB2,
PCBP1, SMARCA2, SP1,
STAT1, TEAD4, ZFHX3,
ZNF281

AP2A2, ARAP3, ATP2A3,
ATP2B4, HLA-C, HLA-F,
ITPR2, RABT11FIP4, STX2

CTSD, VCAM1

YAP1

CD4, DCN, IL8

ESR1, SOX2, SP1

FGF, GPHN, INFAR2,
LARGE, PSMB2, PSMD14,
PTMA, RAB2A, RPL15,
RWDD2A, SEMA4C, WNK1

FOXAT, FOXA2

CARD9, FHL3, KRT38,
LZTS2, MID2, MTUS2,
REL, TFCP2, TRAF1

UCHLS5
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Study (first  Study
author, year) design

N
Tumbulletal. - 1
(1985)
Laxtonetal. - 6
(2010)
Smithetal. - 5
(2012)
Fontaine etal. - 1
(2013)
Kuhn et al. double 6
(2015a) blind,

crossover
design

Kuhnetal.  Double 2
(2015b) blind

Noreiketal.  Proof-of- 6
(2015) concept

Sankar etal.  Controlled 31
(2015)

Lozano etal. Randomizedd2

(2016) double
biind,
controlled,
multi-
center

Hardenacke - 8

etal. (2016)

McMullen Double- L
otal. (2016)  biind,

randomized
Baldermann - 10
etal. (2018)
Scharre etal. - 3
(2018)

Leoutsakos ~ Double 42
etal (2018)  bind,

controlled
Meoetal. - 5
(2018)
Durschmid - 2
etal. (2020)

Sex

Average

(male/female) age (y)

42

4an

on

2/4

2/4

DBS: 4/2
Control:
16/9

DBS,1/21
(265, 15);
Sham, 12/21
(265, 15)

5/5

DBS,11/21
(=68, 15);
Sham, 12/21
(265, 15)

213

74

60.7+55

62.6+4.2

Ial

69577

64 £2.12

69275

DBS: 60.7 +
6.1; Sham,
639+ 4.4

DBS, 68.5 +
7.7; sham,
67.8+8.1

48

66.9+ 4.3

634531

59£1.79

62 £0.71

Baseline

Average
ADAS-
Cog

192472

3m before
DBS,
12.25; 7d
before
DBS, 9.

20260

10+0.71

DBS, 19.1
+6.4;
Sham,
18.7 £7.0
DBS, 28.6
+39;
sham, 27.1
+38

93+65

30.33
3.66

Average
MMSE

223+ 4.1

222+5.1

3m before
DBS, 23;
7d before
DBS, 29.

203 £25

224212

DBS, 22.3
+45;
Sham,
236+18

183+338

2267 +
072

244115

DBS protocol

Medication
(add-on-therapy)

B 3V, 50Hz, 210ms, on
for 155 and offfor
12min, 9m

Cholinesterase 3.0~3.5V, 130Hz, 90

inhibitors (east 6m)  ps,12m

cholinesterase 3.0~3.5V, 130Hz, 90
inhibitors (least 6m)  ps,12m

ke 2.5V, 130Hz, 210ms,
12m

Acetyicholinesterase  Randormized

medication sham-controlled: —0,
-8, -+case, 20Hz, 90
s and 2.5V, on for 2w
and offfor 2w;
followed by continuous
individualized
stimulation: 2.0-4.5V,
10-20Hz and 90-150
s

- Continuous
individualized
stimulation: 20 Hz

- 2.0-4.5V, 10-20Hz and
90-150 pus, 2w ON,
2w OFF or vice versa,
followed by continuous
stimulation

acetylcholinesterase 3.0V, 130Hz, 90 ps,

medication (least 6m) 12m

cholinesterase 3.0~3.5V, 130Hz, 90
inhibitor (east2m) s, 12m

- 2.0-4.2V,5-20Hz,
60-150 s

- continuous stimulation
for at least 18 m.

Cholinesterase Sham, DBS in the
inhibitor east 2m)  second year.

Cholinesterase 130Hz, 0ms, 1-5V
inhibitor,

Chinese medication.

(least 6 m)

E 1V, 20Hz

Brain
target

L-NBM

B-fornix

B-fornix

B-fornix

B-NBM

B-NBM

B-NBM

B-fornix

B-fornix

B-NBM

B-fornix

B-NBM

VCNS

B-fornix

B-fornix

B-NBM

Follow up

Followed
DBS

1m, 6m,
12m

1m, 12m

3m, 6m,
12m

6w, 12w,
26w, 52w

12m, 26m

1 year

1 year

1m,6m,
om, 12m

12m, 18m,
24m

3m

6m, 12m

27m, 24m,
21m

3m, 6m,
om, 12m,
18m, 24m

16m,3m

Main results

Main outcome measures Conclusion

Average
ADAS-Cog

1m, 216+
9.2;12m,
239+ 137

3m, 9.41;
6m, 10;
12m, 9.01

6w, 190 £

12m, 7.6+
0.35;24m,
135+ 1.77

DBS: 23.33
+£12.3;
Sham, 23.8
+106
1m, DBS,
28077,
sham, 28.9
+£7.4;
Difference
of DBS and
sham: <65,
12m, 103
+86.1; 265,
9m, 45+
20,12m,
41£26.

22

6m, 109+
8.1;12m,
116+ 11.2

DB, first
year, 7.83 +
1.86, the
second
year, 5.60 +
1.85; sham,
first year,
833+
1.82, the
second
year, 6.16 +
1.97.

Average
MMSE

3m, 25;
6m, 26;
12m, 24

6w, 193 =
4.0; 12w,

188+3.1;
26w, 19.2

), £5.3; 52w,

187 +£6.7

12m, 26
1.41;24m,
22+0.71

increased
by 3 points
(min =9,
max 19)

DBS: 21.5
+6.2;
Sham, 19.7
+48

6m, 179+
5.8;12m,
20.1+£66

3£1.33

There was no
significant clinically
offoct.

DBS drove neural
activity in the memory
circuit, activated the
brain's default mode
network and could
improve the cognitive
abilty of some patients
‘with mild AD.

DBS increased cerebral
glucose metabolism of
patients with mild,
probable AD in 2
orthogonal networks.
During 1 year of DBS,
the memory scores of
an AD patient remained
stable, and its
metabolism increased
in the mesial temporal
lobes.

ADAS-cog scores
worsened by an
average of three points.
after 1 year of
stimulation, and the
mean MMSE score
remained almost

stable. Bilateral
low-frequency DBS of
the NBM in AD patients
is technically feasible
and tolerable.

NBM DBS performed
may have a favorable
impact on disease
progression at the early
stage of AD.

AD patients treated
with NBM DBS
demonstrated a mainly
stable nutritional status
within 1 year.

The mean hippocampal
atrophy of AD patients
after DBS became
slower.

DBS may have a
positive effect on AD
patients =65 years old,
but may have an
adverse effect on
patients under 65 years
old.

NBM DBS performed
may have a favorable
impact on disease
progression at the early
stage of AD.

A patient with AD who
experienced fornix DBS
developed bilateral
encephalomalacia.

AD patients with less
advanced atrophy may
profit from NBM DBS.
DBS of the VC/VS was
well-tolerated and the
extent of CDR-SB
decline in AD patients
with VG/VS DBS was
reduced.

Fornix DBS was safe
and may be beneficial
for AD patients 265
years of age.

Fornix DBS could
improve partial
improvement in
performance of
patients with severe
AD, including cognitive
performance, mental
state and social
performance.

NBM DBS has a
positive impact on
sensory gating into
memory.

AD, Alzheimer’s Disease; ADAS-Cog, Alzheimer’s disease assessment scale-cognitive section; B, bilateral; CDR-SB, clinical dementia rating-sum of boxes; DBS, deep brain stimulation; L, left; m, mouth; min, minute; MMSE, mini-mental
ight: VC/VS, ventral capsule/ventral striatum; w, week; y, year.

state examination; N, number; NBM, nucleus basalis of Meynert; Sham, sham stimulation;
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Number
Gender (Female/Male)

Age (year)

Education (year)

Hand (Left/Right)

Cognitive Function (mean & SD)

MMSE (Mini-Mental State Examination)

MES (Memory and Execttive Screening)

MOGCA-B (Montreal Cognitive Assessment-B)
Excutive Ability (mean & SD)

STT-A (Shape Tralls Test; second)

STT-B (Shape Trails Test; second)

Memory (mean s SD)

AVLT-h (Auditory Verbal Learning Test-Hearing; delay)
AVLT-h (Auditory Verbal Learning Test-Hearing; recognition)
Language Skill (mean  SD)

BNT (Boston Naming Test)

Social and Everyday Functions (mean & SD)
ECog (Everyday Cognition)

Mental Behavioral Symptoms (mean & SD)
HAMD (Harnitton Depression Scale)

HAMA (Hamilton Anxiety Scale)

GDS (Geriatric Depression Scale)

Sleep Activity (mean & SD)

PSQI (Pittsburgh Sleep Qualty Index)

REDS (Rapid Eye Moverent sleep Behavior
Disorder Screening Questionnaire)

ESS (Epworth Sleepiness Scale)

17
12/6
64.35+7.86
12.82 + 4.10
o7
27.35+1.54
85.24 4 23.47
2541+ 2.67

58.25 + 17.84
146.53 + 54.58

6.12+2.83
22.00 + 1.41

25.06 +3.94
1.50 +0.43
371+329
5.71+56.32
253 +221

6.47 + 4.47
1.18+£1.42

6.94+5.04
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Model AlC A BIC A

Cognitive predictor
Without cognitive resilience 374.86 - 383,80 -
With cognitive resiience 37021 -4.64 381.05 -284
Brain predictor®

Without brain resilience 372.97 - 38201 -
With brain resiience 367.41 -5.56 378.25 -376
Combined®

Without global resilience 378.45 - 383.99 -
With global resiience 361.00 —12.15 378,65 ~1034

AIC, Akaike information criterion; BIC, Bayesian information criterion. All modiels were corrected for age, se, educational levels, and APOE-¢d status.
#This model included MMSE as the predictor.

bThis model included brain volume as the predictor.

This model included both MMSE and brain volume as the predictor.
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Modality

Purpose

Biomarkers

Measure

Advantages

Disadvantages

Pre-clinical

Clinical

Magnetic resonance
imaging (MRI)

Single-photon emission
computed tomography
(SPECT)

Positron emission
tomography (PET)

Structural changes of
brain tissue (i.e.,
cerebral atrophy)

Integrity of nigrostriatal
dopaminergic
pathways (presynaptic
function of striatal
neurons)

Functional readings of
dopaminergic and
non-dopaminergic
systems in relation to
pathogenesis and
pathophysiology of PD

Para-Gadolinium (Ill)
(Gd®+)/Manganese
(Mn?+) OR
Superparamagnetic
iron oxide (SPIO)

123|-N-w-fluoropropyl-
2p-carbomethoxy-3p-
(4-idophenyl)
nortropane (123]-FP-
CIT/'?3l-ioflupane)/
1231-IPT

'8FIFDOPA/
18FFallypride/
8FFBCTT/

"1 C]-raclopride/
CIDASB/ [T CIPE2l/
"CICFT [''CIDTBZ
CIPK1119/
1C)-DAS

Gray matter volume OR
Neuronal activity

Binds to striatal
dopamine transporters
(DAT)

Aromatic amino acid
decarboxylase
(AADC—dopamine
synthesis capacity and
storage)/DA release
(binds to striatal
post-synaptic D2
receptors)/ 5-HT
transporter
(Pre-synaptic 5-HT
terminal integrity and
detection for
serotoninergic neurons)

o Repetitive
measurements on the
same individual
Full temporal profile of
cell dynamics
1 Tissue contrast
icrostructural analysis
Biodegradable labels
(biocompatibility)
Required for PET data
processing and analysis
e 1 Availability in clinics

e 1 Kinetics
e 1 Selectivi
Compatible with
levodopa treatment
o 1 Tissue penetration
o 1 Half life
Quantitative

Readily available
Repeated scanning

e 1 Sensitivity in

differential detection of

motor severity

o 1 Tissue penetration

o 1 Predictive value
Correlates with motor
progression over time

e | Spatial resolution

o Quantification of signal
intensity changes with
disease progression
has to be optimized

e | Functional readout

o | Sensitivity

o Cells have to be labeled
prior to transplantation

e Signal dropout

e Limited normative
database in clinics

o | Specificity in diseases
that causes loss of
presynaptic dopamine
neurons

| Half life

JPrecision (indirect
measurement of
dopamine synthesis)
1 Signal production
e | Socioeconomic
burden

o 1 Radiation

Sykova and Jendelova,
2007; Stroh et al., 2009
Ramos-Gomez et al.,
2015; Wang et al.,
2015; Malloy et al.,
2017; Perez-Bouza
etal., 2017

N.A.

Muramatsu et al., 2009;
Emborg et al., 2013;
Hallett et al., 2015;
Goggi et al., 2020

Piccini et al., 2005;
Mendez et al., 2005;
Morizane et al., 2013;
Son et al., 2016

Pogarell et al., 2006;
Politis et al., 2011; Son
etal., 2016

Lindvall et al., 1990;
Peschanski et al., 1994;
Freeman et al., 1995;
Wenning et al., 1997;
Brundin et al., 2000;
Piccini et al., 2000,
2005; Freed et al.,
2001; Olanow et al.,
2003; Mendez et al.,
2005; Ma et al., 2010;
Morizane et al., 2013

Relative representation 1, high; |, low.
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Cell type

Fetal ventral mesencephalic
cells (fVM)

Embryonic stem cells (ESC)

Induced pluripotent stem
cells (PSC)

Neural progenitor cells
(NPC)

Clinical trial

Yes/ongoing (TRANSEURO;
NCTO01898390)

Ongoing (European-based
STEM-PD, NYSTEM,
NCT02452723, NCTO3119636)

Yes/ongoing (CiRA)

Yes/ongoing (NCT03309514,
NCTO01329926)

Advantages

e Good long-term graft survival
post-transplantation

o Indefinite expandability

e Good graft survival post-transplantation

e Advancement in GMP-grade cells

o Indefinite expandability

e Easily accessible cell source

o Immunologically matching cells

e No need of immunosuppression treatment

e Multipotent cells
e Easy expansion and differentiation protocol
e Large quantity

Disadvantages

o Unpredictable and limited supply of cell source

Ethical concerns

o Ethical concerns

e Possible risk of tumorigenesis

o Tissue rejection; pre- and post-operative
immunosuppression

¢ High heterogeneity of cell line between
individual cell line resulting in complex
procedures

e Low reprogramming efficiency

e High operative cost

e Time consuming

o Possible risk of tumorigenesis

e Invasive tissue collection step

e Limited proliferation

e Low graft survivability

o Limited proliferative ability
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Study (first author, year)

Turnbull et al. (1985)
Laxton et al. (2010)

Smith et al. (2012)

Fontaine et al. (2013)

Kuhn etal. (2015a)

Kuhn et al. (2015b)
Noreik et al. (2015)
Sankar et al. (2015)
Lozano et al. (2016)

Hardenacke et al. (2016)
McMullen et al. (2016)

Baldermann et al. (2018)
Scharre et al. (2018)

Leoutsakos et al. (2018)

Meo etal. (2018)
Durschmid et al. (2020)

Adverse events

Did not cause epilepsy or any other untoward reactions in a personal case.

When the voltage intensity of DBS was between 6 and 8V, AD patients would experience adverse reactions, such as
warmth, flushing, sweating, increased heart rate and blood pressure. When the stimulation intensity was reduced by 50%,
there was almost no adverse effect.

Not involved.

An AD patient had no complications after DBS 1 year and was fully tolerant to stimulation, except a discrete increase of
initabilty.

The DBS device was malfunctioning; an AD patient felt inner restlessness at a stimulation intensity >5 V. There were no
ofher adverse events.

Both patients were well-tolerated by DBS. There were no adverse events.

Not involved.

Not involved.

Three patients had 4 adverse events, including 1 interal pulse generato infection, 1 DBS positioning error, and 2
postoperative nausea (1 patient). No neurosurgical and cognitive adverse reactions.
Not involved.

At8 months after surgery, the case patient was anxious and complained that “left side of brain is asleep,” and cystic
encephalomalacia appeared in the frontal lobe; at 1 year after surgery, minimal encephalomalacia appeared on the bilateral
lead.

Not involved.

Short-term side effects were resolved without sequela, incuding hot flashes, increased heart rate/palpitations, flushing,
paresthesias, muscle twitching, non-specific discomfor, fatigue, and neuropsychiatric symptoms, mild pain at implantable
pulse generator site, headache at incision site, transient visual neglect following surgery, diarrhea, vomiting, rash, rhinitis,
arthralgia, fall, hematoma, and depression.

Twenty-four patients experienced non-serious adverse events, common ones including neurological (including falls,
headache, and muscle spasms), genitourinary (including urinary tract infections, urgency, and incontinence), and pumonary
(including upper respiratory infections and dyspnea). Seven patients had syncope and/or falls; two patients had altered
mental status; two patients were involved in seizures or possible seizure; one patient was involved in agitation in a delayed;
three patients were involved in a skin infection, suspected aortic valve endocarditis, and rigicity.

No serious neurological adverse events occurred.
Not involved.

AD, Alzheimer’s Disease; DBS, deep brain stimulation.
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Study (first
author, year)

Arrieta-Cruz
etal. (2010)

Hescham
etal. (2013b)

Chen et al.
(2014)

Zhang et al.
(2015)

Hescham
etal. (2015)

Leeetal.
(2016)

Xia etal.
(2017)

Akwa et al
(2018)

Mann et al

(2018)

Leplus et al
(2019)

Huang et al.
(2019)

Gallino et al.
(2019)

Koulousakis
etal. (2020)

Teai et al,
(2020)

16-20

21

32

8

25

20

38

22

192

37

Sex
(male/female)

male

21/0

32/0

48/0

25/0

49/49

20/0

38/0

192/0

AD-DBS,
9/8;
Sham-DBS,
8/9; AD,
8/8.

37/0

Age

8w

6w

6w,
ém

18m

4m,
em,
9m,
12m

18m

Animal

TgCRND8, WT
(B6C3F1)

An injection of
scopolamine to
SD rats

An injection of
AB1_s2 and AB_so
to SD rats

An injection of
ABi_s 10 SD rats

Aninjection of
scopolamine to
SDrats

An injection of 192
1gG-saporin to SD
rats

TGCRNDS, WT
(C57BL/BNTac)

3xTg, WT
(C57BL/6/129SV)

3xTg, WT
(1298V/C57BL6)

TgF344-AD, WT
F344

APP/PS1
(HuAPP69SSwe,
PSEN1-dE9), WT
(C578U6)

3xTg

TgF344-AD

Aninjection of
ABi_s2 and ABy_ao
Wistar rats

Group

WT, AD-DBS

AD (n=11),
AD-DBS (n = 10)

SD-PBS (n = 8), AD
(n=8), AD-ANT (0
=8),AD-DBS (0 =
8)

ANTDBS (1= 8),
ECDBS (1=8),
fornix DBS (n
ANT-sham (n
EC-sham (1=8),
fornix-sham (n = 8)

Sham (n = 11), CA1
DBS (0 = 10), MT
DBS (1 = 13), ANT
DBS (0 = 14), EC
DBS (0= 15)

SD(1=6),AD (1=
7),AD-NS (= 7),
AD-DBS (1 =5)

WENS (0 = 50),
AD-NS (0 = 19),
AD-DBS (0 = 29)

WENS (0 =5),
WT-DBS (0 =5),
AD-NS (1 =5),
AD-DBS (0 = 5)

AD-Cont (n = 11),
AD-NS (0 = 10),
AD-DBS (0 = 12)

WT (0 = 6), WI-DBS
(1=6),AD (=4),
AD-DBS (0= 6)

Frequencies:
control, sham,
10Hz, 50Hz,

100 Hz, 180Hz;
Starting times:
control, sham, 4m,
6m, 9m, 12m;
Durations: control,
sham, 7, 14, 21,28
days; APP/PST:
control, sham, DBS;
WT: control, DBS;
The optimized
parameters of DBS:
control, sham, DBS,
0126,
DBS+U0126,
LY294002,
DBS+LY294002
AD-DBS (0 = 17),
Sham-DBS (0 = 17),
AD (n=16)

AD-DBS

Cont (0 =8), AD (n
= 12), AD-sham (1
=8),AD-DBS (1=
9

DBS protocol

Eight trains of HFS;
each train of 25 Hz,
1s duration, 300
WA, 10s inter-train
interval, 3 d

50 pA, 100 A, 200
1A, 10Hz, 100Hz,
100 s, 2 min/time

130Hz, 60 s, 1.5V

500 pA, 130Hz, 90
s, 24h

50 A, 100 pA, 200
RA, 10Hz, 100Hz,
100 s, 24h

120Hz, 90 ps, 1V, 1
hd, 7d

130Hz, QO ps, 1h,
square wave

50 pA, 130Hz, 90
1, 7 h/d, weekends
off, 25 d

50 uA, 130Hz, 90
1S, 7 /d, weekends
off, 25d

130Hz, 80 s, 100
WA, unipolar, 42 d

10Hz, 50Hz,
100Hz,130Hz,
biphasic stimulus
pulse wave, 7, 14,
21,28 days

100 A, 100Hz,
100 ps, 1h

200 pA, 100 s,
60 Hz for intermittent
DBS (duty cycle:
20s ON and 40s
OFF. 20Hz, 120 s
for continuous DBS.

0.5mA, 60 s,
100Hz, 30 min

Brain target Behavior
methods

BMIN, [AP: —1.1,  NOR

ML: 0.3, DV:

25-33]

Bfornix, [AP ~1.88,  NLR, OF

ML1.3,0V8.2)

BANT, [AP: =20,  MWM

ML+ 1.8, DV:

-47)

BANT, [AP: —16,  MWM,

ML:15,DV: =52 NOR, OF

B-EC, [A

ML: 5.4, DV: —8.2);

B-fornix, [AP: 1.9,

ML: 1.3,DV: -8.2)

B-CAT,[AP: -36,  NLR,OF,
E2M

B-ANT, [AP: —1.6,

ML: 15, DV: —5.2);

B-EC, [AP: 6.

ML: 4, DV: 8],

RNBM, [AP: ~132,  MWM

ML: +2.8,DV: ~7.4]

B-EC, [AP: —4.0, Contextual

ML: 3,25, DV: fear

—5.1] testing;
Tone fear
testing;
MWM
MWM,
NLR, NOR

Bfornix, [AP: 0.6, -

ML: £ 0.75, DV:

-538)

L-NBM, [AP: ~0.7;  MWM

ML: 1.75; DV: 4.0]

Bfornix, [AP: 0; ML:  MWM

0.75; DV: 3.0]

X OF, NOR,

ML +2.88; MBM

DV: 7.4].

Intermittent,

unilaterally or

bilaterally;

continuous, bilateraly.

RAILN, [AP: ~2.8, MWM

ML: 1.25, DV: ~5.5]

Follow up

After DBS

After DBS

After DBS

4w after
DBS.

After DBS

After DBS

1,8, and
6w for
behavior
experiments
after DBS.

Smfor
MM,
8.5mfor
NPR and
NOR; 7m
for
euthanize.

After DBS

After DBS
or 30 d after
DBS or
mice at
18m

MWM
weekly and
structural
MRIin 3 d
before and
3 dafter
DBS witha
6w
follow-up.
Before and
after DBS.

After DBS

Main conclusion

DBS could enhance short-term
memory in the A1 region of
hippocampus in TgORNDS mice.

Fornix DBS reversed the memory
of rats received scopolamine and
it was ot sensitive to stimulation
frequency, but rather to current
levels,

Bllateral ANT HFS could improve
the performance of AD rats in
MWM.

EC and fornix DBS could
enhance
hippocampus-independent
recogrition memory, and
faciltated
hippocampus-dependent spatial
fmemory more prominently than
ANT DBS.

CA1, EC, and fornix DBS could
able to restore spatial
memory-related functions and
CA1 DBS increased neural
activity in the anterior cingulate
gyrus.

NBM DBS improved spatial
memory performance of SD rats
injected 192 IgG-saporin in the
MWM.

EC DBS rescued subsequent
deficits in context fear memory,
reversed spatial learing defiits
in Tg mice, and reduced plaque
load in young mice. But EC DBS
did not produce a detectable
decrease in placue load in either
the dorsal hippocampus or
cortex in old mice.

Chronic DBS in 3x Tg mice
resulted in reduced levels of Tau
oligomers, and increased levels.
of synaptophysin.

Chronic EC DBS improved both
memory and AD specific
pathological markers of AD mice.

Chronic DBS decreased
amyloidosis, inflammatory
responses, and neuronal loss in
both cortex and hippocampus in
AD rats.

NBM DBS starting from 4
months of age for 21 days at
100 Hz had therapeutic effects
on APP/PS1 mice through
activating phosphatidylinositol
3'-kinase (PIBK)/AKt pathway
and inhibiting ERK1/2 pathway.

Acute DBS could improve
learning and long-term memory
of 3xTg mice in a delayed, sex
specific, and transient manner.

Blateral intermittent NBM DBS
allowed aged TgF344-AD rats to
perform better and maintain their
performance longer in a spatial
memory task.

Asingle rostral ILN DBS could
rescue spatial learning and
memory deficits, and significantly
reversed PSD-95 expression
reductions and preserved
denditic spine densities in the
mPFG and hippocampal region
of Ag-infused rats.

AP, B-amyloid; AD, Alzheimer's Disease; ADAS-Cog, Alzheimer's disease assessment scale-cognitive section; ANT, anterior nucleus of thalemus; APP/PST, amyloid-p precursor protein/presenilin; B, bileteral; EC, entorhinal cortex;
EZM, elevated zero maze; Cont, control: DBS, deep brain stimulation; DG, dentate gyrus; HFS, high frequency stimulation; ILN, intralaminer thalamic nucleus; L, left; m, mouth; MBM, modified bames maze; min, Minute; mPFC, medial
prefrontel cortex; MT, mammillothalemic tract; MTN, midline thalemic nuclei; MW, morris water maze; N, number; NBM, nucleus basalis of Meynert; NOR, novel object recognition; NLR, novel location recognition; NS, non-stimulation;

OF, open field test; SD, sprague dawley; Sham, sham stimulation; 3xTg, toronto triple transgenic; R, right; w, week; y, year; WT, wild type.
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Gallagher-Thompson D.
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Year of Method of
publish study

2018

2015

2015

2015

2015
2012

2010

2007

2007

2006

2003

RCT

RCT

RCT

RCT

RCT
RCT

RCT

RCT

RCT

RCT

RCT

Diagonosis of care-recipient Target of population

People with mild dementia of all - Family caregivers
subtypes (Clinical Dementia
Rating, score 0.5-1)

Most care recipients were
diagnosed with Alzheimer's
disease

Family caregivers

Community-dweling people with Family caregivers
dementia

Aizheimer's disease was
targeted by this program

People with dementia

Informal caregivers.

Family caregivers

People with dementia African American dementia
caregivers
People with dementia Caregivers

Female Chinese American
caregivers
People with Alzheimer's disease Caregivers

People with dementia

People with Alzheimer's disease Female family caregivers
or related disorders

People with Alzheimer's disease Caregivers

Format of intervention ~ Main outcomes

Blending face-to-face
contacts with online
modules

Telephone contacts

Depression

Depression

Experimental group: home
visits

Comparison group:
information bulletins and
phone calls

Web-based intervention

Depression

Psychologists stress.

Internet course MoD Depression.
Combines face-to-face and Depression
telephone-based

Using video and telephone
interventions

Depressive symptoms
Stress associated with
memory and behavior
problems

Telephone contacts Depressive symptoms.

Computer-Telephone Depression
Integration Syster (CTIS)
Telephone-based support  Depression

groups
Face-to -face and telephone General Health and Mental
contact Health
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Main effects

CR
CR * years

BR * years
GR
GR * years

1.064
-0.058
0.163
0.146
0677
0.058

SILCODE

t

5811
-0.302
0.838
0.841
3.63
0.328

<0.001
0.763
0.403
0.402
<0.001
0.744

0.814
0.118
0.035
0.197
0.661
0217

ADNI

3171
3.069
0.137
5.302
2.706
5.972

0.002
0.002
0.891

<0.001
0.007
<0.001
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Variables

SILCODE
Age

Sex

Educational levels
APOE-¢4

Whole brain volume
ADNI

Age

Sex

Educational levels
APOE-e4

Whole brain volume

Cognitive resilience

Standardized p

-0.207
-0.240
0.362
0.143
0.161

-0.284
-0.003
0.166
0.010
0.110

0.027
0.021
<0.001
0.129
0.126

0.001
0.322
0.047
0.904
0.241

Brain resilience

Standardized p

-0217

—0.090

-0.079
0.002
0.248

-0.332
-0.026
-0.010
-0.012
0.300

0.033
0.416
0.436
0.985
0.032

<0.001
0.769
0.903
0.872
0.001

Global resilience

Standardized p

0277
-0.203
0.155
0.082
0.271

—-0.409
-0.075
0.096
-0.003
0.279

0.005
0.06
0.112
0.398
0.015

<0.001
0.372
0.198
097
0.001
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SILCODE ADNI P

Sample size, n 100 144

Age 65.38 (4.66) 74.68 (5.65) <0001
Female (%) 59(59) 74(51.4) 0297
Education level 126 28) 16.3 (2.6) <0001
MMSE 2884 (1.13) 29.08 (1.1) 0.094
MoCA 26.73 (2.08) 25.63 (2.9) 0.752
AVLT-delay® 7.03(1.85) 7.52 (3.89) /
AVLT-recog® 22.46 (1.41) 12.72 (2.61) /
AFT 19.13 (4.54) 20.88 (5.22) 0.007
BNT 24.96 (286) 2803 (2.27) <0001
STT-AY 50.95 (17.48) 35.28 (1) /
STT-B° 138.64 (35.73) 88.86 (44.31) &
APOE-¢4 (%) 2121) 61(42.4) 0.001
AB level® 89(1.87) 808.18 (281.32) /

MMSE, Mini-Mental State Examination; MoGA, Montreal Cognitive Assessment; AVLT-
delay, auditory verbal learning test-celay recall; AVLT-recog, aucitory verbal leaming test-
recognition; STTA, shape trail meking test A; STTB, shape trail making test B; AFT, animal
fluency test; BNT, Boston Neming Test; APOE, apolipoprotein E. Data are presented as
mean (SD) unless otherwise indicated.

SAVLT in the Sino Longitudinal Study on Cognitive Decline (SILCODE) was HuaShan
version and in the Alzheimer's Disease Neuroimaging Initative (ADN) was Rey AVLT
version A/B.

bSTT-Aand STT-B in the SILCODE were Alterative Shape Trail Making Test A and B and
in the ADNI were Shape Trail Making Test A and B.

cSource of amyloid-f (AB) in the SILCODE was the plasma and in the ADNI was the
cerebrospinal fluid (CSP).
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Groups Modality Found to be the most significant brain Modality Found to be the most significant brain
region by applying VOI analysis region by applying graphical analysis
AD vs. HC sMRI (L) Thalamus
FDG-PET (L) Occipital Inferior
AV45-PET (R) Fusiform
rs-fMRI-ALFF (R) Temporal Inferior FDG-PET (L) G-Cuneus-2
rs-fMRI-fALFF (R) Temporal Mid AV45-PET (R) G-Frontal-Superior-1
rs-fMRI-REHO (R) Temporal Inferior
DTI-FA (L) Sagittal stratum
MCls vs. MClc sMRI (L) Precuneus
FDG-PET Vermis_9 FDG-PET (R) G-Parietal Inferior-1
AV45-PET (L) Frontal superior Medial AV45-PET (R) G-Lingual-2
rs-fMRI-ALFF (L) Pallidum
rs-fMRI-fALFF (R) Lingual
rs-fMRI-REHO (L) Frontal Mid
DTI-FA (R) External capsule
AD vs. MCls sMRI (R) Frontal Inferior Triangular sMRI (R) N-Caudate-2
FDG-PET (L) Frontal Inferior Triangular FDG-PET (L) G-Cuneus-2
AV45-PET (R) Temporal Superior
rs-fMRI-ALFF (R) Frontal Inferior Orbital
rs-fMRI-fALFF (R) Thalamus
rs-fMRI-REHO (R) Hippocampus
DTI-FA (R) Anterior thalamic radiation
AD vs. MClc sMRI (R) Frontal Middle Orbital
FDG-PET (R) Occipital Middle
AV45-PET (R) Precentral AV45-PET (L) N-Caudate-5
rs-fMRI-ALFF (L) Fusiform rs-fMRI (L) G-Lingual
rs-fMRI-fALFF (L) Occipital Middle
rs-fMRI-REHO (L) Cingulum Posterior
DTI-FA (R) Posterior corona radiata
HC vs. MCls sMRI (R) Precentral sMRI (L) N-Caudate-6
FDG-PET (L) Precentral FDG-PET (L) G-Occipital Superior-1
AVA5-PET (L) Cerebellum_9
rs-fMRI-ALFF (L) Precentral
rs-fMRI-fALFF (L) Parietal Inferior
rs-fIMRI-REHO (L) Putamen
DTI-FA (L) Superior longitudinal fasciculus
HC vs. MClc sMRI (L) Lingual
FDG-PET (L) Occipital Superior
AV45-PET (R) Frontal Inferior Opercular
rs-fMRI-ALFF (L) Frontal Inferior Orbital rs-fMRI (R) G-Parietal Inferior
rs-fMRI-fALFF (R) Frontal Superior Orbital DTI-FA (L) Corticospinal tract
rs-fMRI-REHO (L) Lingual
DTI-FA (L) Superior corona radiata
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Groups Features Classifier Performance measure
AUC ACC SEN SPEC PRE F1-score Cohen’s kappa
AD vs. HC Combined-ROI EasyMKL 95.45 96.05 94.11 100 100 96.96 0.9066
Combined-VOI 95.55 95.24 93.33 100 100 96.55 0.9014
Combined (VOI + ROI) 97.78 98.52 96.97 100 100 98.46 0.9456
MCls vs. MClc Combined-ROI EasyMKL 94.33 94.74 100 90.91 90 94.74 0.8950
Combined-VOI 94.9 93.57 92.86 100 100 96.3 0.8825
Combined (VOI + ROI) 96.94 95.08 100 93.93 93.54 96.66 0.9247
AD vs. MCls Combined-ROI EasyMKL 93.86 93.59 93.75 93.33 93.75 93.75 0.8562
Combined-VOI 94.96 95.16 93.54 96.77 96.66 95.08 0.8869
Combined (VOI + ROI) 96.25 96.68 94.12 100 100 96.97 0.9011
AD vs. MClc Combined-ROI EasyMKL 94.05 94.89 100 94.77 91.67 95.65 0.8502
Combined-VOI 96.67 96.20 96.77 96.87 96.77 96.77 0.9145
Combined (VOI + ROI) 95.56 95.23 93.94 96.68 96.88 95.39 0.9044
HC vs. MClc Combined-ROl EasyMKL 94.93 94.24 100 88.89 92.31 96 0.8814
Combined-VOI 95.56 95.52 96.67 94.59 93.54 95.08 0.8977
Combined (VOI + ROI) 96.67 96.65 97.29 93.75 94.74 95.99 0.9237
HC vs. MCls Combined-ROI EasyMKL 95.6 95.55 100 90.90 91.66 95.65 0.8697
Combined-VOI 94.67 94.43 94.59 96.67 97.22 95.89 0.8864
Combined (VOI + ROI) 96.59 96.97 93.75 100 100 96.78 0.9187
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Groups Features Classifier Performance measure
AUC ACC SEN SPEC PRE F1-score Cohen’s kappa
ADvs. HC APOE EasyMKL 88.18 87.71 88.89 83.33 80 84.21 0.6523
sMRI 87.5 87.87 100 81.81 73.33 87.61 0.6547
FDG-PET 91.35 89.39 92.59 87.17 83.33 87.71 0.7651
AV45-PET 93.64 93.93 90.62 97.05 96.66 93.54 0.8528
rs-IMRI-ALFF 89.81 90.12 92.85 89.47 86.66 89.65 0.6839
rs-fIMRI-fALFF 91.52 90.90 90 91.60 90 90 0.7973
rs-fIMRI-REHO 90.38 89.74 89.65 89.18 86.66 88.13 0.7345
DTI-FA 92.86 92.42 93.10 91.89 90 91.52 0.8213
Combined-VOI 95.55 95.24 93.33 100 100 96.55 0.9014
MCls vs. MClc APOE EasyMKL 85.56 85.24 84.37 86.20 87.09 85.71 0.6042
sMRI 87.88 88.52 87.5 89.65 90.32 88.88 0.6788
FDG-PET 83.33 84.21 85.71 80 92.31 88.89 0.5874
AV45-PET 91.03 91.80 90.32 93.33 93.33 91.80 0.7243
rs-IMRI-ALFF 87.78 89.47 100 83.33 77.78 87.5 0.6665
rs-fIMRI-fALFF 85.56 85.24 84.37 86.20 87.09 85.71 0.6011
rs-fIMRI-REHO 89.74 90.16 90.32 90 90.32 90.32 0.6907
DTI-FA 92.31 92.75 90.65 93.10 93.54 92.06 0.8175
Combined-VOI 94.9 93.57 92.86 100 100 96.3 0.8825
AD vs. MCls APOE EasyMKL 78.89 77.68 72.73 75 80 76.19 0.6193
sMRI 88.18 88.70 87.09 90.32 90 88.52 0.6944
FDG-PET 90.91 90.32 90 90.62 90 90 0.7065
AV45-PET 89.09 89.48 87.5 93.34 93.34 90.32 0.7679
rs-IMRI-ALFF 92.73 92.45 90.32 93.54 93.33 91.80 0.8126
rs-fIMRI-fALFF 87.27 87.09 86.67 87.5 86.7 86.7 0.6943
rs-fIMRI-REHO 92.5 92.72 90 96 96.42 93.10 0.8467
DTI-FA 90 91.93 93.10 90.90 90 91.52 0.8211
Combined-VOI 94.96 95.16 93.54 96.77 96.66 95.08 0.8869
AD vs. MClc APOE EasyMKL 86.9 85.21 80 88.89 88.89 84.21 0.6851
sMRI 84.62 85.48 86.20 84.84 83.83 84.74 0.6272
FDG-PET 88.54 88.89 85.29 93.10 93.54 89.28 0.7049
AV45-PET 92.71 93.75 96.67 91.17 90.32 93.54 0.8342
rs-IMRI-ALFF 90.62 90.47 87.87 93.34 93.54 90.62 0.7978
rs-fIMRI-fALFF 87.5 87.30 87.09 87.5 87.09 87.09 0.7691
rs-fIMRI-REHO 91.67 92.18 93.54 90.91 90.62 92.06 0.8173
DTI-FA 93.75 93.65 88.57 100 100 93.98 0.8666
Combined-VOI 96.67 96.20 96.77 96.87 96.77 96.77 0.9145
HC vs. MClc APOE EasyMKL 85.45 85.71 83.33 88.89 90.91 86.96 0.7123
sMRI 90.28 90.76 91.42 90 91.42 91.42 0.7673
FDG-PET 86.36 86.88 86.48 86.67 88.89 87.68 0.6851
AV45-PET 93.75 94.02 90.90 97.05 96.74 93.74 0.8481
rs-IMRI-ALFF 90 90.36 91.42 87.5 88.89 90.14 0.7437
rs-fIMRI-fALFF 88.31 89.55 87.5 91.42 90.32 88.89 0.7099
rs-fIMRI-REHO 92.31 92.53 90.62 94.28 93.54 92.06 0.8043
DTI-FA 93.18 92.87 88.23 96.96 96.74 92.30 0.8217
Combined-VOI 95.56 95.52 96.67 94.59 93.54 95.08 0.8977
HC vs. MCls APOE EasyMKL 87.88 87.87 86.84 89.28 91.66 89.18 0.6855
sMRI 91.11 91.42 92.10 90.62 92.10 92.10 0.8136
FDG-PET 85.23 85.33 86.45 82.85 85.36 86.41 0.6905
AV45-PET 90 90.90 91.67 90 91.66 91.67 0.7847
rs-IMRI-ALFF 92.86 92.30 94.28 91.14 91.67 92.95 0.8386
rs-fIMRI-ALFF 93.33 92.75 94.59 90.62 92.10 93.34 0.8248
rs-fIMRI-REHO 89.77 89.39 91.42 87.09 88.89 90.14 0.7788
DTI-FA 91.68 90.14 89.74 91.25 91.32 90.90 0.8034
Combined-VOI 94.67 94.43 94.59 96.67 97.22 95.89 0.8864
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Groups Features Classifier Performance measure
AUC ACC SEN SPEC PRE F1-score Cohen’s kappa
AD vs. HC APOE EasyMKL 88.18 85.71 88.89 83.33 80 84.21 0.6523
sMRI 90.38 90.48 87.5 92.31 87.5 87.5 0.7981
FDG-PET 92.73 91.5 100 84.62 80 88.89 0.7073
AV45-PET 87.27 89.39 87.87 90.90 90.62 89.23 0.6736
rs-fMRI 93.27 92.42 88.23 94.11 93.75 90.90 0.8150
DTI-FA 92.31 93.17 90.90 93.93 93.75 92.30 0.8233
Combined-ROI 95.45 96.05 94.11 100 100 96.96 0.9066
MCls vs. MClc APOE EasyMKL 85.56 85.24 84.37 86.20 87.09 85.71 0.6042
sMRI 84.44 84.71 75 100 100 85.71 0.5819
FDG-PET 86.9 86.88 87.09 86.66 87.09 87.09 0.6471
AV45-PET 90.11 89.47 100 85.71 77.78 87.5 0.7465
rs-fMRI 88.60 88.52 87.5 89.65 90.32 88.88 0.7060
DTI-FA 91.05 91.80 90.62 93.10 93.54 92.06 0.7684
Combined-ROI 94.33 94.74 100 90.91 90 94.74 0.8950
AD vs. MCls APOE EasyMKL 78.89 77.68 72.78 75 80 76.19 0.6193
SMRI 88.64 88.52 90 87.09 87.09 88.52 0.6849
FDG-PET 85.56 84.95 83.62 85.71 84.89 84.25 0.6673
AV45-PET 90 90.16 93.10 87.50 87.09 90 0.7746
rs-fMRI 87.78 88.57 86.45 87.78 89.55 87.97 0.6802
DTI-FA 91.43 91.93 90.90 93.10 93.75 92.30 0.8180
Combined-ROI 93.86 93.59 93.75 93.33 93.75 93.75 0.8562
AD vs. MClc APOE EasyMKL 86.9 85.21 80 88.89 88.89 84.21 0.6851
sMRI 89.77 88.88 93.10 85.29 84.37 88.52 0.7014
FDG-PET 90.48 90.47 93.33 87.87 87.5 90.32 0.7244
AV45-PET 91.11 89.47 88.89 90 88.89 88.89 0.7689
rs-fMRI 92.86 92.06 90.90 93.33 93.75 92.30 0.7745
DTI-FA 93.33 93.65 93.75 93.54 93.75 93.75 0.8285
Combined-ROI 94.05 94.89 100 94.77 91.67 95.65 0.8502
HC vs. MClc APOE EasyMKL 85.45 85.71 83.33 88.89 90.91 86.96 0.7123
sMRI 89.42 88.05 88.88 87.09 88.88 88.88 0.7377
FDG-PET 91.36 91.04 94.11 87.87 88.88 91.42 0.7610
AV45-PET 90.48 90.48 82.31 87.5 92.31 92.31 0.7981
rs-fMRI 92.31 92.53 94.28 90.62 91.66 92.95 0.8129
DTI-FA 90 89.55 93.93 85.29 86.11 89.85 0.7557
Combined-ROI 94.93 94.24 100 88.89 92.31 96 0.8814
HC vs. MCls APOE EasyMKL 87.88 87.87 86.84 89.28 91.66 89.18 0.6855
sMRI 90.11 89.06 90.90 87.09 88.23 89.55 0.7127
FDG-PET 88.54 89.39 89.18 89.65 91.66 90.41 0.6984
AV45-PET 92.31 92.42 94.28 90.32 91.66 92.95 0.7661
rs-fMRI 90.62 90.12 93.75 87.5 88.23 90.90 0.7070
DTI-FA 93.41 93.93 94.45 93.33 94.44 94.44 0.7854
Combined-ROIl 95.6 95.55 100 90.90 91.66 95.65 0.8697
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Group AD (n=33) MClc (n=31) MCls (n=30) HC (n=35)

Sex (M/F) 21/12 16/15 1713 14/21
Age 75.65+8.61 7227 +£7.40 72904786 77.83+6.17
Body weight (kg) 75.81 £ 13.60 80.71 £17.43 82.14 + 156.03 75.76 £+ 18.62
FAQ score 19.34 £6.53 6.16+7.38 1.86+299 0134048
NPI-Q score 4.46 &+ 4.01 264 £332 1.66+1.61 0.33+£0.78
GDS score 237+£259 203+202 126+£09 1.13+1.79

MMSE score 19.60 +£4.56 26.324+3.85 28.03+125 29.13+1.20

Values are numbers or means =+ standard deviations. FAQ: functional activi-
ties questionnaire; NPI-Q: neuropsychiatric inventory questionnaire; GDS: geriatric
depression scale; MMSE: mini-mental state examination.
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Global coherence
Cognitive Training
Physical Training
Wait-list control
AMMN

Cognitive Training
Physical Training
Wait-list control

14
17
18

10
16
18

Pre-training

0.36 £0.12
029 £0.18
0.29 £0.10

—-1.26 +1.05
—1.46 +£ 0.92
—1.33+1.69

Post-training

0.35+0.18
0.31 +£0.17
0.36 +0.14

—1.06 +0.96
-1.39+1.19
—1.41+£1.25

t statistic
tqz = 0.08
t1e) = —1.04
tayy =-2.21

tg) = —0.45
t15 = —0.34
tqyy = 0.16

0.93
0.31
0.04

0.66
0.74
0.88

Values are means (M) + standard deviations (SD).
The t-values represent the results of paired samples t-tests.
AMMIN, the difference score between MMN for long and for short ISI for duration deviant.
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Difference post-pre [95% CI] Group x Time Lifestyle x Time

Cognitive training (n = 16) Physical training (n = 18) Wait-list control (n = 20) F statistic P F statistic P

Cognitive measure
Global cognition (cs.) 0.20[0.08, 0.37] 0.16[0.01,0.30] 0.32[0.22, 0.43 F(2,48) =2.64 0.08 F(1,48) = 18.77 <0.01
Memory (cs.) 0.34[0.11, 0.57] 0.15[-0.10, 0.40 0.38[0.19, 0.58 F(2,48)=1.78 0.18 F(1,48) = 23.88 <0.01
Attention/executive functions (cs.) 0.06 [-0.20, 0.31] 0.16 [-0.03, 0.36 0.27[0.11,0.42 F(2,48) = 0.66 0.52 F(1,48) =0.07 0.79
ADAS free recall —0.34[-0.89, 0.22 0.15[-0.36, 0.66 —0.08 [-0.61, 0.45] F(2,48)=1.33 0.27 F(1,48)=2.27 0.12
MVGT encoding 0.47[0.16, 0.78] 0.34 [-0.04, 0.71 0.66[0.37, 0.95 F(2,47)=1.46 0.24 F(1,47)=15.96 < 0.001
MVGT recognition 1.27 [-0.26, 2.80] 0.78 [-0.03, 1.59 —0.28[-1.02, 0.46] F2,46) =2.35 0.11 F(1,46) = 0.14 0.71
Digit span forward —0.03[-0.56, 0.50 —0.19[-0.71, 0.33] 0.07 [-0.33, 0.47 F(2,48) = 0.58 0.57 F(1,48)=0.23 0.64
Digit span backward —0.28 [-0.86, 0.30 0.31[-0.19, 0.81 0.14 [-0.29, 0.57 F(2,48)=0.73 0.40 F(1,48)=0.79 0.38

MT A 0.36[0.02, 0.71] 0.22[-0.14, 0.59 0.51[0.12,0.91 F(2,48)=0.73 0.49 F(1,48) = 2.07 0.16

MT B —0.01[-0.46, 0.43 0.28 [-0.14, 0.70 0.20 [-0.03, 0.43 F(2,48) =0.22 0.81 F(1,48) =1.71 0.20
Phonemic fluency 0.06 [-0.31, 0.43] 0.48[-0.11,1.07 0.45[0.003, 0.91 F(2,48) =0.79 0.46 F(1,48)=1.64 0.21
Semantic fluency 0.20 [-0.10, 0.50] —0.02 [-0.29, 0.26] 0.23 [-1.12,0.57 F(2,48) =0.70 0.50 F(1,48) = 0.11 0.74
ECB computation span 0.22 [-0.20, 0.65] 0.19[-0.22, 0.59 0.33 [-0.03, 0.69 F(2,44) =0.26 0.77 F(1,44) = 2.00 0.16

Depicted are the mean differences in cognitive measures between pre- and post-training within the three groups and 95% confidence intervals in brackets, as well as statistics for Group x Time and Lifestyle x Time
interactions. cs., component score; ADAS, Alzheimer’s Diseases Assessment Scale; MVGT, German adaptation of the California Verbal Learning Test; ECB, Everyday Cognition Battery; TMT, Trail Making
Test (part A and B).

Values are z-standardized on the basis of baseline cognitive assessment.
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Accuracy NC sen. AD sen. FTD sen.

PCA+SVM 82.28 85.94 85.44 67.14
ROIMLP 79.78 83.44 79.79 69.67
500 MLP 86.78 91.60 82.83 7331
1000 MLP 85.41 90.03 84.91 73.07
2000 MLP 85.45 90.34 82.26 75.06
MDNN 85.97 91.05 83.88 7420

The second column is the overall classification accuracy, while the third to fifth columns
represent the sensitivity of NC, AD, and FTD, respectively. The second row represents the
resultusing PCA+SVM with mult-scale volume size features, while the third row shows the
classification performance of a single MLP with ROl-wise features. The fourth to sixth rows
are the result of a single MLP with features extracted at different scales, ie., 500, 1,000,
and 2000 voxels per patch. The last row represents the MDNN result with multi-scale
volume size features.
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Demographic data

Age (y.)

Gender (f./m.)

Education (y.)

Cognitive data

MMSE
SMI/naMCl/aMCI/AD,
Global cognition (cs.)
Memory (cs.)
Attention/executive functions (cs.)
Lifestyle data

Number of reported activities
Variety of activities

EEG data

Global coherence

AMMN

Cognitive training (n = 16)

70.2+5.8
8/8
13.3+£4.0

27.8+2.6
3/4/8/1
0.08 £0.64
—0.02 £0.83
0.19 £0.64

84 +3.4
0.27 £0.13

0.36 £0.12
—1.26 +1.05

Values are means (M) + standard deviations (SD).
SMI, subjective memory impairment; nalMCI, non-amnestic mild cognitive impairment; aMCl, amnestic mild cognitive impairment; ADp, probable dementia; y., years; .,
female; m., male; cs., component score. AMMN, the difference score between MMN for long and for short ISI for duration deviant. The data refer to complete sample
without the exclusion of AMMN and global coherence missing data (see Figure 1). Data analyses accounting for the missing data did not change the results.

Physical training (n = 18)

73.7+6.2
12/6
142+3.0

278 1.7
6/4/7/1
0.04 &+ 0.62
0.16 + 0.67
—0.08+0.75

87+25
0.28 £ 0.09

0.29+0.18
—1.46 £ 0.92

Wiait-list control (n = 20)

70.3+55
10/10
162+£3.7

28.2 £2.2
3/6/8/3
—0.10 £ 0.82
—0.11 £ 0.98
—0.08+0.78

93+25
0.30 £0.09

0.29+0.10
—1.33 £ 1.69

F statistic

Fsn =2.11
x%@ =1.35
Fos1y=1.18

Fe51) =0.14
xz(z) =322
F,52=0.15

F(2)49) =0.39
F(2)49) =0.60

Fo.46) = 1.20
Fo.41) = 0.09

0.13
0.51
0.32

0.87
0.78
0.44
0.70
0.29

0.68
0.55

0.31
0.92





OPS/images/fnins-14-00853/fnins-14-00853-t004.jpg
Accuracy NC sen. AD sen. FTD sen.

PCA+SVM 81.12 91.04 7378 63.43
ROIMLP 76.48 82.74 71.80 66.56
500 MLP 82.80 87.95 77.02 76.05
1000 MLP 81.22 86.92 7213 72.48
2000 MLP 79.61 84.49 75.84 71.20
MDNN 83.04 89.07 76.77 74.79

The second column is the overall classification accuracy, while the third to fith columns
represent the sensitity of NC, AD, and FTD, respectively. The second row represents
the resut using PCA+SVM with mutti-scale surface thickness features, while the third row
shows the classiication performance of a single MLP with ROl-wise features. The fourth
10 sixth rows are the result of a single MLP with features extracted at different scales, i.,
500, 1,000, and 2,000 voxels per patch. The last row represents the MDNN result with
multi-scale surface thickness features.
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Method Modality Total AUC ACC
sample size
Cuiet al., 2011 NM + CSF + sMRl 143 79.6 67.13
Young etal., 2013  sMRI + FDG + APOE 143 725 699
Cheng et al., 2015 MRl 4+ FDG + CSF 99 848 794
Xu et al., 2016 SMRI + AV45 + FDG 110 - 82.5
Liu et al., 2017 sMRI + FDG 234 80.8 735
Hojjati et al., 2017 rs-fMRI 80 949 914
Pan et al., 2019b FDG 248 80.70 75.38
Gupta et al., 2019a  APOE + sMRI + FDG + CSF 82 93.59 94.86
Combined- SMRI + FDG + AV45 + rs- 61 96.94 95.08

(ROI + VOI)

fMRI + DTl + APOE
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Year of Patient info Results No. of Lewy body in References
Publication patients  grafted cells
Age Disease Disease duration Follow-up Cell Graft Clinical
stage (years) (years) type survival improvement
1989 48-55 Severe 14 0.5 VM N.A. No 2 N.A. Lindvall et al., 1989
1990 49 Severe 13 0.5 VM Yes Yes 1 N.A. Lindvall et al., 1989
1992 3043 Severe 6 2 VM Yes Yes 2 N.A. Widner et al., 1992
1992 N.A. Severe N.A. 1.5 VM Yes Yes 4 N.A. Spencer et al., 1992
1992 50-60 Mild 8-11 1 VM Yes No 2 N.A. Sawle et al., 1992
1994 N.A. N.A. N.A. 3 VM Yes Yes 2 N.A. Lindvall et al., 1994
1994 N.A. Severe N.A. 1,1.5 VM Yes Yes 2 N.A. Peschanski et al., 1994
1995 39-61 Severe 8-22 0.5 VM Yes Yes 4 N.A. Freeman et al., 1995
1995 59 Severe 8 15 VM Yes Yes 1 N.A. Kordower et al., 2008
1997 43-58 N.A. 5-12 1-6 VM Yes 4 Patients 6 N.A. Wenning et al., 1997
effective
1999 69 Severe 9 10 VM Yes Yes 1 N.A. Piccini et al., 1999
2000 41-68  Mild-Severe 11-15 1.5-2 VM Yes Yes 5 N.A. Brundin et al., 2000
2001 34-75 Severe 14 1 VM Yes Effective in 19 No Freed et al., 1990
younger
patients
2002 52.0 £7.0 Mild-Severe 118422 11 VM N.A. Not clear 14 N.A. Hagell et al., 2002
2003 30-75 Severe N.A. 2 VM Yes Effective in 23 N.A. Olanow et al., 2003
milder patients
2005 541 +£9.2 Mild 1B+2 2 VM N.A. Not clear 9 N.A. Piccini et al., 1999
2005 59,69 N.A. 11,15 3-4 VM Yes Yes 2 No Mendez et al., 2008
2008 N.A. N.A. N.A. 9-14 VM Yes N.A. 5 No Mendez et al., 2008
2008 61 Severe 22 14 VM Yes Effective in 1 Yes Kordower et al., 1995
initial 10 years
2009 57 Mild 11 5 NPC Yes Effective in 1 N.A. Levesque et al., 2009
initial 3 years
2010 65 Severe N.A. 12,16 VM Yes N.A 1 Yes Lietal, 2010
2011 69, 65 Severe 14,12 22,12 VM Yes No, Yes 2 Yes Kurowska et al., 2011
2014 49,54 N.A. 10,12 18,15 VM N.A. Yes 2 N.A. Kefalopoulou et al., 2014
2016 59 N.A. 9 24 VM Yes Effective in 1 Yes Lietal, 2018
initial 14 years
2017 55 Severe 8 16 VM Yes No 1 Yes Kordower et al., 2017
2020 69 Severe 10 2 iPSC Yes Yes 1 N.A. Schweitzer et al., 2020
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NC AD FTD NC AD FTD
NC | 44 | 62 57 NC | 968 | 66 29
AD 8 | 852 | 19 AD 59 | 387 | 11
FD | o7 1| 32 FD | 100 | 10 | 324
(A) MDNN+Thickness (B) MDNN+Volume
NC [ AD | FTD NC | AD | FTD
NC | 98| 45 20 NG | 9s5 | 43 25
AD R 3 AD 65 | 301 1
FID | 109 | 8 322 FID | 93 2 339
(C) MMDNN+Multitype (D) GAN+Multitype

The class names of the first column in each table represent the ground truth, and the
names in the first row denote the classification result.
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Accuracy NC sen. AD sen. FTD sen.

PCA+SVM (Multtype) 83.06 93.90 7174 6823
MDNN-+Thickness 83.04 89.07 76.77 74.79
MDNN-+Volume 85.97 91.05 83.88 7420
MMDNN (Multitype) 86.81 93.76 81.94 73.59
GAN (Multtype) 88.28 98.40 84.66 77.82

The second column is the overall classification accuracy, while the third to fifth columns
represent the sensitivity of NG, AD, and FTD, respectively. The second row represents the
result with PCA+SVM using multi-type mult-scale features. The third and fourth rows are
the classification performance of MDNN with mult-scale surface thickness or multi-scale
volume size. Experiment results with both types of features using MMDNN are shown in
the fith row and the last row represents the result of multi-type multi-scale features along
with data augmentation using GAN.
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‘ Assessed for eligibility (n = 122)

v

MMSE < 20 (n = 3)
Age < 55 years (n = 3)

[ Enrollment

v

Inclusion into training study

Physical impairment (n = 8)

Excluded from training study (n = 57) due to
No cognitive impairment (n = 23)

Severe psychiatric disorder (n = 4)
Severe neurologic disorder (n = 2)

Severe hearing / visual impairment (n = 1)

(n =65) Unknown reason (n = 8)
Refused (n = 5)
v w v
Cognitive training Physical training Wait-list control .
(n=19) (n=21) (n = 25) Allocation

v

v

v

Not evaluated at posttest due to
Major medication changes (n = 0)
Adverse event (n = 0)
Withdrawal (n = 2)
Deviation from study design (n = 1)
No suitable MMN data? (n = 6)
No suitable resting state data? (n = 2)

Not evaluated at posttest due to
Major medication changes (n = 0)
Adverse event (n = 2)

Withdrawal (n = 1)

Deviation from study design (n = 0)
No suitable MMN data2 (n = 2)
No suitable resting state data? (n

1)

Not evaluated at posttest due to
Major medication changes (n = 1)
Adverse event (n = 3)
Withdrawal (n = 1)
Deviation from study design (n = 0)
No suitable MMN data? (n = 2)
No suitable resting state data? (n = 2)

v

v

v

Analyzed — post (n =16, 10, 14) ‘

v

Analyzed — post (n =18, 16, 17) ‘

v

[ Posttest }

Analyzed — post (n = 20, 18, 18) ‘[ Analysis 1

v

Did not return to follow-up (n = 8)
No suitable MMN data (n = 4)
No suitable resting state data (n = 3)

Did not return to follow-up (n = 5)
No suitable MMN data (n = 3)
No suitable resting state data (n = 2)

Did not return to follow-up (n =7)
No suitable MMN data (n = 1)
No suitable resting state data (n = 1)

v

[ Follow-up }

Analyzed — follow-up (n = 8P, 4, 6) H Analyzed - follow-up (n =13, 10, 11) H Analyzed — follow-up (n =13, 12, 12) ‘[ Analysis }
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Mean + SD NC AD FTD

Count (WF) 1063 (533/530) 450 (270/189) 434 (266/168)
Age (Mean  SD) 7219+£828  7591£7.54  64.60+ 851
Education (Mean =SD) 16664824 1513258 1905+ 1.12
MMSE (Mean  SD) 2040139  2320+£196 25364612

First row (Count M/F): total number as well as number of male andlfemale subjects in each
clinically diagnostic group. Second row: the mean and stenderd deviation of subject age
(unit: years). Third row: the mean and standerd deviation of subject’s years of education
(unit: years). Forth row: the mean and standard deviation of subject’s clinicaly evaluated
MMSE score.
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vol 18F-APN-1607 and MMSE 18F-FDG and MMSE 18F-APN-1607 and '8F-FDG
P R P R P R
Frontal lobe 0.004** ~0.632 0.043* 0.469 0.073 —0.421
Temporal lobe 0.008** —0.593 0.057 0.444 0.020* —0.530
Occipital lobe 0.076 —0.417 0.341 0.231 0.011* —0.567
Parietal lobe 0.014* —0.552 0.015* 0.550 0.003** —0.637
Insula 0.003** —0.650 0.411 0.200 0.616 -0.123
Cingulum 0.002** —0.665 0.630 0.118 0.333 —0.235
Caudate 0.067 —0.429 0.780 —0.069 0.091 0.398
Putamen 0.013* —0.557 0.693 —0.097 0.251 0.277
Pallidum 0.395 -0.207 0.102 -0.387 0.743 0.081
Thalamus 0.007** —0.595 0.912 0.027 0.808 —0.060
Midbrain 0.531 —0.153 0.150 -0.343 0.892 -0.033
Pons 0.301 —0.250 0.461 —0.180 0.399 —0.205
Medulla 0.043* —0.469 0.080 —0.411 0.705 0.093

VOI, volume of interest; R, Spearman correlation. *P < 0.05, **P < 0.01, **P < 0.001.
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Healthy aging Mild cognitive impairment Mild to moderate AD ANOVA p-value

Male:Female 312 8:9 29 024
Age 74.7(5.2) 743(.7) 78.4(8.6) 042
CDR 0 048(0.2) 0.6(0.2)

MMSE 204(1) 27.8(.7) 22(1.6)

APOE Not tested 15 3 0

APOE £2:2 0 0

APOE £2:3 1 0

APOE £3:3 6 4

APOE s2¢4 0 0

APOE s3:4 5 5

APOE sded 2 2

Mean values are given for male to female ratios, age in years, CDR and MMSE values as well as APOE status for al participants. Standard deviations are noted in brackets and p
values on the right show non-significant differences between groups. Abbreviations: AD, Alzheimer's Dissase; CDR, Clinical Dementia Rating; MMSE, Mini-Mental State Examination;
APOE, Apolipoprotein E.
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\'[e]] SUVR P Cohen d

AD NC
Frontal lobe 1.43 £ 0.42 0.85 4 0.06 <0.001** 1.926
Temporal lobe 1.64 £0.50 0.91 +0.06 <0.001* 2.062
Occipital lobe 1.568 £0.47 0.95 4+ 0.06 <0.001* 1.917
Parietal lobe 1.62 £ 0.60 0.87 + 0.06 <0.001** 1.773
Insula 1.31 £ 0.41 0.85 4+ 0.07 <0.001** 1.646
Cingulum 1.47 £0.46 0.89 4+ 0.05 <0.001** 1.801
Caudate 0.91+£0.17 0.80 £0.04 0.015* 0.898
Putamen 1.18:=:0.22 0.94 4+ 0.05 <0.001* 1.508
Pallidum 111 0.9 1.056 £ 0.08 0.295 0.376
Thalamus 1.21:40.28 1.27 £0.12 0.374 0.325
Midbrain 0.91+0.17 1.04 £0.05 0.008™ 1.005
Pons 0.85+0.17 1.08 £ 0.06 <0.001** 1.397
Medulla 0.724+0.18 0.95+ 0.11 <0.001** 1.637

For SUVR, the expression means mean =+ standard deviation. VOI, volume of
interest; SUVR, standard uptake value ratio; AD, Alzheimer’s disease; NC, normal
control. *P < 0.05, *P < 0.01, P < 0.001.





OPS/images/fnins-14-00843/fnins-14-00843-g004.jpg
Hearing loss 3 mo , Hearing loss 7 mo

p < 0.005 p < 0.005






OPS/images/fnagi-12-524024/fnagi-12-524024-g002.gif
Mild/Moderate Mild Cognitive Impairment

GM (68.3 %) GM (54.2 %)

anterior .
(58.9 %)

2 J
Uy

e

posterior
(GWAD)

b | posterior
(41.6 %)

anterior
(65 %)

VFM (75 %) anterior

(64.9 %)

"\;

posterior
(73.3 %)

posterior
(44.4 %)






OPS/images/fnagi-13-602781/fnagi-13-602781-g001.jpg
[ Five AD microarray profiles from GEO database ]

| Differentially expressed gene analysis in each ]

profiles

Gene signature overlap in five datasets
179 genes Upregulated

Functional annotation
[ GO&KEa?]GI eqrichiment 429 genes Downregulated
YIS 608 genes in total
" 1
Protein-protein interaction ] [ LASggdl?;’g;ztsigczee%'::sm“ ]

v

[ Hub Genes Selection

18 hub genes

v

Hub Genes Expression in ] \L

Validation in brain tissue ] \( Validation set (AUC=0.992)
datasets J 1 Combined set (AUC=0.985)

different Braak stage of AD

AD vs NDHCS J

Gene set enrichment
analysis

Test in peripheral blood
datasets

MCI vs NDHCS ]

Gene signature overlap
Two key genes

Expression in different Braak
\I/ stage
[ Validation in an independent
brain tissue dataset correlation with AB42 levels
and B-secretase activity






OPS/images/fnins-14-00604/fnins-14-00604-t001.jpg
Group No. Gender (male/female) Age of scanning (y) Age at onset (y) Education (y) MMSE score CDR-GS MTA-VRS

AD 19 712 61.8+11.3 56.9 +10.5 10.7£4.2 17.0x£ 7.6 1(1-2) 2 (2-2)
NC 11 7/4 61.8+ 4.6 = N.A. N.A. 0(0-0) 1(0-1)
P -~ 0.1562 0.992° ~ = = <0.001°¢ <0.001°¢

For age, education years, and MMSE score; the expression means mean =+ standard deviation. For CDR-GS and MTA-VRS, the expression means median (interquartile
range). @y? test was performed. PIndependent two-tailed Student t test was performed. °Mann-Whitney U test was performed. AD, Alzheimer’s disease; NC, normal
control; MMSE, Mini-Mental State Examination; CDR-GS, Clinical Dementia Rating Global Score; MTA-VRS, Medial Temporal Lobe Atrophy Visual Rating Scale; N.A., not
available; y, year.
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Variables Number (%) Mean + SD p-value

Female/male 83/163 (33.7/66.3)

Age (years) 62.41 £12.04

ET/non-ET 192/54 (78/22)

SS (total) 0.41 £0.12

SS (female) 0.40 £0.12

SS (male) 0.41 +£0.12 0.88'
SS (ET) 0.41 £0.12

SS (non-ET) 0.41 +£0.13 0.66?

ET, essential tremor; non-ET, non-essential tremor; SS, skull score.
! Comparision of SS between female and male.
2Comparision of SS between ET and non-ET.
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Characteristic No. of Effect size (95% Cl), P for

partici- P-value interac-

pants tion
Age 0.946
<70 781 5.26 (0.24, 10.28), 0.04
>70 864 5.02 (0.38, 9.66), 0.03
Gender 0.815
Male 816 3.04 (—1.87, 7.95), 0.23
Female 829 3.04 (-1.87, 7.95), 0.23
Race 0.434
Mexican American 176 —0.13 (—11.76, 11.51), 0.98
Other Hispanic 50 —9.90 (—25.39, 5.59), 0.21
Non-Hispanic White 1,152 4.06 (0.17, 7.95), 0.04
Non-Hispanic Black 229 6.26 (—2.23, 14.75), 0.15
Other race 38 5.85 (—26.79, 38.50), 0.73
CAD score 0.583
<3 1,463 3.73 (0.18, 7.29), 0.04
>3 182 1.01 (-8.16, 10.18), 0.83
Educational level 0.206
High school 845 5.27 (0.92, 9.63), 0.02
Above high school 800 1.10 (-3.85, 6.06), 0.66
BMI 0.480
Lower 439 1.80 (—4.08, 7.62), 0.55
Higher 1,206 4.30 (0.32, 8.27), 0.03

Gender, race, educational level, age, CAD score, and BMI were adjusted. Bold data
mean p value < 0.5.
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Exposure

Non-adjusted model

Model |

Model lI

Telomere length (T/S ratio)
Telomere length (T/S ratio)
Q1 (0.39-0.76)

Q2 (0.76-0.88)

Q3 (0.88-1.02)

Q4 (1.02-3.00)

P for trend

9.51 (6.82, 13.19), <0.01

Reference
2.93 (1.01, 4.85), <0.01
4.52 (2.30, 6.73), <0.01
4.75 (2.02, 7.49), <0.01
<0.001

10.27 (6.83, 13.72), <0.01

Reference
2.87 (1.08, 4.66), 0.01
4.43 (2.37, 6.50), <0.01
5.87 (3.32, 8.43), <0.01
<0.001

3.47 (0.14, 6.79), 0.04

Reference
0.88 (—0.81, 2.58), 0.31
1.01 (-0.96, 2.97), 0.32
2.39 (—0.04, 4.82), 0.05
0.038

Model | adjusted for gender, race, and educational level; model Il adjusted for gender, race, educational level, age, CAD score, and BMI.
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Telomere length (T/S ratio) Total sample Q1 (0.389-0.759) Q2 (0.759-0.880) Q3 (0.880-1.026) Q4 (1.026-3.001) P-value
N 2,006 866 558 370 212

Age [mean (SD)] 70.99 (7.54) 73.17 (7.96) 71.09 (7.71) 69.76 (7.53) 68.81 (7.30) <0.001
BMI 28.78 (6.09) 28.11 (56.15) 28.12 (5.69) 28.29 (5.50) 28.67 (5.70) 0.585
Gender <0.001
Male 6, 614 (48.88%) 470 (54.27%) 289 (561.79%) 156 (42.16%) 84 (39.62%)

Female 6,916 (51.12%) 396 (45.73%) 269 (48.21%) 214 (57.84%) 128 (60.38%)

Educational level 0.447
High school 6, 540 (48.34%) 471 (54.39%) 280 (50.18%) 200 (54.05%) 114 (63.77%)

Above high school 6, 990 (51.66%) 395 (45.61%) 278 (49.82%) 170 (45.95%) 98 (46.23%)

CAD score [mean (SD)] 1.20 (1.18) 1.01 (1.10) 0.98 (1.09) 0.91 (0.99) 1.03 (1.12) 0.476
Diabetes 0.238
No 10, 281 (78.53%) 693 (82.60%) 455 (84.10%) 314 (87.22%) 172 (82.69%)

Yes 2,810 (21.47%) 146 (17.40%) 86 (15.90%) 46 (12.78%) 36 (17.31%)
Hypertension 0.509
No 5,495 (40.72%) 426 (49.31%) 276 (49.64%) 178 (48.37%) 93 (43.87%)

Yes 7,998 (59.28%) 438 (50.69%) 280 (50.36%) 190 (51.63%) 119 (66.13%)
Hyperlipidemia 0.955
No 12,012 (89.68%) 762 (89.96%) 496 (89.69%) 327 (89.59%) 191 (90.95%)

Yes 1,383 (10.32%) 85 (10.04%) 57 (10.31%) 38 (10.41%) 19 (9.05%)

Stroke 0.556
No 12, 349 (91.49%) 801 (92.60%) 518 (93.33%) 349 (94.32%) 201 (94.81%)

Yes 1,148 (8.51%) 64 (7.40%) 37 (6.67%) 21 (5.68%) 11 (6.19%)

Race 0.002

Mexican American
Other Hispanic
Non-Hispanic White
Non-Hispanic Black
Other Race

1,248 (9.22%)
858 (6.34%)
7,918 (58.52%)
2,717 (20.08%)
789 (5.83%)

101 (11.66%)
28 (3.23%)
603 (69.63%)
117 (13.51%)
17 (1.96%)

64 (11.47%)
13 (2.33%)
373 (66.85%)
90 (16.13%)
18 (3.23%)

48 (12.97%)
8 (2.16%)

255 (68.92%)

53 (14.32%)
6 (1.62%)

14 (6.60%)
12 (5.66%)
131 (61.79%)
52 (24.53%)
3 (1.42%)

CAD score: 1 score was appointed for each of the three current risk factors, including history of hypertension, coronary heart disease, or stroke. Additionally, two points
were added for diabetes. Scores range from O to 5.
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Brain regions BA Peak MNI coordinates Peak T-value Voxels
x y z
scLN R_middle cingulate gyrus 32 12 9 33 —3.667 41
DMN L_precuneus 7 —12 —54 63 —4.1241 41
ECN RFG 47 42 33 —15 —3.8975 47
AN R_SMA 6 12 —15 66 —4.0499 40

MNI, Montreal Neurologic Institute; scLN, subcortical limbic network; DMN, default mode network; ECN, executive control network; AN, attention network; IFG, inferior frontal gyrus;

SMA, supplementary motor area; R, right: L, left.





OPS/images/fnagi-12-527658/cross.jpg
3,

i





OPS/images/fnins-15-612940/fnins-15-612940-g001.jpg





OPS/images/fnagi-12-00246/fnagi-12-00246-t002.jpg
Presbycusis patients (n = 40) Healthy controls (n = 40) p-value ES

MMSE 29.18 +1.06 28.68 + 1.44 0.081 0.40
MoCA 25,68+ 1.69 2593+ 1.79 0.522 0.14
AVLT 35.35+7.38 3488+ 7.75 0.779 0.06
AVLT-delay 7.18+2.23 6.75 +£2.31 0.405 0.19
CFT 3470+ 1.57 34.58 + 1.56 0.722 0.08
CFT-delay 16.70 £ 3.07 17.20+£2.78 0.447 017
TMT-A 70.73 +21.56 67.60 + 18.36 0.487 0.16
T™MT-B 195.73 + 63.59 166.03 + 53.52 0.003* 0.68
CDT 3.55 +0.55 3.63 +0.54 0.541 0.16
DST 10.65 + 1.48 11.68 +2.08 0.013+ 0.57
VFT 18.96 + 4.05 14.41 £3.71 0.596 0.12
DSST 70.13+8.22 68.73 +9.94 0.494 0.15
SAS 36.83 +5.82 36.38 + 6.04 0.735 0.08
SDS 39.03+9.24 3713+ 845 0.340 0.21

Data are represented as Mean + SD, *p < 0.05. MMSE, Mini-Mental State Exam; MoGA, Montreal Cognitive Assessment; AVLT, Auditory Verbal Leaning Test; CFT, Complex Figure
Test; DST, Digit Span Test. TMT-A, Trail Making Test-Part A; TMT-B, Trail Making Test-Part B; CDT, Clock Drawing Test; VFT, Verbal Fluency Test; DSST, Digit Symbol Substitution Test;
SDS, Self-Rating Depression Scale; SAS, Self-Rating Anxiety Scale; ES, effect size.
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Region* Hemisphere Cluster size (mm?3) Z Max Coordinates’

X Y z
Superior frontal gyrus (BA 10)F Right 91,784 3.65 16 60 —-16
Middle frontal gyrus (BA 10)* Right 91,784 3.43 36 52 -16
Middle frontal gyrus (BA 9)* Right 91,784 3.24 38 36 28
Middle temporal gyrus (BA 21) Right 19,376 3.00 68 —28 —-10
Parahippocampal gyrus (BA 36) Right 19,376 2.95 34 —34 —-12
Lentiform nucleus (lateral globus pallidus) Right 19,376 2.89 28 —-12 —-12
Middle frontal gyrus (BA 10) Left 20,664 2.98 —-30 54 —16
Middle frontal gyrus (BA 47) Left 20,664 2.90 —46 38 —-10
Middle frontal gyrus (BA 11) Left 20,664 2.87 —26 34 -20

*Significant at uncorrected voxel threshold of P < 0.01, extent threshold = 937 voxels (7,504 mm?). tCoordinates are displayed in MNI standard space. *Survived at
FWE-corrected voxel threshold of P < 0.05. BA, Brodmann area; FWE, familywise error.
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Region* Hemisphere Cluster size (mm?3) Z max Coordinates?

X Y z
Fusiform gyrus (BA 37) Left 283,064 5.72 —48 —44 —-18
Superior temporal gyrus (BA 21) Right 283,064 5.563 62 —-22 —4
Inferior temporal gyrus (BA 20) Left 283,064 5.50 —54 —24 —22
Middle frontal gyrus (BA 8) Right 56,784 517 22 38 34
Middle frontal gyrus (BA 8) Right 56,784 517 30 30 34
Middle frontal gyrus (BA 9) Right 56,784 5.18 18 48 18
Middle frontal gyrus (BA 8) Left 51,360 5.06 —-10 38 34
Middle frontal gyrus (BA 11) Left 51,360 5.06 —26 48 —14
Cingulate gyrus (BA 12) Left 51,360 5.03 —-10 26 42

*Significant at FWE-corrected voxel threshold of P < 0.01, extent threshold = 58 voxels (464 mm?3). TCoordinates are displayed in MNI standard space.

area; FWE, familywise error.

BA, Brodmann
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EOAD (n = 53) YC (n=33) EOAD vs. LOAD (n=44)  OC (n=31) LOAD vs. EOAD

YC P value OC P value vs. LOAD
P-value

Attention
Digit Span Forward —0.63 £+ 1.50 0.73+0.93 < 0.0012 0.09 £1.07 0.76 £1.03 0.0102 0.0202
Digit Span Backward —1.57 £1.52 0.14 +£1.28 < 0.0012 —0.56 + 1.28 0.11 +£1.14 0.0242 0.0012
Language and related function
K-BNT —2.11 £ 261 0.05 &+ 1.00 < 0.0012 —1.90 £+ 1.59 0.03 & 0.91 < 0.0012 0.774
Visuospatial function
RCFT copy —5.56 +5.82 0.58 £ 0.57 < 0.0012 —0.51 £ 1.86 0.34 £0.74 0.0102 < 0.0012
Memory
SVLT, immediate recall —2.28 +£1.29 —0.13+1.02 < 0.0012 —1.65 +£0.97 —0.05 +£ 0.84 < 0.0012 0.0042
SVLT, delayed recall —2.56 £ 0.83 —0.13+£0.95 < 0.0012 —1.96 £ 0.59 0.10 £ 0.97 < 0.0012 < 0.0012
SVLT, recognition —2.76 £ 1.51 —0.12 +£1.50 < 0.0012 —1.50 £ 1.31 0.00 £ 0.83 < 0.0012 < 0.0012
RCFT, immediate recall —1.94 £0.74 0.756 +£0.92 < 0.0012 —1.20 £ 0.76 041 +£1.14 < 0.0012 < 0.0012
RCFT, delayed recall —2.22 +0.84 0.70 +1.01 < 0.0012 —1.46 £0.77 0.46 +1.03 < 0.0012 < 0.0012
RCFT, recognition —2.24 +£152 0.22 & 1.04 < 0.0012 —1.73 +£1.62 —0.21 £0.98 < 0.0012 0.194
Frontal executive function
COWAT, animal —2.14 £1.01 —-0.22 +£1.07 < 0.0012 —1.72 £ 0.94 —0.24 £ 0.92 < 0.0012 0.0392:b
COWAT, supermarket —1.81 £ 0.96 0.05 + 0.94 < 0.0012 —1.24 £ 0.96 0.02 +£0.98 < 0.0012 0.0052
COWAT, phonemic total —1.31 £1.36 0.26 + 1.04 < 0.0012 —0.87 £+ 0.96 0.13 £ 1.00 < 0.0012 0.092
Stroop test, color reading —2.39 +£1.30 0.13+0.75 < 0.0012 —0.97 +£1.05 0.11 +£1.15 < 0.0012 < 0.0012
TMT-A —7.77 £11.75 0.59 +£0.77 < 0.0012 —1.90 + 3.81 —0.17 £1.93 0.0182 0.0012
TMT-B —8.36 +£6.19 0.01 +1.00 < 0.0012 —2.92 +£2.32 —0.09 + 1.23 < 0.0012 < 0.0012

All data are z-scores derived on age- and education-adjusted norms and presented as mean =+ standard deviation. Comparisons between EOAD and LOAD were adjusted
for clinical dementia rating-sum of boxes. 2P < 0.05; Pinsignificant after region-wise correction for multiple comparisons. Abbreviations: EOAD, early onset Alzheimer’s
disease; YC, young control; LOAD, late-onset Alzheimer’s disease; OC, old control; K-BNT, Korean version of the Boston naming test; RCFT, Rey-Osterrieth complex
figure test; SVLT, Seoul verbal learning test; COWAT, controlled oral word association test; TMT-A/B, trail making test type A/B.
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Variables EOAD YC (n =33) EOAD vs. YC LOAD ocC LOAD vs. EOAD vs.

(n=53) P value (n = 44) (n=31) ocC LOAD
P value P value
Age 60.5 (5.43) 57.54 (7.16) 0.0322 77.80 (6.35) 75.32 (5.54) 0.085 < 0.0012
Sex (female, n [%)]) 36 (67.9) 13 (39.4) 0.0182 33 (75) 16 (561.6) 0.064 0.589
Education (years) 9.42 (3.92) 13.45 (3.52) < 0.0012 7.30 (5.06) 10.68 (5.34) 0.0072 0.0228
Disease duration (months) 42.83 (20.55) 0.0 (0.0 < 0.0012 52.39 (30.35) 0.0 (0.0 < 0.0012 0174
MMSE 16.08 (7.14) 28.76 (1.15) < 0.0012 17.56 (7.04) 27.13 (2.38) < 0.0012 > 0.999
CDR-SOB 5.62 (3.90) 0.00 (0.00) < 0.0012 5.11 (3.20) 0.00 (0.00) < 0.0012 0.066
APOE genotype (positive, n [%]) 25 (47.2) 9(27.3) 0.066 23 (62.3) 7 (22.6) 0.0102 0.617
Mean CTh 2.29 (0.16) 2.49 (0.08) < 0.0012 2.34 (0.13) 2.44 (0.10) < 0.0012 0.060
THK global retention 2.38 (0.51) 1.46 (0.20) < 0.0012 2.23 (0.39) 1.77 (0.24) < 0.0012 0.110
FLUTE global retention 1.07 (0.18) 0.39 (0.06) < 0.0012 0.89 (0.21) 0.43 (0.15) < 0.0012 < 0.0012

Abbreviations: EOAD, early-onset Alzheimer’s disease; LOAD, late-onset Alzheimer’s disease; YC, young control; OC, old control; MMSE, mini-mental state examination;
CDR-SOB, clinical dementia rating-sum of boxes; APOE, apolipoprotein €4 allele; CTh, cortical thickness;, SUVR, standard uptake value ratio. Data is presented as
mean (standard deviation) for continuous variables and number (%) for nominal variables. MMSE and CDR-SOB were compared between AD and control after adjusting
for age and years of education and compared between EOAD and LOAD after adjusting for years of education. P-values refer to two-sample t-test for continuous variables
and Chi square test followed by Yate’s continuity correction for nominal variables. 2P < 0.05.
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Radiotracer Method
99MTe-F(ab'), SPECT
18F-5100 PET
64Cu-Rho-G4-CML PET

18F-FPS-ZM1/18FRAGER PET

Leading compound

Polyclonal antibody to RAGE

A multigenic family of Ca?*-modulated
proteins (S100)
Carboxymethyl-lysine-modified human
serum albumin

RAGE-specific inhibitor (FPS-ZM1)

Applied disease

Atherosclerosis and peripheral
arterial disease
No related reports

Cancer

Alzheimer’s disease

References

Shan, 2004; Tekabe et al., 2010

Hoppmann et al., 2008; Wolf et al., 2011

Konopka et al., 2018

Lv et al., 2015; Kong et al., 2016

RAGE, receptor of advanced glycation end products; SPECT, single-photon emission computed tomography; PET, positron emission tomography.
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Presbycusis patients (n = 40) Healthy controls (n = 40) p-value
Age (years) 61.35+5.05 61.30 + 3.89 0.961
Sex (male: female) 20/20 17/23 0501
Education levels (years) 1045+ 1.84 10.58 = 1.53 0742
PTA of the left ear (dB HL) 3227 £4.71 16.17 £2.98 <0.001*
PTA of the right ear (B HL) 32.88+6.58 16.02 % 8.17 <0.001*
Mean PTA of both ears (dB HL) 32.32+4.24 15.92 & 2.58 <0.001*
Mean FD value (mm) 0.20+0.06 0.19+0.08 0.291
Max FD value (mrm) 0.44+0.05 0.42+008 0.148

Data are represented as Mean + SD. *P < 0.001. PTA, pure-tone audiometry; FD, framewise displacement.





OPS/images/fnagi-12-00246/fnagi-12-00246-g004.gif





OPS/images/fnagi-12-576192/crossmark.jpg





OPS/images/fnagi-12-00141/fnagi-12-00141-g005.gif
(wo,|

WN) OGH.

B H i
30 SRS LOPRIRIINCT

Time (s)





OPS/images/fnins-14-00693/fnins-14-00693-g001.jpg
[Phospholipasear |
I
H

Lol ol SN N LN
(o)
1]

HC-0xCi~~AAAAANAS
|

H:
Phospholipase C
Phospholipase D

OZII’—O——CHz —CH2—N(CHs)s

l

NN SN

Arachidonic Acid

(o}

|
| Lipoxygenase | ICytochromeP-450|

Cyclooxygenase I h 4 I Fatty acid amide hydrolase I EETs,

Leukotrienes, 20-HETE
Lipoxins,
HPETE

4

Y

I Anandamides I

Prostaglandins,
Thromboxanes






OPS/images/fnagi-12-00141/fnagi-12-00141-g004.gif





OPS/images/fnins-14-00693/cross.jpg
3,

i





OPS/images/fnagi-12-00222/fnagi-12-00222-t003.jpg
Cognitive domain

Executive function
1. Complex abstraction

2. Innovation

3. Inhibition and switching

4. Conceptual reasoning
5. Working memory

Memory
Episodic memory

Attention

Visuospatial skills

Measures

Test of Strategic Learning (TOSL) (Chapman et al.,
2002)
WAIS-III similarities (Wechsler, 1997a)

Test of Strategic Learning (TOSL) (Chapman et al.,
2002)

Trails B (Delis et al., 2001)

Delis—Kaplan executive function system (DKEFS)
card sort (Delis et al., 2001)

Digit Span Backwards Test (WMS-Ill, Wechsler,
1997b)

Memory for facts: Test of Strategic Learning (TOSL)
(Chapman et al., 2002)

Selective Auditory Learning Task (Hanten et al.,
2007)

Digit Span Forward Task (WMS-IIl, Wechsler,
1997b)

Trails A (Delis et al., 2001)

Description

Assesses the ability to condense and synthesize
complex information written as summary from a
complex text. Scores represents number of
abstracted ideas.

Assesses the ability to think abstractly and to find
similarities among words or ideas that may not
appear to be similar on the surface.

Assesses the ability to construct as many
interpretations as possible from a lengthy text to
measure idea fluency.

Assesses the ability to alternate between a number
and letter by drawing a continuous line to measure
the speed of processing.

Assesses the ability to draw similarities between
two sets of cards by drawing reasons behind the
selection of cards was assessed.

Assesses the ability to repeat a series of numbers
backward.

Assesses the ability to recall details of a lengthy
text.

Assesses the ability to focus and pay attention to
high-priority stimulus, while simultaneously blocking
or inhibiting unwanted or low-priority information
was assessed.

Assesses the ability to pay attention and remember
a series of number in the same sequence.
Assesses the ability to visually search for numbers
in ascending order and draw a continuous line to
measure the speed of processing.
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Regions BA MNI Zmax Cluster Size

coordinates® (mmd)®
X y z
Positive®
Rt Cerebellum Pyramis / 8 —-68 -36 3.94 8480
Lt Cerebellum Tonsil / =26 —-42 —40 3.79 8480
Lt Cerebellum Culmen / —-16 —-42 -28 3.76 8480
Lt Cerebellum Inferior / —-16 —-66 —48 3.71 1088

Semi-lunar Lobule

Lt Cerebellum Inferior / =32 —-64 -50 3.49 1088
Semi-lunar Lobule

Negative®

Rt Inferior Frontal Gyrus 45 54 38 2 5.33 10584
Rt Middle Frontal Gyrus 6 52 4 48 5.03 10584
Rt Middle Frontal Gyrus 46 52 24 26 4.91 10584
Lt Middle Frontal Gyrus 46 —46 22 30 4.78 5800
Lt Inferior Frontal Gyrus 45 —-48 38 4 4.41 5800
Lt Inferior Frontal Gyrus 47 -34 32 14 4.23 5800
Rt Inferior Parietal Lobule 40 62 -—46 44 4.6 3880
Rt Inferior Parietal Lobule 39 52 -64 42 4.21 3880
Rt Supramarginal Gyrus 40 56 -—-48 30 3.85 3880
Rt Superior Temporal Gyrus 42 68 —14 8 3.91 696
Lt Caudate / =12 10 10 3.88 872

BA, Brodmann area; MNI, Montreal Neurological Institute; Lt, left; Rt right;
a, coordinates are displayed in Montreal Neurological Institute standard space. b,
significant at voxel threshold of p < 0.001, extent threshold = 83 voxels (664 mm?).
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Index Ratios

BEM indices

Energy reserve PCr/t-ATP

indicator

Energy Pi/t-ATP:
consumption Extracellular-Pi/t-ATP
indicator Intracellular-Pi/t-ATP
Metabolic state PCr/Pi

indicator PCr/Intracellular-Pi
Regulatory Magnesium (Mg? ™)
co-factors Intracellular pH

Membrane phospholipid index

Membrane PMEs/PDEs
phospholipid index

Definition

Energy reserve indicator
is the ratio of PCr/t-ATP
as PCr is the immediate
energy reserve metabolite
replenishing energy
demands during the
neuronal activity

Energy consumption
indicator is the ratio of
Pi/t-ATP as Pi is rapidly
consumed to release
energy in the form of ATP
to support ongoing
metabolic and neuronal
activity.

Metabolic state indicator
is the ratio of PCr/Pi as
both PCr and Pi increase
the turnover rate or
production of ATP.
Previously this index was
termed as oxidative
phosphorylation index to
measure mitochondrial
function (Chance et al.,
1981).

Membrane phospholipid
index is the ratio of PMEs
(the major precursors of
phospholipids
contributing to
membrane synthesis) to
PDEs (major products of
phospholipid breakdown)
indicating neuronal and
non-neuronal membrane
integrity (Ross and
Sachdeyv, 2004).

BEM, brain energy metabolism; PCr, phosphocreatine; t-ATP, total adenosine
triphosphate; Pi, inorganic phosphate- internal or external; Mg?*, magnesium;

PMEs, phosphomonoesters; PDEs, phosphodiesters.
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Gender (Male/Female)
Age at onset (year)

Age at examination (year)
Disease Duration (month)
Hoehn and Yahr

LEDD (mg/day)

11C-CFT Imaging
Contralateral Caudate
Contralateral Ant Putamen
Contralateral Pos Putamen
Ipsilateral Caudate
Ipsilateral Ant Putamen
Ipsilateral Pos Putamen
18F-FDG Imaging

PDRP

DTPD-QoL

31/18
50.85 + 12.66
53.43 £ 12.06
26.00 (14.00, 49.75)
2.00 (1.00, 2.00)
300.00 (75.00, 400.00)

1.20+0.36
0.86 £0.23
0.50+ 0.12
1.36 £0.38
1.09 £0.33
0.65 4+ 0.21

819147

DTPD-non-QoL

34/20
52.65 + 11.73
54.67 +12.10
19.00 (11.50, 36.00)
2.00 (1.00, 2.00)
200.00 (0.00, 318.75)

1.27 £0.34
0.96 £0.33
0.59 £0.25
1.38 £0.34
1.18 £0.37
0.73+0.29

3.183+1.20

Data are given as mean =+ standard deviation (SD) values or median (interquar-
tile range). DTPD, dual-tracer PET imaging of Parkinson’s disease. QoL, quality of
life. LEDD, Levodopa equivalent daily dosage. UPDRS, Unified Parkinson’s Disease
Rating Scale. Rar1, Rating of akinesia and rigidity.
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Screening
Measures

Questionnaires
Subjective
memory
perception
Depression

Measures

Clinical Dementia Rating
Scale (CDR) (Morris, 1993)

Logical Memory (ADNI
Criteria, WMS-III,
Wechsler, 1997b)

California Verbal Learning
Task
(Petersen’s et al., 2001)

Mini Mental Status
Examination (Folstein et al.,
1975)

Activities of daily living:
Lawton Instrumental
Activities of Daily Living
Scale (Lawton et al., 2003)

Multifactorial Memory
Questions (MMQ) (Troyer
and Rich, 2002)

Geriatric Depression scale
(Yesavage et al., 1982)

Description

Assesses six domains of
cognitive and functional
performance in memory,
judgment and problem solving,
community affairs, orientation,
personal care and hobbies.
Score: 0.5

The ability to recall a short story
as it is read out immediately
and after 25 min interval was
assessed.

Score: Delayed memory recall
of 9-11 for 16 years of
education or 5-9 for 8-15 years
of education.

The ability to recall a list of
sixteen (16) words in four
categories immediately after the
list was read followed by
delayed recall after 20 min
interval was assessed.

Score: —1.5 standard deviation
below the mean for age and
sex adjusted scores.

Assesses the ability to examine
functions of registration,
attention and calculation, recall
and language.

Score: 24-30

Assesses the activities of daily
living in the areas of ability to
use phone, shopping, food
preparation, housekeeping,
laundry, mode of
transportation, responsibility for
own medications, and ability to
handle finances.

Score: 8

Assessed individual’s
self-perception of memory in
three subscales using 57 items
questionnaire

1. MMQ-Contentment
(MMQ-C): Self-satisfaction of
memory

2. MMQ-Ability (MMQ-A):
Self-perception of memory

3. MMQ-Strategy (MMQ-S):
Using of memory strategies in
daily life functions.

Assessed the depression of the
individuals using 15 items
questionnaire.

Score: <6
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Source

The red light treatment device

Wavelength (nm)
Power output per LED (miW)
Power density (mW/cm?)

Duration of each time (min)
Frequency of treatment

630 + 15

5

20 (anterior helmet LEDs)
40 (posterior helmet LEDs)
5 (temporal helmet LEDs)
5 (belly band LEDs)

30

5 times per week

Abbreviation: AD, Alzheimer's disease; LED, light-emitting diode.
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Target Gene

GAPDH

IL-1p

APP

APLP1

APLP2

ADAM10

BACE1

PS1

pPS2

TLR4

CD14

Primer Sequences

Forward:5'-ACAGTCCATGCCATCACTGCC-3'
Reverse:5’-GCCTGCTTCACCACCTTCTTG-3
Forward:5'-AACCTGCTGGTGTGTGACGTTC-3
Reverse:5'-CAGCACGAGGCTTTTTTGTTGT-3
Forward:5'-GCCCTTCAGGAACAGCTATGA-3
Reverse:5’-TGTCAACAACATCAGTCCCAAGA-3'
Forward:5'-CATTAATATTTAACGATGTGGATGCG-3
Reverse:5’-GCCTACCATCTTTAAACTGCACAAT-3'
Forward:5'-GCTCCACAAGATGTAAAGGG-3'
Reverse:5’-GTGCCTCTGTTTATTTCCTG-3'
Forward:5'-AGAGGTCTACCCTGAACTGC-3
Reverse:5’-ATCGCTTACAAACTCACCAACT-3/
Forward:5'-TCAGGTCTGCTGATCATGGGAGC-3'
Reverse:5’-TGGGTGGGGAAGAGGACTTTATTG-3
Forward:5'-CAGAGCGACAGACCCTCATTC-3'
Reverse:5’-TCTACTCGGGCCAAATGGGT-3
Forward:5'-GCCTATGTCTTCACGGACCG-3'
Reverse:5'-TGCCAGACCAAGAACACCATC-3'
Forward:5'-CGGGAGTGGTATTATGAAGTG-3
Reverse:5’-AGGATGGTGATGCGGAAG-3'
Forward:5'-GAGGAAGACGAAGAGCTGACAT-3
Reverse:5-GAAGCTGACTGACTTGATGGTG-3'
Forward:5'-GAGCAGAGCCAAATCAAAGG-3
Reverse:5'-GGGAGAAAGAACAGCTCGTG-3'
Forward:5'-AGCCATTGCTGCCAACATCA-3'
Reverse:5-GCCAGAGCGGCTACTCAGAAAC-3'
Forward:5'-CTCAACCTAGAGCCGTTTCT-3'
Reverse:5’-CAGGA TTGTCAGACAGGTCT-3"
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Recruitment of participunts

1

Screening/consent;
1) Assessment of eligibility based on inclusion/exclusion eiteria;
2) Tnformed consent.

(t=-2t0 0 weeks)

i

Bascline data collection:

scanning; 4) Blood/urine biomarkers testing.

(t=-2to 0 weeks)

1) Basic chamcteristis: 2) Neuropsychological lesting; 3) MRI

i

Randomization

(t=0 weeks)

{

i

Allocated to red light treatment group: Allocated to control group:
Receive five times of 30-mimrered | {71 week Continue their usual care.
light treatment per week.
1 1
Data collection — Data collection:
Neuropsyehological testing Neuropsychological testing.
! i
Data collections Data collection:
1) Neuropsychological testing; =24 weeks | 1) Neuropsychological testing:
2) PMIRI scanning;: 2) AMIRI scanning;
3) Blandfurine biomarkers testing 3) Rlaad/urine biomarkers testing

1) Adverse events; 2) Dropout.
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Features

iN

iPSCs-derived neurons

Epigenetics reset
Cell number and
maintain

Time for acquiring

mature neurons

Technical
Challenges

Original cell types

The generation of iN will not
reset epigenetic information
iN cell number is limited by
original cell number and
reprogramming efficiency,
which are uneasy to maintain.
Directly reprogramming
somatic cells to neurons only
takes several weeks
Generation of iN using direct
reprogramming technology is
much simpler

Based on technology, the
source for iN is limited
(fibroblasts ect.)

Neuron derived from iPSCs will
reset epigenetic information
After acquisition of iPSCs, the
production of neurons can be
unlimited, which are easy to
maintain.

Obtaining neurons derived
from iPSCs will takes several
months depending on protocol
iPSC technology of generation
iN is complicated

The source for iPSCs is
variable (fibroblasts, adipose
stromal cells ect.)
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Brain region

Left thalamus

Right thalamus

Left hypothalamus
Right hypothalamus

Mean dice

0.998
0.999
0.995
0.994

Min-max

0.990-1.000
0.986-1.000
0.958-1.000
0.967-1.000
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Gene Orientation Sequence
cisb2 forward 5/-AAMATCCCAAGGTGGTGAATGA-S
reverse GGACCGCCAGCACCTACA-3
GAPDH forward 5/-GGCAAATTCAACGGCACAGT-2'
reverse 5-CGCTCCTGGAAGATGGTGAT-3
TNF-o forward 5/-GGOACTCCOCCAAAAGATG-
reverse 5/-GCCACAAGCAGGAATGAGA
IL-1p forward 5/-AAGATGAAGGGCTGCTTCCA-Y
reverse 5/-ATGTGCTGCTGOGAGATTTG-
INOS forward 5-CCTCAGTTCTGOGCCTTTG-
reverse 5-GTTCGTCCCCTTCTCCTGTTG-2
coxe forward 5/-ACAAGCACAATAGACGCACAAGA-3'
reverse 5/-GGGAGGGCAATTATGATAAGGAT-
Arg-1 forward 5-CGCCTTTCTCAAAAGGACAG 3
reverse 5-CCAGCTCTTCATTGGCTTTC-2'
Ymi forward 5/-ACCAGTTGGGCTAAGGACAG-
reverse 5-TGGCCAGGAGAGTTTTTAGC-2
IL-10 forward 5/-AAGGACCAGCTGGACAACAT-8'
reverse 5-TCCTGAGGGTCTTCAGCTTC-
BOL2 forward 5/ -TGGGATGCCTTTGTGGAACT-

reverse

5'-CAGCCAGGAGAAATCAAACAGA-3'
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Transcription factors Cell type Techniques Neurons type In vitro/  Efficiency Functional or not References
in vivo
ASCL1, NGN2, SOX2, human fibroblasts  lentivirus iN (mostly in vivo ~80% functional electrophysiology Liu et al., 2011
NURRT and PITX3 dopaminergic neurons)
Ascli, mouse hepatocytes lentivirus iN in vivo >90% functional electrophysiology Marro et al., 2011
Brn2, Mytil
Sox2 and Mash1 pericyte-derived retrovirus GABAergic neurons in vitro ~50% these iN acquire the ability — Karow et al., 2012
cells of the adult of repetitive action potential
human cerebral firing and serve as synaptic
cortex targets for other neurons
Brn2, Myt1l, Zic1, Olig2, Mouse Embryonic  lentivirus iN (mostly GABAergic  in vitro ~50% functional electrophysiology Vierbuchen et al.,
and Ascll fibroblasts and glutamatergic Synaptic maturation 2010
neurons)
Ascl1, Brn2 and Myt1l mouse embryonic  lentivirus iN (mostly excitatory in vitro 18.5% functional electrophysiology Vierbuchen et al.,
and postnatal neurons) Synaptic maturation 2010
fibroblasts
Ascl1, Brn2 and Myt1l mouse and human  viral delivery neurons in vivo 20% functional Torper et al., 2013
cells
NeuroD1, Asclt, human fibroblasts lentivirus iN in vitro ~60% functional neurons Pang et al., 2011
Brn2, and Mytl1
Ascll, Lmx1a, FoxA2, and  human fibroblasts =~ Dox-inducible  serotonergic (i5HT) in vitro ~25% exhibited spontaneous XuZ. etal., 2015
FEV lentivirus neurons electrophysiological activity
and had active serotonergic
synaptic transmission
Mash1, Nurr1t and Lmx1a  mouse and human  lentivirus iN (mostly in vitro high functional electrophysiology Caiazzo et al.,
fibroblasts dopaminergic neurons) 2011
NGN2 with (Forskolin and human fetal lung retrovirus cholinergic neurons in vitro >90% characteristic Liu et al., 2013
dorsomorphin) fibroblasts electrophysiological
properties
LDN193189, SB431542, Human astrocytes  with medium Functional neurons in vitro >90% functional Zhang et al., 2015
TTNPB, Tzv, (mainly glutamatergic
CHIR99021, VPA, DAPT, neurons)
SAG, Purmo
Forskoalin, 1ISX9, mouse fibroblasts  with medium iN in vitro >90% functional electrophysiology Liet al., 2015

CHIR99021 and SB431542
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Left thalamus Right thalamus Left hypothalamus Right hypothalamus
Regression model (R?) 0.70 0.73 0.73 0.48
Regression model (F, p) 9.42, 0.002* 10.91, 0.001* 10.60, 0.001* 3.65, 0.045*
Age (t, p) 2.44,0.031* 2.65,0.021* 1.05,0.316 0.67,0.519
Whole-brain volume (t, p) 4.26, 0.001* 4.52,0.001* 2.31, 0.040* 1.93, 0.078
Education year (t, p) 0.59, 0.569 0.76, 0.460 - -
Sex (t, p) - - 3.00,0.011* 1.17,0.265

Four multiple linear regression models were separately made for controls, *p < 0.05.
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Transcription factors  Cell type Techniques Neurons type In vitro/ in vivo Efficiency References

OSKM(Oct4, Sox2, Kif4  mouse and human retroviruses in vitro and in vivo  Low and tedious Takahashi and

and c-Myc) fibroblasts Yamanaka, 2006;

Takahashi et al., 2007

OSNL(Oct4, human somatic cells  lentivirus in vitro low Yu et al., 2007

Sox2,Nanog,LIN28)

OSKM with TAV, bone marrow- excisable lentiviral spleen  Neural progenitors  in vitro high Wiedemann et al., 2012

SB431542, PD0325901  derived mesenchymal focus-forming virus

and ascorbic acid cells of marmosets

OSKM human adipose- polycistronic plasmid in vitro Barbuti et al., 2012
derived stem cells

OSKM co-expressing human fibroblasts an RNA virus (Sendai virus) dopaminergic in vitro and in vivo  significantly Fusaki et al., 2009

tyrosine hydroxylase

OSNL

OSKM
OSKM

Forskolin, 2-methyl-5-
hydroxytryptamine,
D4476, VPA,
CHIR99021, 616452 and
Tranylcypromine

NaB, PD03259,

and SB431542

human adipose
stromal cells
human fibroblasts
human fibroblasts

mouse embryonic
fibroblasts

human fibroblasts

neurons
non-viral minicircle DNA

vector

modified RNA neuron like cells

OSKM proteins fused with
a cell-penetrating peptide
small-molecule compounds

all three embryonic
germ layers

upregulates the
miR302/367 cluster
expression

in vitro

in vitro

in vitro and in
teratomas

in vitro

in vitro

surpassed retroviral
transduction (0.02%
lower (~0.005%)

High (2%)
slow and low

0.2%

Narsinh et al., 2010

Warren et al., 2010
Kim et al., 2009

Hou et al., 2013

Zhang and Wu, 2013
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Left thalamus

Regression model (R?) 0.63
Regression model (F, p) 6.70, 0.007*
Age (t,p) 2.76,0.017*
Whole-brain volume (t, p) 2.21,0.047*
Education year (t, p) 1.12,0.283
Sex (t, p) -

Disease stage (t, p) -

Right thalamus

0.56
5.11,0.017~
2.83,0.015*
1.64,0.127
0.69, 0.502

Left hypothalamus

0.70
6.34, 0.007*
1.70,0.117
3.19, 0.009*
0.35, 0.731
0.24,0.813

Right hypothalamus

0.66
5.30, 0.013*
0.93, 0.374
3.03,0.011*
0.55, 0.591
0.21, 0.835

Four multiple linear regression models were separately made for patients with ALS, *p < 0.05.
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Left thalamus Right thalamus Left hypothalamus Right hypothalamus

Age (r, p) —0.54,0.03 —0.61, 0.01 0.17,0.54 0.21,0.44
Sex (t, p) 0.21,0.84 0.17,0.87 1.92,0.08 1.93,0.08
Years of education (r, p) 0.45, 0.08 0.41,0.12 0.27,0.31 0.37,0.15
Duration of illness (r, p) —-0.07,0.79 —0.08, 0.76 —0.20, 0.46 —0.23, 0.39
Bulbar involved (t, p) 0.59, 0.57 0.68, 0.51 0.80, 0.44 0.38,0.71
Diagnostic level (F, p) 2.54,0.11 2.07,0.16 2.30,0.13 2.46,0.11
Disease stage (t, p) 0.35,0.73 0.01,0.99 2.16,0.05 2.22,0.04
ALSFRS-R score (r, p) —0.07,0.79 —0.13,0.64 0.28, 0.29 0.07,0.79
Life span (r, p) 0.12,0.78 0.02, 0.95 0.25, 0.55 —0.17,0.69

Factors with p < 0.1 were chosen as variants for muitiple linear regression.
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Characteristic ALS patients Healthy  p-value

controls
Age (years) (mean + SD) 51256 £11.19 52.06 £ 11.76 0.86
Education (years) (mean + SD) 11.76+£4.78 12.19+4.83 0.73
Sex Male 7/16 7/16 1.00
Female 9/16 9/16
Onset of disease Bulbar 3/16
Extremities 13/16
Diagnostic level Definite 3/16
Probable 5/16
Lab-supported 7/16
probable
Possible 1/16
Disease stage Advanced ALS 8/16
Early ALS 8/16
Duration of illness (months) (mean £ SD) 14.69 + 9.16
Bulbar involvement 12/16
ALSFRS-R (mean =+ SD) 36.75 £ 7.42
Life span (months) (mean + SD) 48.25 £ 14.99
Gene mutation 0/16

ALSFRS-R, revised ALS functional rating scale; MMSE, mini-mental state examina-
tion. Gene mutation includes C9orf72, SOD1, FUS, and TDP43.
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UniProt ID

P21291
Q01628
P13640
P04732
Q9Y2D9
Q7Z3K3
Q9GZV5

QINZHO

P23949
QIBX66
Q8N8S7
QB8DX3
P61278
P23560
Q8N4v2
Q8N967

Q99259
Q16566

095206
P61088
043768
QouILT

Q13530
QIY5V3
QO6F83

P80723
Q15904

095197
Q96CW1
P17643
P50613
Q8N100
QIY6G3

000744
P84074

Protein name

Cysteine- and glycine-rich protein 1
Interferon-induced transmembrane protein 3
Metallothionein-1 G

Metallothionein-I E

Zinc finger protein 652

Pogo transposable element with ZNF domain

WW domain-containing transcription regulator
protein 1

G-protein-coupled receptor family C group 5
member B

mRNA decay activator protein ZFP36L2
Sorbin and SH3 domain-containing protein 1
Protein enabled homolog

FERM and PDZ domain-containing protein 2
Somatostatin

Brain-derived neurotrophic factor

Synaptic vesicle 2-related protein

Leucine-rich repeat and transmembrane
domain-containing protein 2

Glutamate decarboxylase 1

Calcium/calmodulin-dependent protein kinase type
\%

Protocadherin-8
Ubiquitin-conjugating enzyme E2 N
Alpha-endosulfine

Short coiled-coil protein

Serine incorporator 3
Melanoma-associated antigen D 1

Clathrin-binding box of aftiphilin-containing protein
1

Brain acid soluble protein 1

V-type proton ATPase subunit S1, V-ATPase
subunit S 1

Reticulon-3

AP-2 complex subunit mu
5,6-Dihydroxyindole-2-carboxylic acid oxidase
Cyclin-dependent kinase 7

Protein atonal homolog 7

39S ribosomal protein L 42, mitochondrial, L 42 mt,
MRP-L 42

Protein Wnt-10 b
Neuron-specific calcium-binding protein hippocalcin

Gene name

CSRP1
IFITM3
MT1G
MT1E

ZNF652
POGZ

WWTR1

GPRC5B

ZFP36L2
SORBS1
ENAH
FRMPD2
SST
BDNF
SVOP
LRTM2

GAD1
CAMK4

PCDH8
UBE2N
ENSA
SCOC
SERINC3
MAGED1
C14orfr9

BASP1
ATPGAP1

RTN3
AP2M1
TYRP1

CDK7
ATOH7

MRPL42

WNT10B
HPCA
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Sensitivity Specificity Accuracy AUC 95% Cl of AUC
Lower limit Upper limit

No-odor modef? 0.893 0.791 0.799 0.901 0.864 0.933
Single-odor model®

Orange 0.880 0.791 0.798 0.901 0.867 0.933
Leather 0.880 0.804 0.810 0.905 0.870 0.935
Cinnamon 0.893 0.804 0.811 0.904 0.867 0.936
Peppermint 0.893 0.781 0.790 0.904 0.866 0.936
Banana 0.920 0.768 0.780 0.906 0.873 0.936
Lemon 0.920 0.749 0.762 0.902 0.869 0.933
Licorice 0.867 0.814 0.818 0.902 0.869 0.932
Coffee 0.893 0.786 0.794 0.900 0.867 0.932
Cloves 0.920 0.749 0.762 0.902 0.866 0.932
Pineapple 0.893 0.796 0.804 0.903 0.866 0.932
Rose 0.893 0.786 0.794 0.904 0.869 0.936
Fish 0.893 0.791 0.799 0.902 0.864 0.933
ol 0.933 0.751 0.766 0.904 0.869 0.935
Full model® 0.907 0.828 0.834 0.916 0.882 0.945
Stepwise modeld 0.880 0.831 0.835 0.914 0.881 0.943
Simple model® 0.880 0.781 0.790 0.901 0.859 0.931

aPredictors: sex, age, body mass index (BMl), height, education, smoking, drinking, coronary artery disease (CAD), hypertension, diabetes, depression, stroke, apolipopro-
tein (APOE)-g4, and Mini-mental State Examination (MMSE). ®Other predictors are the same as in the no-odor model. ®Predictors: sex, age, BMI, height, education,
smoking, drinking, CAD, hypertension, diabetes, depression, stroke, APOE-¢e4, MMSE, and the 12 odors. 9Predictors: age, weight, education, depression, stroke,
APOE-¢4, leather, peppermint, banana, lemon, pineapple, rose, and MMSE. ®Predictors: MMSE, age, peppermint, stroke, and education.
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Dataset Platform/technology No. of samples Sample source Age Gender Disease Country

female:male stage

GSE33000 GPL4372 (Rosetta/Merck 467 (310 AD, 157 Prefrontal cortex AD:(53-100 209:258 - United States
Human 44 k 1.1 microarray) NDHCS) v);

NDHCS: (22—
106
y)

GSE36980 GPL6244 [(HuGene-1_0-st) 79 (32 AD, 47 Frontal cortex, temporal AD:(83-105 42:37 - Japan
Affymetrix Human Gene 1.0 ST NDHCS) cortex and v);

Array (transcript (gene) version)] hippocampus NDHCS: (54—
100
y)

GSE122063  GPL16699 [Agilent-039494 100 (56 AD, 44 Frontal cortex, temporal ~ AD:(63-91 y); 68:32 - United States
SurePrint G8 Human GE v2 8 NDHCS) cortex NDHCS: (60—

x 60 K Microarray 039381 91
(Feature Number version)] y)

GSE48350 GPL570 [(HG-U133_Plus_2) 253 (80 AD, 173 Hippocampus, AD:(60-95 y); 129:124 Braak United States
Affymetrix Human Genome NDHCS) entorhinal cortex, NDHCS: (20— stage 0-6
U133 Plus 2.0 Array] superior frontal cortex, 99

post-central gyrus y)

GSE5281 GPL570 [(HG-U133_Plus_2) 161 (87 AD, 74 Entorhinal cortex, AD:(68-97 y); 58:103 - United States
Affymetrix Human Genome NDHCS) hippocampus, medial NDHCS: (63—

U133 Plus 2.0 Array] tem poral gyrus, 102

posterior cingulate, y)
superior frontal gyrus

and primary visual

cortex

GSE106241  GPL24170 [Agilent-044312 60 (60 AD) Inferior termporal cortex ~ AD:50-100y 42:18 Braak Finland
Human 8 x 60 K Custom Exon stage 0-6
array (Probe Name version))

GSE4226 GPL1211 (NIA MGC, 28 (14 AD, 14 Peripheral blood - 14:14 - Canada
Mammalian Genome Collection)  NDHCS) mononuclear cells

GSE97760 GPL16699 [Agilent-039494 19(QAD, 10 Peripheral blood = 0:19 Advanced United States
SurePrint G3 Human GE v2 8 NDHCS) AD
x 60 K Microarray 039381
(Feature Number version)]

GSEB3060 GPL6947 (lllumina 329 (145 AD, 80 Peripheral blood AD (58-88y); 200:129 - United
HumanHT-12 V3.0 expression MCI, 104 NDHCS) MCI (63-90 Kingdom
beadchip) y); NDHCS

(52-87y)

GSE63061 GPL10558 (lllumina 382 (139 AD, 109 Peripheral blood AD (59-95 y); 231:151 - United
HumanHT-12 V4.0 expression MCI, 134 NDHCS) MCI (67-100 Kingdom
beadchip) y); NDHCS

(63-91y)

The first five datasets were used for combined analysis, GSE106241 was used for independent validation analysis, and the last four datasets were used for evaluating the
diagnosis model in peripheral blood. AD, Alzheimer’s disease; MCI, mild cognitive impairment; NDHCS, non-demented healthy control subjects. GPL, Gene Expression
Omnibus Platform.
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Variable B

Age 1.067
Weight —0.360
Education —0.308
Depression 0.248
Stroke 0.209
APOEe4 0.311
Leather —0.255
Peppermint —0.331
Banana —0.310
Lemon 0.261
Pineapple 0.406
Rose —0.241
MMSE —0.693

SE

0.186
0.171
0.132
0.133
0.121
0.137
0.1567
0.111
0.148
0.158
0.166
0.149
0.133

P-value

0.000
0.036
0.020
0.061
0.086
0.023
0.104
0.003
0.036
0.098
0.014
0.107
0.000

SE, standard error; APOE, apolipoprotein; MMSE, Mini-Mental State Examination.
B corresponds to the change per year for age and education, per unit for weight
and MMSE, with versus without depression or stroke, and positive versus negative

for APOE-¢4 and individual odor tests.
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Variable B SE P-value

Sex —0.051 0.231 0.824
Age 1.086 0.200 0.000
BMI —0.240 0.162 0.139
Height —0.361 0.211 0.086
Education —0.241 0.146 0.099
Smoking 0.331 0.185 0.074
Drinking —0.288 0.213 0.176
CAD 0.099 0.128 0.424
Hypertension —0.068 0.166 0.683
Diabetes —0.098 0.160 0.539
Depression 0.244 0.138 0.076
Stroke 0.201 0.128 0.116
APOE-¢4 0.352 0.139 0.011
Orange 0.055 0.151 0.715
Leather —0.235 0.163 0.151
Cinnamon —0.182 0.179 0.308
Peppermint —-0.371 0.118 0.002
Banana —0.341 0.158 0.026
Lemon 0.202 0.168 0.229
Licorice 0.054 0.160 0.737
Coffee —0.027 0.127 0.828
Cloves —0.013 0.161 0.934
Pineapple 0.408 0.176 0.020
Rose —0.244 0.158 0.124
Fish 0.159 0.148 0.280
MMSE —-0.719 0.138 0.000

SE, standard error; BMI, body mass index; CAD, coronary artery disease; O,
olfactory identification sum score; APOE, apolipoprotein; MMSE, Mini-Mental State
Examination. Weight and olfactory identification sum score were excluded from the
model because of collinearity. B corresponds to the change of women versus men
for sex; per year for age and education,; per unit for BMI, height, and MMSE; with
the feature versus without the feature for smoking, drinking, and comorbidities; and
positive versus negative for APOE-¢4 and individual odor tests.
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Cohorts

['®F]-AV-1451 (Shcherbinin et al., 2016)  ADN =5, MMSE = 21.8 (4.1) NCN =5,
MMSE = MMSE = 29.6 (0.5)

[18F)-THK5351 (Kang et al., 2017) AD N = 51, MMSE = 13.8 (6.0) NC N = 43,
MMSE = 285 (1.6)

[11C}-PBBS (Kitamura et al,, 2018) AD/MCI N = 7, MMSE = 23.7 6.9) NCN =9,
MMSE = 29.4 0.7)

['8F1-MK6240 (Lohith et al., 2019) ADN = 4, MMSE = 165 (7.9 NCN = 4,
MMSE = 29.0 (0.0)

['8F-R0948 (Wong et al., 2018) ADN = 11, MMSE = 20.8 2.7)NC N = 5)

[18F)-PI2620 (Mueller et al., 2019) AD N = 12, MMSE = 20.4 (6.3)NC N = 10,
MMSE = 29.0(1.2)

AD, Alzheimer's disease; NC, normal control.

Frontal

Occipital
Lateral parietal
Mesial temporal
Lateral temporal
Putamen
Frontal

Occipital
Superior parietal
Inferior paristal
Lateral temporal
Mesial temporal
Anterior cingulate
Hippocampus
Fusiform
Entorhinal

Basal ganglia
Frontal

Occipital

Parietal

Medial temporal
Lateral temporal
Anterior cingulate
Temporal

Hippocampus
Amygdala

Caudate

Putamen

Middle frontal lobe
Lateral occipital lobe
Precuneus

Superior parietal
Inferior parietal
Inferior temporal
Middle termporal
Posterior cingulate
Insula
Hippocampus
Parahippocampus
Amygdala

Caudate

Putamen

Thalamus

Occipital

Parietal
Superior temporal
Inferior temporal
Posterior cingulate
Hippocampus
Parahippocampus
Amygdala
Fusiform

Striatum

Pallidum
Thalamus

NC

1.00(0.16)

1.07 (0.18)
1.05 (0.19)
1.09 (0.14)
1.10 (0.15)
1.34 (0.09)
1.35 (0.22)

1.09 (0.15)
1.18 (0.20)
1.34 (0.21)
1.60 (0.23)
242 0.27)
288 (0.43)
244 (0.27)
1.51(0.19)
215 (0.34)
308 (0.48)
086 (0.04)

090 0.03)
083 (0.05)
0.9 (0.05)
095 (0.04)
091 (0.07)
098 (0.07)

093 (0.10)
084 (0.11)
079 (0.06)
091 (0.04)
1.13 (0.10)
1.35 (0.10)
1.16 (0.20)
1.24 (0.10)
1.32 (0.10)
1.14 (0.10)
1.15 0.10)

1.1(0.10)
098 (0.10)
0.90 (0.20)
096 (0.10)
081 (0.10)
0.80 (0.10)
093 (0.10)
0.90 (0.10)
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Outcomes No. of events (%) Unadjusted Age- and sex-adjusted Fully adjusted?

OR 95%C1 P OR 95%C1 P OR 95%Cl P
Cognitive decline
<45 pg/mL 95 (30.65) 061 046-082 <0001 061 046-082 0001 060 045081 <0.001
45~58.4 pg/mL. 260 (41.94) 1.0 () 1.0 ref) 1.0 (ref)
= 58.4 p/mL. 101 (32.58) 067 050089 0006 067 050-089 0006 065 049087 0004
New cognitive disorder
<45 pg/mL 6(1.94) 031 01375 0009 031 013074 0009 029 0.12-070 0006
45~58.4 pg/mL 37 (65.97) 1.0 (ref) 1.0 (e 10 e
= 584 pg/mL 14 (4.52) 075 040-140 0361 072 038136 0305 070 037-132 0270
Cognitive disorder at baseline
< 45 pg/mL 34 (1097) 141 089222 0147 143  090-228  0.131 141 088226  0.151
45~58.4 pg/mL 50 (8.06) 1.0 (re) 1.0 (e 1.0 (re)
> 58.4 pg/mL. 28(9.09) 113 070-184 0616 11 067-1.80 0706 110 067-180 0710
New cardiovascular diseases
<45 pg/mL 19(6.13) 08  046-138 0414 08 045139 0421 081 046-142 0452
45~58.4 pg/mL 47 (7.59) 1.0 (e 1.0 e 1.0 (ref)
= 584 pg/mL 16 (5.16) 066 037-119 0167 063 035114 0124 064 035116 0.138
New cerebrovascular diseases
<45 pg/mL 8259) 049  022-107 0072 048  022-1.07 0072 049 022108 0077
45~58.4 pg/mL 32(5.17) 1.0 (ref) 1.0 (e 1.0 (ref)
> 58.4 pg/mL 14(452) 087 046-165 0665 084 044-160 0588 086 0.44-166 0644

OR, odds ratio; CI, confidence interval; AB, Amyloid-p. *Full adjusted for age, sex, diabetes, hypertension, smoking, lack of physical exercise, APOEz4, education > high
school,
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Biomarker Association with cognitive decline

Unadjusted Age-and sex-adjusted Fully adjusted®
OR (95%C1) P OR (95%CI) P OR (95%Cl) P
Apio 1.00 0752 1.00 0786 1.00 0731
(per pg/mL increase) (0.99-101) (0.99-1.01) (099-1.01)
A 1.00 0738 1.00 0827 1.00 0770
(per pg/mLincrease) (099-1.02) (0.99-1.02) 0.99-1.02)
Abaz /a0 1.00 0725 1.00 0698 1.00 0579
(1.00-1.00) (1.00-1.00) (1.00-1.00)

afully adjusted for age, sex, diabetes, hypertension, smoking, lack of physical exercise, APOEe4, education > high school. OR, odds ratio; Cl, confidence interval.
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Regions (white matter volume)

Left posterior cingulate

Left precuneus

Left insula

Right rostral middle frontal gyrus
Right temporal pole

SEN (%)

70.00
70.00
90.00
63.33
70.00

SPE (%)

73.33
73.33
46.67
76.67
66.67

+LR

2.62
2.62
1.69
2.71
2.10

-LR

0.41
0.41
0.21
0.48
0.45

Yden

0.4333
0.4333
0.3667
0.4000
0.3667

Cutoff

4,419.8
9,413.7
9,283
12,077.7
702.7

AUC

0.729
0.736
0.712
0.704
0.686

SEN, sensitivity; SPE, specificity; +LR, positive likelihood ratio; —LR, negative likelihood ratio; Yden, Youden index; AUC, areas under the curves.
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Variable Cognitive decline n = 456 Without cognitive decline n = 784 P

Age (y) 56+ 10 548+9.4 0.048
Male, n(%) 186 (40.8) 283(36.1) 0.100
Education = high school, n(%) 252(55.3) 496 (63.3) 0005
Diabetes, n(%) 30(8.6) 62(7.9) 0,689
Hypertension, n(%) 134 (29.4) 217 (27.7) 0520
Smoking, n(%) 136 (29.8) 197 25.1) 0072
Alcohol drinker, n(%) 63(13.8) 108 (13.1) 0735
Lack of exercise, n(%) 92(202) 124 (15.8) 0051

SBP (mmHg) 1336 + 19.2 182.1 £ 182 0112
Puise (/min) 752484 757£95 0728
BMI (kg/m?) 252432 254£32 0.197
TC (mmolL) 51 51 0892
TG (mmol) 1609 16409 0.588
HOL (mmoll) 1403 14£03 019

LDL (mmol/) 33£09 33£09 0829
APOE ¢4 positive, n(%) 64(14) 102 (13) 0,609
ABao (pg/mL) 50+ 142 497 £15.1 0645
ABaz (pg/mL) 411468 41£65 0963
ABaz a0 (pg/mL) 91£367 994382 0915
MMSE at baseine 27432 255437 <0.001

SBR, systolic blood pressure; BMI, body mass index; TC, total cholesterol; TG, triglycerides; HOL, high-density lpoprotein cholesterol; LDL, low-densiy lipoprotein
cholesterol; APOE, apolipoprotein E; AB, Amyloid-p; MMSE, Mini-Mental State Examination.
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Regions White matter volume F-values ANOVA
HC T2DM-NC T2DM-MCI (P-values)
Left isthmus cingulate 3,931.40 £ 569.78 3,819.84 + 570.83 3,470.82 £+ 603.25 5.122 0.048
Left lateral orbitofrontal gyrus 6,700.99 + 838.21 6, 702.80 £ 570.27 6,267.02 £ 770.28 3.500 0.042
Left posterior cingulate 4,379.01 £610.81 4,652.48 £ 500.46 4,231.84 £ 441.51 5.010 0.027*
Left precuneus 9,442.583 £1,743.27 9,833.90 + 1,242.31 8,847.39 £ 1,264.13 3.593 0.048*
Left insula 8,918.20 £ 946.21 9, 140.63 + 746.48 8,618.25 £ 695.40 3.194 0.046*
Right lateral orbitofrontal gyrus 6,5669.96 + 721,97 6, 734.11 £ 641.00 6,196.94 + 765.54 4.492 0.049*
Right pars orbitalis 1,134.16 £232.18 1,209.77 + 168.79 1,063.01 + 187.21 4.128 0.044*
Right rostral middle frontal gyrus 12,508.42 4+ 2,160.15 12,950.85 + 1,604.56 11,768.02 +£1,791.73 3.116 0.049*
Right temporal pole 687.63 +£128.12 745.50 £+ 113.06 669.06 + 119.51 3.290 0.049*

Values are the mean + standard deviation. The comparisons of white matter volume of each region among three groups were performed with ANOVA. The level of
significance for intergroup differences was set at P < 0.05, false discovery rate (FDR) corrected. *Denotes P < 0.017 (0.05/3) T2DM-MCI vs. T2DM-NC with post hoc
test, Bonferroni corrected. No significant difference was shown between the T2DM-NC group and HC group with post hoc test, Bonferroni corrected.
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T2DM-MCI (n = 30) T2DM-NC (n = 30) HC (n = 30) F-value (t/%2) P-values

General mental status

MoCA 22.93+1.95 27.00+0.83 27.77 £1.28 99.370 < 0.001**
MMSE 27.93+1.31 28.43 +1.07 2843 +1.17 1.774 0.176
Episodic memory

AVLT-immediately recall 19.50 £ 4.55 22.77 £ 3.83 22.83 +£5.00 5.406 0.006"*
AVLT-delayed recall (5 min) 7.23+2.40 7.80 £+ 1.56 8.20 + 1.94 1.775 0.176
AVLT-delayed recall (20 min) 6.83 +2.64 7.33 £1.77 7.87 £2.18 1.620 0.204
AVLT-recognition 21.10+ 3.60 21.87 +£1.48 2290+ 1.45 4.252 0.017*
ROCF-immediate recall 19.00 + 6.64 22.63+6.95 24.08 + 8.49 3.754 0.027*
ROCF-delayed recall (20 min) 18.20 £6.19 21.85+7.13 23.65+7.74 4.659 0.012*
Working memory

WAIS 35.63 +8.33 41.23+10.83 46.23 + 11.99 7.658 0.001*
DST-forward 8.93+1.08 8.87 +£0.82 9.57 +£1.38 3.584 0.032
DST-backward 4.67 +£0.88 5.03 £ 0.89 553 £1.17 5.805 0.004~
Spatial processing

ROCF-copy 31.97 + 3.88 32.55 + 4.11 33.17 £1.90 0.911 0.406
Executive function

TMT-B 80.77 + 26.59 67.73 £ 24.19 61.33+£22.74 4.877 0.010*
Language ability

VFT 40.60 + 7.04 4410+ 8.29 44.83 + 6.06 2.970 0.057
Attention

TMT-A 63.80 + 21.66 51.97 £17.44 48.57 + 16.61 5.484 0.006**

All subjects (T2DM-MCI, T2DM-NC, HC) were matched for age, sex, and education. Values are the mean + standard deviation. The comparisons of each neuropsy-
chological test among three groups were performed with ANOVA. The level of significance for intergroup differences was set at P < 0.05. *Denotes P < 0.017 (0.05/3)
T2DM-MCI vs. HC with post hoc test, Bonferroni corrected. #Denotes P < 0.017 (0. 05/3) T2DM-MCI vs. T2DM-NC with post hoc test, Bonferroni corrected. No signif-
icant difference was shown between T2DM-NC and HC with post hoc test, Bonferroni corrected. MMSE, Mini-Mental State Examination; MoCA, Montreal Cognitive
Assessment; AVLT, Auditory Verbal Learning Test; ROCF, Rey-Osterrieth Complex Figure; WAIS, Wechsler Adult Intelligence Scale; DST, Digital Span Test; TMT, Trail
Making Test; VFT, Verbal Fluency Test.
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Features. Accuracy (%) Recall (%) Precision (%) Fi-score (%)

Mean map (5:655) 84.86 80.00 7243 75.33
Mean map (5:255) 9857 98.89 98.33 9850
Siope map (5:15'5) 92.86 90.00 86.43 87.83
Siope map (20:605) 85.71 80.00 7286 75.65
Slope map (60:70s) 92.86 90.00 86.43 87.83
Skewness map (5:655)  92.86 90.00 86.43 87.83
Kurtosis map (5:65s) 84.86 80.00 72.43 75.33

Average 90.37 86.98 82.19 84.04





OPS/images/fnagi-12-00212/fnagi-12-00212-t006.jpg
Actual detection Forecast

Clinical diagnosis Accuracy rate
0 1
Practical clinical diagnosis 0 54 1 98.2
1 2 35 94.6
Overall accuracy 96.7

0: normal control: 1: Alzheimer disease.
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T2DM-MCI T2DM-NC HC F-value (t/x2) P-values

Numbers 30 30 30 - =

Age (years) 55.9 + 6.54 54.97 + 5.54 53.17 £ 6.57 1.491 0.231
Sex (male/female) 12/18 19/11 14/16 3.467 0.1772
Education (years) 10.43 £2.94 11.90 £2.92 11.80 £2.99 2.316 0.105
Diabetes duration (years) 6.93 + 5.46 793+ 598 ~ 0.699 0.933
BMI (kg/m?) 25.50 + 3.31 24.08 + 3.02 23.45 + 2.59 4.052 0.021*
Systolic blood pressure (mmHg) 130.57 £ 18.25 131.37 £14.78 128.13 £ 18.10 0.194 0.749
Diastolic blood pressure (mmHg) 80.60 + 10.33 82.90 +9.80 7977 £9.17 0.895 0.441
Fasting glucose (mmol/L) 9.14 £+ 3.05 8.56 + 1.97 5.47 £ 0.63 25.769 < 0.001*#
HbA1c (%) 9.13 £2.07 8.84 +£1.72 5.50 + 0.36 49.505 < 0.001**
Total cholesterin (mmol/L) 5.24 +£1.45 4.96 £1.37 5.21 £0.96 0.432 0.651
HDL cholesterin (mmol/L) 1.16 £ 0.33 1.18 £ 0.30 1.40 £0.33 5.167 0.008*
LDL cholesterin (mmol/L) 3.36 + 1.06 2.93+0.78 3.10 £ 0.67 1.874 0.160

All subjects (T2DM-MCI, T2DM-NC, HC) were matched for age, sex, and education. Values are the mean + standard deviation. 2Chi-square test for sex. The comparisons
of demographic and clinical data among three groups were performed with ANOVA. The level of significance for intergroup differences was set at P < 0.05. *Denotes
P <0.017(0.05/3) T2DM-MCI vs. HC with post hoc test, Bonferroni corrected. *Denotes P < 0.017 (0.05/3) T2DM-NC vs. HC with post hoc test, Bonferroni corrected. No
significant difference was shown between T2DM-NC and T2DM-MCI with post hoc test, Bonferroni corrected. BMI, body mass index; HbATc, glycosylated hemoglobin;
HDL, high-density lipoprotein; LDL, low-density lipoprotein.
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Features. Accuracy (%) Recall (%) Precision (%) Fi-score (%)

Mean map (5:655) %2.86 90.00 86.43 87.83
Mean map (5:25 ) 91.43 88.89 84.76 86.33
Siope map (5:15') 9857 98.89 98.33 9850
Siope map (20:605) 77.74 70.00 5886 63.15
Siope map (60:70s) 85.71 80.00 7286 75.65
Skewness map (5:655)  84.86 80.00 72.43 75.33
Kurtosis map (5:65s) 83.43 78.00 71.43 73.69

Average 87.80 83.68 7787 80.07
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Actual detection Forecast

Clinical diagnosis Accuracy rate
0 1
Practical clinical diagnosis 0 54 1 98.2
1 1 36 97.3
Overall accuracy 97.8

0: normal control; 1: Alzheimer disease.
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MMSE MoCA Age
r P r p r p
Ap42 0.070 0.762 0.109  0.638 0.274  0.229
t-tau —-0.579* 0.006 -0.336 0.137 —-0.016 0.944
AB42 x t-tau —0.187 0.416  -0.197  0.391 —0.046 0.844

AD, Alzheimer disease; MMSE, Mini Mental State Examination; MoCA, Montreal

Cognitive Assessment.





OPS/images/fnagi-12-557005/fnagi-12-557005-g001.jpg
>40-year-old permanent residents of a
village assessed for enroliment from
October 2014 to November 2015
N=2173

Two-year follow-up
N=1264

Included in the final study
N=1240

Excluded:

(1) Mini-Mental State Examination (MMSE) at
baseline missed N=138;

(2) Mild cognitive impairment or dementia
patients N=58;

(3) Neuro-related diseases ( epilepsia, central
nervous system infections, essential tremor,
Parkinson, anxiety, depression, thyroid
hypofunction, intracranial trauma or surgery )
N=112;

(4) AB test missed N=470;

(5) Baseline information missed N=131;

Excluded
Follow-up MMSE missed N=24
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Female, n (%)
Age, mean (SD)
Center

IRE

NL

GER
Education, n (%)

Low

Middle

High
MoCA, mean (SD)
Frailty

TuG, mean (SD)

30s, mean (SD)

Hand grip, mean (SD)
Exercise sessions. mean
(SD)

No of medications used.
mean (SD)

Exercise (AE + ST)
n=125

51(40.8"
715 (6.4)

41328
32 (25.6)
52(41.6)

8(6.4)
56 (44.8)
61(488)
22.8(2.4)

826 (2.13)
132 (3.7)
335 (1.0
942 (47.0)

2.82(2.75)

AE
n =60

28 (46.7)
70.6(6.1)

18 (30.0)
14(23.3)
27 (45.0)

3(62)
21(35.0)
36 (60.0)
226(2.5)

ST
n=65

23(35.4)
723(6.6)

22(33.8)
18 (27.7)
25(38.5)

500.7)
35(53.8)
25(38.5)
229(2.2)

8.06 (1.99) 8.44 (2.25)

13.5 (4.1)

13.0 (35)

82.7(11.1) 343 (10.8)
96.6 (45.0) 92.1 (48.9)

n=>58

35(60.3)
716(6.9)

21(36.2)
10 (17.2)
27 (46.6)

6(10.0
33(56.9)
19 (32.8)
22.4(2.1)

837 (2.07)
125(3.2)
29.4(10.2)

2.05(1.73)3.54 (3.29)% 2.43 2.17)

Exercise, both aerobic exercise (AE) and stretching and toning (ST) exercise groups
together; CG, control group; IRE, Ireland; NL, Netheriands; GER, Germany; Education
categories, low <10 years of education, midcle 10~13 years, high >13 years; MoCA,
Montreal Cognitive Assessment, education-adjusted score; One-way ANOVA analyses
were used to test differences between the exercise group and the control group or the AE
and ST comparison. *Significant diference between exercise group and CG, p < 0.05.
&Significant difference between AE-ST, p < 0.05. Independent t-test was used to test
differences between the number of exercise sessions in AE and ST
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Features Accuracy (%) Recall (%) Precision (%) Fi-score (%)

Mean map (5:655) 84.72 80.00 72.43 75.33
Mean map (5:25s) 76.39 70.00 58.43 62.83
Siope map (5:155) o1.67 90.00 86,00 87.50
Siope map (20:605) 98.61 98.89 98.33 9850
Siope map (60:705) 92.86 90.00 86.42 87.83
Skewness map (5:655)  91.67 90.00 86.00 87.50
Kurtosis map (6:65) 90.28 88.89 84.33 86.00

Average 89.46 86.83 81.71 83.64
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Features Accuracy (%) Recall (%) Precision (%) Fi-score (%)

HbO map at 6s 91.43 88.89 84.76 86.33
HbO map at 10s. 777 70.00 58.86 63.15
HbO map at 15s 92.00 90.00 86.00 87.50
HbO map at 20s. 70.67 60.00 45.29 50.98
HbO map at 25s agl 70.00 58.86 63.15
HbO map at 30s 84.86 80.00 7243 75.33
HbO map at 35s 7.7 70.00 58.86 63.15
HbO map at 40s 78.67 70.00 59.29 63.48
HbO map at 45s 84.86 80.00 72.43 75.33
HbO map at §0s. 92.00 90.00 86.00 87.50
HbO map at 55 78.57 70.00 59.29 63.48
HbO map at 60s. 84.86 80.00 7243 75.33
HbO map at 65 77.71 70.00 58.86 63.15

Average 82.20 76.07 67.18 70.60
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MMSE MoCA Age
r p r P r P
AB42 —0.085 0.530 0.020 0.880 —0.365" 0.005
t-tau —0.151 0.263 —0.081 0.550 —0.105 0.437
AB42 x t-tau —-0.157 0.244 —0.047 0.731 —0.266* 0.046

NC, normal control; MMSE, Mini Mental State Examination; MoCA, Montreal
Cognitive Assessment.
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Features Accuracy (%) Recall (%) Precision (%) Fi-score (%)

HbO map at 6s 76.86 70.00 58.43 62.83
HbO map at 10s. 90.57 88.89 84.33 86.00
HbO map at 155 83.43 78.89 70.76 73.83
HbO map at 20s 75.43 68.89 56.76 61.33
HbO map at 25s 84.86 80.00 7243 75.33
HbO map at 30s 92.00 90.00 86.00 87.50
HbO map at 35s 78.57 70.00 59.28 63.48
HbO map at 40s 84.86 80.00 72.43 75.33
HbO map at 45s 84.00 80.00 72.00 75.00
HbO map at §0s. 85.71 80.00 72.86 75.65
HbO map at 55 92.86 90.00 86.43 87.83
HbO map at 60s. 98.57 98.89 98.33 98.50
HbO map at 65 77.71 70.00 58.86 63.15

Average 85.03 80.43 72.99 75.83
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Cutoff

AB42 17.22
t-tau 21.30
AB42 x t-tau 403.72
AB42/t-tau 0.74

Sensitivity

0.650
0.625
0.825
0.775

Specificity

0.719
0.667
0.842
0.386

AUC

0.689
0.659
0.883
0.558

AD, Alzheimer disease; NC, normal control; AUC, area under the receiver operating

characteristic curve.
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Assessment NIA-AA scoring

AB plaques AQ (not)
A1 (low)
A2 (intermediate)
A3 (high)
NFTs, including pretangles and threads BO (not)
B1 (low)
B2 (intermediate)
B3 (high)
Neuritic and diffuse plaque density CO (not)
C1 (sparse)
C2 (moderate)
C8 (frequent)
The scoring system can be used to help assess and validate the neuropatho-
logical features of AD in mouse lines that are potential preclinical models for

AD research. Reproduced with permission from Keene et al. (2016). NIA-AA,
Alzheimer’s Association; AB, amyloid-B; NFT, neurofibrillary tangle.
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Features Accuracy (%) Recall (%) Precision (%) Fi-score (%)

HbO map at 6s 77.78 70.00 58.86 63.15
HbO map at 10s. 91.67 90.00 86.00 87.50
HbOmap at 16 93.06 90.00 86.43 87.83
HbO map at 20s. 84.72 80.00 7243 75.33
HbO map at 26 76.39 70.00 58.43 62.83
HbO map at 30s 77.78 70.00 58.43 62.83
HbO map at 35s 77.78 70.00 58.43 62.83
HbO map at 40s. 91.67 90.00 86.00 87.50
HbO map at 45s 77.78 70.00 5843 62.83
HbO map at 50s. 93.06 90.00 86.43 87.83
HbO map at 555 84.72 80.00 7243 75.33
HbO map at 60s. 65.28 565.66 41.11 46.34
HbO map at 65s 81.94 78.00 71.00 73.36

Average 82.59 77.20 68.80 71.96
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Group

Male:
female
Age,
years
MMSE
MoCA
Plasma
t-tau,
pg/mL
Plasma
AB42,
pg/mL

AB42 x 352.58 £ 90.88 490.44 £ 190.48

t-tau

AB42/
t-tau

NC (57)
26:31
67.9+ 9.5
28.25 + 3.36

26.25 + 4.61
20.65 + 3.52

16.92 + 1.67

0.83 &+ 0.11

AD (40)
16:25
68.1 +9.0
12.67 £ 9.21

10.69 £+ 7.33
2591 +8.12

18.77 £1.93

0.77 £0.18

P

0.53
0.67
1.41 x 10719

8.81 x 10722
3.42 x 1075

2.31 x 1076

7.03 x 1076

0.04

Overall (97)
41:56

68.0+9.3
21.78 £ 10.19

19.79 £ 9.84
22.82 +6.01

17.68 £ 1.99

409.40 + 152.38

0.81+0.14

Clinical characters, mean + SD. AD, Alzheimer disease; NC, normal control;
MMSE, Mini-Mental State Examination; MoCA, Montreal Cognitive Assessment.
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Biomarker class CSF marker Imaging marker

Amyloid (A) CSF AB42 or Amyloid PET
AB42:AB40 ratio
Tau (T) CSF p-tau Tau PET
Neurodegeneration (N) CSF t-tau Anatomic MRI;
FDG-PET

Adapted from Jack et al. (2016). NIH, National Institute on Aging; NIA-AA,
Alzheimer’s Association; CSF, cerebrospinal fluid; AB, amyloid-B; p-tau, phospho-
rylated tau; t-tau, total tau; PET, positron emission tomography; MRI, magnetic
resonance imaging; FDG, fluorine-based tracers.
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Task

N-back task
Stroop task
VFT
Average
STD

Accuracy (%)

77.90
84.70
77.84
80.15

3.95

Recall (%)

70.00
77.87
71.91
7326
4.10

Precision (%)

58.95
71,67
62.07
64.23
6.63

Fi-score (%)

63.22
7355
65.66
67.48
5.40
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Subject N-back task Stroop task Verbal fluency task

Trial 1 Trial 2 Trial 3 Trial 1 Trial 2 Trial 3 Trial 1 Trial 2 Trial 3
1 17 23 29 31 33 36 39 27 37
2 32 26 19 23 19 15 28 32 32
3 36 33 39 32 34 35 19 32 31
4 23 31 18 12 12 18 6 23 20
5 10 37 32 20 9 8 11 16 18
6 21 22 16 12 25 22 27 34 24
7 16 30 21 13 38 23 40 37 27
8 15 15 25 9 17 16 19 31 29
9 2r 27 20 21 33 22 18 11 17
10 35 10 30 38 7 24 40 41 24
" 40 36 35 39 33 38 28 35 39
12 31 28 28 19 30 21 " 22 8
13 44 31 35 37 35 24 3 22 34
14 26 22 28 38 10 6 28 22 31
15 35 1 30 36 25 13 3 17 30
16 23 8 1 19 30 21 25 17 25
17 8 16 9 20 14 15 22 29 27
18 47 26 41 8 17 20 42 39 40
19 28 40 27 a1 15 14 21 19 15
20 23 14 1 31 30 30 1 27 46
21 16 28 38 20 3 3 33 28 28
22 40 2 2 6 10 12 10 30 31
23 30 43 21 13 30 18 20 24 31
24 21 31 47 36 48 24 36 35 43

Total 1,826 1,609 1,867
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Characteristics MCl (n = 15)
Gender (Male/Female) 1/14

Education [years] 11.2 (£4.81)
Age [years] 60.27 (+7.09)
K-MMSE Score 25.13 (+2.33)

K-MMSE, Korea Mini-Mental State Examination.
aTwo sample t-test with a significant level of 0.05.

HC (1=9)

27
10.56 (+2.88)
68.33 (+4.69)
27.22 (+1.98)

p-value®

0.44
0.36
0.36
0.49
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Variable Univariate logistic regression analysis

OR (95% Cl) P-value
Sex (male vs. fernale) 1.287 (0.62-2.943) 0631
Age (per 1-year increase) 0.97 (0.928-1.015) 0.19
Family history of PD (No vs. Yes) 2.5 (1.194-5.237) 0015*
Impaired olfaction (No vs. Yes) 16.992 (6.51-44.352) <0.0001*
Depression (No vs. Yes) 1.557 (0.382-6.337) 0537
RBD (No vs. Yes) 0.719(0.277-1.863) 0.497
EDS (No vs. Yes) 1.207 (0.427-3.936) 0646
CD (No vs. Yes) 23.783 (3.34-169.356) 0.002"
Radiomic score (per 0.1 increase) 29(2.108-3.99) <0.0001*

NA, not available, as the variable was not included in the multivariate logistic regression analysis; RBD, rapid eye movement sleep behavior disorder; EDS, excessive daytime sleepiness;

Multivariate logistic regression analysis.

OR (95% CI) P-value
NA NA
NA NA
NA NA
16.251 (6.549-40.326) <0.0001*
NA NA
NA NA
NA NA
28.34 (4.441-180.874) <0.0001"
2.934 (2.145-4.013) <0.0001*

CD, cognitive decline. The P value indicates whether the variable is an independent predictor of PD, and * represents P < 0.05.
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Variable Training set (n = 234) Test set (n = 102)

HC (n = 117) PD (n = 117) HC (0 =51) PD (n =51)
n (%) n (%) P-value n (%) n (%) P-value
Sex Male 75 (64.1) 71(60.7) 0589 31(60.8) 33(64.7) 0,682
Female 42(35.9) 46(39.9) 20(39.2) 18 (35.3)
Age Years 62599 61497 0417 60.7 +9.1 62.1 £ 10 0473
Family history of PD No 105 (89.7) 91 (77.8) 0013* 49(96.1) 39(76.5) 0.004*
Yes 12 (103) 26 (222) 239 12 (235)
Impaired olfaction No 78 (66.7) 14(12) <0.0001* 27 (52.9) 6(11.8) <0.0001*
Yes 39(33.3) 103 (88) 24 (47.1) 45 88.2)
Depression No 108 (92.3) 103 (88) 0272 43(84.3) 42(82.4) 079
Yes 9(7.7) 14 (12) 8(15.7) 9(17.6)
RBD No 83(75.2) 83(709) 0.461 40 (78.4) 30(58.8) 0033
Yes 29 (24.8) 34(29.1) 11(21.6) 2141.2)
EDS No 99(84.6) 92(78.6) 0237 41(80.4) 4384.3) 0,603
Yes 18 (16.4) 265 (21.4) 10(19.6) 8(15.7)
cp No 114(97.4) 93(79.5) <0.0001" 51 (100) 38 (74.5) <0.0001*
Yes 3026 24 (205) 00 13 (25.5)

RBD, rapid eye movement sleep behavior disorder; EDS, excessive daytime sleepiness; CD, cognitive decline. P-values, significance levels of differences in variables between the training
and test sets. The values in parentheses indicate the percentage of each variable in the trainir
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Variables Training set Testset SWEDDset P-value
(1=234) (1=102) (n=58)

n (%) n (%) n (%)

Sex Male  146(62.4) 64(62.7) 87(638) 0981
Female 88(37.6) 88(37.8)  21(36.2)

Age Years  619+97 616+£98 60+97 0399

Famiy history ~ No 196(838) 83(86.3)  43(741) 0129

of PD Yes 38(162)  14(13.7)  15(25.9)

Impaired offaction No 92(303) 33(324) 25(31) 0336
Yes 142(60.7) 69(67.6)  33(569)

Depression No 211(202) 85(833) 45(77.6) 0023
Yes 23(9.8)  17(167)  13(224)

RBD No 171(734) 70(686) 36(621) 0282
Yes 63(269) 82(314) 22(37.9)

EDS No 191(81.6) 84 (82.4) 45 (77.6) 0.738
Yes 43(18.4)  18(17.6)  13(224)

cD No 207 (885) 89(87.3)  52(89.7) 0.898
Yes 27(115)  18(127)  6(103)

Hoehn-Yahr stage StageO 106(45.3) 47 (46.1)  8(62)  <0.0001*
Stage1 54(23.1)  21(206) 30(51.7)
Stage2  74(31.6) 34(333)  25(43.1)

SWEDD, scans without evidence of dopaminergic defcit; RBD, rapid eye movement sieep
behavior disorder; EDS, excessive daytime slespiness; CD, cognitive decline. P values,
significance levels of differences in variables among the training set, test set and SWEDD
set. The values in parentheses indicate the percentage of each variabl in the training set
or test set. "P < 0.05.





OPS/images/fnins-14-00693/fnins-14-00693-g002.jpg
v

|

L

\ A\ 4
Nucleotide Amino acid T cell I Energy sensing I I Obesity I
sensing (AA) sensing differentiation
mTOR i i mTORC1
—— activation activation
depletion Single hub Multi hub |
model model l nNIEs
mTORC2 activation CREB-CRCT2
N disassociation
m No FOXP3
AA cues I mTORC1 expression l
(presence of mTORC1
mTORC1 Q,LS,R) 4' suppression | COX2
activation & Thi transcriptional
- | Starvation I differentiation Treg cells inhibition
Sensing by Bt transcriptional
CiEEs inhibition
No browning
Y
de novo y Th2 effect
leotid 3
e mTORC1 l LEL I | Golgi l differentiation
synthesis 1 activation
Cell growth,

differentiation






OPS/images/fnagi-12-00222/fnagi-12-00222-t005.jpg
Metabolite: Neurocognitive relationship

Results

b (SE) t-Statistics (df = 17) p-Value
BEM indices and neurocognitive relationship
PCr/t-ATP: Immediate recall on screening memory measure (CVLT) —0.0138 (8.556) —-3.272 0.004*
Extracellular_Pi/t-ATP: Attention (selective auditory task-Trail 2) —0.0018 (55.385) —2.254 0.038*
Intracellular_Pi/t-ATP: Executive function (switching and inhibition: Trails B) —13.867 (6.836) —2.029 0.0585
PCr/intracellular_Pi (oxidative phosphorylation rate): Executive function (innovation: TOSL) —0.78 (0.36) —2.18 0.044~
PCr/intracellular_Pil: Delayed recall on screening memory measure (CVLT) —2.43 (0.79) —2.78 0.007*
pH: Attention (selective auditory task-Trail 2) —285.95 (131.66) —2.172 0.044~
Mg?+: Attention (Trails A) 12.471 (5.620) 2.219 0.040*
Membrane phospholipid metabolite index and neurocognitive relationship
PMEs/PDEs: Attention (selective auditory task-Trail 1) §92 2.77) 214 0.047~

DKEFS, Delis—Kaplan Executive Function Sysz‘emTM; TOSL, Test of Strategic Learning; CVLT, California Verbal Learning Test. p-values < 0.05* (significant).
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Demographics

Total number of participants (n)
Age (years)

Gender (M/F)

Education (years)

MMSE

Geriatric depression scale

Mean + SD

19
63.73 + 7.62
5/14
17.79 £ 3.34
27.89 + 1.41
2104 1.76

Range

50-76

12-29
27-30
0-6
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Variables Value Intragroup p-value Value Intragroup p-value Intergroup p-value
Calcium

Baseline 9.156 +£0.29 - 9.23 +0.33 - 0.407
Week 25 9.05 + 0.34 0.406 9.06 + 0.4 0.004* 0.743
Week 49 9.08 +£ 0.2 0.238 9.12 £ 0.47 0.23 0.545
Albumin

Baseline 4.62 £ 0.29 - 4.35 £0.23 - 0.297
Week 25 4.35 +0.24 0.336 4.28 + 0.31 0.387 0.503
Week 49 4.28 +£0.26 0.657 414 +£0.22 0.004* 0.136
Hb

Baseline 13.35 £ 1.93 - 13.82 £ 1.55 - 0.251
Week 25 13.04 £ 1.6 0.102 12,73 & 3.27 0.003* 0.411
Week 49 13.29 + 1.58 0.822 13.4 £ 1.69 0.009* 0.611
Hey

Baseline 11.44 £ 452 - 11.39 + 4.6 - 1
Week 25 9.23 +2.96 0.007* 10.11 £3.57 0.099 0.449
Week 49 9.42 + 3.05 0.012* 11.85 £ 6.56 0.794 0.225
SOD

Baseline 66.94 + 10.43 - 62.39 + 11 - 0.411
Week 25 66.63 + 13.89 0.737 65.52 + 13.98 0.274 0.917
Week 49 48.39 + 19.28 0.001* 521 +£17.76 0.021* 0.715
BDNF

Baseline 16817.78 £+ 7269.27 - 14146.35 + 5248.59 - 0.235
Week 25 14790.69 + 13578.16 0.117 9725.25 + 6780.67 0.012* 0.335
Week 49 17943.1 + 7356.27 0.654 13793.27 + 5545.83 0.821 0.068
DHEAS

Baseline 145 41 - 1.11 £ 0.99 - 0.211
Week 25 1.45 £0.97 0.627 1.08 £0.76 0.59 0.211
Week 49 0.91 £1.07 0.167 0.87 +0.82 0.689 0.465
a-ACT

Baseline 201499.24 + 183201.7 - 205721.68 + 186042.47 - 0.766
Week 25 5438979.8 + 5500347 0.001* 4130525.7 + 4307187.3 <0.001* 0.584
Week 49 367337.35 + 263536.7 0.019* 426465.17 + 267768.25 0.017* 0.175
APOE4

Baseline 141.45 + 137.36 - 144.47 4+ 230.67 - 0.167
Week 25 33.52 +28.7 0.01* 29.81 + 29.63 0.073 0.549
Week 49 30.19 + 35.04 0.001* 20.52 + 20.01 <0.001* 0.511
B-amyloid

Baseline 125.47 + 86.34 - 104.11 £ 73.49 - 0.404
Week 25 1566.24 4+ 94.38 0.086 124.59 £ 74.04 0.244 0.397
Week 49 313324 12245 0.015* 317.77 £ 124.98 0.001* 0.531

EAHE group (n = 20)

Placebo group (n = 21)

Values are given as mean + SD. Hb = hemoglobin; Hcy = homocysteine; SOD = superoxide dismutase; BDNF = brain-derived neurotrophic factor;
DHEAS = dehydroepiandrosterone-sulphate; a-ACT = alpha 1-antichymotrypsin; APOE4 = apolipoprotein E4; B-amyloid = amyloid-beta peptide 1-40. *p < 0.05.
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EAHE group (n = 20)

Placebo group (n = 21)

Variables Value Intragroup p-value Value Intragroup p-value Intergroup p-value
BCVA OD

Baseline 0.83+0.24 - 0.59 £+ 0.33 - 0.013*
Week 25 0.8+0.27 0.552 0.59 £ 0.33 0.814 0.026*
Week 49 0.83+0.2 0.545 0.57 £0.28 0.258 0.005*
BCVA OS

Baseline 0.82 £0.25 - 0.63 £ 0.27 - 0.024*
Week 25 0.77 £0.27 0.153 0.67 £0.23 0.633 0.101
Week 49 0.82 +£0.24 0.824 0.64 £0.23 0.201 0.025*
BCVA OU

Baseline 09+0.22 - 0.75+0.23 - 0.017*
Week 25 0.89 +£0.26 0.923 0.74 £ 0.21 0.472 0.027*
Week 49 0.88 £0.22 0.948 0.69+£0.2 0.104 0.005*
CS OD

Baseline 0.84 £0.19 — 0.72 £ 0.32 — 0.249
Week 25 0.86 £ 0.19 0.257 0.754+0.29 0.187 0.212
Week 49 0.9+0.08 0.257 0.77 £0.27 0.582 0.089
CS 0s

Baseline 0.83+0.2 - 0.83+0.18 - 0.323
Week 25 0.82 £0.25 0.85 0.82 £ 0.11 0.227 0.155
Week 49 0.86 +£0.13 0.606 0.78 £0.17 0.13 0.046*
CSOuU

Baseline 0.88£0.15 - 0.85+0.19 - 0.28
Week 25 0.88+0.2 0.739 0.86 £ 0.09 0.405 0.069
Week 49 0.89 £ 0.11 0.68 0.85 £ 0.08 0.033* 0.056

Values are given as mean + SD. BCVA = best-corrected visual acuity; CS = contrast sensitivity; OD = oculus dexter; OS = oculus sinister; OU = oculus uterque. *p < 0.05.
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EAHE group (n = 20)

Placebo group (n = 21)

Variables Value Intragroup p-value Value Intragroup p-value Intergroup p-value
NPI

Baseline 421 +6.62 - 3+£62 - 0.696
Week 13 0+0 0.306 1.33+£1.53 0.812 0.259
Week 25 15+£2.12 0.439 1.33 £2.31 0.087 0.989
Week 49 0.67 £1.15 0.077 225+3.3 0.163 0.129
CASI

Baseline 71.75 £ 17.12 - 73.52 + 14.51 - 0.804
Week 13 72.74 + 1583 0.246 70.71 £19.3 0.13 0.881
Week 25 738+ 17.15 0.313 69.62 + 16.07 0.043* 0.368
Week 49 75.35 + 15.86 0.058 69.67 + 16.62 0.064 0.315
MMSE

Baseline 21.75 £ 6.1 - 21.33 +£5.74 - 0.629
Week 13 22.58 £ 5.6 0.065 20.95 + 6.47 0.616 0.4
Week 25 22.55 + 6,24 0.23 21.05 +£5.5 0.686 0.353
Week 49 23.2 +£5.92 0.035* 20.67 £ 6.17 0.661 0.261
IADL

Baseline 6.35 + 2.81 - 5.71 +£2.65 - 0.25
Week 13 6,37 231 1 6+207 0.484 0.423
Week 25 6.45 + 2.58 0.705 5.57 £2.29 0.634 0.11
Week 49 6.7 1247 0.157 5427 0.075 0.012*

Values are given as mean + SD. NPl = Neuropsychiatric Inventory; CASI = Cognitive Abilities Screening Instrument;, MMSE =
IADL = Instrumental Activities of Daily Living. "p < 0.05.

Mini mental state Examination;
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Variables EAHE group Placebo p-Value
(n = 20) group (n = 21)

Gender (male/female) 6/14 11/10 -

Age (years) 743+7.15 77.05+8.2 0.261

Education (years) 6.35 £4.74 6+5.36 0.826

Values are given as mean + SD.
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Demographic & basic cognitive assessment
Control=170. MCI=80
Dementia=7

Unable to tolerate the length of
test,poor attention BVAD

Baseline Eye tracking cohort
Control=158 MCI=73.
Dementia=s.

Retest Eye tracking cohort (2weeks later)
Control=107 Mci=44.

‘One-yearfollow-up Eye tracking cohort
Control=57 MCI=26
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Cohort A Cohort B p value
HC PD1 PD2

N 20 20 15 PD1-HC PD2-HC

Age (years) 50.6+7.2 62.4+73 628+ 4.9 0.230° 0.148°

Gender (F/M) 12/8 10110 a2 0525° 0,018

UPDRS - 216+ 11.2 216+105 - -
Speech - 05+05 05+05 - -
Facial expression - 12+10 1310 - -
Static tremor - 22+24 21+23 . -
Postural tremor - 1.2+14 14£10 - -
Rigidity - 46+86 41%50 - -
Gait - 08+06 0806 - -

MMSE - 288+17 278+1.9 - -

Age and clinical rating are given as mean + standard deviation. UPDRS, Unified Parkinson's Disease Rating Scale. *p value was obtained by the two-sample two-taied t-test between
healthy controls and PD patients. °p value was obtained by the x2 test between healthy controls and PD patients. Bold value indicated a significant difference between healthy controls

and PD patients.
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MRI, n

Fazekas, mean (SD, range)
MTA, mean (SD, range)
Global, mean (SD, range)
Cortical CBM, n (%)
Subcortical CBM, n (%)
Trodat, n

DaTabN, n (%)

SBR, mean (SD, range)

Tremor

194
2.0 (1.0, 0-3)
2.3(1.1,0-4)
1.6 (0.7, 0-3)
47 (23.4)
65 (32.3)
70
31 (44.9)
1.5 (0.5, 0.2-2.8)

Non-tremor

669
1.8(1.0,0-3)
2.2 (1.2, 0-4)
1.5(0.8,0-3)

313 (27.8)
230(33.2)
63
37 (58.7)
1.5 (0.4, 0.5-2.4)

OR

1.29
0.96
0.73
0.70
0.97

0.63
1.29

NS
NS
NS
NS
NS

NS
NS

CDR, Clinical Dementia Rating scale; n, number of cases; OR, odds ratio; NS, non-
significance; Fazekas, Fazekas scale; MTA, medial temopral lobe atrophy scale;
Global, global atrophy scale; CMB, cerebral microbleeds; Trodat, Tc-99m Trodat-
1 SPECT; DaTabN, abnormal dopamine transporter imaging in Tc-99m Trodat-1
SPECT; SBR, Striatal background ratio in Tc-99m Trodat-1 SPECT; CPR, caudate
putamen ratio in Tc-99m Trodat-1 SPECT.
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Tremor, n (%) Non-tremor, n (%) OR p

Relationship of CVD and dementia

History of CVD 210 (71.9) 780 (74.6) 0.82 NS
Temporal association 101 (34.6) 380 (36.4) 0.87 NS
Sequela of CVD 128 (43.8) 469 (44.9) 0.91 NS
Vascular risk factors

Hypertension 171 (68.6) 493 (47.2) 1.64  <0.001
Diabetes 111 (38.0) 289 (27.7) 1.63 0.001
Hyperlipidemia 97 (33.2) 230 (22.0) 1.83  <0.001
Heart diseases 54 (18.5) 104 (9.9) 210  <0.001
Current medication

Anti-dementia drugs 21(7.2) 63 (6.0) 1.14 NS
Anti-platelets 113 (38.7) 379 (36.3) 1.11 NS
Anti-Parkinson drugs 48 (16.4) 15 (1.4) 13.34 <0.001
Antipsychotics 20 (6.8) 30 (2.9) 2.48 0.002

CVD, cerebrovascular disease; CDR, Clinical Dementia Rating scale; n, number of
cases; NS, Non-significance; OR, odds ratio; Heart diseases, including coronary
artery disease, valvular heart disease, congestive heart failure, and arrhythmia.
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Motor features
Bradykinesia
Rigidity

Postural instability
Hypotonic speech
Easily falling
Parkinsonism*
Non-motor features
Fluctuation

VHs

RBD

SNS*

Delusions
Depression

Apathy

Urinary frequency
Constipation
Incontinence

DLB core features +

indicative biomarkers = 2

Tremor, n (%) Non-tremor, n (%)

182 (62.3)
156 (53.4)
213 (72.9)
90 (30.8)
59 (20.2)
236 (80.8)

126 (43.2)
56 (19.2)
42 (14.4)

9 (45.0)
65 (22.3)
80 (27.4)
50 (17.1)
58 (20.0)
67 (23.1)
65 (22.3)

155 (53.1)

283 (27.1)
214 (20.5)
431 (41.2)
158 (15.1)
103 (9.9)

234 (22.4)

287 (27.5)
101 (9.7)
72 (6.9)
6 (20.0)
139 (13.3)
178 (17.0)
117 (11.2)
93 (9.0)
132 (12.8)
133 (12.7)
189 (18.1)

OR

4.44
4.39
3.80
2.46
2.26

14.51

2.01
212
2.19
4.25
1.80
1.88
1.67
2.62
2.10
1.92
5.36

P

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

<0.001
<0.001
<0.001
<0.001

0.001
<0.001

0.015
<0.001
<0.001
<0.001
<0.001

n, number of cases; CDR, Clinical Dementia Rating scale; OR, odds ratio; VHS,
visual hallucinations; RBD, REM sleep behavior disorder; SNS*, Severe neuroleptics
sensitivity among 50 patients ever receiving antipsychotics; Parkinsonism”, at least
two parkinsonian motor symptom/sign.
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Tremor Non-tremor OR/*y2 P
Mean (SD, range)  Mean (SD, range)
n 292 1045
Age, year 76.2 (9.1, 28-94) 75.7 (7.9, 40-102) NA
CDR 0.5/1/2/3, 78/84/81/49 364/282/240/159 NA
n
Gender, f/m, n 149/143 514/531 1.03 NS
Education, year 4.1 (4.2,0-16) 5.0 (4.6,0-18) 0.95  0.004
Disease duration, year
CVD 3.2 (4.6,0.1-20.0) 3.3 (6.6, 0-60) 1.00 NS
Motor 4.2 (6.6, 0-60) 2.6 (3.7, 0-30) 1.07  <0.001
dysfunction
IADL 2.3 (2.9, 0-8) 2.8 (3.1,0-8) 0.96 NS
MoCA 7.6 (6.7, 0-27) 8.2 (7.3, 0-29) 1.00 NS
CASI 42.3 (25.9, 0-94) 43.1 (25.5, 0-94) 1.01 NS
NPI 11.6 (12.1, 0-87) 8.3(10.0, 0-87) 1.08  <0.001
VaMCl/PrVaD/ 31/139/122 152/5621/372 517" NS
PoVaD
CVD Subtypes ~ Mi 30/St 41/Sc 61/ Mi121/St 173/Sc 11.92* NS
285/
Bw 77/Cc 46/He 16/ Bw 195/Cc 197/He
46/
Ot 21 Ot 58

VCI, vascular cognitive impairment; CDR, Clinical Dementia Rating scale; n,
number of cases; NA, not applicable; NS, non-significance; OR, odds ratio;
CVD, cerebrovascular disease. Motor dysfunction includes any of the following
symptoms: tremor, rigidity, bradykinesia, postural instability, hypotonic speech, or
easily falling. IADL, Instrumental Activities of Daily Living; MoCA, Montreal Cognitive
Assessment; CASI, Cognitive Abilities Screening Instrument; NPI, total score of 12-
domain Neuropsychiatric Inventory; VaMCIl/PrVaD/PoVaD, vascular mild cognitive
impairment/probable vascular dementia/possible vascular dementia. Mi, multi-
infarct; St, strategic infarct; Sc, subcortical lacunes; Bw, Binswanger disease;
Cc, complex combination; He, hemorrhage, Ot, others. *Chi-square value without

adjustments.
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SUV normalized to occipital

r p-value
L cerebral WM -0.23 0.38
R cerebral WM —0.39 0.12
L cerebellum WM —0.31 0.22
R cerebellum WM —0.33 0.20
L cerebellum cortex -0.12 0.64
R cerebellum cortex -0.18 0.49
More affected caudate —0.33 0.20
More affected putamen —0.45 0.07
More affected pallidum —0.53 0.03
Less affected caudate -0.21 0.43
Less affected putamen —-0.33 0.19
Less affected pallidum -0.37 0.14

Pearson correlation coefficient r is shown for each striatal sub-region, along with
associated p-values.
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rCBF values (ml/100 g/min) PE2l SUV averaged L/R and normalized to occipital lobe

Region of interest MoCA > 27 MoCA < 27 p MoCA > 27 MoCA < 27 p

L cerebral WM 45.4 38.7 0.83 0.30 0.33 0.09

R cerebral WM 35.0 43.6 0.60 0.30 0.33 0.09

L cerebellum WM 5.9 5.3 0.46 0.31 0.33 0.11

R cerebellum WM 5.3 45 0.60 0.30 0.33 0.09

L cerebellum cortex 1.3 7.9 0.18 0.23 0.24 0.54

R cerebellum cortex 10.5 8.6 0.19 0.23 0.24 0.42

More affected caudate 24.5 28.4 0.68 0.73 0.87 0.025
Less affected caudate 24.7 80.2 0.57 0.75 0.97 0.05
More affected pallidum 18.6 20.1 0.60 0.49 0.63 0.005
Less affected pallidum 23.5 20.1 0.21 0.55 0.81 0.01

More affected putamen 24.9 24.5 0.54 0.48 0.66 0.02
Less affected putamen 231 22.8 0.64 055 0.81 0.01

Mann-Whitney tests were performed to determine statistical significance between subgroups. Additionally, Benjamini-Hochberg correction for multiple comparisons with
an FDR of 0.1 was performed, with p-values that remained significant after correction indicated in bold font. R, right; L, left; WM, white matter.
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MoCA Frailty Index

R P R P
Left-Thalamus-proper 0.378* 0.008 —0.487* <0.001
Left-Caudate 0.279 0.055 —0.464* 0.001
Left-Pallidum 0.227 0.121 —0.8371* 0.009
Left-Accumbens-area 0.11 0.458 —0.075 0.613
Right-Thalamus-proper 0.45* 0.001 —0.475* 0.001
Right-Caudate 0.216 0.139 —0.363* 0.011
Right-Pallidum 0.349* 0.015 —0.408* 0.005
Right-Accumbens-area 0.296* 0.041 —0.33+ 0.022

*P - 0.05 significant correlation coefficients.
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rCBF values (m1/100 g/min) PE2I SUV averaged L/R and normalized to occipital

Region of interest Disease duration Disease p Disease Disease p
<byears duration >5 years duration <5 years duration >5 years

L cerebral WM 41.5 37.7 0.15 0.33 0.29 0.001
R cerebral WM 43.6 37.4 0.40 0.33 0.3 0.049
L cerebellum WM 6.1 o 0.36 0.32 0.3 0.083
R cerebellum WM 4.8 4.9 0.46 0.33 0.3 0.010
L cerebellum cortex 13.3 9.1 0.24 0.24 0.23 0.130
R cerebellum cortex 1.4 9.0 0.26 0.24 0.2 0.105
More affected caudate 30.3 24.7 0.24 0.94 0.66 0.001
Less affected caudate 292 26.3 0.76 1.038 0.72 0.007
More affected pallidum 229 185 0.34 0.63 0.51 0.001
Less affected pallidum 22.3 20.7 0.60 0.62 0.53 0.001
More affected putamen 25.6 24.4 0.10 0.67 0.46 0.001
Less affected putamen 26.4 22.6 0.40 0.86 0.54 0.002

Mann-Whitney tests were performed to determine statistical significance between subgroups. Additionally, Benjamini-Hochberg correction for multiple comparisons with
an FDR of 0.1 was performed, with p-values that remained significant after correction indicated in bold font. R, right; L, left; WM, white matter; p: p-value.
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Group FA P ADC (*1,000) P RA (*1,000) P

Left-Thalamus CF 0.277 £ 0.015 0.08 0.923 + 0.043 0.792 6.9+ 0.334 0.08
HC 0.291 + 0.030 0.927 + 0.060 7.242 £ 0.706

Left-Caudate CF 0.170 + 0.016 0.248 0.981 + 0.063 0.239 4.269 + 0.403 0.333
HC 0.180 + 0.043 0.958 + 0.076 4.485 + 1.050

Left-Pallidum CF 0.357 + 0.031 0.136 0.738 + 0.050 0.583 8.6+ 0.812 0.129
HC 0.337 + 0.067 0.746 + 0.061 8.096 + 1.452

Left-Accumbens CF 0.181 £ 0.017 0.937 0.842 +0.070 0.829 4.277 £ 0.378 0.875
HC 0.180 + 0.030 0.838 + 0.067 4.25 4+ 0.785

Right-Thalamus CF 0.272 £ 0.017 0.219 0.942 + 0.058 0.629 6.808 + 0.375 0.28
HC 0.279 + 0.023 0.935 + 0.066 6.942 + 0.505

Right-Caudate CF 0.170 + 0.023 0.528 0.981 +0.106 07 4.273+ 0.616 0.782
HC 0.174 + 0.026 0.969 + 0.109 4.319 + 0.582

Right-Pallidum CF 0.329 + 0.033 0.777 0.762 + 0.067 0.61 7.854 + 0.784 0.779
HC 0.333 + 0.062 0.754 + 0.061 7.95 + 1.650

Right-Accumbens CF 0.182 + 0.017 0.396 0.827 +0.060 0.211 4.277 £ 0.377 0.476
HC 0.188 + 0.028 0.808 + 0.049 4.388 + 0.697

Group CF, cognitive fraity group; group HC, healthy group; FA, fractional anisotropy; ADC, apparent diffusion coefficient; FA, relative anisotropy. Value of FA, ADC and RA was
presented by mean + standard deviation.
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Number of subjects 26 (F/M: 7/19)

Age (years) 59.5 (range: 44-70 SD = £+ 5.9)
Duration of disease (years) 6.8 (range: 1-13 SD = £ 3.5)
Side of symptom predilection 13 (60%) right; 13 (50%) left
MDS-UPDRS part 3 (motor) "off" score 28.7 (range: 12-54 £+ 11.5)
MoCA score 25.9 (range: 21-30 £ 2.2)
Antiparkinsonian medications

Levodopa-containing drugs n (%) 22/26 (85%)
Dopamine agonists n (%) 16/26 (62%)

MAO-B inhibitors n (%) 15/26 (57%)
Anticholinergics n (%) 1/26 (38%)
Amantadine and antiglutamate n (%) 6/26 (23%)

COMT inhibitors n (%) 5/26 (19%)

LEDD mean (SD) 749 (+ 483)
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CF (volume)

HC (volume)

MD

95% Cl of MD

Left-Thalamus
Left-Caudate
Left-Putamen
Left-Pallidum
Left-Hippocampus
Left-Amygdala
Left-Accumbens
Right-Thalamus
Right-Caudate
Right-Putamen
Right-Pallidum
Right-Hippocampus
Right-Amygdala
Right-Accurmbens

6,312.08 + 527.71
3,086.25 + 297.31
4,488.97 + 550.071
1,842.26 + 212.50
3,661.82 + 350.073
1,546.19 + 160.35
421.34 + 75.00
6,068.14 + 706.36
3,110.63 + 334.18
4,382.33 + 696.84
1,796.72 4+ 244.54
3871.41 + 386.159
1,721.6 £210.701
451.97 + 53.86

6,719.65 + 606.56
3,296.13 + 357.49
4,594.08 + 458.65
1,947.05 + 206.64
3,702.47 + 358.47
1,549.1 £ 230.30
428.90 + 62.18
6,487.33 + 501.10
3,290.38 + 366.69
4,505.57 + 523.34
1,970.20 + 197.54
3872.01 +410.20
1,680.52 + 226.51
482.32 + 45.68

—407.57
—200.88
—105.11
—104.79
—40.64
—2.91
—7.56
—419.19
—179.75
—123.24
—173.48
—0.60
40.98
—30.35

—724.27,-90.87
—393.04, -26.73
—387.23,177.01
—221.65,11.96
—238.01,166.73
—113.45,107.63
—45.94,30.82
—760.34, -78.05
—375.18,15.67
—466.52,220.04
—207.31,-49.65
—222.51,221.32
—80.88,162.84
—58.17,-2.54

0.013
0.026
0.458
0.077
0.681
0.958
0.694
0.017
0.071
0.474
0.007
0.996
0.502
0.033

MD, Mean difference; Cl, confidence interval of difference. Value of volume was presented by mean + standard deviation, the unit of volume is cubic millimeter.
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Cognitive frailty Health control t P

Number 26 26

Sex (male/female, n)* 1813 1813 1.000
Age (years)* 65.42 + 5147 65.38+4.7 0.028 0.978
Edu (years)* 9.77 £3.983 10.96 + 3.243 —1.184 0.242
BDI (scores)* 3.96 + 1.928 4.62 +1.134 —1.49 0.144
MOoCA (scores) 19.31 £ 3.056 26.77 + 0.863 —11.98 <0.001
Fl (scores)* 5.54 +0.761 219+ 1.266 8.263 <0.001

Edu, education year; BDI, Beck Depression Inventory; MoCA, Montreal Cognitive Assessment; Fl, Frailty index. *Chisquare test was used for data analysis. *t-test was used for data
analysis. P-values for cognitive frailty vs. health control group comparison.
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Tissue oS detected oS form Autopsy/biopsy Number of patients and controls Reference

Salivary glands + i AGG A 3 3 Cersosimo et al. (2011)

+ P LBs B 18 0 Adler et al. (2014)
Pharynx + P AGG A 10 4 Mu et al. (2013)
Esophagus ND ND LBs A 22 50 Qualman et al. (1984)

ND ND LBs A 7 24 Wakabayashi et al. (1988)

+ P AGG A 17 23 Beach et al. (2010)

+ TP LBs A 10 3 Gelpi et al. (2014)
Stomach - i} AGG B 34 23 Sanchez-Ferro et al. (2015)

-+ TP LBs A 10 0 Gelpi et al. (2014)

+ P LNs B 1 0 Pouclet et al. (2012)

+ P ND B 35 161 Hilton et al. (2014)

+ i) ND A 5 5 Braak et al. (2006)
Small intestine + P LNs B 1 0 Pouclet et al. (2012)

+ P ND B 18 161 Hilton et al. (2014)
Appendix + T ND B 0 20 Gray et al. (2014)
Colon + P LNs B 5 8 Lebouvier et al. (2009)

+ P LNs B 29 10 Lebouvier et al. (2010)

+ T AGG B 9 23 Shannon et al. (2012a)

+ w ND A 10 77 Gold et al. (2013)

+ P ND B 62 161 Hilton et al. (2014)

+ P LNs B 31 11 Clairembault et al. (2015a)

+ TP ND B 22 11 Visanji et al. (2015)

-+ TP ND B 19 8 Antunes et al. (2016)

+ T LTS B 9 B Corbille et al. (2016)

+ TP AGG B 17 13 Corbille et al. (2017)

i P AGG B 18 11 Fenyi et al. (2019)

The only direct evidence of PD-related neuropathological changes in the ENS seems to be the confirmation of the presence of pathological forms of oS and protein
inclusions in the peripheral tissues of PD patients. The table summarizes the numbers of patients and controls in each study, broken down by the peripheral tissue of
interest. Detected forms of aS and the study outcomes are indicated. PD, Parkinson’s disease; oS, a Synuclein; ND, not defined; T, total; B phosphorylated at S129;
AGG, aggregated; LBs, Lewy bodies; LNs, Lewy neurites; LTS, Lewy type synucleinopathy; A, autopsy; B, biopsy.
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Control group Telmisartan group Rosuvastatin group Combination group P-value
(n=311) (n=311) (n=311) (n=311)

Age (years) 7042 £6.17 70.48 + 6.20 7045 +5.96 69.68 + 6.00 0437
Female [n (%)] 147 (47.9) 151 (48.6) 155 (49.8) 144 (46.9) 0829
Education (years) 7.00 (.00, 10.00) 7.00 (3.00, 10.00) 7.00 (5.00, 10.00) 7.00 (4.00, 10.00) 0416
Smoking [n (%)] 84(27.0) 79 (25.4) 72(23.2) 79 (25.4) 0665
Alcohol consumption [ (%)] 110 (35.4) 120 (38.6) 108 (34.7) 107 (34.4) 0684
BMI (ko/m?) 24.49 +3,08 2478 + 2,80 2455+ 2,62 25.01+£8.77 0144
SEP (mm Hg) 156.73 + 9.99 156.91 +9.83 156.16 + 9.29 156.67 + 10.11 0.801
DEP (mm Hg) 70.80 +7.83 71.43+£7.23 7136 +7.20 7084 +7.63 0767
Total cholesterol (mmol/L) 5.08+063 5.08+0.60 505+ 0.66 5.00 % 0.60 0416
Trglycerides (mmol/L) 1.50 +0.36 1.51 +0.38 1.45+0.36 1.50+0.38 0477
HDL-c (mmol/L) 1.20+0.21 1.48+0.22 120+ 021 119019 0593
LDL-c (mmol/) 319+062 3.21+063 319+ 068 313+ 0,63 0.396
FPG (mmol/L) 5.46+0.78 546+ 081 5.42+074 5.48+075 0808
MMSE (score) 29,00 (28,00, 80.00) 29.00 (28.00, 30.00) 29,00 (28.00, 30.00) 29,00 (28,00, 80.00) 0823
MoCA (score) 28,00 (27.00, 29.00) 28.00 (27.00, 29.00) 28,00 (27.00, 29.00) 28,00 (27.00, 29.00) 0275
DRS (score) 135.00 (128,00, 139.00) 134,00 (129,00, 138.00) 134,00 (129.00, 139.00) 134.00 (129,00, 129.00) 0950
CDR (score) 0.00 (0.00, 0.00) 0.00 (0.00, 0.00) 0.00(0.00, 0.00) 0.00 (0.00, 0.00) 1.00
IQCODE (score) 1.79(1.27, 2.85) 1.81 (1.26, 2.29) 1.73(1.8,2.28) 1.78(1.84, 2.26) 0974
APOE £4(+) [n (%] 84(27.0) 80 (25.7) 82 (26.4) 77 (24.8) 0930

Data are shown as n (percentage), mean = standard deviation, or medlan (interquartie range). Abbreviations: BM, body mass index; SBR systolic blood pressure; DBR. diastolic
blood pressure; HDL~c, high-density lipoprotein cholesterol; LDL-c, low-density lipoprotein cholesterol; FPG, fasting plasma glucose; MMSE, Mini-Mental State Examination; MoCA,
Montreal Cognitive Assessment; DRS, Mattis Dementia Rating Scale; CDR, Clnical Dementia Reting; IQCODE, Informant Questionnaire on Cognitive Decine in the Elcerly; APOE,

apolipoprotein E.
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Country

USA, Canada

USA, Canada

UK, South
Africa,
Switzerland

Australia,
Canada, ltay,
South Africa,
UK

China
China

USA

USA, Canada

Taiwan

China

China
China
China

Japan

Australia

Hong Kong

USA

Japan

Taiwan

China

China

China

China

China

China

Number of people (n)

DON: 409
PLA: 412

DON: 133
PLA: 137

GAL: 494
PLA: 496

GAL: 532
PLA: 526

RIV: 65
Don: 56

RIV: 227
PLA: 222

GIN: 58
PLA: 55
GIN: 54
PLA: 44
VB: 240
PLA: 169

VE: 257
PLA: 259

Multiitamin: 45
PLA: 44

VE: 152
PLA: 162
CM: 174
PLA: 70

Exercise: 50
PLA: 50

Exercise: 48
PLA: 52

Exercise: 7
PLA' 6

Taichi: 28
PLA: 27

Music: 67
Con: 67

Music: 20
PLC: 21

Music: 25
PLC: 25

ACU: 108
PLC: 105

ACU: 43
ChEls: 44
ACU: 30
NIM: 30

ACU: 80
PLC: 75

CM: 30
NIM: 30

Age (¥)

55-90

55-90

60-85

55-85

55-90

60-75

53-79
45-80

40-85

60-74

55-85

50-85

46-75

55-85

Intervention

Donepezil (5-10mg)

Donepezil (5-10mg); Placebo

Galantamine (16-24 mg);
Placebo

Galantamine (16-24mg);

Rivastigmine (12 mg)

Rivastigmine (6-36 mg)

Ginkgo glycosides (9.6mg
tid)

Ginkgo glycosides (19.2mg
tid)

Folate: 5mg, Vitamin B6:
25mg, Vitamin B12: 1 mg

Vitamin E: 2,000 IU

Multitamin supplement” +
Mecobalamin: 0.5mg

2,000 IU vitamin £

Qinggongshoutao 27g;
EGb761 160mg

‘Shenyin Oral Liquid
Danshen, Sangi
©M; 200mI

Multicomponent exercise
(bi-weekly 90-min): aerobic
exercise, muscle strength
training, postural balance
retraining, and dual-task
training

>150min of
moderate-intensity physical
activity per week

Computer-assisted EL
memory training;
Therapist-led EL memory
training group

Taichi (3 sessions a week)

Music: playing percussion
instruments at weekly 60-min
sessions

Music: Mozart's Sonata (KV
448) and Pachelbel’s Ganon,
listening with headphones for
30min daily in the morning
and before sleep

Music: 1-1.5h music therapy,
3 times a weeks
Acupuncture: 30min twice a
week (at an interval of 2-4
days)

Acupuncture: 30min, 3 times
weekly

Acupuncture: Acupuncture
and Moxibustion (30min
each, 6 times weekly)
Acupuncture: Acupuncture
(30min, 3 times weekly)

Nimodipine 30mg, 3 times a
day

Comparison  Treatment

Placebo

Placebo

Placebo

Placebo

Donepezil
(5-10mg)

Placebo

Placebo
Placebo

Placebo

Placebo

Placebo

Placebo

Placebo

Placebo
Placebo
Placebo

Placebo

Placebo

Placebo

Placebo:
attention
control group
Control: health
education
classes

Placebo

Placebo

Placebo

Donepezil:
5-10mg
Nimodipine
30mg, 3 times
aday

Placebo

Chinese
medicine:
once aday

duration

8w

24w

24m

24m

12w

26w

1y

6m

18m

36m

26w

4y

52w

12m
12w
12w

6m

18w

3m

20w

40w

6m

3m

6m

28w

8w

8w

12w

Events

1. Diarrhea (donepezil: 16.4%; placebo:

3.4%)

2. Muscle spasms (donepezit 18.3%;

placebo: 1.8%)
3. Insomnia (donepezi: 8.2%;
placebo: 4.4%).

1. Diarrhea (donepezil: 27%; placebo:

10%)
2. Abnormal dreams (donepezi 23

placebo: 4%), 3. insomnia (donepezi:

119%; placebo 5%).
1. Nausea (GAL: 29%; PAL: 10%)
2. Diarrhea (GAL: 15%; PAL: 9%)
3. Insomnia (GAL: 10%; PAL: 7%)
1. Nausea (GAL: 29%; PAL: 10%)
2. Diarrhea (GAL: 15%; PAL: 9%)
3. Insomnia (GAL: 10%; PAL: 7%)

1. Nausea (RIV: 41.8%; DON: 10.7%)

2. Vomiting (RIV: 23.6%; DON: 7.1%)

3. Headache (RIV: 18.2%; DON: 7.1%)

1. Nausea (RIV: 48.0%; PLA: 14.0%)
2. Vomiting (RIV: 80.0%; PLA: 6.3%)
3. Anorexia (RIV: 18.6%; PLA: 2.4%)

Not mentioned

Not mentioned

1. Depression (VB: 27.9%; PAL: 17.8%)

2. Restlessness (VB: 12.1%; PAL:
8:3%) 3. Hyperhidrosis (VB: 9.6%;
PAL: 4.1%)

1. Diarrhea (VE: 10.2%; placebo: 6.6%)
.1%; placebo: 1.9%)
3. Nausea (VE: 1.2%; placebo: 1.9%).

2 Insomnia (VE:

1. Muscle pain (multivitamin: 11.19%;
PAL: 6.8%)

2. Insomnia (multvitamin: 8.9%;
PAL: 9.1%)

3. Delirium (multvitamin: 8.9
PAL: 2.3%)

Not mentioned

Upper respiratory tract infection,
diarthea, constipation, urinary tract

infection, and increased blood glucose

Not mentioned

CM: stomachache (2) PLA: urinary tract

infection (2)
Not mentioned

Not mentioned

1. Cardiovascular problems (EXE:
6.3%; PLA: 1.9%)

2. Stroke or transient ischemic attack

(EXE: 2.1%; PLA: 1.9%)
Not mentioned

Not mentioned

No injuries reportect

Not mentioned

Not mentioned

Not mentioned

Not mentioned

Not mentioned

Acu: feinting during acupuncture
treatment 10 Drug: gastrointestinal
reaction 9

Not mentioned

Outcomes

Primary: MMSE;
Secondary: modified ADAS-cog

Modified ADAS-cog

Modified ADAS-cog;
ADCS-ADL

Modified ADAS-cog;
ADCS-ADL

Primary: MMSE
Secondary: ADAS-cog

Primary: MMSE;
Secondary: ADAS-cog

MMSE
MMSE

Primary: MMSE;
Secondary: ADAS-cog

Primary: MMSE
Secondary: ADAS-cog

Primary: MMSE
Secondary: ADAS-cog

Primary: MMSE
Secondary: ADAS-0og
Primary: MMSE
Secondary: ADAS-cog
MMSE

Primary: MMSE
Secondary: ADAS-cog
Primary: MMSE
Secondary: ADAS-cog

Primary: MMSE
Secondary: ADAS-cog

ADAS-cog

MMSE

MMSE

MMSE

MMSE

MMSE

ADAS-cog

ADAS-cog

MMSE

MMSE

MMSE

*Containing: iron ferrous 60mg, nicotinamide 10mg, calcium carbonate 250 mg, riboflavin 2mg, thizmine mononitrate 3mg, calcium pantothenate 1mg, ascorbic acid 100 g, iodine 100 g, copper 150 ug, vitamin B12 3 g, vitamin
A 4,000 1U, and vitemin D3 400 IU.
ACU, acupuncture; ChEls, cholinesterase inhibitors; CM, Chinese medicine; Con, control: d, days; m, months; NIM, nimodipine; PLC, placebo; w, weeks; y, years.
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Eye-tracking variables Non-progressor Control group Non-progressor MCI group Progressor group p-value

n Mean (SD) n Mean (SD) n Mean (SD)
Novelty preference, in percentages (SD) 57 0.60(0.08) 17 0.58(0.08) 9 0.60(0.10) 0.885
P-value 0.903 0.655° 0.687¢

8Non-Progressor Control vs. progressor, ®Non-Progressor Control vs. non-progressor MCI, €non-progressor MCI vs. progressor. SD, standard deviation.
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Eye-tracking variables Baseline Two-weeks follow-up Statistic* p-value
Long repeated task
HC (1 = 39) 0.65 (0.02) 065 (0.02) T=-011 0915
MCl(n=8) 0.62(0.02) 063 (0.09) T-1.38 0217
Short repeated task
HC (1= 30) 0.61(0.06) 062 (0.07) T=-160 0123
MCl (= 10) 0.55 (0.05) 056 (0.06) T=-074 0479

HC, healthy control: MCI, mild cognitive impairment; SD, standard deviation. Data are expressed as mean + SD, *p < 0.05.
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Variables

Total fibers
Baseline
Week 49
D.ARC.FA
Baseline
Week 49
N.ARC.FA
Baseline
Week 49
D.PHC.FA
Baseline
Week 49
N.PHC.FA
Baseline
Week 49
D.IFOFFA
Baseline
Week 49
N.IFOF.FA
Baseline
Week 49
D.UNC.FA
Baseline
Week 49
N.UNC.FA
Baseline
Week 49
D.ARC.ADC
Baseline
Week 49
N.ARC.ADC
Baseline
Week 49
D.PHC.ADC
Baseline
Week 49
N.PHC.ADC
Baseline
Week 49
D.IFORADC
Baseline
Week 49
N.IFOF.ADC
Baseline
Week 49
D.UNC.ADC
Baseline
Week 49
N.UNC.ADC
Baseline
Week 49

EAHE group (n = 20)

Value

43523 + 8327.67
40085.21 £ 9124.5

0.45 4+ 0.03
0.45 4+ 0.03

0.45 4+ 0.03
0.46 4+ 0.02

0.39 +0.02
0.4 £0.02

0.38 +0.03
0.4+ 0.03

0.47 £0.02
0.47 £0.02

0.46 4+ 0.03
0.46 4+ 0.03

0.41 £0.03
0.4 £0.04

0.4 £0.03
0.4 £0.03

103.63 £ 6.59
104.29 + 8.84

103.44 £ 8.65
103.85 £ 11.09

1256.51 £+ 9.66
12312 £ 7.68

126.43 £ 8.8
120.39 £ 3.74

116.76 £ 7.87
118.02 £ 7.72

11771 £ 7.16
118.08 £ 7.23

117.06 £+ 3.93
119.57 £ 7.68

117.82 £ 5.57
117.68 £ 5.89

Intragroup p-value

0.001*
0.421

0.1_44
0.609
0.266
0.879
0.276
0.463
0.421
0.711
0.372
0.03*
0.05

0.36

0.744
0.469

0.307

Placebo group (n = 21)

Value

41463.43 + 8868.05
38512.2 £ 11643.18

0.43 £0.03
0.43 £0.04

0.45 +£0.03
0.46 +£0.03

0.4 £0.03
0.4 £0.03

0.36 £0.1
0.38 £0.03

0.44 +0.03
0.44 £+ 0.05

0.43 £0.03
0.43 £0.04

0.4 £0.03
0.4 £ 0.04

0.4 +£0.03
0.4 +£0.03

106.18 £ 7.52
109.02 £ 10.63

106.66 + 8.8
106.56 £+ 10.44

127.98 £ 12.156
123.82 £ 7.82

116.56 £ 32.15
12443 £7.6

121.66 £ 7.97
121.82 £9.75

122.23+£9.8
120.33 £ 8.19

119.19 £ 8.82
119.06 £ 5.96

119.48 £ 8.72
120.05 £ 7.61

Intragroup p-value

0.008*
0.205

0.4_69
0.756
0.861
0.513
0.095
0.828
0.962
0.033*
0.365
0.446
0.6
0.748
0.171
0.741

0.276

Intergroup p-value

0.44
0.715

0.05
0.148

0.86
0.704

0.797
0.272

0.024*
0.014*

0.011*
0.006*

0.704
0.483

0.955
0.493

0.233
0.105

0.101
0.112

0.32
0.8

0.406
0.097

0.17
0.226

0.239
0.405

0.579
0.849

0.933
0.511

Values are given as mean + SD. D = dominant; N = Non-dominant; ARC = arcuate fasciculus; PHC = parahippocampal cingulum; IFOF = inferior fronto-occipital fasciculus;
UNC = uncinate fasciculus; FA = Fractional Anisotropy; ADC = apparent diffusion coefficient. *p < 0.05.
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Eye-tracking variables Control group MCl group Statistic* p-value
n Mean (SD) n Mean (SD)
Baseline
Long task 85 066 (0.09) a8 062 (0.08) F=334 0013
Short task 73 056 (0.07) 5 057 (0.05) F=037 0829
2-week follow-up
Long task 51 066 (0.10) 23 063 (0.08) F=121 0316
Short task 56 061 (0.09) 21 054 (0.05) F=447 0.003

*F test is adjusted for age and years of formal education. LT, long task: ST, short task: SD, standard deviation. Data are expressed as mean + SD, *p < 0.05.
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Species (Sex,
experimental/
control group)

Weight

Male
sprague-dawley
rats(10/15)
Male
sprague-dawley
rats (+-)

240-260g

300-860g

Male
sprague-dawley
rats(12/12)

180-200;

Male G57BL/6
mice (10/10)

~25g

Male
sprague-dawley
rats(12/12)

180-200g

Male
sprague-dawley
rats /=)

180-200g

Male C57BL/6
mice (12/12)

~25g

Male C57BL/6 -
mice (15/15)

Male ICR mice
/=)

26-28g

Male C57BL/6
frice (/=)

18-24g

Male C57BL/6
rrice (/=)

20-28g

Male C57BL/6 -
mice (/=)

Male C57BL/6 -
rrice (/=)

Male ICR mice
/=)

26-289

Male
sprague-dawley
rats(12/12)

180-200g

Male KM mice
©/8)

18-229

Male
sprague-dawley
rats /=)

300-3509

Male
Sprague-Dawley
rats(12/12)

Male C57BL/6
mice (6/6)

Male
Sprague-Dawley
rats(10/10)

200 20g

25-30g

240-260g

Modeling
approach

Rotenone

MPP

6-OHDA

MPTP

6-OHDA

6-OHDA

MPTP

MPTP

6-OHDA

MPTP

MPTP.

Rotenone

Rotenone

6-OHDA

6-OHDA

Oxotremorine

Acrolein

Rotenone

MPTP

Rotenone

Anesthetic

Chiloral
hydrate

3% sodium
pentobarbital
(45 mg/kg
ip)

3% sodium
pentobarbital
(60 mg/kg
ip)

3% sodium
pentobarbital
(50 mg/kg
ip)

halothan

Ethyl ether

Equithesin
(0.6 mg/ml,
5mbkg, ip.)

Sodium
pentobarbital
(45 mgrkg
ip)
Chloralose
(300 mg/kg,
ip)

Chioral
hydrate (450
mg/kg)

Chioral
hydrate (300
mg/kg)

Treatment Control

group group

Baicalein (100, -

200, 400 mg/kg

p.o.)

Baicalein (10 10% DMSO in

and30mgkg)  saline

Baicalein (200 Saline ig.

mg/kg; ig.)

Baicalein (200 Saline ig.

mg/kg; i.g.)

Baicalein (200 Distilled water

mgrkgig) ig.

Baicalein (200 -

mg/kg; i.g.)

Baicalein (140,  Saline ig.

280, 560 mg/kg

ig)

Baicalein (140 Saline ig.

and 280 mg/kg

ig)

Baicalein (25 and 5% DMSO

50 mg/kg, i.p)

Baicalein (10 Saline i.p.

mo/kg, i.p.)

Baicalein (1and ~ PBS

10mgkgip)  containing 5%
ethanol and
2% Tween 20
ip.

Baicalein (100

mg/kg; i.p.)

Baicalein (100

mg/kg; ip)

Baicalein (25and 5% DMSO

50 mg/kg, i.p)

Baicalein (100, Salineig.

200 and 400

mo/kg ig);

Baicalein (120, Saline ig.

240, 480 mg/kg

ig)

Baicalein (30 10% DMSO in

mg/kg) saline

Baicalein (200 Saline s.c.

mg/kg s.c)

Baicalein (10 Saline

mo/kg i.p.)

Baicalein (100, -

200, 400 mg/kg

p.o)

Outcome measure

Spontaneous motor activity test
Rotarod test

T

DA

TH

IL-1p

ED-1

a-Caspase 1

Cathepsin B
Apomorphine-induced rotation
test

Tremor test

-Burst frequency

-Burst amplitude

TH

GFAP

Spontaneous motor activity test
Pole test

DA

DOPAC

5-HT

5-HIAA

TH

GFAP

sob

GSH-Px

MDA

Spontaneous motor activity test
Apomorphine-induced rotation
test

Tremor test

-Burst frequency

-Burst amplitude

DA

DOPAC

TH

Spontaneous motor activity test
Rotarod test
Apomorphine-induced rotation
test

“Tremor test-burst frequency
DA

DOPAC

5-TH

5-HIAA

GABA

GLU

E

TH

GFAP

Spontaneous motor activity test
Rotarod test

DA

DOPAC

TH

sob

GSH-Px

MDA

Pole test

Rotarod test

Rotarod test
DA

DOPAC

ol

MDA
Rotarod test
NF-a

IL-1p
Rotarod test
icl

Rotarod test
Grid test

DA

DOPAC

TH

Rotarod test
Grid test
DA

Apomorphine-induced
rotation test

DA

DOPAC

MDA

TH

Tremor test
-Burst frequency
-Burst amplitude
DA

GABA

GLU

DA
DOPAC

E

GSH-Px
MDA

ED-1
a-Caspase 1
Cathepsin B
DA

IL-1p

GFAP

T

GFAP
TNF-a
IL-1g

Intergroup
differences

P <005
P <005
P <001
P <005
P <005
P <005
P <005
P <005
P <005
P>0.05

P <001
P <001
P <005
P <001
P <005
P <005
P <001
P>0.05
P <005
P>005
P <005
P <001
P <005
P <005
P <005
P <005
P <001

P <005
P <001
P <005
P>005
P <0.05
P <005
P <005
P <001

P <0.001
P>005
P <005
P>0.05
P>005
P>005
P>0.05
P>0.05
P <005
P <005
P <005
P <005
P <005
P>0.05
P <005
P <005
P <005
P <005
P <0.001
P <001

P <005
P <005
P <005
P <005
P <005
P <005
P <005
P <005

P <001
P <001

P <001
P <001
P <001
P <001
P <005
P <001
P <001
P <001

P <005

P <005
P <005
P <005
P <005

P <001
P <0.001
P> 005
P <005
P <005

P <001
P <001
P> 005
P> 005
P> 005
P <005
P <005
P <005
P <005
P <005
P <005

P <001

P> 005

P <001
P <005
P> 005
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Control group Mcl group Statistics p-value

(n =170) (n =80)

Clinical demographic data

Mean (SD) age RS 73.0 4.4 T=-84 0.00*

Means (SD) years of education 12.8 (3.1) 11.8 (3.5) T=24 0.04*

Gender (female/male) 131/49 62/18 0.42+
Global Cognitive scales

Means (SD) C-MoCA score 25.8 (2.5) 209 3.2) T=121 0.00*

Means (SD) NTB score 218.4(27.5) 184.8(34.5) = 0.00*
Specific Cognitive tests—executive function

Verbal fluency—vegetable 145 (3.4) 12.9 (3.8) T=33 0.0

Verbal fluency—word 9.2 (35) 7126 T=55 0.00*
Specific Cognitive tests—Verbal Memory

Delay recall 1.2 29 80 (3.8 0.00*

Short-term memory 10.3 2.4) 8122 0.00*
Specific Cognitive tests—Visual spatial function 4.5 (0.8) 35(12) 0.00*
Specific Cognitive tests—attention 57 (0.5 5.1(0.9) 0.00°

MCI, mild cognitive impaimnent; MoCA, Montreal Cogritive Assessment; SD, standard deviation. Data are expressed as mean & SD. *p < 0.05.
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Model

Toxin-induced

Genetic

Propagation

Type

Rotenone

MPTP

6-OHDA

Paraquat

aS overexpressing
aS-A53T transgenic
Pink1

MitoPark

aS PFF

Motor phenotype

v
v

v
v
Not consistent
v
v

Non-motor phenotype

<

AN N N N RN

v

Animal

Mouse, rat
Mouse, primate
Rat
Mouse
Mouse
Mouse
Mouse
Mouse
Mouse

aS/Lewy pathology

Yes
No
No
Yes
Yes
Yes
No
No
Yes

aS, a Synuclein; MPTR, 1-methyl-4-phenyi-1,2,3,6-tetrahydropyridine, 6-OHDA, 6-hydroxydopamine, PFF, recombinant aS preformed fibrils.
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