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Editorial on the Research Topic
 Progress of Translational Medicine in Alzheimer's Disease




INTRODUCTION

More than 50 million individuals worldwide suffer from dementia with ~60–70% affected by Alzheimer's disease (AD). As a progressive and neurodegenerative disorder and the leading cause of dementia in the elderly, AD lacks effective treatments to modify or stop disease progression. Over the past years, studies have identified new molecular mechanisms and modifiable risk factors of AD. Accumulating data suggest that advancing the understanding of AD mechanisms and risk factors may allow the development of targeted interventions to potentially prevent or cure the disease. There are an increasing number of preclinical studies focusing on mechanism-driven therapies, which need to be further characterized before introducing into clinical trials to determine their efficacy.

Here, the Research Topic “Progress of Translational Medicine in Alzheimer's Disease” in Frontiers in Aging Neuroscience includes a series of 13 articles that discuss recent advances in the field of translational studies in AD and highlight current challenges and outstanding questions requiring further study in order to advance research in this domain. These articles are discussed based on two main specific themes, noted below.



THEME 1: STUDIES THAT CLARIFY MOLECULAR ETIOLOGY OF AD

Emerging evidence has shown that exosome-derived biomarkers are potentially related to early occurrence and development of AD, which requires a consolidated analysis. Xing et al. have completed a meta-analysis, combing through discoveries which describe the diagnostic values of exosome-derived biomarkers in AD and MCI (Mild Cognitive Impairment). The meta-analysis includes 19 eligible studies involving 3,742 subjects and supports the potential diagnostic value of exosome-derived biomarkers in AD and MCI, and lays a foundation for future research to further confirm this finding.

Over the past decade, numerous genome-wide association studies (GWAS) have identified significant genes associated with increased risk of AD, for which a systemic review to identify potential molecular mechanisms was overdue. In a review article, Vogrinc et al. summarize more than 100 AD risk loci, with many of them potentially serving as biomarkers of AD progression, even in the preclinical stage of the disease. Furthermore, the analysis of GWAS data has led to identification of key pathways underlying AD pathogenesis, including cellular and metabolic processes, biological regulation, localization, transport, regulation of cellular activities, and neurological system processes. Thus, gene clustering into molecular pathways may help identify novel molecular targets and support the development of more tailored and personalized intervention of AD.

Next, Homann et al. conduct an analysis of GWAS on AD brain imaging biomarkers and neuropsychological phenotypes using the European Medical Information Framework for Alzheimer's Disease Multimodal Biomarker Discovery Dataset (EMIF-AD MBD). Their results highlight the power of using quantitative end phenotypes as outcome traits in AD-related GWAS analyses and nominates new loci underlying cognitive decline.

Although plasma biomarkers for the diagnosis and stratification of AD have been intensively analyzed, no plasma markers have so far been well-established and confirmed for AD diagnosis. To this end, Shi et al. investigate plasma proteomic biomarkers associated with AD through a meta-analysis. The study assesses the diagnostic performance of their own group's previously identified blood biomarkers, and identifies proteins significantly associated with AD, including alpha-2-macroglobulin (A2M), ficolin-2 (FCN2) and fibrinogen gamma chain (FGG).

Presently, another challenging barrier to understanding AD and related dementias is availbility of suitable artificial intelligence (AI) methodologies for analyzing massive AD datasets. In a comprehensive review, Logan et al. explore convolutional neural networks (CNN), a class of deep learning algorithms, for classifying multi-modal neuroimaging data such as magnetic resonance imaging (MRI) and positron emission tomography (PET). These networks may successfully enable early detection of AD and provide insight into AD classification using 3D architectures for multi-modal PET/MRI data.

Recently, increasing evidence has suggested the involvement of gut microbiota dysbiosis in association with AD. In a through review, Wu et al. summarize recent findings involving altered gut microbiota of patients with AD, and discuss pathogenetic mechanisms of gut microbiota in AD, suggesting gut microbiota–targeted therapies for AD.

Despite the long-standing and established findings supporting insoluble protein deposition as pathological hallmarks of AD and other neurodegenerative disorders, studying the reverse process of aggregate disassembly and degradation has only recently gained momentum, following reports of enzymes with distinct aggregate-disassembly activities. A timely review by Mee Hayes et al. discusses recent progress and potential mechanisms for targeting aggregates with proteasomes and disaggregases in liquid droplets.

Furthermore, Stonebarger et al. present an article challenging a major obstacle in understanding the etiology of normative and pathological aged brains in AD—the availability of suitable animal models. This article highlights our current knowledge in the area and examines the use of the rhesus macaque monkey as a pragmatic translational animal model to progress future research in this area.

The issues surrounding the large number of poorly understood underlying functional mechanisms is a major stumbling block in AD research today. Morgan et al. have performed text-mining and generated an exhaustive, systematic assessment of the breadth and diversity of biological pathways within a corpus of 206,324 dementia publication abstracts. The results of this research may be applicable to the context of the broader AD literature corpus.

Finally, Blevins et al. present a review article looking into the AD-related NLRP3 inflammasome, a multiprotein complex that plays a common and pivotal role in regulating innate immunity and inflammation underlying human pathophysiology.



THEME 2: STUDIES THAT ADDRESS POTENTIAL THERAPIES FOR AD

The first article that addresses potential therapies for AD is a study by Zhong et al. focusing on D-penicillamine (D-Pen), a water-soluble metal chelator that can reduce Aβ aggregation. The authors report that D-Pen significantly improves the cognitive functions of APP/PS1 mice and reduces Aβ generation with an associated increase in ADAM10 via the non-amyloidogenic processing pathway.

Next, Ma et al. present the results of their study describing the effects and molecular mechanisms of cornel iridoid glycoside (CIG), an active ingredient of the traditional Chinese herb Cornus officinalis, in pathological tau P301S transgenic mice. The data support CIG as a promising molecule for potentially treating AD-related tauopathy.

Because type 2 diabetes (T2D) is a major contributor to the development of AD and AD patients with co-occurrence of T2D are regularly observed in the clinical arena, Carranza-Naval et al. analyze liraglutide (LRGT), a glucagon-like peptide-1 agonist, for its effects on reducing pathological changes in the brain of a mixed murine model of AD and T2D (APP/PS1 x db/db mice). These results support the potential for LRGT therapy to reduce AD-associated brain complications.

In closing, we would like to thank all the contributing authors and reviewers for their valuable expertise and effort toward successfully compiling this series of research focusing on translational medicine for AD. We realize that although these selected articles cover a good number of studies reporting up to date research findings, future studies will be necessary to better understand the “elephant in the room:” the etiology of AD, which is our primary goal in developing this Research Topic. We sincerely hope that this Research Topic of articles will provide a useful point of reference and stimulate future studies committed to ultimately understanding the complex pathogenesis of AD and advancing the development of useful therapeutics for AD.
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Background: Alzheimer's disease (AD) diagnoses once depended on neuropathologic examination. Now, many widely used, validated biomarkers benefits for monitoring of AD neuropathologic changes. Exosome-derived biomarker studies have reported them to be significantly related to AD's early occurrence and development, although the findings are inconclusive. The aim of this meta-analysis was to identify exosome-derived biomarkers for the diagnosis of AD and mild cognitive impairment (MCI).

Methods: PubMed, PubMed Central, Web of Science, Embase, Google Scholar, Cochrane Library, the Chinese National Knowledge Infrastructure (CNKI), and the Chinese Biomedical Literature Database (CBM) were searched for studies assessing the diagnostic value of biomarkers, including data describing the pooled sensitivity (SEN), specificity (SPE), positive diagnostic likelihood ratio (DLR+), negative diagnostic likelihood ratio (DLR–), diagnostic odds ratio (DOR), and area under the curve (AUC). The quality of the included studies was assessed using RevMan 5.3 software. Publication bias was analyzed.

Results: In total, 19 eligible studies, including 3,742 patients, were selected for this meta-analysis. The SEN, SPE, DLR+, DLR–, DOR, and AUC (95% confidence intervals) of exosome-derived biomarkers in the diagnosis of AD or MCI were 0.83 (0.76–0.87), 0.82 (0.77–0.86), 4.53 (3.46–5.93), 0.21 (0.15–0.29), 17.27 (11.41–26.14), and 0.89 (0.86–0.92), respectively. Sub-group analyses revealed that studies based on serum or microRNA (miRNA) analysis, and those of Caucasian populations, AD patients, patient sample size >50, neuron-derived exosomes (NDE) from plasma and p-tau had higher sensitivity, specificity, and AUC values.

Conclusion: Exosome-derived biomarkers have shown potential diagnostic value in AD and MCI, although further research is required for confirmation.

Keywords: Alzheimer's disease, mild cognitive impairment, exosomes, diagnosis, meta-analysis


INTRODUCTION

Alzheimer's disease (AD), an age-associated neurodegenerative disorder, currently afflicts over 35.6 million individuals worldwide (Wortmann, 2012), while its prevalence continues to increase over time. The mortality rate of AD increased by 146.2% from 2000 to 2018, whereas deaths from human immunodeficiency virus (HIV) and heart disease decreased (Alzheimer's Association, 2020). Mild cognitive impairment (MCI), another type of neurodegenerative disorder, occurs in the stage between normal neurodegenerative aging and the development of AD, and such patients are more likely to develop dementia (Petersen et al., 2018). Some investigators have reported that about 45% of MCI patients remained in stable condition over time, whereas 28% developed AD and 15% recovered their cognitive function (Hu et al., 2017). It is generally understood that progressive neurodegeneration and the accumulation of amyloid β (Aβ) peptide and neurofibrillary tangles of tau proteins in the brain are the key characteristics of dementia (Rapoport et al., 2002). Changes in biomarkers involved in AD and MCI are closely related to the pathological mechanisms driving these conditions.

Abnormal change in the accumulation of Aβ peptides are currently used to identify the conversion from MCI to AD dementia and to distinguish AD patients from those with MCI or healthy individuals (Parnetti and Eusebi, 2018). A previous meta-analysis (Koychev et al., 2020) also showed that the levels of total tau (t-tau) and phosphorylated tau (p-tau) proteins in the cerebrospinal fluid (CSF) could significantly distinguish AD patients from healthy individuals. However, the discordances between positron emission tomography (PET) imaging and CSF biomarkers (CSF Aβ 42 vs. amyloid PET) had been described (Vos et al., 2016). Similarly, CSF t-tau just only reflected the intensity of dementia at a specific point, whereas elevated CSF p-tau represented an abnormal pathologic state depended by paired helical filament (PHF) tau formation (Blennow and Hampel, 2003). Moreover, Clifford R indicated that none of the biomarkers are as sensitive as direct examination of tissue at autopsy (Jack et al., 2018). In addition, widespread detection of these biomarkers in CSF has been impeded due to the invasiveness of the technique. Subsequently, blood became a more desirable target for isolating biomarkers to diagnose AD as an easier and less invasive means of collecting samples. Some studies have investigated t-tau and p-tau protein levels in the plasma of AD patients, although the results of these studies were deemed to be controversial (Tapiola et al., 2009; Chiu et al., 2014). Moreover, one previous meta-analysis also showed that plasma levels of Aβ42 were not a useful potential biomarker for the diagnosis of AD based on the analysis of more than 5,000 records (Olsson et al., 2016). Notably, in humans, carriers in the extracellular space transport a vast array of proteins or ribonucleic acids (RNAs), which remain protected against degradation by free ribonucleases (RNases) present in the blood (Van Niel et al., 2018). Exosomes are small membrane-bound vesicles, with a diameter of 30–150 nm, that contain functional molecules [proteins, microRNAs (miRNAs), and long non-coding RNAs (lncRNAs))] and other cellular components. Exosomes play important and diverse roles in various diseases by acting as barrier-permeable cellular carriers (Tapiola et al., 2009; Malm et al., 2016; Barile and Vassalli, 2017; Pegtel and Gould, 2019). The most recently available isolation kit and centrifuge used for the isolation of exosomes from plasma or serum is currently capable of ensuring the accurate quantification of exosomes or neurodegeneration-related proteins in exosomes. And it has been reported that Aβ42, t-tau, p-T181-tau, miRNAs, and other proteins in exosomes could distinguish AD or MCI patients from healthy individuals (Agliardi et al., 2019; Cha et al., 2019; Jia et al., 2019).

Although there is a growing body of research on exosomes related to AD or MCI, and the potential diagnostic value of exosomes in AD or MCI has been evaluated, the small number of cases included in each study has limited the diagnostic value of using them as potential AD or MCI clinical biomarkers. Additionally, a limitation of the 2011 NIA-AA (the National Institute on Aging and Alzheimer's Association) recommendations was that biomarkers were included just two categories- amyloid and tau-related neurodegeneration (Jack et al., 2018). In order to systematically illustrate the diagnostic value of multiple exosomal biomarkers in AD or MCI, we aimed to systematically review the published literature and perform a meta-analysis. Related data were extracted from the included studies and parameters describing the diagnostic value, such as the sensitivity (SEN) and specificity (SPE) were calculated, followed by subgroup analyses and an assessment of publication bias.



METHODS

The present meta-analysis was performed according to the Preferred Reporting Items for Systematic Reviews and Meta-analysis (PRISMA) guidelines (Moher et al., 2009).


Search Strategy

Two investigators independently performed a literature search for articles in English or Chinese published before 31 September 2020 using databases that included PubMed, Web of Science, Google Scholar, Cochrane Library, the Chinese National Knowledge Infrastructure (CNKI), and the Chinese Biomedical Literature Database (CBM). The following key terms were used for the search: “Alzheimer's disease,” “mild cognitive impairment,” “exosomes,” “exosome,” “diagnosis,” “sensitivity,” “specificity,” and “ROC curve.” We also manually searched the relevant studies cited in the articles' references.



Inclusion and Exclusion Criteria

Two authors independently read the titles and abstracts of the studies identified in the search of the databases. Searched articles were included in this meta-analysis according to the following criteria: (1) the diagnosis of AD or MCI was clinically confirmed according to the National Institute of Neurological and Communicative Disorders and Stroke and the Alzheimer's Disease and Related Disorders Association (NINCDS-ADRDA) criteria (Dubois et al., 2007); (2) the study included patients with AD or MCI, with healthy individuals as a control group; (3) the study assessed biological markers (for example, miRNAs or proteins) contained in exosomes; (4) exosome-derived markers for the diagnosis of AD or MCI were evaluated; (5) the study provided sufficient data about the diagnostic 2 × 2 tables; (6) the study was published in Chinese or English. Articles were excluded if they met any of the following criteria: (1) case reports or review articles; (2) duplicate articles; (3) articles not related to the assessment of diagnostic value; and (4) articles not related to exosomes.



Data Extraction and Quality Assessment

Two authors independently extracted the following data from each of the included studies: the first author, publication year, region from which the study population was derived, type of sample, the source, content, and isolation method of the exosomes, the number of case and control groups, and the true-positive (TP), false-positive (FP), true-negative (TN), and false-negative (FN) numbers. Any inconsistency was resolved by a third researcher.

The quality of the included studies was independently assessed by two of the authors using the Quality Assessment of Diagnostic Accuracy Studies 2 (QUADAS-2) tool (Whiting et al., 2011).



Statistical Analysis

Statistical analyses were performed using Stata 12.0 (Stata Corporation, College Station, TX, USA), RevMan 5.3 (https://community.cochrane.org/help/tools-and-software/revman-5). Diagnostic parameters, including the SEN, SPE, positive diagnostic likelihood ratio (DLR+), negative diagnostic likelihood ratio (DLR-), and diagnostic odds ratio (DOR) were calculated using a bivariate random effects regression model (Reitsma et al., 2005). The summary receiver operator characteristic (SROCs) curves were calculated, along with the pooled area under the curve (AUC) values with the corresponding 95% confidence intervals (CIs) (Hamza et al., 2009). Heterogeneity among the studies was evaluated using the Q test and based on the I2 statistic, with significant heterogeneity between studies defined as an I2 > 50% (Higgins et al., 2003). To further explore the heterogeneity, subgroup analysis and meta-regression were performed using Stata 12.0 software. Publication bias was assessed by generating a Deeks' funnel plot. Lastly, the post-test probability was evaluated by drawing Fagan's nomogram. P-values < 0.05 were considered to be indicative of statistically significant differences.




RESULTS


Characteristics of the Included Studies and Individuals

According to the search results, a total of 321 articles were retrieved from the databases, among which, 103 duplicated articles were removed. We then removed 178 articles that did not meet the inclusion criteria based on the abstracts. Based on the full-text versions of the articles, we removed another 21 articles that did not meet our inclusion and exclusion criteria either due to a lack of detailed data to allow the calculation of TP, FP, TN, or FN values or a lack of a healthy control group as a comparator. Finally, we retrieved 19 articles that met all the criteria (Fiandaca et al., 2015; Goetzl et al., 2015, 2016; Kapogiannis et al., 2015; Winston et al., 2016, 2018; Wei et al., 2018; Yang et al., 2018; Agliardi et al., 2019; Cha et al., 2019; Fotuhi and Khalaj-Kondori, 2019; Jia et al., 2019, 2020; Barbagallo et al., 2020; Gu et al., 2020; Nam and Lee, 2020; Perrotte et al., 2020; Wang et al., 2020; Zhao et al., 2020). The detailed study selection process is shown in the flow diagram (Figure 1).


[image: Figure 1]
FIGURE 1. Flowchart diagram of selecting studies process.


A summary of the characteristics of the 19 included studies is shown in Table 1; overall, the studies included 3,742 individuals (1,587 AD patients, 334 MCI patients, and 1,821 healthy individuals). The included studies were published from 2014 to 2020 and were conducted in Asia (Wei et al., 2018; Yang et al., 2018; Jia et al., 2019, 2020; Gu et al., 2020; Nam and Lee, 2020; Wang et al., 2020; Zhao et al., 2020), North America (Fiandaca et al., 2015; Goetzl et al., 2015, 2016; Kapogiannis et al., 2015; Winston et al., 2016, 2018; Perrotte et al., 2020) and Europe (Agliardi et al., 2019; Cha et al., 2019; Fotuhi and Khalaj-Kondori, 2019; Barbagallo et al., 2020). The exosome sources included plasma and serum samples. Enzyme-linked immunosorbent assays (ELISAs) were used to detect the expression of protein markers (e.g., t-tau protein and Aβ42 protein), and quantitative reverse transcription polymerase chain reaction (qRT-PCR) was used to detect the expression level of miRNAs (Wei et al., 2018; Yang et al., 2018; Cha et al., 2019; Barbagallo et al., 2020). The sample sizes of the included studies ranged from 12 to 100, and all AD or MCI patients were diagnosed based on Mini-Mental State Examination (MMSE) scores and clinical histopathologic examinations. The healthy control individuals had regular MMSE scores. Additionally, the publication languages were limited to English and Chinese.


Table 1. Characteristics of subjects and the included studies in this meta-analysis.

[image: Table 1]

The quality of all the included studies was assessed using the QUADAS-2 tool, most of which obtained high scores on the QUADAS-2 assessments. All are summarized in Table 1.



Diagnostic Performance

A random effects model was used to evaluate the pooled diagnostic effect. The pooled results for the SEN and SPE are shown in Figure 2. The pooled SEN of the 19 included studies was 0.83 (95% CI: 0.78–0.87, I2= 86.24%, P < 0.01) and the pooled SPE was 0.82 (95% CI: 0.77–0.86, I2= 84.96%, P < 0.01). The pooled results for the DLR+ and DLR- are shown in Figure 3. The pooled DLR+ and DLR- were 4.53 (95% CI: 3.46–5.93, I2 = 85.57%, P < 0.01; Figure 4) and 0.21 (95% CI: 0.15–0.29, I2 = 88.70%, P < 0.01; Figure 4), respectively. The DOR value was 17.27 (95% CI: 11.41–26.14, I2= 82.60%, P < 0.01; Figure 3), and the AUC was 0.89 (95% CI: 0.86–0.92; Figure 5A).
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FIGURE 2. Forest plot of sensitivity and specificity of exosome-drived biomarkers for the diagnosis of Alzheimer's disease (AD) and mild cognitive impairment (MCI).
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FIGURE 3. Forest plot of DLR + and DLR– of exosome-drived biomarkers for the diagnosis of Alzheimer's disease (AD) and mild cognitive impairment (MCI).
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FIGURE 4. Forest plot of DOR of exosome-drived biomarkers for the diagnosis of Alzheimer's disease (AD) and mild cognitive impairment (MCI).
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FIGURE 5. The SROC (A) Fagan's nomogram assessing (B) and forest plot of covariates' meta-regression (C) of exosome-drived biomarkers for the diagnosis of AD and MCI. A: AUC, area under the curve; SENS, sensitivity; SPEC, specificity; SROC, summary receiver operator characteristic; AD, Alzheimer's disease; MCI, mild cognitive impairment.


The above findings demonstrated that exosome-derived biomarkers had a high potential diagnostic value for AD or MCI. However, the Cochran's Q values for the SEN and SPE were 356.13 and 325.75, respectively, and the I2 values for the SEN and SPE were 86.24 and 84.96%, respectively, suggesting significant heterogeneity in the analysis. Additional analysis needed to be performed to explore the source(s) of this heterogeneity.



Meta-Regression and Subgroup Analysis

Meta-regression was performed to explore the source of the potential heterogeneity. The ethnicity (Caucasian or not), sample type (plasma or not), type of exosome content (miRNA or not), sample size (>50 or not), and type of dementia (AD or not) were used as covariates to conduct the meta-regression analysis. As shown in Figure 5C, the ethnicity, type of exosomal content, and sample size were likely to be the sources of the heterogeneity in the SEN, whereas ethnicity, sample type, type of exosomal content, and sample size all had P-values <0.05, <0.01, or <0.001, making them the likely sources of the heterogeneity seen in the SPE.

Next, the subgroup analysis was performed in the following characteristics: ethnicity, sample type, type of exosome content, sample size, exosome sources and type of exosome protein (Aβ42, t-tau, plasma p-tau). As shown in Table 2, exosomal markers had higher diagnostic ability in the Caucasian than the Asian population; for example, higher SEN (0.85 vs. 0.82) SPE (0.85 vs. 0.78), DLR+ (5.5 vs. 3.7), DOR (31 vs. 16), and AUC (0.91 vs. 0.87) values were observed in the Caucasian population. In the analysis of the exosome source (sample type), exosomes isolated from serum exhibited high SEN (0.86), SPE (0.89), DOR (48), and AUC (0.94) values. For the subgroup based on exosome contents, we found significant differences between the protein and miRNA groups; for example, the SPE (0.85 vs. 0.81), DLR+ (5.4 vs. 4.3), and DOR (25 vs. 21) values were higher in the miRNA subgroup compared to the protein subgroup, which may indicate that exosome-derived miRNAs could be used to more efficiently discriminate between AD or MCI patients and healthy individuals. Moreover, the differences in exosomal markers were also assessed between the AD and MCI patients based on data extracted from 19 studies. That comparison showed that the SEN (0.87 vs. 0.73), SPE (0.85 vs. 0.71), DLR+ (5.9 vs. 2.6), DOR (37 vs. 7), and AUC (0.92 vs. 0.78) values of AD patients were all higher than those of individuals with MCI. Compared to studies with a sample size <50, studies with sample sizes of 50 or higher exhibited higher SEN values (0.81 vs. 0.76), but a lower SPE (0.83 vs. 0.80) in dementia patients. In addition, compared with plasma total exosome group, NDE isolated from plasma obtained significant higher SEN (0.85 vs. 0.80), SPE (0.83 vs. 0.75), DLR+ (5.0 vs. 3.2), AUC (0.90 vs. 0.85). Lastly, the diagnostic value of Aβ42, t-tau and p-tau was also evaluated, and p-tau exhibited the optimal diagnostic value with higher AUC (0.91), SEN (0.85), SPE (0.85), and DOR (31), and following with Aβ42 (SEN: 0.86, SPE: 0.78, AUC: 0.88) and t-tau (SEN: 0.78, SPE: 0.75, AUC: 0.83).


Table 2. Results of subgroup analysis in diagnostic meta-analysis.
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Clinical Diagnostic Value of Exosome-Derived Biomarkers in AD and MCI

To evaluate the diagnostic value of exosome-derived markers in AD and MCI, a Fagan nomogram was constructed. As shown in Figure 5B, when there was low suspicion of AD or MCI (20%), the post-test probability for a positive test was 53%. The LR- was 0.21, which decreased the post-test probability to 5% for a negative test.



Publication bias

An analysis of publication bias was also performed. Deeks' funnel plot asymmetry test showed that there was no publication bias (Supplementary Figure 1).




DISCUSSION

Numerous studies have confirmed that exosome-derived proteins, lncRNAs or miRNAs can be stably detected in body fluids (He et al., 2018). These molecules have been considered as novel biomarkers for the diagnosis of neurodegenerative diseases, including AD (Dong et al., 2020); however, the potential diagnostic value of quantifying exosome-derived biomarkers for AD or MCI has not previously been confirmed through a systematic analysis. Thus, this meta-analysis was performed to elucidate the diagnostic value of exosome-derived biomarkers in AD or MCI. Nineteen eligible studies were included in the present meta-analysis. The results indicated that exosome-derived biomarkers might serve as valuable cognitive biomarkers for AD or MCI diagnoses.

Overall, the pooled diagnostic SEN, SPE, and AUC were determined to be 0.83, 0.82, and 0.89, respectively. Exosome-derived markers exhibited a performance for distinguishing AD and MCI patients in Caucasian populations than in Asian populations, given an AUC of 0.91 vs. an AUC of 0.87, respectively. In serum samples, exosome-derived markers had a higher diagnostic value for AD and MCI diagnoses compared with exosome-derived markers in plasma, with a higher AUC of 0.94. Hence, exosome-derived markers isolated from serum might be a more accurate and non-invasive detection method. In addition, exosome-derived markers seemed to distinguish AD from healthy individuals with more power than they could distinguish MCI patients from healthy individuals (AUCs of 0.92 vs. 0.78, respectively). Aβ and tau protein, which could be packaged inside exosomes, aggregated in the brain, and then transported into CSF and blood (Gu et al., 2020). So we compared the diagnostic value between plasma total exosomes and NDE-drived from plasma. Sure enough, NDE-drived from plasma presented more potential diagnosis than plasma total exosomes. Interestingly, although Aβ and tau protein had been guided as the gold standard for diagnosis AD, p-tau showed the best potential diagnosis value for AD in this meta-analysis, which was worth to be confirmed in the further large scale studies.

As cellular membranes (diameter: 30–100 nm) secreted by certain cell-types, exosomes can be isolated from bodily fluids. Neurodegenerative disease-associated proteins or miRNAs, such as Aβ1-42, tau, p-tau, and miRNA-22 are secreted in exosomes during their formation (Jia et al., 2019; Barbagallo et al., 2020). Interestingly, exosomes may readily penetrate the blood-brain barrier (BBB) and spread throughout the brain via synaptic delivery (Andjus et al., 2020) as a result of their small size and cell membrane-like structure. Previous studies have also shown that intravenously injected exosomes can move across the BBB and transfer biological molecules into neurons (Alvarez-Erviti et al., 2011). Moreover, exosomes can more easily carry Aβ peptides and tau proteins into the blood across the BBB under pathological conditions, in addition to growth-associated protein 43 (GAP43), synaptosomal-associated protein 25 (SNAP25), neurogranin, synaptotagmin-1, miR-135a, miR-193b, and miR-384. A previous study also reported that Aβ42, T-tau, and P-T181-tau derived from exosomes in the blood could accurately diagnose AD and predict its occurrence up to ten years before its clinical onset; these findings were also confirmed via detection in CSF (Jia et al., 2019).

However, there was an important limitation in this meta-analysis. The protein biomarkers detection method in included studies was only by ELISA method. During the detection, adequate protection from heterophilic antibodies and other blood molecules that might interfere in the measurement, which couldn't ensure analytical sensitivity and specificity (Zetterberg and Blennow, 2020). But, ultrasensitive assays, for example Simoa (single molecule array) and LC-MS method, could reduce the risk of molecular interference and avoid the combination with heterophilic antibodies in the sample diluent, which had obtained a reliable quantification. Neurofilament light (NfL), one neurodegeneration biomarker, was firstly quantified using Simoa assay technology. And later, plasma Aβ40, Aβ42 were detected by the same method (Zetterberg and Bendlin, 2021). And Karikari also developed a very sensitive and specific p-tau181 assay for plasma and serum samples by using a sandwich immunoassay format on Simoa (Karikari et al., 2020). Although there were no included studies to detect AD biomarkers by using Simoa assay, fortunately, NDE biomarkers of phosphorylated tau and insulin receptor substrate 1 were validated with Simoa assay in cognitively normal participants who developed AD (Kapogiannis et al., 2019).

Some other limitations should also be considered in this comprehensive and systematic meta-analysis. Firstly, further studies with larger populations are needed to confirm these results. Secondly, the samples in the included studies were tested at different time points, which could be problematic, as miRNAs in the blood could have been altered in cases of prolonged storage times. Thirdly, the results of some included studies had not been verified by the additional assessment of biomarkers in the CSF, which could have led to some of the measurements being inaccurate. Lastly, the levels of some proteins, such as p-s396-tau, were relatively low. The ELISA-based method used for protein quantification may contribute to a low SEN and SPE, which also limits the interpretability of this meta-analysis.

In conclusion, we found that exosome-derived biomarkers had high diagnostic value for AD and MCI. The sample type, type of exosomal content, and sample size all impacted the biomarkers' diagnostic value in AD and MCI. However, the present results could not distinguish between different stages of AD and MCI based solely on biomarker expression levels. Further studies are needed to confirm the relationship between biomarker expression levels and the different stages of AD and MCI. In the future, it will be possible to construct a detailed system based on exosome-derived biomarkers for the diagnosis of AD and MCI that could lead to earlier detection and intervention.



DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



AUTHOR CONTRIBUTIONS

WX and WG performed the literature review, conducted data analysis, and manuscript preparation. XL and ZZ performed the literature review and manuscript preparation. WG and XX helped in the literature review and data analysis. ZB, GM, and JY conducted literature review, designed the study, and performed data analysis and manuscript preparation. All authors contributed to the article and approved the submitted version.



FUNDING

This study was supported by the National Natural Science Foundation of China [31702144 and 81771520] and the key Laboratory of Neuropsychiatric Drug Research of Zhejiang Province [2019E10021], the Natural Science Foundation of Zhejiang Province [LQ20H250001, LGF21H250002], funds from the Health Bureau of Zhejiang Province [2019RC091, 2020ZB009], and Zhejiang Province Basic public welfare research project (GN21D060001).



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnagi.2021.637218/full#supplementary-material



REFERENCES

 Agliardi, C., Guerini, F. R., Zanzottera, M., Bianchi, A., Nemni, R., and Clerici, M. (2019). SNAP-25 in serum is carried by exosomes of neuronal origin and is a potential biomarker of Alzheimer's disease. Mol. Neurobiol. 56, 5792–5798. doi: 10.1007/s12035-019-1501-x

 Alvarez-Erviti, L., Seow, Y., Yin, H., Betts, C., Lakhal, S., and Wood, M. J. (2011). Delivery of siRNA to the mouse brain by systemic injection of targeted exosomes. Nat. Biotechnol. 29, 341–345. doi: 10.1038/nbt.1807

 Alzheimer's Association (2020). 2020 Alzheimer's disease facts and figures. Alzheimers Dement. 2, 459–509. doi: 10.1016/j.jalz.2016.03.001

 Andjus, P., Kosanović, M., Milićević, K., Gautam, M., Vainio, S. J., Jagečić, D., et al. (2020). Extracellular vesicles as innovative tool for diagnosis, regeneration and protection against neurological damage. Int. J. Mol. Sci. 21:6859. doi: 10.3390/ijms21186859

 Barbagallo, C., Mostile, G., Baglieri, G., Giunta, F., Luca, A., Raciti, L., et al. (2020). Specific signatures of serum miRNAs as potential biomarkers to discriminate clinically similar neurodegenerative and vascular-related diseases. Cell. Mol. Neurobiol. 40, 531–546. doi: 10.1007/s10571-019-00751-y

 Barile, L., and Vassalli, G. (2017). Exosomes: therapy delivery tools and biomarkers of diseases. Pharmacol. Ther. 174, 63–78. doi: 10.1016/j.pharmthera.2017.02.020

 Blennow, K., and Hampel, H. (2003). CSF markers for incipient Alzheimer's disease. Lancet Neurol. 2, 605–613. doi: 10.1016/S1474-4422(03)00530-1

 Cha, D. J., Mengel, D., Mustapic, M., Liu, W., Selkoe, D. J., Kapogiannis, D., et al. (2019). miR-212 and miR-132 are downregulated in neurally derived plasma exosomes of Alzheimer's patients. Front. Neurosci. 13:1208. doi: 10.3389/fnins.2019.01208

 Chiu, M. J., Chen, Y. F., Chen, T. F., Yang, S. Y., Yang, F. P., Tseng, T. W., et al. (2014). Plasma tau as a window to the brain-negative associations with brain volume and memory function in mild cognitive impairment and early Alzheimer's disease. Hum. Brain Mapp. 35, 3132–3142. doi: 10.1002/hbm.22390

 Dong, X., Zheng, D., and Nao, J. (2020). Circulating exosome microRNAs as diagnostic biomarkers of dementia. Front. Aging Neurosci. 12:580199. doi: 10.3389/fnagi.2020.580199

 Dubois, B., Feldman, H. H., Jacova, C., Dekosky, S. T., Barberger-Gateau, P., Cummings, J., et al. (2007). Research criteria for the diagnosis of Alzheimer's disease: revising the NINCDS-ADRDA criteria. Lancet Neurol. 6, 734–746. doi: 10.1016/S1474-4422(07)70178-3

 Fiandaca, M. S., Kapogiannis, D., Mapstone, M., Boxer, A., Eitan, E., Schwartz, J. B., et al. (2015). Identification of preclinical Alzheimer's disease by a profile of pathogenic proteins in neurally derived blood exosomes: a case-control study. Alzheimers Dement. 11, 600–607.e601. doi: 10.1016/j.jalz.2014.06.008

 Fotuhi, S. N., and Khalaj-Kondori, M. (2019). Long non-coding RNA BACE1-AS may serve as an Alzheimer's disease blood-based biomarker. Int. J. Mol. Sci. 69, 351–359. doi: 10.1007/s12031-019-01364-2

 Goetzl, E. J., Boxer, A., Schwartz, J. B., Abner, E. L., Petersen, R. C., Miller, B. L., et al. (2015). Low neural exosomal levels of cellular survival factors in Alzheimer's disease. Ann. Clin. Transl. Neurol. 2, 769–773. doi: 10.1002/acn3.211

 Goetzl, E. J., Kapogiannis, D., Schwartz, J. B., Lobach, I. V., Goetzl, L., Abner, E. L., et al. (2016). Decreased synaptic proteins in neuronal exosomes of frontotemporal dementia and Alzheimer's disease. FASEB J. 30, 4141–4148. doi: 10.1096/fj.201600816R


 Gu, D., Liu, F., Meng, M., Zhang, L., Gordon, M. L., Wang, Y., et al. (2020). Elevated matrix metalloproteinase-9 levels in neuronal extracellular vesicles in Alzheimer's disease. Ann. Clin. Transl. Neurol. 7, 1681–1691. doi: 10.1002/acn3.51155

 Hamza, T. H., Arends, L. R., Van Houwelingen, H. C., and Stijnen, T. (2009). Multivariate random effects meta-analysis of diagnostic tests with multiple thresholds. BMC Med. Res. Methodol. 9:73. doi: 10.1186/1471-2288-9-73

 He, C., Zheng, S., Luo, Y., and Wang, B. (2018). Exosome Theranostics: biology and translational medicine. Theranostics 8, 237–255. doi: 10.7150/thno.21945

 Higgins, J. P., Thompson, S. G., Deeks, J. J., and Altman, D. G. (2003). Measuring inconsistency in meta-analyses. BMJ 327, 557–560. doi: 10.1136/bmj.327.7414.557

 Hu, C., Yu, D., Sun, X., Zhang, M., Wang, L., and Qin, H. (2017). The prevalence and progression of mild cognitive impairment among clinic and community populations: a systematic review and meta-analysis. Int. Psychogeriatr. 29, 1595–1608. doi: 10.1017/S1041610217000473

 Jack, C. R. Jr., Bennett, D. A., Blennow, K., Carrillo, M. C., Dunn, B., Haeberlein, S. B., et al. (2018). NIA-AA research framework: toward a biological definition of Alzheimer's disease. Alzheimers Dement. 14, 535–562. doi: 10.1016/j.jalz.2018.02.018

 Jia, L., Qiu, Q., Zhang, H., Chu, L., Du, Y., Zhang, J., et al. (2019). Concordance between the assessment of Aβ42, T-tau, and P-T181-tau in peripheral blood neuronal-derived exosomes and cerebrospinal fluid. Alzheimers Dement. 15, 1071–1080. doi: 10.1016/j.jalz.2019.05.002

 Jia, L., Zhu, M., Kong, C., Pang, Y., Zhang, H., Qiu, Q., et al. (2020). Blood neuro-exosomal synaptic proteins predict Alzheimer's disease at the asymptomatic stage. Alzheimers Dement. 17, 49–60. doi: 10.1002/alz.12166

 Kapogiannis, D., Boxer, A., Schwartz, J. B., Abner, E. L., Biragyn, A., Masharani, U., et al. (2015). Dysfunctionally phosphorylated type 1 insulin receptor substrate in neural-derived blood exosomes of preclinical Alzheimer's disease. FASEB J. 29, 589–596. doi: 10.1096/fj.14-262048

 Kapogiannis, D., Mustapic, M., Shardell, M. D., Berkowitz, S. T., Diehl, T. C., Spangler, R. D., et al. (2019). Association of extracellular vesicle biomarkers with Alzheimer disease in the baltimore longitudinal study of aging. JAMA Neurol. 76, 1340–1351. doi: 10.1001/jamaneurol.2019.2462

 Karikari, T. K., Pascoal, T. A., Ashton, N. J., Janelidze, S., Benedet, A. L., Rodriguez, J. L., et al. (2020). Blood phosphorylated tau 181 as a biomarker for Alzheimer's disease: a diagnostic performance and prediction modelling study using data from four prospective cohorts. Lancet. Neurol. 19, 422–433. doi: 10.1016/S1474-4422(20)30071-5

 Koychev, I., Jansen, K., Dette, A., Shi, L., and Holling, H. (2020). Blood-based ATN biomarkers of Alzheimer's disease: a meta-analysis. J. Alzheimers Dis. 79, 177–195. doi: 10.3233/JAD-200900

 Malm, T., Loppi, S., and Kanninen, K. M. (2016). Exosomes in Alzheimer's disease. Neurochem. Int. 97, 193–199. doi: 10.1016/j.neuint.2016.04.011


 Moher, D., Liberati, A., Tetzlaff, J., and Altman, D. G. (2009). Preferred reporting items for systematic reviews and meta-analyses: the PRISMA statement. PLoS Med. 6:e1000097. doi: 10.1371/journal.pmed.1000097

 Nam, E., and Lee, Y. B. (2020). Serum tau proteins as potential biomarkers for the assessment of Alzheimer's disease Progression 21:5007. doi: 10.3390/ijms21145007

 Olsson, B., Lautner, R., Andreasson, U., Öhrfelt, A., Portelius, E., Bjerke, M., et al. (2016). CSF and blood biomarkers for the diagnosis of Alzheimer's disease: a systematic review and meta-analysis. Lancet Neurol. 15, 673–684. doi: 10.1016/S1474-4422(16)00070-3

 Parnetti, L., and Eusebi, P. (2018). Cerebrospinal fluid biomarkers in Alzheimer's disease: an invaluable tool for clinical diagnosis and trial enrichment. J. Alzheimers Dis. 64, S281–s287. doi: 10.3233/JAD-179910

 Pegtel, D. M., and Gould, S. J. (2019). Exosomes. Annu. Rev. Biochem. 88, 487–514. doi: 10.1146/annurev-biochem-013118-111902

 Perrotte, M., Haddad, M., Le Page, A., Frost, E. H., Fulöp, T., and Ramassamy, C. (2020). Profile of pathogenic proteins in total circulating extracellular vesicles in mild cognitive impairment and during the progression of Alzheimer's disease. Neurobiol. Aging 86, 102–111. doi: 10.1016/j.neurobiolaging.2019.10.010

 Petersen, R. C., Lopez, O., Armstrong, M. J., Getchius, T. S. D., Ganguli, M., Gloss, D., et al. (2018). Practice guideline update summary: mild cognitive impairment: report of the guideline development, dissemination, and implementation subcommittee of the American Academy of Neurology. Neurology 90, 126–135. doi: 10.1212/WNL.0000000000004826

 Rapoport, M., Dawson, H. N., Binder, L. I., Vitek, M. P., and Ferreira, A. (2002). Tau is essential to beta -amyloid-induced neurotoxicity. Proc. Natl. Acad. Sci. U.S.A. 99, 6364–6369. doi: 10.1073/pnas.092136199

 Reitsma, J. B., Glas, A. S., Rutjes, A. W., Scholten, R. J., Bossuyt, P. M., and Zwinderman, A. H. (2005). Bivariate analysis of sensitivity and specificity produces informative summary measures in diagnostic reviews. J. Clin. Epidemiol. 58, 982–990. doi: 10.1016/j.jclinepi.2005.02.022

 Tapiola, T., Alafuzoff, I., Herukka, S. K., Parkkinen, L., Hartikainen, P., Soininen, H., et al. (2009). Cerebrospinal fluid {beta}-amyloid 42 and tau proteins as biomarkers of Alzheimer-type pathologic changes in the brain. Arch. Neurol. 66, 382–389. doi: 10.1001/archneurol.2008.596

 Van Niel, G., D'angelo, G., and Raposo, G. (2018). Shedding light on the cell biology of extracellular vesicles. Nat. Rev. Mol. Cell Biol. 19, 213–228. doi: 10.1038/nrm.2017.125

 Vos, S. J. B., Gordon, B. A., Su, Y., Visser, P. J., Holtzman, D. M., Morris, J. C., et al. (2016). NIA-AA staging of preclinical Alzheimer disease: discordance and concordance of CSF and imaging biomarkers. Neurobiol. Aging 44, 1–8. doi: 10.1016/j.neurobiolaging.2016.03.025

 Wang, D., Wang, P., Bian, X., Xu, S., Zhou, Q., Zhang, Y., et al. (2020). Elevated plasma levels of exosomal BACE1-AS combined with the volume and thickness of the right entorhinal cortex may serve as a biomarker for the detection of Alzheimer's disease. Mol. Med. Rep. 22, 227–238. doi: 10.3892/mmr.2020.11118

 Wei, H., Xu, Y., Xu, W., Zhou, Q., Chen, Q., Yang, M., et al. (2018). Serum exosomal miR-223 serves as a potential diagnostic and prognostic biomarker for dementia. Neuroscience 379, 167–176. doi: 10.1016/j.neuroscience.2018.03.016

 Whiting, P. F., Rutjes, A. W., Westwood, M. E., Mallett, S., Deeks, J. J., Reitsma, J. B., et al. (2011). QUADAS-2: a revised tool for the quality assessment of diagnostic accuracy studies. Ann. Intern. Med. 155, 529–536. doi: 10.7326/0003-4819-155-8-201110180-00009

 Winston, C. N., Goetzl, E. J., Akers, J. C., Carter, B. S., Rockenstein, E. M., Galasko, D., et al. (2016). Prediction of conversion from mild cognitive impairment to dementia with neuronally derived blood exosome protein profile. Ann. Clin. Transl. Neurol. 3, 63–72. doi: 10.1016/j.dadm.2016.04.001

 Winston, C. N., Goetzl, E. J., Baker, L. D., Vitiello, M. V., and Rissman, R. A. (2018). Growth hormone-releasing hormone modulation of neuronal exosome biomarkers in mild cognitive impairment. J. Alzheimers Dis. 66, 971–981. doi: 10.3233/JAD-180302

 Wortmann, M. (2012). Dementia: a global health priority—highlights from an ADI and World Health Organization report. Alzheimers Res. Ther. 4:40. doi: 10.1186/alzrt143

 Yang, T. T., Liu, C. G., Gao, S. C., Zhang, Y., and Wang, P. C. (2018). The serum exosome derived MicroRNA-135a,−193b, and−384 were potential Alzheimer's disease biomarkers. Biomed. Environ. Sci. 31, 87–96. doi: 10.3967/bes2018.011

 Zetterberg, H., and Bendlin, B. B. (2021). Biomarkers for Alzheimer's disease-preparing for a new era of disease-modifying therapies. Mol. Psychiatry 26, 296–308. doi: 10.1038/s41380-020-0721-9

 Zetterberg, H., and Blennow, K. (2020). Blood biomarkers: democratizing Alzheimer's diagnostics. Neuron 106, 881–883. doi: 10.1016/j.neuron.2020.06.004

 Zhao, A., Li, Y., Yan, Y., Qiu, Y., Li, B., Xu, W., et al. (2020). Increased prediction value of biomarker combinations for the conversion of mild cognitive impairment to Alzheimer's dementia. Transl. Neurodegener. 9:30. doi: 10.1186/s40035-020-00210-5

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 © 2021 Xing, Gao, Lv, Xu, Zhang, Yan, Mao and Bu. 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.












	
	SYSTEMATIC REVIEW
published: 18 March 2021
doi: 10.3389/fnagi.2021.646901






[image: image2]

Genetic Variability in Molecular Pathways Implicated in Alzheimer's Disease: A Comprehensive Review

David Vogrinc, Katja Goričar and Vita Dolžan*

Pharmacogenetics Laboratory, Institute of Biochemistry and Molecular Genetics, Faculty of Medicine, University of Ljubljana, Ljubljana, Slovenia

Edited by:
Can Martin Zhang, Massachusetts General Hospital and Harvard Medical School, United States

Reviewed by:
Murali Vijayan, Texas Tech University Health Sciences Center, United States
 Liu Shi, University of Oxford, United Kingdom
 Dafin F. Muresanu, Iuliu Haţieganu University of Medicine and Pharmacy, Romania

*Correspondence: Vita Dolžan, vita.dolzan@mf.uni-lj.si

Received: 28 December 2020
 Accepted: 16 February 2021
 Published: 18 March 2021

Citation: Vogrinc D, Goričar K and Dolžan V (2021) Genetic Variability in Molecular Pathways Implicated in Alzheimer's Disease: A Comprehensive Review. Front. Aging Neurosci. 13:646901. doi: 10.3389/fnagi.2021.646901



Alzheimer's disease (AD) is a complex neurodegenerative disease, affecting a significant part of the population. The majority of AD cases occur in the elderly with a typical age of onset of the disease above 65 years. AD presents a major burden for the healthcare system and since population is rapidly aging, the burden of the disease will increase in the future. However, no effective drug treatment for a full-blown disease has been developed to date. The genetic background of AD is extensively studied; numerous genome-wide association studies (GWAS) identified significant genes associated with increased risk of AD development. This review summarizes more than 100 risk loci. Many of them may serve as biomarkers of AD progression, even in the preclinical stage of the disease. Furthermore, we used GWAS data to identify key pathways of AD pathogenesis: cellular processes, metabolic processes, biological regulation, localization, transport, regulation of cellular processes, and neurological system processes. Gene clustering into molecular pathways can provide background for identification of novel molecular targets and may support the development of tailored and personalized treatment of AD.
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INTRODUCTION

Alzheimer's disease (AD) is a progressive neurodegenerative disorder, affecting the cerebral cortex and hippocampus in human brain (Masters et al., 2015). The mechanisms of disease pathogenesis are still not entirely elucidated (Kocahan and Doğan, 2017). The accumulation of amyloid-β (Aβ) in form of insoluble plaques and aggregation of protein tau in neuronal neurofibrillary tangles (NFT) are considered as two important hallmarks of AD (Masters et al., 2015).

AD is the most common neurodegenerative brain disease and a significant part of worldwide population is affected. AD, as the leading cause of dementia, contributes to 60–65% of all cognitive decline cases (Rizzi et al., 2014). Reports suggest that roughly 47 million people suffered from dementia in 2015 (Prince, 2015). The mean incidence of AD is estimated to 1–3%, with a prevalence of 10–30% in population above 65 years of age (Kawas et al., 2000; 2020 Alzheimer's disease facts figures, 2020). As population is aging, the prevalence will increase, making dementia one of the most important health issues in the future. Projections suggest that more than 13 million people will suffer from AD in the United States alone and 11.8% of all people globally will be affected by the 2050 (Brookmeyer et al., 2007; Hebert et al., 2013).

A small proportion of AD cases show familial, highly inheritable form of AD, contributing to <1% of AD. Early age of onset is associated with this type of AD, that is also known as dominant inherited Alzheimer's disease (Masters et al., 2015). Furthermore, mutations in three common genes—amyloid precursor protein (APP), presenilin-1 (PSEN1), and presenilin-2 (PSEN2) are associated with early-onset AD (EOAD), developing in fourth or fifth decade of life (Mayeux and Stern, 2012; Naj and Schellenberg, 2017). However, not all EOAD cases can be explained with these mutations. Late-onset AD (LOAD) cases comprise the vast majority of all AD patients (>90%), with the typical age of onset above 65 years (Bekris et al., 2010). Complex genetic and environmental interactions have been associated with risk for sporadic LOAD (Miyashita et al., 2013; Masters et al., 2015). Studies suggest LOAD is not as strongly linked to familial background as EOAD, but genetic factors can contribute importantly to AD risk even late in life (Pedersen et al., 2004; Gatz et al., 2005). Contrary to EOAD, there are no highly penetrant mutations in a set of known genes; instead multiple low penetrance genetic variants can confer risk for LOAD (Naj and Schellenberg, 2017).

Although AD generally manifests in older population, first changes in biomarkers levels, such as Aβ42 and phosphorylated tau (ptau181) can be observed already 15–20 years prior to the onset of the clinical symptoms (Blennow et al., 2010; Efthymiou and Goate, 2017). Furthermore, functional and molecular imaging of brain with single-photon emission computed tomography and positron emission tomography (PET) provides valuable early information about the underlying pathological processes such as glucose metabolism, accumulation of tau and Aβ or neuroinflammation (Valotassiou et al., 2018). Biomarkers are usually used to inform and support the diagnostic of the disease when cognitive decline has already become apparent (Efthymiou and Goate, 2017). Using biomarkers for improved diagnostic in non-demented individuals could contribute to better understanding of neurodegenerative changes late in life and support development and implementation of novel therapeutic approaches.

Some asymptomatic changes that precede typical AD cognitive symptoms can be observed in patients before the clinical diagnosis. For instance, increased biomarkers levels in adults without symptoms of cognitive impairment are typical for preclinical AD, whereas the earliest symptomatic stage when cognitive symptoms are present, but not reaching the threshold for AD dementia diagnosis, is known as prodromal AD (Dubois et al., 2016). Another clinical stage associated with AD is mild cognitive impairment (MCI). MCI is a clinical stage of progressive cognitive impairment exceeding the expected cognitive decline for age and education status (Petersen et al., 1999; Lee et al., 2017). Since around 50% of MCI patients develop AD in 5 years from diagnosis, MCI is often considered as an intermediate stage between normal aging and AD (Petersen et al., 1999). Adults with diagnosed MCI show milder cognitive decline and higher degree of independence in functional status than patients with AD (Langa and Levine, 2014). There are several studies trying to detect or predict the conversion from MCI to AD (Davatzikos et al., 2011; Sun et al., 2017; Hojjati et al., 2018). Since therapeutic interventions are more efficient during the MCI or in early stage of AD, sensitive and reliable methods for identification of cognitive decline should be used in clinical practice (Olazaran et al., 2004; Cummings et al., 2007; Buschert et al., 2011).

Common genetic polymorphisms in genes that encode proteins involved in different biological pathways implicated in the pathogenesis of LOAD could influence its development and progression. This review summarizes the latest knowledge on genetics and genomics of AD susceptibility, compiled by GWASs and their meta-analyses. In addition we have performed gene clustering of the genomic loci and molecular pathways in development and progression of MCI and AD with the aim of facilitating identification of novel biomarkers or treatment targets.



METHODS

A literature search was performed in NHGRI-EBI platform “GWAS catalog,” aiming to systematically gather vast dataset of genome-wide studies and meta-analysis of complex diseases (Buniello et al., 2019). A total of 96 GWAS and meta-analyses were included in the database until the end of December 2019. For each loci, identified by GWAS, a PubMed literature search was performed with the help of the following words: “Alzheimer's disease and gene name” or “Alzheimer's disease and polymorphisms and gene name.” Novel references, assessing the risk for the disease on the genome-wide level, were included in the review. Applied exclusion criteria were expression studies, studies not implementing case-control design, studies overlapping with other diseases and studies performed on a defined set of genes—not genome-wide design (Supplementary Figure 1). In total, GWAS (n = 54) and meta-analyses combining multiple GWAS dataset (n = 21) in AD risk evaluation were included (Supplementary Tables 1, 2). Nine studies combined GWAS and meta-analysis approach in identifying AD risk loci. Studies evaluating the association of GWAS and meta-analysis dataset with disease biomarkers (n = 16) were analyzed separately (Figure 1). Multiple studies (n = 13) combined identified genotype alterations in GWAS and meta-analyses with changes in AD-related biomarkers (Figure 1). A total of 105 AD risk loci were identified with additional 30 loci related to biomarker oscillations.
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FIGURE 1. Flowchart of the study design and GO analysis. Literature search of GWAS and meta-analyses was performed in “GWAS catalog,” to obtain a list of AD-related genes. All of the studies were manually reviewed and some further literature search of identified gene loci was performed in PubMed. One hundred and five AD risk loci and 30 loci related to biomarker oscillations were used for GO enrichment analysis in two separate gene sets. Genes that were not enriched in performed GO analysis, were manually annotated to corresponding categories.


For the obtained gene loci, Gene Ontology (GO) enrichment analysis was performed, using Cytoscape plug-in ClueGO (Figure 1). This tool enables to find statistically overrepresented GO pathways in a set of genes and their visual representation in a functional network (Bindea et al., 2009). We focused on GO—biological process only. Analysis for AD risk and biomarker set of genes was performed separately (Supplementary Tables 3–6). Next, list of GO overrepresented pathways was visualized with NaviGO analytic tool, to find common GO parental pathways (Wei et al., 2017). Terms were manually curated with QuickGO web browser (Binns et al., 2009). Genes that did not reach significant threshold in GO analysis, were manually annotated in one of the identified categories, using DAVID functional annotation tool (Figure 1) (Huang et al., 2009).



GENES AND MOLECULAR PATHWAYS IMPLICATED IN MCI AND AD RISK

In our dataset of genes related to AD risk, we observed significant enrichment for four major GO biological process categories: cellular process, metabolic process, biological regulation, and localization (Figure 2).
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FIGURE 2. Visualization of GO analysis in AD risk gene set. Genes associated with AD risk were stratified according to GO – biological process. They are clustered in four parental categories and represented with specific color of the node. Biological processes that can be assigned to multiple parental categories, are represented with multiple color-pie chart.



Metabolic Processes

Since accumulation of insoluble proteins like Aβ is one of the hallmarks in neuropathology of AD, different metabolic processes are involved in their processing. Aβ is proteolytic product of APP cleavage by enzymes of the γ- and β-secretase (BACE) family that includes PS1 and PS2 (Masters et al., 2015). Studies of inherited form of EOAD suggest that mutations in APP, PSEN1, and PSEN2 genes result in overproduction of the hydrophobic Aβ40 and Aβ42 peptides, leading to aggregation and formation of insoluble plaques (Golde et al., 2000; Pimplikar, 2009; Masters et al., 2015). Normally, Aβ plaques are being degraded and cleared in processes driven by glial cells (Ries and Sastre, 2016). Insufficient clearance, due to the excessive aggregation of plaques, can affect surrounding synapses (Masters et al., 2015).

Several lines of evidence support the genetic basis of amyloid cascade hypothesis. Firstly, known mutations in APP, PSEN1, and PSEN2 genes associated with familial AD or EOAD affect the generation or aggregation propensity of Aβ (Heppner et al., 2015). Secondly, the APP gene is located on 21th chromosome and patients with Down's syndrome (the trisomy of the 21 chromosome) have increased risk for early development of memory impairment (García-Alba et al., 2019). Thirdly, apolipoprotein E (APOE) E4 allele (APOE4), which is associated with more extensive Aβ deposition is considered a major risk factor for LOAD (Amemori et al., 2015). It is estimated that 40–65% of AD patients have at least one copy of this allele (Namba and Ikeda, 1991; Olgiati et al., 2011). However, no successful therapies targeting amyloid accumulation have been implemented to date, suggesting the importance of other pathways that are also disrupted in AD (Efthymiou and Goate, 2017).

Genes and key SNPs included in metabolic processes, associated with AD risk in GWAS and meta-analyses, are summarized in Table 1.


Table 1. Genes in metabolic processes influencing AD risk.
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Among all AD-related genetic risk factors, APOE on chromosome 19 is considered the strongest one and is also the most investigated in the literature. Two common APOE polymorphisms, rs429358 (p.Cys112Arg) and rs7412 (p.Arg158Cys) define polymorphic alleles APOE2, APOE3, and APOE4 that encode three respective protein variants: apoE2 (Cys112, Cys158), apoE3 (Cys112, Arg158), and apoE4 (Arg112, Arg158) (Zannis et al., 1982). Substitution of one or two amino acids affects the total charge and structure of APOE, leading to alteration in binding to cellular receptors and lipoprotein particles and possibly changing the stability and rate of production and clearance (Masters et al., 2015). Among all populations, APOE3 allele is the most frequent (50–90%), followed by APOE4 (5–35%) and APOE2 allele (1–5%) (Mahley and Rall, 2000). The association of APOE4 with increased AD risk and an earlier age of onset of AD was confirmed (Corder et al., 1993; Saunders et al., 1993). One or two copies of the APOE4 allele increases LOAD risk for 3- or 12-fold and contribute to ~50% LOAD (Ashford, 2004; Williams et al., 2020). Although APOE4 allele is widely considered as a major genetic risk factor for AD, it is neither necessary nor sufficient for the development of the disease (Meyer et al., 1998). On the other hand, a protective effect of APOE2 was shown (Corder et al., 1994). GWAS studies confirmed APOE rs429358 was associated with increased AD risk, while rs7412 was associated with decreased AD risk (Bertram et al., 2008; Shen et al., 2010; Beecham et al., 2014; Davies et al., 2014). Furthermore, APOE rs429358 showed increased risk for AD, while a protective role of APOE rs405509 was reported (Harold et al., 2009; Kunkle et al., 2019). Role of APOE in catabolism of triglyceride-rich lipoproteins is well-studied (Masters et al., 2015). APOE regulates their metabolism through binding to ApoE receptors, directing the transport, delivery, and distribution of lipoproteins (Mahley, 1988; Mahley and Rall, 2000). Discovery of APOE immunoreactivity in Aβ deposits and NFT, hallmarks of AD pathology, was an important research milestone in AD (Namba and Ikeda, 1991).

Besides APOE, a lot of other LOAD susceptibility loci involved in different metabolic processes have been reported to date (Table 1). Several genes play an important role in APP and tau processing, vesicle mediated transport or endocytosis. Multiple single nucleotide polymorphisms within and near phosphatidylinositol binding clathrin assembly protein (PICALM) gene were associated with AD. PICALM rs3851179 was associated with decreased AD risk (Seshadri et al., 2010; Kunkle et al., 2019). PICALM rs561655 showed decreased risk for LOAD and was subsequently associated with earlier age-of-onset of the disease (Naj et al., 2011, 2014). International Genomics of Alzheimer's disease project (IGAP) demonstrated an increased risk of AD associated with PICALM rs10792832 (Lambert et al., 2013b). Another polymorphism, PICALM rs867611, was confirmed as AD-related (Jansen et al., 2019). PICALM is an accessory protein in the endocytic pathway. It binds to clathrin and its adaptor proteins. Clathrin-mediated endocytosis is necessary for γ-secretase to cleave APP and form β-amyloid (Tanzi, 2012). Rs117618017 near APH1B, aph-1 homolog B, gamma-secretase subunit, coding for anterior pharynx defective-1 protein, another crucial part of γ-secretase complex important in APP cleaving, was also associated with AD risk (Acx et al., 2017; Jansen et al., 2019). BIN1 (bridging integrator 1) rs744373 SNP was associated with risk for LOAD (Seshadri et al., 2010). Naj et al. confirmed association of BIN1 rs7561528 with LOAD, while IGAP showed positive association for rs6733839 (Naj et al., 2011; Lambert et al., 2013b). Moreover, BIN1 rs6733839 was also associated with increased AD risk (Kunkle et al., 2019). Another BIN1 AD-related polymorphism was rs4663105 (Broce et al., 2019). BIN1 is a widely expressed adaptor protein that is part of the Bin1/amphiphysin/RVS167 (BAR) family. BIN1 functions in clathrin-mediated endocytosis and endocytic recycling (Wigge et al., 1997). It is also known as a tumor suppressor gene (Rosenthal and Kamboh, 2014). ADAM10 rs593742 was identified as a novel AD risk locus (Marioni et al., 2018). The protective function was observed in additional study (Kunkle et al., 2019). ADAM10 rs442495 was also associated with AD (Jansen et al., 2019). ADAM10 is as a member of ADAM family involved in the cleavage of APP in thereby influencing deposition of amyloid beta (Suh et al., 2013). Recent evidence indicated primary α-secretase function of ADAM10 in mouse models (Postina et al., 2004; Jorissen et al., 2010; Kuhn et al., 2010).

Various AD risk genes were associated with lipid metabolism. APOC1 rs4420638 was a strongly associated risk factor for AD (Coon et al., 2007). This association was confirmed in other studies (Webster et al., 2010; De Jager et al., 2012). APOC1 is involved in lipoprotein metabolism, but is interfering with fatty acids and reducing their intracellular esterification (Westerterp et al., 2007). Two ABCA7 SNP were associated with risk for LOAD (Hollingworth et al., 2011). Rs3752246 is the only coding non-synonymous missense SNP that may alter the function of ABCA7 protein in AD, while rs3764650 minor allele confers increased risk (Hollingworth et al., 2011; Pahnke et al., 2014; Kunkle et al., 2019). Another SNP, ABCA7 rs4147929, was associated with increased LOAD risk (Lambert et al., 2013b). A strong association of ABCA7 rs115550680 with increased LOAD risk was shown (Reitz et al., 2013). Furthermore, ABCA7 rs111278892 was recently associated with AD (Jansen et al., 2019). ABCA7 encodes an ATP-binding cassette transporter A7, which belongs to the A subfamily of ABC transporters (Hollingworth et al., 2011; Steinberg et al., 2015). Other than its role in cholesterol metabolism, recent data from mouse models suggest its role in the regulation of phagocytosis (Steinberg et al., 2015). It modulates the phagocytosis of apoptotic cells by macrophages mediated through the complement component C1q and it also participates in macrophage uptake of Aβ (Hollingworth et al., 2011; Rosenthal and Kamboh, 2014). ABCA7 is highly expressed in hippocampal CA1 neurons and microglia (Hollingworth et al., 2011; Rosenthal and Kamboh, 2014). A reduction in ABCA7 expression or loss of function could increase amyloid production and may contribute to AD susceptibility (Satoh et al., 2015). SLC10A2 rs16961023 showed a protective association with LOAD (Mez et al., 2017). Na+/bile acid cotransporter, encoded by SLC10A2, is a mediator in initial bile acid adsorption and is important for cholesterol homeostasis (Love et al., 2001). OSBPL6 rs1347297 was associated with LOAD (Herold et al., 2016). OSBPL6 is coding for oxysterol binding protein-like-6 receptor (Assou et al., 2013). Oxysterols are oxidized form of cholesterol that are able to cross the blood-brain-barrier (Testa et al., 2018). This process prevents excessive cholesterol accumulation in brain and may have an important role in AD pathogenesis.

The communication between different regions of the cell is mediated through dynamic networks of signaling cascades (Horbinski and Chu, 2005). This process is driven by enzymes like signaling kinases that alter the expression, activity or localization of proteins through phosphorylation mechanisms (Lash and Cummings, 2010). SPPL2A rs59685680 was associated with AD (Marioni et al., 2018). Signal peptide SPPL2A is part of aspartic intramembrane proteases, which cleave type II transmembrane proteins (Zhang et al., 2017). Interaction with immune system components, such as TNF, were previously reported (Friedmann et al., 2006). Three polymorphisms in FRMD4A—rs7081208, rs2446581, rs17314229—were associated with increased AD risk (Lambert et al., 2013a). FRMD4A is involved in Par protein binding and regulates epithelial cell polarity through cytohesins (Ikenouchi and Umeda, 2010). Par-related signaling pathway plays a crucial role in neuronal polarization (Insolera et al., 2011). A protective VSNL1 rs4038131 association with AD and psychosis was reported (Hollingworth et al., 2012). Calcium modulated VSNL1 utilizes a calcium-myristoyl switch phosphorylation, translocating the VSNL1 to cell membrane for induction of numerous cell signaling pathways (Braunewell and Szanto, 2009).

Several genes were associated with mRNA processing and transcriptional regulation. Rs10838725 in CELF1 region was associated with increased risk for AD in IGAP (Lambert et al., 2013b). Association with both AD and obesity was shown for CELF1 rs10838725 (Hinney et al., 2014). CELF1, also called CUG-BP, is a member of a family of proteins involved in the regulation of pre-mRNA alternative splicing (Gallo and Spickett, 2010). CRY2 rs12805422 was associated with AD and fasting glucose (Zhu et al., 2019). Flavin adenine dinucleotide-binding protein, encoded by CRY2 gene is important transcriptional repressor of circadian clock (Kriebs et al., 2017).

Rs10519262 near ATP8B4 was proposed as novel risk locus in AD (Li et al., 2008b). Implicated in energy metabolism, ATP8B4 is part of P4-ATPase flippase complex, potentially involved in ATP biosynthesis and phospholipid transport (Gao et al., 2016). RAB20 rs56378310 was linked to MCI-AD conversion (Lee et al., 2017). RAB20 is a member of GTPase family, involved in apical endocytosis, that negatively regulates neurite outgrowth (Oguchi et al., 2018).

Among all AD risk loci, obtained from GWAS and meta-analyses that were not enriched in GO analysis, additional 18 were manually annotated to a corresponding metabolic process and are also summarized in Table 1. ADAMTS4 rs4575098 was associated with AD (Jansen et al., 2019). A primary α-secretase function in APP processing was shown for ADAMTS4, Zn2+ metalloprotease with proteoglycan cleavage activity (Apte, 2009; Walter et al., 2019). Recently, ECHDC3 rs11257238 was associated with AD (Jansen et al., 2019). ECHDC3 (enoyl-CoA hydratase domain-containing protein 3) is a mitochondrial protein, important in fatty acid biosynthesis and possible insulin sensing mediator (Sharma et al., 2019). BDH1 rs2484 showed genome-wide significant association with conversion of MCI to AD (Lee et al., 2017). BDH1 (3-hydroxybutyrate dehydrogenase 1) is important as the initiator of β-hydroxybutyrate catabolism (Wang et al., 2019a). BCKDK rs889555 was associated with decreased AD risk (Marioni et al., 2018). BCKDK is a kinase, phosphorylating the enzyme complex of branched amino acid metabolism (Cook et al., 1984; Zigler et al., 2016). PCK1 rs8192708 was identified as AD risk allele (Grupe et al., 2007). PCK1—phosphoenolpyruvate carboxykinase 1—is a key enzyme in gluconeogenesis (Xia et al., 2010). It catalyzes decarboxylation and phosphorylation of oxaloacetate to phosphoenolpyruvate. CRYL1 rs7989332 interaction with another gene (KHDRBS2) was associated with AD (Gusareva et al., 2014). Crystallin, lambda 1 protein (CRYL1) is more known as a structural protein in lens, however it is also involved in dehydrogenation of L-gulonate in the uronate cycle, alternative pathway to metabolism of glucose (Huang et al., 2017b). ATP5MC2 rs1800634 was associated with LOAD (Meda et al., 2012). A subunit of mitochondrial ATP synthase, important for synthesis of ATP, is encoded by ATP5MC2 (Chen et al., 2006).

ADARB2 rs10903488 was associated with LOAD in MCI conversion patients (Lee et al., 2017). ADARB2 encodes a member of the double-stranded RNA adenosine deaminase family, important RNA-editing enzymes (Gentilini et al., 2017). CELF2 rs201119 was associated with AD driven neurodegeneration in APOE4 homozygotes (Wijsman et al., 2011). Besides CELF1, another member of CELF family is CELF2, implicated in several post-transcriptional events (Gallo and Spickett, 2010). KHDRBS2 rs6455128 interaction with CRYL1 was associated with AD (Gusareva et al., 2014). KHDRBS2 is involved in RNA splicing (Malouf et al., 2014). Interaction of rs9749589 with APOE4 status suggested NFIC as a novel protective locus in AD susceptibility (Jun et al., 2017). Transcriptional regulator NFIC is a member of Nuclear Factor-I (NF-I) family (Gronostajski, 2000). KAT8 rs59735493 showed a genome-wide significant association with AD (Jansen et al., 2019). KAT8 is histone acetyltransferase, part of MSL complex involved in acetylation of nucleosomal histone H4 (Smith et al., 2006; Yuan et al., 2012). An AD protective function of GALNT7 rs62341097 was observed (Beecham et al., 2014). GALNT is a member of N-acetylgalactosaminyltransferases, known for oncogenic role in cancer development (Hussain et al., 2016). It is involved in mucin-type O-glycosylation, post-translational modification, that stimulates intensive proliferation and metastasis of neoplastic cells (Kudryavtseva et al., 2019). A genome-wide association with MCI to AD conversion was observed in rs3936289 in the STG6AL1 region (Lee et al., 2017). ST6GAL1 is also involved in protein glycosylation. Interactions with BACE1 were investigated and an effect on APP secretion was shown (Kitazume et al., 2001; Nakagawa et al., 2006). Through this mode of action, BACE1 is also directly linked to synaptic function (Das and Yan, 2017). FBXL7 rs75002042 was associated with decreased LOAD risk (Tosto et al., 2015). FBXL7 is one of the F-box proteins, important subunits of E3 ubiquitin protein ligases, enzymes involved in phosphorylation-dependent ubiquitination of proteins (Rodrigues-Campos and Thompson, 2014). SPSB1 rs11121365 was associated with AD (Lee et al., 2017). SPSB1 is another regulator of ubiquitination and proteasomal degradation of NO synthase, important in AD (Nishiya et al., 2011). ALPK2 rs76726049 was reported as novel AD risk locus (Jansen et al., 2019). Protein alpha-kinase 2, encoded by ALPK2 is a serine/threonine kinase, previously associated with leukemia progression (Smirnikhina et al., 2016). GLIS3 rs514716 protective function in AD was reported (Deming et al., 2017). Involved in gene transcription, GLIS3 is a component of Krüppel-like zinc finger transcriptional regulators (Calderari et al., 2018). Through Glis3-binding sites (G3BS), target gene transcription is regulated (Kim et al., 2003).



Cellular Processes

Genes from different levels of cellular process are also highly enriched in AD pathology. Comprehensive list of genes and key SNPs, involved in cellular processes, associated with AD risk in GWAS and their meta-analyses, are presented in Table 2.


Table 2. Genes in cellular processes influencing AD risk.
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Numerous SNPs in clusterin (CLU) were linked to AD. Rs11136000 was associated with decreased risk for AD (Harold et al., 2009; Lambert et al., 2009; Seshadri et al., 2010). Furthermore, CLU rs1532278 and rs9331896 were associated with decreased LOAD risk (Naj et al., 2011; Lambert et al., 2013b; Kunkle et al., 2019). Two other polymorphisms in CLU were associated with decreased (rs2279590) or increased (rs9331888) risk for AD (Lambert et al., 2009). Another novel SNP in this region, rs4236673, was also associated with AD risk (Jansen et al., 2019). CLU is a chaperone molecule that may be involved in membrane recycling and apoptosis. It interacts with soluble form of Aβ, forming complexes that cross the blood-brain barrier (Olgiati et al., 2011). It is one of the primary chaperones for removal of Aβ from the brain (Rosenthal and Kamboh, 2014). Association of PTK2B rs28834970 with increased AD risk was observed in IGAP (Lambert et al., 2013b). In another study, the same effect was observed for PTK2B rs73223431 (Kunkle et al., 2019). PTK2B is protein-tyrosine kinase, involved in multiple cellular processes. Importance of mouse homolog in Aβ signaling and therefore a potential risk for AD was proposed (Salazar et al., 2019). CLDN18 rs16847609 was associated with increased AD risk (Jun et al., 2016). Although not expressed in nervous tissue, claudins are protein components of epithelial and endothelial tight junctions of multiple tissues, regulating cell permeability and maintaining polarity (Luo et al., 2018). Two SNPs in TP53INP1 (rs4734295, rs6982393) were associated with AD and type 2 diabetes (T2D), indicating potential shared molecular pathways between the diseases (Wang et al., 2017). TP53INP1 encodes a protein, involved in apoptosis and regulating cellular-extracellular matrix adhesion and cell migration (Seux et al., 2011). Mez et al. reported COBL rs112404845 as a novel protective locus for AD (Mez et al., 2017). COBL, a recently discovered protein, plays a role in cellular morphogenesis by regulating cytoskeletal dynamics (Ahuja et al., 2007; Hou et al., 2015). In neurons, COBL-induced actin nucleation plays a crucial role in neuritogenesis and dendritic branching (Ahuja et al., 2007).

SLC9A7 rs1883255 was associated with LOAD (Meda et al., 2012). SLC9A7 encodes for (Na+, K+)/proton (H+) exchanger in the Golgi, important in maintenance of homeostasis (Numata and Orlowski, 2001). Polymorphism rs8070572 in MINK1 region showed higher risk for AD (Broce et al., 2019). MINK1 encodes a serine-threonine kinase, involved in different cell processes, including dendrite development (Yu et al., 2020). A novel significant association with both AD and T2D in PLEKHA1 rs2421016 was observed (Wang et al., 2017). Pleckstrin homology domain-containing family A member 1 protein is another mediator in cellular signaling, encoded by PLEKHA1 (Huang and Xiang, 2018). In MS4A region, MS4A2 rs7933202 was associated with AD (Kunkle et al., 2019). MS4A (membrane spanning 4A) cluster encodes a family of cell surface proteins that participate in the regulation of calcium signaling (Hollingworth et al., 2011; Ma et al., 2015). Their function in neurodegeneration and AD has been discussed lately (LaFerla, 2002; Marambaud et al., 2009; Hermes et al., 2010; Seaton et al., 2011; Zündorf and Reiser, 2011).

There is growing evidence that immune system is involved in the early stages of AD pathogenesis. Immune processes may drive AD pathology independently of Aβ deposition and thus sustain increased Aβ levels (Heppner et al., 2015). Immune system processes are characterized by the activation of glial cells and release of pro-inflammatory cytokines and chemokines (Liu and Chan, 2014). Recently, a rare variant with comparable effects to those of APOE4 was identified in TREM2 association study (Rosenthal et al., 2015). TREM2 rs75932628 results in the substitution of a histidine for arginine at amino acid residue 47 (p.His47Arg) and was shown to considerably increase AD risk (Jonsson et al., 2013). Interestingly, this variant was associated with a significantly younger age at symptom onset compared to individuals with no TREM2 variants (Slattery et al., 2014). The positive association of TREM2 rs75932628 with LOAD was also replicated (Kunkle et al., 2019). TREM2 rs143332484 conferred greater AD risk, while TREM2 rs187370608 was significantly associated with AD (Sims et al., 2017; Jansen et al., 2019). TREM2 is a surface receptor in the plasma membrane of brain microglia, forming an immune-signaling complex with DAP12 (Sims et al., 2017). It has an important function in innate immunity and also anti-inflammatory properties (Yaghmoor et al., 2014). It is also involved in the clearance of neural debris from CNS in phagocytosis mediated mechanism, leading to the production of reactive oxygen species (Neumann and Daly, 2013). In the human brain, TREM2 is found at high concentrations in white matter, the hippocampus and the neocortex, but at very low concentrations in the cerebellum. These regions are consistent with the distribution of pathology in AD (Yaghmoor et al., 2014). IL34 rs4985556 was recently recognized as a susceptibility locus (Marioni et al., 2018). IL34 is a homodimeric cytokine, stimulating proliferation of monocytes and macrophages through the colony-stimulating factor 1 receptor (CSF1R) (Lin et al., 2008). The effect of IL34 on microglia in AD pathogenesis was shown (Mizuno et al., 2011). Recent GWASs have shown that CR1 genetic variations are associated with global cognitive decline and higher burden of AD brain pathology. Association between CR1 rs6656401 and increased AD risk was observed (Lambert et al., 2009). The effect was later confirmed in IGAP study (Lambert et al., 2013b). Naj et al. confirmed the association between CR1 rs6701713 and LOAD risk and later showed that rs6701713 was also associated with age-at-onset (Naj et al., 2011, 2014). Additionally, CR1 rs2093760 was associated with AD and rs4844610 with increased LOAD risk (Jansen et al., 2019; Kunkle et al., 2019). Complement component receptor (CR1) is a receptor for complement fragments C3b and C4b (Madeo and Frieri, 2013) and it regulates complement cascade via the inhibition of both classical and alternative pathway C3 and C5 convertases (Zhu et al., 2015). Complement inhibition can reduce the clearance of Aβ in animal models (Wyss-Coray et al., 2002). Increased LOAD risk for INPP5D rs35349669 was identified in IGAP and confirmed in a follow-up study (Lambert et al., 2013b; Ruiz et al., 2014). The genome-wide significant association of INPP5D rs10933431 was observed, suggesting protective function (Jansen et al., 2019; Kunkle et al., 2019). INPP5D (Inositol Polyphospate-5 Phosphatase) regulates cytokine signaling and inhibition of PI3K-driven oncogenic pathway. It controls degradation of IgE receptor complex together with CD2AP (Rosenthal and Kamboh, 2014).

MEF2C rs190982 polymorphism was associated with decreased LOAD in IGAP (Lambert et al., 2013b). MEF2C is an important transcription factor, involved in the control of inflammation in vascular endothelial cells, inhibition of leukocyte transport, regulation of NF-κB activity and expression of pro-inflammatory genes (Xu et al., 2015). SERPINB1 rs316341 was identified as novel risk locus (Deming et al., 2017). Serpins are a family of protease inhibitors. Their potential role in inhibition of Aβ toxicity has been proposed, potentially through regulation of neutrophil infiltration in immune system (Schubert, 1997; Farley et al., 2012). The protective function of SPI1 rs1057233 and rs3740688 in AD development was proposed (Huang et al., 2017a; Kunkle et al., 2019). SPI1 is another important gene, involved in immune system processes. It encodes PU.1, a transcription factor essential for myeloid and B-lymphoid cell development and a major regulator of cellular communication in the immune system (Huang et al., 2017a; Broce et al., 2019).

Additional 23 of the risk loci, obtained from GWAS and meta-analyses that were not enriched in GO analysis, were manually annotated to cellular processes and are also summarized in Table 2.

Two important CDK5RAP2 SNPs were identified; rs10984186 was associated with an increased risk of developing AD while rs4837766 with opposite effect in MCI/AD risk and conversion rate was specific for women only (Miron et al., 2018). The cyclin-dependent kinase 5 regulatory subunit–associated protein 2 (CDK5RAP2) regulates cyclin-dependent kinase 5 (CDK5), important for tau phosphorylation and NFT formation in CNS (Arioka et al., 1993; Patrick et al., 1999). Tau protein is another important pathophysiological hallmark of AD. Under normal conditions tau binding stabilizes microtubules in axons, however, specific pathological conditions induce tau hyperphosphorylation (Di Paolo and Kim, 2011). Besides abnormal phosphorylation, tau protein aggregation in neurons can be induced, but the mechanism is not yet known (Jouanne et al., 2017). The formation of NFT due to tau aggregation can damage the neurons. The association between NFT and progression of AD has been widely studied; concentration and distribution of tangles correlated with severity and duration of dementia (Bierer et al., 1995; Gomez-Isla et al., 1997; Giannakopoulos et al., 2003).

PFDN1 rs11168036 was associated with increased LOAD risk (Jun et al., 2017). PFDN1 is encoding for chaperone protein that binds specifically to cytosolic chaperonin and transfers target proteins to it (Wang et al., 2015). Rs2405940 in SHROOM2 region was associated with LOAD (Meda et al., 2012). SHROOM2 encodes for a SHROOM family protein, an actin binding protein (Dietz et al., 2006). NME8 rs2718058 was reported as a protective locus for AD (Lambert et al., 2013b). NME/NM23 family member 8 (NME8), is involved in numerous physiological and pathological processes, including cellular differentiation (Desvignes et al., 2010). A role of NME8 in the cytoskeletal function, axonal transport and antioxidant action has also been discussed (Liu et al., 2016). CDC42SE2 rs382216 showed decreased risk for AD (Jun et al., 2016). CDC42SE2 is another potential actin cytoskeleton modulator, acting downstream of CDC42 (Pirone et al., 2000). Association of FERMT2 rs17125944 with increased AD susceptibility was observed in IGAP and confirmed in a follow-up study (Lambert et al., 2013b; Ruiz et al., 2014). Additionally, FERMT2 rs17125924 was associated with increased AD risk (Kunkle et al., 2019). FERMT2, also known as KIND2, is a gene encoding proteins from kindlin family (Lai-Cheong et al., 2010). Kindlin-2 is an integrin-interacting protein, mediating activation of integrin and cell-extracellular matrix interactions (Lai-Cheong et al., 2010; Wei et al., 2014). Carrasquillo et al. showed strong association of PCDH11X rs5984894 with LOAD susceptibility (Carrasquillo et al., 2009). PCDH11X belongs to the protocadherin gene subfamily of the cadherin superfamily of cell surface receptor molecules. The cadherins mediate cell-cell adhesion and play a role in cell signaling that is critical in the development of the central nervous system (CNS). Rs1466662 within this DCHS2 was associated with AD (Kamboh et al., 2012a). Protocadherin-23 is another protein from the cadherin superfamily that is expressed in the cerebral cortex and is encoded by DCHS2 (Höng et al., 2004).

SHE rs4474240 was associated with increased LOAD risk (Haddick et al., 2017). Src homology 2 (SH2) domains in SHE are phosphotyrosine binding motifs important in protein-protein interactions in various signaling pathways (Oda et al., 1997). SORCS1 was identified as potential AD risk locus, but rs2245123 did not show genome-wide significant association (Laumet et al., 2010). SORCS1 is involved in insulin signaling and APP processing (Olgiati et al., 2011). The association of rs7225151 in SCIMP region with increased risk for AD was proposed (Moreno-Grau et al., 2019). Another SCIMP polymorphism, rs113260531, was recently associated with AD (Jansen et al., 2019). A Src-kinase family mediator SCIMP is palmitoylated transmembrane adaptor, important for immune cell signaling (Draber et al., 2011). PTPRG rs7609954 was associated with AD risk (Herold et al., 2016). A member of heterogeneous protein tyrosine phosphatase (PTP) family, PTPRG is a type γ receptor, involved in cell growth, differentiation, mitotic cycle and other processes (Tonks, 2006; Herold et al., 2016). Two novel risk variants for AD were reported for ABI3 rs616338 and rs28394864 (Sims et al., 2017; Jansen et al., 2019). ABI3 belongs to ABL-interactor (ABI) family proteins, binding partners for the ABL kinases (Moraes et al., 2017). Their activation induces cell growth, transformation, and cytoskeletal organization (Satoh et al., 2017). Rs802571 in CNTNAP2 region was proposed as a novel AD-related protective locus (Hirano et al., 2015). Furthermore, rs114360492 was associated with AD (Jansen et al., 2019). CNTNAP2 encodes a contactin-associated protein-like 2 transmembrane neurexin, functioning as cell adhesion molecules and receptors in nervous system (Hirano et al., 2015; Saint-Martin et al., 2018). GOLM1 rs10868366 and rs7019241 showed decreased risk for AD (Li et al., 2008b). GOLM1 is a type II Golgi membrane glycoprotein (Wei et al., 2008). The potential function of GOLM1 in Ras signaling in adenocarcinoma has been recently proposed (Duan et al., 2018). OR4S1 rs1483121 was associated with AD risk (Zhu et al., 2019). OR4S1 is one of olfactory receptor proteins, G-protein-coupled receptors which represent the largest gene family in the human genome (Milardi et al., 2018). NYAP1 rs12539172 was associated with decreased LOAD risk (Kunkle et al., 2019). Neuronal tyrosine-phosphorylated phosphoinositide-3-kinase adapter 1 (NYAP1) is involved in the activation of PI3K and the recruitment of the nearby WAVE complex, that regulates brain size and neurite outgrowth in mice (Yokoyama et al., 2011). TSPOAP1-AS1 rs2632516 and rs2526378 were associated with decreased AD risk (Jun et al., 2017; Witoelar et al., 2018). Benzodiazapine receptor associated protein 1 (TSPOAP1), is another adaptor molecule interacting with Ca2+ channels to regulate synaptic transmission (Wang et al., 2000b).

TREML2 rs9381040 was associated with AD (Marioni et al., 2018). In contrast to TREM2, TREML2 does not interact with DAP12 (Zheng et al., 2016), but it is important in inflammation as a single-pass type I membrane protein expressing an Ig-like V-type domain (Klesney-Tait et al., 2006). HLA-DRB1 rs9271058 was identified as risk factor (Kunkle et al., 2019). Rs9271192 near HLA-DRB1 was associated with increased AD risk in IGAP, while intergenic rs6931277 was associated with AD progression (Lambert et al., 2013b; Jansen et al., 2019). HLA-DRB1/HLA-DRB5 locus within the major histocompatibility complex is responsible for numerous immune responses (Rosenthal and Kamboh, 2014). NECTIN2 rs6859 was associated with LOAD (Abraham et al., 2008; Harold et al., 2009). NECTIN2 rs6857 and rs41289512 were also associated with AD (Seshadri et al., 2010; Jansen et al., 2019). NECTIN2 (also known as PVRL2) is a gene, encoding for poliovirus receptor 2, immunoglobulin expressed in neuronal cell tissues, that is important in T-cell activation (Whelan et al., 2019).

Two other proteins are important in regulation of cellular processes. A novel MADD loci, rs10501320, was recently associated with AD and fasting glucose (Zhu et al., 2019). MADD may play a role in regulating cell proliferation, survival and death through alternative mRNA splicing (Efimova et al., 2004). PDS5B rs192470679 was associated with MCI to AD conversion (Lee et al., 2017). PDS5B is part of the cohesin complex, involved in transcriptional regulation, chromosomal compaction and sister chromatid cohesion (Blind, 2020). Stimulating the release of cohesion from chromosomes, PDS5B is considered negative regulator of cohesin DNA-binding function (Carretero et al., 2013; Blind, 2020).



Biological Regulation

Regulation is a common feature of all living organisms, however complexity of biological regulation is in domain of evolutionary progress. Biological regulation can be addressed as a network of functional relationships, allowing organism to modulate response to changes in internal and external conditions (Bich et al., 2016). Genes and key SNPs, implemented in biological regulation, associated with AD risk in GWAS and meta-analyses, are summarized in Table 3.


Table 3. Genes in biological regulation influencing the risk for AD.
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Several AD related genes are involved in regulation of the immune system. Specific interleukin gene polymorphisms confer greater risk for AD (Du et al., 2000; Grimaldi et al., 2000; Nicoll et al., 2000). IL6R rs2228145 was associated with increased AD risk (Haddick et al., 2017). IL6, a multifunctional cytokine is involved in the regulation of acute inflammatory response and modulation of specific immune response (Akira et al., 1993; Papassotiropoulos et al., 2001). It interacts with IL6 receptor (IL6R). In the nervous system, IL6 has a role in neuronal cell growth and differentiation, as well as neuronal degradation. Multiple evidence suggest the importance of IL6 in AD pathogenesis (Breitner et al., 1986; Peter and Walter, 1991; Campbell et al., 1994). Identifying CD2AP as a LOAD risk locus, rs9349407 association with AD was observed (Naj et al., 2011). Increased AD risk effect for rs9349407 was later confirmed (Hollingworth et al., 2011). In IGAP the greatest association with increased AD risk was observed for CD2AP rs10948363 (Lambert et al., 2013b). Another two CD2AP polymorphisms, rs9381563 and rs9473117, were also associated with AD (Jansen et al., 2019; Kunkle et al., 2019). CD2AP has an important part in the immune system as it binds and clusters CD2 to facilitate junction between T-cells and antigen presenting cells (Rosenthal and Kamboh, 2014). The minor allele of CD33 rs3865444 was proposed as a protective LOAD locus (Naj et al., 2011). This effect was also confirmed in two other studies (Hollingworth et al., 2011; Jansen et al., 2019). CD33 is a member of the sialic-acid-binding immunoglobulin-like lectins family. It acts as an endocytotic receptor, mediating endocytosis through a mechanism independent of clathrin (Hollingworth et al., 2011; Rosenthal and Kamboh, 2014). It also promotes cell-cell interactions that regulates the innate immune system (Crocker et al., 2007; Tanzi, 2012; Jiang et al., 2014). The level of CD33 was found to be increased in the AD brain and it was in positive correlation with amyloid plaque burden and disease severity (Jiang et al., 2014).

CASS4 rs7274581 and rs6024870 showed protective function (Lambert et al., 2013b; Kunkle et al., 2019). Furthermore, rs6014724 was associated with AD risk (Jansen et al., 2019). As a member of CAS family, CASS4 directly regulates FAK (focal adhesion kinase) (Deneka et al., 2015). CASS4 is also involved in cytoskeletal function and important in APP metabolism (Karch and Goate, 2015). Association with AD risk was reported for PDCL3 rs1513625 (Herold et al., 2016). PDCL3 encodes phosphoducin-like 3, potential modulator of heterotrimeric G-proteins and a chaperone for the VEGF receptor, regulating its ubiquitination and degradation (Srinivasan et al., 2013). TNK1 rs1554948 association with increased LOAD risk was reported (Grupe et al., 2007). TNK1, a non-receptor protein tyrosine kinase is important in intracellular transduction pathways, involved in THFα induced apoptosis and proliferation of cancer cells (Azoitei et al., 2007; Henderson et al., 2011; Seripa et al., 2018). Rs11767557, located in EPHA1 promoter region was identified as AD protective locus in multiple studies (Hollingworth et al., 2011; Naj et al., 2011; Kamboh et al., 2012b). Similarly, EPHA1 rs11771145, rs10808026, and rs6973770 were all associated with decreased AD risk (Seshadri et al., 2010; Lambert et al., 2013b; Reitz et al., 2013; Kunkle et al., 2019). Recently, EPHA1 rs7810606 was also associated with AD (Jansen et al., 2019). EPHA1 is a member of the ephrin receptor subfamily. Ephrins and Eph receptors are membrane bound proteins involved in cell and axon guidance and in synaptic development and plasticity (Rosenberg et al., 2016). EPHA1 is expressed mainly in epithelial tissues where it regulates cell morphology and motility and it may also have a role in apoptosis and inflammation (Hollingworth et al., 2011).

Two genes, associated with AD, have important role as metabolic hormones. ACE rs4293 was identified as a risk loci for LOAD (Webster et al., 2010). Another novel polymorphism in this region was discovered recently. ACE rs138190086 association with increased LOAD risk was reported (Kunkle et al., 2019). Angiotensin II, a product of ACE gene, primarily known as vasoconstrictor, is also involved in a number of neuropathological processes in AD (Kehoe, 2018). HBEGF rs11168036 was associated with increased risk for AD (Jun et al., 2016). HBEGF is an important growth factor, involved in several biological processes like smooth muscle cell growth, skeletal muscle myogenesis, gastrointestinal tract mucosa maintenance, embryo implantation, wound healing and injury repair (Davies-Fleischer and Besner, 1998). HBEGF is widely expressed in the CNS, suggesting its important role in nervous system development (Oyagi and Hara, 2012).

Among all AD risk loci, obtained from GWAS and meta-analyses that were not enriched in GO analysis, additional three were manually annotated to biological regulation and are also summarized in Table 3. Rs6448453 near to CLNK was recently associated with AD (Jansen et al., 2019). CLNK encodes a protein with important immunomodulatory function, involved in positive regulation of immunoreceptor signaling as a SLP-76 family member (Cao et al., 1999). Since HESX1 rs184384746 was associated with AD risk, its potential role in AD pathology was discussed (Jansen et al., 2019). Homeobox transcription factor, encoded by HESX1, was primarily identified in embryonic stem cells (Thomas and Rathjen, 1992). Grupe et al. reported the association of GALP rs3745833 with increased risk for LOAD (Grupe et al., 2007). GALP is a neuropeptide, having important role in the central metabolic control of the reproductive axis (Aziz et al., 2014). It is a ligand in G-protein mediated signal transduction in CNS (Robinson et al., 2006).



Localization

Localization includes different processes, involved in transport of cells, cell organelles or protein complexes as well as their maintenance in specific location. Genes and key SNPs, implemented in localization, associated with AD risk in GWAS and meta-analyses, are presented in Table 4.


Table 4. Genes in localization influencing the risk for AD.
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Four SNPs in SORL1 (rs2101756, rs11218313, rs626885, and rs7131432) were identified as novel AD related risk alleles (Webster et al., 2008). Twenty-five SNPs in SORL1 were identified and although none of them showed genome-wide significance for association with AD, rs2070045 was the best predictor of AD risk among them (Laumet et al., 2010). IGAP showed a protective association of SORL1 rs11218343 with AD (Lambert et al., 2013b). This association was confirmed in two other studies (Jansen et al., 2019; Kunkle et al., 2019). Another two SORL1 SNPs, rs3781834, and rs11218343 were also associated with LOAD risk (Miyashita et al., 2013). Sorting mechanisms that cause the APP and the β-secretases and γ-secretases to colocalize in the same compartment play an important role in the regulation of Aβ production in AD. APP trafficking is regulated by sortilin related receptors, including SORL1, which binds the APP in the Golgi and reduce availability of precursors for transport, cleavage and transformation in Aβ (Andersen et al., 2005). Decreased expression of SORL1 leads to overproduction of Aβ (Reitz et al., 2011).

Association of rs1981916 with LOAD could propose VPS13C as novel risk locus (Meda et al., 2012). VPS13C potential involvement in cargo selection and sorting into vesicles is consistent with its relocation from mitochondria to cytosol in response to damage. VPS13C mutations have been linked to parkinsonism, but the importance of this gene in AD has also been addressed (Lesage et al., 2016).

PLCG2 rs72824905 was associated with protection against LOAD (Sims et al., 2017). Furthermore, PLCG2 rs12444183 was associated with AD (Marioni et al., 2018). The product of PLCG2 gene is involved in the transmembrane transduction of immune signals, that determine the function of various immune cell types in CNS (Patterson et al., 2002; Kim et al., 2015). IGAP identified a protective association with AD risk in SLC24A4 rs10498633 (Lambert et al., 2013b). This association was later confirmed (Ruiz et al., 2014). Additionally, two studies identified SLC24A4 rs12590654 and rs12881735 as AD protective loci (Jansen et al., 2019; Kunkle et al., 2019). SLC24A4 is encoding NCKX4, a sodium-potassium-calcium channel, expressed in human brain (Li et al., 2002). Potential role of SLC24A4 in nervous system has been discussed, since this gene was linked to neurogenesis pathways (Larsson et al., 2011).

Another three genes, not represented in GO enrichment analysis, were manually annotated to localization and are summarized in Table 4. TOMM40 is important AD risk locus. TOMM40 rs157581 was associated with increased AD risk (Grupe et al., 2007). Two other TOMM40 polymorphisms, rs157580, and rs8106922 were associated with LOAD (Abraham et al., 2008). Both SNPs conferred decreased AD risk in several studies (Harold et al., 2009; Feulner et al., 2010; Pérez-Palma et al., 2014). On the other hand, associations with increased risk for AD were reported for TOMM40 rs2075650, rs157582, and rs10119 (Seshadri et al., 2010). Numerous studies confirmed the association for rs2075650 (Harold et al., 2009; Feulner et al., 2010; Wijsman et al., 2011). The outer mitochondrial membrane translocase pore subunit (TOMM40) forms one of the primary pores via which proteins can readily enter the mitochondria. The TOMM40 gene is the only gene identified in genetic studies to date that presumably contributes to LOAD-related mitochondria dysfunction (Gottschalk et al., 2014). It is encoded on chromosome 19, adjacent to APOE region. TOMM40 also impacts brain areas vulnerable in AD, by downstream apoptotic processes that forego extracellular Aβ aggregation. By entering and obstructing the TOMM40 pore, APP induces mechanisms for mitochondrial dysfunction (Devi et al., 2006). As APOE and TOMM40 genomic regions are in close proximity, their potentially interacting effect in mitochondrial function in AD progression is discussed (Roses et al., 2010). Seshadri et al. reported an association between EXOC3L2 rs597668 and increased LOAD risk (Seshadri et al., 2010). EXOC3L2 (exocyst complex component 3-like 2) is involved in vesicle targeting during exocytosis of proteins and lipids. SLC2A9 rs6834555 was associated with increased LOAD risk (Hollingworth et al., 2012). The SLC2A9 encodes for GLUT9, urate transporter, that was initially characterized as a glucose transporter (Vitart et al., 2008; Ebert et al., 2017).



Genes With No Known GO Function

The remaining 13 genes could not be associated with any of the four main enriched pathways, even though they were linked to risk for AD in GWAS and meta-analysis. Although some of them were linked to a specific function in the literature, they have not been annotated with any of the GO terms. Genes and key SNPs with no known function associated with AD risk in GWAS and meta-analyses are summarized in Table 5.


Table 5. Genes with no known GO function influencing the risk for AD.
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BTBD16 rs10510109 was identified as novel AD related polymorphism (Wang et al., 2017). CDR2L was previously associated with ovarian cancer and cerebellar degeneration (Raspotnig et al., 2017). CDR2L rs71380849 was associated with increased risk for AD (Jun et al., 2016). Increased risk for AD was reported for MBLAC1 rs35991721 (Broce et al., 2019). Binding with metals is a major function of MBLAC1, encoding for metallo-β-lactamase domain-containing protein in the brain (Fagerberg et al., 2014). It is involved in hydrolysis of different substrates and metabolic intermediates (Gibson et al., 2018). Electron transport chain in mitochondria enables proton motor force generation via redox reactions. Genome-wide significant association with T2D and AD was observed for rs7812465 in NDUFAF6 region (Wang et al., 2017). A protein involved in the assembly of mitochondrial respiratory chain complex I is encoded by NDUFAF6 (also known as C8orf38) (Zurita Rendón and Shoubridge, 2012).

Although the exact function of IGHV1-68 is not understood to date, rs79452530 in this gene showed decreased risk for AD (Witoelar et al., 2018). IGHV1-68 is a pseudogene within the immunoglobulin heavy chain (IGH) locus, contributing to the diverse and specific Ig forming in the adaptive immunity (Matsuda et al., 1998). LHFPL6 rs9315702 was associated with AD-related phenotype of hippocampal volume (Melville et al., 2012). LHFPL tetraspan subfamily member 6 protein, also known as lipoma HMGIC fusion partner is encoded by LHFPL6 gene with no confirmed function, although a recent study evaluated LHFPL6 as a bone mass regulator in mice (Mesner et al., 2019).

ARL17B rs2732703 was associated with decreased risk of AD in APOE4 negative population (Jun et al., 2016). ARL17B is localized to the Golgi apparatus and is potentially involved in modulation of vesicle budding and is a known activator of cholera toxin catalytic subunit of ADP-ribosyltransferase (Pasqualato et al., 2002).

KRBOX4 rs7876304 showed significant association with LOAD (Meda et al., 2012). KRBOX4 is a potential transcriptional regulator with no confirmed function. IGAP revealed a significant protective association of ZCWPW1 rs1476679 (Lambert et al., 2013b). Recently, rs1859788 in ZCWPW1 region was also associated with AD (Jansen et al., 2019). Zinc-finger ZCWPW1 is another gene involved in histone modification and epigenetic regulation (He et al., 2010). PPP4R3A rs2273647 showed protective effect in risk for AD (Christopher et al., 2017). It encodes a regulatory subunit PPP4R3A of serine/threonine phosphatase (Chowdhury et al., 2008). A novel susceptibility protective locus for AD was MS4A6A rs610932, while MS4A4E rs670139 showed increased risk for AD (Hollingworth et al., 2011). Tan et al. showed a significant association of MS4A6A rs610932 with the risk of LOAD (Tan et al., 2013). In IGAP MS4A6A rs983392 had a protective function (Lambert et al., 2013b). MS4A4A rs2081545 was associated with AD, while protective function of MS4A4A rs4938933 and rs10792258 in AD was also reported (Logue et al., 2011; Naj et al., 2011; Jansen et al., 2019).




GENES ASSOCIATED WITH AD BIOMARKER LEVELS

Changes in cerebrospinal fluid (CSF) and blood plasma biomarker levels can predict neurodegenerative changes in AD progression and memory decline and are often used in clinical diagnostics. Except for their diagnostic potential, biomarkers can be applied in studies of AD molecular mechanisms and could be used to monitor the biochemical effects of potential disease intervention (Masters et al., 2015; Efthymiou and Goate, 2017). Genetic variability in different molecular pathways can contribute to differences in biomarker levels. The search for early, reliable and accurate biomarkers for AD progression exceeds genetic approach. Epigenetic factors may play an important role, and the potential of non-coding regulatory RNAs, especially miRNA as biomarkers of AD progression in body fluids has been extensively studied (Takousis et al., 2019). Furthermore, functional neuroimaging provides insight into metabolic and biochemical alterations in the brain, such as glucose metabolism, perfusion, deposition of Aβ and tau protein aggregation (Valotassiou et al., 2018). Thus, GWAS studies and meta-analyses often implement genome-wide genetic data in biomarker studies, to associate mutations or polymorphisms with measurable changes in components of body fluids and brain imaging in AD (Table 6). Apart from identifying novel genetic risk loci, Beecham et al. performed the assessment of the presence of neurofibrillary plaques and tangles, immunohistochemical detection of α-synuclein and neuropathological evaluation in most of the IGAP identified risk loci (Beecham et al., 2014). In the biomarker gene set, seven major GO categories were enriched: cellular process, metabolic process, biological regulation, localization, transport, regulation of cellular process, and neurological system process (Figure 3). Since biomarker gene set enrichment resulted in three additional major categories, some of the genes can be found in different major categories compared to AD risk gene set. Furthermore, transport can be understood as a subcategory of metabolic process, while regulation of cellular process is part of biological regulation and cellular process.


Table 6. Genes associated with biomarker levels for AD, according to their GO function.
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FIGURE 3. Visualization of GO analysis in AD biomarker gene set. Genes associated with AD biomarkers were stratified according to GO – biological process. They are clustered in seven parental categories and represented with specific color of the node. Biological processes that can be assigned to multiple parental categories, are represented with multiple color-pie chart.


Several biomarker associated loci overlap with risk-related genes (CASS4, PICALM, SORL1, APOE, CLU, CD33, CR1, MEF2C, NECTIN2, ZCWPW1, ABCA7, MS4A6A, and PTK2B) linked to molecular pathways identified in this review (Table 6).

It is not surprising that APOE locus is extensively studied not only as a risk factor, but also in genome-wide analysis of biomarkers. APOE rs429358 was associated with neuroimaging-confirmed brain changes (Shen et al., 2010), PET Aβ deposition (Ramanan et al., 2014), CSF Aβ and tau levels (Kim et al., 2011) as well as neuropathologic features (Beecham et al., 2014; Dumitrescu et al., 2019). APOE rs769449 was associated with tau/Aβ ratio (Li et al., 2017), while rs769449 and rs7259620 were associated with neuropathologic features (Dumitrescu et al., 2019). Biomarker associations were observed also for APOC1 rs10414043, rs7256200, rs483082, and rs438811 (Dumitrescu et al., 2019), while APOC1 rs4420638 was associated with tau/Aβ ratio (Li et al., 2017). CDK5RAP2 rs10984186 was associated with higher mRNA expression in hippocampus, while rs4837766 showed reduced total mRNA levels (Miron et al., 2018). Also rs157580 and rs2075650 in TOMM40, important regulator of energy metabolism were associated with AD biomarkers (Kim et al., 2011; Cruchaga et al., 2013). TOMM40 rs157581, rs11556505, rs71352238, rs184017, rs1160985, rs741780, rs1038025, rs760136, and rs1038026 were all associated with neuropathologic features of AD (Dumitrescu et al., 2019). Two additional TOMM40 polymorphisms (rs11556505, rs71352238) were associated with CSF Aβ and tau levels (Cruchaga et al., 2013). Furthermore TOMM40 rs34404554 was associated with CSF Aβ/tau levels and neuropathologic features respectively (Cruchaga et al., 2013; Dumitrescu et al., 2019). Similarly, SNPs in NECTIN2 (rs12972970, rs34342646, and rs12972156), important mediator of immune system, were associated with CSF Aβ and tau levels (Cruchaga et al., 2013). All three associations were also linked to neuropathologic features, together with rs6857 and rs283815 (Dumitrescu et al., 2019). Rs61812598, rs4845622, rs2228145, rs4129267, and rs2229238 in the IL6 receptor (IL6R), were associated with LOAD protein expression in CSF [271]. Furthermore, association of rs2228145 with CSF and serum IL6R levels revealed the effect on age of onset in AD [171]. GLIS3 rs514716 association with CSF Aβ and tau levels was observed (Cruchaga et al., 2013). SERPINB1 rs316341 and SPI1 rs1057233 were associated with CSF Aβ levels (Deming et al., 2017; Huang et al., 2017a). The association between decline in brain glucose metabolism and PPP4R3A rs2273647 was recently reported (Christopher et al., 2017). Three ACE polymorphisms (rs4968782, rs4316, rs4343) were associated with CSF levels of ACE gene product (Kauwe et al., 2014). An association with soluble TREM2 was also observed for MS4A6A rs7232 (Hou et al., 2019).

Numerous other GWAS studies investigated associations of genetic polymorphisms with biomarker level changes rather than the risk for AD and identified additional 30 genes that were not associated with AD risk (Figure 1).


Metabolic Processes

Genes and key SNPs, involved in metabolic processes, associated with biomarkers in GWAS and their meta-analyses, are summarized in Table 6.

Rs7867518, adjacent to VLDLR, was associated with CSF total tau levels (Huang et al., 2017a). VLDLR encodes for a receptor, regulating lipoprotein binding, with high affinity for very low density lipoprotein (VLDL) and APOE-containing lipoproteins (Sakai et al., 1994).

Four other genes associated with biomarker levels, were manually annotated to metabolic process and are also summarized in Table 6. Enzymes in the TCA play a crucial role in energy metabolism, and provide points of interaction between catabolic and anabolic pathways in different cells types, including neuronal tissue. Ramirez et al. found a significant association between SUCLG2 rs62256378 and CSF Aβ levels in AD subjects (Ramirez et al., 2014). SUCLG2 is a substrate-specific subunit of succinyl CoA ligase, enabling GTP formation in TCA (Johnson et al., 1998). Experiments in cell cultures indicate the absence of SUCLG2 in astrocytes, microglia, and oligodendrocytes, addressing the question of normal TCA function in brain (Dobolyi et al., 2014). Association of GCFC2 rs2298948 with AD was reported for brain magnetic resonance imaging (Melville et al., 2012). GCFC2 (GC-rich sequence DNA-binding factor 2) is a regulator of pre-mRNA splicing (Yoshimoto et al., 2014). Multiple polymorphism in EPC2 region were identified (rs2121433, rs1374441, rs4499362, and rs10171238) that were associated with CSF Aβ levels in AD subjects (Kim et al., 2011). Enhancer of polycomb homolog 2, EPC2, is associated with chromatin repressive complex (Whitton et al., 2016). F5 rs6703865 was associated with brain magnetic resonance imaging with AD (Melville et al., 2012). Specific function of coagulation factor V (F5), a glycoprotein, is important in clot formation (LaBonte, 2014).



Cellular Processes

Genes and key SNPs, involved in cellular processes, associated with biomarkers in GWAS and their meta-analyses, are summarized in Table 6.

Association with language performance was observed for GLI3 rs3801203 in AD patients (Deters et al., 2017). GLI3 is a GLI family zinc-finger protein 3 that in presence or absence of Sonic Hedgehog functions as a mediator of the Sonic Hedgehog pathway (Wang et al., 2000a). A novel HDAC9 polymorphism rs79524815 was recently associated with neuropathologic traits for AD (Chung et al., 2018b). Control of gene expression through chromatin remodeling is a function of histone deacetylase HDAC9 (Sugo et al., 2010). A novel AD-related locus RBFOX1 rs12444565 in AD driven neurodegeneration was evaluated with fluorodeoxyglucose PET scanning (Kong et al., 2018). Alternative splicing mechanism regulator, important in erythropoiesis, is encoded by RNA binding protein fox-1 homolog 1 (RBFOX1) (Ponthier et al., 2006). ANK3 rs10761514 was associated with CSF Aβ levels in AD (Huang et al., 2019). ANK3 encodes for a membrane protein AnkG, important for spectrin-based anchoring of membrane proteins to the cytoskeleton (Kordeli et al., 1995). Kauwe et al. linked CCL4 rs6808835 with CCL4 protein expression in CSF of LOAD cases (Kauwe et al., 2014). A macrophage inflammatory protein, product of CCL4 (C-C motif chemokine 4-like) gene, is important enhancer of immune response (Lien et al., 2017). MTUS1 rs55653268, identified in cognitively normal and MCI subjects, was associated with AD-related changes in hippocampal volume (Chung et al., 2018a). Findings could lead to the understanding of genetic mechanisms for conversion of normal cognitive or mild cognitive impaired individuals to AD patients. Microtubule-associated tumor suppressor 1 gene (MTUS1) encodes ATIP3, inhibitor of extracellular signal-regulated kinase 2 (ERK2) and cell proliferation. Similarly, rs3092960 within CCR2 encoding for CCL2 receptor was also associated with significant levels of CCR2 protein in CSF (Kauwe et al., 2014). Furthermore, two polymorphisms (rs6441977, rs11574428) in C-C chemokine receptor-like 2 gene (CCRL2) were associated with CCRL2 protein expression in CSF as well (Kauwe et al., 2014).

Although not enriched in GO analysis, many other genes were manually annotated cellular processes and are also summarized in Table 6. IL1RAP rs12053868 was proposed as a marker for PET Aβ deposition in MCI to AD conversion (Ramanan et al., 2015). Interleukin-1 receptor accessory protein (IL1RAP) is essential in cellular response to IL1 and involved in several other signaling pathways (Cullinan et al., 1998; Dinarello, 2009). Polymorphisms in MMP3 gene (rs573521, rs645419, rs679620, rs650108, and rs948399) were associated with biomarker levels, with rs573521 being the best predictor of MMP3 protein expression in CSF in LOAD (Kauwe et al., 2014). Matrix metalloproteinase-3 (MMP3) is important in extracellular matrix remodeling (Banik et al., 2015). The Aβ-induced expression of MMP3, as well as potential degrading function of extracellular Aβ were observed in astrocytes (Deb and Gottschall, 2002; White et al., 2006). CLUAP1 rs17794023 was associated with higher CSF α-synuclein levels, suggesting CLUAP1 (CLU-associated protein 1) as a novel AD-related locus (Zhong et al., 2019). Rs4803758 near BCAM was associated with CSF levels of phosphorylated tau181 and Aβ42 (Huang et al., 2017a). BCAM is a gene encoding Lutheran blood group glycoprotein, an immunoglobulin important in laminin recognition (Parsons et al., 1995). ARHGAP24 rs111882035 was associated with memory tests outcomes in MCI individuals (Chung et al., 2018a). A Rho GTPase-activating protein 24, encoded by ARHGAP24 is important in actin cytoskeleton remodeling and specifically suppresses Rac1 and Cdc42 activity (Lavelin and Geiger, 2005). Another SNP associated with neuropathologic features in AD was rs34331204, an intergenic SNP near basic leucine zipper and W2 domain-containing protein 2 (BZW2) (Dumitrescu et al., 2019). The rat homolog, Bdm2, is highly expressed in brain, suggesting the role of the protein in neurodevelopment (Nishinaka et al., 2000).



Biological Regulation

Genes and key SNPs, involved in biological regulation, associated with biomarkers in GWAS and their meta-analyses, are summarized in Table 6.

Three CD1A polymorphisms: rs16840041, rs2269714, and rs2269715 were associated with increased plasma neurofilament light level, a potential protein biomarker for AD (Wang et al., 2019b). CD1A proteins are another important molecules of immune system, regulating glycolipid and lipid antigen presentation of microbial origin or themselves to T-cells (Zajonc et al., 2003; Moody et al., 2004).

Additionally, one biomarker associated gene was manually annotated to biological regulation (Table 6). A polymorphism in the gene encoding for the V1H subunit of vacuolar ATPase, regulating enzyme activity (Marshansky et al., 2014; Colacurcio and Nixon, 2016), ATP6V1H rs1481950 was associated with higher CSF BACE activity (Hu et al., 2018).



Localization

Genes and key SNPs, involved in localization, associated with biomarkers in GWAS and their meta-analyses, are summarized in Table 6.

GRIN2B rs10845840 was reported as a risk loci for AD, associated with temporal lobe atrophy (Stein et al., 2010). GRIN2B encodes the NR2B subunit of NMDA receptor that mediates a Ca2+ dependent synaptic transmission in the CNS (Hu et al., 2016).



Neurological System Processes

Genes and key SNPs, involved in neurological system process, GO term specific for biomarker gene set, are summarized in Table 6. MAPT rs242557 was associated with plasma tau levels (Chen et al., 2017). MAPT encodes for tau, the prominent component of NFTs. H2 haplotype is associated with MAPT expression and LOAD risk (Allen et al., 2014). A significant association of BCHE rs509208 with PET imaging of cortical Aβ in AD subjects was revealed (Ramanan et al., 2014). Butyrylcholinesterase (BCHE) is a serine esterase, involved in organophosphate ester hydrolysis (Amitay and Shurki, 2009). It is important in neurotransmitter activation and enriched in senile plaques of AD brains (Darvesh et al., 2003).

Among all AD related biomarker loci, obtained from GWAS and meta-analyses that were not enriched in GO analysis, additional 18 were manually annotated.



Genes With No Known GO Function

The remaining seven genes could not be associated with any of the seven main enriched pathways, even though they were linked biomarker changes in AD GWAS and meta-analysis. Although some of them were linked to a specific function in the literature, they have not been annotated with any of the GO terms. Genes and key SNPs with no known function associated with AD biomarkers in GWAS and meta-analyses are summarized in Table 6.

CCDC134 rs7364180 was associated with CSF Aβ levels in AD subjects (Kim et al., 2011). Coiled-coil domain-containing protein 134, encoded by CCDC134 is a proliferation promoting molecule, driving cytokine-like activation of CD8+ T-cells (Huang et al., 2014). Association with neuropathologic traits of AD in ECRG4 rs34487851 was observed (Chung et al., 2018b). ECRG4 encodes a peptide hormone that is involved in NFT formation, age-related senescence of precursor cells in the CNS and activation of microglia and peripheral mononuclear leukocytes (Kujuro et al., 2010; Woo et al., 2010; Podvin et al., 2016). Two polymorphisms (rs10509663, rs116953792) were associated with CSF Aβ levels in AD patients, proposing FRA10AC1 as a novel risk locus (Li et al., 2015). FRA10AC1 is a protein of unknown function. The polymorphic CGG/CCG repeats in the 5'-UTR of FRA10AC1 gene are potential cause of folate-sensitive fragile site FRA10A expression (Sarafidou et al., 2004). LUZP2 was also proposed as a novel AD risk locus as rs7943454 was associated with higher plasma neurofilament light levels (Li et al., 2018). A leucine-zipper protein of unknown function, which is normally expressed only in the brain and the spinal cord, is encoded by LUZP2 gene (Stepanov et al., 2018). Although the function of a zinc finger protein, encoded by ZNF804B, is not known yet, a ZNF804B rs73705514 was associated with memory tests outcomes in MCI individuals (Chung et al., 2018a).




CONCLUSION AND FURTHER PERSPECTIVES

Alzheimer's disease is the most prevalent neurodegenerative disorder worldwide. A lot of research focuses on the identification of genetic factors that may contribute to the development and progression of the disease. Numerous GWASs and meta-analyses reported different genetic factors associated with AD risk or biomarker levels. A cumulative effect of small but significant contributions of numerous genetic factors can at least in part elucidate the LOAD progression. The pathogenic processes in AD may be influenced on a personalized basis by a combination of variants in key genes and pathways. Apart from serving as a hallmark of the disease, polymorphisms in various genes might help in early diagnostics and prediction of disease progression. Integration of genetic factors and biomarker status may increase the predictive value of diagnostic or prognostic models.

Through the GO analysis we compiled a list of the most enriched pathways, associated with AD pathology. Among four GO parental categories in AD risk gene set, immune response, APP metabolism, cholesterol metabolism, endocytosis and biological regulation on different levels can be exposed as important AD related biological processes. Furthermore, enrichment analysis on smaller AD biomarker gene set pinpointed three additional parental categories. Besides neurodegeneration, numerous research evidence link AD with neuroinflammation, lipid metabolism as well as receptor mediated endocytosis, supporting scientific background of our analysis. Several identified genes were associated with more than one biologic process, represented in various GO categories. The intersection of different biological processes creates a complex interconnected network, suggesting multi-pathway approach in AD genetic background evaluation is needed. Additionally, manual annotation of genes that were not associated with the most significant pathways in GO analysis, could help to elucidate their function in AD pathogenesis.

This comprehensive summary of genetic variants identified by GWAS studies and their meta-analyses can also provide background for identification of novel molecular targets, and the results may be important for development of personalized medicine. However, GWAS and meta-analyses cannot explain the molecular mechanisms of the contribution of a novel susceptibility locus to the overall genetic risk. Therefore, our compiled and annotated results may serve as a basis for the functional studies of pathophysiological mechanisms of risk genes, identified on a genome-wide scale. Furthermore, better characterization of risk genes functions could enable the stratification of AD patients according to the main molecular mechanisms of pathogenesis, supporting development of tailored and personalized treatment of the disease.
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Alzheimer’s disease (AD) is a type of neurodegenerative disease that is associated with the accumulation of amyloid plaques. Increasing non-amyloidogenic processing and/or manipulating amyloid precursor protein signaling could reduce AD amyloid pathology and cognitive impairment. D-penicillamine (D-Pen) is a water-soluble metal chelator and can reduce the aggregation of amyloid-β (Aβ) with metals in vitro. However, the potential mechanism of D-Pen for treating neurodegenerative disorders remains unexplored. In here, a novel type of chitosan-based hydrogel to carry D-Pen was designed and the D-Pen-CS/β-glycerophosphate hydrogel were characterized by scanning electron microscopy and HPLC. Behavior tests investigated the learning and memory levels of APP/PS1 mice treated through the D-Pen hydrogel nasal delivery. In vivo and in vitro findings showed that nasal delivery of D-Pen-CS/β-GP hydrogel had properly chelated metal ions that reduced Aβ deposition. Furthermore, D-Pen mainly regulated A disintegrin and metalloprotease 10 (ADAM10) expression via melatonin receptor 1 (MTNR1α) and the downstream PKA/ERK/CREB pathway. The present data demonstrated D-Pen significantly improved the cognitive ability of APP/PS1 mice and reduced Aβ generation through activating ADAM10 and accelerating non-amyloidogenic processing. Hence, these findings indicate the potential of D-Pen as a promising agent for treating AD.

Keywords: Alzheimer’s disease, ADAM10, amyloid-β peptide, D-penicillamine, melatonin receptor 1


INTRODUCTION

Alzheimer’s disease (AD) is a progressive neurodegenerative disease with a substantial medical and socioeconomic impact worldwide. Major pathological hallmarks of AD are senile plaques (SPs), composed of self-polymerized amyloid-β peptide (Aβ), and neurofibrillary tangles (NFTs) of hyperphosphorylated tau proteins (Selkoe, 1991; Hardy and Higgins, 1992). In accordance with the metal hypothesis of AD, Aβ deposition, and tau hyperphosphorylation are aggravated by metal ions, thus promoting the development of AD (Liu et al., 2011; Zhang et al., 2019; Ejaz et al., 2020; Singh et al., 2020; Spotorno et al., 2020). The “metal hypothesis” describes the unbalanced theory of the level and location of metal ions in the pathogenesis of AD (Yang et al., 2019; Patel and Aschner, 2021). The combination of metal and Aβ will affect the conversion of peptides and promote their aggregation into fibrils, which eventually form plaques (Bush and Tanzi, 2008). The unbalance of metal ion concentration could destroy the normal activity of enzymes that regulate the cleavage of APP, leading to excessive Aβ formation (Peron et al., 2018). Moreover, the redox activity of metal ions can induce oxidative stress by triggering the production of reactive oxygen species (ROS; Guo et al., 2015; Liu et al., 2019). Metal dyshomeostasis can induce neurodegeneration via inhibiting self-polyubiquitination reactions (Atrian-Blasco et al., 2017) or neuron damage via modulating autophagy (Zhang et al., 2016; Liu et al., 2018).

Recently, metal dyshomeostasis has been attracted more attention as a causative agent for AD. A large number of key studies have shown that several new molecules rebalancing the concentration of metal ions in the brain can inhibit Aβ aggregation, break down amyloid plaques and slow down AD-related cognitive function decline in AD, many of which have also advanced through clinical trials (Ritchie et al., 2003; Lannfelt et al., 2008; Faux et al., 2010). D-penicillamine (D-Pen) is a beta dimethyl analog of the amino acid cysteine, chelating with heavy metals to increase their urinary excretion in patients with Wilson’s disease, rheumatoid arthritis, and cystinuria (Squitti et al., 2018). D-Pen mainly chelates excess copper (I) by forming stable complexes via thiol groups, allowing for renal excretion of copper (Delangle and Mintz, 2012). Recently, some researchers have proposed that the chelating abilities of D-Pen may aid in the treatment of AD. Research has indicated that oral D-Pen administration can reduce copper and zinc superoxide dismutase activity in the blood of patients with AD (Squitti et al., 2002). Additional studies have reported that D-Pen nanoparticles can solubilize copper-Aβ (1-42) aggregates in vitro (Cui et al., 2005). However, the chemical structure of D-Pen renders it too hydrophilic to cross the blood–brain barrier (BBB; Cui et al., 2005). In recent decades, researchers have increasingly focused on the potential of nasal drug delivery (Illum, 2000; Casettari and Illum, 2014), which enables drug absorption through circumventing the BBB that avoid initial liver metabolism, and reduce durg side effects. Such delivery systems have received attention for the treatment of chronic neurodegenerative diseases such as Parkinson’s disease and AD (Aderibigbe, 2018; Agrawal et al., 2018; Alexander and Saraf, 2018).

Chitosan (CS) is a polysaccharide originating from crustacean shells and is both biocompatible and recognized as generally safe. When being dropped or sprayed into the nose at 35–37°C, the thermosensitive CS or CS hydrogel transfers to a gel state from the liquid state, thereby decreasing the nasal mucociliary clearance rate and allowing for sustained drug release. The CS system in nasal delivery transports the hydrophilic molecules across the membrane to improve biocompatibility and bioavailability and extend drug retention time (Vllasaliu et al., 2010; Casettari and Illum, 2014; Sarvaiya and Agrawal, 2015). Therefore, we attempted to exploit the characteristics of CS to deliver D-Pen bypass the BBB.

In the present study, we developed a D-Pen-carrying CS/β-glycerophosphate (β-GP) hydrogel and characterized the potential effects of its nasal administration in a mouse model of AD. Our aim was to examine the specific mechanism of action of D-Pen in the treatment of AD.



MATERIALS AND METHODS


Nasal Hydrogel Preparation

Table 1 summarizes the reagent information. The D-Pen-CS/β-GP hydrogel was synthesized according to the method listed in the supporting information (Supplementary Figure 1). D-Pen was first dissolved in acetic acid/sodium acetate (v/v = 1/4). After the solution became clear, 2% (w/w) CS (low molecular weight, 75–85% deacetylated) was added and stirred for approximately 1 h until thoroughly dissolved. Chilled β-glycerophosphate (β-GP) solution (0.5 g/L) was added drop-wise to the CS solution to counterbalance its pH increasing tendency. The final pH of the D-Pen-CS/β-GP hydrogel ranged from 6.9 to 7.2.


TABLE 1. List of reagents.
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Thermo-Sensitive Testing and Characterization of D-Pen-CS/β-GP Hydrogel

The two bottles with D-Pen-CS/β-GP gel and D-Pen liquid were stored at 25 and 37°C, respectively. Then, the CS/β-GP gel and D-Pen-CS/β-GP gel shapes and surface morphology were observed under the SU8010 field emission scanning electron microscopy (Hitachi Technologies Inc., Japan). To characterize the chemical structure of the D-Pen-CS/β-GP solution at 37°C, Data of fourier transform infrared (FT-IR) spectra were obtained using a Nicolet-6700 FT-IR spectrophotometer (Thermo Ltd., United States).



Animals and Treatment

APPswe/PS1d9 double-transgenic mice (original from Jackson Laboratory, Bar Harbor, ME, United States) and C57BL/6 mice were housed under a light/dark cycle of 8:00/20:00 and controlled temperature (24 ± 1°C) and humidity (50–60%) conditions. This study was conducted in strict accordance with the guidelines of the Animal Ethics Committee of the China Medical University.

APP/PS1 mice (6 months old, n = 16) were separated into two equisized groups. The treatment group was administered 2 mg/kg D-Pen-CS/β-GP hydrogel once every other day for 3 months. The control group received CS/β-GP hydrogel alone according to the same schedule. All animals were sacrificed following behavioral testing.

C57BL/6 mice were used for inductively coupled plasma mass spectrometry and primary culture in this experiment.



High Performance Liquid Chromatography

APP/PS1 mice (6 months old, n = 16) were randomly divided into four groups. Aliquots of phosphate-buffered saline (PBS; vehicle), 2 mg/kg D-Pen liquid, 2 mg/kg D-Pen-CS/β-GP hydrogel, or CS/β-GP hydrogel only (without loading D-Pen) were intranasally administered for 2 h, and the whole brain was resected. One milliliter of radio immunoprecipitation assay lysate was added to the mouse brain homogenates and mixed well overnight, then centrifuged at 13,000 rpm for 30 min. The supernatants were separated into a 1.5 mL centrifuge tube and dropped into the ultrafiltration centrifuge tube (3 kDa molecular weight cut-off) to remove the interference of proteins in the tissue. The centrifuged solutions were freeze-dried, concentrated, and then re-dissolved by adding 1 mL of water. A standard stock solution of D-Pen was prepared at 1 mg/mL. The XBridge peptide BEH C18 (4.6 mm × 250 mm, 5 μm) column was selected, and the temperature was maintained at 25°C. The analysis was performed using 0.1% trifluoroacetic acid–acetonitrile at a flow rate of 1 mL/min and ultraviolet detection (Waters model 998; Waters Corp., Milford, MA, United States) at 254 nm. Concentrations of D-Pen were determined from the chromatographic peak areas.



Behavioral Tests

The Morris Water Maze (MWM) test and nest construction (NC) test were used to assess spatial learning and memory. For the MWM, briefly, the experimental apparatus consisted of a circular plastic pool (100 cm dia. × 40 cm H) and filled with water (23 ± 2°C) colored with non-toxic white paint to obscure the location of a submerged platform. The mice were subjected to a pre-training (visible platform), composed of three trials with intervals of 60 min over 2 days. A limit of 60 s was given for the mice to find the visible platform. Then, the target platform (10 cm × 10 cm) was submerged 1 cm below the water surface and placed at the midpoint of one quadrant. The entire experiment was conducted over a period of 7 days, and mice were given 60 s to find the platform. Twenty-four hours after the last hidden platform test, the hidden platform was removed for the probe trial. The number of times the animal crossed the center of the previous location of the hidden platform within an interval of 60 s was recorded. Swimming was tracked by video SMART v3.0 (Panlab Harvard Apparatus, United States), and the latency, path length, swim speed, and cumulative distance from the platform were recorded. Mean swim latency for each day was evaluated and compared among groups. All analyses were performed by an investigator blind to the experimental conditions.

For the NC test, mice were housed individually in single cages. Ten pieces of paper (5 cm × 5 cm) were introduced into the cage on the first day of testing and observed for 5 days through photographic recording. The quality of the nest was rated along a 5-point scale, as follows (Wang et al., 2018): 1 = no noticeably torn paper; 2 = no noticeably torn paper, with a partially identifiable nest site; 3 = mostly shredded paper but no identifiable nest site; 4 = partially shredded paper, with an identifiable nest; and 5 = all shredded paper, a (near) perfect nest.



Cell Cultures and Treatments

Mouse neuroblastoma (N)2a cells and N2a cells stably overexpressing APP Swedish mutation (N2a-sw) were donated by Professor Huaxi Xu (College of Medicine, Xiamen University) (Thinakaran et al., 1996; Zhang et al., 2009; Bulloj et al., 2010; Huang et al., 2010). The cells were grown on 10-cm tissue culture dishes in 10 mL Dulbecco’s Modified Eagle Medium (DMEM) supplemented with 10% fetal bovine serum (FBS) and N2a-sw were additionally supplemented with 200 μg/mL G418 (10131035, Invitrogen). After undergoing culture in a FBS-free medium for additional 6 h, the cells were treated with 10 and 25 μM D-Pen in FBS-free medium for another 24 h. After starved with DMEM without FBS, N2a-sw cells were pre-incubated with 10 μM GI 254023X, 5 μM H89, and 10 μM U0126 in each separate experiment for 2 h (Durairajan et al., 2011; Shukla et al., 2015; Wang et al., 2018), and then cells were incubated with 10 μM of D-Pen for an additional 24 h.



Primary Culture and Aβ Treatment

The meninges were removed and the cerebral cortices of the C57BL/6 neonatal mice (<24 h) were isolated and rinsed with sterile PBS pH 7.4, and finely minced into small pieces. The minced tissue was then incubated with Papain solution (2 mg/mL) for 30 min at 37°C (Nunez, 2008). The cell suspensions were filtered through the cell strainer (500 μm, BD Company, San Diego, CA, United States) and centrifuged at 500 × g for 10 min and the cell pellets were suspended in plating medium DMEM with L-glutamine (Sigma Aldrich, S. Louis, MI, United States) + 10% FBS + 100 units/mL penicillin + 0.1 mg/ml of streptomycin on poly-L-lysine-coated plates (Corning Company, Corning, NY, United States) at a density of 5 × 106 cells/mL. After the cells were attached, the medium was changed to Neurobasal Medium and B27 supplement (Thermo Fisher, Waltham, MA, United States). Half of the medium was replaced with fresh medium every 3 days.

Aβ42 oligomers were prepared as described previously (Stine et al., 2011). Briefly, human Aβ (1–42) peptide (Sigma Aldrich) was dissolved in 1,1,1,3,3,3-hexafluoro-2-propanol (Sigma) in a chemical fume hood to obtain 1 mM solution. Oligomers were prepared by diluting 10 mM Aβ dimethyl sulfoxide stock to 0.01 mM with PBS and incubated at 37°C for 24 h. Before being added to neurons, Aβ oligomer preparations were diluted to 2 μM with neuronal medium and used to replace the entire medium. Control cultures were treated with the same concentration of dimethyl sulfoxide. After Aβ oligomer treatment for 24 h, the cells were incubated with fresh medium with or without freshly prepared Aβ oligomers and D-Pen (10 or 25 μM) for an additional 24 h.



Inductively Coupled Plasma Mass Spectrometry

The cortex of C57BL/6 mice and APP/PS1 mice (D-Pen-CS/β-GP hydrogel group and control group n = 8 of each group) were weighted, collected following centrifugation and the N2a-sw cell pellets were collected. Both of these pellets were digested in 90% HNO3 at 105°C for 30 min. The samples were then diluted, and the metal content of each diluted solution was detected via inductively coupled plasma mass spectrometry (ICP-MS) using an Agilent Technologies 7500a instrument. Isotopes 63Cu, 56Fe, and 66Zn were chosen for optimal sensitivity of quantification in data acquisition mode (spectral analysis).



Immunohistochemistry

After behavioral test, the mice in the two experimental groups (n = 8 in each group) were anesthetized and half brains were fixed with 4% paraformaldehyde and embedded in paraffin. Briefly, 5-μm coronal sections were treated with a blocking buffer [5% bovine serum albumin (BSA) and 1% normal goat serum] for 1 h and then incubated with mouse monoclonal anti-Aβ antibody (1:500, Table 2) overnight at 4°C. After rinsing, the sections were incubated in biotinylated goat anti-mouse IgG (1:500), and processed with the avidin–biotin–peroxidase (ABC) complex (1:100). Finally, the sections were immersed in 3,3’-diaminobenzidine. Incubation of one section in normal mouse serum (1:100) served as a negative control for non-specific staining.


TABLE 2. List of primary antibodies.

[image: Table 2]
Using unbiased stereological method (West, 1999), labeled SPs counted on 10 sections of each mouse were observed under a Lica DMI4000 B microscope using a 4× objective and images acquired by LAS V4.1 system. The sizes of Aβ-positive plaques in the cortex were measured by NIH ImageJ software. The total number of Aβ-positive plaques in the cortex was estimated using the optical fractionator formula = 1/ssf (slice sampling fraction) × 1/asf (area sampling fraction) × 1/tsf (thickness sampling fraction) × Σ (number of objects counted).



Immunofluorescence Staining and Confocal Laser Scanning Microscopy

Paraffin sections of the cortex were deparaffinized then incubated with a mixture of rabbit anti-glial fibrillary acidic protein (anti-GFAP) antibody (1:500) overnight at 4°C. Primary neurons cultured on coverslips were fixed with 4% PFA in PBS. Fixed primary cultured cells were blocked with a blocking buffer and incubated with a mixture of rabbit anti-ADAM10 antibody (1:500) and MAP-2 monoclonal antibody (1:500, Sigma Aldrich) overnight at 4°C. After rinsing, sections were incubated with Alexa Fluor® 488-conjugated goat anti-rabbit immunoglobulin (IgG) (1:1,000) and Alexa Fluor® 546-conjugated goat anti-mouse IgG (1:1,000) for 2 h at room temperature. Laser scanning confocal microscopy was performed at 400× magnification to measure the average fluorescence intensity (Leica TCS SP8). The antibodies’ details used for Immunofluorescence staining were in Table 2.



Western Blot

The cortex (n = 8 in each group) and the pellets of cells treated with different formulations were homogenized in ice-cold lysis buffer with protease inhibitor cocktail and phosphatase inhibitor cocktail (1:100 each). After centrifugation (12,000 × g, 30 min, 4°C), protein levels were determined using a BCA protein assay kit. Proteins (10 μg) were separated onto 4–12% SDS polyacrylamide gels and transferred onto polyvinylidene fluoride (PVDF) membranes. The membranes were incubated in 5% BSA for 1 h and subsequently incubated with primary antibodies (Table 2) overnight at 4°C. Following treatment with horseradish peroxidase-conjugated anti-rabbit or mouse secondary antibodies (1:5,000, 2 h), the specific protein bands were examined using an enhanced chemiluminescence kit (ECL). Protein intensities were semi-quantitatively analyzed using the NIH ImageJ software.

We examined sAPPα and sAPPβ secretions as previously described (Shukla et al., 2015). The cells (about 5 × 105/dish) were treated with or without D-Pen (10, 25 μM) and/or GI 254023X (10 μM) after reaching 80% confluence in 60-mm dishes. The media (DMEM, 50 μL) were directly subjected to Western blot analysis.



Enzyme-Linked Immunosorbent Assay and Enzymatic Spectrophotometric Methods

Using Human β Amyloid (1-42) enzyme-linked immunosorbent assay (ELISA) High-Sensitive Kit and Human β Amyloid (1–40) ELISA Kit, Aβ1–42, and Aβ1–40 levels were determined in accordance with the manufacturers’ instructions. The activity of protein kinase A (PKA) and cyclic AMP response element binding protein (cAMP) in N2a-sw cells was detected via colorimetry, in accordance with the instructions for the corresponding kits.



Cell Viability

Cell Titer 96® AQueous One Solution Reagent was conducted to evaluate the effect of D-Pen on the viability of N2a cells. 1 × 104 N2a-sw cells per well were seeded in 96-well plates and treated with different concentrations of D-Pen (0.5, 1, 2, 5, 10, 25, 50 μM) for 24 h at 37°C. Subsequently, the cells in 100 μL of culture medium was added 20 μL of Cell Titer 96® AQueous One Solution Reagent in each well and further incubated for 4 h. The absorbance was measured at 490 nm in a microplate reader (Bio-Rad, Laboratories, Inc., Hercules, CA, United States).



Zinc Staining

N-(6-methoxy-8-quinolyl)-p-toluenesulfonamide (TSQ) staining was performed as previously described (Frederickson et al., 1992; Varea et al., 2001). Briefly, N2a-sw cells were cultured in 24-well plates after treatment with D-Pen and immersed in 4.5 μM TSQ solution for 1 min. The zinc reactions were imaged using a fluorescence microscope (Nikon, Ds-Ri1).



siRNA Transfection and Real-Time PCR

The siRNA duplexes against melatonin receptor 1 (MTNR1 α) was designed by us and synthesized by Genepharma with the following sequences. MTNR1α: GGAUCUACUCCUGUACCUUTT (sense) and AAGGUACA GGAGUAGAUCCTT (anti-sense). N2a-sw cells were seeded on 6-well plates and transfected with 50 nM scrambled-siRNA or targeted-siRNA using Lipofectamine RNAiMAX Reagent (13778030, Invitrogen) according to the manufacture’s specifications. Cells were further cultured for 48 h before being treated with D-Pen (10 μM) for 24 h. The knockdown efficiency was validated by real-time PCR.

The total RNA was isolated from N2a-sw cells with scrambled-siRNA or MTNR1α-siRNA using TRIzol reagents (Invitrogen) according to the manufacturer’s instructions. Five-hundred nanogram of template RNA was reverse transcribed to cDNA using Reverse Trasncription System (Promega, A5001) and the obtained cDNA was used to the subsequent PCR reactions. All PCR reactions were performed in a total volume of 20 μL: DNA polymerase activation at 95°C for 2 min, and about 50 cycles for denaturing at 95°C 10 s, annealing at 55°C 10 s and extension at 72°C 30 s. The following PCR primers were used: MTNR1α: forward, GGACCATGAAGGGCAATGTCAG and reverse CCTGAGTTCCTGAGCTTCTTG. GAPDH: forward, TGCGACTTCAACAGCAACTC and reverse, GGTCT GGGATGGAAATTGTG. The mRNA expression was calculated using ΔΔ Ct (threshold cycle, Ct) values normalized to GAPDH.



Statistical Analyses

All the experiments and analyses were conducted with the experimenter blind to drug treatment. For in vitro experiments, all statistical values were from at least three independent experiments. Descriptive statistics were expressed as the mean ± the standard error of the mean (SEM). Comparisons were performed using one-way analysis of variance (ANOVA), followed by Tukey’s post hoc test or two-tailed Student’s t-tests. The statistical significance level was set to ∗p < 0.05 vs untreated control group.




RESULTS


Characterization of D-Pen-CS/β-GP

The hydrophilic nature of D-Pen limits its applications in the treatment of central nervous system diseases. To circumvent this restriction, we designed a D-Pen-CS/β-GP hydrogel and we performed thermo-sensitivity analyses by subjecting the D-Pen hydrogel and water solution to different temperatures. At room temperature (approximately 25°C), both the hydrogel and water solution existed as clear and transparent liquids, and the hydrogel could be maintained in the liquid state for >6 h. When the temperature was increased to 37°C, D-Pen-CS/β-GP transformed into an opaque, white gel (Figure 1A). On scanning electron microscopy, we observed that the CS/β-GP gel exhibited an irregular porous structure, while the CS/β-GP gel loaded with D-Pen (Figure 1B) was rougher and more textured.
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FIGURE 1. Preparation and characterization of D-Pen-CS/β-GP. (A) The D-Pen hydrogel and water solution were examined at different temperatures to analyze their thermosensitivity. (B) Surface characterizations of the CS/β-GP and D-Pen-CS/β-GP gels by scanning electron micrography. (C) FT-IR spectra of the CS/β-GP and D-Pen-CS/β-GP gels. (D) HPLC spectra detected the peaks of D-Pen standard at 4 min and also detected the peaks of D-Pen in the brain after 2 h of PBS, CS/β-GP, D-Pen hydrogel, and D-Pen liquid treatment, respectively.


As shown in Figure 1C, the absorption bands of CS/β-GP gel at 1,612 and 1,350 cm–1 indicated the assignation to the N–H bending of the deacetylated amine (-NH2) and the carbonyl stretching of a non-deacetylated amide (NHC=OCH3; amide I band), respectively. After the chemical reaction, the amine peak for D-Pen-CS/β-GP gel at 1,350 cm–1 was weakened, and such weakening was due to the loading of the D-Pen-CS/β-GP gel. In addition, the CS/β-GP gel contained a –CH2 group only, whereas D-Pen contained both –CH2 and –CH3 groups. Thus, a new absorption band for D-Pen-CS/β-GP gel was observed at 2,970 cm–1. The absorption bands at 2,970 cm–1 represented the -CH3 stretching vibrations of D-Pen. The characteristic absorption peaks of CS/β-GP gel and D-Pen-CS/β-GP gel were also detected in the spectra. The above results indicated that D-Pen was successfully loaded.

Compared with the PBS group, the peak of the D-Pen-CS/β-GP group obviously appeared at 4 min, which indicated that D-Pen was successfully delivered to the brain of AD mice. After 2 h of treatment, the concentration of D-Pen in the D-Pen-CS/β-GP gel group was higher than that in the D-Pen liquid group, while no effective peaks were observed in the PBS group and the CS/β-GP group at 4 min (Figure 1D). Immunohistochemistry results revealed significant differences in Aβ-positive plaques number and shape among the four groups of APP/PS1 mice (Supplementary Figure 2A). In the D-Pen hydrogel group, the number of Aβ-positive plaques decreased, and the plaques were smaller than those in the other three groups (Supplementary Figures 2B,C). The results indicated the effect was significantly better in the D-Pen gel group than in the liquid group, and there was no significant difference between the PBS and CS/β-GP gel groups.



D-Pen-CS/β-GP Chelation and Cytotoxicity in vitro and in vivo

Firstly, N2a-sw cells were cultured with media containing different concentrations of D-Pen solution for 24 h to assess the effect of D-Pen on cell viability. As is shown in Figure 2A, cell viability was inversely related to different D-Pen concentrations. About 10 and 25 μM D-Pen were selected as the administration concentration to N2a-sw cells for 24 h, which lead to a cell viability of 90 and 78%, separately. ICP-MS was used to detect the metal concentrations in cells. Our results indicated that copper was chelated by D-Pen as its cellular concentrations decreased when being treated with 10 and 25 μM D-Pen (Figure 2B), 25 μM D-Pen also reduced the content of iron in N2a-sw cells (Figure 2C). ICP-MS revealed that zinc concentrations also decreased, and TSQ staining confirmed that zinc fluorescence intensity had weakened in the cell media containing 10 and 25 μM D-Pen (Figures 2D,E).
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FIGURE 2. Chelation and cytotoxicity of the D-Pen in vitro. (A) Cell viability of N2a-sw cells incubated with different concentrations of D-Pen for 24 h. All values are presented as the mean ± standard error of the mean (SEM) of at least three independent experiments. (B) ICP-MS revealed that the copper concentrations in N2a-sw cells with medium containing 10 or 25 μM D-Pen. (C) ICP-MS revealed that the iron concentrations in N2a-sw cells with medium containing 10 or 25 μM D-Pen. (D) ICP-MS revealed zinc concentrations in N2a-sw cells with medium containing 10 or 25 μM D-Pen. All values at least three independent experiments are presented as the mean ± standard error of the mean (SEM) by one-way analysis. *p < 0.05, **p < 0.01 compared to N2a-sw cells. (E) TSQ staining verified that zinc fluorescence intensity decreased in N2a-sw cells with medium containing 10 or 25 μM D-Pen. Bar = 30 μm. (F–H) ICP-MS revealed the concentrations of copper, iron, and zinc in the cerebral cortex of C57BL/6 mice, APP/PS1 mice, and D-Pen hydrogel group of APP/PS1 mice. All values are presented as the mean ± SEM (n = 8/each group) by one-way analysis. *p < 0.05 vs C57BL/6 mice, #p < 0.05 vs APP/PS1 mice.


Consistent with previous results (Bush, 2003; Roberts et al., 2012), the iron, zinc, and copper contents in the cerebral cortex of APP/PS1 mice were higher than those in the cerebral cortex of C57BL/6 mice. As an effective metal chelator, D-Pen could chelate the contents of copper, iron, and zinc ions in the brains of AD mice. Although it failed to restore the metal content to normal levels, there was no significant difference in the metal contents compared with those in the cerebral cortex of C57BL/6 mice (Figures 2F–H).



D-Pen-CS/β-GP Improved Cognitive Decline in APP/PS1 Transgenic Mice

In order to examine the therapeutic effect of D-Pen hydrogel, we firstly investigated the nasal administration of D-Pen-CS/β-GP hydrogel exerted neuroprotective effects against AD by evaluating spatial learning and memory abilities of APP/PS1 mice. In the visible platform test, we did not find significant differences in path length (Figure 3A) or escape latency (Figure 3B) between D-Pen treatment and the control groups, indicating that D-Pen treatment did not affect vision and motility in this animal model. In the hidden platform tests after 3 months of intranasal delivery, as training days increased, the distance and time taken for the mice to find the platform in the two groups gradually shortened. APP/PS1 mice treated with D-Pen-CS/β-GP hydrogel exhibited clear improvements in learning ability (Figure 3C). The path length of the control group was about 882.42 mm on day 4, and was about 744.64 mm on day 6. Following D-Pen-CS/β-GP hydrogel treatment, path length was also lower than that observed in control mice on day 4 (p < 0.05) and day 6 (p < 0.05, Figure 3D). Furthermore, the escape latency of control group on day 6 was about 44.85 ms. D-Pen-CS/β-GP hydrogel treatment significantly decreased the escape latency relative to that in controls on day 6 (p < 0.05, Figure 3E). It also significantly increased the incidence of platform crossings (p < 0.05, Figure 3F) compared with the controls. For the non-cognitive behavioral examination, APP/PS1 mice and mice in D-Pen treatment group had the ability to build nests. The average nesting scores of APP/PS1 mice is 1–2 points. The nesting scores of the APP/PS1 mice significantly improved after D-Pen treatment (p < 0.05 for days 3 and 4, Figures 3G,H). These results showed that D-Pen-CS/β-GP hydrogel treatment ameliorated the memory deficits in APP/PS1 mice.
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FIGURE 3. D-Pen-CS/β-GP treatment ameliorated cognitive deficits in APP/PS1 mice. The path length (A) and escape latency (B) did not significantly changed on the visible platform trail. (C) Representative escape routes on the 5 day of the hidden platform test were shown. (D) Swimming distances and (E) escape latency over 7 days of training and memory assessment. (F) A spatial probe test was conducted 24 h after completion of the navigation test, and the number of platform crossings was assessed. (G,H) Mice were individually housed in cages with 10 square pieces of paper. The changes in the mouse bite paper were recorded for five consecutive days by photographic recording. All values are presented as the mean ± standard error of the mean; n = 8 mice per group. *p < 0.05, compared to the vehicle control group (two-tailed Student’s t-test).




D-Pen-CS/β-GP Treatment Enhanced Non-amyloidogenic Processing in vivo

The levels of APP and enzymes involved in APP cleavage affected by D-Pen were examined via Western blot analysis (Figures 4A–D). No significant differences in protein levels of fl-APP were observed between the vehicle and D-Pen groups (p > 0.05, Figures 4A,B). However, there was a modest decrease in the protein level of sAPPβ and a significant increase in sAPPα expression in the D-Pen group, when compared with the levels in control APP/PS1 mice (Figures 4C,D). Furthermore, D-Pen significantly increased the expression levels of ADAM10 containing pro-ADAM10 and mature-ADAM10 (p < 0.05, Figures 4E–G) and reduced BACE1 protein levels in APP/PS1 mice (p < 0.05, Figures 4E,H). However, no specific differences in PS1 or PS2 expression were observed between the two groups (p > 0.05, Figures 4E,I,J). As one of the APP shear products, the numbers of cortical Aβ-positive plaques in APP/PS1 mice were examined via immunohistochemistry. Relative to vehicle treatment, D-Pen-CS/β-GP treatment reduced the number (p < 0.05; Figures 4K,L) of Aβ-positive plaques. Plaque size was also smaller, and plaques became more dispersed in mice treated with D-Pen-CS/β-GP (p < 0.05; Figures 4K,M). Based on our findings, we speculated that the activation of non-amyloidogenic processing may inhibit the production of Aβ and the accumulation of SPs, which may in turn halt the progression of the enhancement of glial cell activity to some extent. GFAP-positive astrocytes with round nuclei and a ramified form with many fine processes were observed around bright, solid SPs in APP/PS1 mice. D-Pen hydrogel weakened the activation of astrocytes around the SPs, which had become more diffuse, with smaller nuclei and shorter processes (Figure 4N). Western blot analysis also revealed that GFAP protein levels had been attenuated by D-Pen treatment (p < 0.05, Figures 4O,P).
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FIGURE 4. D-Pen-CS/β-GP regulated APP processing and reduced the deposition of Aβ in the cerebral cortex of APP/PS1 mice. (A) Western blot analysis revealed the protein bands of APP, sAPPα, and sAPPβ in D-Pen-CS/β-GP hydrogel-treated and control mouse brains. (B–D) Gray value analysis of fl-APP, sAPPα, and sAPPβ protein levels in the mouse cerebral cortex. (E) Western blot analysis showed the protein bands of ADAM10, BACE1, PS1, and PS2 in D-Pen-CS/β-GP hydrogel-treated and control mouse brains. (F–J) The gray value levels of APP-processing proteins, including ADAM10, BACE1, PS1, and PS2, were analyzed with ImageJ software. β-actin was used as an internal control. All values are presented as the mean ± standard error of the mean (SEM) (n = 8). *p < 0.05, **p < 0.01 compared to the vehicle control group (two-tailed Student’s t-test). Aβ immunohistochemistry (K) revealed SPs in the cerebral cortex of D-Pen and control mice. Bar = 30 μm. Representative Aβ plaques in coronal brain sections are shown in the black frame. Plaque numbers and amyloid plaques size (L,M) in coronal sections were analyzed using ImageJ (n = 8). Representative photomicrographs of GFAP/Aβ fluorescent colocalization staining in the cerebral cortex (n = 8). (N) GFAP-immunopositive astrocytes were observed around Aβ-positive plaques in control and D-Pen mice (scale bar = 20 μm). Quantitative analysis revealed that GFAP (O,P) levels were markedly reduced following D-Pen treatment. All values are presented as the mean ± standard error of the mean (SEM). *p < 0.05 compared to the vehicle control group (two-tailed Student’s t-test).




D-Pen-CS/β-GP Treatment Enhanced Non-amyloidogenic Processing in vitro

Our in vitro analyses also indicated that APP processing was affected by D-Pen. In N2a cells overexpressing the APP Sw mutation, Western blot analyses indicated that full-length APP (fl-APP) expression had decreased following the treatment with 10 μM D-Pen (p < 0.05, Figures 5A,B), although these changes were not significant at 25 μM (p > 0.05; Figures 5A,B). Secreted sAPPα protein levels were increased in media not in cell pellets under 10 μM D-Pen treatment (Figures 5C,E,F). The expression of soluble APP-β (sAPPβ) in cells decreased following the treatment with media containing 10 or 25 μM D-Pen (p < 0.05, Figure 5D), while secreted sAPPβ protein levels were not changed in media (p > 0.05, Figures 5E,G). The levels of pro-ADAM10 and mature-ADAM10 expression also increased following the treatment with 10 μM D-Pen (p < 0.05, Figures 5H,I,J). In contrast, 25 μM D-Pen treatments only increased the protein levels of pro-ADAM10. BACE1 protein levels did not change following the initial treatment with 10 and 25 μM D-Pen (p > 0.05; Figures 5H,K) and the same treatments had no significant effect on PS1 and PS2 (p > 0.05; Figures 5L,M). ELISA results revealed that Aβ1-42 secretion into the extracellular space had decreased following treatment with D-Pen (Figure 5N), and the secreted Aβ1-40 in the extracellular space had not changed by the treatment with D-Pen (Figure 5O).
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FIGURE 5. The effect of D-Pen on APP processing in N2a-sw cells. Representative immunoblots and quantification of the expression of APP-processing proteins in N2a-sw cells treated with medium containing 10 and 25 μM D-Pen. (A–D) APP-processing proteins including fl-APP, sAPPα, and sAPPβ were detected by Western blot analysis. (E–G) sAPPα and sAPPβ protein levels were detected in media by Western blot analysis. (H–M) The enzymes involved in ADAM10, BACE1, PS2, and PS1 expression were determined via immunoblot analysis. β-actin was used as an internal control. Data are presented as the mean ± standard error of the mean (SEM) at least three independent experiments by one-way analysis of variance. Extracellular Aβ1-40 and 1-42 secretions (N,O) were measured via enzymatic cleavage assays. Statistical significance in multiple comparisons was determined by one-way analysis of variance, *p < 0.05, **p < 0.01 compared to the control group.


To ensure the effects of D-Pen to ADAM10 expression specifically, we also investigated the expressions of APP and related cleavage enzymes in N2a cells. The result was interesting that there was an expected results with 10 μM D-Pen treatment only increased ADAM10 in N2a cells (Figures 6A–F). Immunofluorescence staining further confirmed that D-Pen could attenuate Aβ oligomer-induced neuronal synaptic damage and ADAM10 expression reduction in primary cortical neurons (Figure 6G). The expressions of mature-ADAM10 reduced by Aβ oligomers were alleviated to different extents by 10 or 25 μM D-Pen treatment, respectively, in primary cortical neurons (Supplementary Figures 3A–G).
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FIGURE 6. The effect of D-Pen on APP processing in N2a cells and D-Pen enhanced expression of ADAM10 in primary neurons injured by Aβ. (A) Representative immunoblots and quantification of the expression of APP and enzymes proteins in N2a cells treated with medium containing 10 and 25 μM D-Pen. (B) The protein levels of APP were detected by Western blot analysis. (C–F) The enzymes involved in ADAM10, BACE1 and PS1 expression were determined via immunoblot analysis. Data are presented as the mean ± standard error of the mean (SEM) at least three independent experiments. Statistical significance in multiple comparisons was determined by one-way analysis of variance ∗p < 0.05 compared to the control group. (G) Representative immunofluorescence images of ADAM10 and MAP-2 staining in primary cortical neuron (scale bar = 25 μm).


Interestingly, the in vitro results showed that 10 μM D-Pen efficiently affected the level of ADAM10 and sAPPα secretion. Considering in vivo and in vitro results, we speculated that the mainly effect of D-Pen might be regulate APP non-amyloid pathway thereby leading to decreases in Aβ production and deposition.



D-Pen Hydrogel Regulated Non-amyloidogenic Processing via Melatonin Receptor 1 and the PKA/ERK/CREB Pathway

Cyclic AMP response element binding protein (CREB) as a nuclear transcription factor stimulates the transcription of the ADAM10 promoter (Shukla et al., 2015). We attempted to verify whether D-Pen promotes ADAM10 expression through CREB activation. Firstly, PKA and cAMP activations were stimulated by D-Pen in vitro treatment (Figures 7A,B). Then, Western blot analyses revealed that the protein levels of p-PKA increased after treatment with D-Pen hydrogel (Figures 7C,D,H,I), and the downstream proteins (p-ERK and p-CREB) exhibited different degrees of upregulation in vivo and in vitro (Figures 7C,E–G,J,K–M). D-Pen treatment also upregulated the expression of the PKA-ERK-CREB pathway in primary neurons injured by Aβ (Supplementary Figures 3H–L). Therefore, we could preliminarily infer that D-Pen regulated the PKA/ERK/CREB signaling pathway according to in vivo and in vitro experiments.
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FIGURE 7. D-Pen upregulated the PKA/ERK/CREB signaling pathway in vitro and in vivo. The cAMP (A) and PKA (B) activation in N2a-sw cells was detected via ELISA. Immunoblotting images (C) and quantification of p-PKA/PKA (D), p-ERK/ERK (E–F), and p-CREB/CREB (G) expression are shown in the figure. β-actin was used as an internal control. N2a-sw cells were treated with 10 or 25 μM of D-Pen in FBS-free DMEM for 24 h. Data are represented as the mean ± standard error of the mean (SEM) at least three independent experiments. (H,J) The cerebral cortices of mice from the vehicle control and D-Pen groups were lysed (n = 5) and quantitation of the proteins including p-PKA, p-ERK1/2, p-CREB, total-PKA, total-ERK1/2, and total-CREB were estimated by Western blot analysis. Levels of p-PKA (I), p-ERK1/2 (K,L), and p-CREB (M) were increased following treatment with D-Pen hydrogel. Statistical significance in multiple comparisons was determined by one-way analysis of variance, *p < 0.05, **p < 0.01 compared to the control group.


We have demonstrated copper chelators can regulate the MTNR signaling pathway to affect APP processing, therefore, we speculated that D-Pen also induced upregulation of ADAM10 via MTNR-dependent process in vitro and in vivo (Galano et al., 2015; Shukla et al., 2015). Firstly, Western blot confirmed that the treatment with D-Pen hydrogel did not affect the expression of MTNR1α and MTNR1β in the cerebral cortex and in N2a-sw cells (Supplementary Figure 4). Then, we knocked down the mRNA expressions of MTNR1α and MTNR1β (Figure 8A and Supplementary Figure 5A) and found that the protein levels of MTNR1α were successfully reduced to approximately 53.84% (Figures 8B,C) and MTNR1β expression was reduced to approximately 50.91% compared with control non-targeting siRNA (Supplementary Figures 5B,C). Western blot results showed that the decrease of MTNR1α expression blocked D-Pen activation of downstream p-PKA, p-ERK, and p-CREB and also inhibited ADAM10 expression (Figures 8D–J). Down-regulation of MTNR1β did not affect the expression of downstream p-PKA, p-ERK, p-CREB, and ADAM10; even D-Pen treatment also failed to activate PKA, ERK, CREB phosphorylation levels and could not increase ADAM10 expression (Supplementary Figures 5D–J).
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FIGURE 8. D-Pen regulated the PKA/ERK/CREB signaling pathway through melatonin receptor-1. (A) Down-regulation of MTNR1α mRNA expression by the recombinant plasmids, respectively. The mRNA expression level was detected by the real-time PCR assay. Immunoblotting images (B) and quantification (C) showed that MTNR1α was downregulated in N2a-sw cells. Immunoblots (D) and quantification results showed p-PKA/PKA (E), p-ERK/ERK (F,G), p-CREB/CREB (H) and pro-ADAM10 (I) or mature ADAM10 (J) in N2a-sw cells with knockdown MTNR1α, following which they were incubated with 10 μM D-Pen. Data are represented as the mean ± standard error of the mean (SEM) at least three independent experiments. Statistical significance in multiple comparisons was determined by one-way analysis of variance, *p < 0.05, **p < 0.01 compared to the control group.


To further elucidate the possible mechanisms of PKA/ERK/CREB in the regulation of ADAM10 expression, we treated N2a-sw cells with the pharmacological PKA inhibitor H89, ERK1/2 inhibitor U0126 or ADAM10 antagonist GI 254023X in the presence or absence of D-Pen (10 μM). The results indicated that both H89 (Figures 9A–G) and U0126 (Figures 9H–M) inhibited the CREB production and decreased the ADAM10 expression that was induced by D-Pen. At the same time, the effects of GI 254023X inhibition affected the increase of ADAM10 expression (Figures 9N,P,Q) and sAPPα secretion (Figures 9O,R) induced by D-Pen treatment. Consistent with our previous observations following tetrathiomolybdate (TM) or bathocuproine sulfonate (BCS) treatment (Wang et al., 2018), D-Pen stimulated the expression of ADAM10 and the secretion of sAPPα via the MTNR1α-dependent signaling pathway.


[image: image]

FIGURE 9. D-penicillamine (D-Pen) regulated the PKA/ERK/CREB signaling pathway to stimulate the expression of ADAM10 and the secretion of sAPPα. (A) N2a-sw cells were treated with 10 μM D-Pen or pretreated with H89 (5 μM) for 2 h, following which they were incubated with 10 μM D-Pen in FBS-free DMEM for 24 h. Quantitation of the proteins, including p-PKA/PKA (B), p-ERK1/ERK1 (C), p-ERK2/ERK2 (D), p-CREB/CREB (E), and pro-ADAM10 (F) or mature ADAM10 (G) were shown. (H) N2a-sw cells were treated with 10 μM D-Pen or pretreated with U0126 (10 μM) for 2 h, following which they were incubated with 10 μM D-Pen in FBS-free DMEM for 24 h. Quantitation of the proteins, including p-ERK1/ERK1 (I), p-ERK2/ERK2 (J), p-CREB/CREB (K), and pro-ADAM10 (L) or mature ADAM10 (M) were analyzed. N2a-sw cells were treated with 10 μM D-Pen or pretreated with GI 254023X (10 μM) for 2 h, following which they were incubated with 10 μM D-Pen in DMEM without FBS for 24 h. Representative images of ADAM10 (N) and sAPPα (O) were shown by Western blot. Moreover, quantification analysis of the proteins, including pro-ADAM10 (P) or mature ADAM10 (Q) and secreted sAPPα (R) in N2a-sw cells were presented in the figure. At least three independent experiments were executed. Data are represented as the mean ± standard error of the mean (SEM) at least three independent experiments. Statistical significance in multiple comparisons was determined by one-way analysis of variance, *p < 0.05, compared to the control group, #p < 0.05, ##p < 0.01 compared to the D-Pen group.





DISCUSSION

In the present study, we focused on the ability of D-Pen to stimulate ADAM10 expression and promote non-amyloidogenic APP processing, which may aid in the treatment of AD. Some studies have shown that the oral D-Pen administration can decrease copper levels in red blood cells and reduce copper-zinc superoxide dismutase activity and that D-Pen nanoparticles can depolymerize copper-Aβ (1–42) aggregates in vitro (Squitti et al., 2002; Cui et al., 2005). In these studies, the ability of D-Pen to penetrate the BBB and the bioavailability of D-Pen were not determined, suggesting that further clarifications were required. Given that its D-Pen hydrophilicity restricts the delivery through the cell membrane and BBB, we developed a novel hydrogel that allows D-Pen transport to the brain. Our results clarified that intranasal administration of D-Pen mainly upregulated ADAM10 expression to achieve better therapeutic effects against AD, which was via MTNR1α and stimulated the PKA/ERK/CREB pathway.

Hydrogel delivery systems are highly biocompatible, enable drugs to bypass the BBB due to their similarity to the native extracellular matrix, and exhibited target drug delivery, reduction of the peripheral toxicity and controlled drug release kinetics (Sosnik and Seremeta, 2017; Aderibigbe, 2018). CS could significantly enhance the delivery of larger peptides and proteins as well as the absorption of low molecular weight polar drugs across the nasal epithelial membrane. The main mechanism involves the interaction of CS with the anionic counterparts in the mucous layer of the nasal cavity through its own positively charged amino group, and instantly opening the tight junction of the olfactory and respiratory epithelial cells in the nasal cavity, thus affecting the permeability of the epithelial membrane (Vllasaliu et al., 2010). In the present study, we focused on the development and characterization of a biocompatible, thermo-sensitive CS gel in which D-Pen could be dissolved. Our sensitivity experiments indicated that the D-Pen gel becomes gelatinous at 37°C. At low temperatures, the glycerol molecules of β-GP form a water barrier surrounding the CS molecules to maintain the native form of CS chains and inhibit their aggregation (Cho et al., 2005). As the temperature increases, the strengthening of CS-CS interactions results in a phase transition from liquid to gel. Thus, the chemical actions of the D-Pen/CS gel do not change, but D-Pen utilization is improved. The high performance liquid chromatography (HPLC) results confirmed that D-Pen delivered from the hydrogel could enter into the brain; however, its targeting was not clear.

As metal ions participate in essential neural functions, removing them with high affinity chelating agents might be problematic (Faux et al., 2010; Wang et al., 2012). However, it is more appropriate to describe AD as a turbation of metal dyshomeostasis, rather than as a simple metal-overload disease. Thus, it is more important to reduce the local aggregation of metal ions and maintain metal homeostasis. Although Mumper et al. demonstrated the ability of D-Pen nanoparticles to degrade copper-Aβ in vitro, they did not explore its release or chelating effects in vivo (Cui et al., 2005). In the present study, the ICP-MS results showed that the contents of iron, copper and zinc in the cerebral cortex of APP/PS1 mice was decreased after D-Pen treatment. In vitro experiments also confirmed that D-Pen reduced intracellular metal content was not associated with cytotoxic effects, indicating that its chelating effects did not affect the normal physiological cell function. D-pen as a metal chelators could capture and bind metal ions which can deplete the total pool of bioavailable metals extracellularly or compete with endogenous ligand (Duce and Bush, 2010). In the present study, we aimed to determine the mechanism by which D-Pen could to halt the progression of AD by activating key enzymes in its non-amyloidogenic pathways. The generation and deposition of Aβ is directly related to the relative proteolytic efficiency of APP in amyloidogenic and non-amyloidogenic pathways. Both in vivo and in vitro experiments confirmed that D-Pen did reduce the number of Aβ-positive plaques and the level of Aβ secretion. In addition to D-Pen chelating metals in senile plaques to reduce the accumulation of Aβ, our in vitro and in vivo results revealed that ADAM10 significantly increased the level of APPα expression in the brain and extracellular space. We insured that D-Pen mainly regulated the expression of ADAM10 and promoted the expression of sAPPα, thereby attenuating Aβ production. During APP cleavage, ADAM10 plays an important role in reducing Aβ generation (Peron et al., 2018). The sAPPα cleavage fragment generated by ADAM10 can largely restore the behavioral and electrophysiological abnormalities of APP-deficient mice (Ring et al., 2007) and rescue the hippocampal neuronal damage induced by neurotoxicity, glucose deprivation, and Aβ toxicity (Furukawa et al., 1996; Barger and Harmon, 1997). If only using a sw-APP model, there was going to be a preferential processing of APP down the amyloidogenic pathway due to the mutation, we demonstrated a similar outcome was observed with endogenously expressed APP in N2a and primary neurons. Therefore, we could speculate that ADAM10 expression was particularly adjusted by D-Pen. Moreover, our results showed that D-Pen could not only increase the expressions of ADAM10 in cells and tissues, but the effects on the expressions of BACE-1 were inconsistent in tissues and cells, which may be due to the activation of non-amyloid pathways. The resulting changes in β-secretases could also be related to the chelation of D-Pen (Stelmashook et al., 2014; Gerber et al., 2017), which requires further research.

Consequently, we investigated the molecular mechanisms by which D-Pen activates ADAM10 expression and stimulates the non-amyloidogenic α-secretase pathway. Previous investigations have reported that melatonin acts via the MTNRs to induce G-protein/PKC/ERK activation and elevate ADAM10 levels in HEK293 and neuronal SH-SY5Y cells, and that α-secretase activity is fully dependent on melatonin receptors (Panmanee et al., 2015; Shukla et al., 2015). In our previous study, we observed that copper chelators induced ADAM10 production, a process controlled by MT1/2/CREB-dependent signaling pathways (Wang et al., 2018). In this context, after knocking down MTNR1α, D-Pen blocked the activations of PKA, ERK and CREB of the MT downstream and did not influence the expression of ADAM10. After knocking down MTNR1β, D-Pen had no effect on the expressions of PKA, ERK, CREB, and ADAM10. The above results indicated that D-Pen selectively regulated downstream signaling pathways through MTNR1α but not through MTNR1β. We observed that D-Pen attenuated the phosphorylation of ERK and CREB, as well as the expression of ADAM10, after blockade by H89 and U0126. Because D-Pen can promote cAMP through G-coupled receptors, we should also consider the indirect effect of cAMP/PKA on CREB. This finding can be explained by the fact that activation of the ERK pathway is known to induce Ser133 residue phosphorylation of CREB and subsequent CREB-dependent gene expression (Kwok et al., 1994; Mei et al., 2006). Combined with the fact that ERK and CREB phosphorylation levels and ADAM10 expression significantly increased by D-Pen treatment alone in vitro and in vivo, we conclude that D-Pen regulated ADAM10 via the PKA/ERK/CREB signaling pathway. Additionally, it cannot be ignored that the D-Pen’s direct function as a metal chelator could competitively compound with zinc, iron and copper to redistribute the metal ions in the brain. Although it is not possible to dismiss the possibility that D-Pen may also act through some additional inducible factors, we can reasonably draw a conclusion based on our experimental results that D-Pen upregulated the transcription and expression of ADAM10 mainly through the activation of CREB. Thus, our results firmly establish that D-Pen treatment upregulated ADAM10 activity by stimulating the MTNR1α/PKA/ERK/CREB signaling pathway. On the other hand, we found that 25 μM D-Pen had little effect on the downstream signaling pathways. The maintenance of cell homeostasis may be a key factor in determining the related proteins of the signaling pathway (Sun et al., 2010; Galano et al., 2015; Boyd et al., 2020). Although the MTT results did not show the effect of D-Pen on the cells survival, the activity of LDH increased and the activity of SOD decreased in the 25 μM D-Pen medium (data not shown). These results indicated that 25 μM D-Pen had an impact on the homeostasis of the intracellular environment, and no obvious effect on the expressions of the downstream proteins. Althrough, more data, such as the changes in the apoptosis-related factors and autophagy signaling pathways etc, are required in future research.

In accordance with these findings, D-Pen improved the learning and memory abilities in the AD model employed in the present study. The production of a neuroprotective sAPPα fragment attenuated the learning deficit of the double-transgenic ADAM10 × APP[V717I] mice (Postina et al., 2004). However, we could not determine whether Aβ reduction or sAPPα production plays the key role based on behavioral tests and cell survival experiments. There are still some aspects of our research that need to be supplemented. For example, it has proven that D-Pen could reduce the contents of metal ions in the brain, but its therapy on metal dyshomeostasis related effects needs to be further improved exploration. Although we established a method of nasal gel administration that improves the bioavailability of D-Pen, the release profiles of D-Pen in the nervous system and drug toxicology require further validation.



CONCLUSION

Our findings showed that D-Pen-CS/β-GP hydrogel treatment activated the ADAM10 via MTNR1α pathway, which significantly relieved Aβ burden and ameliorated behavioral deficits in APP/PS1 mice. These results highlight the role of ADAM10 as a key therapeutic target for D-Pen, indicating that the D-Pen may be an effective drug for the targeted treatment of AD pathology.
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P301S transgenic mice are an animal model of tauopathy and Alzheimer’s disease (AD), exhibiting tau pathology and synaptic dysfunction. Cornel iridoid glycoside (CIG) is an active ingredient extracted from Cornus officinalis, a traditional Chinese herb. In the present study, the purpose was to investigate the effects and mechanisms of CIG on tau pathology and synaptic dysfunction using P301S transgenic mice. The results showed that intragastric administration of CIG for 3.5 months improved cognitive impairments and the survival rate of P301S mice. Electrophysiological recordings and transmission electron microscopy study showed that CIG improved synaptic plasticity and increased the ultrastructure and number of synapse. Moreover, CIG increased the expression levels of N-methyl-D-aspartate receptors (NMDAR) subunits GluN1, GluN2A, and GluN2B, and α-amino-3-hydroxy-5-methyl-4-isoxazole propionic acid receptor (AMPAR) subunit GluA1. We inferred that the major mechanism of CIG involving in the regulation of synaptic dysfunctions was inhibiting the activation of Janus kinase-2 (JAK2)/signal transducer and activator of transcription 1 (STAT1) signaling pathway and alleviating STAT1-induced suppression of NMDAR expressions. Based on our findings, we thought CIG might be a promising candidate for the therapy of tauopathy such as AD.
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INTRODUCTION

Alzheimer’s disease (AD) is a common neurodegenerative disease characterized by progressive dementia and results in an enormous emotional and financial burden in the patients and society worldwide (Jia et al., 2020). Under normal conditions, microtubule-associated protein tau functions to regulate microtubules assembly and stability. However, hyperphosphorylated tau tends to accumulate into oligomers, paired helical filaments (PHFs), and eventually intracellular neurofibrillary tangles (NFTs), which are toxic to the synapses and neurons and lead to the impaired cognitive impairments in AD (Gong and Iqbal, 2008). Besides AD, hyperphosphorylated and pathological tau is also a character of tauopathies, a series of diseases including corticobasal degeneration, frontotemporal dementia with parkinsonism-17, and Pick’s disease (Šimić et al., 2016). Rescue of synaptic and neuronal connectivity loss by inhibition of tau pathology is reported as the most promising treatment for tauopathies, such as AD (Iqbal et al., 2018).

Many studies have demonstrated the existence of hyperphosphorylated tau formulated oligomers in the brain of patients and transgenic animal models (Ren and Sahara, 2013). P301S transgenic mouse PS19 strain was generated by Yoshiyama et al. (2007). Filamentous tau lesions began to develop in P301S mice since 6 months of age and progressively accumulated in association with neuronal loss at 9–12 months of age (Yoshiyama et al., 2007). Remarkably, hippocampal synapse loss and impaired synaptic functions were detected in 3-month-old P301S mice before NFTs emerged (Yoshiyama et al., 2007). In vivo measurement of glutamate loss is reported to be in association with synapse loss and synaptic dysfunction in P301S mice (Crescenzi et al., 2014). These results showed that synaptic pathology might be one of the earliest neurotoxic consequences of pathogenic human tau expression in animal models of tauopathy.

Cornel iridoid glycoside (CIG) is the active ingredient extracted from Cornus officinalis, which is a widely known traditional Chinese herb used for treating age-related neurodegenerative diseases and dementia. In our previous study, we found that CIG ameliorated cognitive functions, increased neuronal survival and expression of neurotrophic factors in the rat brain post traumatic injury, and inhibited tau hyperphosphorylation in the brain of senescence-accelerated mouse P8 (SAMP8) (Ma et al., 2016, 2018). Our studies also showed that CIG inhibited tau hyperphosphorylation and pathology by regulating protein phosphatase 2A (PP2A) both in vivo and in vitro (Yang et al., 2013; Ma et al., 2019). Moreover, we recently found that CIG alleviated the synaptic dysfunctions in tau transgenic rTg4510 mice (Ma et al., 2020). However, the mechanism by which CIG improves synaptic dysfunction in tauopathy remains unclear. In the present study, we applied P301S transgenic mice to investigate the pharmacological effects and underlying mechanisms of CIG on tau pathology and synaptic functions.



MATERIALS AND METHODS


Drugs

Cornel iridoid glycoside was extracted from the sarcocarp of Cornus officinalis Sieb. et Zucc, as described in our previous article (Yao et al., 2009). The main active compounds of CIG were morroniside and loganin, in which morroniside accounted for 67% and loganin 33%, and the remaining 30% contain some small peaks, which were unable to be separated, purified, and identified. Memantine, as the positive control drug in this study, was purchased from H. Lundbeck A/S (Lot No. 47195). Recent studies found that memantine could inhibit tau hyperphosphorylation and pathology as an approved drug for AD (Folch et al., 2018).



Animals and Their Assigned Groups

P301S transgenic mice of PS19 strain (male and female in half) were generated as previously reported by the Nanjing Biomedical Research Institute of Nanjing University, China (Yoshiyama et al., 2007). All mice were housed under standard temperature conditions and a light–dark cycle (12:12), with free access to food and water. All animal care and experimental procedures were performed according to the requirements of the provisions and general recommendations of Chinese Experimental Animal Administration Legislation and the National Institutes of Health guide for the care and use of laboratory animals. The present study was approved by the Bioethics Committee of Xuanwu Hospital of Capital Medical University.

P301S transgenic mice were randomly assigned to P301S Tg group (treated with saline), three groups of three-dose CIG treatment P301S mice (50, 100, and 200 mg/kg, respectively), and memantine-treated P301S mice group (5 mg/kg); n = 20 for each group. Forty non-transgenic littermates were randomly assigned to nTg control group and nTg mice treated with CIG (100 mg/kg) group; n = 20 per group. Drugs were dissolved in saline and intragastrically administered once a day for 3.5 months from 9 to 12.5 months of age. Control and model groups intragastrically received an equal volume of saline.



Objective Recognition Test

A white plastic chamber was located in a quiet room dimly with illumination of 40 lx. On Day 1, mice were allowed to adapt to the chamber for 5 min. On Day 2, they were re-introduced in the chamber for 5-min exploration with two clean plastic objects located at two opposite sides of the arena. On Day 3, one of the objects was replaced with a new object, and mice were re-placed in the chamber to start a 5-min object recognition test. Cumulative time spent in object exploration was recorded and used to calculate a memory discrimination index (DI): DI = (N − F)/(N + F), where N is the elapsed time of exploring the new object and F is the time spent exploring the familiar object. A higher DI value represented better memory ability.



Y-Maze Test

The Y maze consists of three identical arms, each of which is 30 cm × 10 cm × 25 cm (length × width × height). The angle of each arm was 120°. Arms are labeled A, B, and C. The apparatus was placed 40 cm above the floor. Each mouse was placed at the end of one arm and allowed to move freely through the maze during an 8-min session. The arm entry sequences were recorded (e.g., ABCBAC). A series of entries into all three arms on consecutive occasions were defined as an actual alternation. The maximum alternation was the total number of arm entries minus two. The percentage of alternation was calculated using the following formula: (actual alternations/maximum alternations) × 100% (Sun et al., 2017).



Hippocampal Slice Recordings

Procedures for hippocampus slice preparation and electrophysiological recordings followed a well-established protocol (Takeuchi et al., 2015; Gelman et al., 2017). Brains were rapidly removed from anesthetized mice and submerged in cold artificial cerebrospinal fluid (ACSF) continuously bubbled with 95% O2/5% CO2. The ACSF composition in mM was as follows: 124 NaCl, 2.5 KCl, 1.2 NaH2PO4, 24 NaHCO3, 5 HEPES, 12.5 D-glucose, 2.0 CaCl2, and 1.5 MgSO4. Transverse slices (380 μm thick) containing hippocampus were prepared using a vibrating blade microtome (Leica, VT 1,000 S, Germany) and pre-incubated in an incubation chamber with oxygenated ACSF at room temperature for at least 1 h before use. Slices were transferred to an interface chamber that was continually superfused with ACSF at a rate of 3 ml/min. Slices were maintained at 32 ± 1.5°C while recording. The field excitatory postsynaptic potentials (fEPSPs) were evoked by a constant stimulation in the Schaffer collaterals with a microelectrode (glass microelectrode filled with ACSF with resistance of 3–4 MΩ) and recorded in the stratum radiatum layer of CA1 with a bipolar electrode filled with ACSF. The stimulus intensity was set to evoke about 40% of the maximal amplitude of fEPSPs. After the baseline measurements were recorded, long-term potentiation (LTP) was induced by high-frequency stimulation (three 1-s, 100-Hz stimulus trains delivered 10 s apart), and responses were recorded for 60 min after the stimulation using a Axopatch 700B amplifier and a Digidata 1440A data acquisition device (Axon Instruments, CA, United States) controlled by pClamp10.5 software. The normalized LTPs are quantified as the mean percentage of baseline fEPSP slope by Clampfit10 software.



Transmission Electron Microscopy

After behavioral testing, three mice in each group were anesthetized and perfused with 2.5% glutaraldehyde. The brains were harvested, and small brain block of 1 mm3 were cut from the hippocampus and fixed with 2.5% glutaraldehyde for 4-6 h and in 1% osmium tetroxide for 2 h at 4°C. Ultrathin sections were prepared by ethanol dehydration and epoxy resin embedding and then stained with uranyl acetate solution and lead citrate solution. After rinsing, the ultrastructure of the synapse was observed using a JEM 2100 transmission electron microscope (Nissan Chemical Industry Co., Ltd., Tokyo, Japan) and photographed. From each section, 10 fields of vision were randomly photographed at a magnification of 4,000 × for counting the number of synapses.



Immunohistochemical Staining of AT8

For histochemical analysis of the brain, mice were anesthetized and perfused transcardially with 0.01 M of phosphate-buffered saline (PBS) (pH 7.4) and 4% paraformaldehyde in 0.01 M of PBS. The brain was removed and then switched to 30% sucrose/0.1 M of PBS. After being frozen in isopentane, the brain tissues were cut in serial, 30-μm-thick horizontal sections in a cryostat slicer (CM1900, Leica, Germany). The brain sections were exposed to 3% H2O2 for 10 min, blocked by 5% normal goat serum in PBS for 60 min, and then incubated with AT8 (1:200, an antibody against PHF tau phosphorylated at Ser202/Thr205; Thermo Fisher Scientific, United States) at 4°C overnight. The sections were incubated with a goat anti-mouse non-biotin detection system (Zsbio, China) at 37°C and visualized using 3,3′-diaminobenzidine (DAB) substrate kit (Zsbio, China). Sections were counterstained with hematoxylin, dehydrated in ascending concentrations of ethanol, and coverslipped. Slices were imaged using the Olympus microscope (BX51, Olympus, Japan) and Pixera TWAIN View Finder Pro system. Images were quantified using IHC Profiler and threshold in ImageJ software.



Western Blotting

The brain tissue of four mice in each group was homogenized in ice-cold lysis buffer containing 50 mM of Tris–HCl (pH 7.4), 150 mM of NaCl, 2 mM of EGTA, 1% Non-idet P-40, 0.1% sodium dodecyl sulfate (SDS), 0.5% sodium deoxycholate, phosphatase, and protease inhibitor cocktail (Merck Millipore, Germany). Homogenates were centrifuged at 12,000 × g for 20 min at 4°C, and supernatants were collected and stored at −80°C. Consequently, protein concentration was determined using a BCA Protein Assay Kit (Thermo Fisher Scientific, United States).

Proteins were separated on SDS–Tris-glycine polyacrylamide gel and transferred to polyvinylidene difluoride (PVDF) membrane. The membranes were then blocked with 5% non-fat milk in Tris-buffered saline–Tween 20 consisting of 10 mM of Tris–HCl, 100 mM of NaCl, and 0.05% Tween-20 and incubated with primary antibodies at 4°C overnight. The primary antibodies used in this study were tau5 (cat. no. 577801, anti-total tau, 1:1,000, Merck Millipore, Germany), T22 (cat. no. ABN454, anti-tau oligomers, 1:1,000, Merck Millipore, Germany); anti-phosphorylated (p)-tau at Ser396 (pS396, cat. no. 44-752G, 1:1,000, Thermo, United States); anti-GluN1 (cat. no. ab193310), anti-GluN2A (cat. no. ab169873), anti-GluN2B (cat. no. ab65783), anti-GluA1 (cat. no. ab31232), anti-GluA2 (cat. no. ab20673), anti-signal transducer and activator of transcription 1 (STAT1, cat. no. ab155933, 1:1,000), and anti-phosphorylated STAT1 (Tyr701, cat. no. ab29045) purchased from Abcam, United States; anti-Janus kinase-2 (JAK2, cat. no. 3230), anti-phosphorylated JAK2 (Tyr1007/1008, cat. no. 3771) and anti-GAPDH antibodies (cat. no. 5174, 1:1,000, Cell Signaling Technology, United States). After incubation with horseradish peroxidase-conjugated anti-rabbit or anti-mouse IgG antibody (1:2,000) for 1 h, immune complex was detected by enhanced chemiluminescence (ECL) detection reagents (Merck Millipore, Germany). Intensity of the bands on membranes was analyzed using Multi Gauge V3.0 (Fuji Pharma, Japan).



Statistical Analysis

All data were analyzed and plotted using Prism version 5.0 software (GraphPad Software Inc., United States) and one-way ANOVA followed by a Dunnett’s post hoc test to determine statistical significance among groups. Surviving rate was analyzed using Kaplan–Meier analysis. Numerical data were provided as mean ± standard error of the mean (SEM), and P value less than 0.05 was considered to be statistically significant.



RESULTS


Cornel Iridoid Glycoside Improves Cognitive Impairment and Survival Rate of P301S Transgenic Mice

Object recognition test indicates recognition cognitive ability of P301S transgenic mice. The results showed that DI in P301S Tg mice was evidently lower than that in nTg mice (P < 0.01); CIG (50, 100, and 200 mg/kg) treatment in P301S mice significantly elevated DI in P301S mice (P < 0.05, P < 0.01; Figure 1A). Spontaneous alternation behavior in Y maze was performed to evaluate the spatial learning and memory abilities of mice. The present study showed that the percentages of alternation behavior in Y maze of P301S Tg mice were remarkably lower than those in nTg mice (P < 0.05; Figure 1B), and CIG treatment at 100 and 200 mg/kg evidently increased the percentages of alternation behavior of P301S mice (P < 0.05; Figure 1B). These results indicated that CIG ameliorated the non-spatial and spatial cognitive impairments in P301S Tg mice.
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FIGURE 1. Cornel iridoid glycoside (CIG) improved cognitive impairments and survival rate of P301S transgenic mice. CIG was intragastrically administered to P301S mice for 3.5 months. (A) Discrimination index (DI) in object recognition test. (B) Percentage of alternation behavior (alternation index) in the Y-maze test. (C) Survival rate of 9-month-old P301S mice after treatment. Data are expressed as mean ± SEM; n = 12–20 each group. #P < 0.05, ##P < 0.01, P301S transgenic mice vs nTg control mice; *P < 0.05, **P < 0.01, drug-treated P301S mice vs saline-treated P301S mice. nTg, non-transgenic control mice; nTg + CIG(M), non-transgenic control mice treated with CIG (100 mg/kg, medium dose); P301S, vehicle-treated P301S mice; P301S + CIG(L), CIG (50 mg/kg, low dose)-treated P301S mice; P301S + CIG(M), CIG (100 mg/kg, medium dose)-treated P301S mice; P301S + CIG(H), CIG (200 mg/kg, high dose)-treated P301S mice; P301S + Mem, P301S mice treated with 5 mg/kg of memantine.


P301S mice have shortened survival time due to tauopathy and hindlimb paralysis (Yoshiyama et al., 2007). During the period from 9 to 13 months of age, many P301S mice died, showing a more sharper surviving rate than nTg mice (P < 0.01; Figure 1C). P301S mice treated with CIG showed higher surviving rate than P301S model group (P < 0.05, P < 0.05; Figure 1C). These results indicated that CIG increased the survival rate and prolonged the life span of P301S mice.



Cornel Iridoid Glycoside Protects Synaptic Plasticity and Synapse Ultrastructure in the Hippocampus of P301S Mice

Synaptic dysfunction is an early feature of AD and is believed to be the basis of cognitive impairment. Synaptic plasticity plays an important role in learning and memory, which can be measured by LTP. Brain slices from P301S mice showed lower fEPSP slope, indicating less responsiveness to stimulation than those from nTg mice, and CIG treatment increased fEPSP slope of P301S mice (Figure 2A). The normalized LTP at the 60 min after stimulation in P301S mice group was significantly decreased (P < 0.05), and CIG treatment at 100 mg/kg evidently elevated the normalized LTP (P < 0.05, Figure 2B).
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FIGURE 2. Cornel iridoid glycoside (CIG) protects synaptic plasticity and synapse ultrastructure in the hippocampus of P301S mice. (A) Long-term potentiation (LTP) was induced by high-frequency stimulus trains after 30-min baseline stimulation. The field excitatory postsynaptic potentials (fEPSPs) were recorded for 60 min. (B) Statistical analysis of average LTP responses between 0 and 60 min after high-frequency stimulus trains. (C) Representative images of the ultrastructure of synapses in the hippocampus of mice detected by transmission electron microscopy (yellow arrow). Magnification: 4,000 × scale bar = 1 μm. (D) Quantitative analysis of the number of synapses in the hippocampus of mice. Data are expressed as mean ± SEM; n = 6 each group. #P < 0.05, ##P < 0.01, P301S transgenic mice vs nTg control mice; *P < 0.05, **P < 0.01, drug-treated P301S mice vs saline-treated P301S mice. nTg, non-transgenic control mice; P301S, P301S transgenic mice; CIG(L), CIG 50 mg/kg, low dose; CIG(M), CIG 100 mg/kg, medium dose; CIG(H), CIG 200 mg/kg, high dose; Mem, memantine 5 mg/kg.


To investigate the effect of CIG on the synaptic loss, we assessed the synaptic ultrastructure and density in the CA1 area by transmission electron microscopy. Compared with nTg mice, P301S mice displayed blurred structures and fewer synapses (P < 0.01; Figures 2C,D). CIG treatment protected the synapse ultrastructure and significantly increased the number of synapses in the hippocampus of P301S mice (P < 0.01; Figures 2C,D). These results indicated that CIG ameliorated synapse loss and the synaptic plasticity deficits (impaired LTP) in P301S mice.



Cornel Iridoid Glycoside Increased the Expression of N-Methyl-D-aspartate Receptors and α-Amino-3-hydroxy-5-methyl-4-isoxazole Propionic Acid Receptors in the Brain of P301S Mice

On postsynaptic membrane, N-methyl-D-aspartate receptor (NMDAR) and α-amino-3-hydroxy-5-methyl-4-isoxazole propionic acid receptor (AMPAR) are closely in association with synaptic plasticity and normal cognitive functions. In the present study, we detected the expression levels of NMDAR subunits GluN1, GluN2A, and GluN2B and AMPAR subunits GluA1 and GluA2 in the brain of P301S mice using Western blotting analysis. The results showed that the expression levels of GluN1, GluN2A, GluN2B, GluA1, and GluA2 significantly declined in the brain of P301S mice (P < 0.05; Figure 3); and CIG treatment evidently increased the expressions of GluN1, GluN2A, GluN2B, and GluA1 (P < 0.05, P < 0.05; Figure 3), suggesting that CIG might protect synapse by increasing the expression of NMDARs and AMPAR GluA1 in the brain of P301S mice.
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FIGURE 3. Cornel iridoid glycoside (CIG) increased the expression of NMDARs and AMPARs in the brain of P301S transgenic mice. (A) Representative images of Western blotting for NMDAR subunits GluN1, GluN2A, and GluN2B and AMPAR subunits GluA1 and GluA2 in the brain of mice. Quantification of Western blotting for NMDAR subunits GluN1 (B), GluN2A (C), and GluN2B (D) and AMPAR subunits GluA1 (E) and GluA2 (F) in the brain of P301S mice. Quantification of blots after normalization with GAPDH, and the numerical value of nTg group was taken as 1. Data are expressed as mean ± SEM; n = 4 each group. #P < 0.05, P301S transgenic mice vs nTg control mice; *P < 0.05, **P < 0.01, drug-treated P301S mice vs saline-treated P301S mice. Sal, saline-treated; NMDARs, N-methyl-D-aspartate receptors; AMPARs, α-amino-3-hydroxy-5-methyl-4-isoxazole propionic acid receptors.




Cornel Iridoid Glycoside Inhibited Tau Hyperphosphorylation and Accumulation in the Brain of P301S Mice

Immunohistochemical staining of AT8 (against PHF-tau phosphorylated at Ser202/Thr205) indicated tau hyperphosphorylation and aggregation in the cerebral cortex and hippocampus of P301S mice compared with nTg mice (P < 0.01); CIG treatment evidently reduced tau hyperphosphorylation and aggregation detected by AT8 staining in the cerebral cortex, hippocampus CA1, CA3, and DG area of P301S mice (P < 0.05, P < 0.01; Figures 4A–E).
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FIGURE 4. Cornel iridoid glycoside (CIG) inhibited tau phosphorylation and accumulation in the brain of P301S transgenic mice. (A) Representative images of immunohistochemical staining of AT8 in the cerebral cortex, and hippocampus CA1, CA3, and DG areas of mice. Scale bar = 50 μm. Quantitative analysis of integrated optical density (IOD) of AT8 in the cerebral cortex (B) and hippocampus CA1 (C), CA3 (D), and DG (E) areas of mice. (F) Representative images of Western blotting for tau5 (total tau), T22 (tau oligomers), monomer (low exposure), and oligomers (high exposure) of phosphorylated (p)-tau at Ser396 (pS396) in the brain of mice. Quantification of Western blotting for tau5 (G), T22 (H), pS396-tau oligomers [140∼170 kDa, (I)], and monomer [∼55 kDa, (J)]. Quantification of blots after normalization with GAPDH, and the numerical value of nTg group was taken as 1. Data are expressed as mean ± SEM; n = 3 per group for immunohistochemical staining; n = 4 per group for western blotting. ##P < 0.01, ###P < 0.001, P301S transgenic mice vs nTg control mice; *P < 0.05, **P < 0.01, drug-treated P301S mice vs saline-treated P301S mice.


Western blot analysis showed that the expression of total tau (using tau5 antibody), tau oligomers (using T22 antibody), monomer, and oligomers of phosphorylated (p)-tau at Ser396 increased obviously in the brain of P301S mice, compared with the nTg mice (P < 0.01, P < 0.001; Figures 4F–J). CIG treatment declined the levels of total tau oligomers, monomer (55 kDa) and oligomers of phosphorylated (p)-tau at Ser396 (140∼170 kDa, P < 0.05, P < 0.01; Figures 4F–J). These results suggest that CIG reduced tau phosphorylation and accumulation in the brain of P301S mice.



Cornel Iridoid Glycoside Treatment Inhibited the Janus Kinase-2/Signal Transducer and Activator of Transcription 1 Pathway in the Cerebral Cortex of P301S Mice

JAK2/STAT1 signaling pathway was reported to be involved with the decreased expression of NMDARs induced by tau pathology (Li et al., 2019). In our present study, we found that the expression level of phosphorylated JAK (p-JAK2, Tyr1007/1008), phosphorylated STAT1 (p-STAT1, Tyr701), and total STAT1 were evidently increased in P301S mice compared with nTg mice (P < 0.01; Figure 5). CIG treatment significantly decreased the expression levels of p-JAK2, p-STAT1, and STAT1 (P < 0.05, P < 0.01; Figure 5). These results indicated that JAK2/STAT1 pathway was activated in the brain of P301S mice, and CIG treatment inhibited the activation of JAK2/STAT1 pathway.
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FIGURE 5. Cornel iridoid glycoside (CIG) treatment inhibited the JAK2/STAT1 signaling pathway in the brain of P301S mice. (A) Representative images of Western blotting for JAK2, phosphorylated JAK2 (Tyr1007/1008, p-JAK2), and STAT1, phosphorylated STAT1 (Tyr701, p-STAT1) in the brain of mice. Quantification of Western blotting for JAK2 (B), p-JAK2 (C), STAT1 (D), and p-STAT1 (E) in the brain. Data are expressed as mean ± SEM; n = 4 each group. ##P < 0.01, P301S transgenic mice vs nTg control mice; *P < 0.05, **P < 0.01, drug-treated P301S mice vs saline-treated P301S mice. JAK2, Janus kinase-2; STAT1, signal transducer and activator of transcription 1.





DISCUSSION

In the present study, intragastric administration of CIG for 3.5 months improved cognitive behaviors in objective recognition test and Y maze task and increased the survival rate of P301S transgenic mice. CIG treatment improved synaptic survival and plasticity, inhibited tau hyperphosporylation and accumulation, increased the expression of NMDARs and AMPARs, and inhibited the activation of JAK2/STAT1 signaling pathway.

Instead of binding to tubulin for microtubule assembly, hyperphosphorylated tau reduces microtubule stabilization, sequesters normal tau from microtubule, and aggregates themselves without inducer molecules (Iqbal et al., 2009). A large body of former studies suggest that tau oligomers may be more cytotoxic than fibrillar aggregates (Lasagna-Reeves et al., 2011; Shafiei et al., 2017). Tau oligomers have been reported to be found in large percentages of synaptic areas in AD patients, suggesting a toxic role of tau oligomers in normal synaptic transmissions (Tai et al., 2014). Several tau transgenic mice models show the structural alterations and electrophysiological changes of synapse (Jadhav et al., 2015). P301S mice begin to show synaptic loss and impaired synaptic function at 3 months of age, which is earlier than the formulation of filamentous tau lesions (Yoshiyama et al., 2007). As tau oligomers are reported to be an early stage in tau pathology in tau Tg mice models, we infer that tau oligomers might be involved in the synaptic dysfunctions in P301S mice.

Recently, the molecular mechanism underlying tau-induced synapse impairment has been discovered by Li et al. (2019). They found that tau accumulation impaired synaptic plasticity through JAK2/STAT1-induced suppression of NMDAR expression. NMDAR and AMPAR belong to ionotropic glutamate receptors and play an important role in synaptic transmission and synaptic plasticity (Zhang et al., 2016). In our previous and present study, we found reduced expression levels of NMDAR and AMPAR in tau Tg mice, including rTg4510 mice (expressing P301L mutant human tau) and P301S mice (expressing P301S mutant human tau) (Ma et al., 2020). And CIG treatment increases the expression of NMDAR and AMPAR in the brain of tau Tg mice, which might partly explain the mechanisms of CIG’s protective effects on synaptic impairments.

The JAK/STAT signaling pathway is reported to be involved in many pathophysiological processes including cell survival, development, and inflammation. JAK2, as a tyrosine kinase, is activated upon intracellular tau accumulation and involved in STAT1 phosphorylation (Quelle et al., 1995; Li et al., 2019). Phosphorylation of STAT1 at Tyr701 is the activated form of this transcription factor, stimulating its activation, dimerization, nuclear translocation, and DNA binding (Liddle et al., 2006). STAT1 can directly bind to the special GAS elements on NMDAR promoters and thus directly block the expression of NMDAR subunits, including GluN1, GluN2A, and GluN2B (Li et al., 2019). In the present study, we found increased expression level of p-JAK2, STAT1, and p-STAT1, indicating the activation of JAK2/STAT1 signaling pathway in the brain of P301S mice. Moreover, we found the decreased expression of GluN1, GluN2A, and GluN2B in the brain of P301S mice, and CIG treatment significantly reversed these changes. Based on these results, we inferred that CIG increased NMDAR expression by inhibiting the accumulation of tau and the activation of JAK2/STAT1 signaling pathway.

In our previous studies, we found CIG showed protective effects on synaptic impairments in several disease models, including vascular dementia, traumatic brain injury, and tauopathy (Ma et al., 2018, 2020; Wang et al., 2020). Furthermore, CIG was reported to inhibit microglia activation through suppression of the JAK/STAT signaling pathway in vitro and in an experimental autoimmune encephalomyelitis animal model (Yin et al., 2014; Qu et al., 2019). Tau pathology was reported to be involved in several central nervous system (CNS) diseases, including AD, vascular dementia, traumatic brain injury, and multiple sclerosis (Hu et al., 2018; Chidambaram et al., 2020; Mirzaii-Dizgah et al., 2020; Shi et al., 2020). We inferred that the inhibition of tau accumulation and JAK2/STAT1 pathway activation might underlie the common mechanism of CIG’s pharmacological effects on NMDAR expression and synaptic dysfunction in CNS disorders.



CONCLUSION

The current study demonstrated that intragastric administration of CIG for 3.5 months inhibited tau hyperphosphorylation and accumulation into oligomers, increased the expression of NMDARs and AMPARs, improved synaptic plasticity and synapse ultrastructure, and finally resulted in improvement of cognitive functions and survival rate of P301S transgenic mice. The major mechanism of CIG involved in the regulation of synaptic dysfunction was inhibiting the activation of JAK2/STAT1 signaling pathway and STAT1-induced suppression of NMDAR expression. Based on our findings, CIG might be a promising candidate for the prevention of tauopathy such as AD.
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Alzheimer’s disease (AD) is the most common age-related progressive neurodegenerative disease, characterized by a decline in cognitive function and neuronal loss, and is caused by several factors. Numerous clinical and experimental studies have suggested the involvement of gut microbiota dysbiosis in patients with AD. The altered gut microbiota can influence brain function and behavior through the microbiota–gut–brain axis via various pathways such as increased amyloid-β deposits and tau phosphorylation, neuroinflammation, metabolic dysfunctions, and chronic oxidative stress. With no current effective therapy to cure AD, gut microbiota modulation may be a promising therapeutic option to prevent or delay the onset of AD or counteract its progression. Our present review summarizes the alterations in the gut microbiota in patients with AD, the pathogenetic roles and mechanisms of gut microbiota in AD, and gut microbiota–targeted therapies for AD. Understanding the roles and mechanisms between gut microbiota and AD will help decipher the pathogenesis of AD from novel perspectives and shed light on novel therapeutic strategies for AD.
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INTRODUCTION

Alzheimer’s disease (AD), the most common form of age-related dementia, is characterized clinically by insidious onset of memory and cognitive impairment, emergence of psychiatric symptoms and behavioral disorders, and impairment of activities of daily living (Scheltens et al., 2021). The early clinical symptoms of AD are nonspecific including changes in thinking or unconscious behavior, memory impairment with respect to new information, and dysfunctional changes in language and speech, while its consequences are fatal and irreversible at the time of diagnosis. Current therapies for AD are only available for symptomatic relief, but thus far, no treatment is available to delay or reverse disease progression. AD is recognized as a common cause of an estimated 60–80% of cases of dementia, ranking as the sixth leading cause of death in the United States (Alzheimer’s Association, 2018). As an age-related progressive neurodegenerative disease, the prevalence of AD is rapidly increasing worldwide especially among the elderly (age > 60 years). According to current statistics, nearly 50 million people worldwide suffer from AD or AD-related dementia (Alzheimer’s Association, 2018). Based on a national survey conducted by the National Bureau of Statistics, China’s elderly population reached 254 million at the end of 2019, making up about 18.1% of the total population, and by 2050, nearly 35% will be aged 60 years or older. With the rapid increase in the aged population, 10 million Chinese people have lived with AD, and the number will exceed to 30 million by 2050, ranking first in AD cases in the world. The annual socioeconomic cost per AD patient was United States $19,144.36, and the total cost was United States $167.74 billion in 2015. The annual total costs are predicted to reach United States $507.49 billion in 2030 and United States $1.89 trillion in 2050 (Jia et al., 2018). Taken together, the above statistics indicate that AD not only affects morbidity or mortality but also affects the socioeconomic and health care burden in China (Jia et al., 2018; Cui et al., 2020). Although tremendous efforts have been made to treat AD, no efficient disease-modifying therapeutics are available, partially because of the limited understanding of the disease pathogenesis.

Numerous studies in recent decades have focused on elucidating the etiopathology of AD, but its pathogenesis remains unclear, and no therapeutic strategy is available to cure this disease. Various molecular, biochemical, and cellular abnormalities such as cell loss, impaired energy metabolism, increased activation of signaling pathways, amyloid-β (Aβ) deposits, mitochondrial dysfunction, chronic oxidative stress, impaired energy metabolism, and DNA damage are involved in the pathogenesis of AD (Guo et al., 2020; Zhang Y. X. et al., 2020; Zolochevska and Taglialatela, 2020; Ashford et al., 2021). The neuropathological hallmarks of AD include the formation of senile plaques and neurofibrillary tangles in specific brain regions that lead to synaptic loss and neuronal death (Khan and Hegde, 2020; Mattsson-Carlgren et al., 2020; Konijnenberg et al., 2021). Since 1984, the “amyloid hypothesis” of AD has continued to gain support, particularly from genetic studies (Glenner and Wong, 1984). Extracellular Aβ deposition (including Aβ40 and Aβ42), produced by protease cleavage of the type I transmembrane amyloid precursor protein (APP), can cause secondary pathological changes such as hyperphosphorylation of tau (p-tau), neuroinflammation, oxidative stress, and neurite degeneration, eventually leading to AD (Hardy and Selkoe, 2002). Compelling evidence suggests that Aβ deposition can activate microglia and recruit astrocytes, leading to a local inflammatory response, which may contribute to neuronal degeneration and cell death. In the last few decades, studies have provided growing evidence for a central role of Aβ and tau as well as glial contributions to various molecular and cellular pathways in AD pathogenesis (Guo et al., 2020). Accumulation of Aβ fibrils is thought to be an initiating factor in AD and necessary for the formation of tau aggregates (Goedert, 2018). Normal tau is essential for neuron extension configuration, cell polarization, and axonal transport, while hyperphosphorylation of tau leads to instability of the cytoskeleton, collapse of microtubules, synaptic failure, impairment of communication, and neuronal death (Zhang M. et al., 2020). Recently, the link between Aβ and tau in AD has been clarified. Mattsson-Carlgren et al. (2020) found that Aβ deposition is associated with increases in the levels of soluble and phosphorylated tau that precede positive tau positron emission tomography (PET) in AD. Johnson et al. (2016) demonstrated that quantitative tau by PET has been shown to correlate with cognitive performance in AD even more robustly than Aβ. Cerebrospinal fluid (CSF) Aβ and tau can target and disrupt synapses thus driving cognitive decay, which can be used as biomarkers for AD diagnosis (Holtzman et al., 2011). These CSF and imaging biomarkers combined with several relatively new clinical criteria can aid diagnosis in living patients (Ritchie et al., 2017; Weller and Budson, 2018; Leuzy et al., 2021); however, the definitive diagnosis of AD still requires postmortem evaluation of brain tissue.

Alzheimer’s disease is a multifactorial neurodegenerative disease caused by several critical factors including genetic and non-inheritable components such as aging, variables related to the environment, lifestyle habits, and describe the potential role of apolipoprotein E, viral and bacterial infection, insomnia, and gut microbiota (Guo et al., 2020). Although genetics has been described to play the most important role in the etiology of AD, environmental factors such as gut microbiota are also strongly believed to contribute to their development and/or manifestation (Cenit et al., 2017). Gut microbiota composition has been shown to contribute to the regulation of social behavior, stress resistance, and cognitive functions (Foster and McVey Neufeld, 2013). Heijtza et al. (2011) reported that germ-free mice display reduced anxiety-like behavior in tests such as the light/dark test. Previous clinical studies have suggested that individuals with microbial dysbiosis caused by intestinal diseases are at high risk to develop AD (Caini et al., 2016; Chen et al., 2016). Recent studies have focused on gut microbiota alterations and their possible impact on brain function and neurodegenerative diseases such as AD (Cattaneo et al., 2017; Vogt et al., 2017; Zhuang et al., 2018; Li B. et al., 2019; Liu P. et al., 2019; Ling et al., 2021a,b). Mounting evidence suggests that gut microbiota influences not only gastrointestinal physiology but also brain function and behavior (Diaz Heijtz et al., 2011; Desbonnet et al., 2015). There is a bidirectional relationship between the brain, gut, and gut microbiota, which is referred to as the microbiota–gut–brain axis (Cryan and Dinan, 2012; Burokas et al., 2015). The widely accepted concept of “microbiota–gut–brain axis” has been established for nearly 15 years, which can help decipher the neurobiological mechanisms underpinning the influence exerted by gut microbiota on brain function and behavior. Currently, a body of preclinical and to a lesser extent epidemiological evidence supports the notion that host–microbiota interactions play a vital role in brain development and function and in the etiology of neurodevelopmental disorders. The human gut microbiota comprise an enormous number of microorganisms, nearly 100 times larger than our own cells, and play crucial roles in human development, physiology, immunity, and nutrition, sometimes called the “second brain” (Dinan and Cryan, 2017; Sochocka et al., 2019). Continuous dynamic cross-talk between the gut and the brain is facilitated by neuronal, endocrine, metabolic, and immune pathways (Morais et al., 2021; Wilmes et al., 2021), which have been considered as the biological and physiological basis of psychiatric, neurodevelopmental, age-related, and neurodegenerative disorders such as AD. Gut microbiota and the brain communicate with each other via various routes which include: (i) regulating immune activity and the production of proinflammatory cytokines (e.g., IL-1β, IL-6, and IL-17A) or anti-inflammatory cytokines (e.g., IL-4 and IL-10) that can either stimulate the hypothalamic-pituitary-adrenal axis to produce corticotropin-releasing hormone, adrenocorticotropin hormone and cortisol, or directly impact on central nervous system (CNS) immune activity; (ii) production of short-chain fatty acids (SCFAs), branched chain amino acids, and peptidoglycans; (iii) the production of neurotransmitters (e.g., acetylcholine, GABA, dopamine, and serotonin) that may enter circulation and cross the blood-brain barrier; (iv) modulating tryptophan metabolism and downstream metabolites, serotonin, kynurenic acid and quinolinic acid; (v) affecting vagus nerve and the enteric nervous system; (vi) impacting enterochromaffin cells by SCFAs and indole (Kennedy et al., 2017; Cryan et al., 2019; Morais et al., 2021). These mechanisms can mediate gut microbiota by actively participating in the development of various brain disorders, including AD. Studies in germ-free animals and animals exposed to pathogenic microbial infections, antibiotics, probiotics, or fecal microbiota transplantation (FMT) have shown the role of gut microbiota in host cognition or pathogenesis related to AD (Jiang et al., 2017). Microbiota-gut-brain axis signaling has uncovered a new era in psychiatry that is expected to provide novel targets for the diagnosis and treatment of psychiatric disorders and decipher their pathogeneses. A current novel tenet supports the idea that AD pathogenesis is not only closely related to gut microbiome imbalance but may also originate in the gut. In the present review, we will discuss the alterations in the gut microbiota in patients with AD, the pathogenetic roles and mechanisms of gut microbiota in AD, and gut microbiota-targeted therapy for AD. Understanding the roles and mechanisms between gut microbiota and AD will help decipher the pathogenesis of AD from novel perspectives and shed light on novel therapeutic strategies for AD in the future.



ALTERATIONS IN GUT MICROBIOTA IN PATIENTS WITH AD

The human body, consisting of 1013 human cells and 1014 commensal microbiota (the revised estimates placing the ratio of human to bacteria cells to an approximate 1:1 ratio), is considered as a human superorganism whose integrity is pivotal for health (Sender et al., 2016). Approximately 95% of commensal microorganisms in the human body are located in the gut. The human gut microbiota is influenced by multiple and diverse factors, including physiological factors (age, ethnicity, origin, and environment) and others linked to external factors, such as hygiene, dietary habits, antibiotics, and probiotics (Guarner, 2007; Ziegler-Graham et al., 2008). Gut microbiota has been identified and proposed to be a key modulator of human health, to the extent that it has been proposed to be an “essential organ” of the human body. Gut microbiota is involved in important homeostatic processes, not only related to gastrointestinal function but also to several complex modulatory processes, such as glucose and bone metabolism, inflammation and immune response, and peripheral (enteric), and central neurotransmission (De-Paula et al., 2018). Growing evidence has revealed that gut microbiota participates actively in the development of obesity, diabetes, cancers, aging, autoimmune diseases and even neuropsychiatric disorders such as depression and AD (Jiang et al., 2015; Zhang et al., 2015; Cattaneo et al., 2017; Zhao et al., 2018; Li B. et al., 2019; Ling et al., 2019, 2021a,b; Liu X. et al., 2019; Liu X. et al., 2020; Cheng et al., 2020; Sun et al., 2021). As mentioned by Cani, gut microbiota may be “at the intersection of everything,” being implicated in virtually all physiological or pathological situations (Cani, 2017). Technological improvements, especially multi-omics techniques, have facilitated the growth of microbiota research and the rapid expansion of knowledge over the past few years has helped to reinforce our understanding of gut microbiota and AD (Gilbert et al., 2018). Currently, researchers have paid more attention to gut microbiota research on neurochemistry, neurophysiology and neuropsychiatry. More recently, several clinical studies have proposed that dysbiosis of gut microbiota is a key factor that influences brain function and behavior through the microbiota–gut–brain axis, leading to the development of AD (Cattaneo et al., 2017; Vogt et al., 2017; Zhuang et al., 2018; Haran et al., 2019; Li B. et al., 2019; Liu P. et al., 2019; Guo et al., 2021; Ling et al., 2021a,b). Morris et al. (2017) reported that 85% of patients with dementia have different gut microbiota compositions from the healthy population. Although there are significant interpersonal variations, gut dysbiosis, especially several specific bacterial taxa, has been found to be involved in the pathogenesis of AD. Several observational studies mentioned above, most case-control designs, investigated the relationship between gut microbiota and AD in different countries and ethnicities (Table 1). Although geography exerts a strong effect on human gut microbiota variations (He et al., 2018), compelling evidence indicates that pathological changes in gut microbiota play vital roles in modulating the microbiota–gut–brain axis and actively participate in the etiopathogenesis of AD. Vogt et al. (2017) first performed a comprehensive survey with bacterial 16S rRNA gene sequencing to characterize the bacterial taxonomic composition of fecal samples from United States participants with and without a diagnosis of dementia because of AD. They discovered that the microbiome of patients with AD has decreased microbial richness and diversity and a distinct composition compared to asymptomatic age- and sex-matched control participants. The phylum abundance of Firmicutes and Actinobacteria decreased significantly, whereas Bacteroidetes were enriched in patients with AD. At the genus level, Bifidobacterium, SMB53 (family Clostridiaceae), Dialister, Clostridium, Turicibacter, and cc115 (family Erysipelotrichaceae) were all less abundant, whereas Blautia, Phascolarctobacterium, Gemella, Bacteroides, Alistipes and Bilophila were all more abundant in participants with ADs. Interestingly, the levels of these differential key functional bacteria correlated with CSF biomarkers of AD pathology such as Aβ42/Aβ40, p-tau and p-tau/Aβ42, which suggested that the altered AD microbiome can link the neuropathological changes in AD. Another Italian study conducted by Cattaneo et al. (2017) enrolled 10 cognitively healthy amyloid-negative controls, 40 cognitively impaired amyloid-positive patients, and 33 cognitively impaired amyloid-negative patients. They measured the abundance of selected bacterial taxa using stool samples in gut microbiota, including Escherichia/Shigella, Pseudomonas aeruginosa, Eubacterium rectale, E. hallii, Faecalibacterium prausnitzii, and Bacteroides fragilis with quantitative PCR. A lower abundance of E. rectale and a higher abundance of Escherichia/Shigella were found in amyloid-positive patients compared to both healthy controls and amyloid-negative patients. A positive correlation was observed between pro-inflammatory cytokines IL-1β, NLRP3, and CXCL2 with abundance of the inflammatory bacteria taxon Escherichia/Shigella and a negative correlation with the anti-inflammatory E. rectale. This study provided direct evidence that gut microbiota composition may drive peripheral inflammation, contributing to brain amyloidosis and, possibly, neurodegeneration and cognitive symptoms in AD. Another United States clinical study enrolled 108 nursing home elders (51 no dementia, 24 AD elders and 33 other dementia types) and were followed up for up to 5 months; longitudinal stool samples were collected for metagenomic analysis and in vitro T84 intestinal epithelial cell functional assays for P-glycoprotein expression, a critical mediator of intestinal homeostasis (Haran et al., 2019). They identified numerous microbial taxa (increased abundance of: Bacteroides spp., Alistipes spp., Odoribacter spp. and Barnesiella spp.; decreased: Lachnoclostridium spp.) and functional genes that act as predictors of AD dementia in comparison to older adults without dementia or with other dementia types, which could induce lower P-glycoprotein expression levels in vitro. The AD microbiome is characterized by a lower proportion and prevalence of bacteria with the potential to synthesize butyrate such as members of the Butyrivibrio (B. hungatei and B. proteoclasticus) and Eubacterium (E. eligens, E. hallii, and E. rectale), Clostridium sp. strain SY8519, Roseburia hominis, and F. prausnitzii, as well as higher abundance of taxa that are known to cause proinflammatory states including Odoribacter splanchnicus and Bacteroides vulgatus. Machine learning approaches that combine both metagenomic and clinical data, they have demonstrated that the AD microbiome can affect intestinal health via dysregulation of the P-glycoprotein pathway. This work provides an important advance to bridge the gap in how the AD microbiome can potentially adversely and affect intestinal epithelial homeostasis via dysregulation of the P-glycoprotein pathway.


TABLE 1. Clinical microbiome studies in Alzheimer’s disease.

[image: Table 1]
Several Chinese AD microbiome studies have also confirmed significant differences in the composition of gut microbiota between healthy individuals and patients with AD, although there were substantial differences across studies. Among the 43 Chinese patients with AD and 43 age- and gender-matched cognitively normal controls from Chongqing (China), Zhuang et al. (2018) found that abundance of Bacteroidetes increased and that of Actinobacteria decreased at the phylum level, while number of Bacteroides, Ruminococcus, and Subdoligranulum increased and that of Lachnoclostridium decreased at the genus level in the Chinese AD microbiome. Another study conducted by Liu P. et al. (2019) enrolled 97 participants, including 33 patients with AD, 32 with amnestic mild cognitive impairment (aMCI), and 32 healthy controls from Hangzhou (China) to explore the differences in the microbiome among the three groups. This study characterized gut microbiota in elderly Chinese patients with AD and specifically compared the composition of gut microbiota in the different clinical stages of AD. The AD microbiota in patients of both stages with aMCI and dementia of AD was markedly different from that in HCs, and the altered gut microbiota was significantly correlated with the clinical parameters of AD, especially those indicators representing the severity of AD. Based on the predominant key functional bacteria, they constructed discriminating models that could effectively distinguish aMCI and AD from HC, as well as AD from aMCI. Notably, the abundant family of phylum Proteobacteria, Enterobacteriaceae, was found to be associated with AD, which can help distinguish AD from both aMCI and HC. Similar to Liu’s study, Li B. et al. (2019) also investigated alterations in the gut microbiota and blood microbiota in patients with AD and MCI. They identified differences between AD and normal controls in 11 genera from the feces (increased abundance in AD: Dorea, Lactobacillus, Streptococcus, Bifidobacterium, Blautia, and Escherichia; decreased abundance in AD: Alistipes, Bacteroides, Parabacteroides, Sutterella, and Paraprevotella) and 11 genera from the blood (increased abundance in AD: Propionibacterium, Pseudomonas, Glutamicibacter, Escherichia, and Acidovora; decreased abundance in AD: Acinetobacter, Aliihoeflea, Halomonas, Leucobacter, Pannonibacter, and Ochrobactrum) after adjusting for possible confounding factors (age, sex, BMI, and constipation). Quantitative PCR confirmed increased Escherichia and Lactobacillus abundance and decreased Bacteroides abundance in feces in participants with AD and MCI, while there was a significantly negative relationship between amyloid burden and relative abundance of Lactobacillus. However, no differences in genera between AD and MCI were detected, which is inconsistent with Liu’s study. This may imply that alterations in the gut microbiota may occur several years before the onset of dementia, although MCI has a much lower decline in cognitive abilities than AD. They also found that fecal Akkermansia is positively correlated with medial temporal atrophy, while higher levels of Fusicatenibacter, Blautia, and Dorea (in the family Lachnospiraceae) were associated with lower MMSE scores and those of Faecalibacterium, Butyricicoccus, and Hungatella (in the family Clostridiaceae) were related to higher MMSE scores. Gut microbiota in healthy controls does not show AD or MCI-like pattern microbiota, which helps differentiate between normal aging and AD. Using the diagnostic model from fecal samples with all different genera input, 93% (28 of 30) of patients with MCI could be identified correctly. Another Chinese group also determined gut microbiome in patients with MCI or AD. This study excluded the influence of medications or other interventions on AD. Using 16S rRNA sequencing, the changing patterns of gut microbiota were similar in patients newly diagnosed with AD and MCI, with increased β-diversity, decreased Bacteroides, Lachnospira, and Ruminiclostridium_9 abundance, and increased Prevotella abundance at the genus level compared with healthy controls (Guo et al., 2021). Inconsistent with the data from the United States cohort, they found that the abundance of potentially protective bacteria such as Bacteroides decreased notably in participants with AD and MCI (Cattaneo et al., 2017; Zhuang et al., 2018; Li B. et al., 2019), which could be explained by its ability to protect the intestinal barrier and reverse gut leakiness.

More recently, our group also investigated alterations in the gut microbiota from a relatively larger cohort, including 100 Chinese patients with AD and 71 age- and sex-matched, cognitively normal controls. We found that structural changes in the fecal microbiota were evident in Chinese patients with AD, with decreased alpha-diversity and altered beta-diversity indices (Ling et al., 2021b), which was different from previous studies (Vogt et al., 2017; Zhuang et al., 2018; Liu P. et al., 2019; Guo et al., 2021). This study demonstrated that the abundance of butyrate-producing genera such as Faecalibacterium decreased significantly, which was positively correlated with clinical indicators such as the MMSE, WAIS, and Barthel scores in patients with AD. In contrast, abundance of lactate-producing genera, such as Bifidobacterium, increased prominently and were inversely correlated with these indicators. As far as the lactate-producing genera were concerned, the traditional probiotics such as Bifidobacterium were enriched in patients with AD, which suggested that the genera of Bifidobacterium may play vital roles in the pathogenesis of AD. Similar results were also found in patients with Clostridium difficile infections (Ling et al., 2014). This indicated that the lactate-producing bacteria, which have been studied extensively in food science and nutrition, are not always beneficial for the human body. Of course, their function should be evaluated cautiously in vitro and in vivo at the strain level. In addition, as a next-generation probiotic, Akkermansia (a typical strain of A. muciniphila), plays an important role in metabolic modulation, immune regulation, and gut health protection (Zhai et al., 2019). However, Akkermansia in Chinese patients with AD had the strongest negative correlations with clinical indicators such as MMSE, WAIS, and Barthel scores. Previous studies also found that A. muciniphila was identified as a key propionate-producing and mucin-degrading organism that is correlated with hippocampal atrophy (Morrison and Preston, 2016; Li B. et al., 2019). Increased levels of Akkermansia were observed in gut microbiota of patients with Parkinson’s disease (PD) (Nishiwaki et al., 2020). Based on our observations, Akkermansia cannot always be considered a potentially beneficial bacterium; it might be harmful to the gut–brain axis in the context of AD development in the elderly. Similar to the changing patterns of Lactobacillus and Bifidobacterium, caution should be exercised in future probiotic design and supplementation protocols for patients with AD. In a recent prospective clinical study, patients with AD were administered a mixture of probiotics containing both Lactobacillus and Bifidobacterium strains. However, probiotic supplementation has an insignificant effect on either cognitive or biochemical indications in patients with severe AD (Agahi et al., 2018). Faecalibacterium (typical strain F. prausnitzii), a major member of the Firmicutes phylum, is considered to be among the most important bacterial indicators of a healthy gut and can modulate inflammation at the gut epithelium level (Sokol et al., 2008). Decreased Faecalibacterium abundance is found in many intestinal disorders and frail (Van Tongeren et al., 2005). A decrease in Faecalibacterium, Coprococcus, Blautia, and Prevotella abundance was also observed in PD (Gerhardt and Mohajeri, 2018). Similar to Haran’s findings, the levels of Faecalibacterium and other butyrate-producing genera, including Roseburia, Gemmiger, Coprococcus, and Butyricicoccus, decreased dramatically in the AD microbiome, which indicated that their metabolites such as butyrate had protective effects in AD development (Haran et al., 2019). Based on the receiving operating characteristic curves, we found that these AD-associated key functional genera such as Bifidobacterium, Faecalibacterium, Roseburia, Akkermansia, Lactobacillus, and Enterococcus can be used as noninvasive biomarkers to discriminate patients with AD from healthy controls. Similar to Li’s findings (Li B. et al., 2019), this study also found that functional dysbiosis, especially the microbial gene functions related to metabolism and biosynthesis of fatty acids, are overactivated in the gut microbiota of patients with AD. Recently, we also explored the alterations in the fungal microbiota in Chinese patients with AD for the first time (Ling et al., 2021a). Fungi are suggested to influence intestinal health and disease by suppressing the outgrowth of potential pathogens, promoting immunoregulatory pathways, and modulating host metabolism (Huseyin et al., 2017; Ni et al., 2017; Sam et al., 2017; Chin et al., 2020). In contrast to previous reports that only focused on gut bacteria, this descriptive study found that the composition of the fungal microbiota was significantly altered. Gut fungal microbiota has been recognized as a novel and important player in the pathophysiology of intestinal and extraintestinal diseases (Huseyin et al., 2017) and is known to have a profound influence on modulating local and peripheral immune responses (Li X. V. et al., 2019). Discordant results in the abovementioned studies, not only the bacterial diversity but also the composition of gut microbiota, may depend on the significant interpersonal variations of gut microbiota. Both physiological and external factors are often unstable over time, influencing gut microbiota. In a two-sample bi-directional Mendelian randomization study, which overcomes the bias owing to confounding and reverse causation, Zhuang et al. (2020) found a protective effect of the host-genetic-driven increase in Blautia levels on the risk of AD (per relative abundance: OR, 0.88; 95% CI, 0.79–0.99; P = 0.028). Taken together, these cross-sectional clinical studies from different geographical provenances found gut dysbiosis in patients with AD, which indicated a possible involvement of gut microbiota in the development of AD pathology. However, it is still a challenge to establish a causal relationship between the changes in gut microbiota and AD.

Recently, many animal models have been used to explore the causative effects of key gut bacteria in the development of AD. The most commonly used ideal AD model is APP/PS1 transgenic double mice (such as 5 × FAD mice), which express special neurons in the CNS with a chimeric mouse/human amyloid precursor protein (APP) and a mutant human presenilin 1 (PS1). The presence of mutated transgenes (APP and PS1) is the basis for the genetic form of AD in humans (Brandscheid et al., 2017). Previous studies have found that APP/PS1 transgenic mice present detectable gut microbiota alterations after 3 months of age (Brandscheid et al., 2017; Chen Y. et al., 2020), being more pronounced after 6 months of age compared to wild-type animals. Thus, APP/PS1 transgenic mice can be used to evaluate dysbiosis related to memory alterations. Cuervo-Zanatta et al. (2021) found that gut microbiota alterations and cognitive impairment are sexually dissociated in APP/PS1 transgenic mice. Interestingly, alterations in the gut microbiota and its byproducts have been reported in subjects with AD and APP/PS1 transgenic mice in a sex-dependent manner, having a direct impact on brain Aβ pathology in male but not in female mice. There are sex-dependent differences in cognitive skills in wild-type mice, favoring female mice, whereas the cognitive advantage of females was lost in APP/PS1 mice. Sex differences in gut microbiota composition were observed mainly in transgenic mice, with more severe dysbiosis in male than in female mice. Specifically, a decreased abundance of Ruminococcaceae was associated with cognitive deficits in transgenic female mice, while butyrate levels were positively associated with better working- and object recognition memory in wild-type female mice, which implies that sex itself exerted specific influences on the composition of the microbiota in AD pathology. Not only altered in the gut microbiota, Park J. Y. et al. (2017) also demonstrated that serum from APP/PS1 transgenic AD mice demonstrate abundant microbial genomic DNA from gut microbiota derived extracellular vesicle. Without various confounding factors such as human beings, the APP/PS1 mouse models with identical genetic backgrounds and environmental factors can help elucidate the sex-related differences in AD pathology, as the pathological and cognitive differences may be associated only with sex.

Gut microbiota-derived amyloids, similar to CNS amyloids, may contribute to the pathology of progressive neurological diseases with an amyloidogenic component. Similar to patients with AD, Aβ deposits have been observed within the gastrointestinal tract of transgenic mice (Honarpisheh et al., 2020; Sun et al., 2020a). Previous studies have demonstrated that distinct microbial constitutions can influence the development of cerebral amyloidosis (Harach et al., 2017). In germ-free APP transgenic mice, they found a drastic reduction in cerebral Aβ amyloid pathology when compared to control mice with gut microbiota. Both biochemical levels of Aβ and the extent of compact Aβ plaques were consistently decreased in the brains of APP transgenic mice without gut microbiota. After re-colonization of the gut microbiota from conventionally raised APP transgenic mice, but not wild-type mice, the levels of cerebral Aβ increased obviously in the germ-free APP transgenic mice, indicating that alterations in the gut microbiota can directly regulate cerebral Aβ deposition. Gram-negative species such as Streptomyces, Bacillus, Pseudomonas, and Staphylococcus produce vast quantities of functional amyloids, which can induce cytokine production, inflammation, phagocytosis, and innate immune defense responses that directly impact CNS homoeostasis and drive neuropathology when the gastrointestinal tract epithelial and BBB become significantly more restructured and permeable (Hill and Lukiw, 2015). Zhan et al. (2016) found that lipopolysaccharides (LPS) and E. coli fragment K99 colocalize with amyloid plaques in postmortem brain tissue from patients with AD. Higher levels of LPS and E. coli fragment K99 can promote myelin aggregates that colocalize with Aβ and resemble amyloid-like plaques. In addition, Javed et al. (2020) found that FapC amyloid fragments (FapCS) of Pseudomonas aeruginosa display favorable binding with Aβ and a catalytic capacity to seed peptide amyloidosis, contributing to the aggregation and toxicity of Aβ. The robust seeding capacity for Aβ by FapCS and the biofilm fragments derived from P. aeruginosa entailed abnormal behavior pathology and immunohistology and impaired cognitive function in zebrafish. The data revealed a direct cross-seeding linkage between pathogenic bacterial amyloid protein seeds and elevated Aβ fibrillization, neurotoxicity, and AD-like pathologies in a zebrafish model for the first time. A previous clinical study also found that several gut species, such as Bacillus subtilis, Escherichia coli, Klebsiella pneumonia, Mycobacterium spp., Salmonella spp., Staphylococcus aureus, and Streptococcus spp., are associated with the production of amyloid fibers (Li B. et al., 2019). These amyloid fibers are capable of crossing the intestinal and BBB, and Aβ protein can be deposited in the CNS and promote AD pathogenesis (Larsen et al., 2010; Oli et al., 2012; Pistollato et al., 2016; Paranjapye and Daggett, 2018). Another study in APP/PS1 transgenic mice has found that the gut microbiota alterations with enrichment of inflammation-related bacterial taxa including Escherichia-Shigella, Desulfovibrio, Akkermansia, and Blautia precede the development of key pathological features of AD, including amyloidosis and plaque-localized neuroinflammation (Chen Y. et al., 2020). Dodiya et al. (2020) also found that synergistic alterations in the gut microbial consortia, rather than individual antimicrobial agents, underlie the observed reductions in brain amyloidosis in APPPS1-21 AD transgenic mice. Sun et al. (2020c) used a novel dementia mouse model to study the influence of gut Aβ on CNS histopathology and function. The researchers observed that enteric Aβ administration produced cognitive impairment and AD-like histopathologies in brain tissue, which provided novel evidence that gut Aβ induces cognitive deficits and AD-related histopathology. Their findings implied that AD may arise in the gut before the brain, opening the possibility of new strategies for the early diagnosis and prevention of AD (Chen Y. et al., 2020; Sun et al., 2020e; Vonderwalde and Finlayson-Trick, 2021). In addition, both in vitro (Kumar et al., 2016; Spitzer et al., 2016) and in vivo (Kumar et al., 2016) studies have demonstrated that Aβ exerts anti-microbial properties in animal models. A recent study conducted by Dos Santos Guilherme et al. provided the first evidence that acute in vivo exposure to Aβ results in a shift in gut microbiota, while chronic exposure to Aβ can trigger an adaptive response of gut microbiota, which could result in dysbiosis in model mice and human patients (Dos Santos Guilherme et al., 2020). Sun et al. (2020c) also demonstrated that Aβ load is likely to occur initially in the gastrointestinal tract and may translocate to the brain, inducing an alteration in gastric function, amyloidosis in the CNS, and AD-like dementia via vagal mechanisms. The cross-talk between gut microbiota and amyloids in AD animal models might provide direct interaction evidence in the pathogenesis of AD targeting the microbiota–gut–brain axis, which may provide new avenues for developing diagnostic biomarkers and therapeutic targets for AD. However, the exact causal molecular mechanisms of gut microbiota in the pathogenesis of AD require further investigation.



MECHANISMS OF GUT MICROBIOTA IN THE PROGRESSION OF AD

Recent clinical and experimental studies have shown alterations in the gut microbiota in patients with AD. Studies in germ-free animals and animals exposed to pathogenic microbial infections, antibiotic or probiotic intervention, and FMT have suggested a role of gut microbiota in host cognition or AD-related pathogenesis. Despite these growing connections between gut microbiota and brain functions, our understanding of the precise mechanisms underlying these effects is currently lacking. Bidirectional communication along the gut–brain axis links peripheral intestinal function with emotional and cognitive brain centers via neuro-immuno-endocrine mediators, opening a novel avenue to decipher the etiopathogenesis of AD. As mentioned above in the microbiota–gut–brain axis, gut dysbiosis may be involved in the onset and progression of AD through multiple pathological processes resulting from Aβ abnormality, tau phosphorylation, neuroinflammation, neurotransmitter dysregulation, and oxidative stress, which have attracted attention from both gastroenterologists and neurobiologists (Dalile et al., 2019). During dysbiosis, these pathways are dysregulated and associated with altered permeability of the blood-brain barrier and neuroinflammation (Rutsch et al., 2020). The increased permeability of the gut and blood-brain barrier, resulting in large amounts of amyloids and LPS leaking into the circulatory system may contribute to the modulation of signaling pathways and the production of proinflammatory cytokines associated with the pathogenesis of AD. Browne et al. (2013) also reported that dysfunction of the immune system induced by inadequate stimulation of immunity may result in an increased risk of AD through the T cell system. Several studies have found that the functionality of regulatory T (Treg) cells, the fundamental elements of Th1-mediated inflammation, is impaired in patients with AD (Saresella et al., 2010; Pellicanò et al., 2012). Inadequate Treg function in these patients increases the risk of conversion from MCI to AD (Dansokho et al., 2016) while individuals with adequate Treg function may stay longer in the MCI phase (Larbi et al., 2009). In addition, gut dysbiosis-induced peripheral immune responses can propagate bacterial and pro-inflammatory signals to the brain (Matheoud et al., 2019; Madore et al., 2020). Recent microbial endocrinology studies also found that neuroactive molecules such as neurotransmitters produced by gut microbes directly contribute to the communication between the gut and the brain (Yano et al., 2015; Pokusaeva et al., 2017; Sun et al., 2020a). These neurotransmitters including 5-hydroxytryptophan (5-HT), dopamine, acetylcholine, γ-aminobutyric acid (GABA), and serotonin, produced by bacteria belonging to Lactobacillus, Bifidobacterium, Enterococcus, and Streptococcus species, can influence brain cell physiology directly and indirectly. In addition, gut microbial-origin gasotransmitters, including SCFAs and gaseous substances, such as nitric oxide (NO), carbon monoxide (CO), hydrogen sulfide (H2S), hydrogen, methane, and ammonia, perform important functions in neurophysiological, biochemical, microbiological, and medical terms, which may be involved in the pathogenesis of AD (Szabo, 2010; Oleskin and Shenderov, 2016, 2019; Sun et al., 2020d).

Mounting evidence has demonstrated that the gut microbiota interacts with AD pathogenesis via various pathways, suggesting that the gut microbiota has gone from being the forgotten organ to a potential key player in AD pathology (Seo and Holtzman, 2020). We summarized the underlying mechanisms of gut microbiota in the regulation of brain function in AD. These mechanisms, alone or in combination, actively participate in the development of AD.


Aβ and tau Phosphorylation Pathways

Gut microbiota can affect the deposition of Aβ proteins in the brain in many ways. Initiation of Aβ in the brain is elusive; however, different in vitro and in vivo studies have claimed that amyloids produced by GM may cross-seed Aβ deposition (Friedland et al., 2020). An in vitro study found that soluble E. coli-derived LPS accelerated the polymerization of Aβ monomers into insoluble aggregates (Pistollato et al., 2016). The structure and immunogenicity of amyloids secreted by Streptomyces, Staphylococcus, Pseudomonas, Bacillus, and E. coli, are similar to those of Aβ42, and can bind to TLR2 receptors on microglia, activating these cells to release inflammatory factors, and promoting inflammatory responses. These strains produce curli, TasA, CsgA, FapC, phenol soluble modulins, etc., amyloids that promote the misfolding of Aβ fibrils and oligomers (Shabbir et al., 2021). The microglia monitoring system can identify Aβ42 peptides and their misfolded aggregates. The deposition of Aβ oligomers and fibrils formed by misfolding of proteins may lead to pathological changes in characteristics of AD. The inability of microglial cells to process these toxic and proinflammatory inclusions is thought to be the molecular basis of elevated oxidative stress, abnormal immune activation, and chronic diseases. In addition, amyloids derived from gut microbiota induce the release of proinflammatory factors such as interleukin (IL)-17A and IL-22. These two pro-inflammatory factors are directly related to AD and may enter the brain through the gastrointestinal tract and the blood-brain barrier. IL-17-expressing Th cells migrate to the CNS throughout the gut-associated lymphoid tissue, and this is essential for neurodegeneration because of their interactions with microglia, which can contribute to the clearance of Aβ molecules and tau aggregation (Janeiro et al., 2021). They further trigger immune activity, the release of reactive oxygen species (ROS), and activation of the TLR2/1, CD14 and nuclear factor kappa B (NF-κB) signaling pathways that participate in neurodegenerative diseases (Pistollato et al., 2016). Aβ is cleared by the liver, and gut microbiota disorders affect the clearance of Aβ by affecting the gut mucosal barrier and energy homeostasis (Hrncir et al., 2019). Recently, Chen C. et al. (2020) found that gut dysbiosis contributes to amyloid pathology, associated with CCAAT/enhancer binding protein β/asparagine endopeptidase (C/EBPβ/AEP) signaling activation in AD mouse models. Prebiotic R13, which induces L. salivarius growth, antagonizes the C/EBPβ/AEP axis, suppresses amyloid aggregates in the gut and mitigates gut leakage and oxidative stress. Aβ proteotoxicity has been implicated in intracellular neurofibrillary tangles composed of hyperphosphorylated tau protein, which are also characteristic of AD pathology. The microtubule-associated protein tau is abnormally phosphorylated and forms aggregates of paired helical filaments in AD and other tauopathies. p-tau is a marker of tau phosphorylation and is believed to be associated with neurofibrillary tangle pathology, with higher levels reflecting a more intense tau phosphorylation process. Vogt et al. (2018) found that the gut microbiota-derived metabolite trimethylamine N-oxide (TMAO) levels are elevated in the CSF of individuals with MCI and AD dementia, and that CSF TMAO levels are associated with tau pathology. Wang et al. (2015) demonstrated that exposure to Helicobacter pylori filtrate induces Alzheimer-like tau hyperphosphorylation by activating glycogen synthase kinase-3β (GSK-3β). Sun et al. (2019a) also found that decrease in abundance of gut bacteria such as Marvinbryantia, Lactobacillus, Streptococcus, unclassified_Erysipelotrichaceae, and Eubacterium_brachy_group were negatively correlated with tau pathology in the brain in a tauopathy model, suggesting that the decrease in these microbiota may be closely related to the severity of tauopathies. Recently, Wei et al. (2020) found that outer membrane vesicles, produced by the gut microbiota, increase the permeability of the BBB and promote the activation of astrocytes and microglia, inducing an inflammatory response and tau hyperphosphorylation by activating the GSK-3β pathway, ultimately leading to cognitive impairment. Using a recently developed AD-like pathology with amyloid and neurofibrillary tangles (ADLPAPT) transgenic mouse model of AD, Kim et al. (2020) found that long-term, frequent transfer and transplantation of fecal microbiota of healthy wild-type mice alleviates Aβ deposition, tau pathology, reactive gliosis and memory impairment. Although the comprehensive pathogenesis of tauopathies remains unclear, these studies indicate that modulation of the gut microbiota may be a potential strategy for tauopathy treatment for AD. Understanding these roles and mechanisms of gut microbiota underlying the two key pathological components of AD pathogenesis can help develop promising anti-amyloid aggregation and anti-tau phosphorylation therapies in AD with specific gut microbes.



Inflammation

Inflammation appears to occur in all neurodegenerative disorders such as AD and PD and distinct immune factors are associated with each type of disorder. Neuroinflammation is a physiological response to exogenous and endogenous insults that target the CNS and represents a protective response in the brain, but excessive inflammatory responses are detrimental to the CNS. Several immune pathways are involved in CNS homeostasis and AD-associated neuroinflammation. At the molecular level, the interaction between the brain and surrounding environment plays a vital role in the occurrence and development of brain diseases (Jiang et al., 2015). Germ-free animals, and specific pathogen-free animals treated with antibiotics, which demonstrated the extreme gut dysbiosis or gut decontamination, showed impaired microglial maturation and immune response to bacterial stimuli. Recently, several studies have shown that gut dysbiosis is involved in the pathogenesis and development of AD by affecting the immune system and inflammatory responses (Qureshi and Mehler, 2013; Wang et al., 2016; Sun et al., 2020a). The higher abundance of pro-inflammatory gut microbiota is accompanied by enhanced systemic inflammation and neuroinflammatory processes. Gut dysbiosis leads to defects in the maturation, differentiation, and function of microglia, the activation of which contributes to the progression of AD. Several gut-specific microorganisms produce nitric oxide and APP and activate microglia, thereby aggravating the development of AD (Sun et al., 2020d). Changes in microbial composition can trigger peripheral immune responses by activating immune components and regulating the levels of pro-inflammatory cytokines in the brain (Harach et al., 2017; Park A.-M. et al., 2017). A recently discovered CD4+ T cell subset, called Th17 cells, found on the mucosal surface of the lung, skin, and intestine, plays important roles in autoimmunity and immunity (Weaver et al., 2013; Eyerich et al., 2017). Th17 cells activate microglia in the CNS, leading to local production of IL-1β, tumor necrosis factor-α (TNF-α), and IL-6, which strongly suggests its key role in neuroinflammation. CD4+ Th17 cells are not found in the germ-free mouse intestine, indicating that this subset is generated in response to the microbiota (Weaver et al., 2013). Candidatus arthromitus, more popularly known as segmented filamentous bacteria, is a potent bacterial inducer of Th17 cells in the intestine (Ivanov et al., 2009). With specific anti-inflammatory bacteria or transfer of healthy fecal microbiota, neuroinflammation can be modulated, and AD pathology and symptoms can be improved.

Several inflammation-inducing stimuli, such as damage-associated molecular patterns (DAMPs) and pathogen-associated molecular patterns (PAMPs), are recognized by multiprotein complexes called inflammasomes (Piancone et al., 2021). These DAMPs and PAMPs can activate pattern recognition receptors (PRRs) expressed on glial cells to respond to brain injury or pathogen invasion. PRRs, including Toll-like receptors (TLRs), the nucleotide-binding oligomerization domain leucine rich repeat-containing receptors (NLRs), are important innate immune proteins expressed on the surface and within the cytoplasm of a multitude of cells, both immune and otherwise, including epithelial, endothelial, and neuronal cells. Recognition of commensal bacteria by PRRs is critical for maintaining host-microbe interactions and homeostasis, including behavior via the gut–brain axis. The impaired gut mucosal barrier and BBB increase bacterial LPS levels, which can induce inflammation and disrupt the BBB function (Lin et al., 2020). LPS can trigger TLR4 pro-inflammatory cascades in monocytes, Kupffer cells, and macrophages, resulting in the activation of downstream signaling pathways, including factor kappa β (NF-kB) and mitogen-activated protein kinase, leading to inflammation driven by TNF-α and IL-6 (Morrison and Preston, 2016). NF-κB activity and TNF-α and cyclooxygenase-2 levels are upregulated in a transgenic AD mouse model (5 × FAD-Tg) (Lee et al., 2019). LPS-induced neuroinflammation has been shown to induce Aβ aggregation and memory impairment, as well as astrocyte activation, with a significant reduction in the expression levels of brain-derived neurotrophic factor (BDNF), while enhancing the expression of brain parenchymal cell apoptosis markers such as cytochrome C, Bax, caspase-9, and caspase-3 (Song et al., 2013; Calabrese et al., 2014; Badshah et al., 2016). Some microbiota had an anti-inflammatory activity identified on the basis of human clinical data, including F. prausnitzii (Sokol et al., 2008; Wang et al., 2014), E. rectale, B. longum (NK46), and B. fragilis (Lee et al., 2019; Markowiak-Kopeć and Śliżewska, 2020; Sun et al., 2020d; Zhang M. et al., 2020). Lee et al. found that B. longum (NK46) was orally administered to 5 × FAD mice and induced anti-inflammatory effects (decrease in LPS levels, NF-κB activation, and TNF-α expression), changes in the intestinal microbiota composition of the recipients (increase in Bacteroides abundance and reduction in abundance of Firmicutes and Proteobacteria phyla), and suppression of Aβ accumulation in the hippocampus (Lee et al., 2019). Recently, inflammasome complexes assemble upon cell activation because of exposure to microbes, danger signals, or stress, leading to the production of pro-inflammatory cytokines (IL-1β and IL-18) and pyroptosis, which lead to neurodegeneration. Evidence suggests that there is a reciprocal influence of microbiota and inflammasome activation in the brain. As mentioned by Feng et al., the NLRP3 inflammasome is the most characterized in neurodegenerative diseases, especially in AD, which acts as a key player in coordinating the host physiology and shaping the peripheral and central immune/inflammatory responses in CNS diseases (Feng et al., 2020; Pellegrini et al., 2020). Heneka et al. (2013) found overexpression of the NLRP3 inflammasome in the postmortem brains of human patients with AD, which is associated with inflammatory crystals and aggregated Aβ since the earliest stage of AD (Song et al., 2017; Venegas et al., 2017). Recently, there has been pioneering evidence supporting the existence of a microbiota–gut–inflammasome–brain axis, in which enteric bacteria modulate, via NLRP3 signaling, inflammatory pathways that, in turn, contribute to brain homeostasis (Rogers et al., 2016). Besides caspase-1-dependent NLRP3 activation, Pellegrini et al. have described a non-canonical activation, depending on caspase-11 in mice (caspases 4 and 5 in humans). Gram-negative bacteria (i.e., Citrobacter rodentium, Escherichia coli, Legionella pneumophila, Salmonella typhimurium, and Vibrio cholerae) can regulate non-canonical NLRP3 activation via activation of TLR4-MyD88 and toll/IL-1 receptor homology-domain-containing adapter-inducing interferon-β (TRIF) pathways, with consequent transcription of IL-1β, IL-18, NLRP3, interferon regulatory factor (IRF)-3, and IRF7 genes through NF-κB activation (Pellegrini et al., 2017). Lowe et al. (2018) showed that the depletion of gut microbiota with an antibiotic cocktail influenced inflammasome signaling in the intestine, blood and brain. Cohousing wild-type and NLRP3–/– animals reshaped the gut microbiota and prevented the effects of NLRP3 inflammasome gene depletion on locomotion and behavior (Zhang et al., 2019). More recently, Shen et al. (2020) showed that FMT from patients with AD to APP/PS1 transgenic mice is associated with an increased expression of intestinal and circulating NLRP3 inflammasome components, including NLRP3, caspase-1 and IL-1β, as compared with APP/PS1 subjected to FMT from healthy subjects, which displayed a more severe impairment of cognitive functions and central neurogenic/inflammatory responses. Restoration of the gut microbiota can inhibit central inflammation caused by NLRP3. Of course, it is difficult to establish a clear relationship between altered gut microbiota, activation of NLRP3 inflammasome signaling, and brain pathology. Future studies are needed to elucidate the molecular and cellular mechanisms underlying the interactions between gut microbiota and NLRP3 inflammasome, as well as their role in the regulation of the gut–brain axis in both physiological and pathological conditions. Taken together, gut microbiota dysbiosis promotes neuroinflammation or activates the inflammasome signaling pathways, thereby contributing to brain disorders, suggesting that gut microbiota can be used as a promising therapeutic strategy to inhibit inflammation in AD.



Metabolic Dysfunctions

The core functions of gut microbiota are the production of various bioactive metabolites that affect host health and disease (Clarke et al., 2019; Mccarville et al., 2020). These microbiota-derived bioactive metabolites such as SCFAs and neurotransmitters including acetylcholine, GABA, and serotonin can modulate many immune system pathways that in turn influence behavior, memory, learning, locomotion, and neurodegenerative disorders (Rutsch et al., 2020). Microbial metabolites can communicate through dynamic bidirectional pathways within the microbiota–gut–brain axis to mediate host brain immunity and physiology (Mccarville et al., 2020). These metabolites exert direct effects after being transported across the BBB or indirectly through immune, neuroendocrine, or vagal mechanisms (Fulling et al., 2019; Mccarville et al., 2020). Sun et al. (2020d) have demonstrated that metabolites from the gut microbiota and its components can modulate immune cells, resident immune cells (such as microglia) of the brain, and infiltrating peripheral T cells through inflammatory pathways. Immune cells that reside in the brain are key players in learning and cognitive functions. Microglia are highly dynamic monitoring agents of the immune system that combat systemic infections (Silver and Curley, 2013). The enteric nervous system interacts with the autonomic nervous system and the CNS via neurotransmitters (adrenaline, noradrenaline, and acetylcholine), as well as sensory and motor neurons, all of which convey signals from the gut to the brain. A study showed that the gut microbiota can convert glutamate (an excitatory transmitter) into GABA, which participates critically in human brain development, particularly emotional and behavioral development (Zhang M. et al., 2020). Genome-based metabolic modeling of the human gut microbiota revealed that several genera have the ability to produce microbial neurotransmitters such as GABA and serotonin, which have been consistently shown to play a key role in the regulation of brain function. A meta-analysis of 35 observational studies reported that increased GABA levels were associated with a lower risk of AD (Manyevitch et al., 2018). Wu et al. (2021) also found that gut microbiota metabolites such as tryptophan metabolites, SCFAs and lithocholic acid are different between AD and controls, which are correlated with altered microbiota and cognitive impairment. In addition, urine and serum serotonin concentrations were found to be significantly lower in patients with AD than in controls (Whiley et al., 2021). Metabolic dysfunction is a basic characteristic of AD. However, most gut microbiota-associated metabolic pathways have been predicted based on sequencing microbiome data (Ling et al., 2021a,b). Technical sequencing and bioinformatic limitations hinder the discovery of specific biomarkers of microbes or metabolites conserved across studies.

Short-chain fatty acids with five or fewer carbons that are available to the gut microbiota and are primary end-products of fermentation of non-digestible carbohydrates can regulate the CNS physiology and behavior of the host (Samuel et al., 2008; Morrison and Preston, 2016; Zhang M. et al., 2020). The diversity of the gut microbiota determines the proportion of each SCFA produced. Acetate is produced by a variety of microbes such as Lactobacillus and Bifidobacterium, whereas propionate is produced mainly by A. muciniphila, and butyrate is produced by F. prausnitzii, Ruminococcus bromii, E. rectale, and E. hallii (Morrison and Preston, 2016). Butyrate, acetate, and propionate promote the proliferation of regulatory T cells, offer energy for host cells, and accommodate enteroendocrine cells (Zmora et al., 2017; Gribble and Reimann, 2019; Li J. M. et al., 2019). A previous animal study found decreased levels of SCFAs in AD (Zhang et al., 2017). SCFAs can affect the brain and behavior via various molecular mechanisms, such as inhibition of histone deacetylase (HDAC), induction of enteroendocrine signaling, vagus nerve activation, and anti-inflammatory properties (Cryan et al., 2019). These actions of SCFAs are mediated through activation of the G-protein-coupled receptor (GPR) 41 and GPR43. SCFAs are known to beneficially modulate the peripheral and central nervous systems and have been suggested to play a central role in AD. They can interfere with various Aβ peptides, thereby potently inhibiting Aβ fibril aggregation in vitro (Ho et al., 2018), possibly reducing the accumulation of neurotoxic oligomers in the brain. Marizzoni et al. (2020) reported a novel association between gut microbiota-derived SCFAs and systemic inflammation with brain amyloidosis via endothelial dysfunction in a clinical study. Erny et al. (2015) also suggested that SCFAs may help modulate the maturation and function of microglia in the brain. Recently, increasing attention has been paid to butyrate for its protective role against the pathophysiological processes of AD. Our clinical study suggested decreased butyrate-producing genera in patients with AD (Ling et al., 2021b). Butyrate is a multifunctional molecule that exerts beneficial neuroprotective effects and improves brain health. Butyrate can also interfere with Aβ1-40 oligomerization and exert multiple effects against neuropsychiatric disorders as an inhibitor of HDAC, which can improve cognitive memory performance in a 5 × FAD mouse at an early disease stage (Griseri et al., 2003; Ho et al., 2018; Fernando et al., 2020). Sun et al. (2020b) found that butyrate protects N2a cells from Aβ-induced cell damage by activating GPR109A in vitro. Our previous studies also demonstrated that butyrate could exert neuroprotective effects on depression, PD, AD and traumatic brain injury in model mice (Liu et al., 2015; Sun et al., 2015, 2016a,b, 2020a; Li et al., 2016). With regard to AD, butyrate can improve the gut and brain-blood barriers, attenuate microglia-mediated neuroinflammation, and influence glucose metabolism in the hippocampus by regulating the microbiota–gut–brain axis. Butyrate can be considered a pathophysiological link between the gut microbiota and AD pathology.

Gut microbiota-derived neurotransmitters, such as acetylcholine, GABA, dopamine, and serotonin, play a key role in modulating the gut–brain axis, while their abnormal alterations are involved in the pathogenesis of AD. Deficiency of the cholinergic system in the brain is the neurotransmitter most closely associated with AD (Stanciu et al., 2019). In addition, the noradrenergic locus coeruleus and tuberomammillary nucleus, which secrete norepinephrine and histamine, respectively, exhibit a distinct neuronal loss in the brain with AD (Oh et al., 2019). These neurotransmitters regulate brain function through blood circulation or nerve conduction. GABA, the major inhibitory transmitter in the adult mammalian brain, has been reported in several species belonging to the families Bifidobacteriaceae, Lactobacillaceae, Bacteroidaceae, Enterococcaceae, Propionibacteriaceae, and Streptococcaceae (Duranti et al., 2020; Altaib et al., 2021). Bifidobacterium abundance such as B. adolescentis is associated with high fecal GABA content in healthy human subjects (Duranti et al., 2020; Altaib et al., 2021). Studies in the postmortem brains of patients with AD and animal models have shown substantially reduced levels of GABA in the subregions of the temporal cortex. GABAergic dysfunctions, including reduction of GABA receptors, loss of GABAergic neurons and synapses, aberrant GABA production in reactive astrocytes, and imbalance between excitatory and inhibitory signals of the CNS, are early events occurring in the brains of patients with AD and animal models (Govindpani et al., 2020; Zheng et al., 2021). Acetylcholine, produced by Bacillus subtilis and Lactobacillus plantarum, can reduce the production of IL-6, TNF-α, and IL-1β through the COX-2 pathway in astrocytes, inhibit pro-inflammatory cytokines by upregulating JAK2/STAT3 and PI3K/AKT signaling pathways in microglia and regulating immune homeostasis (Velazquez et al., 2019; Qian et al., 2021). Dopamine can be produced by Bacillus and Escherichia in humans. Activation of the dopamine receptor D1 (DRD1) accelerates the degradation of the NLRP3 inflammasome via cyclic adenosine monophosphate, while DRD2 and DRD3 in astrocytes perform anti-inflammatory and pro-inflammatory functions, respectively (Montoya et al., 2019; Qian et al., 2021). 5-HT is an important neurotransmitter synthesized from tryptophan metabolism in enterochromaffin cells (Kennedy et al., 2017), which can be produced by Corynebacterium spp., Streptococcus spp., and E. coli. In addition, 5-HT biosynthesis can be regulated by SCFAs such as acetate and butyrate, which can have a significant impact on homeostasis, especially on gut motility and platelet function (Yano et al., 2015). A recent study also found that high dietary fiber intake upregulates the expression of 5-HT and suppresses neuroinflammation (Liu Z. et al., 2020). Taken together, these bacterial metabolites and neurotransmitters can participate in regulating brain functions directly or indirectly and play vital roles in the development of AD.



Oxidative Stress

Oxidative stress plays an important role in AD pathology. Pro-inflammatory cytokines and some metabolites of the kynurenine pathway trigger powerful bursts of ROS, thereby damaging neurons and glial cells. Gut microbiota may influence the levels of oxidative stress in the CNS, either by increasing the oxidant components or by interfering with antioxidant systems. Lactobacillus, E. coli, and Bifidobacterium can convert nitrate and nitrite into nitric oxide, the elevations of which have been shown to increase the permeability of the BBB and react with superoxide to form peroxynitrite, a potent oxidizing agent contributing to neurotoxicity in AD. The levels of oxidative markers are directly proportional to the degree of cognitive impairment and brain weight. A mutual relationship between oxidative stress and Aβ production and aggregation in AD has been identified. Oxidative stress enhances Aβ deposition, whereas Aβ triggers oxidative reactions. Researchers have proposed a mechanism by which T cell-mediated inflammation is enhanced after oxidative stress (Dumitrescu et al., 2018). In addition, gut pathogenic bacteria such as Salmonella and E. coli are able to degrade sulfur amino acids, leading to hydrogen sulfide production in the gut, which leads to a decreased mitochondrial oxygen consumption and overexpression of proinflammatory mediator genes such as IL-6 (Beaumont et al., 2016). Hydrogen is a highly diffusible bioactive gas produced mainly by anaerobic cocci, strains of the genus Clostridium, and members of the Enterobacteriaceae family. Owing to its anti-apoptotic, anti-inflammatory, and antioxidant properties, hydrogen has been considered as a preventive and therapeutic medical gas (Ohta, 2014). Reduced availability of hydrogen has been observed in neurodegenerative diseases. Gut dysbiosis may lead to reduced hydrogen production and limit gas supply to neurons in the CNS. In contrast, the accumulation of hydrogen in the gastrointestinal tract has an inhibitory effect on the fermentation of polysaccharides, resulting in a reduction in its products, including SCFAs. These findings suggest that the symbiotic relationship between hydrogen-producing bacteria and hydrogenotrophic microbes, such as Methanobrevibacter smithii, is essential for homeostasis and redox state. Methane also acts as an antioxidant, anti-inflammatory, and anti-apoptotic gas (Huai et al., 2014). It protects against oxidative stress by increasing the levels of superoxide dismutase and reducing the levels of malondialdehyde and 3-nitrotyrosine (Huai et al., 2014). Taken together, alterations in the gut microbiota favor oxidative stress and affect the immunological and inflammatory status of the host, which can influence the pathogenesis of AD.



GUT MICROBIOTA MODULATION FOR AD TREATMENT

Considering the importance of gut microbiota in patients with AD, it is apparent that the maintenance of a healthy microbiota is fundamental for an individual’s well-being. Generally, gut microbiota can be modulated via dietary intervention, microecological regulators (psychobiotics), and FMT. The modulation of gut homeostasis triggers multiple mechanisms, including anti-inflammatory and antioxidant effects, upregulation of neuroprotective hormones, restoration of impaired proteolytic pathways, amelioration of energy homeostasis with consequent decrease of AD molecular hallmarks, and improvement of behavioral and cognitive performances (Bonfili et al., 2020).


Diet-Based Microbiota Modulation

The interplay between diet, gut microbiota, and the host is a major factor impacting health. Diet is one of the major factors involved in shaping gut microbiota composition across the lifespan. Dietary habits have been recognized as one of the drivers of microbial composition and diversity, and the impact of both individual nutrients and dietary patterns on the microbiota have been extensively explored (Thelen and Brown-Borg, 2020; Berding et al., 2021). Numerous studies have suggested a link between dietary patterns and AD incidence, presenting diet as a modifiable risk factor (Hu et al., 2020; Berding et al., 2021). Poor dietary habits and aging, along with inflammatory responses because of dysbiosis, may contribute to the pathogenesis of AD. The Mediterranean diet (MedDiet), considered an anti-inflammatory diet, has been shown to reduce the occurrence of several chronic diseases. Valls-Pedret et al. (2015) demonstrated that the MedDiet is associated with preserved cognitive function in elderly adults. Epidemiological findings are consistent in showing that adherence to a Mediterranean diet characterized by high intake of fruit, vegetables, cereals, and legumes, and low intake of meat, high-fat dairy, and sweets, is consistently associated with a lower risk of AD (Yusufov et al., 2017). In a Mediterranean study involving over 16,000 middle-aged and elderly participants followed up for over 20 years, Andreu-Reinón et al. (2021) found that adherence to the MedDiet was associated with a 20% lower risk of AD overall in the EPIC-Spain Dementia Cohort. Adherence to the MedDiet increases the diversity of microbiota after 1 year of intervention, with higher ratio of Firmicutes/Bacteroidetes and higher levels of SCFAs, which is negatively associated with inflammatory markers. A recent study conducted by Ghosh et al. (2020) found that MedDiet is effective in altering gut microbiota, reducing frailty, and improving cognitive function. These microbiota changes are primarily driven by an increase in the intake of fibers, vitamins (C, B6, B9, thiamine), and minerals (Cu, K, Fe, Mn, and Mg) in the MedDiet intervention group, while changes in the controls were associated with an increase in fat intake (saturated fats and mono-unsaturated fatty acids). MedDiet has been proposed as one of the top five modifiable factors against AD and cognitive decline.

The ketogenic diet (KD) is a very low-carbohydrate, adequate protein, and high-fat diet that mimics the fasting state (Dewsbury et al., 2021). Intermittent fasting (IF) is the lifestyle of eating within a specific period and fasting for the rest of the day. Both measures promote fat utilization in the body by producing ketone bodies, which are products of the incomplete oxidization of fatty acids. Yin et al. (2016) reported the protective mechanism of ketones in an AD mouse model, including blockage of Aβ42 entry into neurons, reduced oxidative stress, and improved synaptic plasticity. Recent studies have shown the role of KD in remodeling the composition of the gut microbiome, thereby facilitating protective effects in various CNS disorders including AD. KD can improve neuropathological and biochemical changes associated with AD and preserve cognition in patients with mild AD (Carranza-Naval et al., 2021). A modified Mediterranean-KD can modulate gut microbiome and metabolites (mainly SCFAs) in association with improved AD biomarkers in CSF (Nagpal et al., 2019). Ma et al. (2018) found that KD started in the early stage can enhance brain vascular function, increase beneficial gut microbiota, improve metabolic profile, and reduce the risk of AD. In addition, IF has been proposed to produce neuroprotective effects by reducing insulin resistance, improving metabolic regulation, increasing autophagy, reducing inflammation and neuroinflammation, and increasing BDNF level (Park et al., 2020). IF can promote adult hippocampal neuronal differentiation by activating GSK-3β in 3 × Tg-AD mice, leading to the inhibition of insulin and protein kinase A signaling pathways and activation of adenosine monophosphate-activated protein kinase and BDNF pathways. Likewise, studies in elderly patients have shown the neuroprotective effects of caloric restriction on memory (Witte et al., 2009). In summary, dietary interventions are generally safer and more advantageous than drug-based therapies because they are cheap and easy to handle, thus reducing the burden on caregivers of patients with AD.



Probiotics

As an effective strategy to modulate gut microbiota, probiotics have been used to restore gut microbiota to a healthy status and maintain gut homeostasis, thereby improving human health and preventing diseases. According to the definition of the WHO in 2002, underscored by the International Scientific Association for Probiotics and Prebiotics in 2013, probiotics are live microorganisms that, when administered in adequate amounts, confer health benefits to the host (Hill et al., 2014). Probiotics have recently attracted attention in brain function and health because they improve gut microbiota by positively affecting the gut–brain axis. These probiotics attempt to correct imbalances in the microbiota–gut–brain axis are referred to as psychobiotics, which can release neuroactive substances directly influencing the human brain, psyche, and behavior (Sarkar et al., 2016). Animal studies indicate that probiotic supplementation can restore gut microbiota, improve the integrity of the gut barrier and BBB, reduce neuroinflammation, improve oxidative stress, reduce cognitive decline, and reduce insulin resistance (Kobayashi et al., 2017; Athari Nik Azm et al., 2018; Tamtaji et al., 2019). The most commonly used probiotics belong to the genera Lactobacillus and Bifidobacterium. Shamsipour et al. (2021) found that B. bifidum combined with L. plantarum with exercise training can alleviate neurotoxicity of Aβ and spatial learning via acetylcholine in an AD rat model. Liu M. et al. (2020) found that L. reuteri SL001 plays a positive role in adjusting the gut microbiota structure in AD model mice. In male 5 × FAD-transgenic (6 months old) and aged (18 months old) mice, oral administration of B. longum NK46 can suppress gut dysbiosis and LPS production, resulting in the attenuation of cognitive decline with the regulation of neuroinflammation via the microbiota–gut–brain axis (Lee et al., 2019). Recently, Yang et al. (2020) found that ProBiotic-4 (including B. lactis, L. casei, B. bifidum, and L. acidophilus) can modulate gut microbiota dysbiosis and microbiota–gut–brain axis deficits in AD mice via inhibition of both TLR4- and RIG-I-mediated NF-κB signaling pathway and inflammatory responses, resulting in improvement of cognitive dysfunction. In addition, 12-weeks of treatment with memantine plus L. plantarum ameliorated cognitive deterioration, decreased Aβ levels in the hippocampus, protected neuronal integrity and plasticity, and reduced TMAO synthesis and neuroinflammation (Wang Q. J. et al., 2020). In addition to Lactobacillus and Bifidobacterium, our previous study demonstrated that Clostridium butyricum can prevent cognitive impairment, Aβ deposits, microglial activation, and production of TNF-α and IL-1β by regulating the microbiota–gut–brain axis, which is mediated by the metabolite butyrate (Sun et al., 2020a). Butyrate is beneficial for proper vagal afferent signals in patients with AD and participates in learning and memory, regulating neuronal growth and survival as well as synaptic differentiation via intracellular Ca2+ signaling and by maintaining BDNF levels (Barichello et al., 2015; Goswami et al., 2018). Agathobaculum butyriciproducens SR79, a strict anaerobic and butyrate-producing bacterium, can improve cognitive impairment by decreasing microglial activation and reducing Aβ plaque deposition in APP/PS1 mice (Go et al., 2021). To date, most of the existing evidence has been based on in vitro and in vivo experimental studies (Wang F. et al., 2020). Recently, a randomized, double-blind, placebo-controlled, multicenter trial in Korea found that B. bifidum BGN4 and B. longum BORI supplementation is beneficial for improving cognitive and mental health in community-dwelling healthy older adults with changes in gut microbial composition (Kim et al., 2021). Another clinical trial showed that B. breve A1 supplementation may have beneficial effects on cognitive function in elderly Japanese subjects with memory complaints (Kobayashi et al., 2019). In three clinical randomized controlled trials, clinically confirmed patients with AD treated with probiotics (mainly Lactobacillus and Bifidobacterium strains) for 12 weeks showed no beneficial effect on cognitive function (Akbari et al., 2016; Krüger et al., 2021). This may be due to insufficient intervention period, different disease severity, and changes in dietary patterns. However, Tamtaji et al. (2019) found that probiotics (including L. acidophilus, B. bifidum, and B. longum) and selenium co-supplementation for 12 weeks in patients with AD improved cognitive function and some metabolic profiles. These facts reveal that psychobiotics have demonstrated significant potential in the deceleration of AD progression when consumed as a lone or combination supplement, whereas the appropriate strains, doses, time of treatment, routes of administration, and safe use of probiotics for AD need to be studied in the future.



Prebiotics

Prebiotics are short-chain carbohydrates that alter the composition and metabolism of gut microbiota in a beneficial manner. Prebiotics can act as specific fermentation substrates for SCFA-producing probiotic genera such as Bifidobacteria and Lactobacilli, leading to an increase in anti-inflammatory metabolites. Recent studies in animal models and healthy volunteers have evaluated the effects of prebiotics on psychiatric symptoms. Sun et al. (2019b) found that fructooligosaccharides can reverse the altered microbial composition, ameliorate cognitive deficits and pathological changes, upregulate the expression levels of synapsin I, and decrease phosphorylated levels of JNK in APP/PS1 transgenic mice by regulating the gut microbiota-GLP-1/GLP-1R pathway. Lactulose, the first commercially available prebiotic and commonly used as a food additive, can attenuate short-term memory and learning retrieval in AD mice. Recently, the therapeutic mechanism of lactulose in AD has been uncovered. Lee et al. (2021) found that pretreatment with lactulose can modulate the gut microbiome and insulin sensitivity, decrease neuroinflammation, and increase the levels of autophagy pathways. These findings suggest that the neuroprotective effect of lactulose is partially caused by autophagy activity. Another prebiotic, sodium oligomannate (GV-971), received its first approval in November 2019 in China for the treatment of mild to moderate AD to improve cognitive function. GV-971 is an orally administered mixture of acidic linear oligosaccharides derived from marine brown algae. GV-971 can reconstitute the dysbiosis of gut microbiota, reduce metabolite-driven peripheral infiltration of immune cells into the brain, inhibit neuroinflammation, and reverse cognitive impairment (Wang et al., 2019). In addition, GV-971 can easily penetrate the BBB to directly bind to Aβ and inhibit Aβ fibril formation (Wang et al., 2007). Synbiotics (a combination of probiotics and prebiotics) and postbiotics (functional bioactive compounds such as SCFAs) can also be used to treat AD by modulating the gut microbiota. Taken together, these studies suggest that personalized prebiotic administration, by modulating the gut microbiota, may represent a new therapeutic strategy for AD.



FMT

Fecal microbiota transplantation is considered a safe therapeutic procedure with minor and transient side effects because of the introduction of live microorganisms and associated metabolites. It has been proven to be an effective treatment for recurrent Clostridium difficile infections (Khanna et al., 2017). In addition to its direct therapeutic effect in gastrointestinal diseases, FMT has also been shown to improve neurological and psychological symptoms by modulating the gut–brain axis. Hazan found that FMT can rapidly improve AD symptoms in a patient with AD with recurrent Clostridium difficile infection (Hazan, 2020). Using humanized mice by transplanting germ-free C57BL/6N mice with fecal samples from a patient with AD, Fujii et al. (2019) observed that these mice reproduce the characteristics of the donor microbiota, which affects mouse behavior. Zhan et al. (2018) found that cognitive dysfunction in SAMP8 mice can be attenuated by modulating the gut microbiota through FMT. In an APPswe/PS1dE9 transgenic (Tg) mouse model, Sun et al. (2019c) found that FMT treatment can improve cognitive deficits and reduce brain deposition of Aβ, which is accompanied by decreased phosphorylation of tau protein and the levels of Aβ40 and Aβ42, increased synaptic plasticity, and reversed changes in gut microbiota and SCFAs. Kim et al. (2020) also found that the transfer of a healthy microbiota alleviates Aβ, tau, and reactive glial pathology in the brain in an AD animal model. These studies indicate that FMT can correct gut microbiota dysbiosis and brain dysfunction in patients with AD rapidly and effectively, suggesting that restoration of gut microbial homeostasis by FMT may have beneficial effects on AD treatment. However, it is extremely important to properly screen the donor and fecal material to avoid contamination of the patient with pathogens that can lead to serious infections.



CONCLUSION AND PERSPECTIVES

There is no doubt that gut dysbiosis plays a vital role in modulating the microbiota–gut–brain axis and actively participates in the etiopathogenesis of AD. With the advent of multi-omics techniques, an increasing number of key functional bacteria associated with AD pathology and altered brain functions have been identified. These bacteria can be used as targets for the noninvasive diagnosis of AD and for further treatment. Gut microbiota interacts with AD pathogenesis via various pathways, such as Aβ abnormality, tau phosphorylation, neuroinflammation, neurotransmitter dysregulation, and oxidative stress. However, the exact roles and mechanisms of gut microbiota in patients with AD remain elusive. Most microbiome studies can only provide the associations between gut microbiota and AD, whereas the causal relationship between specific bacteria and AD pathology and brain dysfunctions cannot be illustrated. Thus, it is important to move microbiome studies from associations back to cultures to demonstrate causality. Clearly, culturomics have provided a novel strategy to obtain new bacterial taxa identified from microbiome studies. In addition, germ-free animals, specific gene knockout animals, or AD humanized animal models should be used to demonstrate the real roles and mechanisms of bacteria in AD. After clarifying the important roles of the gut bacteria in the pathophysiology of AD, novel intervention strategies targeting these bacteria can be developed for AD treatment, which can help prevent or delay AD onset or counteract its progression.
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Background and Objective: Plasma biomarkers for the diagnosis and stratification of Alzheimer’s disease (AD) are intensively sought. However, no plasma markers are well established so far for AD diagnosis. Our group has identified and validated various blood-based proteomic biomarkers relating to AD pathology in multiple cohorts. The study aims to conduct a meta-analysis based on our own studies to systematically assess the diagnostic performance of our previously identified blood biomarkers.

Methods: To do this, we included seven studies that our group has conducted during the last decade. These studies used either Luminex xMAP or ELISA to measure proteomic biomarkers. As proteins measured in these studies differed, we selected protein based on the criteria that it must be measured in at least four studies. We then examined biomarker performance using random-effect meta-analyses based on the mean difference between biomarker concentrations in AD and controls (CTL), AD and mild cognitive impairment (MCI), MCI, and CTL as well as MCI converted to dementia (MCIc) and non-converted (MCInc) individuals.

Results: An overall of 2,879 subjects were retrieved for meta-analysis including 1,053 CTL, 895 MCI, 882 AD, and 49 frontotemporal dementia (FTD) patients. Six proteins were measured in at least four studies and were chosen for meta-analyses for AD diagnosis. Of them, three proteins had significant difference between AD and controls, among which alpha-2-macroglobulin (A2M) and ficolin-2 (FCN2) increased in AD while fibrinogen gamma chain (FGG) decreased in AD compared to CTL. Furthermore, FGG significantly increased in FTD compared to AD. None of the proteins passed the significance between AD and MCI, or MCI and CTL, or MCIc and MCInc, although complement component 4 (CC4) tended to increase in MCIc individuals compared to MCInc.

Conclusions: The results suggest that A2M, FCN2, and FGG are promising biomarkers to discriminate AD patients from controls, which are worthy of further validation.

Keywords: Alzheimer’s disease (AD), diagnosis, blood biomarkers, meta-analysis, proteomic


INTRODUCTION

Currently, the diagnosis of Alzheimer’s disease (AD) clinically is based on clinical examination, patient and carer interview, and structural or glucose metabolism imaging (McKhann et al., 2011). The limitation of this approach is that a significant proportion of AD patients have their diagnosis changed after a measure of amyloid either by positron emission tomography (PET) or lumbar puncture (Barthel and Sabri, 2017), or post-mortem studies (Beach et al., 2012; Selvackadunco et al., 2019). Furthermore, syndrome-based AD diagnosis is too late given that AD pathology happens 10 or even 20 years before a clinical symptom appears (Jack et al., 2010). Measuring biomarkers through PET or in cerebrospinal fluid (CSF) can close this gap not only for clinical research but also to define AD pathophysiologically (Jack et al., 2018). However, the expense, invasiveness, and dependence on relevant infrastructure limit their utility in clinical practice (de Almeida et al., 2011; Lista et al., 2013).

Blood-based biomarkers represent a less invasive and potentially cost-effective approach for the diagnosis and classification of AD processes. Numerous studies have sought plasma biomarkers relevant to AD and great progress has been made during the past several decades (Blennow, 2017). For example, recent studies demonstrated that AD hallmarks in plasma such as Aβ42/40, p-tau 181, and 217 can predict brain pathology with high accuracy, further adding evidence that they can be used as a non-invasive approach for the diagnosis and prognosis of AD (Nakamura et al., 2018; Karikari et al., 2020, 2021; Mattsson-Carlgren et al., 2020; Thijssen et al., 2020; Janelidze et al., 2021). Despite these advances, great variability has been observed in blood biomarker validity in individual studies. A recent meta-analysis (Koychev et al., 2021) showed that analytical assays have played an important role in deciding the reliability of detection of AD hallmarks in blood and further research is needed to further validate their use as screening tools.

Apart from hallmarks in blood, an increasing number of studies (Baird et al., 2015; Zetterberg and Burnham, 2019; Manzine et al., 2020), including those by ourselves (Thambisetty et al., 2010b; Kiddle et al., 2012; Westwood et al., 2016), have found that a range of proteins in plasma might act as biomarkers. In our review published in 2018 (Shi et al., 2018), we summarized some of the main findings and approaches taken in the studies that we have conducted during the last decade. Since then, we have further validated these identified biomarkers in two large independent cohorts including over 1,500 individuals. Taking all these studies together, this study aims to conduct a meta-analysis to systematically examine the level of individual biomarkers in blood as diagnostic tools to discriminate AD patients from healthy subjects.



MATERIALS AND METHODS


Study Selection

Studies were selected for meta-analysis based on two inclusion criteria: (1) the study must include a group of AD patients and CTL (control) or MCIc (MCI converted to AD) and MCInc to (MCI non-converted to AD) conduct pare-wise meta-analysis; and (2) Using a quantitative method to assess biomarker concentrations in blood (such as ELISA and Luminex xMAP). As a result, seven studies were included in this study including European Medical Information Framework (EMIF1000; Westwood et al., 2020), AddNeuroMed (Hye et al., 2014), EMIF500 (Westwood et al., 2018), VU University Medical Center (VUMC; Westwood et al., 2018), Australian Imaging, Biomarkers and Lifestyle Flagship Study of Ageing (AIBL; Ashton et al., 2015), University of California, San Francisco, Memory and Aging Center (UCSF; Ashton et al., 2015) and GE (Westwood et al., 2018) study. Among these studies, the diagnosis of AD-type dementia was based on the National Institute of Neurological and Communicative Disorders and Stroke–Alzheimer’s Disease and Related Disorders Association criteria (McKhann et al., 1984). Of note, the EMIF1000 and EMIF500 datasets included different subjects. As proteins measured in these studies differed, a protein was selected for meta-analysis based on the criteria that it must be measured in at least four studies.



Meta-Analysis

All analyses were completed using the R package meta for (Viechtbauer, 2010). An effect size was defined by the mean difference of biomarker concentration in the two groups such as AD vs. the control group. Values below 0 indicate that the mean concentration of biomarker was higher in the disease group, otherwise indicating lower in the disease group. The variance of difference was estimated using the delta method. Given that these studies are not exactly identical in the characteristics of the included samples, we, therefore, chose random-effect models to calculate each biomarker separately. Random-effect models assume that the true effect size varies across studies based on a normal distribution with mean μ and variance τ2 (heterogeneity), indicating each study has its true effect size θi. Estimated effect sizes yi is the study-specific sampling variance that is caused by measurement error, assuming to be normally distributed with mean θi and variance vi. Confidence intervals were used to assess the significance of the estimated overall effect size. The alpha level was set to 5% and confidence and prediction intervals were 95% for all tests reported below unless it is specified.




RESULTS


Description of Studies

We included seven studies that our group has conducted during the last decade for meta-analysis. These studies measured candidate biomarkers for AD pathology-related processes using either Luminex xMAP or ELISA. The number of sample size and proteins measured in each study are shown in Table 1. Overall, the meta-analysis contained 2,879 individuals including 1,053 healthy individuals, 895 mild cognitive impairment (MCI) patients, 882 AD patients, and 49 frontotemporal dementia (FTD). Furthermore, MCI individuals included 216 subjects who subsequently converted to dementia within 3 years and 539 non-converted. Details of proteins were shown in Supplementary Table 1.

TABLE 1. Description of subjects and the included studies in this meta-analysis.
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Meta-Analyses of Blood Biomarkers for AD Diagnosis

Six proteins were measured in at leastfour studies and were chosen for meta-analysis for AD diagnosis. They were alpha-2-macroglobulin (A2M), complement component 4 (CC4), apolipoprotein A-I (ApoA1), clusterin (CLU), ficolin-2 (FCN2), and fibrinogen gamma chain (FGG). Meta-analysis showed that three proteins had significant differences between AD and controls, among which A2M and FCN2 increased in AD (Figures 1A,E) while FGG decreased in AD (Figure 1F). In comparison, the other three proteins did not show significant differences between AD and controls (Figures 1B–D). None of the proteins passed the significance between AD and MCI or MCI and controls. Furthermore, three proteins (A2M, FCN2, and FGG) were also measured in FTD individuals in the UCSF study. Pairwise comparisons showed that no significant difference was found for A2M (Figure 2A) or FCN2 (Figure 2B) between FTD and AD while FGG significantly increased in FTD compared to AD (Figure 2C).


[image: image]

FIGURE 1. Forest plot of six proteins between Alzheimer’s disease (AD) and controls. RE, random effect; (A) A2M, alpha-2-macroglobulin; (B) CC4, complement component 4; (C) ApoA1, apolipoprotein A-I; (D) CLU, clusterin; (E) FCN2, ficolin-2; (F) FGG, fibrinogen gamma chain; EMIF, European Medical Information Framework; VUMC, VU University Medical Center; AIBL, Australian Imaging, Biomarkers and Lifestyle Flagship Study of Ageing; UCSF, University of California, San Francisco, Memory and Aging Center.
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FIGURE 2. (A) A2M, alpha-2-macroglobulin; (B) FCN2, ficolin-2; (C) FGG, fibrinogen gamma chain. Box plot of three proteins’ expression between AD and frontotemporal dementia (FTD). NS., not significant. *p < 0.05.





Meta-Analyses of Blood Biomarkers for Predicting MCI Conversion

Overall, five proteins were measured in at least four studies in MCIc and MCInc and were chosen for meta-analysis. The proteins were A2M, ApoA1, CC4, CLU, and complement factor H (CFH). Results showed that none of the proteins reached the significance between MCIc and MCInc (Figures 3A,C–E), although CC4 tended to increase in MCIc individuals compared to MCInc (Figure 3B).
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FIGURE 3. Forest plot of five proteins between MCIc and MCInc. MCI, mild cognitive impairment; MCIc, MCI converted to AD; MCInc, MCI non-converted to AD; RE, random effect; (A) A2M, alpha-2-macroglobulin; (B) CC4, complement component 4; (C) ApoA1, apolipoprotein A-I; (D) CLU, clusterin; (E) CFH, complement factor H; EMIF, European Medical Information Framework; AIBL, Australian Imaging, Biomarkers and Lifestyle Flagship Study of Ageing.






DISCUSSION

In this meta-analysis study, we aimed to evaluate the diagnostic value of our previously identified blood-based biomarkers for AD. We found that A2M and FCN2 increased in AD while FGG decreased in AD compared to CTL. Furthermore, FGG significantly increased in FTD compared to AD, indicating it might be specific for AD diagnosis, while further validation in large independent cohorts is needed. In contrast, none of the proteins passed the significance between AD and MCI or MCI and controls from the meta-analysis. This might be caused by the fact that MCI included both MCIc subjects and MCInc subjects. As MCIc and MCInc are different groups, combining them as a single group might lead to insignificant results.

Our initial discovery-phase studies demonstrated that plasma A2M, FCN2, and FGG were closely associated with AD pathology (Shi et al., 2018). For example, all the three markers were associated with amyloid deposition (Kiddle et al., 2012; Ashton et al., 2015; Westwood et al., 2016, 2017). Furthermore, FCN2 and FGG were related to brain atrophy and rate of cognitive decline (Thambisetty et al., 2010a, 2011; Sattlecker et al., 2014). Apart from our own studies, other studies found that these proteins were biologically relevant to the disease process. For example, it was found that A2M was localized to diffuse amyloid plaques in AD brains (Kovacs, 2000). From the genetic evidence, A2M gene DNA polymorphisms caused increased accumulation of amyloid plaques in the brain of AD patients (Kovacs, 2000). Ficolins are activators of the lectin complement pathway (Fujita et al., 2004). Ficolin-3 (FCN3) is another member of the ficolin family, sharing approximately 50% amino acid sequence homology with FCN2 (Kilpatrick and Chalmers, 2012). It has been found that FCN3 is related to insulin resistance and diabetes (Li et al., 2008; Chen et al., 2012; Zhang et al., 2016). This is very interesting because there is a close relationship between diabetes and AD (Janson et al., 2004; Talbot et al., 2012). Fibrinogen was found to accumulate along with AD pathology progresses (Ryu and McLarnon, 2009) and co-deposits with amyloid plaques in brain tissue (Klohs et al., 2012). Furthermore, it has been found that fibrinogen binds to amyloid, enhancing amyloid aggregation and fibrillization (Ahn et al., 2010). All the evidence further confirms the relevance of A2M, FCN2, and FGG in AD pathogenesis, indicating they are promising biomarkers for AD diagnosis.

Current findings on plasma biomarkers have generated new enthusiasm in the blood biomarker field, particularly plasma neurofilament light (NfL), Aβ42/40, p-tau 181 and 217, and glial fibrillary acidic protein (GFAP; Nakamura et al., 2018; Karikari et al., 2020, 2021; Mattsson-Carlgren et al., 2020; Sugarman et al., 2020; Thijssen et al., 2020; Chatterjee et al., 2021; Cicognola et al., 2021; Clark et al., 2021; Janelidze et al., 2021). However, the samples in these studies were clinical trial populations, the performance of these biomarkers in community-based populations was much worse. For example, one study in ADNI reported that among people who are cognitively impaired, plasma p-tau181 distinguished amyloid-positives with a moderate area under curve (AUC) of 0.67 (Tosun et al., 2021), much lower than the AUCs of 0.77–0.91 reported in some memory clinic cohorts (Karikari et al., 2020; Thijssen et al., 2020). Likewise, another study using a small cohort found that plasma p-tau181 discriminated 20 cognitively normal amyloid-positive people from 31 amyloid-negative people with an AUC of only 0.67 (Barthélemy et al., 2020). Therefore, these biomarkers cannot stand alone in predicting AD diagnosis or AD pathology.

Compared to AD core markers, the three markers (A2M, FCN2, and FGG) obtained in this study had relatively lower AUC. For example, our previous study showed that plasma A2M distinguished AD from controls with an AUC of 0.61 (Hye et al., 2006). The AUC of FCN2 to classify amyloid status was 0.64 (Westwood et al., 2020). The combination of FGG with age achieved an AUC of 0.69 in discriminating amyloid status (Ashton et al., 2015). Despite lower AUC compared to AD core markers, the three proteins can add extra value as they reflect different aspects of the disease. Therefore, building algorithms combining AD core markers with additional factors such as demographic information as well as other potential blood-based biomarkers are needed to add diagnostic value. Here, our meta-analysis showed that A2M, FCN2, and FGG are good candidates for AD diagnosis and worthy of further validation.

Our study has two main limitations. First, the diagnosis of AD in our previous studies was based on clinical diagnosis instead of using the ATN framework. Therefore, future studies are needed to confirm these biomarkers in discriminating pathologically confirmed AD-type dementia. Second, this study is not a meta-analysis of the published literature but rather a meta-analysis of the data we generated on our own. However, because our studies used the same analytical platforms to measure these biomarkers, the meta-analysis results were not affected by the difference in platforms. Furthermore, there is a higher probability of effective utility in practice as the current methods (Luminex xMAP and ELISA) can be easily adopted in clinic settings.

In conclusion, we demonstrate that A2M, FCN2, and FGG in blood have the potential use as screening tools to diagnose AD along with other promising blood biomarkers. Further validation in bigger, more epidemiologically sampled populations that better represent the community populations are needed.
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Recent advancements in deep learning (DL) have made possible new methodologies for analyzing massive datasets with intriguing implications in healthcare. Convolutional neural networks (CNN), which have proven to be successful supervised algorithms for classifying imaging data, are of particular interest in the neuroscience community for their utility in the classification of Alzheimer’s disease (AD). AD is the leading cause of dementia in the aging population. There remains a critical unmet need for early detection of AD pathogenesis based on non-invasive neuroimaging techniques, such as magnetic resonance imaging (MRI) and positron emission tomography (PET). In this comprehensive review, we explore potential interdisciplinary approaches for early detection and provide insight into recent advances on AD classification using 3D CNN architectures for multi-modal PET/MRI data. We also consider the application of generative adversarial networks (GANs) to overcome pitfalls associated with limited data. Finally, we discuss increasing the robustness of CNNs by combining them with ensemble learning (EL).
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INTRODUCTION

The primary risk factor for developing Alzheimer’s disease (AD) is advanced age (Hebert et al., 2010). The global prevalence of AD is expected to double from the current burden of 50 million to 100 million by 2050 (2021 Alzheimer’s disease facts and figures, 2021). The United States alone has spent over $300 billion on AD treatments in 2020, excluding an estimated $256.7 billion in unpaid AD-related care (2021 Alzheimer’s disease facts and figures, 2021). AD is a complex multifactorial neurodegenerative disease with no cure. As such, there is a critical need for the development of viable treatment options. Widely varying pathology and patient heterogeneity contribute to our overall lack of understanding of etiology and underlying causes of neurodegeneration.

Currently, the gold standard for establishing a diagnosis and a prognosis of neurodegenerative diseases, such as AD is based on clinical assessment of symptoms and their severity. However, early disease detection before clinical symptom onset is crucial for disease management and timely therapeutic intervention. Research shows that medical imaging techniques, such as MRI and PET scans can detect structural and functional changes in the brains of patients in the early stages of AD (Franke et al., 2020). Machine learning approaches can be a quick and robust way to interpret medical imaging and aid in early diagnosis of AD.

Convolutional neural networks (CNNs) are deep multilayer artificial neural networks (Albawi et al., 2017). CNNs contain convolution layers that allow the model to extract feature maps obtained by the product of the input and a learned kernel, which are used to detect patterns, such as edges and local structures. The ability for quick feature extraction makes them highly efficient in pattern recognition in image data analysis. Furthermore, they have been demonstrated to be highly accurate in image classification, including medical imaging (Li et al., 2014; Setio et al., 2016; Wang et al., 2018). In image segmentation for organ and body part discrimination, CNNs outperformed other algorithms, such as logistic regression and support vector machines that do not have intrinsic feature extraction capabilities (Yan et al., 2016). For example, computer-aided diagnosis (CAD) systems based on CNNs have been successfully employed to detect lung cancer and pneumonia from X-ray imaging and macular degeneration from optical coherence tomography (OCT) (Kermany et al., 2018). For AD, an approach based on dual-tree complex wavelet transform for feature extraction followed by classification by a feedforward neural network was recently proposed (Jha et al., 2017). CNN architectures, such as GoogLeNet and ResNet have achieved strong results in distinguishing healthy from AD and mild cognitive impairment (MCI) brains using MRI imaging data (Prakash et al., 2019).

In addition to CNNs, ensemble learning (EL) has been shown to be valuable in medical imaging analysis. The frequent limited availability and the common 3D nature of medical imaging data can present a challenge when training classifiers (Dong et al., 2020). EL can be leveraged to overcome these limitations through combining multiple trained models. Therefore, EL can be used for classification using heterogeneous datasets (i.e., images from different imaging sources). Once individual classifiers are trained on each subset, they are then combined (Parikh and Polikar, 2007). EL with bootstrapping is especially helpful when relevant medical imaging data availability is limited (Bauer and Kohavi, 1999; Ganaie et al., 2021). Alternatively, limited data is commonly augmented by rotating and flipping existing images around an axis as well as using zooming functions.

Using generative adversarial networks (GANs) is another popular approach in augmenting imaging data. GANs create new data that compete with a discriminative whose role is to classify these new data as real or synthetic (Goodfellow et al., 2014). Generative networks that outcompete discriminative models can be leveraged to generate artificial data based on the underlying structure of real data (Wu et al., 2017). In the field of medical imaging, GANs have been successfully used for MRI and CT reconstruction and unconditional synthesis (Wolterink et al., 2017; Yi et al., 2019).

A commonly used resource in studying AD imaging data with the application of deep learning is the Alzheimer’s Disease Neuroimaging Initiative (ADNI) reference dataset. This neuroimaging database includes data from AD, mild cognitive impairment (MCI), and healthy individuals (Petersen et al., 2010). It consists of over 50,000 patient images and is often used to test the performance of models in AD image classification. In this review, we discuss recent exciting advances in the deep learning analysis of neuroimaging for AD patient diagnostics.



BACKGROUND


Multilayer Perceptron Neural Networks

Neuronal networks are assumed to function in a hierarchical manner when detecting and interpreting a visual image. The first functional layer of neurons might be responsible for detecting the presence and location of edges within an image. The second functional neuronal layer then identifies individual features of the image. Finally, a third layer of neurons assimilate all features to recognize the image as a whole and assign meaning to the image in a broad context. Warren McCulloch and Walter Pitts famously posited 10 theorems in 1943 that was the first computational description of neuronal behavior (McCulloch and Pitts, 1943). Under the McCulloch-Pitts model, the artificial neuron is the smallest functional unit in a neural network. A McCulloch-Pitts artificial neuron receives one or more non-weighted Boolean inputs x1,…,xnε{0,1} passed through a simple aggregation function with output [image: image]. The inputs serve in either an excitatory or inhibitory manner. As with a biological neuron, a threshold needs to be surpassed in order to undergo an “all-or-none firing” to propagate messages. Typically, several excitatory inputs are needed to surpass the threshold. Additionally, since inputs are Boolean, a solitary inhibitory input can exert a stronger influence over whether or not a McCulloch-Pitts neuron fires than a solitary excitatory input when several synaptic inputs are involved. Indeed, inhibitory inputs hold veto power over excitatory inputs. Finally, if neurons receive no inhibitory input and the excitatory input exceeds the determined threshold, all neurons that meet these criteria simultaneously generate an output.

Fifteen years later, Frank Rosenblatt published his model for neuronal storage and organization of information. He coined the term “perceptron” to describe his version of the artificial neuron (Rosenblatt, 1958). Minsky and Papert (1969, 2017) further developed the perceptron model. The perceptron model was developed to more closely resemble the higher functions of the brain than the McCulloch-Pitts model, especially in terms of supervised learning. In contrast to the McCulloch-Pitts artificial neuron, which can only receive Boolean inputs, a perceptron can receive weighted inputs where certain inputs can exert more influence than others. Furthermore, inputs can be both excitatory and inhibitory, without the absolute veto power of inhibitory inputs as seen in the McCulloch-Pitts model. Additionally, the perceptron output function is a binary linear classifier that yields [−1, 1] rather than the McColloch-Pitts output of [0, 1] due to a change in the activation function. There is no perceptron solution for data that cannot be separated in a linear manner. Therefore, under the perceptron model, the XOR logical function cannot be solved.

A major advancement of the perceptron model was its ability to learn accurate weights from training datasets under supervised learning. The simple elegance of the learning algorithm is found in its ability to predict an output and adjust a bias factor (b) according to how the output matches the prediction. If an input class γ matches the predicted [image: image], no adjustment is made to the input weight or the bias factor. However, if an input class γ does not match the predicted [image: image], the bias factor is automatically updated to multiply the input weight to match the predicted value. Additionally, the threshold for propagation (theta) is not hand coded as in the McCulloch-Pitts artificial neuron model. Instead, theta is also learned by being included as a synaptic input. A depiction of a perceptron including the net input and activation function is shown in Figure 1A.


[image: image]

FIGURE 1. Multilayer perceptron neural network. (A) The perceptron artificial neuron. Input datapoints are represented as x1,xn, with synaptic weights w1,wn and bias b. The local induced field v is passed through activation function φ to generate output [image: image]. (B) Simplified example of a multilayer perceptron neural network.


The perceptron model is single-layer in nature and can only accommodate linearly separated data. A neural network that consists of only a single-layer includes only one set of input nodes. Output nodes may exist singularly or there can be several. The dual function of output node(s) also includes the duties of receiving node(s). Due to its single-layer architecture, the perceptron model is limited in scope, since it cannot solve the XOR problem. In order to implement an XOR solution, a multilayer neural network is needed to work with non-linearly separated data. There have been several proposed solutions for the XOR problem using multilayered perceptron (MLP) networks (Yanling et al., 2002; Yang et al., 2011; Singh, 2016; Samir et al., 2017).

A MLP neural network consists of perceptrons organized into an input layer, at least one hidden layer, and an output layer. A deep neural network requires more than one hidden layer. A MLP that only has one hidden layer is sometimes referred to as a “vanilla” neural network. Rumelhart et al.’s (1986) seminal paper explained the fundamental learning processes of MLPs, including the feedforward pass and the particularly significant backpropagation step (Rumelhart et al., 1986). The feedforward nature of the MLP ensures that information is passed through the network in only one direction: from the input layer, through the hidden layers and finally through the output layer. There is no circular movement of data passage. The subsequent backpropagation process involves sending information from a forward pass back throughout the network, from the output to the input layer, while adjusting the bias and weight parameters. The purpose of backpropagation is to minimize the cost function by reducing the difference between the anticipated output value and the actual output value. It does so by calculating the local gradient via the chain rule to then correct the synaptic weights and biases (Svozil et al., 1997).

Although the utility of MLPs in computer vision was an important step forward, modern computational demands have shown MLPs to be limited. MLPs are fully connected networks. Therefore, all layers of perceptrons are fully connected to all other layers of perceptrons (Figure 1B). Since MLPs are fully connected, their time and space complexity grow exponentially with every additional layer in the network, making them vulnerable to inefficiency and impracticality for complicated tasks (Mühlenbein, 1990). Additionally, each perceptron receives only one unit of input, such as an image pixel and associated weight. Therefore, the need for processing large images renders MLPs a non-optimal option. MLPs also require flattened vector inputs for image processing, so spatial information becomes lost (Feng et al., 2019). Finally, MLPs also run the risk of overfitting training data, leading to poor generalizability (Caruana et al., 2001). These shortcomings led to the development of higher-complexity methodologies.



Convolutional Neural Networks

Convolutional neural networks (CNNs) have emerged as the standard tool for computerized image classification (Rawat and Wang, 2017; Abbas et al., 2021). Additionally, the application of CNNs has extended to face detection, facial expression recognition and speech recognition (Wang et al., 2020). Similar to MLPs, CNNs can receive an input image, learn weights and biases to then differentiate between images. However, unlike MLPs, CNNs can fully grasp the spatial and temporal dependencies of an image without requiring flattening. Furthermore, CNN architecture allows them to make accurate assumptions about specific, relevant features and patterns within images without prior knowledge (Jarrett et al., 2009). Training a CNN is more efficient than training a MLP because layers are sparsely connected, weights are smaller and shared among blocks of features, rather than between individual pixels. Furthermore, CNNs demonstrate robust applications due to their impressive generalizing ability. The first CNN model was proposed as the neocognitron (Fukushima and Miyake, 1982). Since the neocognitron, there has been tremendous advancements in CNN application and methodology research (Wu et al., 2020). Some notable advancements include the LeNet-5 and AlexNet models (LeCun et al., 1989; Krizhevsky et al., 2012).

The network layers of a CNN include the input layer, the convolution layer(s), the pooling layer(s) and the fully connected layer. The process of convolution is traditionally a linear operation of feature extraction. However, non-linear convolution has also been implemented (Zoumpourlis et al., 2017; Marsi et al., 2021). Convolutional layers include at least one kernel, or filter, which is a learnable parameter of the network. The kernel(s) compute feature maps corresponding to the receptive field with shared weights of a block of pixels (Agrawal and Mittal, 2020). Weight sharing reduces the number of training parameters to help CNNs to avoid overfitting and boost generalizability. The kernel operations compute the element-wise product of the two tensors in the convolutional layer. The output of convolving an input block with a kernel is a feature map; thus, the output of a convolutional layer is a number of kernelized images (I) equivalent to the number of kernels (K) with shape (Ih−Kh + 1,Iw−Kw + 1,Id−Kd + 1) for a single-channel (e.g., grayscale) image. The kernel K output F with dimensions (i,j,k) of a 3D image I with dimensions (p,q,r) corresponds to:

[image: image]

Convolutional layers contain hyperparameters that can be optimized, such as padding (Dwarampudi and Reddy, 2019). A major advancement of CNNs over MLPs is that they reduce image complexity for faster processing. Because the convolutional layers progressively reduce the original image’s size, pixels or voxels on the borders get lost. This can become an issue in very deep networks because it may lead to important image features being lost during training. The most common solution to the border loss issue is to use padding. Setting the padding hyperparameter corresponds to adding extra zero value pixels or voxels around the borders of the input image. Padding (P) changes the shape of the output of the convolutional layer, which becomes (Ih−Kh + Ph + 1,Iw−Kw + Pw + 1,Id−Kd + Pd + 1) (Zhang et al., 2021).

Another hyperparameter for the convolutional layer is stride. When stride is set to one, the computation on Eq. 1 is done for all pixels in the image block and the kernel is considered to be non-strided. Increasing stride to two means that convolution will be applied to every other pixel in the image block. Tuning the stride length of the kernel to broader units greatly increases computational efficiency in training the network (Krizhevsky et al., 2012; Zeiler and Fergus, 2014). Kernels move left-to-right and top-to-bottom along an image matrix according to the stride value until the entire image is crossed. In an architecture that includes several convolutional layers, the first convolutional layers extract low-level features of an image, whereas deeper layers extract high-level features.

To further reduce dimensionality, pooling layers are added after the convolutional layers. Pooling is used to extract important features and further down-sample the input image size. Pooling is a matrix summarization technique where a filter with size (p,q,r) is chosen and the input image is traversed in a sliding window fashion to reduce each block of that size. In other words, a cluster of output points, whose size depends on a tunable stride hyperparameter, is summarized into one neuron in the next layer. To prevent down-sampling different input spaces into the same information, these layers perform max or average pooling. With the max pooling approach, all sub-matrices in the input space with the size of the chosen stride are checked and the maximum value of each is chosen. With the average pooling approach, the average is computed and chosen as the summarized value (Persello and Stein, 2017).

In most CNN architectures, the output of the convolutional layer is passed through a non-linear activation function as in a traditional neural network. Common choices for activation are sigmoid functions, such as the logistic or the hyperbolic tangent function. LeNet-5 used a sigmoid logistic function as its activation function after the pooling layers (LeCun et al., 1998). Recently, the rectified linear unit activation function (ReLU) became standard in neural networks, including CNNs, because of reduced likelihood of having vanishing gradients during backpropagation, as well as not requiring input normalization to prevent saturation (Nair and Hinton, 2010; Ramachandran et al., 2017). These properties make the ReLU faster for deep network training. AlexNet used the ReLU in its convolutional and fully connected layers and showed that a 0.25 error rate was reached six times faster than with the hyperbolic tangent on the CIFAR-10 dataset (Krizhevsky et al., 2012). Occasionally, although less likely than with sigmoid functions, ReLU may lead to the vanishing gradient problem due to leading to sparsity. To circumvent this, modified versions, such as leaky ReLU, and parametric ReLU can be used (Jiang and Cheng, 2019).

Classification of the reduced input space is done by the last layers of the CNN, which correspond to dense layers in a fully connected feedforward network as described in the previous section. Several variations of the classic architecture of the CNN have been introduced over the last decade to tackle issues, such as overfitting and computational cost: GoogLeNet, ResNet, Inception-4, and VGG-16 (Simonyan and Zisserman, 2015; Szegedy et al., 2015, 2017; He et al., 2016). These architectures have been established as standard models for image classification due to their great success on addressing this task, with thousands of papers adapting them for specific problems (Rawat and Wang, 2017). The general architecture for a CNN is presented in Figure 2.


[image: image]

FIGURE 2. General architecture of a CNN.




Generative Adversarial Networks

The GAN were first introduced in 2014 and is an adversarial framework where two neural networks, generative and discriminative, compete against each other (Goodfellow et al., 2014). The generative network G generates synthetic examples derived from a random distribution, and the discriminative network D evaluates whether the provided example is real or modeled input (Figure 3). Consider a data input space x. The generator network G, an MLP, learns a data distribution pG(x) by mapping a prior distribution pz(z) on a random noise variable through its parameters. The discriminator D, also an MLP, is trained to maximize the probability of correctly classifying an input as being derived from x or pG(x), that is, it aims to maximize log⁡D(x) + log(1−D(G(z))) where D(x) is the probability of the example being real and D(G(z)) the probability of having been generated by G. Network G is simultaneously trained to minimize the cross-entropy loss function given by log(1−D(G(z))) and thus progressively learn to generate examples with low probability of being classified as synthetic by D. This is thus a minimax optimization game between G and D with value function V(G,D) defined by:
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FIGURE 3. The convolution operation (*) between an image input and a kernel. The element-wise product of the image block (blue) with the kernel (magenta) is calculated and added together (purple). All blocks are convolved with the kernel to generate an output of shape Ih−Kh + 1,Iw−Kw + 1.
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This minimax game has its global optimum at pg = pdata when G’s distribution for x equals the distribution of x (Gonog and Zhou, 2019). Training of a GAN consists of sampling minibatches of real data examples and of examples derived from G’s pz(z) distribution and updating D’s parameters by stochastic gradient ascent of log⁡D(x) + log(1−D(G(z))), followed by sampling minibatches of data points from pz(z) and updating G through stochastic gradient descent of log(1−D(G(z))) until an optimum is reached (Goodfellow et al., 2014). In practice, however, the generator’s loss function quickly saturates and becomes more efficient to train G to maximize log(D(G(z))). However, instead, G seeks to maximize the probability of examples being classified as real rather than minimize the probability that they are synthetic (Goodfellow et al., 2014). Other loss functions for GANs have been proposed. For example, Mao et al., 2016 proposed the least squares GAN, where the loss function is the mean squared error of the predictions; because least squares penalize errors more strongly, it is less likely to lead to vanishing gradient issues and was found to perform better. Other solutions have been proposed, such as the Wasserstein GAN (Arjovsky et al., 2017) and the DRAGAN (Kodali et al., 2017). Lucic et al. (2017) showed that these variations achieved similar performance on several benchmark datasets, such as the MNIST, CIFAR, and CELEBA (LeCun et al., 1998; Krizhevsky and Hinton, 2009; Liu et al., 2014).

Generative adversarial networks (GANs) are popular in the computer vision (CV) field, particularly for data augmentation. Popular architectures are deep convolutional GANs (DCGANs) (Radford et al., 2016), conditional GANs (Mirza and Osindero, 2014), pix2pix (Isola et al., 2016), and CycleGAN (Zhu et al., 2017). DCGANs are GANs where the generator and discriminator networks are all-convolutional networks that learn from real data to subsequently generate synthetic examples for image classification (Figure 4).
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FIGURE 4. Real input datapoints x and examples generated from a prior distribution by network G are fed to discriminator D for classification.




Ensemble Learning

Ensemble Learning (EL) has emerged as a popular solution in CV. EL provides high complexity with a training process that incorporates separate classifiers that are learning from distinct data subsets to be aggregated for final classification. The main modalities of EL are bagging, boosting, stacking, and mixture of experts. Bagging, “Bootstrap Aggregating,” trains different classifiers on bootstrapped samples in combination (Breiman, 1996). Briefly, n training sets are generated from the original dataset through uniform sampling with replacement, to ensure that the samples remain independent and maintain a distribution similar to the original dataset. Next, n models are trained, one per sample, and combined by voting. Bagging can prevent overfitting and reduce variance in high-variance datasets (Breiman, 1996; Bühlmann and Yu, 2002). Bühlmann and Yu (2002) showed that in hard classification problems that lead to instability (defined as small changes in the data leading to wildly varying predictions), bagging smooths the decision and yields smaller variances. Bagging of multiple MLPs has been shown to be successful at increasing performance, relative to a single MLP (Gençay and Qi, 2001; Ha et al., 2005). Boosting, specifically adaptive boosting (Adaboost), is a meta-algorithm that consists of weak classifiers being iteratively trained on a dataset and added together in a weighed manner dependent on their classification accuracy (Schapire, 1990; Freund and Schapire, 1999). These weak classifiers learn from each other, in the sense that incorrectly classified examples are penalized with a weight. The following weak classifier will therefore give more importance to examples misclassified by previous learners to ensure that performance progressively increases (Freund and Schapire, 1999). While originally developed to boost the performance of decision trees, boosting has been shown to also increase performance of DL models. For example, Moghimi et al. (2016) proposed a new algorithm incorporating boosting with CNNs (BoostCNN). Han et al. (2016) proposed in 2016 an incremental boosting approach for CNNs to avoid overfitting in predicting facial expression. The architecture incorporates incrementally updated Adaboost layers that select neurons from the previous layer to learn weights and was shown to improve model metrics compared to traditional CNNs on benchmark datasets.

Stacking is another ensemble meta-algorithm that combines predictions from different models (Wolpert, 1992). In a stacking architecture, the main model learns how to combine the best predictions from other contributing models that, unlike in bagging and boosting approaches, can be based on different algorithms. Essentially, a meta-classifier learns whether the data was correctly classified by smaller classifiers trained on bootstrapped samples. Deng et al. (2012) proposed a method based on stacking to upscale training of complex neural networks. Finally, the mixture of experts is a methodology in which several models are trained on the same data and their outputs are gated through a network that linearly combines them to obtain a final classification (Jacobs et al., 1991). Shazeer et al. (2017) used this approach to combine thousands of MLPs to achieve strong performance with low computational costs.




METHODOLOGIES FOR AD IMAGING CLASSIFICATION


CNN

Computer vision (CV) models based on CNNs have become popular for solving the Alzheimer’s disease classification problem. Frequently, medical imaging processing requires preprocessing to capture regions of interest (ROI) (Elsayed et al., 2012). This can be done manually or using signal processing techniques, such as the Hough transform (Duda and Hart, 1972) and the scale-invariant feature transform (SIFT) (Lowe, 1999). ROI-based approaches can be implemented in a CNN, such as the region-based CNN (R-CNN) (Girshick et al., 2014; Girshick, 2015). Mercan et al. (2019) also proposed a patch-level framework where a VGG-16 CNN is trained on patches extracted from ROIs and learns important features from weighted average pooling of its features. This approach was shown to be successful in detecting cancerous abnormalities in breast histopathology images (Mercan et al., 2019). However, one of the advantages of CNNs over other neural network architectures is that it does not require manual extraction of relevant features based on prior knowledge.

Modeling for AD imaging classification can be either binary (e.g., cases vs. control) or multiclass [e.g., cognitively normal (CN), mild cognitive impairment (MCI), early (EAD), and late onset AD (LAD)]. CNN models, including several of the standard neural network algorithms, such as GoogLeNet and ResNet are proven effective at deep multiclassification analysis in medical imaging (Li et al., 2014; He et al., 2016; Szegedy et al., 2017; Khan and Yong, 2018; Wang et al., 2018; Alsharman and Jawarneh, 2020). For accurate medical imaging recognition and/or classification, CNNs must be deep enough and able to extract features from the data at varying scales. Although the architecture of CNNs makes them more appropriate for image analysis, too many suffer from overfitting and exponentially increasing computing burden as they become large enough. Lin et al. (2014) introduced the network-in-network concept, which consists in adding small nets within a larger CNN to allow for data abstraction within each receptive field.

The GoogLeNet leveraged this concept and introduced inception modules that use multiple convolution filters within the same layer to allow a deeper architecture, and then concatenates the results. Furthermore, an auxiliary classifier was added to tackle the vanishing gradient problem due to the network’s depth, as well as prevent overfitting by adding regularization parameters.

The GoogLeNet architecture has achieved success in classification of AD imaging data (Farooq et al., 2017). Prakash et al. (2019) tested the GoogLeNet, AlexNet, and VGG-16 networks for classification of the ADNI MRI dataset in CN, MCI, and AD to show that GoogLeNet achieves 99.84% accuracy in training and 98.25% in the test set, higher than the remaining architectures. These results illustrate the advantage of the GoogLeNet architecture in preventing overfitting by using auxiliary classifiers, compared to other models, such as AlexNet and VGG-16.

ResNet is an additional successful variant of the classical CNN (He et al., 2016). The hallmarks of the ResNet model include the incorporation of residual mapping rather than unreferenced as well as the ability to skip layers in the network to create “shortcut connections.” In this way, residual learning converges faster and addresses the degradation problem, where accuracy saturates and then degrades as the network grows deeper.

Farooq et al. (2017) investigated the performance of GoogLeNet and two ResNet models, with 18 and 152 layers, in solving a multiclass analysis of AD and MCI using the ADNI MRI data. The authors developed a four-way classifier to classify AD, MCI, late MCI, and controls. Data augmentation was performed on these images by flipping them along the horizontal axis as the left and right brain region are symmetrical. The proposed approach for 4-way classification achieved accuracies of 98.88, 98.01, and 98.14% using the GoogleNet, ResNet-18, and ResNet-152 pre-trained networks, respectively. All three architectures performed better than other models that are proposed to classify AD MRI data, such as the stacked auto-enconder (SAE) models (Gupta et al., 2013; Ferri et al., 2021). Furthermore, Valliani and Soni (2017) proposed a pre-trained deep ResNet to classify AD MRI imaging in order to demonstrate that training on biomedical imaging was not necessary for the task and achieved modest accuracy. Lastly, Fuad et al. (2021) performed a comprehensive longitudinal comparison of different architectures for the classification of brain cancers revealing an increase of roughly 5% in classification accuracy over the past 5 years (Table 1).


TABLE 1. Comparison of recent architectures used for classification of brain cancer (adapted from Fuad et al., 2021).

[image: Table 1]
3D CNN architecture has been utilized to take whole brain MRI scan as input and output the classification results. Payan and Montana (2015) described a framework based on unsupervised training of a sparse auto-encoder to learn convolutional filters to then use in a 3D CNN for three-way classification. The authors posited that the use of a sparse auto-encoder for filter learning could be advantageous to control for underlying factors responsible for MRI data variability. The learned filters were used as parameters in a 3D CNN architecture, whose performance was tested against a 2D one. The authors showed that the 3D approach marginally increases accuracy of three-way classification due to it capturing 3D patterns in the data. Feng et al. (2020) described an approach where 3D CNNs were used for AD MRI image classification in conjunction with 2D MRI slice scans to overcome their inability to provide contextual information on their connectedness. The 3D-CNN architecture contained stacks of batch normalization (BN) and ReLU activation function. A max pooling layer was then used to extract features from the volumes and to reduce the dimensionality of the data, followed by a dropout layer. Despite the increased computational cost of using 3D convolution as an extension of 2D convolution, accuracy for three-way classification of AD, MCI, and controls improved from 82.57 to 89.76% for regularization. The authors also used a 3D-CNN-support vector machine (SVM) classifier. The SVM classifier did not add any time complexity but was able to improve accuracy to 95.74%which was statistically better than the other two approaches.



GANs

Generative adversarial networks (GANs) are used in the detection of AD to enhance brain MRI scans or to predict whole brain image structure at a future point in time. Using GANs for forecasting brain alterations assists in precise early neurodegenerative disease detection. Although labeled training data is expensive to find in AD imaging datasets, several GAN architectures have been developed to reduce this computational burden through augmenting data, extending training datasets and sending them to deep learning classifiers. An impressive example of GAN synthetic data augmentation is provided by Kazuhiro et al. (2018), who were able to use almost one hundred T1-weighted MRIs from 30 healthy controls and 33 stroke patients with DCGANs to generate synthetic MRI images. These generated images were unable to be detected as fake by radiologists and neuroradiologists.

In addition to synthetic data augmentation, GAN has also been proven useful in enhancing the quality of MRIs, which has led to better performance in AD classification. The diagnostic quality of MRI images for AD is dependent on the signal-to-noise ratio (SNR), which is influenced by the instrument’s parameters (e.g., magnetic strength). The performance of AD classification models is highly correlated to the advancements of the scanners. Zhou et al. (2021) recently explored the relationship between GAN performance using T1-weighted MRIs of various quality and AD classification accuracy. Both 1.5-Tesla (1.5-T) and 3-Tesla (3-T) scans were produced during the same patient visit and were available for this study. 3-T images are constructed using a twice-than-normal strength magnet and therefore offer a much clearer image with half of the noise-to-signal ratio. The authors first used a GAN to generate synthetic images, referred to as a 3T∗ images, based on the 1.5-T scans. Subsequently, a discriminator was used to analyze the similarities and differences between the 3T∗ images and the same-patient 3-T scans. The 3T∗ images were then used to train a fully convolutional network (FCN) to identify AD verses control cases. Cross-entropy loss was reduced through simultaneous GAN and classifier loss minimization. This GAN-based deep learning strategy was able to identify how to improve the 1.5-T images to meet or exceed the quality seen in the 3-T images using a GAN approach.

There are clinical advantages to combining PET scans with MRI scans. MRI scans allows clinicians to observe soft tissue contrast, whereas PET scans allow clinicians to observe metabolic function at a cellular level. Multimodal assessment can increase diagnostic power, which has been shown to be the case in AD (Fang et al., 2020). However, PET scans require the use of radioactive tracer dye, which may not be always feasible due to allergic reactions to the iodine tracer, other contra-indicated health conditions or simply cost and time restrictions.

Lin et al. (2021) used a 3D reversible generative adversarial network (RevGAN) to generate missing PET scans based on what would have been complimentary MRI images from the same AD patient. RevGAN consists of one reversible generator and two discriminators. The generator has three components: encoder, invertible core, and decoder. Each of them consists of a series of blocks of convolution, normalization, and a ReLU layer. After RevGAN use, a 3D-CNN was able to be successfully employed to use multi-modal input to make a distinction between AD and control images. This method was confirmed against images from the ADNI database.



EL

Ensemble models based on CNNs have recently been explored for image classification in AD. Zheng et al. (2018) proposed an ensemble of AlexNets to classify PET imaging data of patient brains as normal or affected by AD, and further distinguish between stages of MCI. Specifically, the authors adopted a patch-based approach for feature extraction by using the Automated Anatomical Labeling software to segment the PET brain images into distinct neuroanatomical regions. This strategy was adopted since AD-associated neurodegeneration affects certain regions of the brain disproportionately (Lam et al., 2013). Moreover, it has the advantage of not requiring manual annotation. Each set of image patches, representing a different brain region, was then fed to an AlexNet CNN to be classified as healthy or affected by AD, or by MCI severity in affected patients. The best performing models were then chosen by majority voting. By adopting this approach, the authors achieved an accuracy of 91% for healthy vs. AD classification and 85% for mild MCI vs. severe MCI, an improvement in performance relatively to other deep learning methodologies (Karwath et al., 2017; Valliani and Soni, 2017). Tanveer et al. (2021) developed a novel ensemble model, DTE, which utilizes a combination of deep learning and transfer learning, and ensemble learning. DTE was tested on a large ADNI dataset, which showed that DTE achieved a maximum classification accuracy of 99.09% for NC vs. AD and 98.71% for MCI vs. AD classification. When DTE was tested on a small ADNI dataset, DTE achieved a maximum classification accuracy of 85% for NC vs. AD.

Another methodology was developed by Islam and Zhang based on a bucket of six CNN models with distinct architectures trained on the OASIS dataset containing MRI imaging data for healthy individuals and AD patients (Marcus et al., 2010; Islam and Zhang, 2018). The authors tested different ensembles of the six models, with the best performing one consisting of three CNNs with alternating dense layer blocks and convolution-pooling blocks. The ensemble achieved an accuracy of 93%, outperforming other architectures, such as ResNet, ADNet, and Inception-v4 as tested by the authors on the same dataset. Additional CNN ensemble models have been proposed for this task (Wang H. et al., 2019; Pan et al., 2020). An et al. (2020) developed DELearning, a three-layer framework for AD classification that uses the deep learning approach to ensemble at each layer to integrate multisource data. Using clinical data from NACC UDS, the authors tested DELearning against six other EL methods: LogitBoost, Bagging, Random Forest, AdaBoostM1, Stacking, and Vote. Results showed the DELearning was able to outperform all six methods in terms of precision, recall, accuracy, and F1-measured. DELearning showed a 3% increase in recall and a 4% increase in accuracy compared to the other methods.

Approaches for multi-modal imaging data classification have also been developed. Fang et al. (2020) proposed an ensemble approach for multi-modal data that takes advantage of a deep CNN for automated feature extraction followed by classification with Adaboost. Specifically, the authors built a stack of three deep CNNs (GoogLeNet, ResNet, and DenseNet) that learn hierarchical representations from the MRI and PET modalities separately and compute a classification score for each example based on each data type. The predictions from the two data modalities are then combined through Adaboost. This ensemble achieved an average accuracy of 93% for both healthy vs. AD and healthy vs. MCI. This methodology facilitates feature extraction through abstraction, given that human annotation of ROI is not required.

In addition to CNNs, other model architectures have been proposed with ensemble approaches for AD imaging classification: hierarchical ensemble learning with deep neural net (Wang R. et al., 2019), learning-using-privileged-information (LUPI) algorithms (Zheng et al., 2017), sparse regression models (Suk et al., 2017), and instance transfer learning (Tan et al., 2018).




CONCLUSION

Alzheimer’s disease continues to be an incurable pandemic. Advanced methods to improve disease detection are crucial. We propose a computer vision assisted approach for detection before clinical symptom onset (Figure 5). The rise in the power of computational models is for the first-time allowing scientists to analyze and extract meaningful clinical insights from previously untouched massive datasets. It is imperative that the scientific community continue to adapt and move forward with interdisciplinary approaches to tackle the world’s greatest unknowns, including neurodegenerative disorders.


[image: image]

FIGURE 5. Proposed approach for computer vision-assisted early diagnosis.
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A major obstacle to progress in understanding the etiology of normative and pathological human brain aging is the availability of suitable animal models for experimentation. The present article will highlight our current knowledge regarding human brain aging and neurodegeneration, specifically in the context of Alzheimer’s disease (AD). Additionally, it will examine the use of the rhesus macaque monkey as a pragmatic translational animal model in which to study underlying causal mechanisms. Specifically, the discussion will focus on behavioral and protein-level brain changes that occur within the central nervous system (CNS) of aged monkeys, and compare them to the changes observed in humans during clinically normative aging and in AD.
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INTRODUCTION


Alzheimer’s Disease

By the year 2050, nearly one in four people in the United States is expected to be 65 years of age or older, and people over 65 are predicted to make up 61.9% of the global population (U.S. Census Bureau, 2020). This change in population dynamics is likely to have a major impact on the health care systems. For instance, even in the absence of overt neurodegeneration, older adults show gradual changes in mental processes such as attention, memory retrieval, processing speed, and executive function (Harada et al., 2013; Schott, 2017). However, half of adults in the United States aged 50–64 years consider themselves at least somewhat at risk for developing overt dementia such as Alzheimer’s disease (AD), and 37% report having a family member with dementia (Maust et al., 2020). These concerns encompass the wide range of AD symptoms—including progressive memory loss, agitation, language deficits, depression, mood disturbances, and even psychosis—and are not unfounded, as a growing percentage of the population does develop AD (Schott, 2017; Mehla et al., 2020). The most common symptoms of AD are the severe dementia and neuropsychiatric complaints involved in advanced AD, with 60–70% of dementia cases being attributable to AD (Dey et al., 2017).



Pathological Hallmarks of AD in Humans

Many physical changes in the brain have been identified across clinically normative aging, such as mild brain atrophy, gliosis, and accumulation of intracellular and extracellular proteins (Marner et al., 2003; Freeman et al., 2008; Schott, 2017; Furcila et al., 2018). These changes do appear to alter cognitive function, even in healthy aging humans (Furcila et al., 2018). However, patients with AD show these symptoms at a younger age, which sets AD patients onto a separate, pathological, brain aging trajectory. AD patients additionally show overt neuron loss, which is not present in normative aging (Freeman et al., 2008). Accordingly, they also reach higher levels of pathology than their non-AD peers (Duyckaerts et al., 2009). Two hallmarks of AD pathology are amyloid beta (Aβ): A protein which aggregates into extracellular plaques and is formed from cleavage of the APP, and phosphorylated tau (p-tau): A microtubule-associated protein which becomes hyperphosphorylated and accumulates intracellularly (Duyckaerts et al., 2009; see Figure 1 for protein aggregation of each). Notably, these proteins are present in the non-AD aging brain as well; however, specific protein modifications are necessary for the clinical diagnosis of AD (Furcila et al., 2018).
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FIGURE 1. Amyloidogenesis and tau tangle formation across aging. Physiological proteins amyloid precursor protein (APP) and microtubule-associated protein tau undergo modifications during aging to form plaques and tangles, respectively. These processes occur in both humans and rhesus macaques across aging, resulting in parallel pathological aggregations of the same proteins in both species. (A–C) Show amyloidogenesis, while (D–F) represent processes involved in tau pathology. (A) Prior to aging, the transmembrane amyloid precursor protein is cleaved by α-secretase to form soluble amyloid precursor protein α (sAPPα; orange arrows; left), and subsequently cleaved further by γ-secretase, which creates p3 and APP intracellular domain (AICD). On the other hand, when APP is cleaved by β-secretase (blue arrows; right), soluble APPβ (sAPPβ) is formed before γ-secretase cleavage into AICD and Aβ, an insoluble pathological protein which is cleaved into the extracellular space. sAPPα, sAPPβ, and p3 are non-pathological APP fragments released extracellularly, while AICD is also physiologically relevant and is released into the intracellular matrix. (B) Aβ proteins begin to aggregate (1), create fibrils (2), form elongated fibers (3), and finally these fibers aggregate into insoluble extracellular plaques in the cortex (4). (C) A graphical representation of extracellular Aβ plaques in the neocortex. The top of the image represents the pial surface, with dashed horizontal lines signifying boundaries between cortical layers. Plaques vary in size and can be present in cortical layers II-VI. (D) On the left, microtubule-associated protein tau (tau) supports microtubules, a part of the neuronal cytoskeleton. When tau begins to be phosphorylated (on the right), the protein no longer adheres to the microtubule, leading to disintegration of the microtubule and subsequent degeneration of the neurites. (E) Tau (1) phosphorylation begins with early phosphorylation sites, which remove the protein from its role providing support to microtubules (2). These phosphorylated proteins are therefore present in the intracellular space, and free to be further phosphorylated by various tau kinases, which leads to intracellular aggregation (3). Eventually, hyperphosphorylation leads to formation of tau fibrils (4), which aggregate intracellularly. (F) Graphical representation of the clinical progression of intracellular tauopathy. In all three neurons, blue represents phosphorylated tau (p-tau). First, p-tau accumulates in the cell, visible via cytoplasmic immunoreactivity, and can be considered a pretangle. It can be presumed that early axonal degeneration is occurring, due to accumulation of detached tau in the cytoplasm. Then, when tauopathy progresses, the cytoplasm shows heavy, fibrillous tau aggregations, which exclude the nucleus and usually present as a teardrop-like shape as seen in the middle neuron. Additionally, at this stage, dystrophic neurites are visibly tau-filled (represented by blue axonal inclusions) and the neuron is presumed to be primarily non-functional. Finally, p-tau continues to fill the intracellular space until the neuron dies. At this stage, the nucleus is no longer distinguishable, and the cell membrane may be “leaking” tau into the extracellular space. The first two phenotypes are seen in very old monkeys, but progression to tombstone cells is uncommon. Figure created with BioRender.com.




Current Pharmacological Therapies

There has been very limited efficacy in preventing the onset of some new memory-related symptoms with memantine, an N-methyl-D-aspartate (NMDA) receptor antagonist, cholinesterase inhibiters such as donepezil, and a recently approved combination of the two classes (Miziak et al., 2021). However, there are no current interventions which treat the etiology of or even prevent the progression of AD, in spite of many studies and clinical trials (i.e., Farlow et al., 2012; Ostrowitzki et al., 2017; Cummings et al., 2018; Egan et al., 2019; Haass and Levin, 2019). Most recently, aducanumab, an antibody shown to reduce amyloid beta accumulation, was FDA-approved using a fast-tracked pathway (U.S. Food & Drug Administration, 2021). This approval, however, was based solely on the surrogate endpoint of plaque reduction, so the therapeutic potential of aducanumab is unknown especially in the context of symptomatic relief. This is because Aβ plaques do not reliably correlate with cognitive decline, and this and previous amyloid-lowering drugs have failed to consistently slow dementia onset (Nelson et al., 2012; Sevigny et al., 2016). Therefore, to make significant advances in our understanding of the pathways and neurodegenerative trajectories that underlie AD, and to develop safe and effective therapies, it is important to develop and characterize appropriate experimental animal models of AD. These preclinical models inform and drive novel investigations in the clinical realm, underscoring the importance of promoting cross-talk between preclinical and clinical science, as well as the critical nature of translational science for therapeutics.



Preclinical Rodent Models of AD

Rodents are the most commonly used laboratory animals and have relatively short lifespans to allow for rapid experimental turnaround in aging studies. They do not, however, naturally develop measurable pathological features of AD such as Aβ plaques or p-tau tangles (LaFerla and Green, 2012). Several methods have been employed to mitigate this lack of overt pathology, generally via modifications to genes which are known risk factors for AD, such as amyloid precursor protein (APP), apolipoprotein E, and presenilin (Webster et al., 2014). Other models involve adeno-associated virus (AAV) vectors and floxed genes (i.e., temporally controlled and mediated genes), induction of pathology via direct or indirect addition of Aβ and/or p-tau, or sometimes direct insertion of clinical genes or proteins found in AD patients. For examples of these manipulations, see Alzforum (2021). These models allow great flexibility and temporal control over induction of AD characteristics which cannot be achieved with sporadically occurring clinical AD. Specific realms of memory can be probed on a basic level using rodent behavioral paradigms; for instance: set-shifting, spatial navigation, working memory, perseveration, and many other typically affected forms of cognition are measurable in rodents. These paradigms provide valuable insights into specific realms of memory as well as molecular mechanisms of aging. Conversely, some complex cognitive measures—such as the neurocognitive testing considered to be the clinical gold standard—are impractical or sometimes even impossible to use in characterizations of AD-like symptomology in rodents (Harada et al., 2013; Webster et al., 2014; Deb et al., 2017; Ingram and De Cabo, 2017; Colman, 2018). Therefore, collectively, when assessing clinical hallmarks of AD, the rodent model provides a basis for informing studies in higher mammals.

Mice and rats are short-lived, allowing for study of the aging process in a relatively contracted time frame, but this abbreviated lifespan also limits chronological aging. For instance, 2 years (the average lifespan of a laboratory mouse; Flurkey et al., 2007) simply may not be enough time for pathological proteins such as Aβ or p-tau to accumulate and have neurodegenerative effects. As seen in the interactive visualization by Alzforum (2021), many mouse models do recapitulate aspects of AD—for example, APP processing (Figures 1A–C) via genetic induction—and they have been crucial to our understanding of mechanisms of aging and AD. To gain a holistic understanding of the disease, a more robust, naturally-occurring model is optimal. This model must also be highly clinically translational in order to probe complex cognitive functioning, temporal dynamics, and non-cognitive neuropsychiatric symptoms. These shortcomings in rodent models may be complemented with the study of the rhesus macaque to model AD and aging. Taken together, the use of small laboratory rodents is paramount for studying cellular and molecular aspects of AD pathology, but a more complete clinically translational model is needed to recapitulate subtle behavioral symptoms and sporadic onset of both AD and normative aging mechanisms.



THE RHESUS MACAQUE MODEL OF NORMATIVE AND PATHOLOGICAL BRAIN AGING

The rhesus macaque (Macaca mulatta) shows close genetic homology to humans (Rhesus Macaque Genome Sequencing Analysis Consortium, Gibbs et al., 2007), has a greatly extended lifespan relative to rodents (Mattison et al., 2017; Stonebarger et al., 2020), is capable of performing complex and prefrontal cortex (PFC)-dependent cognitive tests similar to those used in the clinic (Rapp, 1989; Peters et al., 1996; Moore et al., 2006; Nagahara et al., 2010) and also shows similar life stages; i.e., a prolonged childhood, adolescence, adulthood, and cognitive and hormonal aging declines (Downs and Urbanski, 2006; Messaoudi et al., 2011; Sorwell et al., 2012; Mattison et al., 2017). For these reasons, the rhesus macaque may represent a more holistic and systems approach to studying mechanisms underlying human aging. Additionally, it has been commonly known for decades that rhesus macaques develop cortical and subcortical Aβ plaques—which represents the natural formation and aggregation of this protein—and there is evidence that this involves the same pathways as in human brain aging (Heilbroner and Kemper, 1990; Uno, 1993; Stonebarger et al., 2020).


Cognitive Decline

Because rhesus macaques are capable of more complex learning and memory tasks and have longer lifespans compared to rodents, they represent a valuable translational animal model with which to study longitudinal changes in cognitive function. For instance, many behavioral batteries include neuropsychological tests that closely resemble those used to clinically assess cognitive decline; i.e., monkeys are capable of performing testing with the same complexity and nearly identical parameters as multiple tests used in the clinic. To this end, many researchers have observed a gradual but significant decline in cognitive ability which occurs over the course of macaque late adulthood (Lai et al., 1995; Herndon et al., 1997; Moore et al., 2003, 2006). For example, short-term memory, task-dependent memory, two-choice discriminations, abstraction, and set-shifting have all been shown to be impaired in old rhesus macaques compared to young, or even in some instances also compared to middle-aged monkeys (Bartus et al., 1978; Rapp and Amaral, 1989; Lai et al., 1995; Herndon et al., 1997; Voytko, 1999; Moore et al., 2003). Importantly, as in humans, this decline is progressive such that “early aged” monkeys (19–23 years), “middle-aged” monkeys (24–29 years), and “oldest-old” (30+ years) show different levels of cognitive performance. Each age group shows impairments compared to the group directly younger in delayed non-match to sample tasks and non-spatial delayed recognition span test (Herndon et al., 1997; Harada et al., 2013). Like humans, variability in rhesus cognitive scores also increases with age (Schott, 2017). However, even considering deficits seen in animals with the lowest cognitive scores, aging macaques do not show decline of cognitive function as rapidly or to such severe impairment as humans with AD (Hara et al., 2012). After decades of cognitive aging research in the rhesus macaque, the primary takeaway points seem to be that the rhesus macaque does not model overt dementia such as AD, but instead models the natural decline in various cognitive domains seen in healthy aging humans. It remains to be seen whether pathological tauopathy is correlated with cognitive decline in the rhesus macaque, as amyloid plaques are not consistently predictive of cognitive decline in monkeys (Emborg, 2017).



Amyloid Beta

For decades, the progression and accumulation of Aβ extracellular plaques in the rhesus macaque has been well-documented. For example, in 1993 Uno reported amyloid plaques in 40–66% of rhesus macaques aged 20–30 years (Uno, 1993), and as detection methods have improved in the last three decades, it may be that an even higher percentage of aged animals show amyloidosis. However, at least in the PFC, amyloidosis levels do not reach the threshold for clinical AD. For instance, brains of AD patients tend to show 10–20% area coverage of plaques in the PFC (O’Brien and Wong, 2011; Smith et al., 2019). Furthermore, it was recently shown that even the oldest known rhesus macaques in the world do not experience amyloid levels naturally higher than 5–6% coverage, depending on the region of interest (Stonebarger et al., 2020). These PFC data could indicate that globally, Aβ simply does not accumulate enough in the rhesus brain to be overtly neurotoxic. Nevertheless, a majority of studies using various methodologies have confirmed an increase in rhesus cerebral amyloid across age, which parallels findings in the clinic (Heilbroner and Kemper, 1990; Uno, 1993; Stonebarger et al., 2020). Moreover, building on this observation, there have been successful attempts to induce—rather than replicate—a phenotype that more closely parallels the human AD brain environment in multiple species of macaques (Forny-Germano et al., 2014; Beckman et al., 2019). Altogether, these Aβ plaque data strongly suggest that the same aging processes occur in both human and rhesus macaques, but that they may be less developed in the rhesus brain.



Phosphorylated Tau

Until recently, the rhesus macaque had been accepted as an incomplete model of AD, or potentially even dismissed fully as a model of natural clinical aging, due to the lack of neuronal p-tau detection. Indeed, for decades, rhesus macaques were considered not to develop p-tau naturally. This has presented a challenge in phylogenetically synthesizing the evolution of p-tau tangles—as chimpanzees, baboons, gorillas, and cynomolgus monkeys have all shown evidence of cortical tauopathy (Schultz et al., 2000; Oikawa et al., 2010; Perez et al., 2013; Edler et al., 2020), along with some smaller simians such as marmosets and lemurs (Giannakopoulos et al., 1997; Sharma et al., 2019). Rhesus monkeys, a key evolutionary link, have not historically shown immunoreactivity to p-tau (Peters et al., 1996; Zhang et al., 2019). However, in 2018 Paspalas et al. reported detection of p-tau in the rhesus macaque entorhinal cortex, which has led to a resurgence in interest surrounding non-human primate p-tau. In addition to this initial landmark study, laboratories are currently researching both natural p-tau accumulation and tauopathy induction models in the rhesus macaque (i.e., Beckman et al., 2021; Datta et al., 2021). There is still much work to be done characterizing natural tauopathy in the rhesus macaque, but it has generally been observed that most monkeys do not live long enough to develop pathological tauopathy. For instance, most overt tauopathy appears to occur mainly in macaques over the age of 30 years, and very few primate facilities have a cohort of these very old animals (Paspalas et al., 2018; Datta et al., 2021). Therefore, non-human primate induction models become highly relevant: if the same natural pathways that lead to tauopathy can be dysregulated or stimulated earlier in life, researchers can study the etiology and progression of the proteinopathy across many years, and monkeys would likely achieve more advanced states of tauopathy. This could mimic neurodegeneration or advanced stages of human brain aging, which can inform clinical progression of the disease; if researchers can induce tauopathy into a further progressed state in the macaque, the inverse processes are logical targets for early AD intervention. It should be emphasized that relatively few rhesus monkeys live beyond ∼25 years, which is prior to the age at which they begin to show significant hippocampal tauopathy (Paspalas et al., 2018; Datta et al., 2021); thus, the systematic study of p-tau induction will be critically important in further developing the macaque AD model.

Taken together, the recent p-tau data question the traditional dogma that non-human primates do not develop AD due to a lack of p-tau accumulation. The primary physical AD hallmarks: clinically relevant p-tau intra-neuronal tangles and Aβ plaques, have now been observed in monkeys; so why don’t they show a full cognitive AD phenotype?



Neuronal Death

Mid- and late- stage clinical AD result in significant neuronal death in subcortical structures such as the hippocampus, and in the neocortex (Furcila et al., 2018). To fully capitulate an AD phenotype, the rhesus macaque would need to show significant cell loss in areas that are sensitive to aging. Thus far, there is only one report of neuronal loss in the rhesus macaque with loss indicated in PFC Brodmann Area 8a (Smith et al., 2004). However, data from Stonebarger et al. (2020) included a larger cohort of monkeys across more of the lifespan, and this expanded cohort did not show age-related neuronal loss in the PFC. Similarly, no neuronal loss was seen across multiple rhesus macaque brain regions, including the PFC, hypothalamus, and visual cortex (Peters et al., 1994, 1998; Roberts et al., 2012; Giannaris and Rosene, 2012; Stonebarger et al., 2020). Notably, the hippocampus has not to our knowledge been stereologically analyzed across age in the rhesus macaque. This brain region is highly sensitive to cognitive and pathological aging changes, critical to memory consolidation, and undergoes significant shrinkage in AD (Freeman et al., 2008; Squire et al., 2015). While the lack of neuron loss in all other analyzed areas seems to indicate that rhesus macaques do not naturally lose neurons as they age, it is interesting to note that the multiple cohorts of rhesus monkeys have shown p-tau tangles in the hippocampus (i.e., Paspalas et al., 2018; Datta et al., 2021). Furthermore, in clinical studies it has been shown that p-tau tangles are associated with cell death—one of the primary drivers of cognitive decline in AD (Peters et al., 1994; Datta et al., 2021). Taken together, the overall consensus is that rhesus macaques do not show the distinctive neuronal loss that characterizes the later stages of AD in humans, and which is associated with dementia.



CONCLUSION AND FUTURE PERSPECTIVES

Clinical studies can guide future directions of rodent behavioral and molecular research with regard to normal and pathological aging, which in turn can inform non-human primate research thereby potentially impacting clinical outcomes. This cross-species integrative approach is impractical, however, without detailed characterization of aging and AD-like symptomology in the most common preclinical non-human primate: the rhesus macaque. Importantly, in the rhesus macaque model of aging, all four major hallmarks of AD—significant cognitive decline, amyloid beta plaques, p-tau tangles, and neuronal death—do not reach the pathological levels of clinical AD. Cognitive decline in aged rhesus monkeys parallels the healthy aging human very well, in that gradual, incremental decline is seen across age, beginning in middle age or later, depending on the task. Amyloid beta plaques do naturally accumulate in the rhesus macaque brain, especially in sensitive areas such as the PFC. Importantly, however, the area coverage of these plaques in rhesus monkey brains is not high enough to be considered an AD phenotype relative to diagnostic hallmarks in the clinic. While the recent discovery of naturally occurring p-tau in the rhesus monkey brain is indeed exciting, data thus far indicate that the amount of p-tau detected is not in line with the classically accepted progression and advanced conditions of neurofibrillary tangles that represent hallmarks of AD. However, four distinct patterns of tau progression have recently been proposed; therefore, it is unclear which of these trajectories monkey p-tau most closely resembles (Vogel et al., 2021). Finally, neuronal death is an established AD phenotype, but this hallmark has not been obvious even in the very oldest rhesus macaques in studies to date. Taken altogether, it is evident that the rhesus macaque does not develop overt AD, even though the CNS conditions represent subclinical variations of AD hallmarks, as visualized in Figure 2. Notably, this environment can be experimentally leveraged in a systematic fashion, setting the stage for induction or mitigation models in which various methods can be employed to exacerbate or attenuate existing pathology (i.e., Beckman et al., 2021).


[image: image]

FIGURE 2. Comparison of clinical and non-human primate progression of brain aging according to the generally accepted amyloid cascade hypothesis of AD. Clinically, Aβ aggregates and triggers hyperphosphorylation of tau. This tauopathy accumulates intracellularly to lead to neuronal death, which is a primarily proposed mechanism of cognitive decline. Mid to late stages of AD result in the full clinical cascade visualized on the left. However, even in the oldest known rhesus macaques, this trajectory is incomplete; Aβ plaques and tauopathy do not reach levels seen in the clinical AD cases. Therefore, because tauopathy only reaches early stages of phosphorylation, cell death and the subsequent sharp cognitive decline are absent in the monkey model, which renders the rhesus macaque more suitable for naturally modeling normative clinical brain aging or early stages of AD. Figure created with BioRender.com.


Due to these temporal restrictions along with the very recent discovery of naturally arising p-tau in the rhesus macaque, true non-human primate models of AD are severely lacking. Monkeys, like humans, show great variability in phenotypical aging, meaning even in aged animals these hallmarks are not present in the entire population. This makes a natural aging macaque an expensive and unreliable model for AD. This highlights the need for inducible non-human primate models of neurodegeneration. Notably, this environment has begun to be experimentally leveraged in a systematic fashion, setting the stage for induction or mitigation models in which various methods can be employed to exacerbate or attenuate existing pathology (i.e., Beckman et al., 2021). For instance, both rhesus and cynomologus macaques—a close genetic relative—have been shown to develop p-tau tangles in response to the injection of Aβ oligomers; however, even when induced tangles aggregate earlier in the lifespan, there is no recorded cell death (Lyra e Silva et al., 2019). Importantly, these are early experimental models, and work continues to be done to both characterize and exacerbate brain pathology in the aging monkey. Therefore, the rhesus macaque, while not an ideal natural model of clinical AD, has the potential to be an excellent resource with which to study factors that contribute to the etiology, exacerbation, and root causes of the discussed mechanisms, including genetics, hormone milieu, diet, trauma, and infection.
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Alzheimer’s disease is the most common form of dementia, and epidemiological studies support that type 2 diabetes (T2D) is a major contributor. The relationship between both diseases and the fact that Alzheimer’s disease (AD) does not have a successful treatment support the study on antidiabetic drugs limiting or slowing down brain complications in AD. Among these, liraglutide (LRGT), a glucagon-like peptide-1 agonist, is currently being tested in patients with AD in the Evaluating Liraglutide in Alzheimer’s Disease (ELAD) clinical trial. However, the effects of LRGT on brain pathology when AD and T2D coexist have not been assessed. We have administered LRGT (500 μg/kg/day) to a mixed murine model of AD and T2D (APP/PS1xdb/db mice) for 20 weeks. We have evaluated metabolic parameters as well as the effects of LRGT on learning and memory. Postmortem analysis included assessment of brain amyloid-β and tau pathologies, microglia activation, spontaneous bleeding and neuronal loss, as well as insulin and insulin-like growth factor 1 receptors. LRGT treatment reduced glucose levels in diabetic mice (db/db and APP/PS1xdb/db) after 4 weeks of treatment. LRGT also helped to maintain insulin levels after 8 weeks of treatment. While we did not detect any effects on cortical insulin or insulin-like growth factor 1 receptor m-RNA levels, LRGT significantly reduced brain atrophy in the db/db and APP/PS1xdb/db mice. LRGT treatment also rescued neuron density in the APP/PS1xdb/db mice in the proximity (p = 0.008) far from amyloid plaques (p < 0.001). LRGT reduced amyloid plaque burden in the APP/PS1 animals (p < 0.001), as well as Aβ aggregates levels (p = 0.046), and tau hyperphosphorylation (p = 0.009) in the APP/PS1xdb/db mice. Spontaneous bleeding was also ameliorated in the APP/PS1xdb/db animals (p = 0.012), and microglia burden was reduced in the proximity of amyloid plaques in the APP/PS1 and APP/PS1xdb/db mice (p < 0.001), while microglia was reduced in areas far from amyloid plaques in the db/db and APP/PS1xdb/db mice (p < 0.001). This overall improvement helped to rescue cognitive impairment in AD-T2D mice in the new object discrimination test (p < 0.001) and Morris water maze (p < 0.001). Altogether, our data support the role of LRGT in reduction of associated brain complications when T2D and AD occur simultaneously, as regularly observed in the clinical arena.
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INTRODUCTION

Age remains the main risk factor for Alzheimer’s disease (AD). Nevertheless, metabolic disorders, and type 2 diabetes (T2D) specifically, may also increase the risk of AD by over twofolds (Sims-Robinson et al., 2010; Ryu et al., 2019). Likewise, the close relationship between AD and T2D has been long analyzed (Biessels and Despa, 2018; Vieira et al., 2018). Studies on animal models have shown that metabolic alterations may affect different amyloid species and amyloid deposition, although the effects seem to be highly dependent on the specific animal model used (Ramos-Rodriguez et al., 2014; Wang et al., 2014; Chatterjee and Mudher, 2018; Natunen et al., 2020). On the other hand, while it is widely accepted that cognitive dysfunction is an important and common comorbidity of diabetes, this effect does not seem to be directly related to alterations in amyloid pathology, and previous studies have reported no differences in cerebrospinal fluid amyloid-β (Aβ)-42 levels, global or regional AD pathology, or amyloid burden (Arvanitakis et al., 2006; Moran et al., 2015; Pruzin et al., 2017; Biessels and Despa, 2018). Interestingly, a recent study using PET with 18F-Florbetaben for global Aβ standardized value uptake ratio shows that prediabetes, but not T2D, is associated with higher Aβ levels (Luchsinger et al., 2020), supporting further studies on the effects of metabolic disorders and T2D treatments at this level. It has also been suggested that the inconsistent findings relating T2D to AD pathology might be due to the inclusion of heterogeneous diabetic populations and not accounting for glycemic control. In this sense, individuals with undiagnosed diabetes have increased risk of dementia when compared with individuals with well-managed diabetes and without diabetes (McIntosh et al., 2019). In any case, T2D is a risk factor for AD even after adjusting for vascular risk factors (Wang et al., 2012; Huang et al., 2014). Even if only 10% of diabetic patients end up suffering AD later in life, the number of patients with AD in the world will double (Ryu et al., 2019). Additionally, patients with AD have an increased risk of T2D, and up to 81% of patients with AD have T2D or impaired fasting glucose (Janson et al., 2004), supporting a two-way cross-talk between both pathologies.

Previous studies have shown that multiple players may underline the crosstalk between AD and T2D (Sims-Robinson et al., 2010; Ramos-Rodriguez et al., 2015; Infante-Garcia et al., 2016; Salas and De Strooper, 2019). Animal models have shown that metabolic alterations may affect and accelerate AD pathological features, ultimately contributing to cognitive impairment (Takeda et al., 2010; Ramos-Rodriguez et al., 2015; Infante-Garcia et al., 2016). In line with these observations, an ongoing project (Retinal and Cognitive Dysfunction in Type 2 Diabetes, recognized, Clinical Trials gov registration no. NCT04281186) funded by the European Commission (H2020 program-GA 847749) is currently investigating common mechanisms in the pathogenesis of diabetic retinopathy and cognitive impairment in the T2D population. Moreover, since AD has no successful treatment and brain insulin resistance may be significantly affected; clinical trials on insulin have been carried out. Regular insulin improves cognition in patients with mild cognitive impairment or mild to moderate AD, and is accompanied by improvements in tau-P181/Aβ42 ratio and specific brain volumes on MRI (Craft et al., 2017). Similarly, promising outcomes have been observed after intranasal insulin administration, such as preserved general cognition. Exploratory analyses revealed that changes in memory and function were associated to Aβ42 levels and tau/Aβ42 ratio in cerebrospinal fluid (Craft et al., 2012; Claxton et al., 2015). In line with these observations, patients with untreated diabetes present with higher phospho- and total-tau levels, higher phospho-tau/Aβ42 ratios, and higher rates of progression to dementia (McIntosh et al., 2019).

Other approaches have tried to improve cognitive function by targeting the activity of central glucagon-like peptide 1 (GLP-1) receptors (Hölscher and Li, 2010). Liraglutide (LRGT), specifically, is a GLP-1 receptor agonist that crosses the blood-brain barrier (Perry and Greig, 2005) and is currently being tested on patients with AD in the Evaluating Liraglutide in Alzheimer’s Disease (ELAD) clinical trial (NCT01843075) (Femminella et al., 2019). Studies that used in vitro and in vivo models show that LRGT improves AD pathological features, such as amyloid and tau pathologies, inflammation, or oxidative stress (McClean et al., 2011; Chen et al., 2017; Duarte et al., 2020; Jantrapirom et al., 2020), and cognitive alterations (Chen et al., 2017; Batista et al., 2018) in AD. However, to our knowledge, LRGT has not been tested on complex models that harbor both T2D and AD. We have analyzed the long-term effects of LRGT on APP/PS1xdb/db mice, a mixed murine model with severe brain complications derived from chronic T2D and AD. The APP/PS1xdb/db mice show brain atrophy and altered amyloid pathology when compared with APP/PS1 mice. Increased tau phosphorylation and spontaneous bleeding are also observed in the APP/PS1xdb/db mice. These complications result in early cognitive dysfunction that can be detected when T2D is established, but amyloid pathology is still scarce (Ramos-Rodriguez et al., 2015; Infante-Garcia et al., 2016). Altogether, this mixed murine model reproduces a more complex version of the pathology that includes classical neuropathological features of AD and T2D. LRGT treatment may ameliorate metabolic alterations and related vascular damage in diabetic mice while limiting amyloid and tau pathologies, inflammation, or neuronal damage associated with both AD and T2D. Therefore, by acting at different levels, LRGT may contribute in the maintenance of cognitive status when AD and T2D coexist, as commonly observed in the clinical arena (Janson et al., 2004).



MATERIALS AND METHODS


Experimental Design: Animals and Treatments

AD-T2D mice were produced by cross-breeding APPswe/PS1dE9 (APP/PS1) [Tg (APPswe, PSEN1dE9) 85Dbo, stock no: 004462; Jackson Laboratories, Bar Harbor, ME, USA) with db/db mice (Harlan Laboratories, Boxmeer, Netherlands). APP/PS1 presents amyloid deposition at ≈4 months of age (Garcia-Alloza et al., 2006), and db/db mice are a functional knock out of the leptin receptor that only presents diabetic phenotype in homozygosis. Since heterozygous db/db mice do not present specific metabolic or central phenotype, the animals were grouped as follows: Control (APP/PS1–/–db/db+/+, APP/PS1–/–db/db± mice), APP/PS1 (APP/PS1±db/db+/+ and APP/PS1±db/db± mice), db/db (APP/PS1–/–db/db–/– mice), and APP/PS1xdb/db (APP/PS1±db/db–/– mice) as described previously (Ramos-Rodriguez et al., 2015; Infante-Garcia et al., 2016). The animals were randomly divided into groups and received LRGT as reported previously (Hansen et al., 2015). Briefly, the mice received an initial dose of subcutaneous LRGT (25 μg/kg/day) that was increased to 50, 100, 150, 200, 300, and 500 μg/kg/day daily during the first week From day seven, 500 μg/kg/day (133.3 nmol/Kg/day) of LRGT was administered to the mice daily for 20 weeks. T2D debuts at ≈6 weeks of age in db/db mice and by 26 weeks of age both AD and T2D are fully established in APP/PS1xdb/db mice. Therefore LRGT treatment commenced at 6 weeks of age an continued up to 26 weeks of age. Mice that did not receive LRGT received daily subcutaneous filtered PBS (vehicle). In vivo experiments included 31–34 females and 37–40 males randomly assigned to the treatment to complete the groups (Control n = 9–10, Control-LRGT n = 9–11, APP/PS1 n = 9–10, APP/PS1-LRGT n = 10–11, db/db n = 7–9, db/db-LRGT n = 8–12, APP/PS1xdb/db n = 5–7, and APP/PS1xdb/db-LRGT n = 7–8). Postmortem studies included 9–31 males and 11–26 females, depending on the assays, to complete the experimental groups (Control n = 3–8, Control-LRGT n = 3–6, APP/PS1 n = 4–8, APP/PS1-LRGT n = 4–9, db/db n = 3–7, db/db-LRGT n = 3–7, APP/PS1xdb/db n = 3–6, and APP/PS1xdb/db-LRGT n = 3–6). All experimental procedures were approved by the Animal Care and Use Committee of the University of Cadiz in accordance with the Guidelines for Care and Use of Experimental Animals (European Commission Directive 2010/63/UE and Spanish Royal Decree 53/2013).



Metabolic Determination

Body weight, non-fasting blood glucose levels, and plasma insulin levels were determined before the commencement of the treatment and every 4 weeks until sacrifice at 26 weeks. Blood glucose levels were measured from nicked tails using the glucometer Optium Xceed (Abbott, London, United Kingdom). For plasma insulin determination, blood was collected from the tail vein and placed in tubes with potassium-EDTA (Sarstedt, Nümbrecht, Germany). Blood samples were centrifuged for 7 min, 6,500 rpm at 4°C, and plasma fraction was stored at –80°C until it was processed. Plasma insulin levels were measured using an ultrasensitive mouse enzyme-linked immunosorbent assay (ELISA) (Mercodia Inc., Winston-Salem, NC, USA).



Morris Water Maze

Behavioral assessment commenced after 18 weeks of treatment with LRGT. The acquisition phase was assessed 12 days prior to sacrifice. The pool was a round tank of 90 cm in diameter and water temperature was 21 ± 2°C. The animals performed four trials/day for 4 days, with the platform submerged in quadrant 2. Swimming commenced in each of the four virtual quadrants that the pool was divided in. Time limit was 60 s/trial, with a 10-min intertrial interval. If an animal did not find the platform, it was placed on the platform for 10 s. The retention phase started 24 h after the acquisition phase was completed, and it consisted of a single trial with the platform removed. Time required to locate the platform in the acquisition phase, percentage of time spent in quadrant 2 during the retention phase, and swim speed were analyzed using the Smart software (Panlab, Barcelona, Spain).



Actimetry and New Object Discrimination Task

Spontaneous motor activity test commenced the day after completion of the MWM. The mice were placed in a rectangular box (length 44 cm × width 22 cm × height 40 cm), and the distance traveled for 30 min was recorded. The new object discrimination test commenced the next day, as described previously (Dere et al., 2005; Ramos-Rodriguez et al., 2013). The animals were exposed to two objects, for habituation purposes, that were not used again during the object exploration task. On day 3, each mouse performed two sample trials and a test trial. On the first sample trial, the mice were allowed to explore for 5 min four copies of a novel object (navy balls) arranged in a triangle-shaped spatial configuration. After a 30-min delay, the mice performed a second sample trial with four novel objects (red cones) arranged in a quadratic-shaped spatial configuration, for 5 min. After 30 min, the mice performed a test trial with two copies of the object from sample trial 2 (“recent” objects) placed in the same position, and two copies of the object from sample trial 1 (“familiar” objects), with one placed in the same position (“old non-displaced” object) and the other in a new position (“familiar displaced” object). Integrated episodic memory for “what,” “where,” and “when” paradigms was analyzed as described previously (Dere et al., 2005). “What” was defined as the difference in time exploring familiar and recent objects, “where” was defined as the difference in time exploring displaced and non-displaced objects, and “when” was defined as the difference between time exploring familiar non-displaced objects and time exploring recent non-displaced objects.



Rotarod

Motor coordination was assessed by the rotarod (Panlab Harvard Apparatus, Barcelona, Spain). An animal was placed on a horizontal rod (3 cm in diameter and 5.7 cm wide), which is rotated around its longitudinal axis, and the animal must walk forward to remain upright and not fall off (the height to fall is 16 cm). The animals were placed on the rod for 4 min at 4 revolutions per minute (rpm) for training purposes. During the test, the speed was increased from 4 to 40 rpm within 1 min. The time spent on the rod and the velocity when the animals fall was recorded.



Tissue Processing and Cresyl Violet Staining

The animals were sacrificed by intraperitoneal pentobarbital overdose (120 mg/kg). Brains were immediately harvested and weighed. Right hemispheres were dissected and frozen at –80°C until they were used. Left hemispheres were fixed in PFA 4%, and 30-μm coronal sections were obtained with cryostat (Microm HM 525; Thermo Fisher Scientific, Madrid, Spain). Six sections located at 1.5, 0.5, –0.5, –1.5, –2.5, and –3.5 from Bregma, (Infante-Garcia et al., 2018), were selected. Briefly, the sections were dehydrated in 70% ethanol for 15 min and then incubated in a cresyl violet (Sigma, St. Louis, MO, USA) solution (0.5% w/v) for 10 min. After washing, tissue was fixed in 0.25% acetic acid in ethanol for 5 min, and subsequently in 100% ethanol and xylene for 2 min. The sections were mounted with DPX (Sigma, St. Louis, MO, USA). Images were acquired with an optical Olympus Bx60 microscope with an Olympus DP71 camera. Cell F (Olympus, Hamburg, Germany), Adobe Photoshop Elements and Image J software were used to process the images and measure cortex and hippocampus sizes.



Prussian Blue Staining

Sections contiguous to those used for cresyl violet staining were incubated by Prussian blue iron staining and neutral red counterstaining as described previously (Desestret et al., 2009), to analyze spontaneous hemorrhages. Images were acquired with an Olympus Bx60 (Olympus, Tokyo, Japan) microscope with an Olympus DP71 camera (Olympus, Tokyo, Japan) to assess the complete cortex and hippocampus. The images were analyzed using the Image J software to quantify hemorrhage burden in the cortex and hippocampus.



NeuN/DAPI Staining

Six sections located at 1.5, 0.5, –0.5, –1.5, –2.5, and –3.5 from Bregma were selected and blocked with BSA 3% and Triton X-100 0.5% during 1 h. Thereafter, the sections were incubated overnight at 4°C with anti-NeuN (Sigma, St. Louis, MO, USA) (Ref. MAB377) (1:200). Alexa Fluor donkey anti-mouse 594 was used as secondary antibody (Molecular Probes, Eugene, OR, USA) (Ref. A21203) (1:1,000), followed by DAPI 1 mg/ml (Sigma, St. Louis, MO, USA) (Ref. D9542) (1:3,000) counterstain for 1 h. Amyloid plaques were stained with thioflavin S (TS) (Sigma, St. Louis, MO, USA) (Ref. T1892) (0.01%) in H2O/ethanol (1:1) for 10 min. The sections were mounted and photographed using an Olympus Bx60 (Olympus, Tokyo, Japan) microscope with an Olympus DP71 (Olympus, Tokyo, Japan) camera. The percentage of NeuN-positive cells (normalized by total cells stained with DAPI) was quantified in the cortex, close (<50 μm from plaque border) and far (>50 μm) from amyloid plaques using the Image J software (Ramos-Rodriguez et al., 2016; Infante-Garcia et al., 2018).



Axonal Immunostaining

Axonal curvature was analyzed after immunostaining with an SMI-312 antibody (Biolegend, San Diego, CA, USA) Ref. 837904) (1:1,000) as described (Infante-Garcia et al., 2017). Briefly, six sections 1 mm apart were pre-treated with hydrogen peroxide 3% and Triton X-100.5% for 20 min and blocked with 3% BSA for 1 h. Alexa Fluor goat anti-mouse 594 was used as secondary antibody (Molecular Probes, USA) (Ref. A11005) (1:200) for 1 h. Amyloid plaques were visualized with TS as described above. Micrographs of stained tissue were obtained with a Laser Olympus U-RFL-T (Olympus, Japan) fluorescent microscope and the MMIcellTools software. The Image J software was used for analysis purposes. Axon curvature ratio was calculated by dividing the end-to-end distance of a dendrite segment by the total length between the two segment ends. The distance to the closest amyloid plaque was measured at three points along each neurite, and the average distance was determined from these three measurements (Garcia-Alloza et al., 2010). At least 40 neurites were analyzed in each animal to complete 309–939 neurites/group. Curvatures were pooled in the proximity of amyloid plaques (up to 50 μm from the border), and neurites analyzed further from amyloid plaques borders were considered in SP-free areas. In the Control and db/db animals, axon curvature was compared with those measured in the APP/PS1 mice further than 50 μm from SP, as described previously (Garcia-Alloza et al., 2007a).



Aβ and Microglia Immunostaining

PFA-fixed 30-μm sections were pre-treated with 70% formic acid for 10 min and blocked in 3% BSA and 0.5% Triton-X100 for 1 h. The sections were incubated with anti-Iba1 (Wako, Osaka, Japan) (Ref. 019-19741) (1:1,000) and 4G8 (Biolegend, London, United Kingdom) (Ref. 800702) (1:2,000), antibodies overnight at 4°C in 0.5% BSA followed by secondary antibodies Alexa Fluor donkey anti-rabbit 488 (Molecular Probes, Eugene, OR, USA) (Ref. A21206) and Alexa Fluor donkey anti-mouse 594 (Molecular Probes, Eugene, OR, USA) (Ref. A21203) (1:1,000) for 2 h. Images were acquired using a Laser Olympus U-RFL-T (Olympus, Tokyo, Japan) fluorescent microscope and the MMIcellTools software. Microglia burden (% covered area) in the cortex and hippocampus was also analyzed in the proximity of (<50 μm) and far (>50 μm) from amyloid plaques in the case of the APP/PS1 and APP/PS1xdb/db mice, and in random selected areas in mice without amyloid plaques (Control and db/db), as described previously (Garcia-Alloza et al., 2007b; Ramos-Rodriguez et al., 2015). The Image J software was used to analyze the number, size, and burden of Aβ deposits in the cortex and hippocampus.



Aβ40, Aβ42, and Aβ Aggregates Enzyme-Linked Immunosorbent Assay

Soluble and insoluble Aβ40 and Aβ42 were quantified in the cortex and hippocampus with colorimetric ELISA kits (Wako, Osaka, Japan) (Aβ40, Ref. 294-62501; Aβ42, Ref. 290-62601) as described, with minor modifications (Infante-Garcia et al., 2017). Tissue (5–10 mg) was homogenized in 50 μl of PierceTM IP Lysis Buffer (Thermo Fisher Scientific, Madrid, Spain) (Ref. 87788) with HaltTM (Thermo Fisher Scientific, Madrid, Spain) (Ref. 78440) phosphatase and protease inhibitor cocktail and centrifuged (14,500 rpm) for 12 min at 4°C. Soluble Aβ40 and Aβ42 levels were measured in supernatants. The resultant pellet was extracted with 50 μl of 70% formic acid and centrifuged at 14,500 rpm for 10 min. Insoluble fraction was neutralized and diluted 1:30 with 1M Tris (pH 11). Human Aβ40 and Aβ42 provided in the kit were used for standard curves. Aβ aggregates were quantified using Human Amyloid β (82E1-specific) Aβ Oligomers Assay Kit (IBL, Hamburg, Germany) (Ref. 27725). The cortex was homogenized (1/5 w/v) in Tris-buffered saline (TBS; 20 mM Tris-HCl, 140 mM NaCl, pH 7.5) containing HaltTM phosphatase and protease inhibitor cocktail. Homogenates were then centrifuged (14,500 rpm) for 60 min at 4°C. The supernatant was collected and diluted 1:2 with EIA buffer provided in the kit. All absorbances were measured spectrophotometrically at 450 nm (MQX200R2; Biotek Instruments, Burlington, VT, USA), and data were expressed as pmol/g tissue.



Total-Tau and Phospho-Tau Levels

Total tau and tau phosphorylation levels were measured in cortical and hippocampal samples as described previously (Infante-Garcia et al., 2017). Tissue was homogenized in PierceTM IP Lysis Buffer (Thermo Fisher Scientific, Madrid, Spain) (Ref. 87788) with HaltTM (Thermo Fisher Scientific, Madrid, Spain) (Ref. 78440) phosphatase and protease inhibitor cocktail. The homogenates were sonicated and centrifuged at 4°C for 5 min at 15,000 g. Supernatants were collected, and protein concentration was determined by Bradford protein assay (Bio-Rad, Madrid, Spain) (Ref. 5000006). Proteins were separated on 10% acrylamide-bisacrylamide gels, followed by electrophoretic transfer to PVDF membranes (Bio-Rad, Madrid, Spain) (Ref. 1620177). Membranes were then immersed in blocking buffer (Thermo Fisher Scientific, Madrid, Spain) (Ref. WB7050) for 1 h and incubated overnight at 4°C with mouse anti-phospho-tau antibody (1:1,000) (clon AT8) Thermo Fisher Scientific, Agawan, MA, USA) (Ref. MN1020) (1:1,000). Membranes were washed and then incubated with Secondary Antibody Solution Alk-Phos. Conjugated (Anti-Mouse) (Thermo Fisher Scientific, Madrid, Spain) (Ref. 10013103), and a chemiluminescent inmunodetection system for mouse and rabbit primary antibodies (Invitrogen, Carlsbad, CA, USA). The membranes were washed, and signal was detected using Novex AP Chemiluminescent Substrate (Thermo Fisher Scientific, Madrid, Spain) (Ref. WP20002) in a ChemiDoc MP (Bio-rad, Madrid, Spain) imager. After stripping, the membranes were incubated with anti-total tau (1:1,000) (DAKO, Glostrup, Denmark) following the above procedure. Optical density was semi-quantified after normalizing to β-actin (Sigma, OR, USA) (Ref. A5441) (1:1,000) using the Image J software. Phospho-tau/total tau ratios were represented as percentage of control values.



IR-A, IR-B, and IGF-1R mRNA Expression

For rt-qPCR analysis, RNA was isolated from the cortex using TRIzolTM (Invitrogen, Carlsbad, CA, USA) (Ref. 15596026) following the instructions of the manufacturer and resuspended in purified nuclease-free water. The RNA was quantified using a BioTek SynergyTM Mx (BioTek Instruments, Inc., Winooski, VT, USA) fluorometer. Complementary DNA (cDNA) was obtained from 500-ng RNA using iScriptTM cDNA Synthesis Kit (Bio-Rad Laboratories Inc., Hercules, CA, USA) (Ref.1708890) on Techne Genius Thermal Cycler (Techne Ltd., Cambridge, United Kingdom). The 15-μl RT-qPCR reaction mix contained 7.5 μl 2X iTaqTM Universal SYBR® Green Supermix (Bio-Rad Laboratories Inc., Hercules, CA, USA) (Ref. 1725122) 200 nmol (for IR-varA, IR-varB, and rRNA18S) or 900 nmol (for IGF-I) of forward and reverse primers, and 1 μl of the sample. The PCR thermal profile included 40 cycles of denaturation at 95°C for 10 s, annealing at temperature according to each set of primers (61°C for IR-varA, 59°C for IR-varB, 64°C for IGF-I, and 55°C for rRNA18S) for 15 s, and extension at 72°C for 20 s, followed by melting curve analysis. Each sample was analyzed in triplicate, and 6–9 mice per group were included in the study. The mRNA level of rRNA18S was used as internal control. Relative quantification values of mRNA expression were calculated as 2–ΔΔCt with the comparative Ct method. First, internal control Ct values were subtracted from the gene-of-interest Ct values to derive a ΔCT value. The relative expression of the gene of interest was then evaluated using the expression 2−ΔΔCt, where the value for ΔΔCt was obtained by subtracting the ΔCt of the calibrator from each ΔCT, using the mean of the control (Control animals) as the calibrator. The oligonucleotide primers used in this study were designed by BLAST and were obtained from Merck KGaA (Madrid, Spain) for IR-varA (FW:TTTGTCCCCAGGCCATCC-RV:ATCTGGAAGTGTGAGTGTGG), IR-varB (FW:AATGGTG CCGAGGACAGTA-RV:ATCTGGAAGTGTGAGTGTGG) and IGF-I (FW:CACAACTACTGCTCCAAAGACAAA-RV:TTTTC CGTCACCTCCTCCAC); rRNA18S (FW:CTCAACACGGGAA ACCTCAC-RV:CTCAACACGGGAAACCTCAC).



Statistical Analysis

One-way ANOVA for independent samples, followed by Tukey’s b or Tamhane test, was performed when all the eight groups under study were compared. One-way ANOVA was also performed when only treated and untreated APP/PS1 and APP/PS1xdb/db mice were analyzed (Aβ levels, amyloid plaques, microglia, and neuronal curvature close to amyloid plaques). Two-way ANOVA (groupXday) was performed to analyze the acquisition phase in the MWM test. The SPSS v.24 software was used for all the statistical analyses. One-way ANOVA for independent samples was performed for further analysis of individual days during acquisition in the MWM. Data are presented as mean ± SEM.




RESULTS


Liraglutide Reduces Metabolic Alterations in T2D and AD-T2D Mice

When we analyzed glucose level evolution along treatment, we did not detect a significant groupXweek effect by two-way ANOVA for independent samples [F(35, 380) = 1.18, p = 0.227]. However, further assessment of individual days revealed that the LRGT treatment reduced glucose levels in diabetic mice (Figure 1A). On week 6, in baseline untreated animals, plasma glucose in the db/db mice and APP/PS1xdb/db crosses were significantly increased compared with the Control and APP/PS1 mice. This increase in non-fasting glucose levels was more severe in the APP/PS1xdb/db animals (p < 0.001). By 10 weeks of age, glucose levels were significantly higher in the untreated db/db and APP/PS1xdb/db mice when compared with the LRGT-treated and untreated Control and APP/PS1xdb/db mice (p < 0.01). Differences in glucose levels between the untreated diabetic (db/db and APP/PS1xdb/db mice) and non-diabetic mice were maintained up to week 26 (p < 0.01). The LRGT treatment helped in limiting hyperglucemia in the db/db mice, and glucose levels reached control values by week 10 (after 4 weeks of LRGT treatment). Similarly, LRGT reduced non-fasting glucose levels in the APP/PS1xdb/db mice when compared with the untreated APP/SP1xdb/db animals by 10 weeks of age, and a similar profile was observed by 14 weeks of age. By 18 weeks, glucose levels in the APP/PS1xdb/db-LRGT mice were similar to those detected in the Control and APP/PS1 animals. Glycemic control was maintained in the db/db-LRGT and APP/PS1xdb/db-LRGT mice until the end of treatment (26 weeks of age).


[image: image]

FIGURE 1. Long-term liraglutide (LRTG) treatment ameliorates metabolic alterations in T2D and AD-T2D mice. (A) Non-fasting plasma glucose, (B) insulin, and (C) body weight were measured every 4 weeks in controls, APP/PS1, db/db and APP/PS1xdb/db mice treated with vehicle or LGRT 500 μg/kg for 20 weeks (from weeks 6 to 26) (complete statistical analysis included as a Supplementary Material). (A) LRGT significantly reduced postprandial glucose levels in diabetic mice: (##p < 0.01 Control, Control-LRGT, APP/PS1, APP/PS1-LRGT; [image: image]p < 0.01 vs. Control; ††p < 0.01 Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, db/db-LRGT, and APP/PS1xdb/db-LRGT; [image: image]p < 0.001 vs. Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, and db/db-LRGT; [image: image]p < 0.01 vs. Control-LRGT). (B) Insulin levels were maintained by long-term LRGT treatment. At 6 weeks of age, immediately before the commencement of LRGT treatment, insulin levels were significantly increased in APP/PS1xdb/db mice (##p < 0.01 Control, Control-LRGT, APP/PS1, APP/PS1-LRGT; [image: image]p < 0.01 vs. Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, db/db, and APP/PS1xdb/db; [image: image]p < 0.01 vs. Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, and APP/PS1xdb/db). (C) LRGT maintained body weight in APP/PS1-LRGT (##p < 0.01 vs. Control, Control-LRGT, APP/PS1, and APP/PS1-LRGT; ##p < 0.01 vs. Control, Control-LRGT, APP/PS1, and APP/PS1-LRGT; [image: image]p < 0.01 vs. Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, and APP/PS1xdb/db). Data are representative of 5–12 animals, and differences were detected by one-way ANOVA followed by Tukey’s b or Tamhane test.


When we analyzed insulin levels, we detected a significant groupXweek effect by two-way ANOVA for independent samples along treatment [F(35, 384) = 2.64, p < 0.01]. Further differences were observed among the groups when we analyzed individual weeks (Figure 1B). On week 6, basal insulin levels in untreated animals were increased in the db/db mice, although differences with the Control and APP/PS1 animals only reached statistical significance in the APP/PS1xdb/db mice (p < 0.01). The fact that insulin levels were significantly increased in the APP/PS1xdb/db mice suggests an earlier metabolic compromise in the crossed model that requires an increase in pancreatic activity. By 10 weeks of age, statistical differences were observed in the db/db-LRGT and APP/PSxdb/db-LRGT mice when compared with the non-diabetic animals (Control and APP/PS1), suggesting an increase in insulin production in the LRGT-treated mice that allows for better glycemic control (p < 0.01). This situation was maintained from 14 to 26 weeks of age, and LRGT helped to increase insulin levels in the diabetic mice (db/db-LRGT and APP/PS1xb/db-LRGT) to control hyperglycemia.

We also detected a significant groupXweek effect by two-way ANOVA for independent samples [F(35, 400) = 3.13, ∗∗p < 0.01] when we analyzed body weight. Further assessment of individual weeks revealed that the LRGT treatment helped maintain body weight in cachectic APP/PS1xdb/db mice, as shown previously (Infante-Garcia et al., 2018; Hierro-Bujalance et al., 2020) (Figure 1C). By week 6 at baseline, the untreated diabetic mice (db/db and APP/PS1xdb/db) were overweight when compared with the non-diabetic mice (Control and APP/PS1) (p < 0.01). By week 10, all the diabetic mice, treated and untreated, presented significantly higher body weight when compared with the Control and APP/PS1 animals (p < 0.01), and these differences were maintained up to week 18 (p < 0.01). By week 22, the untreated APP/PS1xdb/db mice were still overweight when compared with the Control and APP/PS1 animals (p < 0.01); however, a slight reduction in body weight could be detected, indicative of a cachectic state, as described previously (Infante-Garcia et al., 2018; Hierro-Bujalance et al., 2020). Nevertheless, LRGT helped in maintaining the body weight of the APP/PS1xd/db mice, avoiding weight loss from week 22 until the end of the study (26 weeks).



Liraglutide Improves Cognitive Impairment in APP/PS1xdb/db Mice

As described previously, episodic memory was affected in the APP/PS1, db/db, and APP/PS1xdb/db mice in the new object discrimination test (Ramos-Rodriguez et al., 2015; Infante-Garcia et al., 2016), reaching statistical significance in the case of “what” and “where” paradigms when all the groups under study were compared (Figure 2A). Differences reached statistical significance when the untreated APP/PS1xdb/db mice were compared in the “what” and “where” paradigms (p < 0.01). Importantly, the LRGT treatment counterbalanced this situation, and the APP/PS1xdb/db-LRGT mice performed like the Control mice in both paradigms.


[image: image]

FIGURE 2. LRGT treatment reduced cognitive impairment in APP/PS1xdb/db mice. Control, APP/PS1, db/db, and APP/PS1xdb/db animals were analyzed in the new object discrimination test for “what,” “when,” and “where” paradigms (A) as well as in the (B,C) Morris water maze test. Behavioral assessment commenced on week 24, after 18 weeks of LRGT treatment (500 μg/kg/day), and was completed on week 26 (complete statistical analysis included as a Supplementary Material). (A) LRGT improved episodic memory in the new object discrimination test. No differences were observed for the “when” paradigm; however, significant improvement was observed for the “what” (††p = 0.009 vs. Control, Control-LRGT, and APP/PS1-LRGT) and “where” (**p < 0.001 vs. rest of the groups) paradigms. (B) LRGT also improved the performance along the acquisition phase in the MWM (††p < 0.01 vs. Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, db/db, and db/db-LRGT; ##p < 0.01 vs. Control, Control-LRGT, APP/PS1, and APP/PS1-LRGT; [image: image]p < 0.01 vs. Control and Control-LRGT; [image: image]p < 0.01 vs. Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, db/db-LRGT, and APP/PS1xdb/db-LRGT). (C) In the retention of the MWM, we observed that LRGT treatment also improved the performance of APP/PS1xdb/db-LRGT mice (††p = 0.002 vs. Control, Control-LRGT, and db/db-LRGT) (complete statistical analysis included in Supplementary Material). Data are representative of 5–12 animals, and differences were detected by one-way ANOVA followed by Tukey’s b or Tamhane test.


We did not detect a significant groupXday effect by two-way ANOVA for independent samples [F(21, 1113) = 0.985, p = 0.479] when spatial memory was analyzed in the acquisition phase of the MWM. However, individual day assessment revealed that cognitive impairment in the db/db and APP/PS1xdb/db mice was significantly ameliorated by the LRGT treatment (Figure 2B). On day 1 of the acquisition phase, the APP/PS1xdb/db mice were already compromised when compared with the Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, db/db, and db/db-LRGT mice (p < 0.01). This compromise was also observed on acquisition days 2–4 for the naïve APP/PS1xdb/db mice and db/db animals when compared with the LRGT-treated and untreated non-diabetic mice (Control and APP/PS1). An improvement was observed in diabetic mice after the LRGT treatment, although the times to locate the platform were still longer than those observed in the Control and Control-LRGT mice (Figure 2B). In the retention phase of the MWM, we observed that the APP/PS1xdb/db mice were compromised and spent significantly shorter times in the quadrant where the platform used to be located when compared with the Control mice (p = 0.02). However, after the LRGT treatment, differences were no longer observed between the APP/PS1xdb/db-LRGT and Control mice (Figure 2C).

We also analyzed motor activity by assessing different paradigms. When we analyzed the distance traveled in the open field, we observed that the diabetic mice (db/db and APP/PS1xdb/db) traveled shorter distances than the non-diabetic animals, although no statistical differences were observed among the groups under study (Table 1). Swimming speed in the MWM was also used to characterize motor alterations in all the groups under study (Table 1). As observed previously, in the diabetic mice (db/db and APP/PS1xd/db mice), swimming speeds were lower than those detected in the Control and APP/PS1 animals (p < 0.01). Similar differences between diabetic and non-diabetic mice were observed when motor activity was analyzed by time (p < 0.01) or maximum speed (p < 0.01) in the rotarod test (Table 1). However, no differences were observed in any of the paradigms (distance traveled in the open field, swimming speed in the MWR, and rotarod) when the db/db-LRGT or the APP/PS1xdb/db-LRGT mice were compared with the untreated db/db or the APP/PS1xdb/db animals, suggesting that the observed improvement in learning and memory is not due to changes in motor activity.


TABLE 1. Motor activity assessment on liraglutide (LRGT)-treated mice.
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Liraglutide Limits Brain Atrophy and Neuronal Loss

Severe brain atrophy was detected in the db/db and APP/PS1xdb/db mice as described previously (Ramos-Rodriguez et al., 2015; Infante-Garcia et al., 2016) when all the groups under study were compared (Figure 3A). Brain weight was comparable between controls and APP/PS1 mice receiving vehicle, whereas the brain weight of vehicle-treated db/db and APP/PS1xdb/db mice was significantly reduced. On the other hand, LGRT-treated db/db and APP/PS1xdb/db brain weight was comparable with that of the vehicle and LGRT-treated controls and APP/PS1 mice (Figure 3A). Further assessment of brain structures revealed that cortical size was significantly reduced in the db/db and APP/PSxdb/db mice when compared with the untreated Control and APP/PS1xdb/db animals (p < 0.01). Nevertheless, the LRGT treatment significantly improved this situation in the diabetic animals, and cortical size in db/db-LRGT and APP/PS1xd/db-LRGT was comparable with that of the vehicle- and LRGT-treated controls and APP/PS1 mice (Figures 3A,B). Differences did not reach statistical significance in the hippocampus (Figure 3A).
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FIGURE 3. Brain atrophy, neuronal density, and curvature are reduced by LRGT treatment. (A,B) Brain weight, cortex and hippocampal size, (C,D) NeuN/DAPI ratio, and (E,F) axonal curvature ratio were analyzed in all four genotypes (Control, APP/PS1, db/db, and APP/PS1xdb/db) under study and compared with animals by week 26, after 20 weeks on LRGT treatment (500 μg/kg/day) (complete statistical analysis included as a Supplementary Material). (A) Long-term LRGT limited brain weight loss ([image: image]p < 0.01 vs. Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, db/db, and APP/PS1xdb/db). Cortical size was significantly improved by the LRGT treatment ([image: image]p < 0.01 vs. Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, db/db-LRGT, and APP/PS1xdb/db-LRGT; ††p < 0.01 vs. Control, Control-LRGT, APP/PS1, and APP/PS1-LRGT). No differences were observed in the hippocampus. Data are representative of 4–5 animals. (B) Illustrative example of cresyl violet staining showing reduced cortical size in db/db and APP/PS1xdb/db mice. Scale bar = 200 um. (C) Neuronal density was reduced in the proximity of amyloid plaques in APP/PS1xdb/db mice, and LRGT ameliorated this situation (††p = 0.008 vs. APP/PS1 and APP/PS1-LRGT). A similar profile is observed in cortical and hippocampal areas with no amyloid plaques ([image: image]p < 0.001 vs. Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, db/db-LRGT, and APP/PS1xdb/db-LRGT; ##p < 0.01 vs. Control and Control-LRGT; + + p < 0.01 vs. Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, db/db, and db/db-LRGT). Data are representative of five animals. (D) Illustrative example of NeuN (red) and DAPI (blue) staining in areas located in the proximity of amyloid plaques (TS staining, green) and in areas without amyloid plaques. Zoom-in images of representative regions are marked by white squares and presented next to the original image, including areas with and without amyloid plaques. Scale bar = 50 μm, insets scale bar = 25 μm. (E) LRGT reduced curvature ratio in the proximity of amyloid plaques (**p = 0.004 vs. rest of the groups) and in areas free of amyloid plaques (**p < 0.01 vs. rest of the groups, ##p < 0.01 vs. Control and Control-LRGT, [image: image]p < 0.01. vs. Control) (complete statistical analysis included in Supplementary Material). Data are representative of five animals per group (308–920 neurons/group). (F) Illustrative examples of SMI-312 (red) and TS (green) staining in the proximity of and far from amyloid plaques (yellow lines mark representative neurites). Scale bar = 10 μm.


We observed that neuronal density in the cortex was significantly reduced in the proximity of amyloid plaques when the APP/PS1xdb/db mice were compared with the APP/PS1 and APP/PS1-LRGT treated animals, while the LRGT-treated APP/PS1xdb/db mice presented values similar to those detected in the APP/PS1 and APP/PS1-LRGT mice (Figures 3C,D). In cortical areas far from amyloid plaques, we detected a significant compromise in the untreated APP/PS1 and db/db mice when compared with the Control and Control-LRGT mice (p < 0.01). This effect was more severe in the untreated APP/PS1xdb/db mice, and the LRGT treatment contributed to improve NeuN/DAPI ratio in this group, reaching statistical significance when the APP/PS1xdb/db and APP/PS1xdb/db-LRGT mice were compared (Figures 3C,D). The number of plaques in the hippocampus was low at 6 months of age, and in areas far from amyloid plaques, we observed that LRGT also helped in maintaining neuronal density (Figure 3C). In the untreated db/db mice, we observed that NeuN/DAPI ratios were significantly lower than those measured in the LRGT-treated and untreated Control and APP/PS1 animals (p < 0.01). The APP/PS1xdb/db mice showed a more severe reduction in NeuN/DAPI ratio that was statistically significant when compared with the LRGT-treated and untreated Control, APP/PS1, and db/db animals. The LRGT treatment improved NeuN/DAPI ratios in the hippocampus of the APP/PS1xdb/db mice, although they did not reach Control or APP/PS1 values (Figure 3C).



Neuronal Curvature Is Reduced After Liraglutide Treatment

Curvature ratio was increased in the proximity of amyloid plaques when the untreated APP/PS1xdb/db animals were compared with the APP/PS1 and APP/PS1-LRGT mice (p = 0.04). On the other hand, the LRGT treatment significantly improved neuronal curvature ratio in the APP/PS1xdb/db mice when compared with the untreated APP/PS1xdb/db mice (p = 0.004) (Figures 3E,F). A similar profile was observed in areas free from amyloid plaques when all the groups under study were compared (Figures 3E,F), and a significant compromise was observed in the untreated APP/PS1xdb/db animals when compared with the rest of the groups (p < 0.01). The LRGT treatment helped in limiting this situation, and while neuronal curvature in the APP/PS1xdb/db-LRGT mice did not reach Control values, a significant straightening effect was observed when the treated APP/PS1xdb/db mice where compared with the naïve animals (p < 0.01) (Figure 3E).



Liraglutide Reduces Aβ Pathology

As described previously, amyloid plaque burden is lower in the cortex from the APP/PS1xdb/db mice when compared with the APP/PS1 animals (Infante-Garcia et al., 2016). TS staining showed that amyloid plaque burden was significantly higher in the APP/PS1 mice than in the APP/PS1xdb/db animals (p < 0.001). The LRGT treatment contributed in reducing amyloid plaque burden in the APP/PS1 animals (p < 0.001), whereas differences did not reach statistical significance when the untreated APP/PS1xdb/db mice were compared with the APP/PS1xdb/db-LRGT mice (Figures 4A,B). A similar profile was observed after 4G8 immunostaining, and differences reached statistical significance when the APP/PS1 mice were compared with the APP/PS1xdb/db and APP/PS1xdb/db-LRGT mice. No differences were observed among the groups when we assessed amyloid plaque burden in the hippocampus (Figure 3A). TS staining also revealed that the LRGT treatment reduced amyloid plaque size in the cortex from the APP/PS1 and APP/S1xdb/db mice when compared with the untreated animals (p < 0.01) (Figure 4A). We also observed that the LRGT treatment reduced 4G8-labeled plaques in the APP/PS1 and APP/PSxdb/db mice (Figure 4A). Amyloid plaque size was not significantly affected in the hippocampus when the treated and untreated APP/PS1 and APP/PS1xdb/db mice were compared (Figure 4A).
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FIGURE 4. LRGT affects amyloid and tau pathologies in APP/PS1xdb/db mice. (A,B) Amyloid plaque burden and size are quantified by thioflavin S and 4G8 staining. (C) Aβ40, Aβ42, and Aβ aggregates are also determined in APP/PS1 and APP/PS1xdb/db mice after liraglutide treatment (500 μg/kg/day) for 22 weeks. (D,E) Phospho-tau/total tau ratios are also measured in all the genotypes (Control, APP/PS1, db/db, and APP/PS1xdb/db) under study untreated or after LRGT treatment (complete statistical analysis included as a Supplementary Material). (A) LRGT treatment reduced amyloid plaque burden in the cortex from APP/PS1 mice (**p < 0.01 vs. rest of the groups; ††p < 0.001 vs. APP/PS1xdb/db, and APP/PS1xdb/db-LRGT). No differences were observed in the hippocampus. LRGT treatment also reduced amyloid plaque size in the cortex from APP/PS1xdb/db mice ([image: image]p < 0.01 vs. APP/PS1-LRGT and APP/PS1xdb/db-LRGT, [image: image]p < 0.001 vs. APP/PS1-LRGT; **p < 0.01 vs. rest of the groups, ##p < 0.001 APP/PS1xdb/db-LRGT). No differences were observed in the hippocampus. Data are representative of five animals. (B) Illustrative image of TS (green) and 4G8 (red) staining of amyloid plaques in the cortex from all the groups studied. Scale bar = 50 μm. (C) No differences were observed when soluble Aβ40 or Aβ42 levels were analyzed in the cortex. However, Aβ aggregates were significantly reduced in APP/PS1xdb/db mice on LRGT treatment (†p = 0.046 vs. APP/PS1xdb/db). No statistical differences were observed in the hippocampus for soluble Aβ40 or Aβ42 levels. Insoluble Aβ40 (‡p = 0.026 vs. APP/PS1) and Aβ42 (‡p = 0.011 vs. APP/PS1) levels are reduced in APP/PS1xdb/db when compared with APP/PS1 animals, and LRGT treatment contributes to further reductions in the cortex. No differences were observed in the hippocampus for insoluble Aβ40 or Aβ42. Data are representative of 6–9 animals. (D) Tau phosphorylation was reduced in the cortex after LRGT treatment (††p = 0.009 vs. Control). Differences did not reach statistical significance in the hippocampus. Data are representative of 3–11 mice. (E) Illustrative example of Western blot for phospho-tau, total tau, and β-actin in the cortex from all the groups studied.


Soluble Aβ is slightly favored in the APP/PS1xdb/db mice when compared with the APP/PS1 mice (Ramos-Rodriguez et al., 2015). While we observed this profile, differences did not reach statistical significance when the LRGT-treated and untreated APP/PS1 and APP/PS1xdb/db mice were compared. Similar outcomes were detected when soluble Aβ42 levels were analyzed (Figure 4C). The LRGT treatment significantly reduced Aβ aggregates in the APP/PS1xdb/db mice when compared with the untreated animals (p = 0.046) (Figure 4C). Soluble Aβ42 levels were not affected in the hippocampus when all the four groups (APP/PS1, APP/PS-LRGT, APP/PS1xdb/db, and APP/PS1xdb/db-LRGT) were compared (Figure 4C). Insoluble Aβ40 (p = 0.026) and Aβ42 (p = 0.011) levels were reduced in untreated APP/PS1xdb/db when compared with the untreated APP/PS1 animals. Differences did not reach statistical significance when the APP/PS1xdb/db mice were compared with the APP/PS1xdb/db-LRGT animals (Figure 4C). Differences did not reach statistical significance when insoluble Aβ40 or Aβ42 levels were compared in the hippocampus (Figure 4C).



Liraglutide Limits Tau Pathology

We observed an increase in cortical tau phosphorylation in the db/db animals, although differences only reached statistical significance when the untreated APP/PS1xdb/db mice were compared with the Control animals (p = 0.009). LRGT reduced phospho-tau/total tau ratio in the APP/PS1xdb/db mice, and differences were no longer observed when the APP/PS1xdb/db-LRGT mice were compared with the Control animals (Figures 4D,E). Likewise, we also detected an increase in hippocampal tau phosphorylation in the db/db and APP/PS1xdb/db mice. While the LRGT treatment seemed to counterbalance this situation, no statistical differences were detected among any of the groups under study (Figure 4D).



Liraglutide Reduces Spontaneous Bleeding in APP/PS1xdb/db Mice

As described previously, hemorrhage burden in the cortex was significantly increased in the db/db and APP/PS1xdb/db mice when compared with the naïve Control and APP/PS1 animals (p = 0.012). Interestingly, the LRGT treatment reduced hemorrhage burden in the cortex from the db/db and APP/PS1xdb/db mice when compared with untreated animals of these genotypes. Cortical hemorrhage density was also significantly higher in the db/db and APP/PS1xdb/db mice than in the Control and APP/SP1 animals, and LRGT successfully limited hemorrhage density in the diabetic animals (p < 0.001) (Figures 5A,B). We did not observe significant differences among the groups when hemorrhage burden and density were analyzed in the hippocampus (Figure 5A).
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FIGURE 5. Spontaneous bleeding and inflammation are reduced after LRGT treatment while IR-A, IR-B, and IGF-1R mRNA expression is not affected. Prussian blue staining is used to quantify hemorrhage burden and density in the cortex from untreated and treated mice (LRGT, 500 μg/kg/day) (A,B). Microglia burden was quantified by Iba1 immunostaining in the proximity of (<50 μm) and far (>50 μm) from amyloid plaques in untreated and LRGT-treated animals (C,D). IR-A, IR-B, and IGF-1R mRNA expression is also determined in the cortex from untreated and LRGT-treated mice (E) (complete statistical analysis included as a Supplementary Material). (A) LRGT treatment reduces hemorrhage burden in the cortex (†p = 0.012 vs. Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, db/db-LRGT, and APP/PS1xdb/db-LRGT). A similar profile was observed when we analyzed cortical hemorrhage density (††p < 0.001 vs. Control, Control-LRGT, APP/PS1, db/db-LRGT, and APP/PS1xdb/db-LRGT). No differences were detected in the hippocampus when hemorrhage burden or density was analyzed. Data are representative of 3–5 mice (489–1,012 hemorrhages/group). (B) Illustrative example of cortical hemorrhages stained with Prussian blue. Green arrows point at individual hemorrhages. Scale bar = 100 μm. (C) LRGT treatment reduced cortical microglia burden in APP/PS1 and APP/PS1xdb/db mice, in the proximity of amyloid plaques (**p < 0.01 vs. rest of the groups, [image: image]p < 0.01 vs. APP/PS1). LRGT also reduced microglia burden in cortical amyloid plaque-free areas in diabetic mice (**p < 0.01 vs. rest of the groups, ††p < 0.01 vs. Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, db/db, and db/db-LRGT, [image: image]p < 0.01 vs. Control, Control-LRGT, APP/PS1, APP/PS1-LRGT, and db/db, [image: image]p < 0.01 vs. Control and Control-LRGT). No statistical differences were observed in the hippocampus close or far from amyloid plaques. Data are representative of five mice (cortex 572–748 ROIs/group; hippocampus 108–230, ROIs/group). (D) Illustrative example of cortical immunostaining for Iba1 (microglia, green) and 4G8 (amyloid plaques, red). Scale = 100 μm. Zoom-in images of representative regions are marked by white squares and presented next to the original image. Scale bar = 50 μm, inset scale bar = 10 μm. (E) No differences were observed in the cortex when we analyzed IR-A, IR-B, or IGF-1R mRNA expression. Data are representative of 6–9 mice.




Liraglutide Limits Microglia Activation in APP/PS1xdb/db Mice

Cortical microglia burden was significantly lower in the close proximity of amyloid plaques in APP/PS1xdb/db mice when compared with the APP/PS1 mice (p < 0.001), and the LRGT treatment reduced microglia burden both in the APP/PS1 and APP/PS1xdb/db mice when compared with the untreated APP/PS1 and APP/PS1xdb/db groups (Figures 5C,D). On the other hand, microglia burden was significantly higher in the untreated APP/PS1xdb/db mice than in the untreated Control, APP/PS1, and db/db mice in areas with no amyloid plaques (p < 0.001). The LRGT treatment reduced microglia burden in the db/db mice, and more robust differences were observed in the APP/PS1xdb/db mice after the LRGT treatment (p < 0.001). Differences did not reach statistical significance in the hippocampus when microglia burden in the proximity or far from the amyloid plaques (Figure 5C) was analyzed.



Liraglutide Has No Effect on mRNA Expression of IR-A, IR-B, or IGF-1R

When we analyzed IR-A mRNA expression, we did not observe any differences in the cortex from any of the groups under study (Figure 5E). Similar outcomes were observed for IR-B or IGF-1R (Figure 5E).




DISCUSSION

Patients with AD are in tremendous need of new therapeutic opportunities (Arvanitakis et al., 2019). The close relationship between T2D and AD (Ryu et al., 2019) supports the study on antidiabetic agents slowing down or counterbalancing AD brain pathology and cognitive impairment in animal models (Infante-Garcia et al., 2018; Hierro-Bujalance et al., 2020) and patients (Cao et al., 2018). GLP-1 analogs reduce amyloid and tau pathologies, inflammation, and cognitive impairment in different models (McClean et al., 2011; Chen et al., 2017; Batista et al., 2018; Duarte et al., 2020; Jantrapirom et al., 2020). Also, preliminary studies on humans show that LRGT might be neuroprotective in individuals at risk of AD, improving intrinsic connectivity within default mode network in the brain (Watson et al., 2019). Moreover, the ELAD trial is currently assessing the effect of LRGT on patients with AD (Femminella et al., 2019). However, as far as we know, no studies have analyzed the role of LRGT in complex models that harbor both AD and T2D, as regularly seen in the clinical arena. Therefore, we have analyzed the effects of long-term LRGT treatment in APP/PS1xdb/db mice, a mixed murine model that reproduces severe brain complications associated with T2D and AD (Infante-Garcia et al., 2016; Ramos-Rodriguez et al., 2017).

In our opinion, LRGT helps in maintaining body weight, in line with previous studies showing that antidiabetic treatments may limit body weight loss in cachectic diabetic mice (Sugizaki et al., 2017; Infante-Garcia et al., 2018; Hierro-Bujalance et al., 2020). The LRGT treatment could also help in lowering glucose levels by increasing insulin secretion in diabetic mice (db/db and APP/PS1xdb/db) in the long term, as described previously (Qin et al., 2018), suggesting that LRGT also contributes in maintaining pancreatic activity in diabetic animals, in line with previous studies (Fan et al., 2018; Li et al., 2018).

We also observed that brain atrophy in diabetic animals was significantly reduced by long-term LRGT treatment. We specifically assessed the cortex, as this region is preferentially affected in APP/PS1xdb/db mice (Ramos-Rodriguez et al., 2015; Infante-Garcia et al., 2016). The LRGT treatment maintained cortical size and thickness in the APP/PS1xdb/db mice. On the other hand, we did not detect significant differences in the hippocampus, in line with previous studies showing that this region is affected later in the APP/PS1xdb/db mice (Ramos-Rodriguez et al., 2015; Infante-Garcia et al., 2016). Further assessment of NeuN/DAPI ratio also revealed that LRGT helps in maintaining neuron population in the long term. We also observed that LRGT reduced neuronal curvature, indicating an overall improvement in neuronal wellness, as reported previously, postmortem (Jackson et al., 2016; Infante-Garcia et al., 2017; Ramos-Rodriguez et al., 2017) and in vivo (Garcia-Alloza et al., 2007a; Meyer-Luehmann et al., 2008), reinforcing a neuroprotective role for LRGT in AD and T2D.

Glucagon-like peptide 1 receptors are mainly expressed in β-pancreatic cells and the gastrointestinal system, although they are also found in the brain (Hamilton and Hölscher, 2009; Farr et al., 2016). GLP-1, as a growth factor, increases cell growth and proliferation, and it also reduces neuronal injury and hippocampal apoptosis (During et al., 2003). Moreover, GLP-1 analogs induce cell proliferation and differentiation, and stimulate neurite growth (Salcedo et al., 2012). Similarly, the neuroprotective role of LRGT has been largely assessed in models has been shown to have a capacity to prevent synapse loss and deterioration of synaptic plasticity in AD (McClean et al., 2011; Batista et al., 2018), supporting further assessment of LRGT treatment in patients with mild Alzheimer’s dementia (Femminella and Edison, 2014). Other studies have also shown that LRGT enhances insulin sensitivity and improves insulin resistance (Kalra et al., 2010; Yamazaki et al., 2014; Tamura et al., 2015). Insulin resistance is not only a feature of diabetes pathology, but it is also an early alteration in AD, associated with basal elevations of insulin receptor substrate 1 (IRS1) phosphorylated in serine 616 (Talbot et al., 2012). Besides, serine phosphorylation of IRS1 is common in both AD and diabetes (Bomfim et al., 2012), and antidiabetic agents restore normal hippocampal formation responses to insulin in the IR–IRS-1–PI3K–Akt pathway (Bomfim et al., 2012). Similarly, LRGT significantly decreases IR aberrations in the APP/PS1 mice (Long-Smith et al., 2013). In our experiments, IR-A, IR-B, and IGF-1R mRNA expression levels were not significantly affected in APP/PS1xdb/db mice. While alterations at this level have been reported as a feasible link between AD and T2D (Holscher, 2021; Zheng and Wang, 2021), our studies did not include functional analysis, limiting the scope of our observations.

Liraglutide reduces tau hyperphosphorylation in both AD (Yang et al., 2013; Chen et al., 2017) and T2D models (Yang et al., 2013; Ma et al., 2015), indicating another feasible underlying mechanism for its neuroprotective role. While tau pathology is limited in the APP/PS1 mice, we observed a slight increase in tau phosphorylation both in the APP/PS1 and in db/db mice. Tau phosphorylation is significantly increased in the APP/PS1xdb/db animals, showing a synergistic effect when AD and T2D are set together (Ramos-Rodriguez et al., 2015; Infante-Garcia et al., 2016). Interestingly, early tau alterations, and not necessarily neurofibrillary tangles, might be critical for cognitive malfunctions (Hochgrafe et al., 2013), supporting the relevance of the AD-T2D crosstalk in tau pathology. We observed that the LRGT treatment reduces tau phosphorylation, as reported previously in AD models (Batista et al., 2018; Holubova et al., 2019; Jantrapirom et al., 2020), although to our knowledge the effects of LRGT on tau phosphorylation have not been assessed when AD-T2D coexist. On the other hand, the role of LRGT on amyloid pathology remains controversial, and previous studies have reported that LRGT has no effect on amyloid plaque burden in AD animals (Hansen et al., 2016). Our results are in line with observations reporting a reduction in amyloid pathology after LRGT treatment, such as significant reduction in the number of amyloid plaques (Holubova et al., 2019). LRGT also reverses amyloid plaque deposition (McClean et al., 2011; McClean and Hölscher, 2014), limits amyloid-related pathology (Batista et al., 2018; Jantrapirom et al., 2020), and even prevents amyloid deposition when administered prophylactically (McClean et al., 2015). While the burden of amyloid plaques in the APP/PS1xdb/db mice is lower than in the APP/PS1 animals (Ramos-Rodriguez et al., 2015; Infante-Garcia et al., 2016), an overall reduction of dense core plaque burden and plaque size is observed in the LRGT-treated mice. This is accompanied by a slight reduction in Aβ levels, which is in line with prior studies on 3×Tg AD mice (Duarte et al., 2020). We also detected a significant reduction in Aβ aggregates in the APP/PS1xdb/db animals, as reported previously, in the APP/PS1 mice (McClean et al., 2011). Given the relevance Aβ pathology in AD, further studies would be required to fully characterize Aβ structures and to provide a full picture of changes observed when AD and T2D coexist, as well as after LRGT treatment.

The anti-inflammatory properties of LRGT may also contribute to its neuroprotective effects (McClean et al., 2015; Hernández et al., 2016; Barreto-Vianna et al., 2017; Duarte et al., 2020). LRGT successfully reduced microglia activation in the proximity of amyloid plaques and in amyloid-free areas, showing a beneficial effect in both AD and T2D mice. The AD-T2D animals show an increase in microglia burden, mostly in areas free of amyloid plaques (Infante-Garcia et al., 2016), and LRGT significantly counterbalances this effect. The inflammatory response seems to be significantly disrupted when AD and T2D coexist, and metabolic disease cooperates to enhance the profiles of cytokines involved in neuronal injury, amyloid and tau pathologies, or blood-brain barrier damage (Sankar et al., 2020). In this sense, the db/db and, more severely, the APP/PS1xdb/db mice present small vessel disease that significantly improved after LRGT treatment. LRGT has positive effects on the peripheral vasculature (de Mesquita et al., 2017; Breton-Romero et al., 2018), and while studies on brain vasculature are more scarce, LRGT preserves blood-brain barrier integrity in a model of traumatic brain injury (Hakon et al., 2015). It also increases microvessel density and endothelial cell proliferation, reducing infarct brain volume after focal cortical ischemia (Chen et al., 2018), ultimately supporting a beneficial role of LRGT at the vascular level.

Spatial learning and memory improved after LRTG treatment in the MWM. Episodic memory was also enhanced in the new object discrimination test. Studies on patients show that episodic memory is affected early in AD (Ferguson and Alzheimer’s Disease Neuroimaging Initiative, 2021). Likewise, in patients with T2D-mild cognitive impairment, episodic memory correlated with glycated hemoglobin levels (Valenza et al., 2020). Our observations are in line with previous studies on AD models (McClean et al., 2011; McClean and Hölscher, 2014; Kamble et al., 2016; Chen et al., 2017) and diabetic mice (Yan et al., 2019). Clinical studies on the effects of LRGT on cognition are limited and controversial in some cases (for review Yaribeygi et al., 2021). Nevertheless, positive effects of LRTG and other GLP-1 analogs have been reported in prediabetic and diabetic patients (Vadini et al., 2020). Similarly, positive effects have been reported on patients with early AD and amnesic mild cognitive impairment (Watson et al., 2005), setting the basis for the ongoing assessment of LRGT in the ELAD trial (Femminella et al., 2019).

Our results support a positive role for LRGT at central level when AD and T2D coexist, as usually observed in the clinic (Janson et al., 2004). Brain atrophy, vascular damage, amyloid pathology, brain inflammation, and cognitive impairment are significantly ameliorated, supporting the beneficial role of LRGT in the brain and clinical studies on patients with AD.
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Alzheimer’s disease (AD) is the most frequent neurodegenerative disease with an increasing prevalence in industrialized, aging populations. AD susceptibility has an established genetic basis which has been the focus of a large number of genome-wide association studies (GWAS) published over the last decade. Most of these GWAS used dichotomized clinical diagnostic status, i.e., case vs. control classification, as outcome phenotypes, without the use of biomarkers. An alternative and potentially more powerful study design is afforded by using quantitative AD-related phenotypes as GWAS outcome traits, an analysis paradigm that we followed in this work. Specifically, we utilized genotype and phenotype data from n = 931 individuals collected under the auspices of the European Medical Information Framework for Alzheimer’s Disease Multimodal Biomarker Discovery (EMIF-AD MBD) study to perform a total of 19 separate GWAS analyses. As outcomes we used five magnetic resonance imaging (MRI) traits and seven cognitive performance traits. For the latter, longitudinal data from at least two timepoints were available in addition to cross-sectional assessments at baseline. Our GWAS analyses revealed several genome-wide significant associations for the neuropsychological performance measures, in particular those assayed longitudinally. Among the most noteworthy signals were associations in or near EHBP1 (EH domain binding protein 1; on chromosome 2p15) and CEP112 (centrosomal protein 112; 17q24.1) with delayed recall as well as SMOC2 (SPARC related modular calcium binding 2; 6p27) with immediate recall in a memory performance test. On the X chromosome, which is often excluded in other GWAS, we identified a genome-wide significant signal near IL1RAPL1 (interleukin 1 receptor accessory protein like 1; Xp21.3). While polygenic score (PGS) analyses showed the expected strong associations with SNPs highlighted in relevant previous GWAS on hippocampal volume and cognitive function, they did not show noteworthy associations with recent AD risk GWAS findings. In summary, our study highlights the power of using quantitative endophenotypes as outcome traits in AD-related GWAS analyses and nominates several new loci not previously implicated in cognitive decline.

Keywords: genome-wide association study, GWAS, X chromosome, Alzheimer’s disease (AD), MRI, imaging, cognitive function


INTRODUCTION

Alzheimer’s disease is the most common neurodegenerative disease in humans and the most common form of dementia. In 2018, estimates were published that 50 million dementia patients exist worldwide, about two-third of whom were diagnosed with AD (Patterson, 2018). Pathologically, AD is characterized by the accumulation of extracellular amyloid β (Aβ) peptide deposits (“plaques”) and intracellular hyperphosphorylated tau protein aggregates (“tangles”) in the brain, leading to synaptic dysfunction, neuroinflammation, neuronal loss, and, ultimately, onset of cognitive decline (Sperling et al., 2014; Mattsson et al., 2015). Genetically, AD is a heterogeneous disorder with both monogenic and polygenic forms. The former is caused by highly penetrant but rare mutations in three genes encoding the amyloid beta precursor protein (APP) and presenilins 1 and 2 (PSEN1/PSEN2), which only make up a small fraction (<<5%) of all AD cases (Cacace et al., 2016). Most patients, however, suffer from “polygenic AD,” which is determined by the action (and interaction) of numerous independent genomic variants, likely in concert with non-genetic factors, such as environmental exposures (e.g., head trauma) and lifestyle choices (e.g., alcohol consumption and cigarette smoking) (Bertram and Tanzi, 2020). Based on results from the currently most recent and largest genome-wide association study (GWAS) performed in AD, there are now 38 independent loci showing genome-wide significant association with disease risk (Wightman et al., 2021). The most strongly and most consistently associated AD risk gene is APOE, which encodes apolipoprotein E, a cholesterol transport protein that has been implicated in numerous amyloid-specific pathways, including amyloid trafficking, as well as plaque clearance (Holtzman et al., 2012). Although the heritability of polygenic AD is estimated to be around 60–80% (Gatz et al., 2006), APOE and the other currently known 37 independent risk loci explain only part of the disease’s phenotypic variance (Wightman et al., 2021). While most AD GWAS only consider clinically diagnosed “probable AD” cases and cognitively unimpaired controls, involving a risk for mis-diagnosis of patients and inclusion of preclinical AD cases as controls, additional information about the genetic architecture of AD and additional statistical power is also afforded by using “endophenotypes” related to AD, ideally measured on a quantitative scale such as biomarker data, imaging, or neurocognitive performance (Gottesman and Gould, 2003; MacRae and Vasan, 2011; Zhang et al., 2020).

In our study, we expand earlier work from our group (Hong et al., 2020, 2021) derived from European Medical Information Framework Alzheimer’s Disease Multimodal Biomarker Discovery (EMIF-AD MBD) sample (Bos et al., 2018). Specifically, in two previous GWAS we set out to identify variants underlying variation in several cerebrospinal fluid (CSF) phenotypes, such as levels of CSF Aβ and tau protein (Hong et al., 2020), or neurofilament light (NfL) chain, chitinase-3-like protein 1 (YKL-40), and neurogranin (Ng), which reflect axonal damage, astroglial activation, and synaptic degeneration, respectively (Hong et al., 2021). However, the EMIF-AD MBD dataset features several other quantitative phenotypes, including cross-sectional MRI measurements and cross-sectional and longitudinal neuropsychological tests, which are used as outcome traits in the current study. Thus, while using the same individuals and identical genome-wide SNP genotype data as in Hong et al. (2020, 2021), we substantially extended our previous work by focusing on entirely novel phenotypic domains available in EMIF-AD MBD. Specifically, we performed GWAS and polygenic score (PGS) analyses on seven neuropsychological (using both cross-sectional and longitudinal data) and five brain imaging phenotypes (using cross-sectional data from MRI scans). In the 19 performed GWAS scans (which also included the X chromosome), we identified a total of 13 genome-wide significant loci highlighting several novel genes showing association with the analyzed traits. While we do not see a noteworthy overlap in the genetic architectures underlying our “endophenotypes” and AD by polygenic score (PGS) analysis, we did observe significant correlations in PGS constructed from earlier GWAS on hippocampal volume (Hibar et al., 2017) and general cognitive function (Davies et al., 2018) with the respective phenotypes in EMIF-AD MBD. Taken together, our novel results pinpoint several new genetic loci potentially involved in AD-related pathophysiology.



MATERIALS AND METHODS


Sample Description

Analyses were based on the EMIF-AD MBD dataset which was collected across 11 different European study centers (Bos et al., 2018). In total, this dataset included 1,221 [563 (46%) female; mean age = 67.9 years, SD = 8.3] individuals from three diagnostic stages: normal controls (NC), subjects with mild cognitive impairment (MCI) and subjects with a clinical diagnosis of AD. A diagnosis of AD was based on National Institute of Neurological and Communicative Disorders and Stroke–Alzheimer’s Disease and Related Disorders Association criteria (NINCDS-ADRDA) (McKhann et al., 1984) while MCI was diagnosed using criteria of Petersen (2004) in nine centers, while two centers used the criteria by Winblad et al. (2004). Individuals showing normal performance on neuropsychological assessment (within 1.5 SD of the average for age, gender, and education) at baseline were classified as NC (Bos et al., 2018). An overview of the quantitative phenotypes investigated in this study is provided in Table 1. Due to partially missing phenotype data (in the neurocognitive domain), the effective sample sizes vary for the different GWAS analyses (see Table 1). The local medical ethical review boards in each participating recruitment center had approved the study prior to commencement. Furthermore, all subjects had provided written informed consent at the time of inclusion in the cohort for use of data, samples and scans (Bos et al., 2018).


TABLE 1. Description of EMID-AD MBD datasets analyzed per phenotype.
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Magnetic Resonance Imaging Phenotypes Description

The five MRI phenotypes were collected for 862 subjects. Brain MRIs were used to assess hippocampal volume (mm3, left and right hemisphere, and sum of both; all adjusted for intracranial volume), whole brain cortical thickness (in mm), and white matter lesions (WML; using the Fazekas scale) (Ten Kate et al., 2018). The Fazekas scale categorizes WMLs into 4 categories: Level 0 (no or almost no lesion), level 1 (multiple punctate lesions), level 2 (early confluent WML), and level 3 (presence of large confluent WML). Details on the scanning procedures and data harmonization across centers can be found in Bos et al. (2018) and Ten Kate et al. (2018).



Neuropsychological Phenotypes Description

Cross-sectional (and follow-up) data were available for the following seven neuropsychological domains within the EMIF-AD MBD dataset: global cognition (Mini Mental State Examination, MMSE), attention, executive function, language, memory (immediate and delayed) and visuoconstruction (for a detailed description of all neuropsychological tests see Supplementary Material). For each cognitive domain, a primary test was selected by Bos et al. (2018). If the preferred test were not available, an alternative priority test from the same cognitive domain was chosen. More details on the neuropsychological tests used for generating these phenotypes can be found in Bos et al. (2018). Raw data on these tests were normalized with the help of a z-transformation, so that the data were comparable within a cognitive domain despite representing partially different tests across centers. For the cross-sectional GWAS analyses, the z-scores derived from baseline data were used. The number of subjects used for each test can be found in Supplementary Material. For all seven neuropsychological domains, follow-up data from at least one additional time point were available for each individual and used to construct a longitudinal phenotype using the following formula [which estimates the relative change in cognitive performance per time interval (here: years)]:

[image: image]

When calculating longitudinal phenotypes, this formula was applied separately for each neuropsychological test. Outlying scores were determined using a false discovery rate (FDR) threshold of 0.05 and were excluded from all subsequent analyses. Only the most frequently used tests per cognitive domain were included in the final phenotypes (for more information, see Supplementary Material). Both baseline and longitudinal phenotypes were adjusted for age at baseline.



DNA Extraction, Genotype Imputation and Quality Control

A detailed description of the genotyping procedures, quality control (QC) and subsequent data processing can be found in Hong et al. (2021) (Supplementary Material). Here, the same genotype data were used for the GWAS analyses. Briefly, 936 DNA samples were subjected to genome-wide SNP genotyping using the Infinium Global Screening Array (GSA) with Shared Custom Content (Illumina Inc.). Imputation was then performed using Minimac3 (Das et al., 2016). Extensive post-imputation QC resulted in 7,464,105 autosomal SNPs with a minor allele frequency (MAF) ≥ 0.01 in 888 individuals of European ancestry. More details can be found in Supplementary Material.

For the X chromosome, QC was performed separately for male and female subjects for non-pseudoautosomal regions, using slightly different criteria compared to the autosomes (see Supplementary Material). In contrast, pseudoautosomal regions (PAR1 and PAR2) were treated analogously to the autosomal SNPs. After QC, imputations were performed on the Sanger Institute imputation server1 using the extended HRC reference panel (McCarthy et al., 2016). After imputation, we used the same QC criteria as for the autosomal SNPs but performed these separately for female and male data sets, except the HWE test (P < 1.0E-4) which was performed on all samples combined as recommended previously (Graffelman and Weir, 2016) and implemented in PLINK2. For males, markers were coded as 0 vs. 2 (instead of 0 vs. 1), to adjust for the missing second X chromosome (as recommended in Smith et al., 2021).



Genome-Wide Association Studies and Post-Genome-Wide Association Studies Analyses

SNP-based association analyses were performed assuming an additive linear model (command: –glm) using allele dosages (to account for imputation uncertainty) in PLINK2 (Purcell et al., 2007). The model is equivalent to a test for a dose-response relationship between allele dose (i.e., one or two copies vs. reference genotype) on the outcome trait. The covariates included in the analyses were sex, diagnostic status and the first three principal components from a principal component analysis (PCA) to adjust for population-specific differences. Generally, we excluded SNPs from the GWAS analyses with MAF < 0.01. However, due to differences in the effective sample sizes across phenotypes this threshold was adapted upward (up to 0.04) to prevent inflation of test statistics owing to low frequency SNPs (see Table 1 for more details). Diagnostic status was coded with two dummy variables as follows: NC = (0, 0), MCI = (0, 1), AD = (1, 1). For four longitudinal cognitive phenotypes an additional dummy variable was introduced to code for the neuropsychological test used, in cases where two different tests were used for generating these phenotypes. Details can be found in Supplementary Material.

To explore associations on the X chromosome that were potentially driven by genetic sex, we additionally conducted the analyses separately in females and males. We then combined these two additional sets of results in a meta-analysis using Stouffer’s method as implemented in METAL (Willer et al., 2010). As we found no noteworthy differences in the results using Stouffer’s method, only the results from the linear regression analysis in the combined sample are shown.

The FUMA platform2 (Watanabe et al., 2017) was used for post-GWAS analyses, including gene-based association analyses (via MAGMA, de Leeuw et al., 2015) and to annotate and visualize the GWAS results. To this end, we defined genome-wide significance at α = 5.0E-08 for the SNP-based analyses while genome-wide suggestive evidence was set at α = 1.0E-05. For the gene-based analyses, we adjusted for the number of protein-coding genes examined (19,485) using the Bonferroni method, resulting in a threshold of α = 2.566E-06.

In FUMA, both the SNP annotation and the Combined Annotation Dependent Depletion (CADD) score (Rentzsch et al., 2021) are provided. The main GWAS results are reported only for “independent significant” SNPs, as defined by FUMA. These represent SNPs that are not highly correlated with one another using a threshold of r2< 0.6 (using reference data from the 1,000 Genomes Project).

Subsequently, the top SNPs, i.e., those with the smallest P-values per respective phenotype, were examined in more detail using additional tools. First, the Variant Effect Predictor on Ensembl (VEP,3 McLaren et al., 2016) was used to determine a possibly functional effect due to changes in the coding sequence, e.g., missense variants. Second, SNPs were examined using data from the RegulomeDB database4 (Boyle et al., 2012) to assess possible effects on gene expression. Third, we used data from the Genotype-Tissue Expression (GTEx, V8) project portal5 (Lonsdale et al., 2013) to assess whether SNPs represent expression/splicing quantitative trait loci (eQTLs/sQTLs). While GTEx provides data on gene expression in 54 tissues, we laid particular emphasis in genes expressed in brain. Lastly, we interrogated the GWAS catalog6 (Buniello et al., 2019) to assess whether any of the top SNPs were previously reported to show association with other phenotypes by GWAS. To this end, we considered genes and loci within a 1 Mb region (±500,000 bp) around the SNP of interest. In case SNPs not identical to our “top SNP” were reported to show association with an AD-relevant phenotype (brain imaging, cognition, etc.), the LDlink platform (Machiela and Chanock, 2015) was used to determine pairwise LD to top SNPs.7 In this context we defined relevant LD using a threshold of r2> 0.6.



Polygenic Score Analysis

In addition to the primary GWAS analyses described above, we also calculated polygenic scores (PGS) to estimate the extent of genetic correlation with the GWAS results for three other phenotypes. To this end, we used the summary statistics of a GWAS on AD risk (Jansen et al., 2019) as comparison to both phenotypic domains (MRI and neurocognitive performance) of our study, and the GWAS on general cognitive function (Davies et al., 2018) as comparison to the GWAS on neuropsychological phenotypes. Finally, the GWAS on hippocampal volume (Hibar et al., 2017) served as comparison to our GWAS analyses on MRI phenotypes. PGS calculations were performed using PRSice-2 software (Choi and O’Reilly, 2019). Statistical analyses fitted general linear regression models with PGS as predictor adjusting for the same covariates as in the primary GWAS analyses: sex, diagnostic status, and PC1-3 (and type of cognitive test, where applicable). To adjust for multiple testing of this arm of our study, we used a conservative threshold based on Bonferroni adjustment (α = 5.0E-03 = 0.05/(5*2) for the MRI phenotypes, and α = 1.8E-03 = 0.05/(14*2) for the neuropsychological phenotypes). However, given the (at least partial) correlation between phenotypes, we note that the true threshold is likely somewhere between 0.05 and these Bonferroni-adjusted values.




RESULTS


Genome-Wide Association Studies on Magnetic Resonance Imaging Phenotypes

The genomic inflation factor λ ranged between 1.004 and 1.012 in all five SNP-based analyses, indicating that the results of the MRI GWAS analyses were not affected by substantial inflation of the test statistics. In the actual association analyses of the five quantitative MRI phenotypes, we identified no genome-wide significant (P < 5.0E-08) signals but observed 385 variants with at least suggestively significant (P < 1.0E-05) evidence of association (Supplementary Tables 15–19). The lowest P-value was observed with SNP rs16829761 for the Fazekas phenotype (P = 5.08E-08; Supplementary Figure 31), which only fell slightly above the genome-wide significance threshold. According to VEP (McLaren et al., 2016), this variant is located in an intron of the genes IQCJ (protein: IQ motif containing J) and SCHIP1 (protein: schwannomin-interacting protein 1). In the GTEx database (Lonsdale et al., 2013), the lead-SNP identified here (rs16829761) is not listed as eQTL or sQTL, which may be due to the comparatively low MAF (0.01). The CADD score, i.e., the in silico predicted deleteriousness, of rs16829761 is also low at approximately 0.074. In addition, none of the gene-based GWAS analyses using MAGMA revealed any genome-wide significant signals (P < 2.566E-06) using the MRI traits analyzed. The genomic inflation factor λ ranged between 0.984 and 1.060 in these five gene-based analyses.



Genome-Wide Association Studies on Neuropsychological Phenotypes

Across the 14 GWAS performed on cross-sectional and longitudinal neuropsychological phenotypes available in EMIF-AD MBD, there were a total of 13 genome-wide significant loci, two of which were identified via the gene-based analyses using MAGMA (de Leeuw et al., 2015). Three of the genome-wide significant signals were observed in the analyses of cross-sectional phenotype data and 10 with longitudinal outcomes. Overall, none of the sets of GWAS results in this arm of our study appeared to be strongly affected by inflation of the genome-wide test statistics as evidenced by genomic inflation factors near 1 (range: 0.969–1.012 in the SNP-based analyses and 0.922–1.036 in the gene-based analyses). Table 2 provides a detailed summary of these genome-wide significant loci, and Figure 1 shows multi-trait Manhattan (MH) plots of the SNP-based GWAS results for cross-sectional (Figure 1A) and longitudinal (Figure 1B) analyses (for corresponding QQ plots: see Supplementary Figures 1, 2). The following two paragraphs highlight the most interesting results in either the analyses of cross-sectional or longitudinal neuropsychological traits.


TABLE 2. Genome-wide significant associations observed in GWAS of cognitive phenotypes.
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FIGURE 1. Multi-trait Manhattan plots for the SNP-based GWAS results on neuropsychological phenotypes (A: cross-sectional; B: longitudinal). For details on the analyzed traits see section “Materials and Methods” and Supplementary Material.



Analyses of Cross-Sectional Data

The most interesting finding in this domain was elicited by markers in EHBP1 which showed genome-wide significant evidence of association with the delayed recall memory phenotype in the gene-based analysis (P = 1.17E-07; Table 2 and Supplementary Figure 20). The lead SNP (rs6705798) in this region only missed the genome-wide significance threshold by a small margin (P = 8.78E-08; Table 2 and Figure 1A). EHBP1 is located on chromosome 2p15 and encodes EH domain binding protein 1.



Analyses of Longitudinal Data

The strongest signal in the longitudinal analyses was elicited by a locus on chromosome 6q27 (rs73045836; P = 7.50E-11; Table 2, Figure 1B, and Supplementary Figure 25) in the analysis using an immediate memory recall paradigm. This SNP is located in an intron of SMOC2 coding for secreted modular calcium-binding protein 2, which, among other functions, promotes extracellular matrix assembly (Gao et al., 2019). It needs to be noted that with an MAF ∼2% this SNP is rather infrequent which may increase the possibility of representing a false-positive finding. Perhaps more interesting is the association signal observed near SNP rs5943462 (MAF ∼0.05) and the visuoconstruction phenotype on the X chromosome (P = 1.06E-09; Table 2, Figure 1B, and Supplementary Figure 29). This SNP is an intronic variant located in IL1RAPL1 encoding interleukin 1 receptor accessory protein−like 1, which belongs to a class of molecules that regulate synapse formation (Montani et al., 2019). The third highlighted signal in this domain relates to the genome-wide significant variant rs74381761 (MAF ∼0.05) on chromosome 8p23.1 (P = 1.89E-08; Table 2, Figure 1B, and Supplementary Figure 5) which shows association with the longitudinal MMSE phenotype. The lead SNP is located in an intergenic region near TNKS (gene-based P = 4.87E-04; Table 2). This gene encodes the protein tankyrase, which belongs to a class of poly (ADP-ribose) polymerases and is involved in various processes in the body, such as telomere length regulation, the Wnt/β-catenin signaling pathway, or glucose transport (Damale et al., 2020). The last featured signal relates to the association observed near SNP rs9652864 (MAF ∼0.22) on chromosome 17q24.1 (P = 3.20E-08; Table 2, Figure 1B, and Supplementary Figure 21) and the delayed recall test. This variant is located in an intron of CEP112, which encodes centrosomal protein 112. Overall, there were eight correlated SNPs in this locus all showing strongly association (Supplementary Table 10).



Comparison of Cross-Sectional vs. Longitudinal Genome-Wide Association Studies Results

After completion of the separate GWAS on cross-sectional and longitudinal outcomes, we assessed whether the results of these two analysis arms showed any overlap. To this end, we followed two approaches: First, we performed a look-up of top results from one paradigm in the equivalent other. Specifically, we checked whether a genome-wide significant SNP from the cross-sectional analyses also had a low P-value in the corresponding longitudinal GWAS and vice versa. The lowest corresponding P-value was 0.015 (at baseline) for rs73045828, which attained P = 5.65E-09 in the longitudinal GWAS for immediate memory (Supplementary Table 21). No further signal overlaps were observed across corresponding cross-sectional and longitudinal phenotypes. Second, we took a more comprehensive approach by comparing a larger set of SNPs across both phenotypic domains. To this end, we constructed PGS from the summary statistics of the cross-sectional GWAS (as an approximate measure of “aggregated SNP effects”) and used these PGS as independent variables in a linear model predicting longitudinal outcomes. Effectively, this allowed us to determine how much phenotypic variance in the longitudinal data can be explained by top SNPs of the matching cross-sectional GWAS. Overall, these analyses did not reveal a substantial correlation in genetic results for corresponding phenotypes (Supplementary Table 22), in agreement with the look up of individual SNPs (see above). The best model fit was observed with the PGS for executive function and visuoconstruction, where the GWAS top SNPs from the cross-sectional data used in the PGS explained 4–9% of the phenotypic variance of the corresponding longitudinal outcomes, respectively (Supplementary Table 22). We note, however, that the PGS method was not designed for computing genetic correlations of non-independent samples (as is the case here), so this analysis must be considered “exploratory,” and the reported results represent no more than “upper bounds” of the potential genetic correlations.




Role of APOE in Genome-Wide Association Studies on Magnetic Resonance Imaging and Neuropsychological Performance

Given the substantial role that variants in APOE play in the genetic architecture of AD, we present findings for this locus separately, i.e., the results for SNP rs429358 (which defines the ε4 allele) and rs7412 (which defines the ε2 allele). In relation to the common genotype ε3/ε3, the risk to develop AD is increased by a factor of ∼3.2 for genotype ε3/ε4, while two ε4 alleles (genotype ε4/ε4) show ORs around 10–12 when compared to normal controls (Neu et al., 2017). The minor allele at rs429358 (ε4) is overrepresented in the EMIF-AD MBD dataset with an MAF ∼29% (the MAF in the general Northern European population is ∼16%), which is due to the special design of participant recruitment (see Bos et al., 2018). For the neuropsychological phenotypes, the P-values of rs429358 are unremarkable except for the domain “delayed memory,” where P-values of 0.0005 and 0.0042 were observed for the baseline and longitudinal analyses, respectively (Supplementary Table 20). In the MRI analyses, the only association signal observed with rs429358 was with hippocampal volume (Supplementary Table 20). Interestingly, this was driven by an association with the volume of the left (P = 0.0002) hippocampus, while no association was observed with the corresponding data of the right hemisphere (P = 0.2956). We note that for both traits, i.e., delayed memory and left hippocampal volume, the effect direction the corresponding β coefficient is consistent with the deleterious effect of the minor (T/ε4) allele at rs429358 known from the literature (Neu et al., 2017). For the minor allele at rs7412 (ε2) we observed no noteworthy association signals in any of the analyses performed in this study (Supplementary Table 20), possibly because power for this variant was much reduced owing to its lower MAF (4.6% here, 7.5% in the general western European control population).



Polygenic Score Analyses Using Published Genome-Wide Association Studies Results

In these analyses we aimed to estimate the degree of genetic overlap between the MRI and neuropsychological outcomes available in EMIF-AD MBD and other relevant traits from the literature, such as AD risk, using published GWAS summary statistics.


Polygenic Score Analyses With Magnetic Resonance Imaging Phenotypes

As expected, the strongest overlap was observed with a prior GWAS also using MRI outcomes. Specifically, we used GWAS results by the ENIGMA group (Hibar et al., 2017) who studied 26 imaging traits in n = 33,536 individuals. Here, the best overlap was seen with each of the three hippocampal MRI traits (up to 2.7% variance explained, P = 6.0E-06; Table 3 and Supplementary Table 24). In contrast, in PGS analyses using SNPs associated with AD risk (Jansen et al., 2019), we found only one moderate correlation with white matter damage (measured by the Fazekas score). For this trait the AD SNPs explained 1.4% variance (P = 3.7E-03; Table 3 and  Supplementary Table 24).


TABLE 3. Summary of PGS results significant after multiple testing correction.
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Polygenic Score Analyses With Neuropsychological Phenotypes

As for the MRI data, the best fit in the PGS analyses with the neuropsychological phenotypes was observed with a GWAS that also used neurocognitive performance as outcome (Davies et al., 2018). Specifically, this study defined a PCA-derived factor for “general cognitive function” which was analyzed in > 300,000 individuals. In EMIF-AD MBD, associations with four of the 14 calculated PGS fell below the multiple testing threshold of 1.8E-03 (Table 3). The strongest association was observed with the longitudinal attention function for which the GWAS results from Davies et al. (2018) explained 2.3% of the phenotypic variance (P = 1.79E-03, Table 3 and Supplementary Table 23). The next best associations were seen with longitudinal executive functioning (r2 = 0.028; P = 9.79E-03; Supplementary Table 23) and visuoconstructional abilities (r2 = 0.058; P = 3.08E-03; Supplementary Table 23). However, these latter two associations do not survive multiple testing correction (Table 3). Interestingly and similar to the MRI-based results, we did not find strong evidence for a genetic overlap between the neurocognitive outcomes tested here and AD risk based on Jansen et al. (2019) (Supplementary Table 23). This included the various phenotypes measuring components of “memory” performance, regardless of whether or not they were ascertained cross-sectionally or longitudinally.





DISCUSSION

This study extends previous GWAS analyses from our group utilizing phenotypic data from the EMIF-AD MBD study (Hong et al., 2020, 2021) using different outcome traits hitherto not analyzed by GWAS. The overarching goal of this work was to decipher the genetic architecture of AD-related MRI and neuropsychological (endo)phenotypes to better understand AD pathophysiology. Both previous EMIF-AD MBD GWAS focused on AD biomarkers measured in CSF and, among other findings, identified variants in TMEM106B as trans-pQTLs of CSF neurofilament light (NfL) levels (Hong et al., 2021). Interestingly, the same locus was subsequently highlighted as a novel AD risk locus in a GWAS on > 1.1 million individuals (Wightman et al., 2021), showcasing the power of the quantitative biomarker GWAS approach that was also followed in this study. In the current work, we focused on biomarkers/phenotypes derived from brain imaging and neuropsychological testing in the same EMIF-AD MBD individuals. Overall, we performed 19 individual GWAS and identified a total of 13 genome-wide significant loci highlighting several novel genes that are potentially involved in contributing to AD pathophysiology. Our study represents one of few GWAS in the literature to also include the X chromosome, where we identified a genome-wide significant association between markers near IL1RAPL1 and longitudinal visuoconstructive ability. Interestingly, neither APOE nor the other recently described AD GWAS loci appear to have a major impact on the traits analyzed in our study. In summary, our extensive genome-wide analyses nominate several novel loci potentially involved in neurocognitive functioning. Some of these may prove informative to better understand the genetic forces underlying AD and related phenotypes.

In the remainder of this section, we discuss the potential role of five loci, which we consider the most interesting findings of our study. The strongest GWAS signal was elicited by SNP rs73045836 (P = 7.50E-11; Table 2, Figure 1B, and Supplementary Figure 25) showing genome-wide significant association with the longitudinal data of the immediate recall memory phenotype. The gene annotated to the associated region on chromosome 6q27, SMOC2, encodes secreted modular calcium-binding protein 2. SMOC2 is an extracellular matrix protein from the secreted protein, acidic and rich in cysteine (SPARC) family (Gao et al., 2019) recently linked to age-dependent bone loss in humans (Morkmued et al., 2020). In the AD context, it is noteworthy that SMOC2 was recently found to be altered in CSF samples of early AD in a proteomics profiling study (Whelan et al., 2019). Interestingly, there is similar evidence on a potential link to AD for a SMOC2 isoform, i.e., SMOC1 (gene: SMOC1, located on chromosome 14q24.2). While variants in this gene did not show strong evidence of genetic association with the traits analyzed here, it is noteworthy that SMOC1 was recently nominated as a novel AD biomarker in proteomic screens of AD CSF and brain samples in various studies (Bai et al., 2020; Wang et al., 2020; Sathe et al., 2021). In summary, our finding of genome-wide significant association between SMOC2 and memory performance in the EMIF-AD MBD datasets extends the emerging literature on the role of SPARC protein family members in AD and related traits.

The second strongest association signal was observed near SNP rs5943462 (MAF ∼0.05) on the X chromosome (P = 1.06E-09; Table 2; Figure 1B and Supplementary Figure 29) with the longitudinal data of the visuoconstruction phenotype. The SNP is located in an intron of IL1RAPL1. This gene encodes interleukin 1 receptor accessory protein−like 1, which belongs to a class of molecules that regulate synapse formation. IL1RAPL1 is mostly expressed in brain areas that are involved in memory development, such as hippocampus, dentate gyrus, and entorhinal cortex, suggesting that the protein may have a specialized role in physiological processes underlying memory and learning abilities (Montani et al., 2019). Even small changes in the expression and function of these proteins can provoke major alterations in synaptic connectivity, resulting in cognitive damage (Montani et al., 2019). Moreover, IL1RAPL1 was nominated as a candidate gene for X-linked mental retardation (Raymond, 2006). Although the GWAS on longitudinal visuoconstruction included only 149 individuals, we believe this signal to be plausible and very interesting because of the well-established role of IL1RAPL1 on human brain function.

The third highlighted signal relates to the association between variant rs74381761 (MAF ∼0.05) on chromosome 8p23.1 (P = 1.89E-08; Table 2, Figure 1B, and Supplementary Figure 5) and longitudinal MMSE measurements. This SNP is located in an intergenic region near TNKS. This gene encodes the protein tankyrase, which belongs to a class of poly (ADP-ribose) polymerases and is involved in various processes in the body, such as telomere regulation, Wnt/β-catenin signaling pathway or glucose transport (Damale et al., 2020). According to GTEx (Lonsdale et al., 2013), TNKS is highly expressed in brain (mostly in cerebellum). Moreover, SNPs annotated to TNKS were associated with brain white matter hyperintensity (WMH) measurements (Armstrong et al., 2020; Sargurupremraj et al., 2020; Zhao et al., 2021) and cortical surface area measurements (Grasby et al., 2020) according to the GWAS catalog (Buniello et al., 2019). With a gene-based P-value of 4.87E-04 and the strong functional link to brain function, we consider the signal around TNKS as plausible and very interesting.

The last highlighted finding from the longitudinal analyses relates to the genome-wide significant association observed between SNP rs9652864 and the delayed recall memory phenotype (P = 3.20E-08; Table 2, Figure 1B, and Supplementary Figure 21). This variant (MAF = 0.218) attained a P-value of 6.73E-04 in the GWAS of Davies et al. (2018) on cross-sectional cognitive performance, lending additional support to our finding. The SNP is located in an intron of CEP112 which encodes centrosomal protein 112. Centrosomal proteins are known as the components of the centrosome involved in centriole biogenesis, cell cycle progression, and spindle-kinetochore assembly control (Mazaheri Moghaddam et al., 2021). Despite showing only low levels of expression in the central nervous system (CNS) according to GTEx, SNPs in this gene have been associated with cortical surface area by neuroimaging in two independent GWAS (Grasby et al., 2020; van der Meer et al., 2020) according to the GWAS catalog (Buniello et al., 2019). However, none of these neuroimaging SNPs is in relevant LD (r2> 0.6) to the lead variant identified here. Notwithstanding, given that variants in this gene have shown genetic links to both cognitive function and structural brain imaging, we consider this finding as plausible and highly interesting.

In the GWAS analyses of the cross-sectional neurocognitive phenotypes, we observed three genome-wide significant signals, of which we consider the gene-based association with EHBP1 as the most interesting finding (P = 1.17E-07; Table 2, Figure 1A, and Supplementary Figure 20). This protein interacts with Eps15-homology domain-containing protein 1/2 (EHD1/2) that plays a central role in GLUT4 transport and couples endocytic vesicles to the actin cytoskeleton (Rai et al., 2020). It is highly expressed in many tissues, including the brain, according to GTEx (Lonsdale et al., 2013). While there does not appear to be an obvious link between EHBP1 and brain function in the literature (e.g., in the GWAS catalog, Buniello et al., 2019), we note that this gene is located within 5 kb of OTX1 (orthodenticle homeobox 1; gene-based P = 1.19E-05), which acts as transcription factor and plays a role in brain and sensory organ development in Drosophila and vertebrates, including humans (Omodei et al., 2009). Our lead SNP in this region, i.e., rs6705798, falls just short of attaining genome-wide significance (P = 8.78E-08; Table 2 and Figure 1A) and is reported to represent an eQTL of both OTX1 and EHBP1 in various human tissues according to GTEx (Lonsdale et al., 2013).

In addition to searching for novel genetic determinants of the neuroimaging and neurocognitive traits analyzed in this study, we also investigated the overlap with known GWAS findings. First and foremost, this relates to two commonly studied alleles in the APOE gene, which appear to only play a minor role in this setting. Specifically, SNP rs429358, which defines the ε4 allele in APOE, does not even reach genome-wide suggestive significance (P < 1.0E-05) in any of the 19 GWAS investigated here. The strongest associations with this allele were seen with MRI-based hippocampus volume (left volume P = 0.0002, summed volume P = 0.0005; Supplementary Table 20) and with the delayed recall memory test (baseline P = 0.0005, longitudinal P = 0.0042; Supplementary Table 20). The effect directions of these associations are consistent with the deleterious influence of rs429358 on AD (Neu et al., 2017). While this at best modest degree of association between rs429358 and the traits investigated here could be due to a number of study-specific aspects, e.g., insufficient power, aspects of sample ascertainment, it is in general agreement with the literature: In the GWAS on cognitive function by Davies et al. (2018), APOE ε4 also showed only marginal association (P = 2.2E-04), and it was not reported to show genome-wide significant evidence of association (P = 4.1E-07) with hippocampal volume in the GWAS by Hibar et al. (2017). Lastly, while rs429358 did show evidence of genome-wide significant association with several imaging traits in the more recent GWAS on brain imaging phenotypes in the United Kingdom biobank, none of the hippocampus-based measurements exceeded that study’s multiple testing threshold (Smith et al., 2021). We note, that our current findings are different from our earlier GWAS analyses in the EMIF-AD MBD dataset, where the ε4 allele showed very pronounced evidence of association in CSF and imaging markers related to Aβ42 (Hong et al., 2020). Taken together, there is now converging evidence from our and previous studies that despite APOE ε4’s role in contributing to AD risk and Aβ42-related phenotypes, the same allele does not appear to show a comparably strong influence on variation of other AD-related traits, including the ones studied here.

Extending the comparison to additional genetic variants associated with AD risk in the GWAS by Jansen et al. (2019) did also not show any noteworthy or consistent overlap with the GWAS results generated in this study. In contrast, highly significant overlaps by PGS analysis were observed upon using GWAS results from Davies et al. (2018) for the neuropsychological and Hibar et al. (2017) for the MRI phenotypes, which is not surprising given that very similar neuropsychological and neuroimaging traits were used as outcomes in these studies. Collectively, the PGS results of this and previous work show that there is only very limited overlap in the genetic architecture (at least when studying common SNPs) between AD on the one and neuropsychological performance or structural brain imaging on the other hand. We note that this does not preclude the possibility that certain molecular pathways targeted by the genes highlighted in this GWAS may be shared with AD pathophysiology.

While our study has several noteworthy strengths (e.g., the use of highly standardized procedures in generating and harmonizing both the genotype and phenotype data of our study, use of both cross-sectional and longitudinal neurocognitive performance data, inclusion of the X chromosome in the GWAS), it may also have been negatively affected by some limitations. First and foremost, we note that the sample size used for the present analyses is comparatively small for “GWAS standards” and was well under 1,000 in some instances (Table 1). Accordingly, the statistical power of these analyses was low. This limitation is at least partially countered by the quantitative nature of nearly all analyzed phenotypes: it is well established that quantitative trait association analyses are more powerful than those using binary phenotypes, e.g., in a case-control setting (Bush and Moore, 2012). Second, in addition to resulting in low power, small sample sizes also increase the possibility of false-positive findings, especially for infrequent variants (i.e., those with an MAF < 5%). In this context we note that eight of our thirteen genome-wide significant signals were elicited by such variants. Thus, independent replication—ideally in larger datasets—is needed to confirm the main findings of our GWAS before any further-reaching conclusions can be reached. Third, we note that the phenotype data used as outcome traits in our GWAS analyses were collected at different participating centers at times using different types of examinations (e.g., different tests to study the same overarching neuropsychological domain). To alleviate potential bias resulting from this inherent phenotypic heterogeneity, all clinical data were processed, quality-controlled and harmonized (e.g., by normalizing most variables within centers) centrally by an experienced team of researchers (see Bos et al., 2018 for more details). We emphasize that this potential heterogeneity does not apply to the genetic data as these were generated in one laboratory experiment and subsequently processed jointly in one analytical framework, minimizing the emergence of potential batch effects. Last but not least, we emphasize that owing to its particular ascertainment design (Bos et al., 2018) the EMIF-AD MBD dataset does not (attempt to) constitute a representative sample from the “general population.” Accordingly, the results presented here cannot be generalized to the general population. We note that the same is true for many GWAS in this and other fields, which typically use clinic-based ascertainment which is not representative of the population as a whole.



CONCLUSION

In conclusion, our study delivers an entirely novel set of GWAS results from participants of the EMIF-AD MBD dataset. We nominate several novel and functionally interesting genetic association signals with phenotypes related to neurocognitive function and structural brain imaging. Even though independent replication is still needed, our results may prove informative to better understand the genetic forces underlying AD and related phenotypes.
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Insoluble protein deposits are hallmarks of neurodegenerative disorders and common forms of dementia. The aberrant aggregation of misfolded proteins involves a complex cascade of events that occur over time, from the cellular to the clinical phase of neurodegeneration. Declining neuronal health through increased cell stress and loss of protein homeostasis (proteostasis) functions correlate with the accumulation of aggregates. On the cellular level, increasing evidence supports that misfolded proteins may undergo liquid-liquid phase separation (LLPS), which is emerging as an important process to drive protein aggregation. Studying the reverse process of aggregate disassembly and degradation has only recently gained momentum, following reports of enzymes with distinct aggregate-disassembly activities. In this review, we will discuss how the ubiquitin-proteasome system and disaggregation machineries such as VCP/p97 and HSP70 system may disassemble and/or degrade protein aggregates. In addition to their canonically associated functions, these enzymes appear to share a common feature: reversibly assembling into liquid droplets in an LLPS-driven manner. We review the role of LLPS in enhancing the disassembly of aggregates through locally increasing the concentration of these enzymes and their co-proteins together within droplet structures. We propose that such activity may be achieved through the concerted actions of disaggregase machineries, the ubiquitin-proteasome system and their co-proteins, all of which are condensed within transient aggregate-associated droplets (TAADs), ultimately resulting in aggregate clearance. We further speculate that sustained engagement of these enzymatic activities within TAADs will be detrimental to normal cellular functions, where these activities are required. The possibility of facilitating endogenous disaggregation and degradation activities within TAADs potentially represents a novel target for therapeutic intervention to restore protein homeostasis at the early stages of neurodegeneration.
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INTRODUCTION

Protein aggregates are observed in a range of neurodegenerative disorders, including Alzheimer’s, Parkinson’s, Huntington’s disease and amyotrophic lateral sclerosis ALS (ALS). Alzheimer’s disease is the most common form of dementia and is characterized by the presence of amyloid-β (Aβ) plaques (Knopman et al., 2021) and tau-containing neurofibrillary tangles (Goedert and Spillantini, 2017). Parkinson’s disease is a movement disorder, hallmarked by insoluble neuronal protein deposits called Lewy bodies that mainly consist of aggregated α-synuclein (αS) (Poewe et al., 2017). Huntington’s disease is typically characterized by chorea and psychiatric symptoms, in which expansion of repeat sequences (poly-glutamine or poly-Q) in the huntingtin protein (HTT) drives its aggregation (Tabrizi et al., 2020). The aggregation of several other proteins, such as TDP-43 and C9orf72, has been associated with ALS, a rare progressive neuromuscular disorder (Balendra and Isaacs, 2018). Interestingly, although these neurodegenerative disorders have distinct clinical presentations and are associated with specific proteins, the aggregation of misfolded proteins appears to be a common pathological mechanism (Soto and Pritzkow, 2018).

Compared with protein aggregation, the reverse process of aggregate disassembly by disaggregases and proteasomes has only recently gained attention. In this review, we will discuss the function of disaggregases and the ubiquitin (Ub)-proteasome system in restricting protein aggregation. We will examine how these components may assemble into liquid droplets, through a physical phenomenon called liquid phase condensation or liquid-liquid phase separation (LLPS), to potentially enhance their local activity. We propose that these enzymes and their co-proteins participate in the formation of putative “transient aggregate-associated droplets” (TAADs) which function as disaggregating/proteolytic centers to drive the disassembly of misfolded protein deposits. Enhancing the activity in such centers at the early stages of protein aggregation may represent a novel route to impede the progression of neurodegenerative disorders.



PROTEIN AGGREGATION

Misfolded proteins lack defined tertiary structures and tend to accumulate together, leading to protein aggregation. For example, both tau and αS are inherently disordered and lack defined tertiary structural features upon dissociation from their physiological binding partners (Vasili et al., 2019). Similarly, the expansion of repeat sequences, such as poly-Q in the HTT and poly-GA in the C9orf72 gene, introduces unfolded protein sequences that form a critical feature in enabling their respective aggregation (Nonaka et al., 2018; Bonfanti et al., 2019). Other proteins, such as TDP-43 assemble into aggregates only upon specifically altered cellular conditions leading to protein misfolding, including LLPS-driven mechanisms (Watanabe et al., 2020).

The aggregation process has been extensively studied for a range of misfolded proteins (Figure 1). Usually, misfolded protein monomers are thought to interact with each other and form globular oligomers that remain soluble (Breydo and Uversky, 2015). Oligomers can further aggregate and through structural rearrangements assemble into stable and highly organized filamentous aggregates (fibrils) or form amorphous aggregates that have no distinct higher-order structure (Figure 1A). Critically, these misfolded proteins and oligomers may act as templates or “seeds” for further aggregation to occur inside the cell (Goedert and Spillantini, 2017; Vasili et al., 2019). These aggregate seeds can also pass on to naïve cells, thus contributing to the spreading of pathology through the brain (Pecho-Vrieseling et al., 2014; Rauch et al., 2018, 2020). Studies in cellular and mouse models of pathology suggest that, compared with stable aggregates and fibrils, oligomers may be the more toxic aggregate species (Wegmann et al., 2016; De et al., 2019b), which easily penetrate lipid bilayers and cause cell stress (De et al., 2019a; Klenerman et al., 2021; Lobanova et al., 2021). The formation of aggregated fibrils, such as in neurofibrillary tangles and Lewy bodies, is reasoned likewise to be a potentially protective cellular mechanism to sequester the toxic oligomers (Kopeikina et al., 2012; Li and Haney, 2020).
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FIGURE 1. Aggregation process (time) of misfolded proteins. (A) Schematic representation of protein aggregation over time. The aggregation process (time) is represented by the x-axis, and the y-axis reflects the level of accumulated aggregates. Misfolded proteins deviate from their native conformations and start to assemble into oligomers (∼20–200 nm, Lobanova et al., 2021), mostly globular in shape. The initiation of the aggregation process may occur in conjunction with post-translational modifications, such as phosphorylation (red) and ubiquitination (cyan). As aggregation progresses, additional misfolded proteins accumulate and aggregates grow in size. Eventually structural rearrangements occur within the aggregates such that misfolded proteins start to organize into the ordered manner observed in protofibrils. Stable filamentous aggregates (fibrils) form from these highly ordered arrangements of misfolded proteins, now no longer soluble in their native environment. The various forms of aggregated proteins may sometimes assemble into amorphous aggregates, which have no distinct shapes and in which the individual misfolded proteins are not considered to have any ordered arrangements. (B) Both tau and α-synuclein (αS) are known to be post-translationally modified, shown here are the phosphorylation (red) and ubiquitination (cyan) sites identified by mass spectrometry in donor brain tissues of Alzheimer’s and Parkinson’s disease, respectively (Park et al., 2018; Zhang et al., 2019). Cartoon inserts detail molecular features of the covalent linkages associated with phosphorylation (pdb-id 4WZP) and ubiquitination (pdb-id 2JF5).


In many cases, the aggregation of misfolded proteins is associated with post-translational modifications including phosphorylation and ubiquitination (Figure 1B). The role of phosphorylation, ubiquitination and many other post-translational modifications on tau and αS, such as sumoylation, nitration, O-GlcNacylation, acetylation and methylation, have been reviewed extensively for their roles in regulating the function of misfolded proteins through altering their physiochemical properties, turnover, structural conformation or interaction with their binding partners (reviewed in e.g., Zhang et al., 2019; Alquezar et al., 2020). Alterations in the phosphorylation status of misfolded proteins is believed to contribute to aggregate pathology. For example, hyperphosphorylation can cause tau to dissociate from microtubules, leading to microtubule destabilization and loss of neuronal cytoskeletal structure (Alonso et al., 2018). Additionally, tau phosphorylation at residues S202/T205 is considered a key pathological event of its aggregation (Simic et al., 2016). In Parkinson’s disease, αS is heavily phosphorylated at residue S129 (Fujiwara et al., 2002) and this modification is thought to accelerate aggregation of the protein (Karampetsou et al., 2017). Recent high-resolution cryo-EM studies have further found a high level of both ubiquitination and phosphorylation events on fibrils derived from post-mortem tauopathy and synucleinopathy donor samples (Arakhamia et al., 2020; Schweighauser et al., 2020), suggesting that both types of modifications are associated with aggregates.

A second aspect that may influence protein aggregation is LLPS, which describes a physical process whereby a macromolecular solution assumes a dense phase that resembles liquid droplets coexisting within a more dilute phase (Alberti et al., 2019). Demixing of intracellular macromolecules and assembly of liquid droplets may be influenced by the concentration and nature of the macromolecules and of the solution, all of which are factors that may determine whether phase separation occurs (principles of LLPS reviewed in Hyman et al., 2014). The phase state of droplets ranges from the “liquid-like” phase that readily fuse, coalesce and disassemble, to denser “gel-like” phases that are limited in exchange with the dilute phase but remain reversible. This phase can further progress into solid-like phases of hydrogels containing amyloid-like fibrils (review of phases in Peran and Mittag, 2020 and LLPS-relevant investigation techniques in Alberti et al., 2019). These hydrogels can be difficult to reverse without changes to the surrounding environment or interventions from other substrates. Droplets that do not readily exchange with the dilute phase or that are irreversible have been associated with a range of diseases (reviewed in Shin and Brangwynne, 2017; Alberti and Dormann, 2019). LLPS allows for the formation of membrane-less compartments (such as the nucleolus or centrosome) and enables cells to concentrate biomolecules at regions of interest, thus bringing relevant proteins in contact in a fluid and dynamic way (Hyman et al., 2014; Alberti and Hymannd, 2021). This process can also reduce variability and noise in protein concentration in cells (Klosin et al., 2020) and influence protein functions—for example, being in a more liquid phase would allow for increased molecular interactions while being in a more solid-like phase, although difficult to reverse, would sequester proteins from the cytosol (Hernandez-Vega et al., 2017; Olzmann and Carvalho, 2019). Emerging roles of LLPS in RNA processing and translation and neuroinflammation suggest that this physical process has important regulatory functions in biology (reviewed in Wolozin and Ivanov, 2019; Zbinden et al., 2020; Pakravan et al., 2021; Wang et al., 2021).

The formation of tau droplets is favored by hyperphosphorylation and pathological mutations such as P301S, P301L and A152T, which increase the likelihood of liquid-to-gel-like transition (Wegmann et al., 2018). While liquid droplets formed from tau proteins could sometimes be a physiological process to assist with microtubule polymerization in neurons (Hernandez-Vega et al., 2017), the increased density of tau also facilitates its aberrant aggregation (Ambadipudi et al., 2017). For HTT, it was shown that its aggregation-prone exon 1 fragment forms liquid droplets that became progressively resistant to 1,6-hexanediol, a compound that disrupts LLPS over time, indicative of the transition to a gel-like aggregate structure (Peskett et al., 2018). For αS-containing liquid droplets, a similar liquid-to-gel-like transition has been observed both in vitro and in vivo. The familial Parkinson’s disease mutations A53T and E46K in αS and S129-phosphorylated αS accelerate this transition, suggesting that LLPS may be a critical step in aggregation (Ray et al., 2020). The important next step is to unveil the molecular features of LLPS-driven aggregation of misfolded proteins in a physiological context.



REVERSING PROTEIN AGGREGATION

Disaggregases, such as the metazoan VCP (also known as p97), and the 70 kDa heat shock proteins (HSP70) disaggregase machinery, are a group of enzymes that utilize ATP to reverse protein aggregation, refolding aggregates back into monomers in their native conformations (Desantis and Shorter, 2012). These enzymes may target aggregates alone or associate with additional co-proteins that assist with enzymatic functions. VCP/p97 belongs to the AAA+ ATPase superfamily (Puchades et al., 2020), which form characteristic hexameric ring complexes that couple ATP hydrolysis with mechanical work (Figure 2A). Other members of this superfamily include subunits Rpt1-6 of the 19S proteasome regulatory particle, prokaryotic ClpB and its yeast ortholog Hsp104 (Figure 2B), whose disaggregation activity was reported nearly three decades ago (Parsell et al., 1994). A recent report further reveals a metazoan AAA+ ATPase disaggregase, Skd3, a mitochondrial protein that is able to solubilize αS aggregates and is distantly related to ClpB (Cupo and Shorter, 2020). The ability to restrict and reverse protein aggregation appears to be an activity that has been conserved in evolution.
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FIGURE 2. Molecular representations of enzyme complexes with protein unfolding/refolding activity. (A) Metazoan VCP/p97 (pdb-id 5C1A) (Hanzelmann and Schindelin, 2016), a homohexamer of the same superfamily and colored in different shades of blue, shown next to the six ATPases of the 19S proteasome subparticle (see Figure 3), a heterohexamer consisting of Rpt1-6 (pdb-id 5GJR) (Huang et al., 2016). (B) Prokaryotic ClpB (pdb-id 6QS4) (Deville et al., 2019) and its yeast ortholog Hsp104 (pdb-id 5KNE) (Yokom et al., 2016) are homohexamers of the AAA+ ATPase superfamily. For clarity, identical subunits within the same complex are colored with different shades of the same color scheme. The positions of substrate channeling pores are indicated with dotted lines. (C) A model of the HSP70 disaggregase machinery, where HSP70 work together with DNAJA, DNAJB1, and nucleotide exchange factor (NEF) to target aggregates of various sizes. Double-headed arrows represent reversible interactions between proteins.



VCP/p97 and Disaggregation

VCP/p97 was found to associate with the HSP70 disaggregase machinery (discussed below) and engage with tau and HTT aggregates in post-mortem brain tissues (Hirabayashi et al., 2001; Darwich et al., 2020). VCP/p97 plays a pivotal role in endoplasmic reticulum (ER)-associated degradation by pulling misfolded proteins from ER membranes for proteasomal degradation (Wolf and Stolz, 2012). Apart from assisting with degradation of misfolded proteins, VCP/p97 also contributes to other cellular processes including chromatin remodeling, transcriptional regulation and the DNA damage response (Vaz et al., 2013).

Previous studies found a very high level of expression of VCP/p97 in mammalian cells, underscoring its importance in proteostasis functions (Peters et al., 1990; Zeiler et al., 2012). Compared with other members of the AAA+ ATPase superfamily, VCP/p97 lacks motifs within the catalytic domain that facilitate binding and guidance of substrates through the central pore (Hanzelmann and Schindelin, 2017; Saffert et al., 2017). Instead, VCP/p97 associates with co-factors Ufd1 and Npl4, which aid in the recognition, binding and transfer of ubiquitinated substrates to VCP/p97 (Blythe et al., 2017; Bodnar and Rapoport, 2017). Mutations on VCP have been linked to several forms of neurodegenerative disorders (Watts et al., 2004; Johnson et al., 2010; Meyer and Weihl, 2014; reviewed in Sun and Qiu, 2020) and endogenous VCP associates with protein inclusions in both Huntington’s disease and Lewy body dementia (Hirabayashi et al., 2001).

The VCP/Ufd1/Npl4 machinery targets ubiquitinated substrates and is linked with proteasomal responses to aggregated proteins. For instance, knocking out components of the VCP/p97 machinery shows impeded degradation of ubiquitinated HTT (Higgins et al., 2020). Similarly, proteasome-mediated degradation of TDP-43 aggregates is impeded by the VCP inhibitor NSM-873 (van Well et al., 2019). A recent study further demonstrates that wild-type VCP/p97 is capable of disassembling tau aggregates derived from Alzheimer’s disease donors, but a frontotemporal dementia-linked pathological D395G mutation in VCP showed markedly reduced disaggregation activity (Darwich et al., 2020). This provides evidence for the direct involvement of VCP/p97 activity in a clinically observed neurodegenerative disorder. A strong association exists between the VCP machinery and the proteasome system to enable unfolding-degradation of ubiquitinated aggregates, presumably in a sequential manner. The highly specialized roles of VCP, Ufd1, Nlp4 and the proteasome may provide better control and specificity for each of the successive steps in targeting the aggregates for removal.



70 kDa Heat Shock Proteins Family and Disaggregases

The 13-member HSP70-family of molecular chaperones participates in the folding of newly synthesized proteins, assists with the translocation of polypeptides into organelles, and the disassembly of stable complex structures. Many of the cellular homeostatic protein folding functions are thought to be carried out by the constitutively expressed HSP70-family member HSC70, while expression of the HSP70 protein is induced by stress and accumulation of misfolded proteins (Rosenzweig et al., 2019). HSP70 recognizes misfolded proteins by binding to hydrophobic protein stretches such as the tetra-repeat domain of tau (Kundel et al., 2018) or the N-terminal region of αS (Tao et al., 2021), inhibiting their aggregation propensity (Klucken et al., 2004; Dedmon et al., 2005; Kundel et al., 2018; Tao et al., 2021). The binding of HSP70 to Aβ and HTT oligomers is also shown to prevent further aggregation, though HSP70 alone is unable to disassemble Aβ fibrils (Muchowski et al., 2000; Evans et al., 2006).

Chaperones of the HSP70-family form a disaggregase system in metazoans by recruiting additional co-chaperones called J-proteins and a nucleotide exchange factor (NEF), such as Apg2 and HSP110 (Rosenzweig et al., 2019). This HSP70/J-protein/NEF combination is hereafter referred to as the HSP70 disaggregation machinery (Figure 2C). By engaging different classes of J-proteins, the HSP70 chaperone forms transient complexes that disassemble aggregates of a range of sizes with assistance from the NEF (Nillegoda et al., 2015). Similarly, the HSC70 chaperone could disassemble αS fibrils in vitro by associating with a J-protein (DNAJB1) and a NEF (Apg2), decreasing aggregate toxicity by ∼10% (Gao et al., 2015). However, more recent data shows that disaggregation of brain-derived tau filaments via the HSC70/DNAJB1/Apg2 machinery produced oligomeric tau that was more seeding-competent in HEK293 cells (Nachman et al., 2020). These results indicate that whether toxicity increases or decreases following the disassembly activity may depend on how completely the disaggregation occurs.



C-Terminus of Hsc70-Interacting Protein and Aggregate Degradation

The HSP70 system interacts with C-terminus of Hsc70-interacting protein (CHIP), a Ub E3 ligase (see Figure 3A), and targets aggregates for proteasomal degradation. CHIP facilitates substrate ubiquitination through its C-terminal catalytic domain, while its N-terminal domain enables interactions with HSP70 (Zhang et al., 2020). Interactions with the disaggregation machinery appears critical for CHIP activity, as aggregate-bound chaperones are required for efficient ubiquitination (Qian et al., 2006; Tetzlaff et al., 2008; Kalia et al., 2011). Our recent in vitro study further suggests that the binding of misfolded proteins such as tau may directly enhance the activity of CHIP (Zuo et al., 2020). Whether misfolded proteins and aggregates are refolded or degraded is thought to be dependent on the ratio of the disaggregation machinery to CHIP. HSP70 and other heat shock proteins are expressed at much higher levels than CHIP (Meacham et al., 2001), suggesting a potential cellular preference for refolding over degradation. However, upon elevated CHIP expression or prolonged substrate-HSP70 interactions, a larger fraction of substrates become ubiquitinated by CHIP, tagging them for degradation (Qian et al., 2006).
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FIGURE 3. The ubiquitin-proteasome system. (A) Protein ubiquitination is initiated by an E1 activating enzyme, which charges Ub to its active site cysteine residue in an ATP-dependent manner. This activated Ub is then transferred to the active site cysteine of an E2 conjugating enzyme, which with support from an E3 ligating enzyme, results in protein ubiquitination. Ubiquitinated proteins are recognized by proteasomes, leading to the unfolding and degradation of the substrate. (B) Schematic representation of the 26S proteasome holoenzyme. This enzyme complex consists of a 20S core particle (CP), capped by 19S regulatory particles (RP). Both the CP and RP may exist as free particles or assembled into a holoenzyme. Rpt1-6 of the RP are colored in shades of green as in Figure 2A. A number of proteins interact reversibly to assist with various proteasomal functions as required by the host cell. (C) In addition to protein degradation, the proteasome holoenzyme is also able to fragment stable fibrils into smaller fragments (< 500 nm) such as oligomers (Cliffe et al., 2019); as well as capable of degrading oligomers that are ubiquitinated at their N-termini by e.g., UBE2W (Ye et al., 2020).


Many misfolded proteins and their aggregates are substrates of CHIP. It was shown that CHIP ubiquitinates HSP70-bound αS and accelerates the degradation of αS aggregates, leading to reduced aggregate toxicity (Shin et al., 2005; Tetzlaff et al., 2008). CHIP-mediated tau ubiquitination and degradation could be augmented in HeLa cells and in a mouse model of tauopathy, upon induced endogenous HSP70 expression through inhibition of HSP90 (Petrucelli et al., 2004; Dickey et al., 2007). Toxicity induced by Aβ and HTT is reduced by CHIP ubiquitination and subsequent proteasomal degradation in mammalian cells and mouse disease models (Jana et al., 2005; Miller et al., 2005; Kumar et al., 2007). In a rodent Huntington’s disease model, the loss of CHIP accelerates pathological phenotypes such as HTT aggregation and neurodegeneration (Miller et al., 2005). It therefore appears that increasing CHIP activity would be beneficial for restricting protein aggregation in cells.




THE UB-PROTEASOME SYSTEM IN REVERSING PROTEIN AGGREGATION


The Proteasome System

Aberrant loss of proteasomal degradation activity is observed in Alzheimer’s, Parkinson’s and Huntington’s disease (Keller et al., 2000; Furukawa et al., 2002; McNaught et al., 2002; Seo et al., 2004; Diaz-Hernandez et al., 2006; Thibaudeau et al., 2018). Substrates destined for degradation are normally conjugated with multiple Ub moieties through a sophisticated enzymatic cascade involving E1, E2, and E3 enzymes (Figure 3A; Komander and Rape, 2012). The concerted actions of these enzymes ensure that virtually all biological processes involve protein ubiquitination events at some point (Swatek and Komander, 2016; van Wijk et al., 2019). The diversity in cellular outcomes is believed to be dictated by distinct forms of ubiquitination of the substrate (reviewed by e.g., Komander and Rape, 2012; Swatek and Komander, 2016; Oh et al., 2018; van Wijk et al., 2019). Both tau and αS have been observed with typical Ub modifications that include mono-, multiple- and polyubiquitination (Zhang et al., 2019; Alquezar et al., 2020). Enzymes of the UPS, along with Ub moieties and chaperones, are abundantly detected in insoluble aggregate structures, such as Lewy bodies and neurofibrillary tangles (Garcia-Sierra et al., 2012; Zhang et al., 2019; Arakhamia et al., 2020; Schweighauser et al., 2020), suggesting an important role for the Ub-proteasome system in protein aggregation. In fact, several other E3 enzymes of the Ub system have been implicated in neurodegeneration (reviewed in Zheng et al., 2016; Upadhyay et al., 2017). Canonically, ubiquitinated proteins are recognized by the 26S proteasome holoenzyme (Collins and Goldberg, 2017; Marshall and Vierstra, 2019). This holoenzyme consists of a barrel-shaped 20S core particle capped on one or both ends by 19S regulatory particles (Figure 3B; Budenholzer et al., 2017; Bard et al., 2018). Unfolded proteins are processed by subunits with proteolytic activities that reside in the 20S core particle (Rennella et al., 2020; Coleman et al., 2021). The regulatory particle is responsible for substrate recognition, deubiquitination, and ATP-dependent substrate unfolding that enables subsequent translocation through the channel pore (Lu et al., 2017). The base of the regulatory particle, including the hexameric ATPase, is suggested to have some chaperone activity (Braun et al., 1999).

Early works found that aggregates impaired protein degradation via the UPS in HEK293 cells (Bence et al., 2001; Bennett et al., 2005). More recent studies have shown that oligomers in particular have a strong inhibitory effect on the activity of the proteasome by e.g., preventing substrate translocation and protein degradation (Kristiansen et al., 2007; Myeku et al., 2016; Thibaudeau et al., 2018). In agreement, engineered proteasomes with a constitutively open channel pore that facilitates access to the core particle increases tau aggregate degradation and cell survival to toxic insults (Choi et al., 2016). We have recently demonstrated that the proteasome holoenzyme possesses a novel fibril-fragmenting activity, capable of breaking stable fibrils into smaller, more toxic fragments (Cliffe et al., 2019). In a follow-up study, we further show that a single Ub modification at the N-terminus of tau or αS, similar to ubiquitination events catalyzed by the E2 enzyme UBE2W, enables their oligomers to be potently degraded by the proteasome holoenzyme (Ye et al., 2020), while unmodified oligomers are resistant to degradation (Iljina et al., 2016). It may therefore be plausible that proteasomes first break fibrils into smaller entities and that additional enzymes are recruited to assist the removal of oligomers in a Ub-dependent manner (Figure 3C). Similar to observations in disaggregases, it is plausible that proteasome activity may aggravate or decrease toxicity depending on how completely aggregate degradation occurs.



Proteasome-Interacting Proteins in Mediating Aggregate Degradation

Several studies have indicated that the proteasome interacts with components of HSP70 and VCP disaggregase machineries (Guerrero et al., 2008; Besche et al., 2009). A study of proteasome-associated proteins isolated from the human brain suggests that proteasomes bind to both HSP70 and VCP (Tai et al., 2010). Possibly, the interaction between proteasomes and disaggregases facilitates degradation of terminally misfolded proteins and aggregates through the sequential action of disaggregation-degradation (Figure 3C). Similarly, co-proteins known to interact with the proteasome, such as UBQLN2 and UBE3C (discussed below), may also assist aggregate removal in a concerted manner.

UBQLN2 is a proteasome shuttling factor, which contains an N-terminal domain that interacts with the proteasome, and a C-terminal domain to which ubiquitinated and misfolded proteins may bind (Finley, 2009). The interaction between proteasome and UBQLN2 appears critical for neurons, as deletion of its N-terminal domain increases UBQLN2 punctate formation and neuronal toxicity (Sharkey et al., 2018). Mutations in UBQLN2 are implicated in familial ALS and have been found to decrease proteasome-mediated aggregate degradation (Deng et al., 2011; Chang and Monteiro, 2015; Hjerpe et al., 2016). Interestingly, UBQLN2 appears to preferentially associate with larger protein aggregates over monomers (Zhang et al., 2021). This seems consistent with the observation that deletion of dsk2, the yeast homolog of UBQLN2, has no effect on early HTT aggregation but was required once intracellular protein deposits of aggregated proteins known as inclusion bodies have formed (Chuang et al., 2016).

Interactions between protein aggregates and HSP70 are facilitated by UBQLN2. Previous studies show that UBQLN2 is activated by HTT or poly-GA aggregates binding to HSP70 (Hjerpe et al., 2016; Zhang et al., 2021). This interaction is abolished in the presence of ALS/frontotemporal dementia-linked mutations in UBQLN2 or knock-down of CHIP (Zhang et al., 2021). Plausibly, aggregates are targeted by CHIP-HSP70-UBQLN2 in an ordered manner to ensure their efficient degradation at the proteasome. As HSP70 can coat protein aggregates (Whiten et al., 2018; Nachman et al., 2020), recruiting UBQLN2 could provide a mechanism for HSP70 to deal with larger ubiquitinated and disassembly-resistant aggregates.

UBE3C is a Ub E3 ligase that is recruited to the proteasome when protein misfolding is induced (Gottlieb et al., 2019). Hul5, its yeast ortholog, targets misfolded proteins following heat shock ubiquitination response and removes low-solubility proteins and aggregates during stress (Fang et al., 2011). Overexpressing Hul5 partially rescues the accumulation of protein aggregates when the protein quality control network is compromised (Eisele et al., 2021), suggesting an important role for Hul5’s ubiquitination activity at the proteasome in impeding protein aggregation. The protein quality control function of Hul5 is recapitulated in human UBE3C, which is recruited to aggresomes via HSP70 interaction and promotes degradation of its substrates (Mishra et al., 2009). A number of mutations on UBE3C that either render the ligase inactive or lead to reduced enzymatic activity are linked to autism spectrum disorder (Ambrozkiewicz et al., 2020; Singh and Sivaraman, 2020). The activity of UBE3C assists proteasomal degradation by enhancing the complete removal of partially degraded proteins (Chu et al., 2013) and prevents ubiquitinated substrates from binding stalled proteasomes (Besche et al., 2014).

Perhaps with some redundancy, UBE3A and UBE3B are also members of the UBE3 ligase family and interact reversibly with the proteasome to assist its function. UBE3A mutations affecting proteasomal binding or activity have been linked to Angelman syndrome (Yi et al., 2017; Kuhnle et al., 2018). In neurons, UBE3A is found at axon terminals and dendritic spines (Burette et al., 2018), in agreement with its role in assisting proteasome functions in regulating neural processes (Hsu et al., 2015; Kim et al., 2016). Similarly, UBE3B is found to regulate the branching of dendrites and metabolic processes, and knock-down of UBE3B renders cells sensitive to oxidative stress (Svilar et al., 2012). It is plausible that evolution has created partial redundancy and partial specificity in UBE3 ligases to enable distinct outcomes for ubiquitination at the proteasome during stress.



Cross-Talk Between Proteasomal and Autophagosomal Degradation

A second route for degradation of eukaryotic proteins is through the autophagy-lysosome pathway, which shares links to the UPS (Dikic, 2017; Varshavsky, 2017). The flux of this pathway is stimulated upon induction of specific cellular stress conditions such as starvation or protein aggregation (Chen et al., 2019). Substrates targeted by the autophagy-lysosome pathway are enclosed in vesicles known as autophagosomes and are degraded following their fusion with lysosomes (Runwal et al., 2019). Selective degradation of protein aggregates via autophagy, known as aggrephagy, plays a critical role in restricting their accumulation in cells (Lamark and Johansen, 2012). Like proteasome activity, there is evidence of autophagic dysfunction in neurodegenerative disorders (Menzies et al., 2017). There is significant cross-talk between these two systems (reviewed by e.g., Korolchuk et al., 2010; Bustamante et al., 2018)—for example in SH-SY5Y neuroblastoma cells, proteasome inhibition via MG132 activates the transcription factor EB, a master regulator of autophagy that increases the expression of genes involved in autophagy activation and increases autophagosome biogenesis (Li et al., 2019). In HEK293 cells, loss of HSP70 or its cofactor HSP110 is found to induce autophagy and reduce proteasome activity (Feleciano et al., 2019).

The scaffold protein p62 is known to mediate cross-talk between the UPS and the autophagy-lysosome pathway (Bustamante et al., 2018). p62 serves as a signaling hub for diverse cellular processes and functions as an autophagy receptor to enable degradation of ubiquitinated proteins (Katsuragi et al., 2015). The UBA domain of p62 interacts with LC3, a key protein involved in autophagosome formation and thereby bridging between substrate ubiquitination and autophagosomal degradation (Pankiv et al., 2007). An early study in HeLa cells demonstrates p62 co-localizes with ubiquitinated protein aggregates and along with LC3 forms a shell surrounding HTT protein aggregates (Bjorkoy et al., 2005). Expectedly, loss of p62 increases HTT aggregation-mediated cell death. More recently, it is found that the loss of two Ub receptors of the proteasome led to the accumulation of ubiquitinated proteins and activates autophagy via p62/LC3 mechanisms (Demishtein et al., 2017). This suggests existence of a balance between proteasomal and autophagosomal degradation activities, which is mediated by p62.




THE ROLE OF LIQUID-LIQUID PHASE SEPARATION IN PROTEIN AGGREGATION


The Proteasome System and Disaggregases Are Involved in Liquid Droplets

Proteasomes are highly abundant in mammalian cells and are distributed throughout the cytosol and the nucleus (e.g., Brooks et al., 2000; Pack et al., 2014; Zhang et al., 2018). Previous studies have shown that starvation and nutrient depletion in yeast and plant cells induce proteasomes to assemble into storage granules (Gu et al., 2017; Marshall and Vierstra, 2018). In mammalian cells, osmotic shock induces the accumulation of proteasomes into foci structures (Lafarga et al., 2002). Our data show that such cellular bodies are assembled promptly upon stress and do not appear to be dependent on cytoskeletal transport (Zhang et al., 2018). Recently, Yasuda et al. (2020) demonstrated that these stress-induced proteasome foci are assembled through LLPS and contain denser degradation activity than the surrounding cellular environment. These foci also stain positive for VCP/p97, UBE3A and Ub-modified substrates, and are together suggested to form individual proteolytic centers in the cell (Yasuda et al., 2020). Inhibition of VCP/p97 increases foci size, whereas inhibition of ubiquitination activity prevents foci formation, and knock-out of UBE3A reduces foci number. VCP/p97 and proteasomes have also been reported to co-localize in stress granules induced by oxidative stress (Turakhiya et al., 2018).

Molecular chaperones and components of the disaggregase machinery also appear to assemble into or associate with cellular bodies that act under LLPS principles. UBQLN2 co-localizes with stress granules and undergoes LLPS under in vitro conditions as well as in HeLa cells, where its HSP70 interaction domain is critical for liquid droplet formation (Hjerpe et al., 2016). The VCP machinery contributes to clearing stress granules, with mutations on VCP/p97 delaying the disappearance of stress granules and stress recovery (Buchan et al., 2013). In yeast cells, Hsp70 and its co-chaperone Hsp104 co-localize with stress granules and are essential for post-stress recovery (Cherkasov et al., 2013). In HeLa cells, accumulated TDP-43 was found to be held in cytoprotective nuclear bodies by HSP70 (Gu et al., 2021). Similarly, HSP70 associates with and maintains ribonuclear granules in a liquid-like state (Ganassi et al., 2016; Mateju et al., 2017). In an elegant study by Frottin et al. (2019), misfolded proteins were found to enter LLPS-dependent granules to prevent irreversible aggregation. HSP70 was required to recover proteins from the stress-induced granules to allow their refolding or degradation.

A recent study showed that proteasome particles, Ub E1, E2, E3 enzymes and deubiquitinases are found in liquid droplets in the nucleus, as was p62, the essential component of these droplets (Fu et al., 2021). These LLPS features were dependent on the interaction between p62 and polyubiquitin chains as well as p62 self-interaction (Sun et al., 2018; Zaffagnini et al., 2018). The binding of ubiquitinated substrates appears to heavily influence the ability of p62 to promote protein phase separation (Zaffagnini et al., 2018). Upon proteolytic stress in HeLa cells, HSP70, CHIP and HSP90, another heat shock protein, is recruited to the p62-essential nuclear foci enriched in proteasome particles to enhance the degradation of ubiquitinated substrates (Fu et al., 2021). These foci are suggested to be catalytic centers for degradation of misfolded proteins resulting from heat and oxidative stress. Together, the multiple protein interactions involving ubiquitinated substrates, HSP70, proteasomes and their co-proteins may provide a rationale for how liquid droplets coordinate to maintain proteostasis in response to aggregation of misfolded proteins.



Could Liquid-Liquid Phase Separation Be a Novel Mechanism to Concentrate Disaggregation and Degradation Activities?

Given that components of the disaggregase machineries, proteasomes and their co-proteins have all been found in liquid droplets, it is tempting to speculate that a “transient aggregate-associated droplet” (TAAD) is assembled in response to accumulating misfolded proteins (Figure 4). These TAADs may be initiated through the presence of misfolded protein condensates, to which chaperones, proteasomes or their co-proteins would nucleate. Additional components and interacting partners of disaggregase and proteasome systems would also be recruited. The existence of such droplets would facilitate the concerted actions of ubiquitination, disaggregation, refolding/unfolding and degradation to take place locally, ensuring a high density of disassembly- and proteolytic activity to occur without compromising homeostatic cellular processes outside the TAAD. An elegant cryo-electron tomography study in nematodes reports that poly-GA aggregates recruit proteasomes to form foci structures with aggregates (Guo et al., 2018). Since these aggregates do not affect 26S proteasome expression, it follows that proteasomes are depleted from other cellular regions—indeed proteasome concentration is ∼ 30 fold higher within poly-GA aggregates than the cellular surroundings. Others and we have further reported the super-resolution imaging of proteasome foci in live cells (Gu et al., 2017; Zhang et al., 2018), describing a high local density of these molecular degradation machines under stress. Similar recruitment of proteasomes to aggresomes (Hao et al., 2013) and granules (Frottin et al., 2019) has been observed, further underscored by our in vitro experiments that demonstrated direct proteasomal actions on both large fibrils and small Ub-modified oligomers (Cliffe et al., 2019; Ye et al., 2020).


[image: image]

FIGURE 4. A model for disaggregation and degradation reactions mediated by liquid droplets. (A) Proteins that misfold inside a cell begin to accumulate and form liquid droplets through LLPS principles. (B) Recruitment of the ubiquitin-proteasome system, VCP and HSP70 disaggregation machineries and co-proteins that support their functions enable locally concentrated enzymatic activities in liquid droplets to prevent further accumulation of misfolded proteins. (C) Formation of such “transient aggregate-associated droplets” (TAADs) enable concerted actions of fibril disassembly, ubiquitination and unfolding of aggregates and substrate degradation to occur within a dedicated environment. (D) Prolonged stalling of the various enzymes in the TAADs through disassembly- and degradation-resistant aggregation mechanisms may be associated with gradual phase shift towards a more gel-like state that could be relevant to pathology.


The TAADs may only assemble briefly as a result of stress-related emergencies, since the prolonged engagement of disaggregases and proteasomes would neglect their canonical roles in proteostasis. As mentioned in the second section, aggresomes and other large, end-stage aggregates and fibrils may be neuroprotective and less toxic than oligomers. However, it is possible that fibrils could indirectly affect disaggregases and the proteasome system by depleting their enzymatic activity from elsewhere in the cell, so that they cannot fulfill their normal function in proteostasis. It may further be possible that a phase change to a more gel-like state could trap these enzymes in the TAADs, which would further aggravate protein aggregation. Current methods using fluorescence recovery after photobleaching (FRAP) to determine how rapidly proteins found within the droplet exchange with those outside, combined with determining droplet fluidity by measuring how stable they are in the presence of 1,6-hexanediol treatment, will enable examination of the phase of TAADs.




CONCLUDING REMARKS

We have discussed the ability of the disaggregase and the proteasome systems to assemble into liquid droplets, proposing the concept of TAADs to allow these systems to act in a concerted manner to remove aggregates. These putative droplets may provide an “emergency solution” to cell stress, temporarily redistributing enzymes needed for proteostasis in the cell. Aggregation-prone proteins and disaggregases appear to act in an LLPS-driven manner, enabling cells to enhance the disassembly of aggregates within droplet structures. A critical next step is to quantitatively examine the early stages of neurodegeneration for changes in droplet size, fluidity, composition and the local disaggregase/degradation activity.

Recent technical developments such as “optoDroplet,” takes advantage of optogenetics to precisely control and study phase transitions within cells (Shin et al., 2017). The construct in optoDroplet consists of an intrinsically disordered protein region fused to a light-sensitive protein that self-interacts upon light exposure, thus enabling light intensity to tune droplet formation in cells. Potentially, a protein of interest acting under LLPS principles may be fused to the optoDroplet construct and brought into droplet formation in a photo-controllable manner. This technique adequately complements the canonical methods for assessing LLPS in cells such as 1,6-hexanediol (McSwiggen et al., 2019), FRAP (Alberti et al., 2019) or alteration of buffer conditions (Wei et al., 2017; Schuster et al., 2018). Furthermore, combining optoDroplet with CRISPR technology (Nihongaki et al., 2017) would allow researchers to perform genome-wide screens to further identify proteins that act under LLPS principles. Currently, it is difficult to determine whether disaggregase and proteasome droplets are beneficial for aggregate removal or detrimental to overall cell proteostasis. However, by utilizing both established and novel techniques for investigating LLPS and its contribution to protein aggregation, therapeutic interventions may be developed to restore protein homeostasis at the early stages of neurodegeneration.
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The NLRP3 inflammasome is a multiprotein complex that plays a pivotal role in regulating the innate immune system and inflammatory signaling. Upon activation by PAMPs and DAMPs, NLRP3 oligomerizes and activates caspase-1 which initiates the processing and release of pro-inflammatory cytokines IL-1β and IL-18. NLRP3 is the most extensively studied inflammasome to date due to its array of activators and aberrant activation in several inflammatory diseases. Studies using small molecules and biologics targeting the NLRP3 inflammasome pathway have shown positive outcomes in treating various disease pathologies by blocking chronic inflammation. In this review, we discuss the recent advances in understanding the NLRP3 mechanism, its role in disease pathology, and provide a broad review of therapeutics discovered to target the NLRP3 pathway and their challenges.
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INTRODUCTION

Inflammation is a defense mechanism characterized by a cascade of signaling that activates the innate immune system in response to pathogens, dead cells, traumas, or chemically induced damage. The innate immune system involves immune cells that are derived from multipotent hematopoietic stem cells (i.e., hemocytoblasts) which are found in the peripheral blood and bone marrow and undergo hematopoiesis to give rise to myeloid and lymphoid progenitors (Kim S. et al., 2019). Myeloid progenitors differentiate into eosinophils, neutrophils, basophils, monocytes, and macrophages; whereas lymphoid progenitors give rise to cells of the lymphatic system such as natural killer (NK) cells, T-cells, and B-cells (Kim S. et al., 2019). While all immune cells play some role in inflammatory responses, the leading players are macrophages, neutrophils, NK, and T-cells during infections and injury. Immune cells, including neutrophils and monocytes, are recruited to the site of injury by chemotaxis (Kolaczkowska and Kubes, 2013; Chen L. et al., 2018). Neutrophils respond quickly and play important roles in the early stages of inflammation by eliminating pathogens through various mechanisms which subsequently leads them to become apoptotic and die. Once inflammation takes place, monocytes differentiate into macrophages and phagocytose the apoptotic neutrophils (Kolaczkowska and Kubes, 2013; Ortega-Gómez et al., 2013; Epelman et al., 2014). This process is tightly regulated, as an inadequate inflammatory response can result in a persistent infection of pathogens and an excessive inflammatory response may lead to chronic inflammation.

The recognition of pro-inflammatory stimuli by the germline-encoded pattern recognition receptors (PRRs) plays a pivotal role in initiating the innate immune response. PRRs can be classified as transmembrane or cytosolic receptors. Transmembrane proteins include Toll-like receptors (TLRs) and the C-type lectin receptors (CLRs) while cytosolic proteins include the nucleotide-binding oligomerization domain (NOD)- Leucine Rich Repeats (LRR)-containing receptors (NLRs), the Retinoic Acid-Inducible Gene 1 (RIG-1)-like receptors (RLRs), and Absence in Melanoma 2 (AIM2)-like receptors (ALRs) (Unterholzner et al., 2010; Lamkanfi and Dixit, 2014; Amarante-Mendes et al., 2018). These sensing receptors can recognize pathogen-associated molecular patterns (PAMPs) and damage-associated molecular patterns (DAMPs) (Chen and Nuñez, 2010). PAMPs represent the conserved structural moieties that are commonly found in microorganisms such as lipopolysaccharide (LPS) found on the membranes of Gram-negative bacteria, bacterial or viral nucleic acids, bacterial peptides such as flagellin, and polysaccharides such as β-glucans (Mahla et al., 2013). DAMPs are endogenous molecules which are released under cellular stress or damage such as chromatin-associated proteins, heat shock proteins, uric acid, and extracellular matrix fragments (Chen and Nuñez, 2010; Lamkanfi and Dixit, 2014). The activation of PRRs by PAMPs or DAMPs triggers a signaling cascade that causes cytosolic PRRs such as NLRs, ALRs, and tripartite motif-containing proteins such as pyrin to form the multimeric protein complex termed “the inflammasome” (Lamkanfi and Dixit, 2014). The inflammasomes play an intricate and vital role in the activation and release of pro-inflammatory cytokines. In the past two decades, the molecular components and mechanism of activation of different inflammasomes have been widely studied; however, the NLRP3 inflammasome is the most studied and characterized at present due to its ability to be activated by a diverse array of stimuli and its implication in several inflammatory diseases.



NLRP3 INFLAMMASOME ASSEMBLY AND ACTIVATION


Assembly

NLRP3 is a 118 kDa cytosolic PRR protein expressed by a variety of cells including neutrophils, macrophages, microglia, lymphocytes, epithelial cells, osteoblasts, neurons, and dendritic cells (Rada et al., 2014; Zahid et al., 2019). The NLRP3 protein contains a C-terminal leucine-rich repeat (LRR) domain, a central ATPase-containing NACHT (present in NAIP, CIITA, HET-E, and TP1) domain that mediates oligomerization, and an N-terminal pyrin (PYD) domain which recruits proteins for inflammasome complex formation (Kelley et al., 2019). Like other inflammasomes, the NLRP3 inflammasome complex consists of a sensor (NLRP3 protein), an adaptor (apoptosis-associated speck-like protein, ASC), and an effector (caspase-1) (de Zoete et al., 2014; Mamantopoulos et al., 2017). Formation of the NLRP3 inflammasome occurs in two stages: priming and activation. Priming is responsible for the transcriptional upregulation of NLRP3 and pro-inflammatory cytokines, pro-interleukin (IL)-1β and pro-IL-18, through TLR, NOD2, IL-1R, or tumor necrosis factor receptor (TNFR) ligand-mediated signaling upon stimulation with PAMPs and DAMPs such as LPS or cytokines such as tumor necrosis factor (TNF) and IL-1β. The detection of PAMPs and DAMPs results in the activation of proteins and nuclear factors such as myeloid differentiation primary response protein (MyD88), nuclear factor kappa-light-chain-enhancer of activated B cells (NF-κB), and the activator protein 1 (AP-1) to upregulate NLRP3 and pro-inflammatory cytokines (Liu et al., 2017). The effect of priming on transcriptional factors and protein expression has been widely accepted; however, recent studies have suggested that there is also a non-transcriptional role for priming (Lin et al., 2014). Priming also controls the post-translational modifications of NLRP3 such as ubiquitination and phosphorylation, which plays a major role in regulating the activation of NLRP3 (Yang et al., 2017). In its inactive form, ADP-bound NLRP3 can exist as a monomer or oligomer. Monomeric NLRP3 localizes to membranes which act as a scaffold to form an oligomeric, double-ring structure with 5–8 sets of dimers interlocking LRR domains and arranged back-to-back forming a circular cage (Andreeva et al., 2021; Hochheiser et al., 2021). Cryo-EM studies suggest the PYD domain sits inside the cage to protect it from aberrant activation (Andreeva et al., 2021).

A secondary stimulus initiates the activation step to form the active inflammasome complex. Contrary to most PRRs, NLRP3 is activated by a plethora of stimuli such as particulate matter (e.g., uric acid crystals, silica, asbestos), extracellular ATP, and toxins as well as viral, bacterial, fungal, and protozoan pathogens (Latz et al., 2013; Jo et al., 2016). Although it is unclear how NLRP3 can recognize such diverse signals, it’s suggested that NLRP3 senses a common cellular event caused by all stimuli rather than directly binding to them (Kelley et al., 2019). Chen and Chen (2018) found that disassembly of the trans-Golgi network (TGN) by multiple NLRP3 stimuli can recruit and activate NLRP3 and is now one of the proposed mechanisms for the detection of various diverse stimuli. Upon activation, NIMA-related kinase 7 (NEK7), an essential modulator of NLRP3 inflammasome activation and assembly, binds to NLRP3 (He et al., 2016). Recent studies suggest disassembly of the TGN causes the NLRP3 cage to localize on the dispersed TGN vesicle membranes which are then transported to the microtubule-organizing center where NEK7 resides (Magupalli et al., 2020; Andreeva et al., 2021). It is further hypothesized that the binding of NEK7 to NLRP3 disrupts the NLRP3 double-ring structure and causes structural rearrangement, exposing PYD domains, and allowing for NACHT domain oligomerization (Andreeva et al., 2021). Previous studies have placed the NEK7 binding site at NLRP3’s LRR domain; however, recent studies have shown that the LRR domain is dispensable for NLRP3 inflammasome activation and that NEK7 may have at least one additional binding site (Hafner-Bratkovič et al., 2018; He et al., 2018). Upon NACHT domain activation by ATP-exchange and NEK7 binding, the PYD domain then recruits the adaptor molecule ASC forming a filamentous complex referred to as ASC pyroptosome or “speck” clustering through PYD-PYD domain interactions. The caspase recruitment domain (CARD) of ASC binds to pro-caspase-1 which also contains a CARD domain (CARD-CARD interaction) and pro-caspase-1 is then converted into active caspase-1 by proximity-induced autoproteolysis (Lu et al., 2014; Lu and Wu, 2015; Malik and Kanneganti, 2017). Activated caspase-1 processes the biologically inactive peptides pro-IL-1β and pro-IL-18 into their active forms, IL-1β and IL-18, respectively. It also cleaves and activates the membrane pore-forming gasdermin D (GSDMD), a protein involved in the programmed cell death known as pyroptosis (Shi et al., 2015; Malik and Kanneganti, 2017). GSDMDs N-terminal domain (GSDMD-NT) shows high affinity to plasma membrane lipids cardiolipin and phosphoinositides. Upon cleavage, GSDMD-NT oligomerizes to form pores in the cell membrane. The subsequent disruption of the cell’s osmotic potential leads to pyroptosis and the release of intracellular contents, including inflammatory cytokines IL-1β and IL-18 (Ding et al., 2016; Evavold et al., 2018).

Activation of the NLRP3 inflammasome through canonical and non-canonical pathways has the same consequences, however, through different mechanisms. The non-canonical pathway results in inflammasome formation mediated by human caspase-4, caspase-5, and mouse caspase-11 (also called caspase-4/11) as a result of Gram-negative bacterial infection (Kayagaki et al., 2015). Extracellular LPS found on the membrane of Gram-negative bacteria is detected by TLR4 in conjunction with the adaptor protein TRIF (Rathinam et al., 2012). Similar to the canonical pathway, TLR4-MyD88 begins a downstream signaling cascade that results in the translocation of NF-κB into the nucleus to upregulate the expression of NLRP3, pro-IL-1β, pro-IL-18, and other inflammatory mediators (Liu et al., 2017). TRIF induces interferon regulatory factors (IRF) which then upregulates the expression of interferon (IFN)-α/β. IFN-α/β binds to IFN-α/β receptors which elicit caspase-4/11 expression through JAK/STAT signaling (Gurung et al., 2012; Rathinam et al., 2012). Another study reported that the protease Carboxypeptidase B1 is critical for caspase-11 expression and amplifies p38 MAPK signaling downstream of TLR4 and type I IFN signaling (Napier et al., 2016). Detection of extracellular LPS through TLR4 is not required for non-canonical inflammasome activation, however (Kayagaki et al., 2013). Type I IFN signaling also induces the expression of critical guanylate binding proteins (GBPs) which lyse intracellular bacteria and release LPS into the cytosol (Meunier et al., 2014). Intracellular LPS can be detected by caspase-4/11 which causes oligomerization and autoproteolytic cleavage to activate caspase-4/11 (Shi et al., 2014; Lee B. L. et al., 2018). Activated caspase-4/11 then facilitates pyroptosis through the cleavage of proteins such as GSDMD and regulating the release of IL-1α (Kayagaki et al., 2015; Shi et al., 2015; Wiggins et al., 2019); however, many of caspase-4/11 substrates have yet to be elucidated. Previous studies suggest caspase-4/11 may not have the ability to cleave pro-IL-1β and pro-IL-18 into their biologically active forms, unlike caspase-1, but still promotes NLRP3-induced caspase-1 activation and cytokine release through alternative pathways (Kayagaki et al., 2011; Py et al., 2014; Agnew et al., 2021).



Activators


Ion Fluxes

Ion fluxes (K+, Ca2+, Cl−, and Na+) are suggested as one of the major mechanisms that trigger the activation of the NLRP3 inflammasome. Inflammasome activators such as extracellular ATP (via the non-selective cation channel receptor P2X7), particulate matter (aluminum hydroxide, silica, and calcium pyrophosphate crystals), and nigericin (ionophore) can induce K+ efflux, a necessary signal for NLRP3 activation (Muñoz-Planillo et al., 2013; Katsnelson et al., 2015). Monosodium urate (MSU) crystals cause cellular swelling from water influx resulting in an intracellular decrease of K+, leading to NLRP3 inflammasome activation (Schorn et al., 2011). Quinine, an inhibitor of two-pore domain K+ channels can prevent caspase-1 activity in a dose-dependent manner, highlighting the role of this family of ionic channels in inflammasome activation (Di et al., 2018). Conversely, K+ channel inhibitors Ba2+ (inhibitor of inward-rectifier K+ channels), tetraethylammonium (inhibitor of voltage-gated K+ channels), and iberiotoxin (inhibitor of large-conductance calcium-activated K+ channels) fail to prevent caspase-1 activation in macrophages primed with LPS (Di et al., 2018). Combined, these results leave questions and uncertainty about the role that potassium may have on inflammasome activation. The second messenger inositol 1,4,5-triphosphate (IP3) appeared to promote inflammasome activation by inducing efflux of Ca2+ from the endoplasmic reticulum (ER) through a ligand-gated ion channel, subsequently increasing intracellular concentrations (Murakami et al., 2012). The same study found that either depletion of ER Ca2+ by incubation with an inhibitor of sarcoplasmic/ER Ca2+-ATPase pump or incubation with Ca2+ free media to prevent extracellular Ca2+ entry attenuated NLRP3 inflammasome activation in response to ATP, suggesting mobilization of both extracellular and ER Ca2+ is required for inflammasome activation. Moreover, blockers of volume-activated Cl− channels that are inactive against K+ channels are able to inhibit inflammasome activation, demonstrating the role of Cl− efflux in NLRP3 inflammasome assembly (Compan et al., 2012; Daniels et al., 2016). It’s suggested that Na+ influx also plays a regulatory role in NLRP3 inflammasome activation in conjunction with K+ efflux induced by different stimuli. Na+ influx caused by ionophores cannot activate the NLRP3 inflammasome, however, lysosomal delivery of MSU crystals causes an increase in intracellular Na+ and water influx, subsequently lowering intracellular K+ concentration and activating the NLRP3 inflammasome (Muñoz-Planillo et al., 2013). More recently, the use of amiloride, a common epithelial Na+ channel blocker, can reduce cytokine secretion and caspase-1 activity in primary monocytes (Scambler et al., 2019).



Reactive Oxygen Species and Mitochondrial Dysfunction

Mitochondrial reactive oxygen species (mtROS) is one of the first discovered activators of the NLRP3 inflammasome and is produced during mitochondrial damage, stress, or dysfunction. Early studies suggested the role of mtROS in NLRP3 inflammasome activation when they noted the inhibition of NADPH oxidase-dependent mtROS prevents ATP-induced caspase-1 activation and IL-1β production in macrophages (Cruz et al., 2007). In addition, downregulation of voltage-dependent anion channels (VDAC), which are responsible for regulating mtROS homeostasis, results in decreased mtROS, caspase-1 activation, and IL-1β release in THP-1 cells (Zhou et al., 2011). Palmitate, a fatty acid commonly found in palm oil, is shown to lead to NLRP3 inflammasome activation in a ROS-dependent manner since the use of the ROS inhibitor APDC blocks palmitate-dependent IL-1β production (Wen et al., 2011). The complete mechanism by which NLRP3 senses mtROS is not well understood. Some studies suggest NEK7 may detect mtROS since it is an NLRP3 modulator (Shi et al., 2016). Supporting this idea, imiquimod, a TLR7 agonist, can activate the NLRP3 pathway and induce IL-1β release in a ROS-dependent manner, but fails to induce IL-1β production in cells deficient in NEK7 (Groß et al., 2016). Other studies have suggested mtROS’s involvement in the priming step, not activation, since some ROS inhibitors are able to block NLRP3 expression (Bauernfeind et al., 2011). Furthermore, mtROS is also implicated to be involved in the deubiquitination of NLRP3, subsequently promoting its activation (Juliana et al., 2012).

After the discovery of mtROS and its potential involvement in the inflammasome pathway, mitochondria in general have shown to play an intricate and important role in the activation of inflammasomes through various mechanisms. Mitophagy, the clearance of damaged mitochondria, is negatively correlated with NLRP3 activation, and deficiency causes the accumulation of dysfunctional mitochondria and the release of mtROS and mitochondrial DNA (mtDNA), both known activators of NLRP3 (Nakahira et al., 2011; Zhou et al., 2011). Further investigation revealed that other NLRP3 inflammasome activators, such as alum and nigericin, cause mitochondrial dysfunction and that oxidized mtDNA directly binds to NLRP3 (Shimada et al., 2012). Mitochondrial fission is also implicated in NLRP3 activation through LPS signaling; although the mechanism remains unclear, it’s suspected that fission facilitates NLRP3 localization and complex assembly (Park et al., 2015). The mitochondrial-specific lipid cardiolipin also plays a direct role in NLRP3 activation by binding to NLRP3 in a ROS-dependent and independent manner (Iyer et al., 2013). In addition, hexokinase, the first enzyme in glycolysis, dissociates from the mitochondrial membrane upon inhibition with bacterial peptidoglycans from Gram-positive bacterial cell walls and consequently activates NLRP3 (Wolf et al., 2016). Mitochondrial dysfunction and stress play a significant role in inflammation in vitro and in vivo (Gong et al., 2018; Mahalanobish et al., 2020; Ko et al., 2021); however, some studies dispute the requirement of mitochondrial dysfunction and the mtROS in NLRP3 activation (Muñoz-Planillo et al., 2013; Allam et al., 2014; Lawlor and Vince, 2014).



Lysosomal Damage

Lysosomes are responsible for degrading extracellular material by endocytosis or phagocytosis and degrading or recycling intracellular material via autophagy. Lysosomal damage is considered to play a significant role in NLRP3 activation, and direct evidence of this is shown when the lysosomal damage-inducing dipeptide, L-leucyl-L-leucine methyl ester (Leu-Leu-OMe), is able to activate the NLRP3 inflammasome (Hornung et al., 2008). In addition, NLRP3 activators such as particulate matter (e.g., cholesterol crystals, silica, aluminum salts, uric acid crystals, and asbestos) and misfolded proteins (e.g., amyloid-β) can induce lysosomal damage, indicating an interesting mechanism of NLRP3 activation (Emmerson et al., 1990; Martinon et al., 2006; Halle et al., 2008; Hornung et al., 2008; Duewell et al., 2010; Ito et al., 2020). There are several theories for how lysosomal damage activates NLRP3, one of the most popular being the release of cathepsin proteases, the proteins that mediate lysosomal degradation, into the cytosol where they can have apoptotic or apoptotic-like consequences (Wang F. et al., 2018) In support, genetic and pharmacological inhibition of cathepsin B impairs caspase-1 activation and IL-1β release in response to amyloid-β, Leu-Leu-OMe, and palmitate (Halle et al., 2008; Hornung et al., 2008; Weber and Schilling, 2014). However, no difference in caspase-1 cleavage or IL-1β secretion is observed with genetic or pharmacological inhibition of cathepsin B in response to MSU, hemozoin, alum, or ATP, suggesting a distinct mechanism for activators or cathepsin B (Halle et al., 2008; Dostert et al., 2009). In addition to this, cathepsins L, C, S, and X are also implicated to play a role in inflammasome activation (Orlowski et al., 2015). Other theories on how lysosomal damage induces NLRP3 activation include lysosomal acidification and influencing ion fluxes. Blocking the vacuolar H+-ATPase, a proton pump responsible for lysosomal acidification, prevents IL-1β release in response to silica, suggesting acidification is required (Hornung et al., 2008). In addition, lysosomal damage induced by Leu-Leu-OMe can affect K+ efflux and Ca2+ mobilization, subsequently activating the NLRP3 inflammasome (Murakami et al., 2012; Katsnelson et al., 2016). This also highlights the capability of NLRP3 activation pathways to work in conjunction.





NLRP3 INFLAMMASOME DYSREGULATION IN DISEASES

The pivotal defensive role of inflammasomes in response to pathogens and other danger signals also suggests inflammasome dysregulation in inflammation-mediated human diseases (Schroder and Tschopp, 2010; Liu and Chan, 2014; Moossavi et al., 2018; Boxberger et al., 2019; Eren and Özören, 2019). Aberrant NLRP3 activation has been shown to exacerbate disease pathology in several inflammation-driven diseases, and ongoing research is investigating the distinct role that NLRP3 may play in different disease states.


Cryopyrin-Associated Periodic Syndromes

Cryopyrin-associated periodic syndromes (CAPS) are a group of diseases that are caused by a gain-of-function mutation(s) in the nlrp3 gene and was the first autoinflammatory disorder to be directly linked to NLRP3 inflammasome dysregulation (Hoffman et al., 2001). Aberrant activation of NLRP3 causes recurrent episodes of fever, hive-like rashes, inflamed eyes, joint pain, swelling, headaches, and, if left untreated, deafness and amyloidosis (Kuemmerle-Deschner et al., 2017). CAPS include familial cold autoinflammatory syndrome (FCAS), Muckle–Wells syndrome (MWS), and neonatal onset multi-systemic inflammatory disease (NOMID) with symptoms and severity increasing respectively. Mortimer and colleagues found Ser295 in human NLRP3 is essential for negatively regulating NLRP3 activation via phosphorylation by protein kinase A, and mutations in adjacent residues interfere with regulation, rendering NLRP3 aberrantly active (Mortimer et al., 2016). A recent study showed that treatment of a knock-in mouse model expressing the N475K mutation of NLRP3 (in correspondence with the human N477K mutation) with the proton-pump inhibitor (PPI) esomeprazole is able to inhibit IL-1β secretion, reduce amyloid deposition, increase IL-1 receptor antagonist (IL-1Ra) production and survival rates (Bertoni et al., 2020). CAPS are incredibly rare genetic diseases and therefore have limited treatment options. Current treatment options consist of IL-1 inhibitors, however, the development of inhibitors that target the NLRP3 inflammasome is of great interest for these diseases.



Diseases of the CNS

Alzheimer’s disease (AD) is characterized by the accumulation of amyloid-β (Aβ) and hyperphosphorylated tau tangles. Inflammation has been implicated to encourage the progression of AD, and activated inflammatory mediators and high levels of IL-1β are found in the serum, cerebrospinal fluid, and brain of patients with AD where it exerts neurotoxic effects against microglia and astrocytes (Rubio-Perez and Morillas-Ruiz, 2012; Parajuli et al., 2013; Saresella et al., 2016; Italiani et al., 2018; Ng et al., 2018). The accumulation of the Aβ peptide in lysosomes after phagocytosis by microglial cells leads to lysosomal swelling and destabilization causing the release of lysosomal contents, including cathepsin B, and activation of NLRP3 (Halle et al., 2008). The link between NLRP3 and AD pathology has been demonstrated in other studies as well, where genetic deficiency and pharmacological inhibition of NLRP3 in mice over-expressing human amyloid precursor protein (APP) and presenilin 1 (PS1) reduces Aβ deposition and improves cognitive functions (Heneka et al., 2013; Dempsey et al., 2017; Yin J. et al., 2018). Furthermore, microglia treated with Aβ causes ASC specks, a critical component of the NLRP3 inflammasome, but Aβ treatment failed to produce specks in cells with mutations in the PYD domain of ASC (Venegas et al., 2017). In addition, activation of NLRP3 causes hyperphosphorylation of tau in an IL-1β-dependent manner in Tau22 mice, suggesting NLRP3 works upstream (Ising et al., 2019). Clinical trials with drugs targeting Aβ and tau tangles have been unsuccessful, but NLRP3 has accumulated significant interest as a new target for AD.

NLRP3 inflammasome has also been suggested to play an important role in Parkinson’s disease (PD), a neurodegenerative disease characterized by the loss of dopaminergic neurons in the substantia nigra pars compacta, where high levels of IL-1β have been detected in patients suffering from PD (Mogi et al., 1994; Antony et al., 2013; Tan et al., 2020). The disturbed proteostasis and intraneuronal aggregation of fibrillar α-synuclein, known as Lewy bodies, interferes with neurotransmitter release and is a common hallmark of PD. These entities are able to activate the NLRP3 inflammasome through TLR2 and mitochondrial damage (Wang et al., 2020; Trudler et al., 2021). In addition, monocytes and microglia are able to clear α-synuclein which causes a robust release of pro-inflammatory cytokines, including IFN-γ, TNF, and IL-1β which results in neurodegeneration (Tan et al., 2020). Several studies have supported the link between NLRP3 and PD pathology. NLRP3 deficient mice are resistant to the loss of dopaminergic neurons in the substantia nigra after treatment with 1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine (MPTP), a neurotoxin that induces a PD-like phenotype (Yan et al., 2015; Lee E. et al., 2019). In conjunction with this, pharmacological inhibition of NLRP3 improved PD pathology (Gordon et al., 2018). Prolonged exposure of IL-1Ra knockout mice to cytokines IL-1β/IL-1α results in PD-like outcomes, including impaired motor skills (Stojakovic et al., 2017). Together, this highlights the role of NLRP3 and cytokines in PD.

Multiple sclerosis (MS) is an autoimmune neurodegenerative disorder caused by the demyelination of neurons presumably by reactive T-cells that infiltrate the CNS upon weakening of the blood-brain barrier (BBB). NLRP3 and IL-1β have long been implicated to play a role in MS through encouraging immune cell infiltration and promoting excessive inflammation. Caspase-1 and IL-1β are found in MS plaques and are upregulated in peripheral blood mononuclear cells of MS patients (Ming et al., 2002; Cao et al., 2015). In experimental autoimmune encephalomyelitis (EAE), an animal model for MS, NLRP3 inflammasome expressing antigen-presenting cells assist in T-cell migration to the CNS through upregulation of chemotaxis-related proteins (Inoue et al., 2012). In addition, NLRP3 expression is upregulated in the spinal cords of mice with EAE, and NLRP3 and ASC knockout mice are resistant to EAE, highlighting their potential roles in MS (Gris et al., 2010; Inoue et al., 2012). IFNβ, one of the few therapeutic options for MS, can suppress NLRP3 activation and in NLRP3-dependent EAE (Inoue et al., 2016).

Neuroinflammation is the standard response to traumatic brain injury (TBI), and several studies have supported the upregulation of inflammatory mediators, including NLRP3, in the brain hours to days after a TBI (Liu et al., 2013; Wallisch et al., 2017). Cytokines IL-1β and IL-1α’s RNA are elevated as soon as 3 h after TBI in rats, and inhibiting the two cytokines with antibodies prior to TBI significantly reduces the loss of hippocampal neurons (Lu et al., 2005). NLRP3 and other inflammatory mediators are also upregulated in the brain of patients after suffering severe TBI, and recent studies reveal pharmacological inhibition of NLRP3 decreases cell death and prevents neurological deficits in TBI mouse models, highlighting the druggable potential of NLRP3 (Chen et al., 2019; Kuwar et al., 2019; Yan et al., 2020). TBI’s link to AD and PD is well established, and other studies support that patients with a history of TBI are at increased risk for neurodegenerative diseases in general (Gardner and Yaffe, 2015; Hayes et al., 2017; Ramos-Cejudo et al., 2018; Delic et al., 2020). These increased risks are likely contributed to neuroinflammation, as neuroinflammation after TBI shows increased hyperphosphorylation of tau protein and Aβ plaques, two hallmarks of AD (Johnson et al., 2010; Edwards et al., 2020).



Peripheral Inflammatory Diseases

Dysregulation of NLRP3 inflammasome has also been suggested in the pathogenesis of rheumatoid arthritis (RA), a chronic autoimmune disease characterized by persistent synovial inflammation in small diarthrodial joints, progressive cartilage, bone destruction, and autoantibody production (McInnes and Schett, 2011). Numerous studies support the involvement of NLRP3 in the development of RA, however, the mechanism is somewhat elusive. One study suggests pentaxin 3, a biomarker of RA, and its ligand C1q can activate NLRP3 (Wu et al., 2020). Significant NLRP3 expression is observed in the synovial proliferation and subchondral vasculitis areas in the paws of collagen-induced arthritis (CIA) mice compared to healthy mice (Zhang et al., 2016). Similarly, pharmacological inhibition of the NLRP3 inflammasome with different inhibitors reduces RA pathology and secretion of IL-1β and TNF-α, supporting the involvement of NLRP3 in RA (Yan et al., 2012; Voon et al., 2017; Guo et al., 2018; Marchetti et al., 2018b).

Gout has many of the same symptoms as RA, however, the pathology of these two diseases is different. While RA is an autoimmune disease, gout is caused by elevated levels of uric acid in the bloodstream. Eventually, these uric acid crystals accumulate in the joints where they are phagocytosed by synoviocytes (Richette and Bardin, 2010). Upon phagocytosis, uric acid crystals cause lysosomal destabilization which subsequently activates NLRP3, cytokine release and causes inflammation and pain (Martinon et al., 2006). In addition, soluble uric acid was able to activate NLRP3 in a ROS-dependent manner, suggesting inflammation is initiated before crystal formation (Braga et al., 2017). Several NLRP3 inhibitors have been shown to inhibit inflammation caused by gouty arthritis, emphasizing the importance of NLRP3 as a target in treatments for gout (Lee H. G. et al., 2016; Ruiz-Miyazawa et al., 2017; Huang et al., 2018; Marchetti et al., 2018b; Lee H. E. et al., 2019; Deng et al., 2020).

Diabetes mellitus is another disease in which NLRP3 dysregulation has been suggested to play a pathological role (Chausmer, 1998; Tang et al., 2019). High levels of IL-1β have been detected in patients with diabetes and other studies show IL-1β can affect insulin sensitivity through the TNF pathway (Dinarello et al., 2010; Wen et al., 2011). Transgenic mice lacking NLRP3 fed with a high-fat diet, which has previously been shown to activate NLRP3, have lower IL-1β and are protected from high-fat diet-induced insulin resistance, further supporting inflammatory mediators’ involvement in metabolic inflammation and insulin resistance (Vandanmagsar et al., 2011; Wen et al., 2011). Recently, it was reported that NLRP3 inflammasome inhibition could be one of the mechanisms underlying metformin’s effects to inhibit diabetes-accelerated atherosclerosis (Tang et al., 2019). Consistent with this observation, the blockade of IL-1 receptor using anakinra, a drug used for RA, leads to significant improvements in diabetic patients (Larsen et al., 2009).

At least 20% of all cancers arise from infection or chronic inflammation (Grivennikov and Karin, 2011). Chronic inflammation is led by the release of pro-inflammatory cytokines; however, while NLRP3 is an important mediator in inflammation, reports show that NLRP3 can have both a destructive and protective role in different types of cancer, making NLRP3’s role in cancer complex (Hamarsheh and Zeiser, 2020). Several studies have shown that NLRP3 and components of the NLRP3 inflammasome pathway can play a destructive role through upregulation, overactivation, and polymorphisms (Hamarsheh and Zeiser, 2020). One example of this is IL-1 and TNF’s ability to recruit neutrophils, encouraging ROS production and subsequent inflammation as well as inducing adhesion molecules and metalloproteases which encourage tumor invasion (Dinarello, 2006). Polymorphisms and mutations in the NLRP3 gene are also implicated in cancer. Poor survival rate is correlated with invasive colorectal cancer patients that have the Q705K NLRP3 mutation, a mutation that is also prominent in pancreatic cancer patients (Ungerbäck et al., 2012; Miskiewicz et al., 2015). Conversely, NLRP3 is also demonstrated to have anti-tumorigenic effects in colorectal cancer. One study found that mice deficient in NLRP3 or caspase-1 exhibit high sensitivity to azoxymethane (AOM) dextran sodium sulfate (DSS)-induced inflammation and suffer tumor burdens as a result of decreased IL-18 and lack of tumor suppressing cytokines, IFN-γ and single transducer and activator of transcription-1 (STAT-1) (Zaki et al., 2010b). Along those same lines, inflammasome component deficiency also correlates with a worse disease state in colitis-associated cancer (CAC) as a result of decreased IL-18 (Zaki et al., 2010a). The exact role of NLRP3 in different types of cancer is multiplex, but therapies that target inflammation may be of value to some diagnoses.



NLRP3 Inflammasome Pathway Inhibitors

The link between NLRP3 inflammasome dysregulation and a variety of human diseases has suggested the value of NLRP3 inhibitors for therapeutic interventions. Several NLRP3 inflammasome inhibitors have recently emerged and been investigated in a variety of disease states; some of which have entered clinical trials. Herein, we summarize the mechanisms of inhibition and relevant SAR studies that have been conducted for direct and indirect inhibitors of the NLRP3 inflammasome (Figure 1).
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FIGURE 1. The NLRP3 inflammasome pathway and its inhibitors.





Sulfonylurea and Sulfonamide Analogs

Inflammasome inhibitors containing the sulfonylurea and sulfonamide moieties have been developed and studied to improve potency, selectivity, and solubility (Figure 2).
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FIGURE 2. Sulfonamide-based NLRP3 inhibitors structures.




Glyburide®

Glyburide is an FDA-approved, anti-diabetic drug that falls into the sulfonylurea class of medications. Glyburide treats diabetes by blocking ATP sensitive potassium (KATP) channels in pancreatic β cells (Ashcroft, 2005). Studies have shown that glyburide inhibits NLRP3 activation and IL-1β secretion induced by LPS/ATP in bone marrow-derived macrophages (BMDMs) with an IC50 of 10–20 μM (Lamkanfi et al., 2009; Hill et al., 2017). Lamkanfi et al. (2009) demonstrated that glyburide inhibits caspase-1 activation and IL-1β secretion independently of KATP channels and later concluded that glyburide likely targets downstream of the purinergic 2X7 receptor (P2X7R) and upstream of inflammasome formation. Pilot structure-function studies revealed that the cyclohexylurea group is responsible for insulin secretion, whereas the benzamide and sulfonyl moiety are critical for NLRP3 inflammasome inhibition (Hill et al., 2017). Unfortunately, the concentration that glyburide is able to elicit its anti-inflammatory properties can induce hypoglycemia which limits its further development as an NLRP3 inflammasome inhibitor (Coll et al., 2015).



MCC950

MCC950 is a sulfonylurea compound initially discovered in 2001 under the name CP-424, 174 (Perregaux et al., 2001). The term CRID3 is also used synonymously with MCC950. Recent studies have demonstrated that MCC950 is a potent and selective NLRP3 inflammasome inhibitor that can inhibit IL-1β release in BMDM cells with an IC50 of 7.5 nM (Coll et al., 2015; O’Neill et al., 2016). However, it should be noted that in a 2011 article by Coll et al. (2011), a different compound was incorrectly termed CRID3 and was described to be nonselective and inhibiting both NLRP3 and AIM2 inflammasomes. Mechanistic studies revealed that MCC950 is a direct NLRP3 inhibitor that binds to the Walker B motif of the ATPase binding pocket in the central NACHT domain subsequently inhibiting ATPase activity, a critical step in inflammasome activation (Coll et al., 2019). Further docking studies supported this binding site (Tapia-Abellan et al., 2019; Andreeva et al., 2021; Hochheiser et al., 2021). MCC950 fails to stimulate insulin secretion in vitro; however, a later study found it’s able to increase insulin sensitivity in an in vivo diabetic mouse model, although this was attributed to MCC950’s effects at NLRP3 (Hill et al., 2017; Zhai et al., 2018). In 2017, Hill et al. (2017) synthesized a series of MCC950, sulfonylurea derivatives that can inhibit NLRP3 inflammasome with nanomolar potencies and also inhibit insulin secretion. Since the discovery of MCC950 as an NLRP3 inhibitor, it’s been employed as a chemical tool to understand the pathological roles of the NLRP3 inflammasome in a variety of disease models including AD, atherosclerosis, asthma, allergic airway inflammation, inflammatory bowel disease (IBD), and many more (Dempsey et al., 2017; van der Heijden et al., 2017; van Hout et al., 2017; Ismael et al., 2018; Perera et al., 2018; Robinson et al., 2018; Xu et al., 2018; Zhai et al., 2018; Theofani et al., 2019; Fu et al., 2020; Ren et al., 2020). The commonly used dose in these studies was 10 mg/kg, relatively high compared to its low nanomolar potency. Recent studies of radio-labeled MCC950 PET tracer demonstrate its low CNS penetration, which may limit its development and use as a CNS agent (Hill et al., 2020).



JC121, JC124, and YQ128

Formerly known as 16673-34-0, JC121 was developed as a sulfonamide derivative of glyburide. JC121 is able to inhibit ASC aggregation, caspase-1 activity, IL-1β secretion, and inflammatory cell death in cardiomyocytes in response to ATP and nigericin (Marchetti et al., 2014). Furthermore, JC121 inhibits the activity of constitutively active NLRP3 in BMDMs from genetically modified mice, suggesting that this compound inhibits downstream inflammasome activation rather than upstream targets (Marchetti et al., 2015). Notably, JC121 does not show hypoglycemia effects in vivo, a concern for its scaffold predecessor glyburide, even at doses as high as 500 mg/kg. This compound exhibits in vivo protective activity in mouse acute myocardial infarction models and preserves cardiac function after ischemic injury (Marchetti et al., 2014, 2015). To overcome the observed solubility issues of JC121, another analog, JC124, was designed that incorporates a methylated sulfonamide into the structure. The results demonstrated that, like JC121, JC124 is also a selective inhibitor of the NLRP3 inflammasome that inhibits IL-1β release with an IC50 of 3.25 μM without significant inhibition on NLRC4 or AIM2 inflammasomes (Fulp et al., 2018). Mechanistic studies employing a photo-affinity probe suggested that JC124 directly interacts with the NLRP3 protein; however, unlike MCC950, JC124 can bind to NLRP3 without affecting the ATPase activity, suggesting a distinct mode of binding for these sulfonamide derivatives (Kuwar et al., 2019). In vivo, JC124 can actively reduce disease pathology and improve functional performance in animal models of TBI, AD, and acute myocardial infarction by engaging the NLRP3 inflammasome (Fulp et al., 2018; Yin et al., 2018; Kuwar et al., 2019). Structure-activity relationship (SAR) studies of JC124 revealed that the sulfonamide moiety can be modified to improve inhibitory potency.

To increase the space for structural optimization, a new chemical scaffold was created based on the structure of JC124 and further medicinal chemistry campaign led to the design of YQ-II-128 (YQ128) as a novel NLRP3 inhibitor (Jiang et al., 2019). YQ128 significantly inhibits NLRP3 mediated IL-1β production in vitro with an IC50 of 0.30 μM in mouse macrophages. Further in vitro studies demonstrated YQ128 as a selective inhibitor of the NLRP3 inflammasome, since it did not inhibit IL-1β production mediated by NLRC4 or AIM2 inflammasomes. In vivo studies also confirmed its selective inhibition on IL-1β production upon LPS challenge in mice. A YQ128 PET tracer showed rapid BBB penetrance with moderate brain uptake; however, preliminary pharmacokinetic studies revealed that YQ128 displays poor oral bioavailability (Jiang et al., 2019; Xu et al., 2021). Ongoing SAR studies are currently underway to improve the potency and pharmacokinetics of these compounds.




Natural Products

Numerous natural products possess anti-inflammatory activity with mechanisms and targets that go far beyond the breadth of this review. However, there are several natural products that have received considerable attention for their anti-inflammatory activity being attributed to the interference of inflammasomes and their pathways (Figure 3).
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FIGURE 3. Natural product NLRP3 inhibitors structures.




Flavonoids

Flavonoids are a group of phytonutrients found in a variety of fruits, vegetables, grains, and plants and are well recognized for their neuroprotective, anti-inflammatory, antimutagenic, and antioxidant properties.


Apigenin

Apigenin is a flavone that inhibits NLRP3-mediated inflammation through a variety of different mechanisms (Zhang et al., 2014). The expression of pro-inflammatory cytokines IL-6, IL-1β, and TNF-α are reduced by apigenin in LPS-primed THP-1 derived macrophages and J774A.1 mouse macrophages. Apigenin shows inhibitory activity on the ERK1/2 and NF-κB pathways. Despite apigenin inhibiting NF-κB activation, it does not affect NLRP3 mRNA or protein levels or ASC protein levels in response to LPS; however, apigenin inhibits ASC speck formation and further studies suggested this happens through specifically targeting ASC (Zhang et al., 2014). A recent study demonstrated that apigenin can inhibit the phosphorylation of spleen tyrosine kinase (Syk) and protein tyrosine kinase 2 (Pyk2), two tyrosine kinases that are key players in the phosphorylation of ASC (Lim et al., 2018). The same study found apigenin can inhibit AIM2-mediated IL-1β production, but not NLRC4-mediated, in THP-1 cells, making apigenin a non-selective inflammasome inhibitor. Apigenin presents therapeutic potential in several disease states, but more research is needed (Salehi et al., 2019).



Cardamonin

Cardamonin is a natural chalcone found in the plant Alpinia katsumadai Hayata. Cardamonin can inhibit the NF-κB pathway through suppression of nitric oxide (NO) and prostaglandin-E2 in IFN-γ- and LPS-induced RAW 264.7 cells (Israf et al., 2007). This results in decreased phosphorylation and degradation of Iκ-Bα and subsequent activation of NF-κB. Other potential mechanisms of cardamonin include upregulating AhR/Nrf2/NQO1 signaling, which is known to negatively regulate NLRP3 (Wang K. et al., 2018). So far, cardamonin has mainly been investigated in cancer, but it has also been studied in IBD, RA, and more (Voon et al., 2017; Wang K. et al., 2018; Jin et al., 2019; Liao et al., 2019).



Isoliquiritigenin and Glycyrrhizin

Isoliquiritigenin (ILG) and Glycyrrhizin (GL) are both extracts from the plant Glycyrrhiza uralensis (licorice) which have been used throughout time to treat a variety of disorders mainly due to their abundance in flavonoids, chalcones, and other phytonutrients. ILG is a flavonoid that resembles a chalcone, while GL is a triterpene saponin. Both ILG and GL inhibit the NF-κB and MAPK activation by suppressing TLR4/MD-2 complex (Honda et al., 2012). ILG has also been recognized to promote the Nrf2 pathway and suppress ROS (Zeng et al., 2017). Further studies show that GL and ILG inhibit NLRP3 inflammasome formation, activation of caspase-1, and production of IL-1β when added during the activation step (Honda et al., 2014). Collectively, the results suggest that ILG and GL can inhibit both the priming and activation steps of the inflammasome pathway. Furthermore, ILG is a selective inhibitor of the NLRP3 inflammasome, as it did not inhibit AIM2 inflammasome formation or IL-1β production in response to poly (dA:dT). Contrarily, GL shows inhibitory activity to both NLRP3 and AIM2 inflammasome mediated IL-1β production (Honda et al., 2014). Because ILG has selectivity for NLRP3, and ASC oligomerization is a shared mechanism between NLRP3 and AIM2, ILG may target NLRP3 directly or somewhere upstream to inhibit inflammation. Because GL is not selective, GL may target ASC or somewhere upstream.



Luteolin

Luteolin is a flavone that can be identified in plants including pepper, broccoli, thyme, and celery (Imran et al., 2019). Mechanistically, luteolin can reduce ROS and expression of NLRP3 and other inflammatory mediators through the NF-κB pathway; however, it is a nonspecific inflammasome modulator as it also affects the expression of AIM2 (Chen et al., 2007; Zhang et al., 2018; Yu et al., 2019). One of these studies showed that luteolin potently inhibits NLRP3 expression as low as 2 μM in RAW267.4 cells and attributed this effect to its ability to enhance M2 macrophage polarization which is known to stimulate immunoregulation (Zhang et al., 2018). Further research suggested the potential involvement of transcription factor Nrf2 in the observed inhibition of inflammasome activation (Hennig et al., 2018). Luteolin and some derivatives have been considered as a treatment for several diseases including ulcerative colitis (inflammatory bowel disease), several types of cancer, and myocardial injury (Ning et al., 2017; Imran et al., 2019; Li B. et al., 2021).



Quercetin

Quercetin is a flavonol that is found in many fruits, vegetables, leaves, grains, and more (Bentz, 2009). Quercetin is a non-selective inflammasome inhibitor that inhibits IL-1β secretion during NLRP3 and AIM2 challenging (Domiciano et al., 2017). During the priming step, quercetin can inhibit NF-κB and MAPK as well as JAK/STAT pathways under AIM2 challenging (Hämäläinen et al., 2007; Lee K. M. et al., 2018). Other studies have indicated that quercetin inhibits the activation step of the NLRP3 inflammasome by interfering with ASC-speck oligomerization, which may explain why it cannot inhibit NLRC4 since ASC is dispensable for NLRC4 activation (Domiciano et al., 2017). Quercetin has been investigated in neurodegenerative disorders, cancer, diabetes, and more (Chen et al., 2016; Amanzadeh et al., 2019; Reyes-Farias and Carrasco-Pozo, 2019; Zaplatic et al., 2019).




Phenols


Artemisia

The genus Artemisia contains a variety of species, some of which have been used in traditional Asian medicines for their anti-inflammatory properties. Extract of Artemisia princeps (APO) contains several phenolic compounds such as caffeoylquinic acids, chlorogenic acid, and neochlorogenic acid; however, the anti-inflammatory properties are mainly attributed to chlorogenic acid which is one of the major constituents in the APO extract. APO can inhibit ASC speck formation upon activation of the NLRP3 or AIM2 inflammasomes, but not NLRC4, in BMDM cells (Kwak et al., 2018). The same study demonstrated that APO interferes with the phosphorylation of a tyrosine residue (Y144) of ASC, which is critical for speck formation. This is consistent with its dual inhibition on the NLRP3 and AIM2 inflammasomes since ASC is not required for the assembly and activation of the NLRC4 inflammasome (Kwak et al., 2018). Artemisia and their extracts have become an attractive area of natural product medicine and several other species have been investigated for their anti-inflammatory properties and suspected roles in the inflammasome pathways (Chen et al., 2021; Manayi et al., 2021; Wang Q. et al., 2021).



Caffeic Acid Phenethyl Ester

Caffeic acid phenethyl ester (CAPE) is a phenolic compound found in propolis from honeybee hives. Similar to the other phenolic compounds, CAPE can suppress the activation of transcription factors, specifically NF-κB, that leads to a decrease in the production of pro-inflammatory mediators (Natarajan et al., 1996; Juman et al., 2012). CAPE has recently been shown to inhibit the activation of NLRP3 and AIM2 inflammasomes by binding to ASC and blocking NLRP3-ASC interactions (Lee H. E. et al., 2016). It was later revealed that CAPE binds to the ASC-PYD domain, but not to the ASC-CARD or NLRP3-PYD domain. Because NLRP3 and AIM2 both require ASC, CAPE likely has a similar mechanism toward AIM2. CAPE has been investigated in gout, cancer, Lou Gehrig’s disease, neuroprotection in status epilepticus, and diabetes (Fontanilla et al., 2012; Yis et al., 2013; Fraser et al., 2016; Lee H. E. et al., 2016; Nie J. et al., 2017).



Curcumin

Curcumin is a widely used polyphenol compound known for its anti-inflammatory and antioxidant effects. A 2016 study found that treatment with curcumin decreases the expression of NLRP3, activation of caspase-1, and cleavage and secretion of IL-1β in PMA-induced macrophages (Kong et al., 2016). The reduced expression of NLRP3 is likely due to its inhibition of IKK phosphorylation, which is required for NF-κB activation; however, the expression of several other pro-inflammatory mediators was also reduced such as TLR4 and MyD88, suggesting multiple targets which is consistent with the promiscuous nature of this compound. Curcumin is also able to reverse P2X7R activation in PMA-induced macrophages, subsequently decreasing the expression of NLRP3 (Kong et al., 2016). Later studies found that curcumin is selective to the NLRP3 pathway, as it does not inhibit NLRC4- or AIM2-mediated caspase-1 activation in LPS-primed BMDMs (Yin H. et al., 2018). Other than priming, curcumin also suppresses ASC speck formation, caspase-1 activation, and IL-1β secretion in LPS-primed BMDMs, suggesting it affects both the priming and activation steps. This study also found that curcumin can inhibit potassium efflux in macrophages and inflammasome NLRP3 complex formation. Despite ROS being one of the activators of NLRP3, curcumin’s antioxidant effects are not the primary mechanism responsible for its inhibitory effect on the NLRP3 inflammasome pathway, however, it is recognized to upregulate the Nrf2 pathway (Yin H. et al., 2018; Rahban et al., 2020). Curcumin itself has been investigated in a variety of different diseases including, but not limited to, AD, osteoarthritis, depression and anxiety, cancer, and many more (Lopresti and Drummond, 2017; Sun et al., 2017; Reddy et al., 2018; Giordano and Tommonaro, 2019).



Obovatol

Obovatol is phenol isolated from the bark of Magnolia obovata. Like other natural biphenolic compounds, obovatol is traditionally used for its anti-inflammatory, anxiolytic, and nootropic characteristics. Obovatol can inhibit NF-κB, JNK, and ERK pathways, resulting in the suppression of inflammatory mediators (Ock et al., 2010). In addition, obovatol can also block the production of mitochondrial ROS and the formation of ASC inflammasome in response to nigericin and dsDNA, suggesting it inhibits both NLRP3 and AIM2 inflammasome activation (Kim J. et al., 2019). Further studies are required to understand the mechanism of action and binding. Obovatol has been investigated for use in AD and cancer (Choi et al., 2012; Duan et al., 2018).




Terpenes


Andrographolide

Andrographolide is a diterpenoid extracted from Andrographis paniculate and is commonly prescribed as a treatment for RA, asthma, laryngitis, and other upper respiratory tract infections (Tan et al., 2017). It is known to suppress the NF-κB and MAPK pathways and may also act as a ROS scavenger in ovalbumin-induced lung injury (Peng et al., 2016; Nie X. et al., 2017). Andrographolide can also inhibit NLRP3 activation by stimulating mitophagy, a process that is negatively correlated with the inflammasome, in colitis-associated cancer (Guo et al., 2014). Recently, andrographolide has been shown to also inhibit the AIM2 inflammasome by preventing AIM2 from translocating into the nucleus to sense DNA damage during the development of radiation fibrosis in BMDM cells (Gao et al., 2019). Andrographolide has been investigated in several diseases, however, due to its effects on AIM2 it is been closely investigated for its antiviral properties (Gupta et al., 2017; Reshi and Chi-Yong, 2020; Shi et al., 2020).



Oridonin

Oridonin (Ori) is a natural diterpenoid from the plant Rabdosia rubescens that is commonly used in East Asia as a natural supplement for its anti-inflammatory, anti-tumor, antimicrobial, and neuroprotective effects (Xu et al., 2018). Studies have shown that Ori can suppress the level of several pro-inflammatory mediators by inhibiting NF-κB signaling, nuclear translocation, and DNA binding (Wang et al., 2014; Cummins et al., 2018). Contrarily, increased expression of pro-TNF-α and increased phosphorylation of IκB in L929 cells have also been observed by Ori treatment, which may contribute to pro-inflammatory effects (Huang et al., 2005). Recent studies showed that Ori is a direct, irreversible, and selective inhibitor of NLRP3 and inhibits IL-1β production with an IC50 of ~0.5 μM (He et al., 2018). Mechanistically, Ori is able to disrupt NLRP3-NEK7 interactions, a crucial interaction for NLRP3 activation and inflammasome assembly, by covalently modifying the cysteine residue C279 in the NACHT domain of NLRP3 protein by Michael addition. Further studies showed that Ori failed to inhibit NEK7-NEK9 interactions, suggesting Ori inhibits the NLRP3-NEK7 interaction by binding to NLRP3. Ori shows no effect on the ATPase activity of NLRP3, NLRP3-NLRP3 interactions, or recruitment of ASC (He et al., 2018). Ori has demonstrated in vitro and in vivo success and has been investigated in a number of disease models including TBI, AD, cardiac hypertrophy, methicillin-resistant Staphylococcus aureus (MRSA), pulmonary fibrosis, cancer, and more (Wang et al., 2016; Fu et al., 2018; Xu et al., 2019; Yuan et al., 2019; Zhang et al., 2019; Yan et al., 2020). Despite the observed in vivo activities of Ori from preclinical studies, there is concern about the toxicity and adverse pharmacological effects of Ori (Li X. et al., 2021). More research on Ori analogs is required to improve pharmacological activity and bioavailability.



Parthenolide

Parthenolide is a natural product found in Tanacetum parthenium and has commonly been used as a preventative for migraine headaches. Its anti-inflammatory activity has been attributed to its ability to inhibit the NF-κB pathway, however, it also shows anti-inflammatory effects independent of the NF-κB mechanism (Saadane et al., 2007). One study has demonstrated that parthenolide inhibits multiple inflammasome pathways including NLRP3, NLRP1, and NLRC4 and directly inhibits caspase-1, but does not inhibit the AIM2 pathway (Juliana et al., 2010; Coll et al., 2011). Conversely, one study demonstrated that parthenolide does not inhibit NLRC4 (Coll et al., 2015). Mass spectrometry results show that parthenolide irreversibly inhibits caspase-1 by alkylating C285 of the p20 subunit, blocking activity and cleavage of downstream events. It is suspected that parthenolide block NLRP3 in a similar manner due to its ability to inhibit ATPase activity in a dose-dependent manner (Juliana et al., 2010). Parthenolide can inhibit IL-1β secretion with an IC50 of ~5 μM in response to NLRP3 challenging and 5–10 μM in response to AIM2 and NLRC4 challenging in BMDM cells (Jiang H. et al., 2017). Naturally occurring parthenolide’s poor aqueous solubility and bioavailability limits its further clinical development, but due to its reactive species it is still being investigated in different disease, states including, cancer and analogs continue to be made in an effort to improve pharmacological properties (Guzman et al., 2007; Alwaseem et al., 2018; Li et al., 2020; Liu et al., 2020; Hotta et al., 2021).




Other


Shikonin

Shikonin is a naphthoquinone compound isolated from the roots of Lithospermum erythrorhizon and is used in traditional Chinese herbal medicine for its variety of medicinal properties. Shikonin inhibits the secretion and cleavage of pro-caspase-1 through suppression of NF-κB as well as directly inhibits caspase-1 itself, likely by targeting a cysteine residue in the active site (Zorman et al., 2016). Furthermore, shikonin was able to inhibit NLRP3-mediated IL-1β secretion with an IC50 of 1.4–2 μM in LPS primed iBMDMs. Another study demonstrated that shikonin prevents ASC pyroptosome formation and NLRP3- and AIM2-mediated IL-1β and IL-18 release in BMDM and THP-1 cells through inhibition of PKM2, a kinase that promotes the activation of NLRP3 and AIM2 inflammasomes (Xie et al., 2016). Shikonin has been investigated in the treatment of AIDS and cancer (Chen et al., 2003; Wang et al., 2017, 2019; Zhao et al., 2018).



Sulforaphane

Sulforaphane (SFN) is a widely used dietary supplement that is found in broccoli extracts and cruciferous vegetables. SFN is known to have anti-inflammatory properties that are attributed to activating the Nrf2 transcription factor, a protein that regulates the antioxidant responses upon oxidative damage caused by ROS, and NF-κB by employing its ability to modify cysteine residues (Heiss et al., 2001; Jiao et al., 2017). SFN can also inhibit TLR activation through covalent modification of a cysteine residue in the hydrophobic pocket of myeloid differentiation 2 (MD2), which complexes with TLR (Koo et al., 2013). However, recent research has shown that SFN has anti-inflammatory properties independent of the priming step and is a non-selective inflammasome inhibitor of the NLRP3, NAIP5/NLRC4, NLRP1b, and AIM2 pathways (Greaney et al., 2016). SFN can inhibit NLRP3-mediated IL-1β production with an IC50 of 5 μM and NLRC4- and AIM2-mediated IL-1β production with an IC50 of ~10 μM (Jiang H. et al., 2017). It’s not clear whether SFN acts in a direct or indirect manner; however, the non-selective inhibition on multiple inflammasomes may suggest that SFN targets a shared mechanism by the inflammasomes during the activation process. Greaney et al. (2016) also showed that the SFN inhibits caspase-1 autoproteolytic cleavage but does not modify cysteine residues in the caspase-1 active site, as incubation with SFN in the presence of active caspase-1 does not inhibit the IL-1β processing. SFN itself has been investigated for the treatment of retinal ischemic/reperfusion injury, cancer, neurodegenerative diseases, and many more diseases (Kan et al., 2018; Gong et al., 2019; Kim, 2021). There is abundant research on the dietary benefits of broccoli in preventing diseases, and SFN is suggested to play a significant role (Subedi et al., 2019; Nandini et al., 2020; Liebman and Le, 2021).





Other Inhibitors

Several synthetic small molecules and biologics have been investigated to inhibit the NLRP3 inflammasome pathway as well, some of which have successfully made it to the market (Figure 4).
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FIGURE 4. Other NLRP3 inhibitors structures.




X-11-5-27

X-11-5-27 is a synthetic derivative of daidzein, a natural isoflavonoid found in soybeans, with antioxidant and anti-inflammatory properties. Daidzein has been shown to suppress the secretion of pro-inflammatory cytokines in vitro and it’s suspected that these effects are the result of a variety of targets in the MAPK pathway (Hämäläinen et al., 2007; Liu et al., 2009; Sakamoto et al., 2016). X-11-5-27 inhibits NLRP3 expression and activation, ASC speck formation, and subsequent caspase-1 activation and IL-1β secretion in BMDMs and THP-1 cells (Zhou et al., 2017). It was also observed that X-11-5-27 inhibits NLRP3 through the induction of autophagy, a process that is negatively correlated with NLRP3. Further studies suggested that the inhibitory activity of X-11-5-27 in these studies may be through antioxidant effects by reducing ROS production and protecting mitochondrial function (Zhou et al., 2017).



INF Analogs

In 2014, a series of α, β-unsaturated warheads from an electrophilic fragment-based library were reported to irreversibly inhibit the NLRP3 inflammasome (Cocco et al., 2014). Further characterization of one of the compounds, INF4E (compound 9), demonstrated its irreversible inhibition of the NLRP3 protein via its Michael acceptor to form a covalent bond with NLRP3, which subsequently inhibits IL-1β secretion in ATP-induced THP-1 cells. INF4E also inhibits NLRP3’s ATPase and caspase-1 activity, suggesting those as targets. Furthermore, INF4E prevents caspase-1 dependent pyroptosis and attenuates ATP- and nigericin-induced cell death (Cocco et al., 2014). To decrease toxicity associated with these types of compounds, further structural derivatization led to a series of acrylamide analogs using the ligand-merging strategy to combine the Michael acceptor moiety and a sulfonamide moiety. One of the analogs, INF58 (compound 14), irreversibly inhibits NLRP3 ATPase with improved potency (Cocco et al., 2016). Further optimization led to the identification of an ethyl acrylate derivative, INF39 (compound 11), that possesses decreased cytotoxicity and reactivity compared to both INF4E and INF58. Mechanistic studies suggest its direct interaction with the NLRP3 ATPase domain and can inhibit IL-1β production with an IC50 of 10 μM (Cocco et al., 2017). The same study found that INF39 can attenuate NEK7-NLRP3 interactions in HEK293 cells expressing NLRP3 and NEK7, confirming that INF39 blocks NLRP3 inflammasome assembly. INF39 continues to be investigated in the inflammasome pathway, a recent study has further verified INF39’s selective interaction with NLRP3, as it does not suppress AIM2 or NLRC4 inflammasomes, and showed the inhibition of ASC speck formation and the cleavage of caspase-1, IL-1β, and GSDMD proteins in THP-1 cells (Shi et al., 2021). Other studies have continued to derivatize INF39 and investigate the mechanism of binding (Gastaldi et al., 2021).



Novel Boron Compounds (NBC)

2-aminoethyldiphenyl borate (2APB), a boron containing compound, is known to inhibit IP3-mediated calcium release, store-operated calcium entry, and disrupt other calcium-dependent pathways in HeLa cells and cardiac myocytes, which may affect the ion flux balance required to activate NLRP3 (Peppiatt et al., 2003). Further studies demonstrated that 2APB can inhibit nigericin- and ATP-induced NLRP3 inflammasome signaling cascade independently of its effect on calcium flux (Katsnelson et al., 2015). However, 2APB’s effects on calcium flux limits its drug development. Further optimization of 2APB to weaken its effects at calcium flux while strengthening the effects on NLRP3 resulted in compound NBC6 with significantly enhanced potency (IC50 = 574 nM) (Baldwin et al., 2017). NBC6 can inhibit ASC oligomerization and was found to be a potent inhibitor of NLRP3; however, it’s also able to inhibit NLRC4 and AIM2 pathways at higher concentrations. Interestingly and unlike 2APB, NBC6 retained activity after washing away free drug, suggesting it may act as a covalent inhibitor. NBC13, a similar analog to NBC6 with better solubility, inhibited IL-1β release in vivo (Baldwin et al., 2017). NBC compounds have yet to be investigated in disease states.



BAY 11-7082

BAY 11-7082 (BAY) is a phenyl vinyl sulfone and is known for its inhibition of TNF-α induced IKK phosphorylation which subsequently inhibits activation of NF-κB and expression of NLRP3 (García et al., 2005). However, due to its non-specific modification of cysteine residues, BAY shows polypharmacological properties with multiple mechanisms suggested (Lee et al., 2012). In 2010, a study found that BAY reduces NLRP3’s ATPase activity and inhibits ASC oligomerization (Juliana et al., 2010). Upon further investigation, this study found that BAY inhibits NLRP3 activity by irreversibly alkylating cysteine residues in the ATPase region of NLRP3 through a Michael addition mechanism and SAR studies of BAY revealed the importance of the vinyl sulfone in the observed inhibitory activity. BAY can inhibit IL-1β production in BMDM’s with an IC50 of ~5 μM (Jiang H. et al., 2017). Increased ubiquitination of NLRP3 by BAY was also observed which may contribute to its inhibition of the NLRP3 protein by interfering with NLRP3-ASC interactions (Shim et al., 2017). A recent study demonstrated that BAY inhibits pore-formation of GSDMD by covalently modifying the critical cysteine residue C191 which is involved in GSDMD pore-formation (Hu et al., 2018). This study also found that BAY can inhibit canonical and non-canonical caspases. BAY has been investigated in a number of disease states and injuries including psoriasis, diabetic nephropathy, spinal cord injury, and extensively in cancer for its effects on the NF-κB pathway (White and Burchill, 2008; Kolati et al., 2015; Irrera et al., 2017; Jiang W. et al., 2017).



3,4-Methylenedioxy-β-Nitrostyrene

3,4-Methylenedioxy-β-nitrostyrene (MNS) is a well-known Syk and Src tyrosine-kinase inhibitor; however, it is also shown to be a direct, selective inhibitor of the NLRP3 inflammasome (He et al., 2014). MNS can block IL-1β production with an IC50 of 2 μM in BMDMs. Pull-down studies suggest that MNS binds to the LRR and NACHT domains of the NLRP3 protein, and further investigation showed that the MNS inhibits NLRP3 ATPase activity. MNS has no inhibitory activity towards AIM2 or NLRC4 inflammasomes. Moreover, SAR studies of MNS indicated that the nitrovinyl group is essential for its inhibition of NLRP3, whereas the dioxole is dispensable. It’s suspected that the vinyl group may interact with the cysteine side chains in NLRP3, possibly in the ATPase region, making it an irreversible inhibitor (He et al., 2014). A recent study found that MNS induced ubiquitination of NLRP3, which may contribute to its inhibitory mechanism (Shim et al., 2017). MNS has been studied in wound healing and in osteosarcoma tumors (Messerschmitt et al., 2012; Xiao et al., 2016).



Tranilast

Tranilast has historically been approved to treat bronchial asthma in Japan, China, and South Korea. Tranilast was initially found to inhibit NF-κB by interfering with NF-κB and CREB-binding protein (CBP) association, but recent studies demonstrated that tranilast is a selective inhibitor that directly binds to the NLRP3 protein and inhibits IL-1β production with an IC50 of 25–50 μM (Spiecker et al., 2002; Huang et al., 2018). Mechanistically, tranilast binds to the NACHT domain of NLRP3, consequently inhibiting NLRP3-NLRP3 and NLRP3-ASC interactions, but not NLRP3-NEK7, inhibiting inflammasome formation and activation of caspase-1. Unlike other direct NLRP3 inhibitors, tranilast does not inhibit ATPase activity (Huang et al., 2018). Recently, tranilast has been investigated for the treatment of neuropathic pain, gouty arthritis, CAPS, and cancer, and has been suggested to be a potential therapy for vitiligo (Huang et al., 2018; Saito et al., 2018; Moore et al., 2019; Zhuang et al., 2020).



OLT1177 (Dapansutrile®)

OLT1177 is a β-sulfonyl nitrile compound that selectively blocks the NLRP3 inflammasome by inhibiting its ATPase activity, preventing NLRP3-ASC interactions and IL-1β release in J774A.1 macrophages with an IC50 of ~1 nM. OLT1177 has demonstrated to be a highly potent and selective inhibitor of NLRP3 since it failed to inhibit IL-1β secretion upon activation of NLRC4 or AIM2 inflammasomes (Marchetti et al., 2018a). OLT1177 has shown both in vitro and in vivo success and has recently been developed into an oral tablet and topical gel, Dapansutrile, that has proven to be safe in humans and completed phase II clinical trial for osteoarthritis of the knee by Olatec Therapeutics LLC (Marchetti et al., 2018a). Aside from clinical trials, OLT1177 has recently been tested as a potential treatment for numerous disease states including AD, autoimmune encephalomyelitis, myocardial ischemia, arthritis, and more (Marchetti et al., 2018b; Sánchez-Fernández et al., 2019; Toldo et al., 2019; Lonnemann et al., 2020).



CY-09

CY-09 has recently been reported to selectively and directly bind to the ATPase domain of NLRP3 and inhibit IL-1β release in BMDM cells with an IC50 of ~6 μM (Jiang H. et al., 2017; El-Sharkawy et al., 2020). Mutating the Walker A motif of NLRP3’s ATPase pocket abolishes the activity of CY-09, whereas mutating the Walker B motif shows no effect, suggesting the Walker A motif of the ATPase pocket as the binding site of CY-09 where it interferes with ATP binding. This is contrary to MCC950 which binds to the Walker B motif of NLRP3. ATP also competes with CY-09 to bind to NLRP3 which further confirms this interaction. Using microscale thermophoresis (MST), CY-09 binds to recombinant NLRP3 with a KD of 500 nM (Jiang H. et al., 2017). CY-09 has shown to be effective in ex vivo and in vivo models for CAPS, type 2 diabetes, gout, non-alcoholic fatty liver disease (NAFLD), pain, and more (Jiang H. et al., 2017; Fan et al., 2021; Wang X. et al., 2021).



BOT-4-One

BOT-4-one is a benzoxathiole derivative that exhibits anti-inflammatory activities through several different mechanisms of action due to its ability to irreversibly alkylate its targets. A 2016 study found that BOT-4-one inhibits the NF-κB pathway by alkylating IKKβ, subsequently inhibiting NLRP3 expression (Lee H. G. et al., 2016). Recent studies demonstrated that BOT-4-one inhibited NLRP3 ATPase activity through alkylation (Shim et al., 2017). Furthermore, alkylation of NLRP3 by BOT-4-one can increase ubiquitination of NLRP3, which could contribute to its inhibitory mechanism. While it’s not clear whether alkylation induces ubiquitination or inhibits deubiquitination, other NLRP3 alkylators BAY and MNS also increase NLRP3 ubiquitination. BOT-4-one is able to inhibit IL-1β secretion induced by ATP with an IC50 of 1.28 μM and by nigericin with an IC50 of 0.67 μM. This compound has been investigated in arthritis, pathogenic skin inflammation, and cancer, particularly Hodgkin’s lymphoma, in animal models (Kim et al., 2011, 2016; Lee H. G. et al., 2016).



Methylene Blue

Methylene blue has a long history of use in medicine, from treatment for methemoglobinemia and septic shock to being used as a dye in surgeries for tissue labeling. Methylene blue is known to have anti-inflammatory, antioxidant, and neuroprotective effects through a variety of mechanisms including its non-selective inhibition of canonical and non-canonical NLRP3, NLRC4, and AIM2 inflammasomes (Ahn et al., 2017). Studies have shown that methylene blue decreases NLRP3, pro-IL-1β, and iNOS expression by interrupting transcription factors NF-κB and STAT1. Methylene blue exhibits no effects on the nuclear transportation of NF-κB and STAT1 but markedly decreases their binding to DNA, thus suggesting methylene blue’s potential interference at binding (Huang et al., 2015). The attenuation of IL-1β and caspase-1 secretion as well as ASC oligomerization when methylene blue is added after LPS suggests that methylene blue inhibits both the priming and activation step of the NLRP3 pathway. In addition, methylene blue also inhibits the activity of recombinant capase-1 (Ahn et al., 2017). Methylene blue has been investigated in inflammation in spinal cord injury, cognitive impairment from neuroinflammation, diabetic retinopathy, AD, and more (Lin et al., 2017; Hao et al., 2019; Soeda et al., 2019; Zhou et al., 2019).



Disulfiram (Antabuse®)

Disulfiram is an FDA-approved drug to treat chronic alcohol dependence through an irreversible cysteine residue modification on aldehyde dehydrogenase. However, it’s recently been discovered that disulfiram contains anti-inflammatory properties. Deng and colleagues found that disulfiram provides lysosomal protection and regulates ROS production that is independent of mitochondria, inhibiting NLRP3-dependent IL-1β secretion with an IC50 of ~5 μM under LPS/ATP conditions in mouse macrophages (Deng et al., 2020). In addition, disulfiram can directly inhibit canonical and non-canonical caspases (Hu et al., 2018). Recent studies demonstrated that disulfiram inhibits GSDMD pore formation by modifying Cys191 of GSDMD and, as a result, suppressing IL-1β secretion and the subsequent pyroptosis (Hu et al., 2020). Others have investigated the potential to repurpose disulfiram to treat several diseases including cancer and bacterial infections and recently has been a suggested as a potential therapy for COVID-19 infection (Viola-Rhenals et al., 2018; Frazier et al., 2019; Fillmore et al., 2021).



Fenamic Acids

Fenamic acid derivatives are known non-steroidal anti-inflammatory (NSAID) agents. While the primary role of NSAIDs is inhibiting prostaglandin synthesis through cyclooxygenase (COX) enzymes, recent studies have shown that fenamic acid derivatives also exhibit anti-inflammatory effects by inhibiting the NLRP3 inflammasome pathway via interference with the Cl− volume-regulated anion channel (VRAC), a regulator of NLRP3 (Daniels et al., 2016). While flufenamic, meclofenamic, and mefenamic acids were able to inhibit IL-1β release in iBMDMs under challenging for the NLRP3 pathway, flufenamic, and mefenamic acid were unable to inhibit IL-1β under NLRC4 and AIM2 challenge, suggesting these acid derivatives are specific to the NLRP3 pathway. In addition, other COX enzyme inhibitors such as Ibuprofen and celecoxib did not affect IL-1β release (Daniels et al., 2016). These fenamic acid derivatives have been studied in a variety of disease models including AD, prostate cancer, and more (Delgado-Enciso et al., 2015; Mangan et al., 2018).



Fluoxetine (Prozac®)

Fluoxetine, also known as Prozac, is an FDA-approved drug used to treat clinical depression. Recently, fluoxetine was found to directly inhibit the NLRP3 protein, stopping inflammasome formation and subsequent IL-1β release in retinal pigmented epithelium (RPE) and macrophage cells (Ambati et al., 2021). In addition, the study demonstrated the physical interaction of fluoxetine with the NLRP3 protein by pull-down. Further binding studies found that a CY-09 probe could also pull-down NLRP3, and that excess fluoxetine was able to compete with the binding of CY-09, an NLRP3 ATPase inhibitor, suggesting these compounds share a similar mode of binding. Both CY-09 and fluoxetine contain a (trifluoromethyl)phenyl moiety and SAR studies suggest that this moiety may assist in the interaction with NLRP3’s ATPase domain. Unlike other antidepressants, fluoxetine reduced RPE degeneration in vivo caused by activating the NLRP3 inflammasome (Ambati et al., 2021). This may open new avenues for the use of fluoxetine; however, more research is needed to prove its potential in different disease states.



β-Hydroxybutyrate

β-Hydroxybutyrate (BHB) is an endogenous ligand produced in the liver and functions as an energy source during nutrient deprivation and low-carb diets. During long fasting periods or ketogenic diets, circulating concentrations of BHB can increase which is shown to be correlated with decreased immune response. Youm and colleagues showed that BHB can inhibit the NLRP3 pathway by blocking potassium efflux, an activator of NLRP3 (Youm et al., 2015). The concentrations of BHB that produced these anti-inflammatory effects in vitro were similar to its endogenous level after strenuous exercise or 2 days of fasting. Unfortunately, in vivo administration of BHB alone resulted in rapid clearance; however, when complexed with nanolipogels, BHB retained its anti-inflammatory activity, reducing NLRP3-driven neutrophil infiltration and decreasing IL-1β release at the injection site of MSU crystals (Youm et al., 2015). In LPS-primed BMDMs, BHB can inhibit NLRP3-mediated IL-1β with an IC50 of ~5 μM (Jiang H. et al., 2017). BHB has been studied in stress-related mood disorders, hypertension, seizures, and gout (Goldberg et al., 2017; Yamanashi et al., 2017; Chakraborty et al., 2018; Rho et al., 2019).



MicroRNA as Post-transcriptional Regulators of NLRP3 Expression

MicroRNA are small, non-coding single-stranded RNA molecules that regulate gene expression post-transcriptionally by RNA silencing. These molecules represent an attractive strategy for drug discovery due to their high specificity. In addition, miRNAs have multiple binding sites, also known as seeding regions, which allows them to be involved in multiple pathways. While there are several miRNAs that influence different targets in the NLRP3 inflammasome pathway, there are several miRNAs that target the NLRP3 protein (Boxberger et al., 2019). The first miRNA discovered to target NLRP3 is miRNA (miR)-223-3p which was found to negatively regulate the NLRP3 protein (Bauernfeind et al., 2012; Haneklaus et al., 2012). It’s been proposed that miR-223-3p is important for mediating protein expression in different cell types since differentiation of monocytes to macrophages resulted in a decreased expression of miR-223-3p and increased levels of NLRP3 protein. This could potentially explain why some cell lines have low responses to inflammatory NLRP3 stimuli. MiR-7-5p and miR-30e-5p were also found to negatively regulate NLRP3 protein expression in vitro and in vivo (Zhou et al., 2016; Li et al., 2018). In addition, delivery of miR-7-5p and miR-30-5p mimics were found to protect dopaminergic neurons from degeneration and decrease inflammatory cytokines through inflammasome suppression in an MPTP-induced PD mouse model. Other miRNA’s that negatively regulate NLRP3 protein expression are miR-22-3p, miR-133b-3p, miR-186-5p, and miR-495-3p which have been studied in a variety of disease states including asthma, AD, allergic inflammation, cardiac microvascular endothelial cell injury (CMEC) and more (Xiao et al., 2017; Chen M. L. et al., 2018; Zhou et al., 2018; Han et al., 2020; Guo et al., 2021). There are currently extensive efforts underway to explore the therapeutic potentials of miRNA. However, the major limitation of these molecules is their delivery and membrane permeability. Nanoparticles show promising results in delivering peptides and could provide hope for the future of miRNAs as a therapy to treat numerous diseases (Wang et al., 2015; Sezlev Bilecen et al., 2017).



Anakinra (Kineret®), Rilonacept (Arcalyst®), and Canakinumab (Ilaris®)

There are currently three FDA-approved biologics that target the NLRP3 pathway. Anakinra was the first to be developed and is a modified IL-1Ra that blocks the binding of IL-1β and IL-1α, inhibiting their signaling pathways and further inflammation. Anakinra was approved for the treatment of RA in 2001 and was later approved for the treatment of CAPS in 2013 (Calabrese, 2002; Jesus and Goldbach-Mansky, 2014). The short plasma half-life of anakinra (4–6 h) is a pitfall among patients due to required daily injections (Granowitz et al., 1992). Rilonacept is a dimeric fusion protein with decoy receptors containing extracellular residues of the two IL-1R subunits, IL-1R1 and IL-1R accessory protein (IL-1RAcP), which can bind to and neutralize IL-1β and IL-1α (Jesus and Goldbach-Mansky, 2014). With an improved half-life (7 days) compared to anakinra, rilonacept was approved for the treatment of CAPS in 2008 and was recently approved for recurrent pericarditis in 2021 (Hoffman, 2009; Fava et al., 2022). Canakinumab is an anti-IL-1β monoclonal antibody that selectively binds to and neutralizes IL-1β. With a half-life of 26 days, canakinumab is a preferred treatment option and has been approved for CAPS, juvenile idiopathic arthritis, rare periodic fever syndromes, and adult-onset Still’s disease (AOSD) (Curran, 2012; Orrock and Ilowite, 2016; Malcova et al., 2020; Sfriso et al., 2020). In addition, a number of clinical trials have recently investigated anakinra and canakinumab as a therapeutic treatment for patients with COVID-19 (Kooistra et al., 2020; Landi et al., 2020; Kyriazopoulou et al., 2021; Kharazmi et al., 2022). These therapies have proven to be safe and effective in treating inflammation-driven diseases, however, some issues remain. All three biologics require administration by injection, a route that is not preferred by patients and is particularly problematic for anakinra due to its short half-life. In addition, due to the nature of biologics and protein-based therapies, it’s likely that these therapeutics have poor BBB penetrance, potentially limiting their applications to diseases outside of the CNS. Furthermore, increased infection is a concern for therapies blocking all IL-1β signaling regardless of the source, an issue that was observed with canakinumab (Dinarello et al., 2012; Mangan et al., 2018). These problems emphasize the necessity for small-molecule inhibitors of NLRP3 to overcome pharmacokinetic and selectivity issues.





CONCLUSION

The NLRP3 inflammasome plays an intricate and important role in the innate immune system in response to a variety of stimuli. Upon the formation of the NLRP3 inflammasome, caspase-1 is released and activates the pro-inflammatory cytokines IL-1β and IL-18. These cytokines continue the inflammatory signaling cascade and recruit immune cells to fight infections or heal injuries. Aberrant activation of NLRP3 leads to chronic inflammation, a common denominator of several diseases that causes and/or encourages disease pathology. NLRP3 is activated and IL-1β and IL-18 levels are upregulated in diseases where pathology is accompanied by inflammation. Thus, NLRP3 has become an attractive target in the drug discovery field and inhibitors possess high therapeutic value for the treatment of many diseases. Several hurdles remain to finding a potent and selective NLRP3 inhibitor with adequate pharmacokinetic properties, particularly BBB penetrance for CNS diseases. More research is required to further the understanding of the binding and mechanism of compounds targeting this pathway.
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Alzheimer’s disease (AD) is a complex neurodegenerative disorder. The relative contribution of the numerous underlying functional mechanisms is poorly understood. To comprehensively understand the context and distribution of pathways that contribute to AD, we performed text-mining to generate an exhaustive, systematic assessment of the breadth and diversity of biological pathways within a corpus of 206,324 dementia publication abstracts. A total of 91% (325/335) of Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways have publications containing an association via at least 5 studies, while 63% of pathway terms have at least 50 studies providing a clear association with AD. Despite major technological advances, the same set of top-ranked pathways have been consistently related to AD for 30 years, including AD, immune system, metabolic pathways, cholinergic synapse, long-term depression, proteasome, diabetes, cancer, and chemokine signaling. AD pathways studied appear biased: animal model and human subject studies prioritize different AD pathways. Surprisingly, human genetic discoveries and drug targeting are not enriched in the most frequently studied pathways. Our findings suggest that not only is this disorder incredibly complex, but that its functional reach is also nearly global. As a consequence of our study, research results can now be assessed in the context of the wider AD literature, supporting the design of drug therapies that target a broader range of mechanisms. The results of this study can be explored at www.adpathways.org.
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INTRODUCTION

Alzheimer’s disease (AD) is a genetically complex, heterogeneous neurodegenerative disorder that has a heavy economic and emotional burden on the society. As the most common form of dementia, it is predicted to be the cause of 43% of all older adult deaths in the United States by 2050 (Weuve et al., 2014). Our pathophysiological understanding of AD has been evolving rapidly in recent years, driven in part by the clinical trial failures of drugs designed to block AD-related pathology. Although many reasons for these failures have been proposed, it is evident that we simply do not understand the disease well enough (Lao et al., 2019). Functional studies, performed in animal or human-derived models, yield potential disease mechanisms that offer actionable insights into therapeutic intervention. These studies also aim to improve our understanding of AD by analyzing the functional pathways that are altered as the disease takes its course. Yet, most studies which yield a potential role for a pathway rarely assess the pathway’s relative contribution to AD. The same is true for review articles, often focusing on only a handful of pathways (Khalil et al., 2016; Butterfield and Boyd-Kimball, 2018; Hardy and Escott-Price, 2019). The most common of these include amyloid processing pathways, immune system, and oxidative stress related pathways. More comprehensive reviews can document 10–50 AD-associated pathways (Calabrò et al., 2021; Gadhave et al., 2021) but do not attempt to assess the total number of pathways associated with the disease.

We set out to determine the relative contribution of dementia-related pathways to AD by text-mining the biomedical literature for a joint occurrence of dementia and a pathway. We chose text-mining so that we could automate the assessment of the entire AD literature (206,324 references) using the abstract of a publication as a concise summary of the main hypothesis and findings of a study. As AD is the most common form of dementia, we examined the entire dementia literature. To directly link the published evidence to AD, we concurrently scored these studies on how closely they were linked to AD, ensuring that negative results were excluded from the analysis. We scrutinized abstracts obtained using AMiner (Wan et al., 2019) to quantify the relative association of 341 biological pathways with AD (Figure 1). AMiner is an easy-to-download, open knowledge graph containing scientific publication records. The Kyoto Encyclopedia of Genes and Genomes (KEGG) was chosen for the “core” list of pathways to be examined (Kanehisa et al., 2017) along with three immune pathways from Reactome (Jassal et al., 2020). KEGG is one of the most widely used databases for enrichment studies and also one of the oldest, making it ideal for time-dependent analysis. Alternatively, structured data systems such as the Gene Ontology now have thousands of pathway terms, which unfortunately increase the complexity of text-mining. Therefore, we chose KEGG’s 335 pathways as a simplified, but manageable source for a broad range of extensively used pathway terms.
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FIGURE 1. Flowchart outlining the study methods. For the filtering of publications, we kept only studies with an abstract and with the terms Alzheimer or dementia. We removed duplicates, abstracts with negative findings, abstracts with dementia as an exclusion criterion, abstracts that were too long or too short, and finally, all keywords if there were more than 30 (Supplementary Methods).


One goal of this project was to determine the evidence predicted to be driving each pathway’s association with AD. By development and benchmarking of our dictionaries on topic-specific journals, we characterized biases in the source of pathways identified by genetic, human, or animal studies. Seeking to assess the literature further, we addressed the questions of how the focus of AD research has changed in recent years, what pathways are targeted by AD drugs, what are the relationships between AD-related pathways in terms of their genes and co-expression, and to what extent pathways are enriched with AD-associated genes. This systematic assessment of the published literature reveals that almost all (91%) of the currently known KEGG biological pathways were associated with AD in at least five publications; this number dropped to 88%, 63%, and 49% when restricting evidence to 10, 50, or 100 publications, respectively.



MATERIALS AND METHODS


Data Collection and Processing

In order to capture and assess the literature, we used the AMiner dataset as our key resource (Wan et al., 2019). The AMiner tool contains 172,209,563 publications in the period from 1740 to 2019. Each entry includes a title, abstract, year, keywords, journal, author list, DOI, and other relevant identification attributes. To improve the accuracy of our results, we performed pre-processing using a series of filtering steps (Figure 1 and Supplementary Methods).



Pathway Dictionaries

To obtain the names of a range of biological functions to be searched, we used two pathway databases, manually curated into dictionaries (Supplementary Methods). We selected human pathways from the third level of the KEGG database (n = 335), as the lowest level contained greater than 40,000 pathways, many of which have overlapping terms with the 335 pathways they stem from. Enrichment tests often use this third level as well. We additionally added the pathways, namely, immune system, cancer, and diabetes, and three pathways from Reactome, namely, adaptive immune system, innate immune system, and cytokine signaling in immune system. These pathways were chosen, as KEGG is lacking in immune pathways, which we believe would score high in the AD literature. Cancer and diabetes appear in KEGG only as specific types of each disease, whereas we also wanted to know how they performed as a whole.

We developed three scoring methods to evaluate our data: (1) a pathway score, (2) an AD specificity percentage (described in the “Temporal trends in AD research” section), and (3) a score for assessing a pathway’s association to dementia based on a small sample of studies (AD-pathway score). To assess the reliability of the pathway dictionary, a minimum of 10 random abstracts were manually assessed and scored for how often the pathway of interest was the focus of the abstract (pathway score; Supplementary Methods).

Next, to assess the strength of the pathway’s association to AD or dementia, a new selection of abstracts was scrutinized to assess each pathway’s association to the disease (AD-pathway score). Per pathway, we scored between 2 and 20 studies on whether the association with AD was substantive (refer to Supplementary Table 1 for full scoring criteria). We did not require these pathway-name mentions to also reference the KEGG database. This was particularly pertinent for disease pathways wherein most studies describe the actual disorder rather than the KEGG disease pathway. Some pathways required a number of iterations of the initial dictionaries to achieve acceptable scores. Depending on which terms were found in the study, the pathway could have a full association (enough relevant words were recorded) or a partial association. We ranked all the pathways against each other based on the whole dementia literature and then individually for every year since 1990. Publications before 1990 were too sparse to be included. For the yearly ranks, we performed a hierarchical cluster analysis to group similar pathways for a number of mentions historically.



Evidence Dictionaries

To determine the types of studies driving or providing biases in pathway associations, we created a dictionary of evidence types of 29–62 terms (Supplementary Methods). For example, a genetic evidence-based connection would contain words such as gene, mutation, or variant, while an evidence-based connection of AD model would more likely use terms such as rat, mice, or transgenic. Studies on human cells were included in the model category. The categories we examined included animal, genetic, human, in silico, in vitro, in vivo, model, and reviews. Review studies were excluded from the other groups, as they do not represent original research. The dictionaries were curated using text clustering on a selection of relevant AD studies (Supplementary Methods). These were then analyzed for their accuracy in assigning publications using specific journals relevant to each category, for example, the journal “in vitro cellular” was used to assess the in vitro dictionary. A study could be assigned to either of the competing evidence types or labeled as both or neither.



Dementia Stratification

To assess the specificity of each pathway to AD, we calculated the percentage of each pathway’s studies that contain AD-specific terminology. Each study could be assigned to one of four main classes based on our dementia dictionaries (using 13–27 terms; Supplementary Methods). The first class includes highly specific terms such as Alzheimer or APP, the second class includes dementia terms such as memory or aging, the third class includes words describing related dementias such as frontotemporal or vascular, and finally the fourth one includes unrelated dementias including viral-induced dementia and Creutzfeldt. The relative proportions of these words per study were used to identify pathway associations driven by AD, related, or unrelated dementia. The suggestive terms were used to differentiate between the unrelated dementias and the other two categories: AD or related dementia. Abstracts with an uncertainty between being classified as either AD or related disease were labeled as dementia, as were studies with very few keywords besides dementia (refer to Supplemental Methods for a full description).



Effect of Journal Impact Factor

To understand whether inclusion of all studies regardless of quality affected our pathway rankings, we used the crude measurement of journal impact factor to restrict our analysis to studies from high impact sources. We selected journals with an impact factor of greater than 5 and greater than 10, and then repeated the pathway association analysis.



Drug Analysis

To investigate the pathways that AD drugs previously or currently target, we assessed the gene targets of proposed disease-modifying and symptomatic treatments. We downloaded all AD-associated drug trials from clinicaltrials.gov (27 September 2019). We extracted drug interventions, excluding biomarkers, leaving a total of 1,021 clinical trials. To collect every treatment’s synonyms, we constructed a drug-synonym database from a number of different drug databases, namely, ChEMBL (Gaulton et al., 2017), CMap (Lamb et al., 2006), CTD (Davis et al., 2019), DrugBank (Wishart et al., 2018), EMA (European Medicines Agency, 2019), L1000CDS2 (Duan et al., 2016), LINCS (Subramanian et al., 2017), PharmGKB (Barbarino et al., 2018), RepoDB (Brown and Patel, 2017), and Wikipedia (Wikipedia contributors, 2018). We removed non-specific drug names, for example, calcium channel blocker. We curated each drug as either a symptomatic indication or as disease-modifying, i.e., it was investigated with the aim of delaying the onset or slowing the progression of the disease. As clinical trials often lack this information, we used the literature and Alzforum to inform us of the aim of a drug (Supplementary Methods; Alzforum, 2021). Drugs that could not be adequately curated into either category were excluded. We next searched for the curated drugs in the Open Targets resource (Carvalho-Silva et al., 2019) and the Therapeutic Target Database (Wang et al., 2020) to assign gene targets to each drug. This enabled us to examine which pathways were the most targeted by proposed drug interventions.



Statistical Analysis

To compare the effect of impact factor on pathway rankings, we used a Spearman’s rank-order correlation coefficient to compare the ranks from the three groups named in the “The effect of journal impact factor on pathway ranks” section.

Annotated pathways can share genes or proteins with each other and thus generate bias in the interpretation of results from (gene) member enrichment tests in high-throughput studies. To address overlap bias of analyses, we determined the degree to which AD-associated pathways overlap via shared genes. We used a standard enrichment analysis pipeline, using Fisher’s exact test, between all possible pairs of KEGG-only pathways with 10 or more genes to determine overlap statistics. We adjusted enrichment p-values for multiple hypothesis testing using false discovery rate (FDR) (Benjamini and Hochberg, 1995). We extracted an overlap network of the top 30 ranked KEGG pathways according to the overall ranking from text-mining of AD literature. In this network, nodes represent pathways and links denote whether a pair of nodes have an adjusted p-value of <0.05. The overlap network was processed and visualized using the R-igraph package (Csardi and Nepusz, 2006). The edge thickness represents the negative logarithm of the adjusted p-value of enrichment. The graph was visualized using a forced layout algorithm. The node colors were annotated to represent AD word score, which denotes the average number of AD-specific terms per study associated with each pathway.

We analyzed the association of pathways with known AD genes derived from two predetermined independent lists. First, we listed genes as determined by the Open Targets system (downloaded on 2 December 2020) for having an overall association score of >0.1 via the use of genetic associations, known drugs already used to treat the disease, and known affected pathways and significant changes in RNA expression in AD (Koscielny et al., 2017). We referred to these as AD-associated genes (n = 306, Supplementary Table 2). Second, we utilized an expert-curated list of 33 AD genes from familial or genome-wide association studies (GWAS; Supplementary Table 3). We refer to these as genetically defined AD genes. We determined the association of KEGG pathways and the gene lists using enrichment analysis.



Pathway Co-expression

To determine co-expression patterns among AD-associated pathways, we used the Pathway Co-expression Network (PCxN) customized to KEGG-only pathways (Pita-Juárez et al., 2018). PCxN generates a canonical co-expression network among a given set of pathways using 3,207 gene expression profiles from 72 tissues. In PCxN, each edge represents a partial correlation between gene expression summary statistics of two pathways. Each summary statistic in PCxN is a proxy value of a pathway’s expression calculated from its member genes. The partial correlation between the two pathways is conditioned on, and corrected for, the overlap between them. We extracted the co-expression network of the top 30 literature-associated KEGG pathways. The network was processed and visualized using the R-igraph package (Csardi and Nepusz, 2006). Only those PCxN-edges with statistically significant correlation (FDR < 0.05) were included in the network construction. The edge thickness is proportional to the absolute value of correlation coefficient between two nodes. The correlation network was mapped to the layout from the network of the pathway overlap analysis for comparability. Given the slight differences in the background of the text-mining pathways and those annotated in PCxN, only pathways present in both datasets were included for visualization.




RESULTS


Pathway Associations

We found that 325 of 335 KEGG pathways and all 6 additional pathways (immune system, cancer, diabetes, adaptive immune system, innate immune system, and cytokine signaling in immune system) have publications containing an association with AD. Of the unrelated KEGG pathways, two could be connected to dementia in general. Pathways with the strongest literature association to dementia were Alzheimer’s disease, Parkinson’s disease, immune system (added to our KEGG list), metabolic pathways, long-term depression, cholinergic synapse, diabetes (also added), and apoptosis. If we restrict this to AD-specific studies only, we get similar, most frequent literature association pathways, namely, Alzheimer’s disease, immune system, metabolic pathways, cholinergic synapse, long-term depression, apoptosis, proteasome, diabetes, cancer, and chemokine signaling pathway (Supplementary Table 4). The 7 pathways not related to AD or dementia were amino sugar and nucleotide sugar metabolism, amoebiasis, antifolate resistance, collecting duct acid secretion, maturity onset diabetes of the young, proximal tubule bicarbonate reclamation, and yersinia infection.



Dementia Breakdown

We investigated the relative proportions of pathway-assigned studies to four dementia categories to assess the specificity to AD (Figure 2). These were AD-specific, dementia, related dementia, and unrelated dementia. The Spearman’s correlation coefficient was 0.98 between the pathway ranks from all dementia studies and AD-specific studies, with only two pathways in the top 100 significantly changing their rank: HIV1 infection (rank change 19 to 66) and Huntington’s disease (rank change 18 to 74). Infection pathways are associated with a higher number of studies from unrelated dementia, due to the AIDS dementia complex, which is not directly related to AD. The Reactome adaptive immune system pathway had the next highest percentage of unrelated dementia assignments at 20%; however, this pathway was still highly associated with AD. Parkinson’s disease (PD) and amyotrophic lateral sclerosis (ALS) were both part of the related dementia dictionaries, given their overlap in genetics and protein misfolding with AD, hence scoring high under this category (Figure 2). Neither changed significantly in their overall rank compared with their AD-specific rank (Supplementary Table 4).
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FIGURE 2. All pathways ordered by the log of their total paper counts associating them with AD or dementia. We have colored each bar to represent the percentage of papers containing an adequate number of AD-relevant words (purple), dementia terms (pink), dementia caused by related disorders (orange), and unrelated dementias (yellow). Pathways with only 1 study do not display on this scale. The average percentage of AD-specific studies per pathway was 64% excluding those with less than 50 studies. The highest proportions were found in ABC transporters (88%), Alzheimer’s disease (95%), the glycosaminoglycan pathways (93–94%), and the O-glycan pathways (98%). These data are summarized in Supplementary Table 4.




Evidence Driving Alzheimer’s Disease Association

One of the goals of this study was to assess how comparable the prioritized pathways are from different types of studies. We examined all publications in the context of genetic vs. model; human vs. animal, and in vivo vs. in vitro. To assess the accuracy of the dictionaries, we used journals specific to each category as true positive and true negative studies. For example, studies from the Journal of Human Genetics should be categorized as genetic and not model, and vice versa for the journal Laboratory Animal. We applied the evidence dictionaries to abstracts collected from journals specific to each category (Supplementary Figure 1; Supplementary Methods).

Implementing these dictionary comparisons for AD-associated pathways revealed biases in a select number of pathways (Supplementary Table 5) depending upon the underlying basis for the discovery of an AD association: studies describing genetic associations include several diseases such as cardiomyopathy and some cancers (Figure 3), while the most frequent, genetically driven pathway appears to be the spliceosome pathway. In contrast, animal and model studies have revealed galactose metabolism as the most frequently associated pathway.
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FIGURE 3. Pathways associated with AD subcategorized by evidence type using dictionaries to reveal biases in their associations. Bars are aligned along the midpoint of the neutral grouping, so that a direct comparison can be made of the two competing groups. The missing percentage from this chart is for studies assigned to neither evidence category, but this value can be inferred by subtracting the total bar quantity from 100, or found in Supplementary Table 5. We compared (A) genetic with model studies and (B) animal with human studies. We included the 12 most skewed pathways for each of these four evidence types as well as the Alzheimer’s disease pathway, which represents the AD expected rate for each category. Both human and animal studies were included under the model category. Pathways with less than 100 studies associating them to dementia were excluded.




Temporal Trends in Alzheimer’s Disease Research

To explore trends in dementia research, we examined the annual proportion of each pathway’s mentions (Figure 4). The most frequently ranked pathways over the last 30 years have not significantly changed (Figure 4E). The pathways with the largest increase in yearly rank since the early 1990s include type II diabetes mellitus, autophagy, PI3K-Akt signaling, NF-kappa B signaling, mTOR signaling, signaling pathways regulating pluripotency of stem cells, innate immune system (Reactome), insulin resistance, PPAR signaling, and apoptosis (Figure 4D). Pathways such as pancreatic secretion have seen a decrease in their rank (Figures 4B,C), while VEGF signaling has increased (Figure 4A). A total of 142 pathways had less than 20 studies per year (Supplementary Table 5).
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FIGURE 4. Heatmap representing each pathway’s prevalence over the last 30 years. Each year’s highest ranked pathways are denoted in red, while the lowest rank is denoted in blue. For an improved visualization, we excluded 142 pathways having less than 20 studies per year. AMiner was updated in 2019 so it only captures part of that year. (A,D) Pathways which gained interest. (B,C) Pathways which have lost interest since the 1990s. (E) Pathways which have been consistent in their high scores every year since 1990. Full results can be found in Supplementary Table 6.




The Effect of Journal Impact Factor on Pathway Ranks

To assess the impact of paper quality on pathway rankings, we repeated our analysis with impact factor restrictions. Studies sourced from high impact journals of either greater than 5 or greater than 10 did not significantly alter the rank order of pathways (Spearman rank-order correlation: 0.97 and 0.95, respectively; Figure 5). Using only studies from journals with an impact of greater than 10, 93% of pathways were still associated with dementia in at least 1 study.


[image: image]

FIGURE 5. We reassessed all pathway ranks after selecting journal sources with a differing impact. Impact of greater than 5 (red) or greater than 10 (green) comparing this to all studies from any journal (blue). For clarity, pathways on this figure were ordered by the average rank across these three groups. Because of this, the variability in impact >5 (red) falsely appears to be less, as it is a halfway point between the other two scores.




Pathway Targets From Clinical Trials

We evaluated proposed AD-modifying drugs for the pathways they commonly target to reveal mostly disease, immune, and infection pathways (Supplementary Table 7). Conversely, symptomatic treatments frequently target signaling and synapse pathways. The most targeted pathways by 69 disease-modifying treatments are pathways in cancer, cytokine signaling in immune system, innate immune system, Alzheimer’s disease, serotonergic synapse, human papillomavirus infection, neuroactive ligand-receptor interaction, human cytomegalovirus infection, and metabolic pathways. Two of these pathways are additionally the most targeted by symptomatic indications, namely, serotonergic synapse and neuroactive ligand-receptor interaction (Supplementary Table 7). Other targets for supportive therapy include calcium signaling pathway, cAMP signaling pathway, nicotine addiction, dopAMinergic synapse, alcoholism, cocaine addiction, and cholinergic synapse.



Pathway Interaction and Alzheimer’s Disease-Associated Gene Enrichment

We questioned to what degree AD-associated pathways in the literature exhibit overlap and share genes using enrichment analysis. The 30 most frequently published AD-associated pathways include several significant overlaps. For example, Alzheimer’s disease (171 genes) and Parkinson’s disease (142 genes) pathways share more than 94 genes (p-value < 10E-134). A gene overlap network displays one large component that includes most of the top 30 pathways (Figure 6A). The network contains 199 pairs of pathways with a significant overlap (FDR < 0.05), showing significant gene sharing among the most frequent AD-associated pathways.
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FIGURE 6. Interaction networks of top 30 KEGG pathways according to text-mining. Nodes represent pathways. Node color indicates AD word score denoting average number of AD-related terms per paper, for each pathway. Edges reflect a significant association between two pathways. Edge thicknesses reflect the strength of association. (A) Gene overlap between pathways. Edges represent significant enrichment between pairs of pathways (FDR < 0.05). Node number indicates ranking in the literature. Edge thicknesses reflect significance (–log p-value) of enrichment. (B) Co-expression of pathways. Edges represent canonical correlations as defined by a pathway correlation analysis (PCxN) (Pita-Juárez et al., 2018). Edge thickness values represent the absolute value of correlation between the two pathways. The figure was generated using the igraph package. The nodes were placed in the two-dimensional coordinates using a forced layout algorithm for the gene overlap network. The co-expression network was aligned to the same layout as the gene overlap network.


In contrast, analysis of KEGG pathways with a set of AD-associated genes from the Open Targets disease gene prioritization system shows enrichment in 8 of the top 30 pathways (FDR < 0.05), including Parkinson’s disease and Huntington’s disease pathways. We found that pathways that demonstrate enrichment have a higher literature ranking compared with the pathways that are not enriched (p-value = 0.0136, Wilcoxon’s rank-sum test; Supplementary Table 8). Surprisingly, the most significantly enriched pathways are not the most highly ranked and include nicotine addiction, followed by neuroactive ligand-receptor interaction, cocaine addiction, morphine addiction, retrograde endocannabinoid signaling, GABAergic synapse, amphetamine addiction, taste transduction, and cAMP signaling pathway. However, after these nine pathways, seven highly ranked pathways also show enrichment in the following order: Alzheimer’s disease, serotonergic synapse, calcium signaling pathway, dopAMinergic synapse, alcoholism, ALS, and glutamatergic synapse.

Using a genetically defined AD gene list, many more immune pathways were enriched, including, in the following order of significance: asthma, hematopoietic cell lineage, allograft rejection, graft-versus-host disease, type I diabetes mellitus, antigen processing and presentation, leishmaniasis, intestinal immune network for IgA production, autoimmune thyroid disease, viral myocarditis, and inflammatory bowel disease (Supplementary Table 9).



Pathway Co-expression

We examined pathway co-expression to compare the organization of the top 30 ranked KEGG pathways with those that show gene overlap in a network (Figure 6B). The network contained 89 pairs of pathways with a significant correlation (FDR < 0.05). This network contains several links that are not captured in the enrichment-overlap network (Figure 6A). For example, we found that the proteasome pathway is co-expressed with both the AD and PD pathways, yet it has no significant gene overlap.




DISCUSSION

We have investigated the pathway-specific literature surrounding dementia with a focus on AD by text-mining abstracts with a number of curated dictionaries. The majority of pathways can be associated with AD. Counting only five studies as sufficient support, a total of 91% of KEGG pathways could be related to AD. This number decreases to 88% (10 studies), 63% (50 studies), and still 49% with greater than 100 studies (Supplementary Table 4). Nevertheless, even these low-association pathways have abstracts, which state a manually verified association, for example, the ferroptosis pathway only has 13 studies to link it to AD, yet 10 of these score highly as a true association (Supplementary Table 4). On the other end of the pathway rankings, the PD pathway has the second highest number of publications after AD (Figure 2), due to both diseases often being mentioned together as related even if the study is analyzing only one disease. If we only include studies with an adequate AD word association score, the top ranked pathways after AD are immune system, metabolic pathways, cholinergic synapse, long-term depression and then apoptosis, while Parkinson’s disease still ranks high at the fifteenth place (Supplementary Table 4). Alzheimer’s disease is not the only disease in which a large number of pathways have been implicated, but cancer has also been ubiquitously associated across genes and pathways (de Magalhães, 2021).

Pathways ranked by AD-specific studies show a significantly similar order to the ranks from all dementia studies. Using dictionaries, each study was associated with one of the four categories to assess the specificity of pathways to AD, namely, AD, dementia, related dementia, or unrelated dementia. The overall pathway rank from all dementia studies analyzed was highly correlated with the ranks from AD-specific studies (Spearman’s correlation coefficient: 0.98). However, a selection of pathways was overrepresented in one of the four categories. VEGF signaling had a high number of studies associated with related dementias, as this protein has been associated with both ALS and PD (Xiong et al., 2011; Gao et al., 2014). Excluding pathways with less than 50 total studies, the pathways with the highest proportion (> 88%) of AD-specific studies vs. dementia were ABC transporters, Alzheimer’s disease, the three O-glycan, and two glycosaminoglycan pathways (Figure 2). Mutations in the ABC transporter genes have been associated with AD and appear to regulate apoE levels (Wahrle et al., 2004). Defects in the O-glycosylation of APP have been reported in AD, while glycosaminoglycans have been suggested to play a role in plaque deposition and tau aggregation (Stopschinski et al., 2018). The only other pathway to join these if a lower threshold is used (> 5 papers) is phosphonate and phosphinate metabolism. From the top 100 ranked pathways, only two significantly change between the overall rank and AD-specific ranks: HIV1 infection, which is predominantly associated with AIDS-related dementia, and Huntington’s disease, due to a number of studies tagged as related dementia.

To estimate, for example, how representative animal models are of the human condition from a pathway perspective, we categorized each study by the type of experiment performed. Interestingly, animal models prioritize different pathways to human studies. For each associated pathway in our analysis, we analyzed the studies by the type of evidence driving the pathway-disease connection (Figure 3). A handful of diseases were linked to AD via genetically assigned studies, including the cardiomyopathies and colorectal cancer. The former is, in part, driven by the observation that some known AD genes like PSEN1 and BIN1 have also shown association with cardiomyopathy (Li et al., 2006; Hong et al., 2012). The latter has been published with respect to APOE and the enzyme COX-2 (Slattery et al., 2005; Wang and DuBois, 2010). However, a handful of studies on this cancer center on genetic testing or the creation of genetic resources, which represent false-positive links between the disease and AD (Heshka et al., 2008). Two folate pathways were also scored as both highly genetic and human, which can be attributable to folate often being measured in studies using APOE-stratified patients. Also associated is the spliceosome, resulting from abstracts that describe a number of different mutations that affect splicing. It is interesting that the top genetic-associated pathways do not match the commonly enriched functions from GWAS despite mostly containing these genes, suggesting that the literature may be biased in which functions are studied.

Galactose metabolism represents the most strongly model and animal-associated pathway (Figure 3). This is almost entirely driven by the D-galactose-induced model of aging in mice. However, of note is the distinct lack of either a genetic or a human signal, suggesting that this pathway may not be heavily involved in the human condition. Questions into the suitability of this model to represent aging have already been raised earlier (Parameshwaran et al., 2010). Long-term potentiation also displays a model and animal bias. We suggest that this is due to animals more likely being used to study the effects of AD on a cellular level.

The pathways which display the most compelling human-orientated evidence are a mixture of infection and synthesis pathways (Figure 3). The HIV1 and toxoplasmosis pathways are strongly driven by studies into the AIDS dementia complex, and to a lesser extent into hepatitis C and tuberculosis, as these two are also composed of comorbidity case studies and induced amyloidosis, respectively. For the synthesis pathways, both thyroid hormone and cortisol have their levels reported in patients with Alzheimer’s disease, rather than in animals. Additionally, individuals with Down’s syndrome have higher rates of thyroid disease (Pierce et al., 2017).

The top AD-associated pathways have been consistently the most published over time. To explore the recent trends in research, we developed a yearly rank for all pathways since 1990 (Supplementary Table 6). Most of the top 30 ranked pathways do not significantly change over the last 30 years (Figure 4E). The exceptions include apoptosis, which was not heavily published in AD or dementia until 1994 (Figure 4), only 2 years after it was first questioned to be involved in AD in 1992 (Branconnier et al., 1992). Autophagy was not published in connection to AD until 1995 (Cissé and Schipper, 1995) and gained strong interest in 2008 (Figure 4D). NF-kappa B signaling, diabetes, and insulin-linked pathways all saw an increase in attention during this period. In 2008, signaling pathways regulating pluripotency of stem cells received interest, which saw a further increase in 2014 (Figure 4A). These represent the use of iPSCs as models for studying AD, which were first described in 2006 (Takahashi and Yamanaka, 2006). However, this pathway had a higher than average number of false-positive studies due to methods for the creation of iPSCs, including the pathway’s key terms.

To assess how representative the currently and previously investigated AD drugs are for the pathways they target, we determined their gene targets and therefore the potentially targeted pathways. AD drugs predominantly target immune-related pathways. Clinical trials in AD aiming to either delay the onset or slow disease progression have currently all failed, except for the controversial aducanumab. We examined 69 drugs with this disease-modifying aim to rank all pathways by those most commonly targeted. We found that along with the Alzheimer’s pathway, many of these drugs target immune, infection, and cancer pathways. The serotonergic synapse is targeted by both symptomatic and disease-altering indications; however, this is in part because the disease-modifying target APP is within this pathway alongside the symptomatic targets, namely, the serotonin transporter and 5-HT1A receptor. Serotonin is frequently targeted because it modulates cholinergic neurons. Two pathways that are not as targeted by AD indications yet score highly in our literature-based ranking are apoptosis and the proteasome. Additionally, only 2 of the 206 drug-assigned gene targets are also GWAS hits:, namely, atorvastatin that targets HMGCR (Moreno-Grau et al., 2019) and avagacestat that targets APH1B (Jansen et al., 2019), both of which were investigated to delay the onset of AD (Supplementary Table 10). Given that a greater diversity of pathways are associated with AD via the literature than by the investigated drugs, it may be possible that a wide range of aberrant processes are not targeted successfully in clinical trials. However, the list of drugs examined is not an exhaustive list of all clinical trials, many of which lack adequate information including drug name and aim of the drug. Another caveat of examining drugs via their targeted pathways is that the bioavailability of the drug or the critical treatment window is not assessed, which are both potential reasons for drug trials being unsuccessful. Additionally, there may be other unknown genes, which are altered by these drugs. We theorize that AD treatments should more comprehensively target associated underlying mechanisms to increase the chances of success.

The top AD-associated pathways are functionally related. We examined the 30 most highly studied KEGG pathways in terms of their gene overlap and co-expression to determine the degree to which pathways that are functionally interrelated are being mentioned for their roles in AD. The neurodegenerative disease pathways, namely, Huntington’s disease, Parkinson’s disease, and Alzheimer’s disease all have genes in common and are co-expressed (Figure 6A). Even when gene overlap is controlled for, they still co-express, suggesting they are functionally interconnected. In contrast, Parkinson’s and Huntington’s disease pathways are not enriched in the predetermined set of known AD-associated genes. We observed that several pathways are clearly functionally related while not being significantly enriched within each other. These results suggest functional interconnectivity of AD-associated pathways beyond gene-sharing mechanisms and warrant further exploration. For example, the neurodegenerative disease pathways are highly co-expressed with the proteasome pathway, which describes a protein-degradation complex, potentially linking in protein misfolding with these disorders. Even when gene overlap is controlled for, they still co-express, suggesting they are functionally interconnected. Each of these is also highly co-expressed with the proteasome pathway, which describes a protein-degradation complex, potentially linking protein misfolding with these disorders. In contrast, Parkinson’s and Huntington’s disease pathways are not enriched in the predetermined set of known AD-associated genes.

Lists of known AD-associated genes do not enrich in the same pathways as the most commonly studied pathways. None of the 10 most significantly enriched pathways with genetically defined AD genes (by GWAS or monogenic AD) are in the top 50 literature-ranked pathways; instead, they represent a number of immune KEGG pathways as well as type I diabetes mellitus. There is emerging evidence that AD, indeed, has a strong immune system component (Li et al., 2021), but other aspects of the disease were not enriched in this gene list. The KEGG Alzheimer’s disease pathway, which was updated in October 2020 (Kanehisa et al., 2021), contains a small number of the early genetic loci associated with AD and was developed to include processes that are impacted in AD. The Alzheimer’s disease pathway is sixteenth of all the significantly enriched pathways for genetically defined AD genes (Supplementary Tables 8, 9). Of the AD genes obtained from Open Targets, the highly ranked pathways Alzheimer’s disease and the GABAergic synapse also ranked in the top 10 most significantly enriched from this gene list. These two tests suggest that the AD pathway literature is much broader than the pathways highlighted by AD genes.

Regarding design, there are a number of limitations inherent in our study. First and foremost, we used text-mining, which is well known to result in false positives. We attempted to overcome this potential problem by use of thorough manual checking of all pathway associations using three scoring methods (i.e., a pathway score, an AD specificity percentage, and an AD-pathway score) that assessed the pathway dictionaries, the relevance to AD, and the strength of the pathway’s association to AD, respectively (Supplementary Table 4). Second, as negative findings are included in the AMiner dataset, we attempted to filter these with the use of key phrases as part of the dictionary of negative findings. Third, we did not assess the validity of the hypothesis being tested in each study, as this was beyond our available resources. However, we note that the impact factor of the journal, which may serve as a proxy of this validity checking, did not significantly alter the results. Fourth, we only used the third level of KEGG as our core resource to maximize efficiency. As we were mainly focusing on pathway names to represent a range of biological pathways, and many of these overlap with other pathway databases, we believe this approach to be sufficient. Additionally, many pathway enrichment tests use this level. KEGG has been criticized by its lack of inclusion in immune system related pathways. We addressed this limitation by manually adding three immune pathways, namely, adaptive immune system, innate immune system, and cytokine signaling in immune system. The KEGG pathway dictionaries used in this study overlap in similarity to 33% of Gene Ontology (GO) Biological Processes; therefore, a large proportion of GO terms were not tested, as it was outside the scope of this project. Fifth, for the drug and network analysis, we relied on the genes assigned to each pathway by KEGG or Reactome, which was not the case for the main analysis, so some caution must be used when comparing these results. Sixth, our analysis required the abstract of the publication to be available, which excluded a number of studies, either because they lacked an accessible abstract or because the pathways associated with AD were not explicitly stated in the abstract. Pathways like Fc epsilon RI signaling score poorly in our project, yet a google scholar search of this with Alzheimer’s disease finds a number of additional studies. This limitation could have been addressed by including more of the study beyond the abstract in the text-mining, but this would have greatly increased the number of false-positive associations, particularly for pathways like biotin metabolism, as biotin is commonly used in laboratory experiments.



CONCLUSION

In this study, we have assessed the biological pathways that are maximum reported in AD using text-mining of > 200,000 publications. We find that a total of 91% of all KEGG pathways could be connected to AD via the literature, suggesting that – if our results are correct – not only that this disorder is incredibly complex, but that its functional reach is also nearly global. For the last 30 years, the same set of core pathways have been consistently related to AD, suggesting that the main focus of AD research has not radically altered over time despite great technological advances made in the same time period. Remarkably in this context, known AD gene enrichment is not reflected in terms of the most frequently studied pathways. We hope that researchers will use these results to assess their own prioritized pathways.
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Wang et al,, 2017
Christopher et al., 2017
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Jansen et al., 2019
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biomarker association

Metabolic process

ABCA7 154147929 A>G NPs + NFTs 0.01 1.24 Beecham et al., 2014
APOCT 154420638 A>G CSF t-taw/ABi—co 197 x 10-14 Lietal, 2017
rs10414043 G>A NFTs 1.64 x 10712 Dumitrescu et al., 2019
rs7256200 G>T NFTs 177 x 1071
15483082 G>T NFTs 177 x 10°11
rs438811 C>T NFTs 225 x 10"
APOE 15429358 T>C MRI GM <1077 Shen et al., 2010
NPs + NFTs 283 x 107" Beecham etal., 2014
NFTs 2.96 x 10-% Dumitrescu et al., 2019
CSF ABy_s2, p-tau, <10-¢ Kim et al., 2011
PHaWA; sz, taW/AB1 s
15769449 G>A Brain AB level (PET) 55x 10714 Ramanan et al., 2014
NFTs 255 x 1071 Dumitrescu et al,, 2019
157259620 G>A CSF t-taw/AB1—e 362 x 1071 Lietal, 2017
NFTs 391x 108 Dumitrescu et al., 2019
oL 159331896 C>T NFTs 0.042 085 Beecham etal., 2014
PICALM 1510792832 A>G: NPs + NFTs 13x10°¢ Beecham et al., 2014
WLDLR 157867518 T>C CSF t-tau 0.00583 Huang et al., 2017a
Manually annotated genes in metabolic process
EPC2 152121433 T>C CSF t-tau <107° Kim et al., 2011
51374441 G>A CSF ttau <10°®
154499362 C>T CSF t-tau, t-taw/Apr_s2 <107°
rs10171238 C>T CSF t-tau, t-taw/AB 142 <10-¢
5 156703865 G>A MRIHV 1.14 x 1070 Melvile et al., 2012
GCFC2 152298948 T>C MRIHV 4.89 x 10-8 Melvile et al., 2012
GLIS3 1514716 C>T CSFtau 107 x 108 Cruchaga et al,, 2013
CSF p-tau 322x107°
sucLG2 1562256378 G>A CSF ABi-s2 25x 10712 Ramirez et al., 2014
Cellular process
ANK3 1510761514 T>C MRI data 6.14x 1078 Huang et al., 2019
ccL4 rs6808835 G>T CSF CCL4 level 159 x 10713 Kauwe et al., 2014
CcR2 153092960 G>A GSF GCL4 level 443 x 1071 Kauwe et al., 2014
CCRL2 rs6441977 G>A CSF CCL4 level 7.66 x 107" Kauwe et al., 2014
1511574428 T>A CSF GCL4 level 148 x 1011
GLI3 153801203 C>A Language performance 321 x 1079 Deters et al., 2017
HDACY 1579524815 T>G NFTs + cerebral amyloid 11x10°8 Chung et al., 2018b
angiopathy
IL6R 1561812598 G>A CSF IL6R level 591 x 1076 Kauwe et al., 2014
154845622 C>A CSF IL6R level 1.36 x 10762 Kauwe et al., 2014
154129267 G>A CSF IL6R level 270 x 10792 Haddick et al., 2017
152220238 G>A CSF IL6R level 229 x 1071
152228145 C>A CSF IL6R level 270 x 10782
CSF IL6R level 531 x 1078
MEF2C 15190082 G>A NPs + NFTs 0.0011 08t Beecham et al., 2014
MTUST 1555653268 G>T MRIHV 0.0007 Chung et al., 2018a
PTK2B 1528834970 T>C Hippocampal sclerosis 0.046 113 Beecham etal., 2014
RBFOX1 1512444565 A>C Glucose metabolism (PET) 6.06 x 1078 Kong et al., 2018
SERPINBT 15316341 G>A CSF ABi-s2 1.72 x 1078 Deming et al., 2017
Manually annotated genes in cellular process
ARHGAP24 15111882035 A>G LmT 274 x 1078 Chung et al,, 2018a
BCAM 154803758 G>T CSF p-tau 375 x 1074 Huang et al., 2017a
CSF ABi_42 3.12x10-5
BzZW2 1534331204 A>C NFTs 2.48 x 1078 Dumitrescu et al,, 2019
CDK5RAP2 1510984186 G>A CDK5RAP2 gene 0.008 Miron et al., 2018
expression
154837766 A>T CDK5RAP2 23x10-5
gene expression
CLUAP1 1517794023 C>T GSF a-synuclein level 9.56 x 1070 Zhong et al., 2019
ILIRAP 1512053868 A>G: Brain AB level (PET) 1.38 x 100 Ramanan et al., 2015
MMP3 15573521 A>G CSF MMP3 level 239 x 10-4 Kauwe etal., 2014
1s645419 A>G CSF MMP3 level 326 x 1074
15679620 A>G CSF MMP3 level 4.93 x 104
15650108 A>G CSF MMP3 level 101x 1071
15948399 T>C CSF MMP level 429x 101"
spi1 151057233 G>A SPI1 gene expression 824 x 107 Huang et al., 2017a
Biological regulation
CDIA 1516840041 G>A Plasma NFL level 450 x 1078 1.63 (1.12-2.36) Wang et al., 2019b
s2269714 C>T Plasma NFL level 450 x 1078
152260715 C>G Plasma NFL level 4.83x 1078
CR1 156656401 A>G CP AD 0.004 116 Beecham etal., 2014
NECTIN2 156857 C>T NFTs 138 x 10717 Dumitrescu et al,, 2019
1512972970 G>A NFTs 527 x 1072 Dumitrescu et al., 2019
CSFtau 824 x 1071 Cruchaga et al,, 2013
GCSF p-tau 128 x 10715
rs34342646 G>A NFTs 127 x 1071 Dumitrescu et al., 2019
CSF tau 554 x 10-16 Cruchaga et al., 2013
CSF p-tau 117 x 10718
1512972156 C>G NFTs 537 x 10712 Dumitrescu et al,, 2019
CSF tau 303 x 10715 Cruchaga et al,, 2013
CSF p-tau 231 x 1071
rs283815 A>G NFTs 943 x 101 Dumitrescu et al., 2019
Manually annotated genes in biological regulation
ATPEVIH 151481950 C>A CSF BACE level 4.88 x 100 Hu etal., 2018
CAsS4 157274581 T>C NPs + NFTs 0.0033 073 Beecham etal., 2014
cD33 153865444 C>A NPs 0016 0.86 Beecham et al., 2014
Localization
ACE 154968782 G>A CSF ACE level 3.94 x 10-12 Kauwe et al., 2014
154316 C>T CSF ACE level 1.10 x 1078
154343 G>A CSF ACE level 371 x 108
GAIN2B 1510845840 T>C Temporal lobe atrophy 1.26 x 10°7 1.273 Stein et al., 2010
SORL1 1511218343 T>C NFTs 0.0043 068 Beecham etal., 2014
Manually annotated genes in localization
TOMM40 15157580 G>A CSF ABi-s2 <107® Kim et al., 2011
152075650 A>G CSF ABi-sz, ptawAg: <31x10°8 Kim etal., 2011
a2, ttaw/ABi_az 428 x 1071¢ Cruchaga et al., 2013
CSF tau 581 x 1071 Dumitrescu et al., 2019
CSF p-tau 5.28 x 10-12
15157581 T>C NFTs 182 x 1071 Dumitrescu et al,, 2019
1511656505 C>T NFTs 4.73 x 10712 Dumitrescu et al., 2019
1571352238 T>C NFTs 120 x 10711 Cruchaga et al,, 2013
15184017 T>G NFTs 557 x 1071 Cruchaga et al,, 2013
rs1160085 C>T NFTs 207 x 1078
15741780 T>C NFTs 2.11x10°8
151038025 T>C NFTs 220 x 1078 Cruchaga et al., 2013
15760136 A>G NFTs 239 x 1078
151038026 A>G NFTs 2.45 x 108
1534404554 C>G NFTs 498 x 10712
CSFtau 3.48 x 10718
CSF p-tau 1.33 x 10718
rs11666505 C>T CSF tau 3.48 x 10716
CSF p-tau 168 x 1071
1571352238 T>C CSFtau 1.78 x 10-16
CSF p-tau 246 x 10-1®
Neurological system process
BCHE 1s509208 G>C Brain A level (PET) 27 x 1078 Ramanan et al., 2014
MAPT 15242657 G>A Plasma tau 4.85x 1079 Chen etal., 2017
Manually annotated genes in neurological system process
ECRG4 134487851 A>G NPs + NFTs 24 %108 Chung et al., 2018b
No known function
ccoc134 157364180 A>G CSF ABi-a2 <10® Kim et al., 2011
FRAT0ACT 1310509663 A>G: CSF ABi-s2 1.4 x 102 Lietal, 2015
15116953792 G>T CSFAB 1-z2 35x 1010
Luzr2 157943454 T>C Plasma NFL level 1.39 x 1078 Lietal, 2018
MS4AGA 15983392 A>G NPs 0036 0.85 Beecham et al., 2014
187282 T>A CSF TREMZ level 142 x 101 Hou etal., 2019
PPPAR3A 152273647 C>T Glucose metabolism (PET) 4.44x 1078 Christopher et al., 2017
zewPw1 1$1476679 C>T NFTs 0018 0.86 Beecham etal., 2014
ZNF804B 1573706514 A>C LT 2.86 x 109 Chung et al., 2018a

AB, amyloid B; CP AD, clinico-pathologic features of Aizheimer’s disease; CSF, cerebrospinal fluid; GM, gray matter; HV, hippocampal volume; LMT, logical memory test; MRI, magnetic
resonance imaging; NFL, neurofilament light; NFT, neurofibrillary tangles; NPs, neuritic plaques; p-tau, phosphorylated tau at threonine 181; PET, positron emission tomography; t-tau,
total tau.
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Gene locus SNP Significance for AD OR (95 % Cl) Study
risk
ABCAT 13752246 G>C. 31x 10718 1.16 (1.11-1.18) Kunkle et al., 2019
1s3764650 T>G 45x 10717 1.23(1.18-1.30) Holingworth et al., 2011
154147929 A>G 14 x 1078 115 (1.11-1.19) Lambert et al., 2013b
15115550680 C>G 221x 1070 179 (1.47-2.12) Reitz etal., 2013
15111278892 C>G 793 x 101 Jansen et al., 2019
ADAM10 1593742 A>G 620 x 107! 1.06 (1.04-1.07) Marioni et al., 2018
6.8 x 100 093 (0.91-0.95) Kunkle etal., 2019
15442495 T>C 131 %109 Jansen et al., 2019
APH1B 15117618017 C>T 3.35x 1078 Jansen et al., 2019
APOCT 154420638 A>G 530 x 1073 401 Goon et al., 2007
530 x 1071 Bertram et al., 2008
1.97 x 10714 Lietal, 2017
5.62 x 10727 De Jager et al., 2012
458 x 10797 32(268-39) Webster et al., 2010
APOE rs429358 T>C 366 x 107" Davies et al., 2014
1.2 x 10-88! 3.32 (3.20-3.45) Kunkle etal., 2019
5405500 T>G 49 x 1037 0.70 (0.66-0.74) Harold et al., 2009
ATP8BA 1510619262 G>A 4.48 x 1070 189 (1.46-2.45) Lietal, 2008a
BINT 15744373 A>G 1.6 x 101 113 (1.06-1.21) Seshadri et al., 2010
16733839 C>T 69 x 10 1.22(1.18-1.25) Lambert et al., 2013b
2.1 x 1074 1.20 (1.17-1.28) Kunkle et al., 2019
17561528 G>A 40 x 1071 147 (1.13-1.22) Najetal., 2011
154663105 A>C 338 x 104 Jansen et al., 2019
CELF1 110838725 T>C 14 % 1078 1.08 (1.05-1.11) Lambert et al., 2013b; Hinney
etal, 2014
CRY2 1512805422 G>A 1,67 x 10718 Zhuetal., 2019
FRMDAA 157081208 G>A 0.0202 1.06(1.01-1.12) Lambert et al., 2013a
152446581 G>A 21 x 107 1.15 (1.08-1.24)
1517314229 C>T 0.0494 1,09 (1.00-1.20)
0SBPLE 151347297 C>T 453 x 1078 Herold et al., 2016
PICALM 153851179 T>C 19 x 1078 085 (0.80-0.90) Harold et al., 2009
316 x 10712 087 (0.84-091) Seshadri et al., 2010
6.0 x 1072 0.88 (0.86-0.90 Kunkle etal., 2019
1510792832 A>G 93 x 1028 0.7 (0.85-0.89) Lambert et al., 2013b
rs561655 G>A 7.0x 101 0.87 (0.84-0.91) Naj et al., 2011
rs867611 G>A 219 x 10~ Jansen et al., 2019
RAB20 1s56378310 A>G 1,62 x 1078 Leeetal, 2017
sLc10A2 1516961023 C>G 459 x 1078 0.41(0.27-0.55) Mez et al., 2017
SPPL2A 159685680 T>G 9.17 x 1079 Marioni et al., 2018
VSNL1 154038131 A>G 59 x 1077 0.65 Holingworth et al., 2012
Manually annotated genes
ADAMTS4 14575098 G>A 2,05 x 10710 Jansen et al., 2019
ADARB2 1510003488 T>C 8.24x 107 Leeetal, 2017
ALPK2 176726049 T>C 3.30 x 108 Jansen et al., 2019
ATPSMC2 151800634 T>C 60 x 1074 Meda etal., 2012
BOKDK 15889555 C>T 411 x 1078 095 (0.94-097) Marioni et al., 2018
BDH1 152484 T>C 2.83x 1070 Leeetal, 2017
CELF2 5201119 T>C 15x 108 4.02 Wijsman et al., 2011
CRYL1 157989332 A>C 0.006 Gusareva et al,, 2014
ECHDC3 111257238 T>C 1.26 x 1078 Jansen et al., 2019
FBXLT 175002042 T>A 6.19 x 1079 0.61(0.52-0.71) Tosto et al,, 2015
GALNT7 162341097 G>A 6.00 x 107 0.21(0.08-057) Beecham et al., 2014
GLIS3 1514716 C>T 2.94x 1078 0954 Deming et al., 2017
KAT8 1359735493 G>A 3.98 x 108 Jansen et al., 2019
KHDRBS2 156455128 A>C 0.006 Gusareva et al., 2014
NFIC 159749580 T>A 15x 108 0.76 (0.69-0.83) Junetal, 2017
PCK1 158192708 A>G 9.9 x 1075 129(1.12-1.49) Grupe et al,, 2007
SPSB1 1311121365 C>G 1.92 x 10°8 Leeetal, 2017
ST6GALT 153936289 T>C 492 x 1077 Lee etal, 2017
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CLDN18 1516847609 G>A 53x 107 1.19 (1.11-128) Junetal., 2016
oL rs11136000 T>C 14 %1079 0.84(0.79-089) Harold et al., 2009
75x 1079 0.86 (0.81-0.90) Lambert et al., 2009
1.62 x 10718 0.85 (0.82-0.88) Seshadri et al., 2010
151532278 T>C 19% 1078 0.89 (0.85-0.92) Najetal., 2011
159331896 C>T 28 x 10728 0.86(0.84-0.89) Lambert et al., 2013b
46 x 102 088 (0.85-0.90) Kunkle etal., 2019
152279590 T>C 89 x 1070 0.86(0.82-091) Lambert et al., 2009
159331888 C>G 9.4 %1078 1.16(1.10-1.23) Lambert et al., 2009
rs4236673A>G 261x 101 Jansen et al., 2019
COBL 15112404845 A>T 38x10°8 047 (0.29-0.65) Mez et al., 2017
CR1 156656401 A>G 3.7 x10°° 1.21(1.14-1.29) Lambert et al., 2009
57 x 102 1.18 (1.14-1.22) Lambert et al., 2013b
16701713 A>G 46 x 10710 116 (1.11-1.22) Najetal., 2011
152093760 A>G 1.10 x 10718 Jansen et al., 2019
154844610 A>C 3.6 x 1072 1.17 (1.18-1.21) Kunkle et al., 2019
34 154985556 C>A 3.67 x 108 Marioni et al., 2018
INPPSD 1536349669 C>T 32x10°8 108 (1.05-1.11) Lambert et al., 2013b
259 x1079 1.10 (1.01-1.20) Ruiz et al., 2014
892 x 10710 091(0.88-094) Jansen et al., 2019
1510933431 G>C 3.4x10-0 Kunkle et al., 2019
MEF2C 15190082 G>A 32x10°8 093 (0.90-0.95) Lambert et al., 2013b
MINK1 158070572 T>C 1.98 x 107 112 (1.07-1.17) Broce et al., 2019
MS4A2 157933202 A>C 1.9 % 1071 089 (0.87-0.92) Kunkle et al., 2019
PLEKHAT 152421016 C>T 0.0031 Wang et al., 2017
PTK2B 1528834970 T>C 7.4 x 1071 1.10(1.08-1.13) Lambert et al., 2013b
1573223431 C>T 63x 101 1.10(1.07-1.13) Kunkle etal., 2019
SERPINBT 15316341 G>A 1.76 x 1078 1.08 Deming et al., 2017
SLCIA7 151883255 G>A 0.0015 Meda etal., 2012
SPI1 151057233 G>A 5.4 x10°° 0.93 (0.89-0.96) Huang et al., 2017a
13740688 G>T 5.4x10-1 092 (0.89-0.94) Kunkle et al., 2019
TPSINPT 154734295 A>G 0.0051 Wang et al., 2017
156982393 T>C 00121
TREM2 1575932628 C>T 3.42 x 10710 292 (2.09-4.09) Jonsson etal., 2013
2.7 x 10718 2.08(1.73-2.49) Kunkle etal., 2019
15143332484 C>T 1,65 x 1071 1.67 Sims et al., 2017
15187370608 G>A 1.45 x 1016 Jansen et al., 2019
Manually annotated genes
ABI3 15616338 T>C 456 x 10710 1.43 Sims et al., 2017
1528304864 G>A 1.87 x 108 Jansen et al., 2019
oDC42sE2 15382216 C>T 20 x 1077 0.88(0.83-0.93) Junetal., 2016
CDKSRAP2 1510084186 G>A 423 x 1077 1.426 Miron etal., 2018
154837766 A>T 0.010 0.39 0.19-081)
CNTNAP2 15802571 A>G 1.26 x 1078 052 (0.40-0.68) Hirano et al., 2015
15114360492 C>T 210 x 100 Jansen et al., 2019
DCHS2 11466662 A>T 4.95 x 1077 038 Kamboh et al., 2012b
FERMT2 1517125944 T>C 79 x 1070 1.14(1.09-1.19) Lambert et al., 2013b
6.71x 1071 1.24 (1.04-1.48) Ruiz et al., 2014
1517125924 A>G 14 %1072 1.14(1.09-1.18) Kunkle etal., 2019
GoLM1 1510868366 G>T 2.43x 107 055 (0.40-0.75) Lietal, 2008a
157019241 C>T 292 x 1074 054(0.38-0.75)
HLA-DRB1 159271058 A>T 1.4 x 1071 110 (1.07-1.13) Kunkle et al., 2019
159271192 C>A 29 x 10712 1.11(1.08-1.15) Lambert et al., 2013b
156931277 A>T 841 x 101 Jansen et al., 2019
MADD 1510501320 G>C 2.80 x 10718 Zhuetal., 2019
NECTINZ 156857 C>T <17 x 108 Seshadi et al., 2010
3.48 x 107% Beecham etal., 2014
156859 A>G 6.09 x 10714 Abraham et al., 2008
69 x 104! 1.46 (1.38-1.54) Harold et al., 2009
1541289512 C>G 579 x 1027 Jansen etal., 2019
NMES 152718058 A>G 48x 1070 093 (0.90-0.95) Lambert et al., 2013b
NYAPT rs12539172 T>C 93 x 1071 092 (0.90-0.95) Kunkle et al., 2019
OR4ST rs1483121 G>A 6.10 x 107" Zhuetal,, 2019
PCDH11X 15084894 A>G 39x 10712 1.30 (1.18-1.43) Carrasquillo et al., 2009
PDS5B 1$192470679 T>C 1.56 x 1078 Leeetal, 2017
PFDN1 1511168036 T>G 7.4 x 1070 1.08 (1.06-1.10) Junetal, 2017
PTPRG 17609954 G>T 3.98 x 1078 Herold et al., 2016
scimpP 157225151 G>A 1.38 x 10-8 1.10(1.06-1.14) Moreno-Grau et al., 2019
15113260531 G>A 9.16 x 1010 Jansen etal., 2019
SHE 154474240 A>C 5.01x 1078 3.42 Haddick et al,, 2017
SHROOM2 152405940 G>T 3.0x10-* Meda et al,, 2012
SORCST 152245123 T>C 7.0 x 1074 Laumet et al,, 2010
TREML2 159381040 C>T 1.55 x 10-8 Marioni et al., 2018
TSPOAPT- 152632516 G>C 44108 092 (0.91-0.94) Jun etal, 2017
Ast 152526378 A>G 364x10~° 093 Witoelar et al,, 2018
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ACE 154293 G>A
15138190086 G>A
casse 157274581 T>C
16014724 A>G
156024870 G>A
cp2ap 159349407 G>C
1510948363 A>G
159381563 C>T
159473117 A>C
CD33 rs3865444 C>A
EPHAT rs11767557 T>C
rs11771146 G>A
156973770 G>A
17810606 T>C
1510808026 C>A
HBEGF 1511168036 T>G
IL6R 152228145 A>C
PDCL3 151513625 G>T
TNKT 151554948 T>A
Manually annotated genes
CLNK 156448453 A>G
GALP 153745833 C>G

HESX1

rs184384746 C>T

Significance for AD
risk

0.014
75x10°
25 x 1078
6.56 x 1010
35x 108
86 x 1070

52x 107"
252 x 10710
12 x 1010
1.6 x 1079
1.6 x 1072
6.34 x 100
34 x10-4
6.0 x 10710
0.00216
1.70 x 108
110 x 10°%
0.001
359 x 107"
1.30 x 1010
32 x 107
3.0 x 104
428 x 108
63 x 107

193 x 100
50x 1075
1.24 x 108
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method  method

Jaectal  China AD 73 42075 65 (6) 19.6(3.1) Bloodplasma Isolationkit  ELISA GAP43 3
(2020)
SNAP25
vl 71 396549 66(7) 262(0.4) Neurogranin
Synaptotagmin 1
HC 72 87(514) 64(5) 293(1.2)
Jia et al. China  AD 73 42 (57.5) 65 (6) 19.6(3.1) Bloodplasma lsolation kit ELISA Apa2 3
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tTau
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ADC 20 9 75.35+6.82 27.35+0.29
HC 10 [8) E .
Fiandaca ~ USA  AD 57 270) 795605 - Neuron-derived  Isolation kit~ ELISA p-T181-tau 2
etal. (2015) blood exosomes.
t-tau
Apt-42
HC 57 270 795603 -
Goetzietal. USA  AD 24 120)  757£759 - Neuron-dcerived  Isolation kit ~ ELISA LRPS 2
(2015) exosomes
HC 24 120)  751£7.18 - HSF1
REST
Kapogiannis USA AD 26 13() 743 £7.48 i Neuron-derived  Isolation kit ~ ELISA Total IRS-1 1
etal. (2015) eexosomes from
plasma
p-serine
HC 2 180  7483£7.48 - 312-1RS-1
p-Pan-tyrosine-
IRS-1
Dongetal. China AD 31 [=) 6858 +804 1593+ 6.61 Neuron-derived lsolation kit ELISA AB42 2
(2020) exosomes from
plasma
p-T181-tau
MMP-9
HC 15 @) 6480+£600 27.67+1.72
Wangetal China  AD 68 [5) 737+£77  137+£67 Bloodplasma  Isolationkt PCR BACE 1-AS 3
(2020)
HC 55 5 71881 272+21
Perrotte et al. Canada AD 36 290 791411 1990+ 139 Boodplasma lsolation kit ELISA tTau 2
(2020)
APP level
p-Tau-T181
vl 12 110 7583+1.49 27.90+031
HC 12 96) 68815 2042029
Chaetal.  German AD 31 %) 70-105 - Neuron-cerived  Utracentrifu POR mir132 2
(2019) exosomes from  gation
plasma
mel 16 5 55-85 . mir212
HC 16 %) 85-105 -
Barbagallo  Italy AD 30 16() 726 +8.1 181 £57 Serum Isolation kit PCR miR-22, miR-23a, 2
etal. (2020) miR-29a,
miR-125b
HC 30 200 67982 -
Agiardietal. taly  AD 24 16()  77.67+1.40 2191+091 Seum Isolation kit Western blot SNAP-25 1
(2019)
HC 17 13()  76.47 £1.49 28.73+043
Weictal.  China  AD 32 13 793+£89 272+13 Seum Isolation kit PCR miR-223 2
(2018)
HC 16 8 79568  18x42

AD, Alzheimer's disease; MCI, mild cognitive impairment; HC, healthy controls; MMSE, Mini-Mental State Examination; CSF, cerebrospinal fluid; ELISA, enzyme-linked immunosorbent
assay; GAP43, growth associated protein 43; neurogranin, SNAP2, synaptosome associated protein 25; QUADAS-2, Quality Assessment of Diagnosis Accuracy Studies.
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Baseline Longitudinal

Category Phenotype Sample size MAF filter Sample size MAF filter
Neuropsychological MMSE 867 0.02 520 0.02
Attention 806 0.01 402 0.02
Executive functioning 686 0.01 234 0.02
Language 849 0.01 409 0.02
Memory Delayed 729 0.01 337 0.02
Memory Immediate 197 0.01 345 0.02
Visuoconstruction 429 0.02 149 0.04
MRI Fazekas score 606 0.01 n.a. n.a.
Cortical thickness 560 0.01 n.a. n.a.
Left Hippocampus volume 605 0.01 n.a. n.a.
Right Hippocampus volume 605 0.01 n.a. n.a.
Summed Hippocampus volume 605 0.01 n.a. n.a.

“MAF filter” denotes the applied MAF filter for each GWAS. For cross-sectional MMSE we used an MAF threshold of 0.02 due to residual inflation of the GWAS test
statistics. Information on tests used for generating baseline and longitudinal phenotypes can be found in Supplementary Material.
MMSE, Mini Mental State Examination. “n.a.”, not available. MRI, Magnetic Resonance Imaging. MAF, Minor Allele Frequency.
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Study arm Phenotype

Cross-sectional MemoryDelayed
MMSE
Visuoconstruction
Longitudinal Memorylmmediate
MMSE
Attention
Memorylmmediate
Attention
Attention
MemoryDelayed
Memorylmmediate
Executive
Visuoconstruction

Bold font indicates genome-wide significant (on SNP- or gene-level) results (see section Materials and Methods

Lead variant

rs6705798
rs2122118
rs113492235
rs73045836
rs74381761
rs116900143
rs11217863
rs111959303
rs34736485
rs9652864
rs146202660
rs16982556
rs5943462

Chr

2p15
20g33.3
4qg34.2
6927
8p23.1
10023.31
11923.3
12914.3
16g23.2
17924.1
18g21.1
20013.32
Xp21.3

Position

63,259,881
207,252,439
177,252,900
169,062,739

9,389,761

92,688,290
120,293,138

66,844,015

79,272,611

63,741,645

45,022,937

57,801,889

28,823,154

Nearest gene

EHBP1
ACO017081.2
SPCS3
SMOC2
TNKS
HTR7
AP002348.1
GRIP1
RP11-679B19.2
CEP112
CTD-2130013.1
ZNF831
ILTRAPL1

2
B

O 44> 44> 000400

OO 4000 40 40 >+

(@)

Beta

—0.32739
—2.82266
—2.17956
—0.36094
—0.08453
—0.35173
—0.16626
0.37459
0.31924
0.29184
—0.29342
—0.29752
—0.14082

for details)

MAF

0.358
0.022
0.022
0.020
0.048
0.023
0.080
0.022
0.022
0.218
0.029
0.062
0.051

P (SNP)

8.78E-08
3.03E-09
1.51E-08
7.50E-11
1.89E-08
1.95E-08
7.81E-08
2.52E-08
1.59E-08
3.20E-08
4.63E-08
1.26E-08
1.06E-09

P (Gene)

1.17E-07
n.a.
0.15674
0.0035373
0.00048716
0.019663
8.91E-07
0.81478
n.a.
0.016339
n.a.
0.0025565
0.006719

. “Chr” and “Position” according to
GRCh37/hg19. “A1” denotes the effect allele. “P (SNP)” is the P-value of the lead SNP at this locus. “P (Gene)” is the P-value belonging to “Nearest gene.” Top
results from these GWAS analyses can be found in Supplementary Tables 1-19.
MMSE, Mini Mental State Examination. “n.a.”, not available. MRI, Magnetic Resonance Imaging. MAF, Minor Allele Frequency.
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Prior GWAS Phenotype

Hibar et al. (2017) Hippocampus volume sum
Hippocampus volume left
Hippocampus volume right

Jansen et al. (2019) Fazekas

Davies et al. (2018) Baseline MMSE

Baseline executive functioning
Baseline language
Longitudinal attention

Threshold

0.0001
0.0001
0.0001
0.17075
0.248
0.0014
0.0061
5.0E-08

Number of SNPs

127
127
127
22,269
63,792
4,469
9,031
163

R2

0.027
0.026
0.024
0.014
0.016
0.018
0.010
0.023

P-value

6.06E-06
9.98E-06
2.48E-05
3.72E-03
1.66E-06
1.98E-05
1.25E-03
1.79E-03

“Threshold” refers to P-value cut-off used for PGS construction in prior GWAS summary statistics and “Number of SNPs” refers to the LD-pruned SNPs passing this
threshold that are included in PGS calculations. “R?” denotes the phenotypic variance explained by the SNPs of the prior GWAS in the EMIF-AD MBD dataset. A full listing

of results from these PRS analyses can be found in Supplementary Material.

MMSE, Mini Mental State Examination.
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Distance traveled spontaneous motor activity (cm) Swimming speed (cm/s) Time in rotarod (s) Rotarod speed (rpm)

Control 11921.50 + 378.18 22.09 + 1.04 15.55 + 2.42 16.36 + 2.18
Control-LRGT 11815.75 + 658.06 19.33 +£1.27 11.92 + 2.11 13.25 + 1.31
APP/PS1 12715.31 & 707.07 21.28 + 1.39 18.00 + 2.74 15.80 + 1.79
APP/PS1-LRGT 11456.10 + 548.60 19.83 + 0.71 14.30 + 2.03 13.80 + 1.31
db/db 9446.47 +1105.73 14.56 + 0.88+ 2.33 + 0.88% 6.11 + 0.80%
db/db-LRGT 9343.74 4+ 789.27 13.23 4+ 0.59% 2.44 + 0.84% 5.88 + 0.631*
APP/PS1xdb/db 0814.83 + 2189.93 14.07 + 1.48% 2.67 +1.311 5.50 + 0.92%
APP/PS1xdb/db-LRGT 9626.63 + 1344.51 14.48 + 1.36% 2.00 + 0.38%F 5.75 + 0.31%

No differences were observed when the distance traveled by all the groups under study in the spontaneous motor activity test was compared [F(g, 67) = 2.1, p = 0.046,
no further differences detected]. Swimming speed in the MWM was significantly reduced in diabetic mice, and no differences were observed after LRGT treatment
[F6: 61y =9.2, iip < 0.017 vs. Control, Control-LRGT, APP/PS1, and APP/PS1-LRGT]. A similar profile was observed in the rotarod test when we analyzed time [Fg,
68) = 11.73, p < 0.01 vs. Control, Control-LRGT, APP/PS1, and APP/PS1-LRGT] and maximum speed [Fe: 67y = 11.31, p < 0.07 vs. Control, Control-LRGT,
APP/PS1 and APP/PS1-LRGT]. Data are representative of 5-14 animals, and differences were detected by one-way ANOVA followed by Tukey’s b test or Tamhane as
required.
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Sample size

Primary compositional analysis:
25 AD patients and 25 controls;
Secondary CSF correlational
analysis: 9 AD patients, and 31
non-demented ones.

40 amyloid-positive, 33
amyloid-negative, 10 healthy
controls

43 AD patients and 43 normal
controls.

97 subjects: 33 AD, 32 aMCl,
and 82 healthy controls

90 subjects: 30 AD, 30 MCI,
and 30 healthy controls.

108 elders: 51 had no
dementia, 24 AD elders and 33
other dementia types elders

18 newly diagnosed AD, 20
MCI patients, and 18 healthy
controls.

88 AD patients, and 65 normal
controls.

100 AD patients, and 71
normal controls.

Sequencing platform

Miseq/168 rRNA V4
regions for fecal samples

Quantitative PCR

Miseq/165 rRNA V3-V4
regions for fecal samples.

Miseq/16S rRNA V3-V4
regions for fecal samples

Miseq/16S rRNA V3-V4
regions for fecal samples
and blood samples.

NextSeq 500/Metagenomic
Analysis for fecal samples

Miseq/16S rRNA V3-V4
regions for fecal samples

Miseq/ITS2 for fecal
samples

Miseq/16S rRNA V3-V4
regions for fecal samples

Result

1 ACE and Chao1 1; Shannon and Faith's Phylogenetic
Diversity; Compositional difference in PCoA.

2 Phylum level: Firmicutes and Actinobacteria |,
Bacteroidetes 1.

3 Genera level: Bifidobacterium, SMBS3, Dialister,
Clostridium, Turicibacter, Adlercreutzia, cc115 |; Blautia,
Bacteroides, Alistipes, Phascolarctobacterium, Bilophila,
Gemella 1.

4 PICRUSH: Metabolism and biosynthesis 1, signal
transduction and cell motity 1.

5 Correlation analysis: Differentially abundant genera and
CSF biomarkers (AB42/ABA0, p-tau, p-taw/AB42) of AD.

1 Lower Eubacterium rectale and higher Escherichia/Shigella
in amyloid-positive patients compared to both healthy
controls and amyloid-negative patients.

2 A positive correlation between IL-18, NLRP3, and CXCL2
with Escherichia/Shigella and a negative correlation with
Eubacterium rectale.

1 Phylum level: Bacteroidetes 1, Actinobacteria |

2 Class level: Actinobacteria and Bacill 1; Negativicutes and
Bacteroidia |

3 Order level: Lactobacillales 1; Bacteroidales and
Selenomonadales |

4 Family level: Ruminococcaceae, Enterococcaceae and
Lactobacillaceae 1; Lanchnospiraceae, Bacteroidaceae
and Veilonellaceae |

5 Genus level: Bacteroides, Ruminococcus, Subdoligranulum
4; Lachnoclostriolum |

1 Bacterial diversity decreased in AD patients compared with
aMCl patients and healthy controls.

2 Firmicutes | and Proteobacteria 1 AD compared with
healthy controls.

3 More Gammaproteobacteria, Enterobacteriales and
Enterobacteriaceae in healthy controls than in aMCl and
AD.

4 Asignificant correlation between the clinical severity scores
of AD and the altered microblomes.

5 PICRUSH: glycan biosynthesis and metabolism 1 in AD and
aMCl patients, and pathways related to immune system |
in AD.

6 Discriminating models can effectively distinguish aMCl and
AD from healthy controls, and also AD from aMCl.

1 Decreased fecal and blood microbial diversity in AD and
MCl.

2 Fecal microbiota in AD: Dorea, Lactobacilus,
Streptococcus, Bifidobacterium, Blautia, and Escherichia t;
Alistipes, Bacteroides, Parabacteroides, Sutterella, and
Paraprevotela |.

3 Blood microbiota in AD: Propionibacterium, Pseudomonas,
Glutamicibacter; Escherichia, and Acidovora 1;
Acinetobacter, Alioeflea, Halomonas, Leucobacter,
Pannonibacter; and Ochrobactrum |..

4 Diagnostic model with fecal key functional bacteria: 93%
MCI patients could be identified.

1 Microbiome diversity differs between AD elders and those
with no dementia or other types of dementia.

2 Bacteroides, Alistipes, Odoribacter, and Bamesiella 1; and
Lachnodlostridium | in AD elders.

3 Acourate classification of AD compared to those without
dementia using metagenomic and clinical measures.

4 Accurate classification of AD versus other dementia types
using only metagenomic measures.

5 AD microbiome induces lower P-gp expression.

6 Diminished butyrate enzyme-encoding genes in AD.

1 Increased  diversity in patients with AD or MCI

2 Bacteroides, Lachnospira and Ruminiclostridium_9 |; and
Prevotella  in AD.

3 Bacteroides, Lachnospira and Ruminiclostridium_9 were
positively associated with better cognitive functions
whereas Prevotella was on the contrary.

4 The negative correlation of Prevotela with cognitive
functions remained among patients with MCI.

1 Fungal diversity unaltered but taxonomic composition
altered of in AD.

2 Candida tropicalis and Schizophyllum commune 1;
Rhodotorula mucilaginosa | in AD.

3.C. tropicalis and S. commune were positively correlated
with IP-10 and TNF-a. C. tropicalis was negatively
correlated with IL-8 and IFN-y, and Rhodotorula
mucilaginosa was negatively correlated with TNF-c.

4 PICRUSL: lipoic acid metabolism, starch and sucrose
metabolism Jin AD.

1 Bacterial diversity, in AD.

2 Butyrate-producing genera such as Faecalibacterium | in
AD, which was positively correlated with MMSE, WAIS, and
Barthel scores.

3 Lactate-producing genera such as Bifidobacterium 1 in AD,
which was negatively correlated with MMSE, WAIS, and
Barthel scores.

4 PICRUS: biosynthesis and the metabolism of fatty acids |
in AD.

A, amyloid-p; ACE, abundance-based coverage estimator; AD, Alzheimer's disease; alMCl, amnestic mild cognitive impairment; CSF, cerebrospinal fluid; CNS,
central nervous system; CXCL2, C-X-C motif chemokine ligand 2; IFN-y, interferon gamme; IL, interleukin; IP-10, interferon gammavinducible protein 10; MCI, mild
cognitive impairment; MMSE, Mini-Mental State Examination; NLRPS3, nucleotide-binding domain leucine-rich repeat containing protein 3; PCoA, principal coordinate
analysis; PICRUSY, phylogenetic investigation of bacterial communities by reconstruction of unobserved states; WAIS, Wechsler Adult Inteligence Scale; TNF-a, tumor

necrosis factor-alpha.
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Antibody Resource Code Company
number
anti -ADAM10%0 rabbit ab84595  Abcam
anti-Anti-BACE1 [EPR3956]° rabbit ab108394 Abcam
anti-APP C-terminalP rabbit A8717 Sigma-Aldrich
anti-BAXP rabbit A3533  Dako
anti-Bcl-2° mouse M0887  Dako
anti-COXIVP rabbit PA5-29992 Thermo Fisher
Scientific
anti-CREB (48H2)° rabbit 9197 Cell Signaling
Technology
anti-glial fibrillary acidic protein rabbit 20334 Dako
(GFAP)a:P
anti-Human sAPPa (2B3)P mouse 11088 IBL
anti-Human sAPPB-sw (6A1)° mouse 10321 IBL
anti-MAP-22 mouse M4403  Sigma-Aldrich
anti-Melatonin Receptor 1o (MTNR1a)®  rabbit ab203038 Abcam
anti-Melatonin Receptor 18 (MTNR1B)°  rabbit ab203346 Abcam
anti-p44/42 MAPK (Erk1/2)P rabbit 9102 Cell Signaling
Technology
anti-Phospho-CREB (Ser133) (87(33)®b rabbit 9198 Cell Signaling
Technology
anti-Phospho-p44/42 MAPK (Erk1/2) rabbit 9101 Cell Signaling
(Thr202/Tyr204)® b Technology
anti-phospho-PKA C (Thr197) (D45D3)b rabbit 5661 Cell Signaling
Technology
anti-PKA C-aP rabbit 4782 Cell Signaling
Technology
anti-Presenilin 1 (D39D1)P rabbit 5643 Cell Signaling
Technology
anti-Presenilin 2 (DSOGS)b rabbit 9979 Cell Signaling
Technology
anti-g-Actin® mouse A1978 Sigma-Aldrich
anti-p-Amyloid® mouse A8354  Sigma-Aldrich

aThe antibody is used for immunochemistry or immunofluorescence staining.

bThe antibodly is used for Western blot.
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Reagents Code number Company

Alexa Fluor® 488-conjugated donkey A-21206 Thermo Fisher
anti-rabbit IgG Scientific
Alexa Fluor® 546-conjugated donkey A-10036 Thermo Fisher
anti-mouse IgG Scientific
Biotinylated goat anti-mouse IgG E043301-2  Dako
Cell Titer 96® AQueous One Solution Reagent G3582 Promega
Chitosan 448869 Sigma-Aldrich
Cyclic adenosine monophosphate (CAMP) H164 Jiancheng
Assay Kit Biology
D-Penicillamine P4875 Sigma-Aldrich
Gl 254023X HY-19956  Med Chem
Express
H89 2HCI S15682 Selleck

Human amyloid beta peptide 1-40, AB1-40 CSB-E08299h  Cusabio
ELISA Kit

Human B Amyloid (1-42) ELISA High-Sensitive 296-64401  Wako
Kit

N-(6-methoxy-8-quinolyl)-p-toluenesulfonamide M688 Thermo Fisher
(TSQ) Scientific
Peroxidase AffiniPure Goat Anti-Mouse IgG 1156-035-003 Jackson
H+L) Immuno
Research
Peroxidase AffiniPure Goat Anti-Rabbit IgG 111-035-003 Jackson
H+LD Immuno
Research
Phosphatase inhibitor cocktail 07574-61 Nacalai Tesque
Protease inhibitor cocktail 03969-21 Nacalai Tesque
Protein kinase A (PKA) activity kits H233-1 Jiancheng
Biology
uo126 9903 Cell Signaling
Technology
VECTASTAIN®ABC KIT PK-4000 Vector
Laboratories

B-GP disodium salt hydrate D-106347  Aladdin






