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Editorial on the Research Topic
 Neuroimaging and informatics for successful aging




Aging of adults usually involves cognitive decline due to various neuronal pathologies and neurophyonsiological changes, resulting in the so-called “geriatric syndrome” in aging. This puts older adults beyond a certain age at a high risk of getting lost and of falling due to declined attention levels, memorization, visuospatial processing and judgments. In this perspective, the increase in life expectancy around the world must be accompanied by health maintenance, social and intellectual participation and individual security toward “successful aging” that aims at limiting some of the negative effects and risks. In order to achieve a better quality of life, various social programs promoting physical activities for older adults are widely organized depending on the social backgrounds and cultures in each country. However, the outcomes of cognitive and physical interventions have been controversial among behavioral studies because of instability and reduced capacity of cognitive functions under progressive cognitive decline as well as difficulty of methodological standardization. Since physical and cognitive intervention protocols are designed based on the popularity of the activity and physical potential of the participants, the response to the interventions may vary among individuals. This renders objective evaluation very complex and prone to evaluation errors due to the high intra-variability reflecting individual differences and often small effect sizes in studies. Thus, we need to develop an objective approach to extract and classify important factors to maintain to support cognitive function and physical activity. This should include not only structured data but should really mix imaging data on neural activities and decline as well as structured data and possibly other measurements. The importance is to find and analyze the links between the data systematically.

In this respect, we recognize that successful aging strongly depends on successful brain aging, and functional and structural neuroimaging are excellent tools to objectively evaluate and (quantitatively) measure specific factors such as plastic change, i.e., compensation, reorganization, and remodeling of aging brains undergoing cognitive and physical decline. Integration of different types of information, such as fMRI, DTI, EEG, or NIRS, as well as neurofeedback from performance or physiological monitoring to optimize learning can enhance the precision. Larger studies with quantitative measures could also really advance this field, as well as inclusion of other factors that can have an influence on cognitive decline, for example behavioral changes (smoking, alcohol, sports, …). The goal of this Research Topic is to explore the role of functional and structural neuroimaging together with neuroinformatics and neurotechnologies to reach “successful brain aging” and further develop an emerging and multidisciplinary field of “aging neuroinformatics.”

This Research Topic, “Neuroimaging and Informatics for Successful Aging,” is a result of a long standing international annual research workshop called BrainConnects that started in 2014. The 7th annual meeting, BrainConnects 2020, was transformed into a special issue in Frontiers to overcome the on-going SARS-CoV-2 pandemic. The main goal of this scientific collaboration is to develop and exchange methods and technologies for delaying and modulating neurocognitive changes due to aging that can help enhance and accelerate the projects promoted by the participants from various countries. Our annual interdisciplinary workshop provides an opportunity to introduce and review the ongoing investigations of the dynamics of neuronal circuits in response to cognitive interventions, as well as to promote collaboration among the participating research groups and to nurture young investigators.

Sixteen papers including 3 reviews by 115 authors from 11 countries were judged by 39 reviewers from 18 countries and published across 4 journals in this Research Topic. The study type of the papers can be summarized as the following; four cohort studies evaluated the dependency of a resting state network (RSN) on aging as a biomarker of cognitive performance (Maesawa et al.; Watanabe et al.) and morphologic change (Dominguez et al.; Md Ashraf et al.). Two papers used blood samples to investigate the relationship between plasma amyloid concentration and PET findings (Huang et al.) or biochemical data and brain activation detected by fMRI (You et al.). As neurophysiological studies, the age-related changes of basal ganglia in motor control were explored (Rodorigez-Sabata et al.) and EEG characteristics of Alzheimer disease were reviewed (Yu et al.). As a cellular level approach, an automata model of the aging brain was proposed (Ramos et al.). Brain-wide measures of good cognition in healthy aged brains serve as a potential target for a variety of healthy aging interventions. The RSN patterns identified by Maesawa et al. could be especially meaningful for developing neurofeedback interventions whereas the cortical thickness parameters obtained by Dominguez et al. are relevant to lifestyle-related interventions such as cognitive activities and nutrition.

Six papers reported the effects of cognitive/physical interventions, such as mindful training (Sevinc et al.), verbal training (Fong et al.; Yang et al.; Yoske et al.), musical training (Yamashita, Ohsawa, et al.) or physical training (Yamashita, Suzuki, et al.) on behavioral and neuroimaging outcome and their correlations. The concern regarding verbal training as a method of intervention for older adults may come from its familiarity with the subjects, raising the motivation to train, since languages have an essential role in social participation and human relationships. The use of verbal training as a method of intervention has shown to improve network connectivity and enhance frontal-temporal network activity. Neurotechnology is emerging as an alternative therapy to behavioral interventions and here, state-of-art research into the applications of deep brain stimulation to ameliorate the symptoms of neurodegenerative disease in aging was reviewed by Silverio and Silverio with an emphasis on the electronic circuit technologies required to implement the therapy.

To summarize, these papers span four thematic areas : (i) characterizing the neurodegenerative aspects of aging on the brain (Md Ashraf et al.; Huang et al.; Ramos et al.; Rodriguez-Sabate et al.; Watanabe et al.; Yu et al.; You et al.) (ii) measures of healthy aging in the brain (Maesawa et al.; Dominguez et al.) (iii) evidence of behavioral interventions toward promoting healthy aging in the brain (Fong et al.; Sevinc et al.; Yang et al.; Yeske et al.; Yamashita, Ohsawa, et al.; Yamashita, Suzuki, et al.) and (iv) prospects for a neurotechnology-based therapy to address aspects of aging-linked neurodegenerative disease (Silverio et al.). The papers in area (i) are mostly from clinical side, however, two papers have strong background of engineering science (Md Ashraf et al.; Ramos et al.). Area (ii) is cohort study, studies in area (iii) are approaches from cognitive neuroscience, and area (iv) is engineering science.

The collection of papers in this Research Topic originated from several continents, demonstrating the strong commitment of BrainConnects to link scientists from various disciplines to continue our scientific discourse with a larger community interested in the neurobiology of aging and ways to influence it. We hope that these research articles will share our excitement and enthusiasm for further research collaborations and discussions amongst our readership. We aim to continue research investigations that will bring about meaningful outcomes to answer some of the pressing questions related to cognitive and mental health in aging. Together, we have the common goals of using neurotechnologies and informatics based on solid data to understand and develop innovative methods for successful aging. Expertise in neuroinformatics, such as computational modeling and simulation, data structuring and management, signal recording and processing, atlasing, and ontologies will further evolve aging research to find solutions for the limitations as discussed in each article in this Research Topic.
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Maintaining optimal cognitive functioning throughout the lifespan is a public health priority. Evaluation of cognitive outcomes following interventions to promote and preserve brain structure and function in older adults, and associated neural mechanisms, are therefore of critical importance. In this randomized controlled trial, we examined the behavioral and neural outcomes following mindfulness training (n = 72), compared to a cognitive fitness program (n = 74) in healthy, cognitively normal, older adults (65–80 years old). To assess cognitive functioning, we used the Preclinical Alzheimer Cognitive Composite (PACC), which combines measures of episodic memory, executive function, and global cognition. We hypothesized that mindfulness training would enhance cognition, increase intrinsic functional connectivity measured with magnetic resonance imaging (MRI) between the hippocampus and posteromedial cortex, as well as promote increased gray matter volume within those regions. Following the 8-week intervention, the mindfulness training group showed improved performance on the PACC, while the control group did not. Furthermore, following mindfulness training, greater improvement on the PACC was associated with a larger increase in intrinsic connectivity within the default mode network, particularly between the right hippocampus and posteromedial cortex and between the left hippocampus and lateral parietal cortex. The cognitive fitness training group did not show such effects. These findings demonstrate that mindfulness training improves cognitive performance in cognitively intact older individuals and strengthens connectivity within the default mode network, which is particularly vulnerable to aging affects.

Clinical Trial Registration: [https://clinicaltrials.gov/ct2/show/NCT02628548], identifier [NCT02628548].

Keywords: aging, resting state – fMRI, mindfulness, cognitive composite, intervention


INTRODUCTION

As maintaining optimal cognitive functioning throughout the lifespan has become a public health priority, a number of interventions that aim to slow or reverse normal age-related decline have been proposed (Anguera et al., 2013; Rebok et al., 2014; Banducci et al., 2017; Foster et al., 2019). Among those, mindfulness training has been suggested to be an efficacious method for enhancing cognitive functions that decline with age (Gard et al., 2014; Fountain-Zaragoza and Prakash, 2017). Here, in a randomized controlled longitudinal study, we investigated cognitive outcomes and associated neural mechanisms following an 8-week mindfulness meditation- based training program compared to a “brain games” mental training program in cognitively normal older adults. An enhanced understanding of the mechanisms through which these interventions may counteract age-related decline can provide novel insights into training based cognitive improvements and enhance our understanding of neural plasticity in aging.

Current interventions aim to help older adults maintain optimal cognitive functioning either through explicit training regimens that engage specific cognitive functions such as memory (Requena et al., 2016), or use various techniques such as transcranial direct current stimulation (Passow et al., 2017) and neurofeedback (Reis et al., 2016; Jiang et al., 2017). Other interventions aim to improve cognitive capacities indirectly through exercise and diet programs (Colcombe and Kramer, 2003). In addition to limitations associated with their near- and far-transferability (Shipstead et al., 2010; Melby-Lervåg and Hulme, 2016; Grönholm-Nyman et al., 2017), these interventions are also limited in terms of their availability to a broader population of older adults.

More recently, mindfulness training have been proposed as an efficacious intervention to enhance cognitive functions in healthy older adults (Chiesa et al., 2011; Gard et al., 2014; Lao et al., 2016; Fountain-Zaragoza and Prakash, 2017; Cásedas et al., 2020). In line with enhanced attentional performance and preserved gray matter volume in long term meditators (Pagnoni and Cekic, 2007), mindfulness meditation-based interventions have been associated with improvements in attention, memory, executive function, processing speed, as well as general cognition. However, neural mechanisms associated with these improvements have yet to be discovered. Mindfulness meditation emphasizes the skill of meta-awareness to monitor distracting external or internal events such as arising thoughts, in order to maintain attention on the meditative object and prevent the mind from wandering, enhancing meta-cognitive monitoring and meta-cognitive control capacity (Schooler, 2002; Schooler et al., 2011). By targeting these domains through mindfulness training, we hypothesize training-specific, measurable cognitive performance effects through mechanisms that are distinctive from other cognitive training programs that use complex exogenous stimuli to capture and maintain attention (Mozolic et al., 2011).

In the absence of external task-demands, the spontaneous fluctuations in the blood-oxygen-level-dependent signal (BOLD) have been shown to display temporally coherent activity patterns within functional and anatomic systems of the brain (Biswal et al., 1995; Greicius et al., 2003; Seeley et al., 2007). This spontaneous during rest have already been associated with individual variability in human behavior. In older adults, particularly, decreases in cognition have been linked to decreases in intrinsic connectivity of the default network. Neurocognitive aging is associated with reduced deactivation of the default network during task-positive states as well as with decreased within-network connectivity during rest (Ferreira and Busatto, 2013; Madhyastha and Grabowski, 2013; Dennis and Thompson, 2014; Persson et al., 2014; Vidal-Piñeiro et al., 2014). Among default mode network structures, posteromedial cortices that are strongly functionally connected to the medial temporal lobes, are selectively vulnerable to pathology (Sperling et al., 2010). Critically, intrinsic connectivity between these regions, particularly between the posteromedial cortex (PMC) and hippocampus, has been associated with individual differences in memory performance among cognitively intact older individuals (Dickerson and Eichenbaum, 2010; Wang et al., 2010; Ferreira et al., 2016). Morphological investigations of preserved cognitive function in aging corroborate the critical role of these regions in preserving cognitive functioning as well (Good et al., 2001; Bakkour et al., 2013). The rate of cortical thinning in the posteromedial cortex, along with other loci, is strongly associated with the rate of cognitive decline (Dickerson and Wolk, 2012), as well as with progression from mild cognitive impairment to Alzheimer’s dementia (Chételat et al., 2005).

Mindfulness training-related increases in brain structure and function partly overlap with the neural regions implicated in age-related cognitive decline outlined above, in particular the posterior cingulate cortex (PCC) and hippocampus. Morphological investigations of mindfulness training have documented increases in gray matter density in PCC and hippocampus (Hölzel et al., 2011; Wells et al., 2013; Greenberg et al., 2017). Alterations in hippocampal (Engström et al., 2010; Yang et al., 2016) and PCC activity (Hasenkamp and Barsalou, 2012; Garrison et al., 2013; Ellamil et al., 2016), as well as increased connectivity between these regions during both meditation and while resting have also been reported (Brewer et al., 2011; Kilpatrick et al., 2011; Taylor et al., 2013; Wells et al., 2013; Brewer and Garrison, 2014; Garrison et al., 2015; Kral et al., 2019).

Although mindfulness training has been proposed as an efficacious intervention for healthy aging, a mechanistic account of mindfulness training alterations in cognition in older adults is still lacking. Here we aimed to investigate neural mechanisms associated with mindfulness training dependent changes in cognition. To this end, we used a composite test battery that combines measures of episodic memory, executive function, and global cognition, that was developed to track normal age-related cognitive decline as well as to predict early cognitive changes in neurodegenerative diseases (Donohue et al., 2014; Papp et al., 2017). Relying on the overlap in neural regions implicated in age-related cognitive decline and mindfulness training-related changes in neural functioning, we hypothesized an association between increases in cognition and enhanced intrinsic connectivity between the hippocampus and PMC. We specifically hypothesized that a mindfulness-based intervention would improve cognitive function across multiple domains in cognitively normal older adults relative to an active control group, and that these improvements would be associated with: (i) increased intrinsic connectivity between the PMC and hippocampus; and (ii) increased gray matter volumes in these regions.



MATERIALS AND METHODS


Recruitment, Randomization and Blinding

Participants responded to advertising for a “Brain Training Study” and were recruited via a direct mail campaign as well as through various email list-servers. Following completion of all baseline testing as specified below, the randomization module within REDCap was used to randomize participants 1:1 into the two training programs in permuted groups of six, by gender. Study staff conducting subsequent testing visits were blind to group status. Importantly, participants were told that both training programs were effective for promoting cognition and that the goal of the study was to determine differential neural mechanisms, in order to minimize expectation and bias.



Participants

Potential participants were screened using the Telephone Interview for Cognitive Status (TICS; Brandt et al., 1988) to determine preliminary eligibility. Inclusion criteria were 65–80 years of age; right-handedness; ability to speak and read English; stable medication usage for at least 30 days; willingness to complete 40 min of homework per day during the 8-week program, motivation to attend all eight classes, presence in the area and availability during the follow-up testing periods. Exclusion criteria included: any non-MRI compatible metal in body; uncontrolled high blood pressure; any cardiovascular disease; a past stroke, congestive heart failure (subjects with well-controlled vascular risk factors, such as treated hypertension or treated hyperlipidemia were included, as were subjects with a history of cerebrovascular problems but no persistent neurological deficits); uncontrolled diabetes or insulin-treated diabetes [well-controlled Type II diabetes (glucose levels <250) were included]; active hematological, renal, pulmonary, endocrine, or hepatic disorders; history of neurological disease or injury, including a history of seizures or significant head trauma (i.e., extended loss of consciousness, bleeding in the brain, Parkinson’s disease, stroke); received treatment for cancer within the last 2 years; diagnosis of schizophrenia, posttraumatic stress disorder, bipolar disorder, or psychotic disorder at any point during lifetime; any axis I psychiatric disorder within the last 12 months; any neurological or medical conditions that would interfere with study procedures or confound results, such as conditions that alter cerebral blood flow or metabolism; use of psychotropic medications or medications with CNS effects including cholinesterase inhibitors, memantine, and benzodiazepines within 12 months prior to study [medications taken on an occasional as needed basis (prn) were allowed, e.g., allergy relief]. Over the counter supplements, such as Gingko and fish oil, were also allowed; any other medications as reviewed by our team’s neurologist (BD) on a case-by-case basis. Individuals were also excluded if they engaged in current regular practice of meditation, yoga, tai chi, Feldenkrais or other mind-body practices on more than six 30-min-long sessions within the last 6 months. Any other significant prior mind-body experience was evaluated on a case-by-case basis by SL and decided upon based on frequency, duration, recency, and type of mind-body practice, with a general guideline of not more than 3 months of regular practice in the last 5 years, or more than 12 months of practice in their lifetime. Participants were also screened for physical activity levels using the Godin-Shephard Leisure-time Physical Activity questionnaire, sleep-related issues using Pittsburgh Sleep Quality Index (Buysse et al., 1989).

While familiarity with leisure activities such as crossword puzzles and sudoku, was not an exclusion criterion, participants who had prior experience with a structured cognitive fitness program such as Lumosity were excluded. Out of 74 participants that were randomized to the or Cognitive Fitness Training program, 45 had some prior experience (n = 27 with crossword puzzles, n = 15 with sudoku, n = 6 word jumbles, and word search, n = 23 with others such as solitaire, board games, or trivia games). While 10 participants had experience with two types of puzzles, none had experience with all four types trained in the course. Similarly, out of the 72 participants who were randomized to the Mindfulness Training, 28 had prior experience with yoga, tai-chi, or mantra meditation, however, the frequency of their practice was below our exclusion threshold.

Potential participants were invited to the laboratory, consented, and then underwent a structured clinical interview with our team’s neuropsychologist (BW) who performed a cognitive and functional assessment to determine final eligibility. Cognitively normal participants were determined on the basis of both an absence of cognitive symptoms and absence of impairment on cognitive testing (CDR Rating = 0; MMSE 27–30; normal performance on Trail-making Test, verbal fluency measures based on age- and education matched norms). Participants received the programs for free and were remunerated up to $275 for their participation if they completed all testing visits. Informed consent followed the guidelines of the MGH IRB.

Out of 1472 people who were screened, 146 eligible participants were found eligible and randomized into either Mindfulness Training (n = 72) or Cognitive Fitness Training (n = 74) programs. Cognitive testing and neuroimaging were conducted within a 3-week period before and after the interventions (approximately a 3-month interval). The data reported here are part of a longitudinal study with 2-year follow-up. Only baseline and post-intervention performance in our cognitive outcome measure are reported here. There was no evidence of selective attrition. Please see CONSORT diagram for additional information, including retention.



Cognitive Outcome Measure

Our primary cognitive outcome was the Alzheimer’s Disease Cooperative Study Preclinical Alzheimer’s Cognitive Composite (PACC; Donohue et al., 2014) which consists of: (1) the Total Recall score from the Free and Cued Selective Reminding Test (FCSRT) (0–48) (Grober et al., 1988); (2) the Delayed Recall score from the Logical Memory IIa subtest from the Wechsler Memory Scale (0–25) (Wechsler, 1987); (3) the Digit Symbol Substitution Test (DSST) from the Wechsler Adult Intelligence Scale-Revised (0–93) (Wechsler, 1981); and the Mini Mental State Exam (MMSE) total score (0–30) (Folstein et al., 1975). To reduce practice effects, we administered alternate test versions at each time-point. The cognitive composite score, PACC, is determined from its components using an established normalization method (Cutter et al., 1999). Each of the four component change scores (post-pre) is divided by the baseline sample standard deviation of that component, to form standardized z scores. These z scores are summed using the following item weights as previously reported (Donohue et al., 2014): 0.72 × (FCSRT) + 0.14 × (Logical Memory IIa) + 0.12 × (MMSE) + 0.03 × (DSST). The composite score represents a standardized change score based on within-participants alterations in cognition. According to Donohue et al. (2014), the minimum treatment difference of 0.5 units is large enough to suggest a benefit to the patients and also incorporates a possible delay in later clinical deterioration.



Cognitive Training Programs


Mindfulness Training Program

The Mindfulness Training (MT) program is an 8-week program that teaches mindfulness meditation exercises as a means to enhance attention and memory. The program is derived from Mindfulness-Based Stress Reduction (MBSR; Kabat-Zinn, 1990), but with an emphasis on concentration and focus rather than stress reduction. Weekly meetings lasted 1 h: 45 min meditation practice and 15 min of check-in, practice instruction, and Q&A. Participants were instructed to practice meditation at home for 45 min daily and were given guided audio recordings to facilitate practice. Weekly mindfulness instruction consisted of: Weeks 1 and 2: breath meditation and body scan; Week 3: walking meditation; Week 4: mental noting; Week 5: focus on the five physical senses and sensations; Week 6: standing meditation; Week 7: mindful eating and the five senses; Week 8: review all techniques. Participants were allowed to practice any learned technique in subsequent weeks if they desired. On average, participants attended 7.05 of eight classes and practiced 4.01 h per week at home. The program was taught by Greg Topakian, Ph.D. who has 30 years of meditation practice including 20 weeks of intensive retreat practice. He has 20 years of experience teaching in academia as well as 6 years of experience teaching secular mindfulness programs.



Cognitive Fitness Training Program

The Cognitive Fitness Training (CFT) program is an active control condition matched to the MT program for amount of class time and home practice. Like the MT program, class was divided into 45 min of group puzzle solving and 15 min of check-in, practice instruction, and Q&A. Weekly instruction consisted of: Week 1: word search and crossword puzzles; Weeks 2 and 3: Sudoku; Week 4: word jumbles; Weeks 5 and 6: KenKen; Weeks 7 and 8: review. Participants were given packets of puzzles to take home and instructed to practice for 45 min each day. Importantly, there was a range of difficulty available for each type of puzzle during the first week it was introduced in order to accommodate participants with different puzzle solving abilities. However, our goal was to minimize the effectiveness of this program, and so each participant continued to receive only puzzles at that chosen difficulty level for the remainder of the program, to limit development of novel strategies. On average, participants attended 6.64 of eight classes and practiced 5.99 h per week at home. The program was taught by Elisabeth Osgood-Campbell who holds a master’s degree in education and has 13 years of experience teaching in academic settings.



MRI Data Acquisition and Analysis


Data Acquisition Parameters

MRI imaging was conducted in a 3T scanner (Siemens Prisma) with a 32-channel gradient head coil at the Athinoula A. Martinos Center for Biomedical Imaging in Charlestown, MA, United States. All subjects were scanned in the same scanner at both time points, i.e., within 2 weeks before (pre-scan) and within 2 weeks (post-scan) after participating in the 8-week program (∼3-month interval). We acquired T1 structural MRI images (sagittal MP-RAGE) for all subjects using the following parameters: TA = 9:14; voxel size = 1.1 mm × 1.1 mm × 1.2 mm; Rel.SNR = 1.00; slice oversampling = 0%; slices per slab = 176; TR = 2300 ms; TE = 2.01 ms; field of view = 270 mm. Subsequently, resting state functional magnetic resonance imaging (rsfMRI) were acquired using a gradient-echo echo-planar pulse sequence sensitive to the blood-oxygen-level-dependent signal (BOLD) with the following parameters: TR = 3000 ms; voxel size = 3.0 mm isotropic voxels; Rel.SNR = 1.00; interleaved slice order, slice oversampling = 0%; slice thickness = 3 mm; TE = 30 ms; Flip Angle = 85°; TA = 6:12; 46 slices, field of view = 216 mm.



Structural Image Processing With Voxel Based Morphometry (VBM)

Prior to preprocessing, the MP-RAGE data from 118 program participants completing both scans were visually investigated with regards to scanner artifacts as well as clinical abnormalities. After preprocessing, the scans underwent an automated quality check with the Computational Anatomy Toolbox’s (CAT12.6-rc1; v1426; Structural Brain Mapping Group, Jena, Germany) combining both measurements of noise and spatial resolution to translate into an index of weighted overall image quality. The resulting boxplot enabled a closer visual assessment of potential outliers. Moreover, the covariance between all normalized modulated images was assessed. Thereby we were able to ensure sample homogeneity.

The preprocessing for the voxel-based morphometry was conducted with CAT12’s longitudinal processing stream, which was implemented in SPM12 (Wellcome Centre for Human Neuroimaging, London, United Kingdom) running on MATLAB (R2018b) (Mathworks Inc., Natick, MA, United States). In this updated version, CAT12 is optimized to identify subtle volumetric effects resulting from training over short time periods. Default parameters were used unless specified otherwise. Individual T1-weighted MRI images for both time-points were processed by a series of steps, i.e., intra-subject alignment, bias correction, and segmentation. For the subsequent spatial normalization, we used CAT12’s template for the high-dimensional DARTEL registration with 1.5 mm (Ashburner and Friston, 2001). This approach renders a higher sensitivity for detecting regional differences (Bergouignan et al., 2009) as well as an improved normalization power because of a better inter-subject alignment (Yassa and Stark, 2009). As we were interested to investigate the actual GM values locally and to detect potential volumetric changes, images were modulated, i.e., each tissue class image was multiplied by the Jacobian determinant from the normalization matrix. Finally, images were smoothed with an 8 mm FWHM isotropic Gaussian kernel via a SPM12 standard module. Smoothed images translate into an improved normal distribution of the data, which is necessary to honor the underlying assumption for parametric statistical comparisons (Worsley et al., 1996). For the investigation of GM volume change we extracted GM values and conducted statistical analysis of our a priori seeds described below using SPSS version 25.



Seed-Based Connectivity Analyses

Resting state functional connectivity analyses were performed using the CONN toolbox v.18b (Whitfield-Gabrieli and Nieto-Castanon, 2012). Preprocessing consisted of realignment and unwarping of functional images, slice timing correction and motion correction. The functional images were resliced using a voxel size of 2 mm × 2 mm × 2 mm and smoothed using an 8-mm FWHM isotropic Gaussian kernel. ART was used detect frames with fluctuations in global signal and motion outliers. Intermediate level thresholds, which were set to reject 3% of the normative sample data, were used. The frames with motion outliers that exceeded 0.9 mm or fluctuations in global signal >5 standard were considered outliers. To address the confounding effects of participant movement and physiological noise the CompCor method (Behzadi et al., 2007) was used. The structural images were segmented into cerebrospinal fluid (CSF), white matter (WM), and GM. The principal components related to the segmented CSF and WM were extracted and were included as confound regressors in a first-level analysis along with movement parameters. The data were linearly detrended and band-pass filtered to 0.008–0.09 Hz, without regressing the global signal. Quality assessment included inspection of the sample in terms of maximum inter-scan motion, number of valid scans per subject, and scan-to-scan change in global BOLD signal and removal of outliers based on the aforementioned criteria (n = 20).

For the determination of seeds, an initial seed located at the posteromedial cortex seed/or in posterior cingulate/retrosplenial cortex (MNI coordinates x = −1, y = −52, z = 26) with an 8 mm radius was selected based on previous literature that investigated large-scale networks in older adults (Andrews-Hanna et al., 2007). The hippocampal seeds were determined based on the pattern of correlations at baseline for the whole sample using posterior cingulate/retrosplenial cortex (pC/rsp) seed. After a voxel level correction at p < 0.001, and a cluster level at p-FWE < 0.05, spherical ROIs with a radius of 8 mm were defined around the following peak coordinates within the hippocampi (hippocampus/R 30 −16 −14; hippocampus/L −26 −28 −14).

In order to assess group differences in alterations in intrinsic connectivity between our a priori seeds, we first examined connectivity estimates between a priori hippocampus and posterior cingulate/retrosplenial cortex (pC/rsp) seeds at each time point. In order to further delineate within-group changes in intrinsic connectivity in relation to changes in cognition, follow-up gPPI analyses were conducted for each group. For each group, a generalized psychophysiological interaction (gPPI) analysis computed the level of changes in functional connectivity strength between hippocampal seeds (R/L) and every voxel in the brain (post-pre), covarying with changes in cognition (PACC).



Statistical Analysis Methods for Behavioral and Neural Outcome Measures

To assess within group differences for PACC, a one-sample t-test was conducted for each group, where group means were compared to a mean equal to zero, indicating no change in PACC. To assess differences in PACC between mindfulness-based and cognitive fitness trainings, an independent samples t-test was used. The connectivity estimates reflect the change in connectivity associated with training-dependent increases in cognition. Group differences in changes in connectivity estimates between a priori hippocampus and posterior cingulate/retrosplenial cortex (pC/rsp) seeds were evaluated using a repeated measures ANOVA. To assess changes in hippocampal connectivity strength covarying with changes in cognition (PACC), separate gPPI models were used for the right and the left hippocampal connectivity. For each participant (within-participants level), whole brain time series data were regressed onto the ROI signal to generate connectivity maps at each time point (baseline and post-intervention). Post intervention bivariate regression coefficient maps were then subtracted from baseline maps to create a map of whole-brain connectivity changes with each hippocampal seed for each participant. At the second (between-participants) level, these change maps were then regressed onto PACC scores to create a map of regions whose connectivity change significantly correlated with PACC. To explore changes related to MT, first the gPPI analysis was run on participants from the MT group, followed by the CFT group alone. Both gPPI statistics were evaluated via SPM 8 using a voxel level threshold at p < 0.001, and a cluster level threshold at p-FWE < 0.05 for multiple comparisons. Bivariate regression coefficients were then extracted from all participants at each time-point to allow for comparison of MT changes relative to the CFT group.



RESULTS


Cognitive Outcomes

In the MT group, PACC scores increased after the intervention compared to baseline [0.21 mean increase ± 0.68 standard deviations (SD); t(60) = 2.44, p = 0.018, CI (0.04–0.39), Cohen’s d 0.31]. In the CFT group, PACC scores did not increase relative to baseline following the intervention [0.10 mean increase ± 0.64 SD; t(64) = 1.30, p = 0.20, CI (−0.06 to 0.26), Cohen’s d 0.16]. Despite these findings, the between-group comparison was not statistically significant [t(124) = 0.942, p = 0.348, CI (−0.121, 0.342), neuroimaging sample t(95) = 1.235, p = 0.220, CI (−0.103, 0.442), Figure 1].
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FIGURE 1. Cognitive improvement relative to baseline performance. PACC scores calculated as change from baseline following the interventions for each group. Mindfulness training resulted in a significant within-group increase in cognition (*p < 0.05), while cognitive fitness training did not.


Baseline characteristics of the whole sample are presented in Table 1. Performance on PACC as well as performance on each cognitive test at each time point are presented in Table 2. There were no differences between groups in FCSRT [t(124) = 0.142, p = 0.888], in Logical Memory IIa [t(124) = −0.040, p = 0.968], in MMSE [t(124) = 0.946, p = 0.346], or in DSST [t(124) = 1.291, p = 0.199] at baseline. The significant improvement in the PACC composite score for the MT group was driven by primarily by an increase in the FCSRT total recall that was not seen in the control group. Both groups improved on LMIIa delayed recall performance and showed slight improvements on digit symbol substitution test. The MMSE was uninformative in this study because many participants performed at ceiling at baseline.


TABLE 1. Baseline characteristics of study participants.
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TABLE 2. Cognitive outcome measures.
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There was no significant difference between groups in terms of their physical activity [t(130) = 0.890, p = 0.375], or sleep levels [t(124) = 0.468, p = 0.641] at baseline either. The changes in PSQI scores from baseline to post-testing did not differ between groups [F(1,126) = 1.194, p = 0.277, η2 = 0.01]. Mindfulness Training group had the following PSQI scores at baseline (4.83 ± 3.03), and at post (4.66 ± 2.92), while the Cognitive Fitness Training group had the following PSQI scores at baseline (4.72 ± 3.06), and at post (4.75 ± 2.95). The changes in exercise scores from baseline to post-testing did not differ between groups either [F(1,114) = 2.748, p = 0.100, η2 = 0.24]. Mindfulness Training group had the following Godin exercise scores at baseline (34.89 ± 20.10), and at post (35.75 ± 2157), while the Cognitive Fitness Training group had the following scores at baseline (38.64 ± 27.58), and at post (49.72 ± 35.73).



Mindfulness Training Is Associated With Increased Intrinsic Connectivity Between the Right Hippocampus and Posteromedial Cortex

To assess group differences in alterations in intrinsic connectivity between our a priori seeds, we first examined connectivity estimates between a priori hippocampus and posterior cingulate/retrosplenial cortex (pC/rsp) seeds at each time point. An investigation of group differences in changes connectivity estimates between pC/rsp and left hippocampus seed [F(1,95) = 0.048, p = 0.827, η2 = 0.001], and between pC/rsp and right hippocampus seed [F(1,95) = 0.011, p = 0.916, η2 = 0.000] did not reveal any differences between groups over time.

Next, in order to delineate mindfulness training dependent changes in hippocampal connectivity strength that covary with changes in cognition, we conducted a whole brain gPPI analysis (baseline vs. post-intervention) using PACC scores as regressor and right hippocampus as seed region. This analysis resulted in a significant cluster at right precuneus for the mindfulness training group [MNI coordinates +6 −52 +54, cluster size (k) = 74, p-FWE = 0.037, Figure 2A]. Mindfulness-training dependent improvements in cognitive composite scores were associated with increases in intrinsic connectivity between the right hippocampus and right precuneus (r = 0.526, p < 0.001, Figure 2B). A parallel whole brain gPPI analysis (baseline vs. post-intervention) using PACC scores as regressor and right hippocampus as seed region in the CFT group did not yield any results. In order to compare two groups, connectivity estimates between the right hippocampus and the cluster in the precuneus were extracted. While there was no association between improvements in cognitive composite scores and increases in intrinsic connectivity between the right hippocampus and right precuneus in the CFT group (r = −0.023, p = 0.876, Figure 2B), a test for between-group differences was not significant [F(1,95) = 0.264, p = 0.609, η2 = 0.003].
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FIGURE 2. Training-dependent changes in hippocampal connectivity strength that covary with changes in cognition. (A) A whole brain gPPI analysis of changes in functional connectivity (baseline vs. post-intervention) using change in PACC scores as regressor and right hippocampus as seed resulted in a significant cluster at the right precuneus for the mindfulness training group. Networks are based on the Yeo seven-network parcellation (Yeo et al., 2011) and are represented by the following colors: violet: visual, blue: somato-motor, green: dorsal attention, pink: ventral attention, cream: limbic, orange: fronto-parietal, and red: default network. (B) Mindfulness-training-dependent improvements in PACC cognitive composite scores correlated with increases in intrinsic connectivity between the right hippocampus and the right precuneus, while the Cognitive Fitness Training group showed no association. The connectivity estimates reflect the change in connectivity strength associated with training-dependent increases in cognition, and were plotted using SPSS v.24 (Chart Editor). The fitted regression line reflects the best estimate of the connectivity between the hippocampus and the precuneus in B. (C) A whole brain gPPI analysis of the changes in functional connectivity (baseline vs. post-intervention) using change in PACC scores as regressor and left hippocampus as seed resulted in a significant cluster at the right angular gyrus for the mindfulness training group. Networks are based on the Yeo seven-network parcellation (Yeo et al., 2011) and are represented by the following colors: violet: visual, blue: somato-motor, green: dorsal attention, pink: ventral attention, cream: limbic, orange: fronto-parietal, and red: default network. (D) Mindfulness-training-dependent improvements in cognitive composite scores correlated with increases in intrinsic connectivity between the left hippocampus and the right angular gyrus, while the Cognitive Fitness Training group showed no association. The connectivity estimates reflect the change in connectivity strength associated with training-dependent increases in cognition, and were plotted using SPSS v.24 (Chart Editor). The fitted regression line reflects the best estimate of the connectivity between the left hippocampus and the right angular gyrus in C.




Mindfulness Training Is Associated With Increased Intrinsic Connectivity Between the Left Hippocampus and the Right Angular Gyrus

A whole brain gPPI analysis (baseline vs. post-intervention) using PACC scores as regressor and left hippocampus as seed region resulted in a significant cluster in the right angular gyrus for the mindfulness training group [MNI coordinates +62 −48 +16, cluster size (k) = 116, p-FWE = 0.003, Figure 2C]. Mindfulness-training dependent improvements in cognitive composite scores were associated with increases in intrinsic connectivity between the left hippocampus and the right angular gyrus (r = 0.538, p = 0.000, Figure 2D). A parallel whole brain gPPI analysis (baseline vs. post-intervention) using PACC scores as regressor and left hippocampus as seed region in the CFT group did not yield any results. In order to compare two groups, connectivity estimates between the left hippocampus and angular gyrus were extracted as well. While there was no association between improvements in cognitive composite scores and increases in intrinsic connectivity between the left hippocampus and angular gyrus (r = 0.232, p = 0.108, Figure 2D) for the CFT group, and a test for between-group differences was not significant [F(1,95) = 1.647, p = 0.203, η2 = 0.017].

Our hypotheses about changes in gray matter volume were not supported. There was no main effect of time nor any significant within-group changes within our ROIs for the mindfulness group (all p > 0.48). There was a main effect of time in the right hippocampus for the CFT group which did not survive multiple comparisons correction. Moreover, in opposition to our a priori hypothesis, we were not able to identify any significant results when correlating GMV change values with PACC change scores.



DISCUSSION

In the present study, we performed a randomized controlled trial to test the hypothesis that mindfulness training can maintain or improve cognitive function in healthy older adults, and we used functional and structural MRI to investigate the neural basis of cognitive outcome. We found that an 8-week mindfulness-based training program improved cognition as assessed by Preclinical Alzheimer’s Cognitive Composite (PACC) in cognitively normal older adults, and that these improvements were associated with increased intrinsic connectivity within the default mode network, particularly between the right hippocampus and precuneus and between the left hippocampus and right lateral parietal cortex. Although the active control group did not show these effects, we were not able to demonstrate a statistically significant between-group difference in the primary cognitive outcome measure, likely because the effect size of the mindfulness program was small over this relatively short period of time, control training program was more active than anticipated and/or due to overlaps between the two programs in terms of their utilization of attention and attentional control mechanisms. Nevertheless, these findings suggest that additional longer-term studies of the potential benefits of mindfulness training should be investigated as an activity that could potentially contribute to the prevention of age-related cognitive decline.

The enhanced cognition scores following mindfulness training can be attributed primarily to improved episodic memory performance on both the Free and Cued Selective Reminding Test and the Logical Memory II Delayed Recall Test (Wechsler, 1987; Grober et al., 2008). These findings are consistent with several reviews and meta-analyses which reported moderate effects of mindfulness training on memory specificity (Chiesa et al., 2011; Gard et al., 2014; Lao et al., 2016; Fountain-Zaragoza and Prakash, 2017). The “brain games” practiced by the control group included crossword puzzles and word jumbles, both of which engage semantic memory (Pillai et al., 2011). Thus the lack of between group differences is likely due to the fact that engaging in meaningful mental stimulation and intellectual activity can improve performance on tasks that tap into the same cognitive domain that is trained (Aguirre et al., 2013). Importantly, while neither group exhibited significant levels of improvement in free recall, while the mindfulness training exhibited an improvement that approached significance. Here it is important to note the sensitivity of episodic memory to age-related decline (Donohue et al., 2014). Therefore, an improvement in this ability may be deemed to have potential clinical significance, especially in delaying age-dependent memory decline. Compared to other training programs in healthy older adults that found little to no improvements in memory (Gross et al., 2012), current findings of training-dependent improvements in the PACC, particularly in free recall, further support the use of mindfulness training as an activity to promote successful cognitive aging.

Growing evidence suggests that age-related cognitive decline is associated with changes in functional connectivity within and between large-scale brain networks (Andrews-Hanna et al., 2007; Ferreira and Busatto, 2013; Damoiseaux, 2017). Relative to younger adults, cognitively intact older adults show reduced functional connectivity within the default mode network at rest (Ward et al., 2015; Damoiseaux, 2017; Staffaroni et al., 2018), as well as less pronounced deactivations during cognitive tasks (Grady et al., 2006; Persson et al., 2014; Spreng et al., 2016). Decreased resting state connectivity between the hippocampus and precuneus/posterior cingulate have been implicated in typical age-related cognitive decline (Wang et al., 2010; Bernard et al., 2015; Li et al., 2020). Although studies with cross-sectional populations suggest that there is a low share for the overall connectivity strength of the default network in explaining the age-related variance across various cognitive domains (Hedden et al., 2016), here, in a large sample of cognitively normal older adults, we report an association between improved cognition and training-dependent increases in the intrinsic connectivity between the right hippocampus and precuneus and between the left hippocampus and right lateral parietal cortex.

The increase in functional connectivity between the posteromedial cortex and hippocampus in the mindfulness training group was strongly associated with increases in episodic memory. This finding supports our initial hypothesis that mindfulness training may improve cognition in part through changed connectivity within the default mode network. Such an interpretation is also congruent with reports of a hippocampal-parietal network that is associated with episodic memory retrieval (Vincent et al., 2006), reports of positive association between default network connectivity and episodic memory (Huo et al., 2018), reports of an association between greater within network functional connectivity and cognitive status in healthy older adults (Sullivan et al., 2019), as well as with reports of mindfulness training dependent connectivity increases within the default mode network (Brewer et al., 2011; Taylor et al., 2013; Wells et al., 2013). The posterior parietal cortex and the precuneus are among the regions most frequently activated during both successful memory formation and episodic memory retrieval (Buckner et al., 2008; Spreng et al., 2009), and are particularly susceptible to neuropathological changes associated with aging and Alzheimer’s Dementia (Buckner, 2004). Thus, present findings help substantiate the idea that enhanced intrinsic connectivity between the hippocampus and posteromedial cortex may represent one neural mechanism by which mindfulness training promotes memory function in healthy older adults.

We also identified a mindfulness training related increase in coordinated neural activity between left hippocampus and right angular gyrus. This finding is in accordance with our prior findings of mindfulness training dependent reorganization of hippocampal-cortical networks during retrieval of extinguished fear memories (Sevinc et al., 2019, 2020). Both the precuneus and the angular gyrus are part of the dorsal medial subsystem of the default mode network, that have been associated with metacognitive reflection (D’Argembeau et al., 2014). The dorsomedial and the medial temporal subsystems are closely linked, and both have been shown to be recruited during memory tasks (Andrews-Hanna et al., 2010). Critically, the angular gyrus is part of the ventral parietal cortex that is thought to direct attention to memory contents (Cabeza et al., 2008; Ciaramelli et al., 2008). Although future task-based studies are needed, the results suggest that mindfulness-training based increases in the ability to direct attention to memory contents may be one of the mechanisms through which mindfulness training increases memory performance.

While the design of the present study precludes determining whether the observed memory enhancements resulted from improved encoding or retrieval, consistent with research documenting the relation between mindfulness and attention, we had originally hypothesized that mindfulness training-dependent enhanced awareness of present moment experience would contribute to memory encoding (see Chiesa et al., 2011; Tang et al., 2015, for reviews). The present data suggest that mindfulness training related enhanced connectivity within the default mode network may contribute to improved memory via enhanced encoding or enhanced retrieval mechanisms. These findings are also in agreement with reports of meditation practice moderating aging-related decrements in measures of sustained attention (Zanesco et al., 2018). Conducting more nuanced memory tasks within the MRI scanner will be required to precisely define the impact of mindfulness training on each component of memory encoding and retrieval.

The PACC cognitive composite utilized in the study has been designed to be sensitive to cognitive changes in older adults, especially to the earliest signs of cognitive decline in Alzheimer’s disease (AD; Donohue et al., 2014). Test scores that constitute the composite scores have long been used as primary markers of disease progression as well as measure of treatment effects (Amieva et al., 2008, 2019). PACC performance has reliably characterized and quantified the risk for Alzheimer-related cognitive decline among cognitively normal individuals with elevated levels of brain amyloid (Donohue et al., 2017). Consequently, a low score on the Free Recall measure has been suggested as a core neuropsychological marker of prodromal AD (Auriacombe et al., 2010). Similarly, alterations in connectivity between the precuneus/posterior cingulate and the hippocampus during rest have been implicated in MCI and AD patients (Wang et al., 2006; Sperling et al., 2010; Çiftçi, 2011; Vannini et al., 2013). Thus, training dependent increases in precuneus-hippocampal connectivity seen in the current study suggest that mindfulness-training may also be one of the mechanisms through which mindfulness training improves memory in individuals with mild cognitive impairment (Wells et al., 2013; Yang et al., 2016; Wong et al., 2017), and also contribute to discussions around brain regions associated with cognitive reserve in aging (Solé-Padullés et al., 2009).

An important strength of the study was the use of a “stripped down” mindfulness program which focused exclusively on teaching formal mindfulness meditation exercises and did not contain any psycho-education, or cognitive or behavioral therapy elements. Further, we used an engaging, credible, active control condition which was portrayed to the participants as being equally efficacious as the mindfulness program. Together, these study design elements allowed us to identify effects that were specifically attributable to mindfulness practice rather than to generic effects of participating in a group activity, or to other therapeutic elements that are usually included in clinical mindfulness based interventions (Kabat-Zinn, 1990; Segal and Williams, 2002). As they were no differences between groups in terms of changes in physical activity or sleep quality over time, it is unlikely that the reported changes are due to these potential mediators. Other strengths of the study include the large sample size, blinded outcome of assessors, highly experienced teachers, and excellent participant compliance and retention, all of which have been major issues for many prior mindfulness studies (Chiesa et al., 2011; Tang et al., 2015; van der Velden et al., 2015; Lao et al., 2016; Van Dam et al., 2018).

The primary limitation of the study is that despite our efforts to match the groups on amount of time spent practicing at home, the CFT group practiced considerably more than what was prescribed, while the MT group practiced slightly less than prescribed. Therefore, this study bears the risks of type II errors, i.e., omitting potential group-by-time effects undermined by differential adherence to the study design. However, the within-group analyses help circumvent this issue, as do the differential correlations between brain and cognitive changes. Furthermore, some of the participants in the CFT group were already familiar with the training materials used in the program, which could contribute to smaller effect sizes in the CFT group. Thus, null training effect in the CFT group may be partially explained by their familiarity with some of the training materials prior to enrollment. As such, major limitation of the study is the lack of a significant between-group difference. Future research is needed to assess dissociable cognitive outcomes using more specified attentional measures and associated neural mechanisms of action. Future research may also assess whether the neural changes and cognitive improvements reported in this study are affected from confounding factors such as age, sex, education, whether these gains also translate into tangible gains in everyday life activities, whether the positive effects observed will be maintained over a longer period of time, and to what degree these interventions can delay the onset of various forms of cognitive decline.
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While aging is typically associated with cognitive decline, some individuals are able to diverge from the characteristic downward slope and maintain very high levels of cognitive performance. Prior studies have found that cortical thickness in the cingulate cortex, a region involved in information processing, memory, and attention, distinguish those with exceptional cognitive abilities when compared to their cognitively more typical elderly peers. Others major areas outside of the cingulate, such as the prefrontal cortex and insula, are also key in successful aging well into late age, suggesting that structural properties across a wide range of areas may better explain differences in cognitive abilities. Here, we aim to assess the role of regional cortical thickness, both in the cingulate and the whole brain, in modeling Top Cognitive Performance (TCP), measured by performance in the top 50th percentile of memory and executive function. Using data from National Alzheimer’s Coordinating Center and The 90 + Study, we examined healthy subjects aged 70–100 years old. We found that, while thickness in cingulate regions can model TCP status with some degree of accuracy, a whole-brain, network-level approach out-performed the localist, cingulate models. These findings suggests a need for more network-style approaches and furthers our understanding of neurobiological factors contributing to preserved cognition.
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INTRODUCTION

Advancements in health care and modern technology have led to an increase in life expectancy, such that by 2030, individuals 65 and older will outnumber those under the age of 18. Moreover, between 2000 and 2010, the United States saw a 30.2 and 29 percent increase in individuals aged 90–94 and 95+, respectively (US Census Bureau, 2010, 2018). With more individuals surviving until their ninth and tenth decades, many are interested in successful and healthy older aging. Contrary to those that may experience decline, some elderly individuals are able to remain disease free and maintain their cognitive abilities. Researchers have also identified subsets of individuals in their 70 and 80s that exhibit better-than-normal cognitive performance in comparison to their cognitively normal aged-matched peers. While various definitions of high-performance have been used, a common thread is well-preserved memory and executive functioning.

By examining morphological characteristics of the brain using structural neuroimaging, several studies have attempted to understand trajectories that are associated with avoiding decline and have started to elucidate what neurobiological factors contribute to preserved cognition throughout advanced aging. One representative group, known as SuperAgers, were distinguished based on their middle-age-like episodic memory, despite being in their eighties (Harrison et al., 2012; Gefen et al., 2015). Upon conducting a whole brain analysis, this high-performing group exhibited significantly greater cortical thickness in the cingulate cortex (Harrison et al., 2012). Note, however, that the modest sample sizes (n = 12 SuperAgers and n = 10 elderly controls) may have impacted their ability to reliably identify a broader range of regions. Following this finding, an a priori region-of-interest (ROI)-based analysis revealed that SuperAgers displayed greater cortical thickness in the posterior and caudal anterior cingulate cortex when compared to elderly controls (Gefen et al., 2015).

Studies of successful aging are not limited to the popularized SuperAger cohort and many have examined top performing individuals based on varying neuropsychological performance and tests. One commonality across studies has been highlighting the structural integrity of the cingulate cortex. Seventy-year-old successful agers, defined by high performance in episodic memory, working memory, and processing speed, displayed greater cortical thickness within the right anterior cingulate and prefrontal cortex (Harrison et al., 2018). Additionally, they had greater hippocampal volume and lower white matter hyperintensity volumes. Another study, examining optimal cognitive aging assessed by high performance in visuo-constructive abilities and visual reasoning, found that older individuals with high fluid abilities displayed greater cortical thickness in large areas of the cingulate cortex. Interestingly, they did not find this same relationship when comparing high vs. average performers in younger groups (Fjell et al., 2006).

Though the cingulate has proven to be important in successful aging, the structural integrity of other regions and networks have also been identified in preserved cognitions. For example, Sun et al. (2016) found that younger SuperAgers, aged 60–80, exhibited greater cortical thickness in the midcingulate, dorsomedial prefrontal cortex, angular gyrus, and superior frontal gyrus; all key regions in the default mode and salience networks. Whole brain analyses in high functioning individuals, aged 90 and older, revealed structural preservation in prefrontal and insular areas (Yang et al., 2016). Similarly, 70 + year old Successful Agers, distinguished by high memory scores, exhibited greater cortical thickness in the insula, midcingulate cortex, and the medial prefrontal cortex (Harrison et al., 2018). Thus, while the cingulate appears in each of these studies, several other regions have been implicated as well, suggesting a possible widespread network contributing to the resistance to cognitive decline.

It is important to note that our goal here is not to identify a set of specific cortical biomarkers of successful aging. Rather, the goal of the present study is a more generalized one. Here, we aim to understand how well cortical thickness can be used to model a behavioral outcome like successful aging, whether certain regions are disproportionately involved in this, and whether the cingulate cortex in particular is disproportionately involved. Thus, one hypothesis is that there is a set of specific regions, such as the cingulate regions, where thickness is able to predict cognitive status, while other regions have little or no predictive value (i.e., the cingulate is particularly informative when trying to model cognitive status). A second hypothesis is that the predictive power is distributed as a relatively smooth gradient across regions, with some more predictive than others, but no clear-cut differentiation between predictive and non-predictive regions. Finally, a third, “null” hypothesis is that all regions are equally predictive (or non-predictive) of cognitive status. Using structural and neuropsychological data from the National Alzheimer’s Coordinating center (NACC), we evaluated these hypotheses by examining the relationship between cortical thickness the brain and high cognitive performance in measures of episodic memory and executive function; two abilities that are otherwise known as hallmark domains of cognitive impairment and disease progression. We examined individuals aged 70–89, who demonstrated a combined performance at or above the top 50th percentile in both domains, deemed as Top Cognitive Performers (TCP) and we compared logistic regression performance using the cingulate ROIs relative to using the whole brain. To assess reliability of our models and the overall informativeness of individual regions, we performed Monte Carlo sampling of the population, creating logistic regression models for each sample. Finally, we examined the efficacy of these approaches as a function of age as by breaking them down by decade and including data from The 90 + Study. Individuals in their 90s display a more marked and rapid decline than those in their 70s in cognitive domains such as memory, perceptual speed, knowledge, and fluency (Singer et al., 2003), making it valuable to understand how the informativeness of these metrics persists into very advanced stages of aging.



EXPERIMENTAL DESIGN AND METHODS


The National Alzheimer’s Coordinating Center


Participants

Three hundred and forty-seven individuals were selected from the larger NACC cohort (Figure 1A). NACC is a database of patient information collected from multiple Alzheimer disease centers funded by the National Institute on Aging (Beekly et al., 2004). For this analysis, participants were required to be seventy years old and above (70–89 years old) and have at least one T1 MRI scan available within 2 years of their initial UDS visit. Additionally, participants were required to have a NACC status indicating normal cognition and behavior (NORMCOG and NACCUDSD), as determined by a clinician or panel of clinicians based on neuropsychological test scores, CDR, Form B9 (Clinician Judgment of Symptoms), and center specific tests. Individuals who contained missing data in any of the criteria variables, described below, were excluded from the analyses.
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FIGURE 1. Inclusion flow chart for (A) NACC and (B) The 90 + Study Participants. Blue box reflects the participants included in the final analysis of top cognitive performers (TCP).




Neuropsychological Criteria for Group Inclusion

Previous studies of successfully aging cohorts have used neuropsychological tests with specific criteria based either on performance being consistent with a younger population or with performance being atypically high for their age group. Following the latter, T were required to be in the top 50th percentile for both the Wechsler Memory Scale-revised Logical Memory IIA-Delayed Recall (WMS-R IIA) and Trails Making Test- Part B (Trails-B). The WMS-R IIA tests verbal and visual modalities and asks participants to recall units of a story after a 15 min delay (Wechsler, 1987). Trails-B engages executive function and processing speed by asking the participant to draw a line that connects an ordered progression of alternating letters and numbers (e.g., 1—A—2—B—3—C…) as quickly as possible (Tombaugh, 2004). All individuals that did not fit these criteria were classified as non-Top Cognitive Performers (non-TCP).



MRI Acquisition and Processing

Pre-calculated regional cortical thickness data for NACC MRIs were provided by the IDeA Lab at University of California, Davis. T1-weighted structural MRI (sMRI) scans were obtained from multiple centers using 3.0 and 1.5 Tesla scanners (GE, Siemens, and Phillips). sMRI data from the date closest to the initial UDS visit were processed based on the Advanced Normalization Tools (ANTs) toolkit and thickness pipeline (Das et al., 2009). Modifications to that pipeline for improving GM/WM segmentation used to generate the numbers in NACC are described by Fletcher et al. (2012).



The 90 + Study


Participants

One hundred and eight individuals from the larger The 90 + Study cohort were included (Figure 1B). The 90 + Study, established in 2003, is an ongoing longitudinal investigation of aging and dementia in individuals aged 90 and above, consisting of the survivors of the Leisure World Cohort Study (Kawas, 2008). Participants were selected based on the availability of a sMRI, two or more neuropsychological visits, and a cognitively normal diagnosis at a majority of their visits (i.e., 2 out of 3 visits or 3 out of 4 visits). Cognitively normal was determined by The 90 + Study and refers to a primary diagnosis, determined by neurological examiners, where an individual is deemed as normal, absent of impairment in any cognitive domains, and able to complete Instrumental activities of daily living (IADL). Individuals who contained missing data in any of the criteria variables were excluded from the analyses.



Neuropsychological Criteria for Group Inclusion

While participants in The 90 + Study are visited every 6 months by researchers who perform neuropsychological tests, the number of visits for each individual at the time of these analyses varied from 1visit to 23. Thus, based on the available data, median cognitive scores from up to four visits closest to sMRI scan date were chosen as a more robust measure of cognition that would account possible variance in individual session performance. Following NACC TCP criteria, The 90 + TCP individuals were required to perform at or above the top 50th percentile for their age group on the long-delay recognition portion of the California Verbal Learning Test—short form (CVLT) and at or above the top 50th percentile on completion time for their age group in the Trails-B. All other individuals that did not fit these criteria were classified as non-Top Cognitive Performers (non-TCP).



MRI Acquisition and Processing

T1-weighted structural MRI scans were collected on a 3.0 Tesla GE Discovery MR750w scanner (1 mm isotropic resolution, TE = 3 ms, TR = 7.2 ms, flip angle = 11°). Images were processed using Mindboggle (Klein et al., 2017), which performs atlas registration to the Desikan-Killiany-Tourville (DKT) atlas (Desikan et al., 2006) and cortical thickness estimation using Advanced Normalization Tools (ANTs; its additional FreeSurfer estimates were not used here). ANTs calculates cortical thickness by measuring the distance between gray/white matter boundaries and gray/CSF boundaries by quantifying the amount of registration needed to bring these surfaces together. Thickness was calculated in the original native subject space before being transformed into MNI space. Using DKT regions of interest as masks, we computed the average cortical thickness within each ROI. To reduce edge effects that will be present in these masks (thickness is computed in the cortical sheet and the ROIs will cover voxels not in a particular subject’s sheet), thickness maps were clipped at 1mm and the average computed across all resulting non-zero voxels. The average cortical thickness of three bilateral cingulate regions from the DKT atlas (posterior cingulate cortex, caudal anterior cingulate cortex, rostral anterior cingulate cortex) was examined as a priori regions based on their previously shown involvement in successful aging (Figure 2).
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FIGURE 2. Desikan Killiany Tourville Atlas Three bilateral a priori cingulate regions derived from DKT atlas; left hemisphere is shown.




Statistical Analysis of MRI Study Participants and Cortical Thickness

For both datasets, statistical analyses were performed using SAS and both the Statsmodels1 and skikit-learn2 libraries in Python. To evaluate the influence of cortical thickness on top cognitive performance (TCP), two logistic regression model were used to model TCP status as a function of regions of interest as follows: (1) 6 bilateral a priori cingulate ROIs (rostral anterior, caudal anterior, and posterior segments), and (2) a forward-selection model with 62 whole brain cortical ROIs (cutoff p-value for the F statistic, p = 0.25). Receiving Operating Characteristic (ROC) curves were created to assess the accuracy of TCP status as a diagnostic marker. Additionally, unpaired t-tests were used to evaluate differences in continuous variables (age, education-NACC, and neuropsychological performance) and Fisher’s exact test to evaluate gender distribution, across the two subject groups.



RESULTS


Demographics and Neuropsychological Performance at Baseline

NACC analyses used data from 11 Alzheimer’s Disease Research Centers (ADRCs) for UDS visits conducted between September 2005 and December 2020. The average time between initial neuropsychological visit and MRI was 133.3 (189.6) and 138.7 (185.1) days for non-TCP and TCP, respectively. The 347 NACC participants had an average of 15 years of education and were 60.81% female (Table 1). TCP and Non-TCP groups did not differ in age in either the 70 [t(24) = 0.71, p = 0.48] or 80 year old subgroups [t(1) = 0.98, p = 0.33]. They did, however, differ in education [t(242) = 5.02, p < 0.0001] and gender distribution (Fisher’s exact p = 0.04) in the 70 year-olds and education [t(101) = 2.72, p = 0.01] in the 80 year-olds.


TABLE 1. NACC demographics.

[image: Table 1]The 108 90 + Study participants were 63.89% female and 47% had a college education (Table 2). TCP and Non-TCP did not differ in age [t(106) = 0.58, p = 0.57], gender distribution (Fisher’s exact p = > 0.999), or education level at a baseline visit [X2(2, n = 108) = 1.88, p = 0.39].


TABLE 2. The 90 + study demographics.
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Cortical Thickness in the National Alzheimer’s Coordinating Center Sample: A priori Cingulate Regions

When considered in isolation, logistic regressions modeling TCP status based on the a priori cingulate regions’ thickness (Table 3) failed to robustly model TCP status. When examining the full NACC 70–89 sample, no cingulate ROI could reliably model TCP status (p’s > 0.1, uncorrected for multiple comparisons). When restricted to only those in their 70s, the right caudal anterior (p = 0.04, uncorrected), and rostral anterior (p = 0.01, uncorrected) cingulate showed some predictive power, but this was not the case in the NACC participants in their 80s (p = 0.15 and p = 0.29, respectively).


TABLE 3. Fitted logistic regression models.

[image: Table 3]We next turned to receiver-operating characteristic (ROC) analysis, using a logistic multiple regression based on all six cingulate ROIs modeling TCP status. Here, we used the area under the curve (AUC) to quantify performance and assess the sensitivity and specificity of the model. Using this, the cingulate regions yielded an estimated AUC of 0.64 across the full age range in NACC (Figure 3A). While modest, this AUC was reliably better than chance. Given the combination of the biased base-rate of TCP status and the multiple predictors used (and potential for overfitting), a null value of 0.5 for AUC cannot be assumed. To assess the null and estimate the true alpha, we conducted a permutation analysis, randomly shuffling the TCP/non-TCP labels 10,000 times and running the same logistic regression and AUC estimation to empirically derive an alpha using the same data and the same proportion of TCP status labels. We found the alpha to be ∼0.009, indicating the odds that a large or larger AUC would be generated by chance (Figure 3D, blue line).
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FIGURE 3. Receiver operating characteristic curves show better TCP predictive performance in whole brain model. Top: ROC curves with area under the curves (AUC) displayed for (A) entire NACC sample (ages 70–89), (B) a priori cingulate regions in all age groups, and (C) network/whole-brain forward-selected ROIs across all age groups. Bottom: Permutation analyses where the labeling of TCP vs. non-TCP was shuffled 10,000 times in (D) NACC 70 year olds, (E) NACC 80 year olds, and (F) The 90 + Study 90 year olds. Red dotted lines represent AUC’s for a priori cingulate ROIS reflected in (B) and blue solid lines represent AUC for network/whole-brain forward-selected ROIs reflected in (C). AUC: Area under the curve, 70s: NACC 70 year olds, 80s: NACC 80 year olds, 90s: The 90 + Study 90 year olds.




Cortical Thickness in the National Alzheimer’s Coordinating Center Sample: Whole-Brain

To determine whether the cingulate ROIs represented the ideal or near-ideal set of regions for this approach, we next performed a whole-brain forward-selection logistic regression (i.e., using all 62 cortical ROIs). This analysis selected the left caudal anterior cingulate, left caudal middle frontal, left entorhinal, left medial orbitofrontal, left paracentral, right cuneus, and right superior frontal regions with a resulting AUC of 0.74 and a permutation-derived alpha of p < 0.0001. Thus, while one of the cingulate regions was present in this model, the optimal model drew upon regions throughout the brain.

We should note that this is not the result of any global difference in cortical thickness across TCP groups. Estimates of average whole-brain cortical thickness were calculated for each individual by weighted averaging of the thickness from all 62 regions (weighted by region volume). Unpaired t-tests showed no difference in average whole-brain cortical thickness for the whole cohort or for those in their 70s or 80s separately (all t’s < 0.8, all p’s > 0.4).



Cortical Thickness Across Age Groups

We next turned to the question of whether our ability to model TCP status was affected by age. To do so, we shifted from thickness values provided by NACC to thickness values derived from ANTs directly as we wanted to include data from The 90 + Study as well to give a broader age range (note, we found that overall, the estimates provided by NACC yielded slightly higher AUCs than those provided by ANTs.) Here, we found that when restricting ourselves to the a priori cingulate regions, all three age groups yielded virtually identical ROC curves and 0.68 AUC values (Figure 3B). As with the combined data, however, shifting to a whole brain analysis improved performance considerably. The AUCs rose to 0.75 in the cohort in their 70’s, 0.88 in those in their 80’s, and 0.83 in the 90 + (alpha < 0.0001 in all). ROC contrast estimations comparing AUC’s for cingulate vs. forward-selected ROIs revealed a significant difference across all age groups, suggesting a better fit by regional cortical thickness (all p < 0.02).



Role of Age, Sex, and Education Covariates

Our primary question here was whether cortical thickness could be used to model TCP status. As such, we excluded typical covariates such as age, sex and education that might otherwise predict TCP status and therefore inflate our AUC values. To determine their predictive value beyond cortical thickness, we repeated each of these logistic regression models including these factors. There was a slight increase in AUC’s across all age groups when age, sex, and education were added to the model (Table 4). The 70 year old group showed the largest improvement, moving from 0.75 to 0.8, while the 80 year old group improved from 0.88 to 0.89 and the 90 year old group from 0.83 to 0.85.


TABLE 4. Effects of age, sex, and education on AUC values.
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Reliability of Selected Regions

Finally, we turned to the question of the consistency of the generated models. Informally, Table 3 shows that there is some degree of consistency across models, but that there is significant deviation in the regions chosen as well. These data lead to the hypothesis considered at the outset that, rather than a specific set of ROIs carrying far more predictive value than others, that all ROIs capture some amount of this variance. In this framework, which ROIs are selected in the model might depend, to a large degree, on the specific sample of brains used rather than purely any prior probability of the predictive value of a given region.

Here, we sought to determine the distribution of the predictive value of each ROI across samplings. To do so, we performed a non-parametric bootstrapping analysis that drew 1,000 samples from our 70 to 89 NACC population. Each sample drew the same number of TCP and non-TCP individuals as our final dataset, drawing samples with replacement to arrive at an estimate of the samples one might have outside of our particular population (Wu and Jia, 2013). Figure 4 shows the resulting distribution of how often each region was selected in the forward-selection logistic along with an inset depicting several possible models. This enables us to determine whether a subset of regions is selected more often than others (e.g., inset, orange line), all regions are equally likely to be selected (inset, blue solid or dashed lines), or if some in between gradient of predictive value for regions exists (inset, purple line). Results showed a curvilinear distribution that highlighted the relative importance of some regions, but also demonstrated the broad predictive value across the whole brain. In particular, two regions (left entorhinal and right superior frontal) were selected in almost every iteration with two more (left caudal middle frontal and left medial orbitofrontal) selected over 75% of the time. Notably these four ROIs were also included in our initial forward-selection model. Moving down in frequency of selection, 11 ROIs were selected ∼60–70% of the time. This group included three of the a priori cingulate ROIs. Note, all of the 62 ROIs were selected at least 22% of the time, although some number of these are at rates expected by chance (determined by 1,000 random shufflings of the TCP/non-TCP labels and repeating the entire process to determine the base rate of region selection). When this analysis was repeated in the 70 year-olds separately, the two of the top four ROIs in the whole group were again in the top 4 here, but the overall distribution was quite linear (Supplementary Figure 1A). When repeated in just the 80-year olds, the distribution was again non-linear, but no region was included more than 62% of the iterations and none of the original top four ROIs were present in the top four in this subset (Supplementary Figure 1B).
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FIGURE 4. Frequency of ROI selection in bootstrapping analysis. Random samplings of subjects matching our existing TCP rates were repeatedly drawn and analyzed using the same logistic forward regression to determine how often each ROI was selected by the model. ROIs here are sorted by their frequency of being selected, which was normalized by the number of iterations (n = 1,000) to scale from 0 to 1, and ROI names are color-coded by whether they are part of the cingulate (red), were in the original whole-brain model (blue), or both (purple). The horizontal line reflects the chance frequency of selection. ROI names are based on NACC labels. RPOSCINM, Right Posterior Cingulate; LPOSCINM, Left Posterior Cingulate; LROSANCM, Left Rostral Anterior Cingulate; RCUNM, Right Cuneus; LPARCENM, Left Paracentral; LCACM, Left Caudal Anterior Cingulate; RCACM, Right Caudal Anterior Cingulate; RROSANCM, Right Rostral Anterior Cingulate; LMEDORBM, Left Medial Orbital; LCMFM, Left Caudal Middle Frontal; LENTM, Left Entorhinal; RSUPFRM; Right Superior Frontal. For full list, please refer to NACC’s Imaging Data Researcher’s data dictionary: https://files.alz.washington.edu/documentation/rdd-imaging.pdf. Inset figure: Hypothetical distributions that would arise from different underlying models: (orange) distribution that would result if only a small subset of regions were highly predictive; (purple) distribution that would result if an even gradient of predictive ability existed across regions; (blue, dashed) distribution that would result if no regions’ cortical thickness could model TCP status; (blue, solid) distribution that would result if all regions had some predictive power but there was no differentiation across regions.




DISCUSSION

The present study aimed to: (1) assess if the cingulate as a localized a priori network sufficiently models successful aging, (2) observe if such relationships between cortical thickness and TCP persists in rising age groups, and (3) assess the reliability of various selected networks in the brain in modeling TCP. We were particularly interested in the cingulate cortex based on it recurring role in successful aging literature, as well its role in cognition; including information processing, memory, emotional processing, task engagement, and attention (Vaidya et al., 2007; Pearson et al., 2011; Stanislav et al., 2013). Here, we were able to replicate the finding that the thickness of cingulate cortex can be used to some degree to model TCP status and that this ability was similar across 70s, 80s, and 90 + cohorts (Figure 3B). However, we also found that far stronger models could be made when extending the scope of the analysis to the whole brain. Our AUCs from the ROC analyses revealed that, across all age groups, forward selected ROIs from the logistic regression outperformed a priori cingulate regions in modeling TCP status. Furthermore, the regions selected by logistic regressions, either on the complete dataset (Table 4) or via random sub-sampling of our data (Figure 4) often had representation of the cingulate (typically caudal anterior cingulate), but also included representation across the brain.

Thus, while our results continue to implicate structural characteristics of the cingulate cortex in successfully aging individuals, these results suggest that global-style networks, rather than literature driven localized areas, may be better at modeling preserved cognition in the elderly. This is not to suggest a new subset of regions as a model for studying successful aging, but rather to propose examining a more data-driven set of ROIs as a robust approach in modeling superior cognition in memory and executive function.

Similar relationships can be found in other modes of imaging. Seventy-year-old “supernormals,” defined by stringent criteria based on 5-year maintenance of episodic memory and executive functioning, displayed stronger functional connectivity between anterior cingulate and the hippocampus, middle cingulate, posterior cingulate, among other regions when compared to healthy elderly controls and those with mild cognitive impairment (MCI) (Lin et al., 2017). More importantly, these researchers identified a functional “Supernormal map,” consisting of the right fusiform gyrus, right middle frontal gyrus, right anterior cingulate cortex, left middle temporal gyrus, left precentral gyrus, and left orbitofrontal cortex, which successfully predicted a 1-year change in global cognition and correlated to Alzheimer’s pathology (Wang et al., 2019). Similar to possible cortical signatures of successful aging, these findings all suggests a pattern of widespread brain regions that may reflect the neurobiological underpinnings that result in preserved cognition.

This widespread pattern is perhaps best illustrated in Figure 4 where we aggregated across many random resamplings of our 70–89 year-old population to determine how frequently different regions were included in our logistic model. Under the null hypothesis of all regions being equally uninformative of TCP status (inset, blue dashed), we would have observed a flat distribution with all regions being included ∼25% of the time. Under a localistic hypothesis in which some subset of regions are informative of TCP status while others are not (inset, orange line), we would have observed a step-function distribution where most regions were uninformative and highly unlikely to be included in the model while others were highly informative and almost always included in the model. Our results were not consistent with either of those hypotheses, instead supporting the view that while cortical thickness is informative of TCP status and while individual regions do vary in their predictive value, there is no specific subset of regions that are the key regions we should use. Instead, the results suggest that many, if not all regions carry the ability to inform modeling of TCP status. Thus, specific set of regions one isolates in a given analysis from a given sample of scans will vary to some degree from what one would arrive at with a different set of scans. However, these results do not arise from simple Type II error as shown by the permutation analyses in Figures 3D–F and by the distribution shown in Figure 4. Rather, if all regions contain variance that is informative of TCP status to some degree, we would expect that noise and the randomness associated with a particular population (that which we attempted to model in Figure 4) will lead to a somewhat different subset of ROIs being chosen in any particular forward selection model, consistent with what we observed in Table 4. Therefore, when approaching the problem of modeling TCP status from regional cortical thickness, we must view this as a “brain-wide” problem rather than a “localistic” problem. Rather than approaching a problem such as the relationship between a biomarker like cortical thickness and a behavioral outcome such as TCP status by searching for a critical region or small set of regions, a richer understanding of this relationship might be had by taking a more “distributed” or network-based approach.

While discussing this network-level view of relating regional thickness to TCP status, we should note that a number of the beta coefficients in our models (Table 3) are negative. These negative coefficients should not be interpreted as demonstrating a thinner cortex in these regions in TCP individuals. For example, in our 70–89 group, while approximately half of the coefficients in Table 3 are negative in both the cingulate and the whole-brain analyses, TCP individuals are numerically thicker in all these regions (see also Figure 3). The negative coefficients are merely the byproduct of this multiple regression approach.

Finally, we should note that the group analyses in NACC revealed significant differences in sex and education. TCP subjects in their 70s tended to have a higher education and female distribution, while those in their 80s tended to only be more highly educated. All AUCs increased when both sex and education were added into the model, but the gains in AUC appeared quite modest. This is not to say that sex and education are not informative of cognitive status. When examining a cohort of SuperAgers from the Personality and Total Health Through Life (PATH) study, researchers found that SuperAging was both more prevalent in woman and associated to education (Maccora et al., 2021). It is possible that the significant differences in demographics are attributed to TCP group inclusion, which is reflected higher scores in both memory and executive function. Previous studies examining the role of age, sex, and education in elderly cognition revealed that (1) individuals with higher levels of education performed better on cognitive tests and (2) women performed better than men on verbal memory tasks (van Hooren et al., 2007). Additionally, despite there being no group differences in the oldest-old TCP, The 90 + Study previously showed that higher education is associated with lower prevalence rates of dementia in women (Corrada et al., 2008). For example, if education and sex alone are used to model TCP status in the 70–89 group, performance is at least as good as the a priori cingulate-only models (AUC = 0.7 vs. the cingulate’s AUC of 0.64). However, it is not the case that thickness is merely a very expensive way of determining age and education, as in other groups, performance is far worse (e.g., 90 + Age + Education AUC = 0.52 vs. cingulate AUC = 0.68 or whole-brain AUC = 0.83). Therefore, it is clear that cortical thickness, while potentially correlated with these other factors, can be used to model TCP status irrespective of them.


Limitations

While participants were required to be diagnosed as cognitively normal, and thus determined to be free from MCI or dementia, it is possible that we are capturing some non-TCP individuals who are pre-clinical, defined here as asymptomatic participants with evidence of AD pathology or individuals who display cognitive symptoms that do not meet clinical criteria for MCI. AD-related lesions accumulate in the brain years before cognitive deficits (Morris and Price, 2001; Rowe et al., 2007), with longitudinal studies showing amyloid deposition measured by PET 15 years before symptom onset (Bateman et al., 2012). Thus, it is possible that the effects observed can be attributed to other aging biomarkers not captured on structural MRI, especially given the wide age range. Future studies examining such biomarkers will be informative for better understanding differences in the available data.

We should also point out that the behavioral measures chosen for these analyses were based on previous successful aging studies, which typically use a test of delayed recall [usually CVLT or Rey Auditory Verbal Learning Test (RAVLT)] and executive function (usually Trails B). The WMS-R IIA and CVLT were chosen as tests of delayed recall to mirror this standard as closely as possible, limited by what data is available in each dataset. There are some key differences between these tests of delay recall potentially influencing the differences found between cohorts. The WMS-R IIA requires participants to recall units of a provided story while the CVLT requires participants to recall words from a list. While a narrative will help memory and can be used in both cases, any such narrative must be constructed by the participant in the case of the CVLT, leading to potentially more contamination by executive function in a word list task like the CVLT (Tremont et al., 2000). While these tests are not identical in nature, both are measures of verbal memory and tap into strategic organization of the information to help memory and we find it more likely that the differences observed between cohorts are better explained by additional complex changes the aging brain goes through that may change the importance of structural characteristics of certain brain regions throughout the lifespan, such as amyloid deposition or vascular changes. It is important to note that differences were also observed within NACC throughout age groups, thus making it less likely that differences are attributed test type.

In addition to the relatively modest sample sizes (particularly in the 80− and 90-year old subgroups), it is important to note the role of volunteer and selection biases these analyses common to many aging studies and potentially all neuroimaging studies. People who are able and willing to participate in imaging tend to be healthier and meet a priori selection criteria. One large study examining the nature of volunteer and selection biases found that those who were more likely to participate in studies were also more likely to be cognitively healthy, well-educated, and male compared to their counterparts who were not interested in participating (Ganguli et al., 2015). Inclusion criteria and recruitment, amongst other factors, have led to a more heterogenous population in NACC participants, which tend to be mostly Caucasian and of both high socioeconomic and education status. Given that participants from The 90 + Study are largely survivors of Leisure World Cohort Study and recruited from a retirement community in Laguna Woods, California, it is certainly possible that participants are not fully representative of the population. As reported by Melikyan et al. (2019), compared with the oldest-old population in the United States (He and Muenchrath, 2011), the cognitively normal sample in The 90 + Study has a higher proportion of Caucasians (98.5% vs. 88%) and a higher percentage of individuals with more than a high school education (78% vs. 28%). Previous research has shown that differences in sex and education may account for cognitive test performance (Hall et al., 2007; van Hooren et al., 2007), and cortical thickness (Seo et al., 2011; Habeck et al., 2020; Steffener, 2021). As reported in Tables 1, 2, the overall TCP NACC sample was 61% female with had an average of 15 years of education, while The 90 + Study sample was 64% female and 46% college educated and above. It is possible that higher education or larger female distributions may be influencing external validity by: (1) introducing a moderation relationship between key demographics, test performance, and cortical thickness that we would not otherwise see in the general public or (2) significantly influencing the distribution of TCP (approximately 32 and 30% for current NACC and The 90 + Study analyses, respectively) that is not representative of all elderly individuals. It is also important to note that, given these potential biases and the fact that percentiles for TCP group inclusion were determined based on a very select subset of each of these cohorts (blue boxes reflected in Figure 1), inclusion in the top 50th percentile for each of our cognitive domains may not reflect TCP in the general public. Finally, we should note that the present study cannot identify specific mechanisms that are associated with these differences in cortical thickness.
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Purpose: Maintenance of cognitive performance is important for healthy aging. This study aims to elucidate the relationship between brain networks and cognitive function in subjects maintaining relatively good cognitive performance.

Methods: A total of 120 subjects, with equal number of participants from each age group between 20 and 70 years, were included in this study. Only participants with Addenbrooke’s Cognitive Examination – Revised (ACE-R) total score greater than 83 were included. Anatomical T1-weighted MR images and resting-state functional MR images (rsfMRIs) were taken from all participants using a 3-tesla MRI scanner. After preprocessing, several factors associated with age including the ACE-R total score, scores of five domains, sub-scores of ACE-R, and brain volumes were tested. Morphometric changes associated with age were analyzed using voxel based morphometry (VBM) and changes in resting state networks (RSNs) were examined using dual regression analysis.

Results: Significant negative correlations with age were seen in the total gray matter volume (GMV, r = −0.58), and in the memory, attention, and visuospatial domains. Among the different sub-scores, the score of the delayed recall (DR) showed the highest negative correlation with age (r = −0.55, p < 0.001). In VBM analysis, widespread regions demonstrated negative correlation with age, but none with any of the cognitive scores. Quadratic approximations of cognitive scores as functions of age showed relatively delayed decline compared to total GMV loss. In dual regression analysis, some cognitive networks, including the dorsal default mode network, the lateral dorsal attention network, the right / left executive control network, the posterior salience network, and the language network, did not demonstrate negative correlation with age. Some regions in the sensorimotor networks showed positive correlation with the DR, memory, and fluency scores.

Conclusion: Some domains of the cognitive test did not correlate with age, and even the highly correlated sub-scores such as the DR score, showed delayed decline compared to the loss of total GMV. Some RSNs, especially involving cognitive control regions, were relatively maintained with age. Furthermore, the scores of memory, fluency, and the DR were correlated with the within-network functional connectivity values of the sensorimotor network, which supported the importance of exercise for maintenance of cognition.

Keywords: resting state network, aging, healthy cohort, cognition, delayed recall


INTRODUCTION

According to Rowe and Kahn, successful aging consists of three principal components: low risk of disease and disease-related disability, maintenance of high mental, cognitive, and physical functions, and continuous engagement with life, which includes relations with others and productive activity (Rowe and Kahn, 1987, 1997, 2015). During the last two decades, worldwide life expectancy has increased by more than 6.6 years, while healthy life expectancy (HALE), an average period of life-time spent without limitation in daily activities, has also increased by 5.4 years (World Health Organization, 2020). Especially in Japan where the highest aging rate was recorded in the world, the increase in the HALE has exceeded the one in life expectancy (Cabinet Office Japan, 2020). Not only mortality has kept declining, but also years lived with disability has been drastically reduced. Under this global situation, successful aging has gained its importance, and has greatly affected a variety of fields including health science, sociology, economics, and politics.

Cognitive function is an extremely important factor influencing successful aging in the elderly people. It is widely known that cognitive function gradually declines over age even in people who seemed to be healthy. This is especially the case for memory and fluid intelligence, acquired in order to adapt to various circumstances including speed processing, reasoning, working memory, and short term memory (Park et al., 2002). On the other hand, crystalized intelligence, acquired from one’s accumulated experience and education and included language abilities, comprehension, and insight, is maintained or improved with age (Baltes et al., 1999). Empirically, when a screening test for cognitive function is performed, unexpected variations in sub-scores can be observed to some extent even if subjects are considered normal in cognitive function based on the total score falling within the normal range.

Morphological studies of the brain using structural magnetic resonance imaging (MRI) have reported wide range of gray matter volume (GMV) decreases with age (Good et al., 2001; Giorgio et al., 2010). The GMV begins to decrease in early adulthood, and continues to decrease approximately linearly throughout the lifespan (Ge et al., 2002; Sowell et al., 2003; Lehmbeck et al., 2006). Although the GMV is generally reduced with age during healthy aging, it still remains unclear whether a cognitive function decline parallels GMV decline. Several studies have been performed about the associations between regional GMV and cognitive scores, but there is no detailed report on the comparison between subtle changes of cognitive test scores in healthy aging and the changes in GMV.

In network analysis using resting state functional MRI (rsfMRI), reduction of the functional connectivity within the default mode network (DMN) with age has been reported in many literatures (Damoiseaux et al., 2008; Koch et al., 2010; Jones et al., 2011). In addition, a within-network decline in functional connectivity has also been reported in other large-scale functional networks, including the salience network (SN), executive control network (ECN), attention network, sensori-motor network (SMN) and the visual network (VN) involved in primary processing (Onoda et al., 2012; Tomasi and Volkow, 2012; Betzel et al., 2014; Geerligs et al., 2015; Huang et al., 2015). Although such canonical networks showed decreases of within-network connectivity, between-network connectivity of some pairs of these networks somewhat increases (Meier et al., 2012; Betzel et al., 2014; Chan et al., 2014; Bagarinao et al., 2019), a possible reflection of the functional network reorganization with aging. Several studies have also reported the relationship between cognitive decline and network changes, e.g., between anterior DMN and executive control function (Damoiseaux et al., 2008), between SN and configuration ability and frontal lobe function (Onoda et al., 2012), and between cingulate network and episodic memory, attentional function, and executive function (Hausman et al., 2020). However, the target age and the number of subjects included were limited in each study, and the findings were inconclusive.

What are the different factors influencing successful aging? Can these factors be identified based on the characteristics of brain-imaging-derived metrics such as brain volume and connectivity? The purpose of this study was to identify such characteristics by investigating the relationship among aging, brain volume, brain network changes, and cognitive function in healthy subjects. For this purpose, healthy individuals who maintained relatively good cognition were enrolled in the study. Within age groups, ranging from 20 to 70 years, an equal number of subjects were included. Although voxel based morphometry (VBM) analysis was performed as the first step, network analysis using rsfMRI represented the main part of this study. RsfMRI is a useful method to visualize various large-scale networks in the brain by examining the synchronization of the blood oxygen level dependent (BOLD) changes in different brain regions during rest, i.e., without performing any tasks, and has been utilized in evaluating changes in brain networks in aging (Bagarinao et al., 2020) and the pathology of various diseases in the central nervous system from Alzheimer’s disease to brain tumors (Greicius et al., 2004; Maesawa et al., 2015; Mulders et al., 2015; Putcha et al., 2015; Abbott et al., 2016). Our hypotheses are as follows: (1) Even in healthy subjects with total score of the cognitive screening test within normal range, some variations of the sub-items in the cognitive test may reflect association with aging. (2) Such sub-items may have a spatiotemporal relationship with the brain’s structural differences with age. Some sub-items may show differences with age that parallel with the structural differences, whereas others may show the maintenance of these scores, independent from the structural differences. (3) To help us understand such maintenance, a network-based approach may be necessary aside from the morphological approach, and the analysis using rsfMRI may contribute to the evaluation of the alterations of the RSNs, which may be correlated with the subtle change of cognition observed in our healthy cohort. (4) On the other hand, some networks may be maintained despite of advancing age, which may provide an explanation for the neuronal basis of the maintenance of cognitive function. Through these analyses, we will identify the different conditions necessary for the maintenance of good cognitive function during aging, that is, the different conditions for successful aging.



MATERIALS AND METHODS


Participants

This study was part of the on-going healthy aging cohort study in the Brain & Mind Research Center (BMRC) in Nagoya University, which was approved by the Ethics Committee of Nagoya University Graduate School of Medicine (approval number 2014-0068), and conducted following the Ethical Guidelines for Medical and Health Research Involving Human Subjects as endorsed by the Japanese Government. All participants were healthy volunteers who joined in response to the recruitment using leaflets and the website of the BMRC. Inclusion criteria for the original project were as follows: older than 20 years, not pregnant, had no episode for MRI contraindications, no brain diseases such as cerebrovascular diseases, brain tumor, head injury, depression, and schizophrenia. They provided written informed consent before joining the study. Between 2014 and 2020, more than 1,000 volunteers participated. From the pool of volunteers, a total of 120 participants, consisting of 10 men and 10 women in each of the 6 age groups, 20s, 30s, 40s, 50s, 60s, and 70s, were randomly chosen. Exclusion criteria were as follows: (1) inability to complete the Japanese version of Addenbrooke’s Cognitive Examination-Revised (ACE-R) assessment, (2) presence of structural abnormalities (e.g., asymptomatic cerebral infarction, benign brain tumor, white matter abnormalities, etc.) in structural MRI as identified by Japanese board-certified neurologists (HW, KH, and KK) and neurosurgeon (SM), (3) ACE-R total score less than 83, and (4) incomplete imaging data. The mean age for all participants was 48.9 ± 17.6 (SD) years, 22.7 ± 2.0 years old for those in the 20s (n = 20), 34.7 ± 2.9 years old in the 30s (n = 20), 44.5 ± 2.7 years old in the 40s (n = 20), 53 ± 2.7 years old in the 50s (n = 20), 63.9 ± 2.7 years old in the 60s (n = 20), and 74.6 ± 3 years old in the 70s (n = 20). The average number of years for education was 14.24 ± 2.52 years. The percentage of participants who smoked were 58.3% in men, 25% in women, and 41.7% in total (Table 1). In term of head motion, which typically affect the estimation of the functional connectivity, the mean frame-wise displacement (FD) values (Power et al., 2012) was 0.18 + 0.069 mm on average. The number of subjects with mean FD greater than 0.2 mm was 39 (32.5%) and those with less than 0.2 mm was 81 (67.5%). No participants had mean FD greater than 0.5 mm.


TABLE 1. The characteristics of participants and the score of ACE-R test.
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Acquisition of MR Imaging Data

T1 anatomical images and rsfMRI data were obtained from all participants. MRI scanning was performed using a Siemens Magnetom Verio (Siemens, Erlangen, Germany) 3.0-T scanner with a 32-channel head coil at the BMRC in Nagoya University. The high-resolution T1-weighted images (T1-WI) were acquired using a 3D magnetization prepared rapid acquisition gradient echo (MPRAGE) sequence with the following imaging parameters: repetition time (TR) = 2.5 s, echo time (TE) = 2.48 ms, 192 sagittal slices with a distance factor of 50% and 1-mm thickness, field of view (FOV) = 256 mm, 256 × 256 matrix size, and an in-plane voxel resolution of 1 × 1 mm2. For the rsfMRI data, a gradient-echo (GE) echo-planar imaging (EPI) sequence was used with the following acquisition parameters: TR = 2.5 s, TE = 30 ms, 39 transversal slices with a 0.5-mm inter-slice interval and 3-mm thickness, FOV = 192 mm, 64 × 64 matrix dimension, flip angle of 80° and 198 total volumes. During rsfMRI scan, the participants were instructed to close their eyes but to stay awake. The subject’s head was tightly fixed with cushions to minimize its motion.



Neuropsychological Test

A Japanese version of ACE-R was performed to evaluate cognitive function for all participants. ACE-R is a brief battery that provides evaluation of five cognitive domains (orientation / attention, memory, verbal fluency, language and visuospatial ability) with a total score of 100 points, and usually requires about 15 min for the examination (Mathuranath et al., 2000; Yoshida et al., 2012). Participants who obtained 82 points or less in total score were excluded from this study because of the possibility of dementia. The sensitivity and specificity of the total ACE-R score was reported to be 99 and 99%, respectively, for dementia when the cut-off score of 82/83 was used, and 87 and 92%, respectively, for MCI, when the cut-off score of 88/89 was used (Yoshida et al., 2012). In addition to the total score, the scores for each of the five cognitive domains, the sub-score of verbal fluency such as semantic or phonological word recall, the sub-score of memory such as memorization, delayed memory, and recognition, and the sub-scores for others were also documented.



Image Preprocessing

Image preprocessing for the anatomical T1WI and rsfMRI dataset was performed using Statistical Parametric Mapping (SPM12, Wellcome Trust Center for Neuroimaging, London, United Kingdom) running on Matlab (R2016a, MathWorks, Natick, Mass, United States). The T1WI images were first segmented into component images including gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF), among others, by the segmentation approach included in SPM12. Bias-corrected T1WI and the transformation information from subject space to MNI (Montreal Imaging Institute) space were also obtained during segmentation. For rsfMRI dataset, we excluded the first 5 volumes in the series in order to account for the effects of the initial scanner inhomogeneity. Slice-time correction was then performed relative to the middle slice (slice 20), and the images were realigned to the mean functional volume. The mean volume, together with the realigned functional images, were then co-registered to the bias-corrected T1WI anatomical images. The co-registered functional images were normalized to the MNI space using the transformation information obtained during segmentation, resampled to have an isotropic voxel resolution equal to 2 x 2 x 2 mm3, and smoothed using an isotropic 8-mm full-width-at-half-maximum (FWHM) 3D Gaussian filter. To correct for head motion and contribution from other nuisance signals, we regressed out 24 motion-related regressors [Rt Rt2 Rt–1 Rt–12], where R = [x, y, z, roll, pitch, yaw] represents the estimated motion parameters (3 translations and 3 rotations). Signals extracted from spherical ROIs within the CSF (center’s MNI coordinate = [20, −32, 18], radius = 4 mm) and WM (center’s MNI coordinate = [24, −12, 34], radius = 4 mm), the global signal, as well as the signals’ derivatives were also removed. Finally, the preprocessed data were then bandpass filtered within 0.01–0.1 Hz. All preprocessing were performed using in-house Matlab scripts as reported previously (Bagarinao et al., 2019). The preprocessed dataset were used in the succeeding analysis.



Data Analysis


A Correlation Analysis and Regression Analysis for Age-Related Factors

In order to identify the factors related to aging, correlation analyses with age were performed using Spearman’s rank correlation coefficient method. Variables individually examined included gender, years of education, GMV, WMV, CSFV, and total intracranial volume (TICV) calculated from the anatomical T1WI images, the total score of ACE-R, and the sub-score of each domains (orientation / attention, memory, verbal fluency, language and visuospatial ability). In addition, sub-items of cognitive function in the ACE-R were also examined. Considering the ceiling effects, only sub-items with relatively high variance (SD > 0.5), such as the counts of the correct answer to the serial subtraction of number 7, phonological or semantic word recall score, picture naming score, and delayed recall (DR) score, were included in the analysis. The threshold for statistical significance was set at p < 0.05. Next, regression analysis was performed for each factor with significant correlation with age. The statistical significance threshold was set at p < 0.05. We examined two regression models. One is linear in age, and the other is quadratic. The appropriate regression model (linear vs. quadratic) was assessed using the coefficient of determination (R2), the Bayesian information criterion (BIC), and the Akaike’s information criterion (AIC).




VBM Analysis With Factors Associated for Aging

The total volumes of GM, WM, and CSF were calculated using the segmented components of the T1-weighted images. Using SPM 12, multiple regression analysis was performed with covariates including age, gender, years of education, and five cognitive domains (orientation/attention, fluency, memory, language, and visuospatial). Global calculation was performed using TICV. The threshold for statistical significance was set at a corrected p < 0.05 with a family wise correction (FWE). We also examined the association between GMV and the score of the DR, which showed the highest significant relationship with age in the above correlation analysis, under two different conditions. In one condition, age and the TICV were included as covariates, while in the other condition, age was excluded. Xjview1 was used to examine regions with significant association with age or the score of delayed memory in the resulting statistical maps. Automatic anatomical labeling (AAL) was used for the anatomical name of the identified region.



Resting State Network Analysis for Aging and the Associated Factors

To evaluate the relationship between factors associated with aging and brain functional networks, we used dual regression analysis. The preprocessed rsfMRI datasets from the 120 subjects were temporally concatenated, and group independent component analysis (ICA) was performed using the MELODIC software from the FSL package (Jenkinson et al., 2012). Thirty independent components (ICs) were derived across the whole sample, extracted, and visually compared to a set of reference RSN templates2 (Shirer et al., 2012) to identify several well-known RSNs. In dual regression analysis (Filippini et al., 2009), the extracted group ICs were used as spatial regressors and the temporal dynamics associated with each IC for each subject were estimated. These time courses were then used as temporal regressors in a second regression analysis to generate subject-specific maps associated with each group IC. Using the constructed subject-specific maps, regression analysis was performed with the cognitive function scores, year of education, age, gender, and GMV set as regressors. For the cognitive functional scores, in one condition, the scores of the five domains (attention/orientation, fluency, memory, language, visuospatial) were used. In another condition, the DR score was used instead of the memory score. Statistical analysis of each component map was performed using a non-parametric permutation test (5000 permutations), and regions with connectivity showing statistically significant association with each respective factors were identified. All statistical maps were corrected for multiple comparisons using FWE correction with threshold free cluster enhancement. Statistically significance was set at p < 0.05.




RESULTS


A Correlation Analysis and Regression Analysis for Age-Related Factors

In the correlation analysis using a Spearman’s rank correlation coefficient, the CSFV was the only factor which showed a significant positive correlation (r = 0.55). On the other hand, significant negative correlations with age were seen in the GMV (r = −0.58), DR score (r = −0.55), ACE-R total score (r = −0.36), attention / orientation score (r = −0.35), memory score (r = −0.38), and visuospatial ability score (r = −0.18) (Table 2). The other domains, language and fluency, were not significantly correlated with age. The education year also demonstrated negative correlation with age, which reflect the relatively high college enrollment rate in younger generation and was, therefore, excluded for further regression analysis.


TABLE 2. A summary of results in correlation analysis.
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For the regression analysis of each factor with age, we examined two regression models - linear and quadratic. Individual plots for the different factors examined are shown in Figure 1, whereas the combined plots for GMV, the DR score, ACE-R total score, attention / orientation, and memory, as functions of age are shown in Figure 2. The vertical axis showed the volume and the score of each subject as a standardized z-score, and the horizontal axis is age. The appropriate regression model, shown as solid line, was identified using both AIC, BIC, and R2. The best model was linear for GMV and visuospatial and quadratic for the DR, memory, attention / orientation, and ACE-R total. AIC, BIC, and R2 values for the two regression models of each factor are summarized in Table 3. Among the different cognitive function scores, the DR score showed the highest significant relationship with age. GMV showed a relatively steeper slope from the 20s, and fell below the average value (z - score = 0) at around the age of 50. On the other hand, the DR, total ACE-R score, memory and attention score are relatively stable until late 50’s and decline sharply afterward. The score of visuospatial ability showed mild linear change with age, but the R2 value was small, and its change was not reliable. The other two cognitive domains (language and fluency) did not show significant relationship with age.
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FIGURE 1. Plots for gray matter volume (GMV), total ACE-R score, five domains of the ACE-R (attention/orientation, memory, fluency, visuospatial, and language), and the delayed recall (DR) score as functions of age. Points represent actual data, whereas solid line/curves represent regression functions.
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FIGURE 2. The plots for GMV (black), the DR score (red), ACE-R total score (blue), attention / orientation (yellow), and memory (pink), as functions of age are shown. The vertical axis showed the volume and the score of each subject as a standardized z-score, and the horizontal axis is age.



TABLE 3. A summary of AIC, BIC, and R2 values for the two regression models of each factor.

[image: Table 3]


VBM Analysis With Factors Associated With Aging

With VBM, a strong negative correlation with age was observed in many regions across the cerebral cortex. The maximum negative correlation was found in the right posterior central gyrus. Areas with negative correlation with age were widespread and bilaterally observed in the lateral frontal cortices, the lateral temporal cortices, the lateral occipital cortices, the parietal cortices, the cingulate gyrus, the areas surrounding the intraparietal sulcus, and the medial temporal areas including the hippocampus (Table 4, upper row in Figure 3). In VBM analysis for 5 cognitive domains (attention/orientation, fluency, memory, language, visuospatial ability) and education with age and TICV as covariates, no region survived statistical significance.


TABLE 4. Anatomical structures correlated with age in VBM.
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FIGURE 3. VBM results. Regions with negative correlation with the age are shown in the upper row (blue), those with positive correlation with DR score without age as a covariate are shown in the middle row (yellow) and the overlapped regions between the two are shown in the bottom row (green) (FWE p < 0.05).


VBM analysis for DR and with TICV as the covariate showed positive correlation between DR and gray matter in a relatively large area including bilateral frontal cortices, bilateral temporal cortices, bilateral insular cortices, and bilateral cingulate cortices (p < 0.05, FWE) (Table 5, middle row in Figure 3). These regions overlapped with the part of the areas showing negative correlation with age (lower row in Figure 3). However, in the analysis where the age was also included as a covariate, no region survived.


TABLE 5. Anatomical structures correlated with age in VBM.
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Resting State Network Analysis for Aging and the Associated Factors

In the first step of the dual regression analysis, 18 resting networks were extracted (Figure 4). Those networks included the ventral and dorsal DMN, the right and left ECN, the anterior and posterior SN, the precuneus network, the dorsal attention network (DAN), lateral DAN, the dorsal and ventral SMN, the basal ganglia network (BGN), the language network (LN), the auditory network, the primary, medial, and higher VN, and the cerebellar network. Out of the 18 networks, eight networks exhibited within-network functional connectivity that was negatively correlated with age (p < 0.05, FWE), including the primary, medial, and higher VN, dorsal and medial SMN, DAN, anterior SN, and ventral DMN. The negatively correlated regions in each network were shown in Figure 5, and the anatomical location and voxel counts of those regions were summarized in Table 6. On the other hand, 10 networks did not show significant correlation with age. These networks included the left / right ECN, dorsal DMN, posterior SN, LN, lateral DAN, precuneus, cerebellum, auditory, and BGN.
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FIGURE 4. The 18 resting networks extracted at the first step of the dual regression analysis. DMN – default mode network; ECN – executive control network; Rt – right; Ant – anterior; Post – posterior.
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FIGURE 5. Resting state networks, shown in white, with within-network functional connectivity values that negatively correlated with age. The clusters shown in blue represented the areas with connectivity values showing significant negative correlation with age (FWE p < 0.05).



TABLE 6. Anatomical regions decreasing functional connectivity with age in the canonical RSNs.
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With regards to the relationship with cognitive function, the score of the domain of memory and the DR was found to be positively correlated with the SMN (p < 0.05, FWE). The regions with positive correlation in the SMN were almost the same in the memory and the DR (Figure 6, Table 7). Furthermore, the score of the fluency was found to be positively correlated with 4 networks, the right ECN, the primary visual, and the dorsal SMN (Figure 6, Table 7). Longer years of education was weakly associated with higher connectivity in the primary visual network, the precuneus, the DAN, and the ventral DMN, and with lower connectivity in the cerebellar network (p < 0.05, FWE).
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FIGURE 6. Resting state networks, shown in white, with within-network functional connectivity values that positively correlated with the score of fluency, memory, and delayed recall (DR). The clusters shown in yellow-red represented the areas with connectivity values showing significant positive correlation with the different scores (FWE p < 0.05).



TABLE 7. Anatomical regions increasing functional connectivity with cognitive score in the canonical RSNs.
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DISCUSSION

In this study, we evaluated the relationship between aging and cognitive function in a total of 120 healthy subjects consisting of a balanced number of participants within age-groups of 20s, 30s, 40s, 50s, and 70s, who maintained relatively good cognition. Our results were as follows: (1) Among the sub-scores of domains in the cognitive test, the DR, memory, attention/orientation, and visuospatial scores were significantly correlated with age. (2) The score of the DR demonstrated the highest negative correlation with age in this healthy cohort. In the regression analysis, the language and fluency scores did not show significance, whereas other domains (attention/orientation, memory, and visuospatial), and the DR score showed significant relationship with age. A quadratic approximation of the attention/orientation, memory, and the DR scores as functions of age showed relatively delayed decline compared to the total GMV loss. (3) In VBM analysis, widespread brain regions demonstrated negative correlation with age. However, no regions have GM values that correlated with the scores of all domains in the cognitive test when age was included as a covariate. (4) In the analysis for RSNs, although several networks demonstrated a decrease of within-network functional connectivity with age, such a decrease was not observed in 10 networks including the left / right ECN, dorsal DMN, posterior SN, LN, lateral DAN, precuneus, cerebellum, auditory, and BGN. (5) The SMN was positively correlated with the scores of the domain of memory and fluency, and the DR score.


Morphological Analysis for Aging and Cognition

We selected subjects whose ACE-R score was above the cutoff and was considered normal in cognition. Even in such subjects, ACE-R showed variances in some domains and sub-scores with the DR being the most sensitive sub-score for aging. This finding has a clinical importance to interpret the results of ACE-R. DR purely evaluates short-term memory, not tightly associated with one’s experience, and reflects fluid intelligence. Among the five domains of this cognitive screening test, memory, attention/orientation, and visuospatial ability significantly demonstrated negative correlation with age. On the other hand, language and fluency were not significantly correlated with age. These two domains may not be strongly affected by aging in healthy cohort with a relatively maintained cognition, because language ability is more related to one’s experiences, knowledge, and vocabulary, that is, crystalized intelligence, and fluency also requires such functionality. These findings support the idea that crystalized intelligence is more maintained than fluid intelligence in healthy aging (Baltes et al., 1999).

In VBM analysis, our results showed that the GMV widely declined with age, even starting from the early 20s. This result is consistent with many previous studies (Good et al., 2001; Giorgio et al., 2010; Taki et al., 2011). Regarding the location of regions showing negative correlation with age, the areas around the central sulcus and the intraparietal sulcus were commonly reported in several literatures (Good et al., 2001; Giorgio et al., 2010; Taki et al., 2011), but as to deep brain structures such as the hippocampus, the results differed (Good et al., 2001; Giorgio et al., 2010; Taki et al., 2011; Squarzoni et al., 2018). In our study, we found a significantly lower GMV in bilateral regions around the central sulcus and the intraparietal sulcus, and bilateral medial temporal areas including the hippocampus in older adults. In Alzheimer’s disease, atrophic changes of GMV have been observed in the medial temporal lobe and the temporo-parietal junction. These changes were also frequently observed even in the stage of mild cognitive impairment (MCI) (Baron et al., 2001; Risacher et al., 2009). We adopted 83 as the cutoff of ACE-R in this study (Mathuranath et al., 2000; Yoshida et al., 2012), and our cohort included four individuals whose total score was between 83 and 89. These individuals may potentially be at the prodromal stage of dementia, that is, MCI, and could have influenced our results. The WMV was known to demonstrate a U-shaped change with age (Bagarinao et al., 2018), and therefore, we could not find a linear correlation in our analysis. In VBM, we did not find regions with GMV that correlated with the scores of cognitive domain in ACE-R when age was included as a covariate. This result reflects difficulty to evaluate significant relationship between cognition and morphological changes when simultaneously accounting for the influence of age. In the analysis without age as a covariate, the DR score positively correlated with the GMV of a relatively wider brain region that included bilateral frontal cortices, bilateral temporal cortices, bilateral insular cortices, and bilateral cingulate cortices. We assumed that the function of the DR may require activities in a variety of regions including the hippocampus and the nearby medial temporal structures. However, such a topographic characteristic was not observed in our results. These results should be interpreted with care considering the dependence of both DR and GMV with age. In other words, the affected regions may be “related to the decline of the DR score due to aging” and not to the DR function itself. A study by Takeuchi et al., which examined this relationship using a large sample and age-matched healthy young adults with mean age of 20.8 years and SD of 0.8, reported that there was no strong correlations between regional GMV and specific cognitive domains. Diverse cognitive functions may be weakly associated with regional GMV in widespread brain areas, and may be difficult to detect this association in this analysis.

Regarding the relationship between the morphological changes of the brain and cognition with age, Schnack et al. (2015) reported about the relationship between the intelligence quotient (IQ) and the thickness of the cortex over age. Higher IQ was associated with larger and thicker surface area until around the age of 20, but this relationship weakened from the age of 40 to 50. They also mentioned that individuals maintaining high IQ may form highly efficient formation of brain networks (Schnack et al., 2015). Although they utilized the IQ, which has four domains including the language, working memory, visuospatial, and performance speed, the results was similar to ours. Our results also demonstrated that the GMV decreased with age from a relatively early stage (20’s), whereas the domain of memory and attention, as well as the DR score was maintained to some extent until the late 50s. In healthy aging, a decrease in the GMV and a decrease in cognition showed such temporal dissociation and never showed parallel relationship. The absence of this relationship could not be simply explained by morphological analysis in the brain, and therefore, we supposed that the network analysis was necessary.

More broadly, existing studies have shown that GM continuously declined with age. Thus, it is indeed intriguing that cognitive scores have inverse U-shaped behavior as a function of age, while GMV decreased linearly. Although speculative, this may point to some possible reserve mechanisms at work, where reserve capabilities are accumulated during childhood and young adulthood. The concept of brain or cognitive reserve (Stern, 2002; Satz et al., 2011; Barulli and Stern, 2013) hypothesized the accumulation of neural resources over the years that could lessen the effects of neural decline associated with aging or age-related diseases (Cabeza et al., 2018). Factors such as longer education, greater physical activity, and involvement in demanding leisure activities, among others, affect reserve capacity (Cabeza et al., 2018). This possibly drive the relative preservation in cognitive scores before it peaks and started to decline. Since reserve can also manifest in terms of efficient use of neural resources (Solé-Padullés et al., 2009), large-scale brain networks may also have important roles to play in the maintenance of cognitive functions during aging. To fully understand the association among brain structure, network, and cognition in the aging brain, more studies are needed.



Network Analysis for Aging and Cognition

Previous studies have reported that the connectivity within networks, such as DMN, decreased with age (Damoiseaux et al., 2008; Koch et al., 2010; Jones et al., 2011). Our results also demonstrated similar within-network connectivity decreases in 8 out of 18 RSNs. Specifically, the ventral DMN showed significant decrease in functional connectivity, but not the dorsal DMN. Similar results have been previously reported (Campbell et al., 2013; Huang et al., 2015; Bagarinao et al., 2019). The functional difference between the two is currently not well understood. The ventral DMN is more associated with memory, a hippocampus – dependent function (Damoiseaux et al., 2012), and this network may weaken over age as memory declined. Campbell et al. (2013) examined age-related differences in the intrinsic functional connectivity in subsystems of the DMN. Their findings showed that the subsystem involving dorsal posterior cingulate cortex (PCC) to the fronto-parietal regions was relatively maintained in the elderly, whereas that involving the ventral PCC declined in functional connectivity. The dorsal PCC is a core region in the dorsal DMN, and this could be a reason for the observed discrepancy between ventral DMN and dorsal DMN in our study. With regards to the LN, which also showed no association between connectivity and age, we found regional similarity of its connectivity to that of the dorsal DMN. Both networks shared common regions in the dorsal PCC and dorsomedial prefrontal cortex (Figure 7). The relative maintenance of the dorsal PCC’s connectivity may also explain the relative preservation of LN. In addition, the LN is associated with language ability, an important part of crystalized intelligence. Therefore, this result may be a reflection of the relative maintenance of crystalized intelligence over age. In the absence of supporting literature, more studies examining the association between LN and the network associated with crystallized intelligence are needed. Among the other core cognitive networks, the right / left ECN, lateral dorsal attention, precuneus, and posterior SN have within-network functional connectivity values that did not significantly correlated with age. Previous studies have reported that these networks have decreased within-network functional connectivity (Onoda et al., 2012; Ferreira and Busatto, 2013). However, relative sparing of the functional connectivity in the prefrontal and parietal cortex over age has also been reported (Rajah and D’Esposito, 2005; Reuter-Lorenz and Cappell, 2008; Grady, 2012). These regions are well known to be important for cognitive control, which is a function for the effortful use of cognitive resources to guide, organize, or monitor behavior (Grady, 2012). The networks which were not correlated with age in our study, such as dorsal DMN, the LN, the right / left ECN, lateral dorsal attention, and the posterior salience, included these regions. Some reports suggested that these networks were important for cognitive reserve (Onoda et al., 2012; Chand et al., 2017). Taken together, our results suggest that networks involved with cognitive control were not significantly associated with age. This may reflect the characteristics of our cohort, who had relatively maintained cognition.


[image: image]

FIGURE 7. The overlapped regions between the dorsal default mode network (DMN) and the language network (FWE p < 0.05).


Networks associated with primary processing, including ventral and dorsal SMNs and primary VN, demonstrated decrease in functional connectivity with age consistent with previous reports using resting state fMRI and / or task fMRI (Cliff et al., 2013; Roski et al., 2013; Huang et al., 2015; Bagarinao et al., 2019). These results are reasonable considering the vulnerability of the GMV in these areas to aging, physical deterioration, and less external stimulation in the elderly. However, other studies have also demonstrated that the functional connectivity in the primary processing networks is unchanged in advancing age (Geerligs et al., 2015). Therefore, this finding remained inconclusive. The networks related to high-order visual processing also showed negative correlation with age in our study, consistent with previous reports (Yan et al., 2011; Bagarinao et al., 2019).

In terms of the relationship between cognitive functions and functional connectivity within networks, our results demonstrated that the memory score, the DR score, and the fluency score were positively correlated with the SMN. A close relationship between motor function and cognitive function has been reported in behavioral experiments and epidemiological surveys (Clarkson-Smith and Hartley, 1989; Weuve et al., 2004). Recently, a study has reported that physical exercise improved gait speed, and cognitive performance, through the increasing involvement of motor-related networks (Ji et al., 2018). Voss et al. also reported that cardiorespiratory fitness moderated the adverse effects of aging on cognitively and clinically relevant functional brain networks (Voss et al., 2016). Another study also reported that increased functional connectivity of posterior cingulate gyrus / precuneus in individuals with MCI after excise training possibly increase cognitive reserve (Chirles et al., 2017). The neural basis of exercise as an intervention for the maintenance of cognition is being gradually elucidated by recent network analyses, and this may lead to the development of an effective modality about intervention by exercise to prevent cognitive impairment (Huang et al., 2016). The fluency score also showed positive correlation with the right ECN, and weak correlation with the primary VN. Working memory is related to word phonological fluency, and knowledge and vocabulary are related to word categorization fluency (Ruff et al., 1997; Rende et al., 2002; Stolwyk et al., 2015). This association may reflect the relationship between the score of fluency and the ECN. Other cognitive function scores did not show any significant association with the connectivity of any network.

In terms of education history, longer schooling was associated with higher connectivity in the primary VN, the precuneus network, the DAN, and the ventral DMN. The education history was reported to have a correlation with cognitive reserve. In a study with a 4-year follow up, the group with short education history had a 2.2 times higher risk of developing dementia (Stern et al., 1994; Stern, 2009). A more recent study has shown that the risk is 1.5 times higher (Livingston et al., 2017). Given this, long education history plays an important role to keep cognition within normal range, and the neural basis for this may be related to cognition-related networks such as the DAN and the ventral DMN. These networks may have an important role for cognitive reserve. Although the long history of education negatively correlated to the cerebellar network, there has been no report regarding this finding. Recently, there are some reports about detailed analysis for the RSNs in the cerebellum (Dobromyslin et al., 2012; Kawabata et al., 2020). Further study is warranted.



Limitations

Finally, we enumerated our study’s limitations. First, in the VBM analysis for the DR score, the influence of age could not be completely separated. To identify specific regions related to the DR score using VBM, it is necessary to match the age of all participants and examine individual differences in the DR score. Second, ACE-R is typically used for healthy screening, and has a ceiling effect. Under this limitation, we cannot fully discount its contribution in the observed inverse U – shape behavior in some cognitive domains as functions of age. However, such an inverse U-shape curve is not uncommon in aging studies and has been reported for some cognitive scores (Douaud et al., 2014). Moreover, the sensitivity of the sub-score of ACE-R is not well understood. Therefore, the use of specific cognitive batteries is necessary for a more detailed cognitive evaluation. Third, we just examined the strength of the connectivity within networks. Analysis of the interaction among networks is necessary to fully understand how brain networks contribute to preserve cognition from the GMV loss. There are two important hypotheses, the differentiation (Park et al., 2004; Voss et al., 2008; Goh, 2011) and compensation (Grady et al., 1994; Cabeza, 2002; Davis et al., 2008). To evaluate these mechanisms, the between-network analysis will be performed in a future study. Fourth, this study used cross-sectional data collected by each age-group, not a longitudinal observation of individuals. Finally, the effect of head motion during rsfMRI scanning cannot be completely ruled out especially in aging studies (Kato et al., 2020).




CONCLUSION

In our study using a well-balanced healthy cohort in terms of the number of participants and age, we found mixed aging characteristics of brain networks. Among the sub-scores of the cognitive screening test, the DR, memory, attention/orientation, and visuospatial scores were significantly correlated with age, but not language and fluency. Furthermore, the cognitive domains that correlated with age, even the highly correlated sub-scores such as the DR score, showed delayed decline compared to the loss of total GMV. In RSN analysis, the ventral DMN, some networks involving primary processing (the primary VN, the dorsal and ventral SMN), and network related to visual function have within-network connectivity values that negatively correlated with age. On the other hand, some RSNs including the left / right ECN, dorsal DMN, posterior SN, LN, and lateral DAN, have within-network connectivity values that were maintained with age in this cohort. This may reflect a relative preservation in cognitive control function and crystalized intelligence in our cohort. Furthermore, the score of memory, fluency, and the DR was correlated with the sensorimotor network, which supported the importance of the exercise for maintenance of cognition.
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To understand the mechanisms underlying preserved and impaired cognitive function in healthy aging and dementia, respectively, the spatial relationships of brain networks and mechanisms of their resilience should be understood. The hub regions of the brain, such as the multisensory integration and default mode networks, are critical for within- and between-network communication, remain well-preserved during aging, and play an essential role in compensatory processes. On the other hand, these brain hubs are the preferred sites for lesions in neurodegenerative dementias, such as Alzheimer’s disease. Disrupted primary information processing networks, such as the auditory, visual, and sensorimotor networks, may lead to overactivity of the multisensory integration networks and accumulation of pathological proteins that cause dementia. At the cellular level, the brain hub regions contain many synapses and require a large amount of energy. These regions are rich in ATP-related gene expression and had high glucose metabolism as demonstrated on positron emission tomography (PET). Importantly, the number and function of mitochondria, which are the center of ATP production, decline by about 8% every 10 years. Dementia patients often have dysfunction of the ubiquitin-proteasome and autophagy-lysosome systems, which require large amounts of ATP. If there is low energy supply but the demand is high, the risk of disease can be high. Imbalance between energy supply and demand may cause accumulation of pathological proteins and play an important role in the development of dementia. This energy imbalance may explain why brain hub regions are vulnerable to damage in different dementias. Here, we review (1) the characteristics of gray matter network, white matter network, and resting state functional network changes related to resilience in healthy aging, (2) the mode of resting state functional network disruption in neurodegenerative dementia, and (3) the cellular mechanisms associated with the disruption.

Keywords: resting state network (RSN), anatomical networks, MRI, aging, dementia, network hub, energy failure


INTRODUCTION

Patients with dementia have limitations in activities of daily living due to impaired memory, language comprehension, executive function, visuospatial function, and judgment. These functions also decline with normal aging, but without limitations in activities of daily living. This is because “intelligence,” the ability to act purposefully and with reason as well as effectively interact with the environment to solve problems, is well-preserved (Deary, 2012; Park and Bischof, 2013). Interestingly, primary sensations (hearing, touch, and smell), motor function, memory, calculation, and intuition peak at around 20 years of age, followed by a gradual decline; concentration and emotional cognition peak at around 45 years of age, while comprehension, vocabulary, and judgment peak at around 60 years (Hartshorne and Germine, 2015). Considering the aging population, relationships between memory and aging should be determined.

Alzheimer’s disease (AD), dementia with Lewy bodies (DLB), and frontotemporal lobar degeneration (FTLD) develop in the elderly population and share the accumulation of pathological proteins (tau and amyloid-β in AD, α-synuclein in DLB, and TDP-43, tau, and FUS in FTLD). However, many older adults with brain atrophy demonstrate normal higher mental functions and intelligence. The accumulation of tau and amyloid-β in AD patients begins more than 20 years before the disease onset, and there is a long asymptomatic or pre-clinical period despite accumulation of pathological proteins (Jack et al., 2013; Masters et al., 2015). In addition, some patients with mild cognitive impairment (MCI) return to the preclinical stage of the disease (with memory impairment but no limitations in activities of daily living) (Ding et al., 2016). In contrast, some asymptomatic patients have pathological accumulation of proteins that is suggestive of AD (Snowdon, 2003).

To understand the plasticity and adaptation of brain, the following facts should be considered:


1.Various aspects of intelligence peak after the age of 45 years,

2.Pathological protein accumulation and brain atrophy do not always correlate with the symptoms, and

3.Patients may transition between the preclinical and MCI stages.



Although various recent studies have provided perspectives to answer these questions in terms of the balance between energy demand and supply in the brain (Camandola and Mattson, 2017; Mattson and Arumugam, 2018; Vandoorne et al., 2018; Diederich et al., 2019), these studies mainly focused at the cellular level, and only a limited number of studies have focused on the relationship between energy and large-scale networks in the brain.

Techniques to analyze brain networks using magnetic resonance imaging (MRI) (Suárez et al., 2020), magnetoencephalography and electroencephalography (Prichep, 2007; de Haan et al., 2009) have become widely available in recent years, which has improved our understanding of the relationships between aging and dementia. Measures of structural and functional brain connectivity using MRI have become widely used as reliable indicators in assessing brain reserve and incompatibility, and in predicting progression to dementia (Farb et al., 2013; Teipel et al., 2016). In our large aging cohort study, we have also employed MRI data to investigate age-related changes in anatomical circuits (Bagarinao et al., 2018), brain volumes (Bagarinao et al., 2018), white matter fiber tracts (Choy et al., 2020), and resting-state functional circuits (Bagarinao et al., 2019, 2020a,b). We have recruited a total of more than 1,500 healthy adult volunteers aged 20–80 years from Nagoya, which is Japan’s fourth most populated city, and neighboring areas to elucidate age-related changes in brain networks. We have also collected demographic data, including education, past medical history, medication, drinking and smoking habits, and family history of neurodegenerative diseases, Mini-Mental State Examination (MMSE) and Addenbrooke’s Cognitive Examination-Revised (ACE-R) for general cognition. ACE-R evaluates five cognitive subdomains, including orientation/attention, memory, verbal fluency, language and visuospatial ability (Mioshi et al., 2006), and has been reported to have excellent sensitivities and specificities (>0.8) for the diagnosis of MCI and dementia (Livingston et al., 2017). In addition to aging studies, we have also employed similar brain network analysis to examine network alterations in patients with neurodegenerative disorders such as AD (Yokoi et al., 2018), amyotrophic lateral sclerosis (ALS) FTLD (Ogura et al., 2019; Imai et al., 2020), Parkinson’s disease with mild cognitive decline (Kawabata et al., 2018) and others.

In this review, we summarize our findings as well as existing evidence from other studies on the characteristics of brain networks of healthy older adults and patients with early dementia and discuss the backgrounds of the potential mechanism at the cellular level of the transition from healthy aging to dementia.



WIDESPREAD ATROPHIC CHANGES AND NETWORK ALTERATIONS IN THE BRAIN’S GRAY MATTER WITH AGING

Several MRI studies measuring brain atrophic changes with aging have shown a global decline in gray matter volume (Figure 1A; Good et al., 2001; Allen et al., 2005; Smith et al., 2007; Bagarinao et al., 2018). However, the rate of gray matter volume decline across the whole brain varies. In one study (Bagarinao et al., 2018), we identified regions with similar patterns of age-related brain atrophy in a data-driven approach using independent component analysis (ICA), a method that can be used to separate multivariate signals into multiple additive components, assuming that the observed data is a linear superposition of independent components (Figure 1C; Bagarinao et al., 2018). We have identified 192 regions, which interestingly closely resembled that of the conventional anatomical structures and Brodmann’s brain map areas. Among these regions, the volume of 174 (90.6%) negatively correlated with age, especially the central posterior gyrus (Figure 1D), cerebellum, central gyrus, and inferior frontal gyrus. On the other hand, the thalamus (Figure 1E), regions located in the medial frontal lobe, and the superior frontal gyrus demonstrated relatively preserved volumes. In addition, the volumes of regions such as the parahippocampal gyrus (Figure 1F) had an inverted U-shape relationship with age, with the maximum volume at 45–50 years. A similar U-shaped relationship was also observed with the volume of the putamen (Figure 1G).
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FIGURE 1. Parcellation map for the unbiased, data-driven, age-related brain structure. Total gray matter volume decreased with aging (A). However, the total white matter volume peaked at around 50 years of age, followed by a decrease (B). Using independent component analysis, we extracted 192 brain regions related to aging (C). Based on this parcellation map, we identified regions where brain volume decreased with age (e.g., post central gyrus, D), remained stable (e.g., thalamus, E), or peaked at around 45 years of age and then decreased (e.g., parahippocampus, F, and putamen, G). GMV, gray matter volume; WMV, white matter volume; ICA, independent component analysis. This figure is adapted from Bagarinao et al. (2018).


In the same study, we also examined the relationships between age and gray matter network properties, including integration and efficiency, using graph theory. We used the ICA-identified regions as network “nodes,” the correlations of gray matter values between nodes as “edges,” and the entire brain as a set of vertices and edges that form a network. Estimated hub indices, which indicate overall brain integration, and the indices associated with network efficiency exhibited a U-shaped or inverted U-shaped relationship with age, with a peak at around 45–50 years of age. These spatially connected intrinsic brain volume changes and network reconfiguration associated with the increase in network segregation and integration after 50 years of age may provide the needed maintenance of normal social and cognitive status of the elderly and may also lead to the onset of age-related neurodegenerative diseases.



AGING AND CHANGES IN WHITE MATTER VOLUME AND NETWORK

Studies investigating age-related changes in the brain’s white matter have shown that the total white matter volume had an inverted U-shape relationship with age, characterized by an initial increase in volume until around 45–50 years of age, followed by a decrease (Figure 1B; Allen et al., 2005; Fjell et al., 2013; Bagarinao et al., 2018). Aside from the total volume, more recent studies have also examined age-related microstructural changes in the white matter’s fiber tracts. Diffusion-weighted MRI (dMRI) is a technique based on the diffusion of water molecules in tissues and can be used to evaluate white matter fibers. Using dMRI, scalar quantities such as diffusion anisotropy (fractional anisotropy, FA) and mean diffusivity (MD) can be estimated and used as indirect measures of white matter integrity. Generally, FA decreases with age, while MD increases, indicating a general decline of white matter integrity with age. These metrics, however, do not consider the influence of crossing and kissing fibers in a voxel, which could affect the analysis (Jeurissen et al., 2013).

In another study (Choy et al., 2020), we used the recently developed fixel-based analysis (FBA) (Raffelt et al., 2017), which employed a more advanced diffusion model to resolve multiple fiber populations in a single voxel, to evaluate specific structural changes in each nerve fiber tract. Using FBA, we examined the relationships between age and FBA parameters, such as fiber density (FD), fiber cross-section (FC), and the combined measure of fiber density and cross section called FDC (FD × FC), in 293 healthy participants aged 21–86 years (Choy et al., 2020). We also performed tract-level analysis using the Johns Hopkins University (JHU) white matter tractography atlas, which consists of 11 major fiber tracts, including the anterior thalamic radiation (ATR), cingulum (cingulate gyrus, CCG), cingulum (hippocampus, CH), corticospinal tract (CST), forceps major (FMaj), forceps minor (FMin), inferior fronto-occipital fasciculus (IFOF), inferior longitudinal fasciculus (ILF), superior longitudinal fasciculus (SLF), superior longitudinal fasciculus (temporal, SLTem), and uncinate fasciculus (UF) (Figure 2).
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FIGURE 2. Major anatomical tracts of the brain. Major fiber tracts based on the Johns Hopkins University – International Consortium for Brain Mapping (JHU-ICBM) atlas, warped onto the study’s population template space were used for the tract-level analyses of fiber density (FD), fiber cross-section (FC), and combined measure of fiber density and cross-section (FDC). ATR, anterior thalamic radiation; CCG, cingulum (cingulate gyrus); CH, cingulum (hippocampus); CST, corticospinal tract; FMaj, forceps major; FMin, forceps minor; IFOF, inferior fronto-occipital fasciculus; ILF, inferior longitudinal fasciculus; SLF, superior longitudinal fasciculus; SLTem, superior longitudinal fasciculus (temporal); UF, uncinate fasciculus. This figure is reproduced with permission from Choy et al. (2021).


Our findings showed that FD decreased significantly with age in 5 of the 11 major fiber tracts (ATR, CCG, CH, FMin, and SLF). This decrease is consistent with previous histopathological reports that white matter axons in the corpus callosum are damaged with age (Hou and Pakkenberg, 2012). On the other hand, the FD of 6 of the 11 fiber tracts did not show a significant negative correlation with age, and the FD of FMaj, IFOF, and ILF only showed a small, but insignificant, change with age. Interestingly, the FC of CH significantly increased with age, whereas that of ATR and UF showed an increasing trend with age but not significant. This may be explained by the fact that the white matter volume peaks at around 45–50 years of age, and the volumes of the middle frontal gyrus, thalamus, parahippocampal gyrus, and superior frontal gyrus remain relatively preserved. A recent meta-analysis reported that aerobic exercise could prevent the age-related decrease in hippocampal volume (Firth et al., 2018). The relationships between exercise and the associated changes in white matter fibers and brain volume during healthy aging still require further investigation. FDC, representing a comprehensive index that evaluates both FD and FC, negatively correlated with age in 6 of the 11 fiber tracts (ATR, CCG, CST, FMin, IFOF, and ILF). As for the CCG and FMin, which are mainly located in the frontal lobe, the FD, FC and FDC were negatively correlated with age.

Age-related changes in white matter fibers are not uniform, as is the case with brain volume, and about half of the major white matter circuits, especially those located posteriorly, are unaffected by aging, which may relate to the preserved cognitive function and intelligence.

As shown, some gray matter areas and white matter volumes did not uniformly decrease with age, and the volumes of white matter and some gray matter regions were not only considerably maintained until 45–50 years of age, but also tended to increase. These volume changes have important implications for the pathogenesis of various cognitive functions and intelligence in middle-aged and older adults.

In monkeys, the decrease in gray matter volume was a result of decreased dendrites and synapses, rather than neurons (Page et al., 2002), which explains why a U-shaped relationship does not occur during their aging process. A recent study has demonstrated that myelin fragmentations were gradually released from aging myelin sheaths and were subsequently cleared by microglia resulting in the formation of insoluble, lipofuscin-like lysosomal inclusions in microglia (Safaiyan et al., 2016). In a study that quantified the density of HLA-DR-positive activated microglia in the white matter of postmortem samples of cognitively normal young adults, cognitively normal older adults, and “super-agers” aged 80 years or older whose memory test scores were equivalent to or higher than those of people aged 50–65 years, the statistical significant differences in microglia density were evident between normal young adults and cognitively normal old but not between normal young adults and SuperAgers (Gefen et al., 2019). A more recent study identified white matter-associated microglia, which form in a TREM2-dependent but APOE-independent manner in aging white matter, where they form nodules that are engaged in phagocytosing damaged myelin (Safaiyan et al., 2021). These findings suggest that there are dynamic changes in the white matter of the brain that regenerate and manage degenerated myelin during aging, which may be associated with healthy cognitive function and toward disease progression.



AGE-RELATED CHANGES IN THE BRAIN’S FUNCTIONAL NETWORKS

Resting-state functional MRI (rsfMRI) is a non-invasive imaging modality that can measure spontaneous low-frequency fluctuations in the blood oxygenation level-dependent (BOLD) signal. The BOLD effect is a phenomenon in which local neural activity changes the binding of blood hemoglobin to oxygen, resulting in a change in magnetism in the same region, which in turn causes a change in the MRI signal (Ogawa and Lee, 1990). Using rsfMRI, various resting-state networks (RSNs) representing spatially distinct areas of the brain that demonstrate synchronous BOLD fluctuations at rest can be identified (Biswal et al., 1995). Typical methods for studying RSNs include ICA, seed-based analysis, and graph theory. These methods examine the relationships between specific regions and the whole brain. ICA for the whole brain is useful to identify large-scale networks, such as the default mode (which activates when the participant is concentrating on an internally oriented task related to cognitive function), primary information processing-related (motor sensory, visual, and auditory networks) and multisensory integration (executive control, salience, and dorsal attention networks) networks.

In our analysis of large-scale brain networks of normal individuals (Bagarinao et al., 2019), within large-scale network connectivity was significantly reduced with age, whereas increased connectivity was observed with regions outside the network. General higher mental functions, assessed by the ACE-R score, were higher for patients with preserved connections within primary information processing-related networks such as auditory and primary visual networks.

In addition, older adults demonstrated a stronger connectivity in the dorsal attention network (which belongs to the multisensory integration network, is active during spontaneous attention and reorientation to unexpected events, and integrates multiple primary information processing), primary information processing-related network (sensorimotor and primary visual networks), default mode network (precuneus network), and the multisensory integration network (salience network). The strength of connections among the default mode, executive control, and salience networks (also called the neurocognitive networks) correlated with higher general cognitive function. On the other hand, stronger connections of the primary information processing networks (sensorimotor, primary visual, and higher visual networks) with the salience and basal ganglia networks were associated with lower general cognitive function.

An analysis of the integrity of large-scale networks in elderly and young participants (<30 years of age) demonstrated decrease in the integrity of most large-scale networks with age. Interestingly, cognitive functions were higher in participants with preserved integrity of the primary visual, higher visual, sensorimotor, and dorsal attention networks.

Using a parcellation map that subdivides the brain into 499 regions of interest (Shirer et al., 2012), we also performed network analysis using graph theory with each region of interest used as a node, and functional connections between nodes considered as edges. Our findings showed that the shortest path length decreased, the overall efficiency increased, and the network integration increased with age.

We further evaluated whether connectivity measures associated with resting-state functional networks or age affects the ACE-R scores, using mediation analysis, and observed that changes in a resting-state functional network had a stronger influence on ACE-R scores compared to age. Recent studies have demonstrated that an enhanced connectivity between resting-state functional networks plays a vital role in patients with preserved motor and higher brain functions in adulthood, despite hemisection of the brain in childhood (Kliemann et al., 2019). Additionally, in patients with glioma in the left hemisphere, enhanced executive control network on the right side was associated with preserved higher mental functions (Maesawa et al., 2015). These results support the idea that resting-state functional network connectivity is related to cognitive function.

Overall, these findings suggest that intra-network connectivity decreases and extra-network connectivity increases in human large-scale functional networks with age, and the integrity of many large-scale networks diminishes in older age. These findings are consistent with those reported previously from Europe and the United States (Betzel et al., 2014a,b), and across different ethnicities. Additionally, the connectivity of dorsal attention (Ptak et al., 2017) and large-scale networks related to primary information processing enhanced with age. However, it is interesting that the general cognitive function is better if the integrity of primary information-related network is preserved. Epidemiological studies have reported hearing loss in middle age and lack of exercise are observed in 9% and 3% of patients with dementia, respectively (Livingston et al., 2017), and reduced contrast sensitivity is a risk factor for cognitive decline in women (Ward et al., 2018). It is essential to clarify the relationships between risk factors for dementia related to primary information processing networks and resting-state functional networks. Because the strength of connections between networks plays a central role in cognitive function [such as executive control, salience, and default mode (Menon, 2011) and ACE-R scores], lifestyle habits that promote increased connectivity between these networks may help prevent dementia.



DEMENTIA AND FUNCTIONAL NETWORKS: POSITIONING OF HUBS

As described above, healthy aging is characterized by a decline in the function of primary information processing-related networks, and retention and enhancement of multisensory integration networks. The multisensory integration network is considered the “hub” of the brain because it integrates the dispersed neural activities, thereby allowing efficient cognitive functions (Stam, 2014; Lynn and Bassett, 2019). Outside the multisensory integration network, cerebral hubs exist mainly in the default mode network (Bagarinao et al., 2020b). Hubs that integrate large networks with different functions are also called connector hubs, which are robust to aging (Bagarinao et al., 2020a), and may compensate for the loss of function of subordinate networks. In other words, connector hubs may provide robustness and resilience to the healthy aging brain.

The existing data suggest that selective hub vulnerability is responsible for the preferential accumulation of Aβ in the medial hubs of the default mode network and the preferential accumulation of tau in medial temporal lobe hubs in preclinical AD (Yu et al., 2021). In our study of early AD patients with significant amyloid-β deposition demonstrated by positron emission tomography (PET), the relationships between the distribution of THK5351 PET accumulation (reflecting tau burden), inflammation, and the resting-state functional network disruption were examined (Yokoi et al., 2018). Tau and inflammation accumulated in the precuneus (Utevsky et al., 2014) and posterior cingulate gyrus (Leech and Sharp, 2014), which are the hubs of the default mode network; the associated network disruption correlated with disease onset.

Similar findings were observed in patients with FTLD (Ogura et al., 2019; Rittman et al., 2019; Chen et al., 2020; Imai et al., 2020). We also studied patients with ALS, which is thought to reflect the early stage of FTLD. In these patients, the severity of the deficits was associated with a decrease in functional connectivity between the right spindle and lingual gyrus (the hub of speech production) as well as reduced semantic memory and word recognition (Ogura et al., 2019). In addition, we examined the decision-making disorder characteristic of FTLD, using probability inversion learning, and found that significantly more ALS patients selected a decision-making style that seemed to go their way. The degree of abnormality was associated with decreased functional connectivity of the anterior cingulate gyrus/frontal pole, a typical hub (Imai et al., 2020).

In a study of PD without dementia, which is closely related to DLB, patients with mild amnesia had impairments in the precuneus and posterior cingulate cortex, corresponding to the hub of the default mode network (Kawabata et al., 2018; Nagano-Saito et al., 2019). Intriguingly, Kanel et al. (2020) performed PET with [18F]-fluoroethoxybenzovesamicol ([18F]-FEOBV), a radioligand for vesicular acetylcholine transporter (VAChT), in patients with DLB to determine cholinergic vulnerability topography. The results showed that cholinergic vulnerability in DLB consists of important neural centers involved in the networks of tonic arousal (cingulate gyrus), attention (insular cortex), visual attention (visual thalamus), and spatial navigation (limbic and corpus callosum). This study showed that disruption of brain hub function may be associated with the development of dementia, even at the neurotransmitter level.



POSSIBLE CELLULAR MECHANISMS OF HUB VULNERABILITY IN THE AGING BRAIN AND NEURODEGENERATION

Hubs are presumed to be rich in synapses, including those on long axons. It is believed that 64% of the energy used by the brain is spent on synaptic transmission (Sengupta et al., 2013), and genes related to ATP synthesis and metabolic regulation are expressed in a coordinated manner in the mouse hub region (Fulcher and Fornito, 2016). Glucose metabolism is also active in the human hub region (Tomasi et al., 2013). On the other hand, the number and function of human mitochondria decrease by about 8% every 10 years (Short et al., 2005). Therefore, in advanced age, the hub region is always on the verge of an energy crisis. Importantly, the hub region was the preferred site of lesions of early-stage neurodegenerative dementia in our study.

Although the etiology of neurodegenerative diseases remains a mystery, there is much consensus on the effects of reduced energy metabolism, excitotoxicity, and oxidative damage on their pathogenesis (Beal, 2005; Sas et al., 2007; Fan et al., 2017; Toda et al., 2017). Regarding energy metabolism, the human brain consumes about 20% of the biological energy, even though its volume is only about 2% of the body mass (Mink et al., 1981; Attwell and Laughlin, 2001). Neurons are in a post-mitotic excitatory state and require very high energy to generate and transmit action potentials, release neurotransmitters at synapses, set static gradients of ion concentration, dispose of soluble proteins, and remove metabolites (Rangaraju et al., 2019). In addition, the metabolic cost of performing and maintaining neural functions is very high, especially for the billions of incessant synaptic transmissions, which use 80% of the energy required for the functioning of the neuronal network (Rangaraju et al., 2019). For this reason, impaired energy metabolism is considered an important trigger in aging of the central nervous system (Błaszczyk, 2020).

Oxidation of glucose, which is a fast generator of ATP, is the most important energy source for the brain, and the mitochondrial oxidative phosphorylation system plays a major role (Schönfeld and Reiser, 2013). On the other hand, the number and function of mitochondria are known to decline with age (Short et al., 2005), and mitochondrial dysfunction leads to decreased ATP production, decreased glycolysis, increased oxidative stress, limited neuronal self-repair capacity, and excessive neuronal apoptosis (Grimm and Eckert, 2017; Wang et al., 2020). Accumulation of damaged mitochondria is a universal feature of aging, and increased oxidative damage to mtDNA, mitochondrial lipids, and proteins correlates with the accumulation of dysfunctional, damaged organelles (Mecocci et al., 1993; López-Otín et al., 2013). These sequence of events can be most likely to affect neurons in the cortex, hippocampus, and basal ganglia, which have long unmyelinated axons, numerous synaptic connections, and high energy metabolism (Camandola and Mattson, 2017; Mattson and Arumugam, 2018; Vandoorne et al., 2018; Diederich et al., 2019).

In addition, accumulation of reactive oxygen species (ROS) as well as damaged mitochondria has been observed in the aging brain (López-Otín et al., 2013), and the age-related increase rate of 8′-hydroxy-2′-deoxyguanosine (OH8dG) in the cerebral cortex is more pronounced in mtDNA and a significant 15-fold increase was observed in those aged 70 years and older (Mecocci et al., 1993). ROS are involved in immune response, inflammation, synaptic plasticity, learning, and memory, and their excessive production causes oxidative stress, protein and DNA damage, and lipid peroxidation reactions (Kishida and Klann, 2007; Marinho et al., 2014). Mitochondria, in their hyperactivity, also induce excessive ROS production. Excitotoxicity is known to be associated with many pathological conditions such as stroke, epilepsy, hearing impairment due to exposure to excessive noise, and neurodegenerative diseases (Armada-Moreira et al., 2020). Under normal conditions, antioxidant enzymes such as superoxide dismutase, glutathione peroxidase, glutaredoxin, thioredoxin, and catalase regulate the levels of ROS. However, with aging, nitration and oxidation of proteins progresses, and decreased activity of SOD, catalase, and GSH reductase, as well as decreased GSH have been reported (Venkateshappa et al., 2012).

Autophagy is a fundamental cellular process that promotes homeostasis, differentiation, development, and survival by degrading molecules and intracellular elements such as nucleic acids, proteins, lipids, and organelles via lysosomes. In health and aging, autophagy plays a multifaceted role, including protein homeostasis, regulation of macromolecular availability, mitophagy, ER-phagy, nucleophagy, lysophagy, and xenophagy. Recently, the impairment of autophagy in aging and in neurodegenerative diseases has also received much attention. However, the relationship between autophagy and aging and diseases is very complex and has not yet been fully clarified (Aman et al., 2021).

Fluorodeoxyglucose (FDG) PET studies have shown that the hub region of the brain requires a lot of energy (Tomasi et al., 2013). FDG PET studies have also shown that the hub region of the brain is rich in genes related to energy (Fulcher and Fornito, 2016). While the load on the hub region increases due to age-related disturbances in the primary information processing network, energy disturbances, mainly mitochondrial disturbances, can disrupt the energy balance and oxidative stress balance in the hub region, resulting in a combination of increased ROS and disruption of autophagy. The process of dementia development, including the accumulation of pathological proteins, may be accelerated. In AD, PD, and FTLD, abnormalities in energy, mitochondria, excitotoxicity, reactive oxygen species, and autophagy beyond normal aging have been reported, and many reports indicate that these may cause accumulation of pathological proteins alone or in combination (Grimm and Eckert, 2017; Wang et al., 2020). In addition to the fact that aging is the most important risk factor for neurodegenerative diseases, it is urgent to elucidate the series of pathological conditions caused by the disruption of brain energy metabolism.

The dendritic spine of the synapse is the site of excitatory synaptic input, and is the basis for synaptic plasticity, including long-term potentiation and depression. The dendritic spine requires large quantities of ATP to support the rapid membrane pumping activity required to restore the ion gradient after synaptic activation. Therefore, in cases where the ability of a neuron to generate sufficient ATP is impaired (e.g., aging, ischemia, or neurodegenerative diseases), synapses are vulnerable to dysfunction and degeneration (Harris et al., 2012). In neurodegenerative diseases, increased activity occurs in various networks and neurons before the onset of disease, and acts as a compensatory mechanism (Gregory et al., 2017). Compensation by the hub, which is hierarchically located at the upper level of the disrupted lower network, may increase the energy requirements of the same region, and contribute to energy failure and accumulation of pathological proteins (Saxena and Caroni, 2011; de Haan et al., 2012). Treatment with febuxostat and inosine increased blood hypoxanthine and ATP in healthy adults, and a preliminary trial in 30 patients with Parkinson’s disease demonstrated symptomatic improvement (Watanabe et al., 2020).



LIMITATIONS AND FUTURE DIRECTIONS

In this review, we discussed the relationship between aging and brain network changes on individuals with normal cognition assessed mainly by general cognitive function test such as ACE-R. Since the current definition of dementia is the limitation of daily life activities due to the decline of cognitive functions, the use of general cognitive function tests to define “normal” general cognitive function will be sufficient in delineating the boundary between healthy aging and dementia. However, decline in episodic memory is a typical clinical manifestation of AD, but it is also observed early in normal aging. Interestingly, different neurocognitive processes were known to develop to compensate for this decline both in early AD and in normal aging (Tromp et al., 2015). Among different types of episodic memories, autobiographical episodic detail generation has been reported to be a good indicator for capturing minor cognitive dysfunction associated with AD (Grilli et al., 2018). Spatial navigation has also been reported to better reflect the early pathology of AD (Lithfous et al., 2013). Furthermore, processing speed, mental flexibility, digit span memory test, visual scanning, motor processes, and so on, are some of the tests that can be used to extensively evaluate the cognitive effects of aging (Hartshorne and Germine, 2015). And these indicators which are closely related to intelligence and wisdom acquired by humans with aging (Deary, 2012; Park and Bischof, 2013), may be related to the U curve phenomenon observed in gray matter and white matter volume analysis of the brain, as well as the enhancement of efficiency observed in functional networks identified using graph analysis. Changes in the default mode network have been reported even in cognitively healthy older adults, which some believe reflect processes that have enhanced cognitive function and promoted social and emotional well-being and stability in life (Andrews-Hanna et al., 2019). Changing the framework for interpreting alterations in internal cognitive function with aging may shed important light on the neurocognitive mechanisms that distinguish between normal and pathological aging and provide a more complete picture of the complexity of the aging brain. Large scale prospective observational studies with specific tasks which provide the information of early cognitive, social, and behavioral changes are essential to elucidate the relationship between healthy aging and dementia considering the inter-hemispheric and intra-hemispheric interaction and gender differences.

The inverse U-shaped change in white matter volume between the ages of 40 and 50 has been shown in several papers including ours. However, the mechanism is not fully understood. It has been shown that the peak of human cognitive function varies depending on its content. Elucidation of the relationship between these age-dependent peaks in cognitive function and gray matter, white matter, and functional circuits may provide important insights into whether the inverted U-shaped changes are compensatory or not. On the other hand, we may just be looking at the results of white matter aging and its response to changes at the molecular and cellular levels. Interestingly, Pichet Binette et al. (2020) used large multicohort structural MRI data from young to cognitively preserved elderly to derive morphological networks using ICA and extracted gray matter volumes in each derived network. In their study, the preservation of whole-brain gray matter patterns was associated with a lower risk of developing cognitive impairment than the preservation of gray matter volume.



CONCLUSION

Figure 3 summarizes the differences in functional networks between normal aging and dementia. Our basic premise is that age-related changes in brain structure and function are widespread and yet elderly participants remained cognitively normal. This suggests high degree of resilience in the brain, which possibly drives functional reorganization with hub regions playing critical roles. Structurally, there is extensive gray matter atrophy, but the rate of atrophy is not uniform across the entire brain. Similar changes can also be observed in the major white matter fiber tracts, with the fiber density exhibiting an overall decrease and fiber cross-section in some areas exhibiting an increase with age. Despite these structural changes, general cognitive performance in the elderly remains well-preserved, suggesting a high degree of resilience in the brain. This resilience may be responsible for the changes observed in the functional architecture of the brain. With aging, there is reduced connectivity within the large-scale functional networks. However, aging is also accompanied by increased connectivity of large-scale networks with outside regions, which could potentially serve as an important compensatory mechanism. Many regions, including integrative hub regions, may compensate to maintain normal cognitive function. Therefore, well-functioning hub regions may be critical for the normal general cognitive performance during healthy aging (karoshi – “death from overwork”). Failure of hub regions to compensate, due to inadequate energy supply or accumulation of pathological proteins, could trigger a cascade of network dysfunction, leading to cognitive impairment and/or dementia.
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FIGURE 3. Changes in functional networks with normal aging and dementia. Neurodegenerative dementias are commonly associated with impairments in the connector hub. In the resting state networks (RSNs) of the brain, a multisensory integration network connects each primary information processing network to the default mode network. The multisensory integration networks are closely connected to each other. In normal aging, the functional connectivity of the primary information processing networks decreased and connectivity of the surrounding regions centered on the multisensory integration networks increased. The functional connectivity of the multisensory integration networks was well-preserved with age. In contrast, in dementia, hub regions, such as the multisensory integration networks and the default mode network, were the preferred sites of lesions. Early-stage Alzheimer’s disease was characterized by tau accumulation and disrupted functional connectivity in the posterior cingulate gyrus and precuneus, which are the hubs of the default mode network. This vulnerability of the hub region to disruption was also seen in Parkinson’s disease with mild cognitive decline and in amyotrophic lateral sclerosis with behavior disorder and semantic impairment.
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Throughout adulthood, the brain undergoes an array of structural and functional changes during the typical aging process. These changes involve decreased brain volume, reduced synaptic density, and alterations in white matter (WM). Although there have been some previous neuroimaging studies that have measured the ability of adult language production and its correlations to brain function, structural gray matter volume, and functional differences between young and old adults, the structural role of WM in adult language production in individuals across the life span remains to be thoroughly elucidated. This study selected 38 young adults and 35 old adults for diffusion tensor imaging (DTI) and performed the Controlled Oral Word Association Test to assess verbal fluency (VF). Tract-Based Spatial Statistics were employed to evaluate the voxel-based group differences of diffusion metrics for the values of fractional anisotropy (FA), mean diffusivity (MD), axial diffusivity (AD), radial diffusivity (RD), and local diffusion homogeneity (LDH) in 12 WM regions of interest associated with language production. To investigate group differences on each DTI metric, an analysis of covariance (ANCOVA) controlling for sex and education level was performed, and the statistical threshold was considered at p < 0.00083 (0.05/60 labels) after Bonferroni correction for multiple comparisons. Significant differences in DTI metrics identified in the ANCOVA were used to perform correlation analyses with VF scores. Compared to the old adults, the young adults had significantly (1) increased FA values on the bilateral anterior corona radiata (ACR); (2) decreased MD values on the right ACR, but increased MD on the left uncinate fasciculus (UF); and (3) decreased RD on the bilateral ACR. There were no significant differences between the groups for AD or LDH. Moreover, the old adults had only a significant correlation between the VF score and the MD on the left UF. There were no significant correlations between VF score and DTI metrics in the young adults. This study adds to the growing body of research that WM areas involved in language production are sensitive to aging.

Keywords: diffusion tensor imaging (DTI), aging, tract-based spatial statistics (TBSS), white matter integrity, verbal fluency


INTRODUCTION

Throughout adulthood, the brain undergoes an array of structural and functional changes during the typical aging process (Caserta et al., 2009). These changes involve decreased brain volume, reduced synaptic density, and alterations in white matter (WM; Masliah et al., 1993; Jernigan et al., 2001; Resnick et al., 2003). The structural deterioration of the brain is thought to be the reason for cognitive decline seen in the aging process; therefore, correlational studies comparing changes to brain structure and function are increasingly common. These neuroimaging studies have repeatedly shown age-related cortical network re-organization, specifically a reduction of hemispheric specialization toward more bilateral activation. This reduction of hemispheric specialization, known as the hemispheric asymmetry reduction in older adults (HAROLD) model (Cabeza, 2002), is well documented in studies using various imaging modalities, namely, electro-encephalography (Bellis et al., 2000), near-infrared spectroscopy (Herrmann et al., 2006), functional magnetic resonance imaging (fMRI; Cabeza, 2002; La et al., 2016), and diffusion tensor imaging (DTI; Ardekani et al., 2007). In addition to the reduction of hemispheric specialization, an anteroposterior gradient of the loss of WM integrity has also been observed, with the anterior regions of the brain being disproportionately affected in the aging process compared to the posterior regions (Pfefferbaum et al., 2005; Ardekani et al., 2007; Madden et al., 2009; Bennett et al., 2010; Sullivan et al., 2010).

Extensive research has been conducted to explore the aging declines seen in cognitive abilities, namely, working memory (Nyberg et al., 2012; Vaqué-Alcázar et al., 2020), executive function (Fjell et al., 2017; Webb et al., 2020), and language function (Wingfield and Grossman, 2006; Kantarci et al., 2011; Kemmotsu et al., 2012; Baciu et al., 2016). Previous neuroimaging studies concerning language function have measured the ability of adult language production and its correlations to brain function (Pihlajamäki et al., 2000), used fMRI to study language function (Wingfield and Grossman, 2006; Meinzer et al., 2009; Baciu et al., 2016), and studied structural gray matter volume involved in language function (Zhang et al., 2013); however, the structural role of WM in adult language production in individuals across the life span remains to be thoroughly elucidated.

One non-invasive MRI technique for in vivo mapping of the structures of WM is DTI, which provides detailed information on the underlying fiber tract architecture as reflected by diffusion patterns of water molecules (Sundaram et al., 2008; Pugliese et al., 2009). Fractional anisotropy (FA, a scalar measure of the directional constraint of water diffusion) and mean diffusivity (MD, the mean of three eigenvectors that each reflects separate directions of minimal and maximal diffusion) are the most frequently used metrics to investigate WM fiber tract integrity. More recently, studies on aging have included axial diffusivity (AD, a scalar measure of diffusivity along the length of an axon; see Thomason and Thompson, 2011) and radial diffusivity (RD, measure of water diffusion perpendicular to the axons and is associated with demyelination and neuro-inflammation with edema and macrophage infiltration; see Budde et al., 2011; Rayhan et al., 2013) in their analyses, as they are more specific to neural changes commonly involved in aging, namely, axonal damage or loss (AD; Song et al., 2003; Budde et al., 2007) and the degree of myelination (RD) (Song et al., 2002, 2003, 2005; Nair et al., 2005; Budde et al., 2007). Using these two metrics, some patterns have been identified to describe the differential aging associations in WM fiber tracts. For example, in some WM tracts, age-related decreases in FA are associated with increases only in RD, but not in AD (Bhagat and Beaulieu, 2004; Davis et al., 2009; Madden et al., 2009; Zhang et al., 2010). Other patterns observed are that decreases in FA are associated with significant increases in both RD and AD (Sullivan and Pfefferbaum, 2006; Zahr et al., 2009; Sullivan et al., 2010) and decreases in FA are associated with increases in RD and decreases in AD (Bennett et al., 2010). These patterns suggest that there may be differential aging processes occurring in different brain regions. Currently, these patterns remain unstudied in their relationship to age-related language production. Additionally, a novel inter-voxel metric called local diffusion homogeneity (LDH), which quantifies the local coherence of water molecule diffusion in a model-free manner, was also examined in our analyses (Gong, 2013). Using the LDH metric to describe the WM fiber tracts is still in its infancy and several studies have reported it as being complementary to FA and MD in detecting changes in WM (Gong, 2013; Liu et al., 2017; Liang et al., 2019).

Currently, there are no studies using LDH to assess language production or brain aging more broadly; however, there are a handful of studies that have taken advantage of other DTI metrics to assess the structural role of WM in typically aging adults and language production. Stamatakis et al. (2011) identified that FA of the superior longitudinal fasciculus (SLF) and inferior longitudinal fasciculus (ILF) was positively correlated with accuracy in naming famous individuals. Madhavan et al. (2014) observed increased FA values on the SLF and increased age were positively associated with the performance in verbal fluency (VF) and word retrieval, respectively. They also identified a relationship between gender and FA values on the SLF tract and reported a linear decrease in FA in males and increase in FA in females until age 40, followed by a gradual decline. Houston et al. (2019) reported the performance on a word-retrieval task was associated with increased FA within the inferior fronto-occipital fasciculus (IFOF), in addition to the SLF, and observed increased FA within the corpus callosum that was associated with lower VF scores. Troutman and Diaz (2020) observed among all adult age groups that better performance on a naming with distractors task was associated with lower RD across dorsal, ventral, and fronto-striatal tracts as well as higher FA along dorsal tracts but was unable to find an association when covarying for age groups. Teubner-Rhodes et al. (2016) looked at age-related performance in acquisition and retrieval of lexical and semantic information and found age-related declines in arcuate fasciculus (AF) microstructure were related to cognitive processing speed, but not to vocabulary retrieval. Interestingly, FA on the left AF was significantly related to individual variability in vocabulary independent of age, suggesting that the orientation and organization of the AF tract are stable with aging (Teubner-Rhodes et al., 2016). Taken together, these studies suggest that the dorsal stream pathway, specifically the SLF, may have a significant contribution to age-related differences in language production, but further research is needed.

Other tracts have also been identified to be key language comprehension and production pathways by studying patients suffering from diseases that afflict language function, namely, aphasia and strokes. In these patient populations, several WM tracts have been identified for being involved in language comprehension, namely, the IFOF (Ivanova et al., 2016; Hula et al., 2020), uncinate fasciculi (UF; Hula et al., 2020), middle longitudinal fasciculi (Hula et al., 2020), corona radiata (Grönholm et al., 2016; Sul et al., 2019), and external capsule (EC; Chen et al., 2015), and in language production, namely, the AF (Ivanova et al., 2016), middle longitudinal fasciculi (Hula et al., 2020), corona radiata (Grönholm et al., 2016; Sul et al., 2019), and EC (Chen et al., 2015). It is evident that injury to the aforementioned areas is known to affect language function; however, it is less understood how these regions are affected by the typical aging process and what effect this process has on language function.

This study employs Tract-Based Spatial Statistics (TBSS) to examine the regional brain differences related to language function (see the “Region of Interest Selection” in the “Materials and Methods” section for detailed regions) between young and old adults. TBSS is applied to perform automated analysis of WM integrity. TBSS uses a fine-tuned non-linear registration method followed by a projection onto a mean FA skeleton. This skeleton represents the centers of all tracts common to the group and the resulting data fed into voxel-wise cross-subject statistics. Thus, TBSS combines the strength of both voxel-based and tractographic analyses to overcome the limitations of conventional methods, namely, standard registration algorithms and spatial smoothing (Dunst et al., 2014). Moreover, TBSS is assumed to improve the sensitivity, objectivity, and interpretability of multi-subject diffusion imaging studies (Smith et al., 2006; Dunst et al., 2014).

The VF task, which has traditionally been administered as a clinical neuropsychological paradigm to assess linguistic and executive function abilities, was used as behavioral testing in this study; it is one of the most widely used paradigms because of its simplicity and ease of administration. The cognitive components assessed by the VF task include executive functions, namely, initiation, inhibition, planning, updating, and shifting as well as verbal long-term memory (word knowledge) and lexical–semantic linguistic processes (Shao et al., 2014).

Using group differences seen on WM metrics (i.e., FA, MD, AD, RD, and LDH) in old vs. young adults, as well as group performance on the VF task, we hope to elucidate the impact aging has on the WM integrity and its relationship to language function. Portions of this manuscript have been previously presented (Hou et al., 2018).



MATERIALS AND METHODS


Participants

Notably, 38 young adults (21 men and 17 women, mean age = 23.58 ± 3.35 years) and 35 old adults (19 men and 16 women, mean age = 60.91 ± 5.25 years) were recruited from the Madison, Wisconsin, campus community. They were free of any medical, neurological, or psychiatric disorders and had at least 14 years of education. A subset of the participants (n = 44) received the Mini Mental State Examination (MMSE; Folstein et al., 1975) and had scores ≥29. For participants with educational level of high school graduate, a score on the MMSE of ≤25 was considered cognitively impaired. The Edinburgh Handedness Inventory (Oldfield, 1971) was administered to all participants. A score greater than +40 was considered right-handed, between −40 and +40 was considered ambidextrous, and less than −40 was considered left-handed. Based on these criteria, there were 64 right, 7 left, and 2 ambidextrous in the study sample. Table 1 provides the basic demographic information of participants. All participants provided written informed consent. The experimental protocols were approved by the Institutional Review Board (IRB) of the School of Medicine and Public Health, University of Wisconsin–Madison.


TABLE 1. Demographic data and differences of VF testing.

[image: Table 1]



Behavioral Testing

We administered the phonemic VF task [the Controlled Oral Word Association Test (COWAT); Benton and Hamsher, 1976] to test cognitive function. The COWAT has been extensively used in both clinical and non-clinical populations because of its face validity (Sauzéon et al., 2011), assessment of both verbal cognitive ability and executive control (Fisk and Sharp, 2004), and high correlation with measures of attention, verbal memory, and word knowledge (Ruff et al., 1997). Participants were required to produce words beginning with the letters “F,” “A,” and “S” in three 1-min trials, respectively. Raw VF scores were based on the total correct responses over the three trials, which were then used to compute age and education corrected VF z-scores based on a normative database (Tombaugh et al., 1999). This corrected VF z-score was used to quantify performance of VF for each participant.



Magnetic Resonance Imaging Data Acquisition

Diffusion-weighted images were acquired using a spin-echo based, single-shot, echo-planar diffusion sequence lasting 10 min on a GE750 3 T MRI scanner. The specific parameters of MRI were as follows: repetition time (TR) = 9,000 ms; echo time (TE) = 76.6 ms; single average (NEX = 1); field of view = 100 mm × 100 mm; matrix size = 256 × 256; in-plane resolution = 1 mm × 1 mm; 75 axial slices with no gap between slices and slice thickness = 2 mm; excitation flip angle α = 90°; 56 gradient encoded directions b-value = 1,000 s/mm2, 10 volumes with b-value = 0 s/mm2. A high-resolution three-dimensional T1-weighted BRAVO, IR-prepared Fast Spoiled Gradient Echo (FSPGR), MRI sequence with 156 axial slices was performed for each participant using the following parameters: TR = 8.132 ms; TE = 3.18 ms, inversion time (TI) = 450 ms; field of view = 256 mm × 256 mm; matrix size = 256 × 256; in-plane resolution = 1 mm × 1 mm; slice thickness = 1.0 mm; excitation flip angle α = 12°.



Data Preprocessing

All diffusion data were processed using the “Pipeline for Analyzing braiN Diffusion images” (PANDA): a toolbox implemented in MATLAB1 (Cui et al., 2013). This software employs several neuroimaging processing modules, namely, the FMRIB Software Library (FSL), the Pipeline System for Octave and Matlab (PSOM), the Diffusion Toolkit, and the MRIcron to automatically perform a series of steps (i.e., skull removal, correction of eddy current distortion, build diffusion tensor models) (Cui et al., 2013; Kashfi et al., 2017; Hou et al., 2020).

Diffusion metrics such as FA, MD, AD, RD (Smith et al., 2006; Smith and Nichols, 2009; Cui et al., 2013), and LDH (Gong, 2013) for each participant were extracted for 50 tracts identified from the Johns Hopkins University (JHU)-ICBM-DTI-81 WM atlas (Mori et al., 2008; Cui et al., 2013). Figures 1, 2 illustrate the representative images of WM tracts for this atlas. These region masks were filtered by applying the TBSS WM skeleton. Each global mean metric (i.e., FA, MD, AD, RD, and LDH) for each participant was obtained by averaging across the 50 labels, with the diffusion metric for each label being divided by this global mean to account for any variability between participants. This standardized metric was used in our statistical analysis.


[image: image]

FIGURE 1. Images of Johns Hopkins University (JHU)-ICBM-DTI-81 white matter (WM) atlas. This atlas was used to obtain the 12 regions of interest used in study analyses. Images are all WM tracts available in this atlas. (A) Orientations from left to right: sagittal, coronal, axial. (B) Orientations from left to right: sagittal, coronal, axial. Splenium, splenium of corpus callosum; Body, body of corpus callosum; Genu, genu of corpus callosum; L-ACR, left anterior corona radiata; R-ACR, right anterior corona radiata; L-SCR, left superior corona radiata; L-PCR, left posterior corona radiata; RCC, right cingulum cortex; LCC, left cingulum cortex; L-EC, left external capsule; L-AIC, left anterior limb of internal capsule; R-AIC, right anterior limb of internal capsule; L-PIC, left posterior limb of internal capsule; R-PIC, right posterior limb of internal capsule; L-RIC, left retrolenticular part of internal capsule; R-RIC, right retrolenticular part of internal capsule; L-CP, left cerebral peduncle; L-PTR, left posterior thalamic radiation; R-PTR, right posterior thalamic radiation; L-T, left tapetum; R-T, right tapetum; CBW, cerebellar white matter; L-UF, left uncinate fasciculus; R-UF, right uncinate fasciculus; R-EC, right external capsule; L-SLF, left superior longitudinal fasciculus; L-SS, left sagittal stratum; R-SS, right sagittal stratum; R-SCR, right superior corona radiata; L-SFOF, left superior fronto-occipital fasciculus; R-SFOF, right superior fronto-occipital fasciculus; R-CP, right cerebral peduncle; L-CBP, left cerebellar peduncle; R-CBP, right cerebellar peduncle. The regional masks were filtered with the white matter skeleton mask from TBSS (see Figure 2).
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FIGURE 2. The JHU white matter regions showing statistically significant group differences between old and young adults. ACR, anterior corona radiata; UF, uncinate fasciculus. The underlay shows the TBSS white matter skeleton which was masked by the JHU regions in the statistical analyses. The TBSS skeleton and the JHU regions are overlaid on the HCP 1065 FA template. Green: White matter skeleton; Red: right ACR; Blue: left ACR; pink: left UF.




Region of Interest Selection

Based on prior studies on WM organization of the brain, six WM labels in each hemisphere implicated in language function (Smits et al., 2014; Friederici, 2015) were selected as regions of interests (ROIs), namely, ACR, superior corona radiata (SCR), posterior corona radiata (PCR), EC, UF, and SLF.



Statistical Analysis

A chi-square test was performed for handedness group differences, which did not identify a statistically significant difference between the two groups (see Table 1 for details). As a result, all handedness variations (right, left, and ambidextrous) were kept in the participant sample.

To investigate group differences on each DTI metric, an analysis of covariance (ANCOVA) controlling for sex and educational years was performed, and the statistical threshold for significance was considered at p < 0.00083 (0.05/60 labels) after Bonferroni correction for multiple comparison. This analysis identified tracts in which the diffusivity metrics were significantly different between the groups. Pearson’s correlation analysis, with sex as a covariate, was performed between the diffusivity metrics in the significant tracts and VF scores using IBM SPSS version 27 and considered significant at uncorrected p < 0.05.




RESULTS

The VF testing demonstrated old adults have significantly higher VF z-scores than young adults (see Table 1). Compared to the old adults, the young adults had significantly (1) increased FA values on the bilateral ACR; (2) increased MD value on the left UF; and (3) decreased RD on the bilateral ACR. There were no significant differences between the groups for AD or LDH (Table 2 and Figures 3, 4). Moreover, the old adults had only a significant positive correlation between the VF z-score and the MD on the left UF [r(35) = 0.383, p = 0.025], with sex as a covariate (see Figure 5). There were no significant correlations between VF score and DTI metrics in young adults.


TABLE 2. Significant difference between DTI metrics and tract by group comparisons.
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FIGURE 3. Significant difference in ACR by group comparisons. (A) Boxplot showing significant reduction in FA in old adults compared to young adults on the right ACR. (B) Boxplot showing significant reduction in FA in old adults compared to young adults on the left ACR. (C) Boxplot showing significant increase in RD in old adults compared to young adults on the right ACR. (D) Boxplot showing significant increase in RD in old adults compared to young adults on the left ACR. (E) Boxplot showing significant increase in MD in old adults compared to young adults on the right ACR. All relationships are considered at p < 0.00083 (Bonferroni multiple comparison 0.05/60 labels) after controlling for sex and education. FA, fractional anisotropy; RD, radial diffusivity; MD, mean diffusivity.
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FIGURE 4. Significant difference in UF by group comparison. Boxplot showing significant decrease in MD in old adults compared to young adults on the left UF. All relationships are considered at p < 0.00083 (Bonferroni multiple comparison 0.05/60 labels) after controlling for sex and education.
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FIGURE 5. Significant correlation between VF and MD on the left UF in older adults, after controlling for sex, p < 0.05.




DISCUSSION

As reported previously in the literature, our study identified age-related reductions in FA and increases in RD on the bilateral ACR as well as an increase in MD on the right ACR (Barrick et al., 2010; Bennett et al., 2010; Ly et al., 2014). Additionally, MD on the left UF showed significant group differences adding to the growing body of research that WM areas indicated in language function are sensitive to aging.

Hemispheric asymmetry with aging is well known (Cabeza, 2002). Specifically, the left lateralized language pattern seen in young adults changes with age to a more bi-hemispheric pattern in older adults, which could be a compensatory mechanism to maintain behavioral performance. This study observed decreased MD on the left UF and increased MD on the right ACR in the old adults group, suggesting an improvement of the UF integrity and a decrease in the ACR. However, a decrease in left UF integrity would be predicted by the HAROLD model if the left hemispheric predominance of language function were to be reduced toward more bilateral activation (Cabeza, 2002). While this finding may seem to contradict the HAROLD model, it is difficult to assess the reduction of hemispheric specialization with only two non-bilateral group differences. Additionally, in this study, we only included one test of language/executive function. The asymmetry pattern is best investigated using a specific battery of language tests and will be explored in a future study.

This study did find evidence for another model of the aging brain, the anteroposterior model. Since the ACR resides more anteriorly than the other brain regions we studied, our findings for the ACR agree with prior evidence for the existence of an anteroposterior model for loss of WM integrity in the aging brain (Pfefferbaum et al., 2005; Ardekani et al., 2007; Madden et al., 2009; Bennett et al., 2010). Since the UF is located inferiorly to the ACR, our findings of increased MD on the UF in old adults compared to young adults seem to contradict this assertion of anteroposterior aging. However, there is evidence to suggest that superiorly located fiber systems demonstrate age effects earlier than inferior systems (Sullivan et al., 2010) and this finding is additional evidence that there are brain regions with differential aging processes in aging adults. In addition, the significant increase in RD on the ACR signifies an age-related demyelination effect of that tract, based on previous animal and human studies investigating RD and its relationship to neural networks (Song et al., 2002, 2003, 2005; Nair et al., 2005; Budde et al., 2007), as well as evidence supporting typical aging is accompanied by myelin damage and loss (Peters, 2002). Our study did not find any association between ACR and VF, but Troutman and Diaz (2020) observed that higher RD across dorsal, ventral, and fronto-striatal tracts was associated with poorer performance on a naming with distractors task, suggesting that demyelination can result in poorer language performance.

Compared to young adults, the significantly higher VF score we observed in the old adults group, in conjunction with the age-related demyelination and loss of WM integrity, could be evidence for the use of compensatory strategies to maintain performance. For instance, the HAROLD model purports that certain cognitive functions, namely, language production (La et al., 2016; Kim et al., 2018), lose their hemispheric specialization as one ages to counteract age-related neurocognitive deficits (Cabeza et al., 1997; Cabeza, 2002). Additionally, the compensation view of the HAROLD model has evidence to support recovery of language function after brain injuries (Cao et al., 1999) and resections (Jehna et al., 2017). Studies looking at temporal lobe resections in patients with epilepsy observed post-operative increases in FA in ipsilateral WM regions, such as the corona radiata and external and internal capsule, that were associated with a smaller fall in language proficiency after surgery (Yogarajah et al., 2010; Pustina et al., 2014). While age-related WM alterations may be different than the plastic changes occurring as a compensatory mechanism after regional brain insults, these studies still provide evidence that the brain has the capacity to rewire language pathways. Knowing this, perhaps age-related WM structural changes have a rewiring process to compensate for WM structures prone to degeneration allowing for preserved language function.

In our study, MD on the left UF of the old adult group was positively correlated with VF score, which is in contrast to what we would predict, since a higher MD typically indicates less WM integrity, and less WM integrity typically results in worse tract function. As a group, old adults have lower MD than young adults; however, within the old adult group, it is those with the higher MD values that score better on the VF task. Perhaps this indicates that the UF is becoming better organized to perform this task as we age, but only to a certain threshold, and perhaps the increased MD value in the older adults resulting in better performance is an indication of better compensation in those individuals by other WM tracts involved in VF performance. While we did not find other tract associations with the VF score that could attest to this postulation, Madhavan et al. (2014) did demonstrate a relationship with increased FA on the SLF and stronger language function in an aging population, suggesting some compensatory changes occurring in that tract. However, without other tract associations from this study, it is difficult to ascertain what the explanation for this may be, but future analyses involving a larger sample size may help elucidate this finding.

As previously mentioned, the demyelination and loss of WM integrity in the ACR, in addition to these UF findings, provides evidence that there may be differential aging processes in various WM tracts involved in language production that preserves this function with age. However, a few studies contradict this assertion by reporting losses of WM integrity in the UF with increasing age (Stamatakis et al., 2011; Kemmotsu et al., 2012; Gong, 2013). Taking this into account, it is difficult to interpret considering the sample sizes of the contradictory studies are all smaller than our current study. Further research will be needed to help resolve the discrepancy.

We did not identify any group differences for the AD and LDH DTI metrics, nor correlations of the VF score with the ACR, nor observe any significant group differences in the additional tracts we identified a priori. The lack of associations could have been a result of our small sample size and repeating this study with a larger population could elucidate more findings. While LDH is sensitive to diffusion properties among neighboring voxels and offers complementary information to FA, MD, and RD, for this study, it is possible that the metric is not as sensitive to the brain aging process (Sullivan et al., 2001; Pfefferbaum et al., 2005; Sullivan and Pfefferbaum, 2006; Westlye et al., 2010; Lamar et al., 2014; Madhavan et al., 2014; Houston et al., 2019; Troutman and Diaz, 2020).
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A few methods and tools are available for the quantitative measurement of the brain volume targeting mainly brain volume loss. However, several factors, such as the clinical conditions, the time of the day, the type of MRI machine, the brain volume artifacts, the pseudoatrophy, and the variations among the protocols, produce extreme variations leading to misdiagnosis of brain atrophy. While brain white matter loss is a characteristic lesion during neurodegeneration, the main objective of this study was to create a computational tool for high precision measuring structural brain changes using the fractal dimension (FD) definition. The validation of the BrainFD software is based on T1-weighted MRI images from the Open Access Series of Imaging Studies (OASIS)-3 brain database, where each participant has multiple MRI scan sessions. The software is based on the Python and JAVA programming languages with the main functionality of the FD calculation using the box-counting algorithm, for different subjects on the same brain regions, with high accuracy and resolution, offering the ability to compare brain data regions from different subjects and on multiple sessions, creating different imaging profiles based on the Clinical Dementia Rating (CDR) scores of the participants. Two experiments were executed. The first was a cross-sectional study where the data were separated into two CDR classes. In the second experiment, a model on multiple heterogeneous data was trained, and the FD calculation for each participant of the OASIS-3 database through multiple sessions was evaluated. The results suggest that the FD variation efficiently describes the structural complexity of the brain and the related cognitive decline. Additionally, the FD efficiently discriminates the two classes achieving 100% accuracy. It is shown that this classification outperforms the currently existing methods in terms of accuracy and the size of the dataset. Therefore, the FD calculation for identifying intracranial brain volume loss could be applied as a potential low-cost personalized imaging biomarker. Furthermore, the possibilities measuring different brain areas and subregions could give robust evidence of the slightest variations to imaging data obtained from repetitive measurements to Physicians and Radiologists.
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INTRODUCTION

The quantitative measurement of the human brain volumes using segmentation software is highly correlated with the monitoring of neurodegeneration disorders (Jack et al., 2000; Kovacevic et al., 2009; Alexiou et al., 2017, 2019, 2020; Mantzavinos and Alexiou, 2017; Chatzichronis et al., 2019). Therefore, a few algorithms and online MRI databases are available for the assessment of the brain structure, measuring intrasessions and intersessions for the same subject, also applying procedures for potential manual repositioning differences from longitudinally acquired MRI, identification of artifacts, and segmentation errors (Dale et al., 1999; Fischl et al., 2002; Brewer et al., 2009; Fischl, 2012; Maclaren et al., 2014). While a reliable brain volume decline can be characterized as unbiased if and only if the loss is large enough (Narayanan et al., 2020), and by taking into consideration that brain lesions and brain atrophy associated with mild cognitive impairment (MCI) are higher than the expected decline per year in non-demented older adults (Liu J. Z. et al., 2003; Liu R. et al., 2003; Fotenos et al., 2005, 2008; Maclaren et al., 2014), any sources of high statistical variation, due to technical or physiological fluctuations, could be crucial for the reliability of the MRI results as a dementia biomarker (Caramanos et al., 2010; Fonov et al., 2010; Borghi and Van Gulick, 2018; Narayanan et al., 2020). In contrast, recent clinical studies suggest that the cortical functional connectivity networks show fractal properties and that any fluctuations to the fractal dimension (FD) of the brain gray and white matter are highly correlated with cognitive decline (Ha et al., 2005; Im et al., 2006; Li et al., 2007; King et al., 2009; Mustafa et al., 2012; Varley et al., 2020).

Biological structures similar to the brain gray matter usually have rough surfaces and are characterized by heterogenicity and self-similar structures. This mathematical self-similarity is the repetitive display of the whole structure after lowering the scaling. When the scale is altered, the structures are changed repeatedly, implying that the biological networks follow self-similarity patterns (Cerofolini et al., 2008). As the scale diminishes, the fractal becomes more complex (Kazemi Korayem et al., 2018). The definition of FD gives the complexity of these structures. The FD can reveal the properties and the mechanisms for the roughness of a structure. For example, if a fractal shape has a dimension of 2.3, it is more simplified than a 3D cube but more complicated than a 2D square. This non-Euclidean approach can be applied to minimize errors in the visualization of brain gray matter. One of the most common algorithms for calculating the FD and detecting image details is the box-counting algorithm. First, the fractal object is covered by a grid structured with small boxes of equal size. Each box should contain at least one region belonging to the fractal. Then, the number of boxes is counted. The next step is to design the grid again with the same properties but smaller square boxes. The abovementioned procedure is the traditional method where no lattices between squares or overlaps exist (Yadav and Nishikanta, 2010).

In amyotrophic lateral sclerosis (ALS), it is proved that the FD of brain white matter skeleton and general structure is significantly different between ALS patients with corticospinal tract hyperintensity and those with frontotemporal dementia groups (Rajagopalan et al., 2013; Di leva et al., 2015). Furthermore, while the numerical identification of differences in brain FD is still an open problem (Varley et al., 2020) and simultaneously could be a very strong evidence biomarker of consciousness disorder, we present new software in this study for handling MRI images and measuring FD of brain volume. We trained a learning-based registration tool using data obtained from the Open Access Series of Imaging Studies (OASIS) database (Marcus et al., 2007, 2010). The latest version of this database, i.e., the OASIS-3 (LaMontagne et al., 2019), includes a longitudinal neuroimaging, clinical, cognitive, and biomarker dataset for normal aging and Alzheimer’s disease (AD) from 2,168 MRI sessions and 1,608 PET sessions to more than 100 participants (LaMontagne et al., 2019). The participants in this database were classified according to their Clinical Dementia Rating (CDR). The brain MRI imaging sessions include T1-weighted (T1w), T2-weighted (T2w), fluid attenuated inversion recovery (FLAIR), arterial spin labeled (ASL), susceptibility weighted imaging (SWI), time of flight, resting-state blood oxygenation level dependent (BOLD), diffusion tensor imaging (DTI) sequences, PET imaging from three different tracers, C-Pittsburgh compound B (PIB), amyloid imaging tracer (AV45), and fluorodeoxyglucose (FDG) (LaMontagne et al., 2019). In the following sections, the algorithms for measuring the intracranial brain volume using the FD will be described based on the MRI brain data (Figures 1, 2).
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FIGURE 1. The algorithm of the proposed method – software.
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FIGURE 2. Visualization of computing fractal dimension (FD).




MATERIALS AND METHODS

There is a rapidly increasing interest in box-counting algorithms in biology and medicine, such as applying fractal geometry for efficient recognition and capture of circulating cancer cells (Zhang et al., 2013; Maipas et al., 2018) and the correlation between the fractal property distribution and aging (Varley et al., 2020). Fractals have the property of self-similarity in various scales, and when the scale is altered, the structures are changed repeatedly. Furthermore, biological structures present complex fractal patterns similar to brain structures (Hofman, 1991; Varley et al., 2020). Therefore, depending on the image resolution and noise, FD may evaluate the condition of specific tissues such as the cerebral cortex (Blanton et al., 2001; Todoroff et al., 2014). In addition, the FD can influence the neurodegeneration analysis progression (Carstensen and Franchini, 1993; Jelinek and Fernandez, 1998; Pereira, 2010). While brain white matter loss is one of the characteristic lesions during neurodegeneration and other related disorders, measuring any structural brain change with high precision will act as a very effective and low-cost personalized imaging biomarker. Additionally, any geometric structural brain changes could be an excellent factor in measuring variations in the structural neural plasticity, while FD measures the roughness of surfaces, and software can be used to calculate the FD of an image (Table 1).


TABLE 1. Fractal dimension calculation software.

[image: Table 1]
Compared to other tools, we succeeded in implementing the image segmentation of brain regions in a 3D fashion.

The box-counting algorithm is the most commonly used technique for FD measurement (Schaefer et al., 1991; Fernández-Martínez and Sánchez-Granero, 2014; Joosten et al., 2016; Soltanifar, 2021), calculating the Minkowski–Bouligand dimension as follows:

[image: image]

Dbox(S) is the FD of the box, S is the fractal, N(ε) is the number of boxes, and ε is the scaling factor. The parameter ε is computed with the formula [image: image] where s is the length of each box. The majority of related studies mainly introduce the FD calculation from 2D MRI images, while others apply the multifractal analysis to examine different dynamics in the system. In our case, we have only calculated FD with a box-counting algorithm for the 3D brain structures. By calculating a whole 3D image instead of 2D scans, we ensure better accuracy in results.

The concept of this algorithm in our study is to divide the 3D image into cubes. The 3D image includes a region of interest (ROI). Then, we calculate the number of N cubes with length ε of each box as part of the ROI. By applying equation (1) in each iteration, we calculate the FD. If the variable D in every iteration has a slight deviation, then logN/logs are stable, which means a linear correlation between logN and logs. In that case, the complexity of the structure can be efficiently described by FD. If not, the multifractal analysis is required to effectively describe the structure while other dynamics are included in the system in which FD cannot efficiently describe (Figure 3).


[image: image]

FIGURE 3. The algorithm calculating FD in 3D examples.


The data have been acquired from OASIS-3 (LaMontagne et al., 2019), which includes MRI (Berger, 2002; Grover et al., 2015; Chow et al., 2017) and PET (Willemsen and van den Hoff, 2002) data. We have used T1w MRI images (Chavhan et al., 2009; Yokoo et al., 2010), which have been later imported into the FreeSurfer (Fischl, 2012) for further image processing (Deserno Né Lehmann et al., 2013; Uchida, 2013). Then, the data were cropped to fit into the VoxelMorph software (Dalca et al., 2019) to perform image segmentation (Karsch et al., 2009; Despotović et al., 2015; Bui et al., 2017; Mondal et al., 2018; Buda et al., 2019; Dalca et al., 2019; Dolz et al., 2019; Rickmann et al., 2019, 2020; Cerri et al., 2020, 2021).

Our study has included 609 adults with normal cognitive ability (controls) and 489 multiple-staging dementia subjects aged from 42 to 95 years old, totaling 1,961 scan sessions. Each subject had multiple scan sessions, and each session included raw images from the MRI scanner. Some of them may have an additional file processed by FreeSurfer. Those files are already processed, so they are used in our next stage, avoiding image processing. The raw data obtained from the OASIS-3 brain dataset (LaMontagne et al., 2019) in the form of T1w 3D MRI images following the Neuroimaging Informatics Technology Initiative (NIfTI) format (Larobina and Murino, 2014), while the processed files by FreeSurfer follows the.mgz format. The FreeSurfer has been used for the initial image processing (Fischl, 2012), such as Motion Correction and Conform Non-Uniform intensity normalization, Talairach transform computation, Intensity Normalization, Skull Stripping, Linear volumetric registration, and CA Intensity normalization. The abovementioned methods export the data into the preprocessed images of (256, 256, 256) resolution. However, all the processing and post-processing steps of FreeSurfer were not executed to reduce time complexity, while VoxelMorph is more efficient for image segmentation. Furthermore, the image files are converted from.mgz to.npz format and then cropped to fit the (160, 192, 224) dimensions required to apply the VoxelMorph algorithm to the segmentation of brain volumes.

There are many segmentation algorithms based on supervised learning, but with high complexity, similar to the FreeSurfer. Their training procedures rely on labeled images, which means that they are accurate for specific scenarios. However, when a new dataset is tested with different contrast levels, additional training is required. Other methods include convolutional neural networks, which perform better during the testing, but they lose accuracy when changes occur in the intensity distribution of the tested images. In contrast, VoxelMorph is an UNet architecture using an unsupervised Bayesian approach, which tackles the drawbacks of those methods and has faster performance. To train a model, a brain atlas with multiple 3D MRI scans with no manual delineations is required. Instead, each voxel of the atlas has a vector with prior probabilities for each segmented label. Thus, when importing a new dataset with distinct unobserved contrast, the VoxelMorph algorithm does not require training the network again for new labels. Instead, it is automatically adapted due to its unsupervised nature. VoxelMorph has been mainly tested on T1w MRI scans. The brain structures delineated from VoxelMorph are the cerebral cortex, white matter, lateral ventricle, cerebellar cortex, white matter, thalamus, caudate, putamen, pallidum, brain stem, hippocampus, and amygdala. One exclusive session from each patient is used to train the model to avoid including dependent measurements.



RESULTS

We executed two experiments. The first was a cross-sectional study that separated data into two CDR classes, 0 and greater than 1. VoxelMorph is used to train a model for each class. In the second experiment, we trained a model on multiple heterogeneous data and evaluated the FD development for each subject through multiple sessions. Random subjects have been chosen, and their development through FD metrics was assessed. In the following tables and figures for the OAS30001_MR_d0129 session, the whole process is implemented. The id of the session is defined from the id of the patient, i.e., 30001 and 0129, in the days since the subject was included in the study. OAS stands for OASIS database and MR for MRI. The raw data images from the MRI scan were imported on the software (Figure 4). The output is shown in Figure 5. We imported the images into VoxelMorph with a pretrained model run in Kaggle Kernel (i.e., 120 epochs, batch size of 1, and 19 sessions) to distinguish the brain areas. These Kaggle Kernel parameters were chosen only due to the restrictions of memory.


[image: image]

FIGURE 4. Slices (A) Sagittal, (B) coronal, and (C) axial planes. The output of FreeSurfer of session OAS30001_MR_d0129. This volume is imported in FreeSurfer and later exported as a.mgz file. The images are shown using NiBabel library version 3.2.1 (https://zenodo.org/record/4295521#.YCpJqeqxWMI).



[image: image]

FIGURE 5. Slices (A) Sagittal, (B) coronal, and (C) axial planes. The output of FreeSurfer of session OAS30001_MR_d0129 as NIfTI files. This volume shall be imported later as a cropped image.npz file into the Box-Counting FD calculator. The images are shown using NiBabel library version 3.2.1 (https://zenodo.org/record/4295521#.YCpJqeqxWMI).


Figures 6, 7 show the segmented brain, with each region having a unique value ranging from 0 to 40. After segmentation, the FD is calculated for the brain regions, as shown in Table 2. Multiple experiments have shown that 20 iterations gave an efficient convergence to the box-counting FD, resulting in less time complexity (Figure 8). Iterations are related to the number of data points produced for each regression model. For example, 20 iterations correspond to 20 data points that are used to estimate the FD. During experimentation, it was observed that fewer iterations led to slightly different results. Using 20 or 25 iterations, the estimated FD was similar. However, more data points require more time to estimate. Therefore, choosing 20 data points is an efficient choice to balance time complexity and accuracy for the estimation of FD.


[image: image]

FIGURE 6. Slices (A) Sagittal, (B) coronal, and (C) axial planes. The output of VoxelMorph of session OAS30319_MR_d0043. Each brain structure has a unique label with grayscale values varying from 0 to 40. Later with filtering, each region is separated, and the Box-Counting FD is calculated. The images are shown using NiBabel library version 3.2.1 (https://zenodo.org/record/4295521#.YCpJqeqxWMI).



[image: image]

FIGURE 7. Slices (A) Sagittal, (B) coronal, and (C) axial planes. The output of VoxelMorph of session OAS30319_MR_d0043. Each brain structure has been colored differently.rgb values. The images are shown using NiBabel library version 3.2.1 (https://zenodo.org/record/4295521#.YCpJqeqxWMI).



TABLE 2. The iteration steps to calculate the box-counting FD for the whole volume of session OAS30001_MR_d0129.
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FIGURE 8. After calculating the logN/logs plot spots using the least square error, the fitted line is estimated for subject OAS30001_MR_d0129. Experiments have shown that at least 20 iterations were enough to estimate FD. Also, the linear relation of logN and logs suggests that FD efficiently describes the complexity of the structure; therefore, the multifractal analysis is not required. Root-mean-square error (RMSE) can describe how well a linear regression model describes the data. For data points close to the output line of the regression model, RMSE is expected to be low; therefore, the estimated FD is close to the theoretical solution. The two variables used in the linear regression model are the number of boxes (N) and the current scale (s). If a linear relationship describes the two variables, then the structure can be described by FD. If not, the structure is considered to have multifractal properties.


The FD is calculated for the brain regions corresponding to 26 and 27 intensity values (Figures 9, 10) separately for four different subjects, namely, OAS30319, OAS30524, OAS31101, and OAS31170 (Table 3). In addition, the software has the functionality of measuring the FD for different subjects on the same brain regions, with high accuracy and resolution, offering the ability to compare brain data regions from different subjects and on multiple sessions.


[image: image]

FIGURE 9. 2D scan from the output volume of subject OAS30319_MR_d0043. We have chosen the third ventricle of the brain structure with an intensity value of 26.



[image: image]

FIGURE 10. 2D scan from the output volume of subject OAS30319_MR_d0043. We have chosen the right putamen of the brain structure whose intensity value equals 27.



TABLE 3. Box-counting FD testing on multiple sessions corresponding to various subjects.

[image: Table 3]
Extending the functionality described in Table 3, the software calculates and compares FD for the same subject and repetitive MRI measurements. This procedure is not yet presented widely (Krohn et al., 2019). Table 4 calculates the FD of the whole brain volume for the Third Ventricle and Right Putamen, respectively, of the same subject, OAS30109, and four different MRI sessions. OAS30109 is recorded at the initial clinical diagnosis as Female, Aged 72.27, Handedness Right, Education level 13, and Caucasian Race. During the repeated clinical evaluations for OAS30109 on days 1,102, 2,237, and 3,000, there was no report for MCI, dementia, or other neurological conditions, resulting in cognitive impairment or neuropsychological problems. We observed an average of 0.3% variation from the minimal variation of FD.


TABLE 4. Box-counting FD testing on multiple sessions of the same subject OAS30109.

[image: Table 4]
OAS30052 is also recorded at the initial clinical diagnosis as Female, Aged 59.02, Handedness Right, Education level 18, and Caucasian Race, diagnosed with depression. However, during the repeated clinical evaluations for OAS30052 on days 0728, 1,512, 2,650, and 3,028, there was no report for MCI, dementia, or other neurological conditions. Still, there was a report for depression, except for the clinical diagnosis on day 1,512.

The results (Table 5) are verified from the corresponding variation of FD concerning the whole brain volume and the regions corresponding to Left Ventral DC and Right Thalamus Proper (Figures 11, 12). There was an increase of FD of more than 0.4% during the first and the second clinical assessment and again a continuous decrease. Figures 11, 12 correspond to 2D scans from different axial slices of the same subject, even though the FD calculation has been obtained, as in every case, from the 3D brain model for maximizing the accuracy. Thus, even though the pathophysiology of depression may be identified in many brain regions (Pandya et al., 2012), we have chosen the Right Thalamus Proper and Left Ventral DC as the subareas of the thalamus. Recent researches have revealed that brain areas implicated in depression are the amygdala, the hippocampus, and the thalamus, even though an exact formula of the correlation between volumetric abnormalities in these regions and the development of depression is not yet proved (Sheline et al., 1998; Kronmuller et al., 2008; MacQueen et al., 2008; Lorenzetti et al., 2009).


TABLE 5. Box-counting FD testing on multiple sessions of the same subject OAS30052.
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FIGURE 11. 2D scan from the output volume of subject OAS30052_MR_d0693. Right Thalamus Proper and Left Ventral DC equal to 23 and 24 intensity values.



[image: image]

FIGURE 12. 2D scan from the output volume of subject OAS30052_MR_d0693. We have chosen the Right Thalamus Proper and Left Ventral DC of the brain structures equal to 23 and 24 intensity values. The 2D scans are from different axial slices of the same subject compared with the 2D scans in Figure 11.


This experiment removed repeated sessions from each subject to delete any within-subject factor and perform a cross-sectional study. As a cross-sectional study, each session corresponded to one patient and vice versa. The subjects were separated into the classes of CDR = 0 (control group) and CDR ≤ 1 (patients with at least mild dementia). MRI sessions were not labeled, while CDR sessions are usually performed on different dates from the MRI sessions. Therefore, to label each MRI session, some criteria had to be applied. First, each MRI session had to have occurred between two CDR sessions of the same score. If the MRI session took place between two different CDR sessions with different MRI scores, the score from the closest CDR session could be selected, considering that the chosen CDR session was performed no further than 45 days from the MRI session. In the MRI session being close to only one CDR session, the threshold of 45 days had again been chosen to ensure that the dementia level was correctly assessed. In any other scenario, subjects were dropped out of this study. The control group consisted of 593 subjects and 73 subjects with at least mild dementia.

After labeling the data, we trained a segmentation model using VoxelMorph for each class. Then, each volume was segmented into brain regions with its corresponding class model. Second, using Python and scikit-learn package (Pedregosa et al., 2011), we trained efficient support vector machine (SVM) classifiers in Left Ventral DC, Right Ventral DC, Right Putamen, and Brain Stem to diagnose subjects with at least mild dementia (CDR = 1) and to discriminate them from the control group. Other regions within the ROI did not show any significant differences. Finally, we used SVM models with radial basis function (RBF) kernels to find the margin between the two classes and evaluated the results with five-fold validation. Figures suggest that even measurement with one variable, either volume or FD, subjects can be accurately classified with a precision of 100%.

In Figure 13, the box plots imply an overlap of the volumetric and fractal measurements of the brain stem. Two linear SVM models were trained. Volume and FD were used as features for each case. It is shown that the FD feature discriminates more efficiently between the two classes (Figures 14, 15). The increased nature of the decision boundary may imply a constant increase in FD during the years.


[image: image]

FIGURE 13. Comparison of the distribution of health vs. control group. There is a slight overlap of the two classes in both features.
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FIGURE 14. The SVM model separating the two groups. Features are Volume and FD. Hyperparameters are regularization hyperparameter C = 100 and gamma = 6 with polynomial kernel.
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FIGURE 15. The validation plot. It shows that for a training sample of approximately 480, maximum accuracy with no overfitting is achieved. With FD and Volume, the two groups are separated efficiently with 99.5% accuracy.


Left Ventral DC, Right Ventral DC, and Right Putamen box plots have shown significant differences in volume and FD (Figures 16–18). Linear SVM classifiers using volume and FD as features achieve 100% precision and recall due to the vast distance between the two groups.


[image: image]

FIGURE 16. The box plots for Left Ventral DC region.
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FIGURE 17. The box plots for Right Ventral DC region.
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FIGURE 18. The box plots for Right Putamen.


Our results suggest state-of-the-art performance in classifying healthy and dementia subjects, as shown in Figure 19. Since the dataset was unbalanced and the control group had a size of 8.25 greater than the dementia class, the Fbeta score metric has been used with factor β = 8.25 instead of precision. Another reason for penalizing more the errors in the dementia class is that it is significant to minimize type I error by maximizing recall. Furthermore, it is crucial to identify the patient group efficiently in medical problems and avoid assigning a patient wrongly to the control group. In Figures 20, 21, a comparison of our classification with the other existing methods is displayed. Our method outperforms all other methods in terms of the accuracy and size of the dataset. More precisely, although the first three algorithms have similar performance with our classification, they yield results from smaller datasets.


[image: image]

FIGURE 19. The Fbeta score, recall, and precision metrics of the classifications performed in each brain region.
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FIGURE 20. Comparison of the current classification (BrainFD) with other methods. Each compared method corresponds to the following bibliography, respectively (Huang et al., 2008; Kloppel et al., 2008; Magnin et al., 2009; Desikan et al., 2009; Lopez, 2009; Ortiz et al., 2013; Dukart et al., 2013; Yong et al., 2014; Bharanidharan and Rajaguru, 2018; Chen et al., 2020).
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FIGURE 21. Size of the dataset of the most efficient methods.




CONCLUSION

This study presents a new software using the OASIS brain database for brain volume measurement using the definition of FD. The possibilities measuring different brain areas and subregions could give robust evidence of the slightest variations to imaging data obtained from repetitive measurements to Physicians and Radiologists.

Three experiments on the OASIS brain dataset have shown the use of FD as a tool for the diagnosis and prediction of early dementia. The first experiment trained the segmentation model on a heterogeneous dataset to ensure its universal validity for repeated measurements. The second experiment showed different imaging profiles on the early stages of dementia. The third is a classification to distinguish healthy subjects from patients of various dementia stages. The latter shows high accuracy compared to any existing method.

Each segmentation model is trained on an online Kaggle Kernel with a 16 GB NVIDIA TESLA P100 GPU. The primary limitation of the procedure is that the algorithm required more memory to allocate images of (160, 192, 224) resolution; therefore, we manually reduced them. The corresponding atlas to (144, 112, 96) dimensions the specific regions of the brain. Due to these memory constraints, the model has also been executed with a batch size of 1 and 120 epochs for both experiments. The programming code for the FD calculation can be found in the following GitHub link: https://github.com/BrainLabVol/BrainFD and basic instructions of the Graphical User Interface in the Appendix.

Future study is planned to validate this model for control and dementia groups, using R correlation to validate the FD and more data to train and validate the cross-sectional study. Also, an improved computational system will perform the segmentation of the whole brain volume instead of an ROI and will adequately evaluate the trained segmentation model.
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APPENDIX


Documentation


Installation guide

Necessary libraries:


- pip install VoxelMorph

- pip install TensorFlow
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• The folder and the directories shall follow the hierarchical file structure of XNAT.
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Cortical network hyperexcitability is an inextricable feature of Alzheimer’s disease (AD) that also might accelerate its progression. Seizures are reported in 10–22% of patients with AD, and subclinical epileptiform abnormalities have been identified in 21–42% of patients with AD without seizures. Accurate identification of hyperexcitability and appropriate intervention to slow the compromise of cognitive functions of AD might open up a new approach to treatment. Based on the results of several studies, epileptiform discharges, especially those with specific features (including high frequency, robust morphology, right temporal location, and occurrence during awake or rapid eye movement states), frequent small sharp spikes (SSSs), temporal intermittent rhythmic delta activities (TIRDAs), and paroxysmal slow wave events (PSWEs) recorded in long-term scalp electroencephalogram (EEG) provide sufficient sensitivity and specificity in detecting cortical network hyperexcitability and epileptogenicity of AD. In addition, magnetoencephalogram (MEG), foramen ovale (FO) electrodes, and computational approaches help to find subclinical seizures that are invisible on scalp EEGs. We performed a comprehensive analysis of the aforementioned electrophysiological biomarkers of AD-related seizures.
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INTRODUCTION

Brain rhythms are fundamental in maintaining normal cognition and behavior, and neuronal hyperexcitability has emerged as an important electrical abnormality that could not only lead to memory failure in the early stage of Alzheimer’s disease (AD) but also contribute to the progression of the disease (Noebels, 2011; Vossel et al., 2013; Busche and Konnerth, 2015, 2016; Palop and Mucke, 2016). Once neuronal hyperexcitability of the cerebral cortex is established, it can manifest as epileptic seizures or subclinical epileptiform discharges. Seizures are reported in 10–22% of patients with AD (Friedman et al., 2011; Vossel et al., 2013; Cretin et al., 2016; Sarkis et al., 2016), and subclinical epileptiform activities have been found in more than 40% of patients with AD in a recent prospective electroencephalogram (EEG) study (Vossel et al., 2016).

The presence of seizure and subclinical epileptiform activities have been shown to contribute to impaired memory and attention, especially cognitive fluctuation (Palop and Mucke, 2009; Vossel et al., 2016). A greater extent of neuronal hyperactivity tends to occur in the earliest stages of AD compared with later stages, which has been shown from both fMRI studies in humans and neuronal activity studies in mouse models of AD (Zott et al., 2018). “Antiepileptogenic” therapies in AD appear to be feasible in order to delay the progression of the disease. Although they are easy to implement, performing these treatments in all patients with AD presents a problem as the majority of patients with AD would not have any benefit, though the subset of patients with AD who have epileptiform activity might benefit greatly from early treatment with antiepileptic drugs (AEDs). Hence, effective treatment first requires the detection and suppression of seizures and subclinical epileptiform activity. In this study, we performed a comprehensive analysis of the potential electrophysiological biomarkers of AD-related seizures in humans and discuss their feasibility in clinical practice and their potential to predict the subsequent development of clinical seizures and epilepsy.



SCALP ELECTROENCEPHALOGRAM


Epileptiform Discharges

The best-known biomarker of hyperexcitability in humans is the epileptiform discharge, which is defined as a paroxysmal EEG graphoelement (spike or sharp wave) with a duration of 20–200 ms that is clearly distinct from ongoing background EEG activity followed by slow waves (Noachtar and Remi, 2009) (Figure 1A). On scalp EEGs, visible subclinical epileptiform discharges occur in 9–21% of patients with AD who had no prior history of epilepsy or seizure, a higher rate than 0–5% of healthy controls (Vossel et al., 2016; Brunetti et al., 2020; Lam et al., 2020). Long-term EEG detection has found that epileptiform discharges in patients with AD mainly occur during a sleep state and are largely lateralized to the temporal lobe, especially the left temporal lobe.
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FIGURE 1. Characterization of spike, small sharp spike (SSS), temporal intermittent rhythmic delta activities (TIRDA), and paroxysmal slow-wave event (PSWE). (A–C) Representative examples of spike, SSS, and TIRDA from the right temporal region in three patients with AD from our own ward, respectively. Scalp electrodes were placed using the international 10–20 system, sampling at 200 Hz. EEG channels (top to bottom): F8-ave, T4-ave, and T6-ave. Calibration bars: 100 μV and 500 ms. (D) A PSWE detected in a patient with AD. Traces from electrodes P3 (upper trace) and P4 (averaged as reference) are shown. The segment within the dashed rectangle of P3 is shown magnified. The median power frequency is presented below each trace. Segments below 6 Hz (dashed line) are marked in red. From Milikovsky et al. (2019). Reprint with permission from The American Association for the Advancement of Science (AAAS).


Epileptiform discharges that had more robust morphological features including significantly larger trough voltage, peak-to-trough voltage, and slope of falling half-wave of the peak are more strongly associated with clinical seizures in AD (Lam et al., 2020). The guiding significance of robust epileptiform discharges is similar to giant spikes (simultaneous spikes in all channels, with massive voltages > ± 10 SD from the filtered baseline in at least one channel) observed in transgenic mice with APP/PS1 mutations (Gureviciene et al., 2019). The same indicative effect being strongly associated with clinical seizures has also been seen in right temporal epileptiform discharges (100% specificity and 43% sensitivity) (Lam et al., 2020).

The detection rate of epileptic discharges in patients with AD by scalp EEG is significantly correlated with recording time. Approximately, 62% of patients with AD showed epileptic discharges in EEG recordings lasting 24 h (Horvath et al., 2018) and only 3% in 20 min of eyes-closed EEG recordings (Liedorp et al., 2010). Most epileptiform discharges from patients with AD occur during sleep, requiring overnight EEG monitoring for detection. Epileptiform discharges occurred most frequently during N2 sleep, while awake and rapid eye moment (REM) states are the least permissive states for the expression of epileptiform discharges in patients with focal epilepsy (Sammaritano et al., 1991; Malow et al., 1997; Diaz-Negrillo, 2013), and the results of EEG monitoring in patients with AD are consistent with this. While epileptiform discharges detected during awake or REM states were suggestive for clinical seizures (85.7% specificity and 85.7% sensitivity) (Lam et al., 2020), the study by Lam et al. (2020) also pointed out that patients with AD who had high frequencies of epileptiform discharges were more likely to have generalized convulsions.

Lam et al. (2017a) found that spikes (sharply contoured transients, clearly distinguishable from, and usually interrupting background activities, with a duration of <70 ms) from patients with aMCI were largely lateralized to the left mesial temporal lobe (mTL), whereas they were largely lateralized to the right mTL in moderate patients with AD. Thus, they proposed that there might be left hemisphere hyperactivity predisposition and left mTL susceptibility in the early stages of AD. Data from anatomical and functional connectivity modalities also support this; the result may also be mediated in part by the E4 variant of apolipoprotein E (APOE4) allele (Thompson et al., 2003; Damoiseaux et al., 2009; Donix et al., 2013; Wessa et al., 2016; Yang et al., 2017; Liu et al., 2018; Zott et al., 2018).

Studies in animal models with AD have established a direct link between neuronal hyperactivity and propagation of amyloid and tau pathology (Cirrito et al., 2005; Busche et al., 2012; Pooler et al., 2013; Wu et al., 2016). Reyes-Marin and Nunez (2017) also found that the frequency of epileptiform-like discharges was significantly correlated with the number of amyloid-β plaques in APP/PS1 mice. The results of these animal studies illustrate that the asymmetry in temporal lobe hyperexcitability might be related to an asymmetric cascade of AD pathology.

Finally, there is growing evidence that scalp EEG epileptiform discharges in patients with AD have a variable association with clinical seizures (Vossel et al., 2016; Lam et al., 2020). With an infrequent frequency (<10 per 24 h), these epileptiform discharges typically arise locally from the lateral temporal cortex or propagate to the surface from deep mTL foci (Bakker et al., 2012; Lam et al., 2017a). Thus, to some extent, scalp EEG epileptiform discharges alone are limited, and they may not be the optimal biomarkers for epileptogenicity in AD.



Small Sharp Spikes

Small sharp spikes (SSSs), also known as benign sporadic sleep spikes (White et al., 1977), are low amplitude (30–50 uV), short duration (<50 ms) spikes that occur during early drowsiness, and N1 and N2 sleep stages (Figure 1B). They are widely distributed in bilateral brain hemispheres typically seen independently over the bi-frontotemporal regions but can also occur unilaterally. In addition, SSSs are usually considered as a benign variant of EEG, which has no association with epilepsy. However, recent studies have indicated that SSS-like waveforms in the scalp might be related to mTL epileptiform discharges, especially unilateral SSS-like waveforms (Lam et al., 2017a; Issa et al., 2018). According to the study by Lam et al. (2020) unilateral (left or right temporal region) SSS-like waveforms with high frequency (>100 per 24 h) are associated with clinical seizure in AD. However, pinpointing SSSs as an electrophysiological biomarker of seizure in patients with AD requires further validation in more well-designed studies to distinguish pathological SSSs from benign SSSs.



Temporal Intermittent Rhythmic Delta Activity

Temporal intermittent rhythmic delta activity (TIRDA) refers to the delta activity distributed in the temporal lobe with a frequency of 2.5–3.0 Hz and a sinusoidal or serrated waveform that occurs repeatedly and intermittently and has a strong association with mesial temporal lobe epilepsy (mTLE) (Reiher et al., 1989; Gambardella et al., 1995; Normand et al., 1995; Gennaro et al., 2003) (Figure 1C). TIRDA occurs in 26% of patients with AD-related epilepsy (Lam et al., 2020). Although occurring at a lower frequency in patients with AD without epilepsy, TIRDA has been associated with higher diagnostic confidence compared to epileptiform discharges (positive predictive value for determining epileptiform, 83.3 vs. 61.5%) (Lam et al., 2020). Like epileptiform discharges, TIRDA is more likely to occur during N2 sleep and in the left temporal location, while TIRDA that does occur during awake or REM states is more strongly associated with clinical seizures in AD (Lam et al., 2020). What is more, the lateralization of TIRDA matches that of epileptiform discharges in patients with AD. However, because of its low frequency (<10 per 24 h) of occurrence in AD, the utility of TIRDA as a quantitative biomarker is somewhat limited (Lam et al., 2020).



Paroxysmal Slow Cortical Activity

Slowing of scalp EEG activity has been observed in AD by studying early quantitative EEG power changes in patients with AD (Musaeus et al., 2018), and the EEG slowing correlates with decreased cognition in patients with AD and unimpaired older adults (Stomrud et al., 2010; Musaeus et al., 2018). The EEG slowing might be a potential sign of neural network dysfunction. Milikovsky et al. (2019) analyzed the temporal characteristics of EEG slowing from patients with AD and found that cortical slowing is in part composed of transient paroxysmal slowing of the cortical network. This transient paroxysmal slowing of the cortical network is called paroxysmal slow wave events (PSWEs), which refer to “events” when the median power frequency is lower than 6 Hz for at least 5 consecutive s on the scalp EEG (Milikovsky et al., 2019) (Figure 1D). These PSWEs were also obtained in patients with epilepsy, animal models of AD, and animal models of epilepsy.

Investigating PSWE characteristics in aged mice, young 5xFAD mice, and young rats with epilepsy, Milikovsky et al. (2019) found that there was a spatial correlation between PSWEs and blood-brain barrier dysfunction (BBBd). They also observed a causal link between BBBd and PSWE in animal models by infusing albumin into the lateral ventricle of rats and then detecting the PSWEs in epidural recordings after a month of infusion. Their results indicate that PSWEs can be an indicator for the subclinical seizure-like activity that reflects microvascular pathology. Hence, PSWE detection in routine scalp EEG recordings might be an affordable and sensitive diagnostic indicator for subclinical seizures among patients with AD and as a pharmacodynamic measure for AEDs. However, we must realize that seizure and epileptiform activity mostly occur in the mTL in patients with AD and are often undetectable by scalp EEG recording. Thus, more effective approaches that can detect epileptiform discharges in the mTL are needed to improve the efficiency of scalp EEG monitoring.



MAGNETOENCEPHALOGRAPHY

Magnetoencephalography (MEG), which is thought to be more sensitive to discharges of tangential sulcal sources than EEG with a high temporal and spatial resolution (Oishi et al., 2002), has also been widely used as a non-invasive tool to assess mTL activity and localized epileptogenic lesions in an epilepsy non-invasive tool (Enatsu et al., 2008; Kaiboriboon et al., 2010; Wennberg et al., 2011; Wennberg and Cheyne, 2014). Although the main application field of MEG is the presurgical evaluation of drug-resistant epilepsy, MEG also provides a complementary approach to scalp EEG in detecting cortical network dysfunction in patients with AD. Vossel et al. (2016) prospectively assessed the epileptiform activities in 33 patients with AD and 19 age-matched healthy controls, by 1-h resting MEG recordings and overnight scalp EEG recordings. Vossel et al. (2016) found that visible epileptiform discharges on MEG occurred in 33.3% of patients with AD, much higher than that of 21.1% on overnight scalp EEGs. Although the specificity of MEG might not be as high as that of overnight EEG (11% of healthy controls had epileptiform discharges visible on MEG while had them on overnight EEG), patients with epileptiform activity on MEG or overnight EEG had significantly faster rates of cognitive decline than those without epileptiform activity (Vossel et al., 2016). These findings suggest that MEG is an effective electrophysiological biomarker of cortical hyperexcitability in patients with AD with much higher sensitivity than scalp EEG. Interestingly, epileptiform discharges detected by MEG were more right-sided compared with the more left-sided epileptiform discharges detected by scalp-EEG (Vossel et al., 2016). Different detection capabilities or different interpretation techniques may contribute to the discordance, but the principle behind this remains unclear.

Importantly, epileptiform discharges in patients with AD mainly occur during a sleep state, while the MEG recording cannot exceed a few hours at a time. Thus, it is nearly impossible to capture natural sleep or paroxysmal events during a sleep state by MEG. Considering the high requirement of equipment maintenance and the high costs of MEG examination, it is difficult to carry out MEG as a routine examination in general patients with AD. However, for patients with high suspicion of cortical hyperexcitability without visible epileptiform discharge on scalp EEG, MEG examination can be chosen to individually guide the usage of AEDs.



FORAMEN OVALE ELECTRODES

Foramen ovale (FO) electrodes are a semi-invasive alternative to stereo-EEG electrodes. After general endotracheal anesthesia is induced, a single multi-contact FO electrode is positioned adjacent to each mTL inserted through the cheek skin to the ipsilateral natural aperture (FO) in the skull (Sheth et al., 2014). High-quality, long-term recordings can be obtained directly from the mTL using FO electrodes (Sperling et al., 1986; Fernández Torre et al., 1999). As FO electrodes will cause no skull defect, scalp EEG recording can be carried out simultaneously with FO electrodes. Furthermore, as mentioned above, since the mTL is the most affected location in patients with AD and FO electrodes that are accurate in capturing samples from deep temporal activities might be the best method for assessing subclinical discharges in patients with AD (Lam et al., 2019).

Lam et al. (2017a) used bilateral FO electrode recordings in two patients with AD (one had aMCI and another had moderate dementia; both had cerebrospinal fluid biomarker-confirmed AD) for the first time. The FO electrode recordings of both patients with AD demonstrated abundant, sleep-activated (especially non-REM sleep) spikes, and over 95% of the spikes were invisible on the simultaneous scalp EEG. In addition, three silent mTL seizures were captured on FO electrode recordings, while no visible evidence was found on scalp EEG in the patient with aMCI. They also found that mTL spikes on FO electrode recordings in the patient with aMCI occurred at up to a 10-fold rate compared with the patient with moderate dementia, supporting the concept that a greater extent of neuronal hyperactivity had developed during the earliest stages of AD rather than later stages (Zott et al., 2018). Existing studies indicate that mTL epileptiform discharges detected by FO electrodes mostly occur during a sleep state in both humans and mouse AD models (Lam et al., 2017a; Brown et al., 2018) but non-REM sleep in humans (Lam et al., 2017a; Brown et al., 2018) and REM sleep in mouse models with AD (Kam et al., 2016; Brown et al., 2018). Although FO electrodes offer high quality and long-term recordings of mTL activity, their utility as a screening tool for epileptiform discharges in patients with AD is limited because of their high cost, potential risks (for example, central nervous system infection and bleeding), and the requirement of good neurosurgical skills for electrode placement.



COMPUTATIONAL APPROACHES

For patients with AD, routine scalp EEG monitoring (20–40 min) is both necessary and feasible for the purpose of observing brain rhythms, but it is less helpful in recording epileptiform activity (Liedorp et al., 2010). However, performing overnight EEG, MEG, or FO electrode recordings is not feasible for the reasons of hospital resources, willingness to monitor patients, and high costs. As such, scientists have developed non-invasive and inexpensive methods, which can be widely implemented for diagnosing epileptiform activity.

Many studies have demonstrated that though there is a lack of visible epileptiform activity on scalp EEG, non-specific subtle and quantitative changes in local or long-distance networks induced by mTL spikes or seizures (Tyvaert et al., 2009; Vulliemoz et al., 2011; Cunningham et al., 2012; Aghakhani et al., 2015; Khoo et al., 2017; Naftulin et al., 2018) can be detected indirectly using artificial intelligence approaches. In a proof-of-principle study, Lam et al. (2016) analyzed the EEG data of 25 patients with epilepsy who underwent scalp EEG recording and FO electrode recording. By dividing scalp EEG recording into epochs and extracting coherence features of each epoch, they trained a seizure detector which correctly identified 40% of scalp-negative seizures (seizures detected by FO electrode recording but invisible on the scalp EEG), with a positive predictive value of 75% (Lam et al., 2016). In another publication by the same authors (Lam et al., 2017b), they extracted scalp EEG spectral power as an input feature and trained a machine learning algorithm that correctly identified 50% of scalp-negative seizures, with a positive predictive value of 94%. Studies by other researchers (Nayak et al., 2004; Koessler et al., 2015) also pointed out that mTL spikes or seizures might be detected by quantitative EEG signatures though they are invisible on a scalp EEG. Babiloni et al. (2020) found that higher temporal delta source activities are more strongly associated with clinical seizures in AD by estimating regional EEG cortical sources using exact low-resolution brain electromagnetic tomography (eLORETA) freeware. They used the area under receiver operating characteristic (AUROC) curves to index the accuracy of eLORETA solutions in identifying seizures and found an accuracy of 69% (Babiloni et al., 2020).

Development of computational approaches that accurately identify spikes or seizures from scalp EEG or MEG is underway (Lam et al., 2016, 2017b; Spyrou et al., 2016; Pizzo et al., 2019). However, this might be difficult to validate with large clinical data sets of combined scalp EEG/MEG and intracranial (especially FO electrode) recordings. Once the computational approaches become established, patients with AD may obtain more accurate guidance on antiepileptic therapy.



DISCUSSION

Patients with AD have an increased risk of seizures, compared to an age-matched control population, and they are over 10 times more likely to develop epilepsy, especially patients with early onset familial AD (Amatniek et al., 2006; Pandis and Scarmesa, 2012). The significance of interictal epileptiform activities in patients with AD is still controversial, and they are biomarkers of hyperexcitability, but their relation to seizures is actually unknown. Interictal epileptiform activities may compromise memory formation and consolidate themselves, even in the absence of seizures. There are also studies that contend that seizures might be a critical part of AD pathogenesis (Scarmeas et al., 2009). Numerous studies (Reyes-Marin and Nunez, 2017; Gureviciene et al., 2019) in animal models also suggest the importance of detecting these events, finding that a high number of interictal spikes increases the risk of seizures.

However, one thing most studies agree on is that patients with AD with seizures or subclinical epileptiform activity experience faster cognitive declines over time (Vossel et al., 2016), and patients with AD might benefit from antiepileptic therapy. Moreover, the identification of biomarkers of epileptogenesis in patients with AD is a prerequisite for designing and developing targeted therapeutic approaches.



CONCLUSION

To date, human studies have identified several candidate EEG biomarkers as follows: epileptiform discharges (especially those with specific features, including high frequency, robust morphology, right temporal location, and occurrence during awake or REM states), frequent SSSs, TIRDA, and PSWEs recorded by scalp EEG (Table 1). In addition, MEG, FO electrodes, and computational approaches help to find subclinical seizures that are invisible on scalp EEG electrodes in patients with AD (Table 1). However, these findings require further study in humans as well as in animals to validate them and determine which are reliable and feasible electrophysiological biomarkers of epileptogenicity in patients with AD.


TABLE 1. Electrophysiological biomarkers of AD-related increase of cortical excitability.

[image: Table 1]


AUTHOR CONTRIBUTIONS

TY chose the search term, determined the methodology of the review, and drafted the manuscript. XL helped to choose the search term and determined the methodology of the review. JW and QW revised the manuscript and commented on previous versions of the manuscript. All authors read and approved the final manuscript.



FUNDING

This study was supported by the National Key R&D Program of China 2017YFC1307500 and Capital Healthy Development Research Funding 2016-1-2011 and 2020-1-2013.



ACKNOWLEDGMENTS

The authors thank AiMi Academic Services (www.aimieditor.com) for the English language editing and review services.


ABBREVIATIONS

5xFAD, 5x familial AD; AD, Alzheimer’s disease; AEDs, antiepileptic drugs; aMCI, amnesic mild cognitive impairment; APOE4, the E4 variant of apolipoprotein E; AUROC, area under receiver operating characteristic; BBBd, blood-brain barrier dysfunction; EEG, electroencephalogram; eLORETA, exact low-resolution brain electromagnetic tomography; FO, foramen ovale; MEG, magnetoencephalogram; mTL, mesial temporal lobe; PSWEs, paroxysmal slow wave events; REM, rapid eye moment; SSS, small sharp spikes; TIRDA, temporal inter mitten rhythmic delta activity.


REFERENCES

Aghakhani, Y., Beers, C. A., Pittman, D. J., Gaxiola-Valdez, I., Goodyear, B. G., and Federico, P. (2015). Co-localization between the BOLD response and epileptiform discharges recorded by simultaneous intracranial EEG-fMRI at 3 T. Neuroimage Clin. 7, 755–763. doi: 10.1016/j.nicl.2015.03.002

Babiloni, C., Noce, G., Di Bonaventura, C., Lizio, R., Pascarelli, M. T., Tucci, F., et al. (2020). Abnormalities of cortical sources of resting state delta electroencephalographic rhythms are related to epileptiform activity in patients with amnesic mild cognitive impairment not due to Alzheimer’s disease. Front. Neurol. 11:514136. doi: 10.3389/fneur.2020.514136

Bakker, A., Krauss, G. L., Albert, M. S., Speck, C. L., Jones, L. R., Stark, C. E., et al. (2012). Reduction of hippocampal hyperactivity improves cognition in amnestic mild cognitive impairment. Neuron 74, 467–474. doi: 10.1016/j.neuron.2012.03.023

Brown, R., Lam, A. D., Gonzalez-Sulser, A., Ying, A., Jones, M., Chou, R. C., et al. (2018). Circadian and brain state modulation of network hyperexcitability in Alzheimer’s disease. eNeuro 5:ENEURO.0426-17.2018. doi: 10.1523/ENEURO.0426-17.2018

Brunetti, V., D’Atri, A., Della Marca, G., Vollono, C., Marra, C., Vita, M. G., et al. (2020). Subclinical epileptiform activity during sleep in Alzheimer’s disease and mild cognitive impairment. Clin. Neurophysiol. 131, 1011–1018. doi: 10.1016/j.clinph.2020.02.015

Busche, M. A., and Konnerth, A. (2015). Neuronal hyperactivity – a key defect in Alzheimer’s disease? BioEssays 37, 624–632. doi: 10.1002/bies.201500004

Busche, M. A., and Konnerth, A. (2016). Impairments of neural circuit function in Alzheimer’s disease. Philos. Trans. R. Soc. Lond. B Biol. Sci. 371:20150429. doi: 10.1098/rstb.2015.0429

Busche, M. A., Chen, X., Henning, H. A., Reichwald, J., Staufenbiel, M., Sakmann, B., et al. (2012). Critical role of soluble amyloid-β for early hippocampal hyperactivity in a mouse model of Alzheimer’s disease. Proc. Natl. Acad. Sci. U.S.A. 109, 8740–8745. doi: 10.1073/pnas.1206171109

Cirrito, J. R., Yamada, K. A., Finn, M. B., Sloviter, R. S., Bales, K. R., May, P. C., et al. (2005). Synaptic activity regulates interstitial fluid amyloid-beta levels in vivo. Neuron 46, 913–922. doi: 10.1016/j.neuron.2005.10.028

Amatniek, J. C., Hauser, W. A., DelCastillo-Castaneda, C., Jacobs, D. M., Marder, K., Bell, K., et al. (2006). Incidence and predictors of seiures in patients with Alzheimer’s disease. Epilepsia 47, 867–872. doi: 10.1111/j.1528-1167.2006.00554.x

Cretin, B., Sellal, F., Philippi, N., Bousiges, O., Di Bitonto, L., Martin-Hunyadi, C., et al. (2016). Epileptic prodromal Alzheimer’s disease, a retrospective study of 13 new cases: expanding the spectrum of Alzheimer’s disease to an epileptic variant? J. Alzheimers Dis. 52, 1125–1133. doi: 10.3233/JAD-150096

Cunningham, C. B., Goodyear, B. G., Badawy, R., Zaamout, F., Pittman, D. J., Beers, C. A., et al. (2012). Intracranial EEG-fMRI analysis of focal epileptiform discharges in humans. Epilepsia 53, 1636–1648. doi: 10.1111/j.1528-1167.2012.03601.x

Damoiseaux, J. S., Smith, S. M., Witter, M. P., Sanz-Arigita, E. J., Barkhof, F., Scheltens, P., et al. (2009). White matter tract integrity in aging and Alzheimer’s disease. Hum. Brain Mapp. 30, 1051–1059. doi: 10.1002/hbm.20563

Diaz-Negrillo, A. (2013). Influence of sleep and sleep deprivation on ictal and interictal epileptiform activity. Epilepsy Res. Treat. 2013:492524. doi: 10.1155/2013/492524

Donix, M., Burggren, A. C., Scharf, M., Marschner, K., Suthana, N. A., Siddarth, P., et al. (2013). APOE associated hemispheric asymmetry of entorhinal cortical thickness in aging and Alzheimer’s disease. Psychiatry Res. 214, 212–220. doi: 10.1016/j.pscychresns.2013.09.006

Enatsu, R., Mikuni, N., Usui, K., Matsubayashi, J., Taki, J., Begum, T., et al. (2008). Usefulness of MEG magnetometer for spike detection in patients with mesial temporal epileptic focus. Neuroimage 41, 1206–1219. doi: 10.1016/j.neuroimage.2008.03.038

Fernández Torre, J. L., Alarcón, G., Binnie, C. D., and Polkey, C. E. (1999). Comparison of sphenoidal, foramen ovale and anterior temporal placements for detecting interctal epileptiform discharges in presutgical assessment for temporal lobe epilepsy. Clin. Neurophysiol. 110, 895–904. doi: 10.1016/s1388-2457(99)00039-5

Friedman, D., Honig, L. S., and Scarmeas, N. (2011). Seizures and epilepsy in Alzheimer’s disease. CNS Neurosci. Ther. 18, 285–294. doi: 10.1111/j.1755-5949.2011.00251.x

Gambardella, A., Gotman, J., Cendes, F., and Andermann, F. (1995). Focal intermittent delta activity in patient with mesiotemporal atrophy: a reliable marker of the epileptogenic focus. Epilepsia 36, 122–129. doi: 10.1111/j.1528-1157.1995.tb00970.x

Gennaro, G. D., Quarato, P. P., Onorati, P., Colazza, G. B., Mari, F., Grammaldo, L. G., et al. (2003). Localizing significance of temporal intermittent rhythmic delta activity (TIRDA) in drug-resistant focal epilepsy. Clin. Neurophysiol. 114, 70–78. doi: 10.1016/s1388-2457(02)00332-2

Gureviciene, I., Ishchenko, I., Ziyatdinova, S., Jin, N., Lipponen, A., Gurevicius, K., et al. (2019). Characterization of epileptic spiking associated with brain amyloidosis in APP/PS1 mice. Front. Neurol. 12:1151. doi: 10.3389/fneur.2019.01151

Horvath, A., Szucs, A., Csukly, G., Sakovics, A., Stefanics, G., and Kamondi, A. (2018). EEG and ERP biomarkers of Alzheimer’s disease: a critical review. Front. Biosci. 23, 183–220. doi: 10.2741/4587

Issa, N. P., Wu, S., Rose, S., Towle, V. L., Warnke, P. C., and Tao, J. X. (2018). Small sharp spikes as EEG markers of mesiotemporal lobe epilepsy. Clin. Neurophysiol. 129, 1796–1803. doi: 10.1016/j.clinph.2018.06.011

Kaiboriboon, K., Nagarajan, S., Mantle, M., and Kirsch, H. E. (2010). Interictal MEG/MSI in intractable mesial temporal lobe epilepsy: spike yield and characterization. Clin. Neurophysiol. 121, 325–331. doi: 10.1016/j.clinph.2009.12.001

Kam, K., Duffy, A. M., Moretto, J., LaFrancois, J. J., and Scharfman, H. E. (2016). Interictal spikes during sleep are an early defect in the Tg2576 mouse model of β-amyloid neuropathology. Sci. Rep. 9:20119. doi: 10.1038/srep20119

Khoo, H. M., von Ellenrieder, N., Zazubovits, N., Dubeau, F., and Gotman, J. (2017). Epileptic networks in action: synchrony between distant hemodynamic responses. Ann. Neurol. 82, 57–66. doi: 10.1002/ana.24973

Koessler, L., Cecchin, T., Colnat-Coulbois, S., Vignal, J. P., Jonas, J., Vespignani, H., et al. (2015). Catching the invisible: mesial temporal source contribution to simultaneous EEG and SEEG recordings. Brain Topogr. 28, 5–20. doi: 10.1007/s10548-014-0417-z

Lam, A. D., Cole, A. J., and Cash, S. S. (2019). New approaches to studying silent mesial temporal lobe seizures in Alzheimer’s disease. Front. Neurol. 10:959. doi: 10.3389/fneur.2019.00959

Lam, A. D., Deck, G., Goldman, A., Eskandar, E. N., Noebels, J., and Cole, A. J. (2017a). Silent hippocampal seizures and spikes identified by foramen ovale electrodes in Alzheimer’s disease. Nat. Med. 23, 678–680. doi: 10.1038/nm.4330

Lam, A. D., Maus, D., Zafar, S. F., Cole, A. J., and Cash, S. S. (2017b). SCOPE-mTL: a noninvasive tool for identifying and lateralizing mesial temporal lobe seizures prior to scalp EEG ictal onset. Clin. Neurophysiol. 128, 1647–1655. doi: 10.1016/j.clinph.2017.06.040

Lam, A. D., Sarkis, R. A., Pellerin, K. R., Jing, J., Dworetzky, B. A., Hoch, D. B., et al. (2020). Association of epileptiform abnormalities and seizures in Alzheimer disease. Neurology 20, e2259–e2270. doi: 10.1212/WNL.0000000000010612

Lam, A. D., Zepeda, R., Cole, A. J., and Cash, S. S. (2016). Widespread changes in network activity allow noninvasive detection of mesial temporal lobe seizures. Brain 139, 2679–2693. doi: 10.1093/brain/aww198

Liedorp, M., Stam, C. J., van der Flier, W. M., Pijnenburg, Y. A. L., and Scheltens, P. (2010). Prevalence and clinical significance of epileptiform EEG discharges in a large memory clinic cohort. Dement. Geriatr. Cogn. Disord. 29, 432–437. doi: 10.1159/000278620

Liu, H., Zhang, L., Xi, Q., Zhao, X., Wang, F., Wang, X., et al. (2018). Changes in brain lateralization in patients with mild cognitive impairment and Alzheimer’s disease: a resting-state functional magnetic resonance study from Alzheimer’s disease neuroimaging initiative. Front. Neurol. 9:3. doi: 10.3389/fneur.2018.00003

Malow, B. A., Kushwaha, R., Lin, X., Morton, K. J., and Aldrich, M. S. (1997). Relationship of interictal epileptiform discharges to sleep depth in partial epilepsy. Electroencephalogr. Clin. Neurophysiol. 102, 20–26. doi: 10.1016/s0013-4694(96)96028-9

Milikovsky, D. Z., Ofer, J., Senatorov, V. V. Jr., Friedman, A. R., Prager, O., Sheintuch, L., et al. (2019). Paroxysmal slow cortical activity in Alzheimer’s disease and epilepsy is associated with blood-brain barrier dysfunction. Sci. Transl. Med. 11:eaaw8954. doi: 10.1126/scitranslmed.aaw8954

Musaeus, C. S., Engedal, K., Hogh, P., Jelic, V., Morup, M., Naik, M., et al. (2018). EEG theta power is an early marker of cognitive decline in dementia due to Alzheimer’s disease. J. Alzheimers Dis. 64, 1359–1371. doi: 10.3233/JAD-180300

Naftulin, J. S., Ahmed, O. J., Piantoni, G., Eichenlaub, J. B., Martinet, L. E., Kramer, M. A., et al. (2018). Ictal and preictal power changes outside of the seizure focus correlate with seizure generalization. Epilepsia 59, 1398–1409. doi: 10.1111/epi.14449

Nayak, D., Valentin, A., Alarcon, G., Garcia Seoane, J. J., Brunnhuber, F., Juler, J., et al. (2004). Characteristics of scalp electrical fields associated with deep medial temporal epileptiform discharges. Clin. Neurophysiol. 115, 1423–1435. doi: 10.1016/j.clinph.2004.01.009

Noachtar, S., and Remi, J. (2009). The role of EEG in epilepsy: a critical review. Epilepsy Behav. 15, 22–33. doi: 10.1016/j.yebeh.2009.02.035

Noebels, J. (2011). A perfect storm: converging paths of epilepsy and Alzheimer’s dementia intersect in the hippocampal formation. Epilepsia 52(Suppl. 1), 39–46. doi: 10.1111/j.1528-1167.2010.02909.x

Normand, M. M., Wszolek, Z. K., and Klass, D. W. (1995). Temporal intermittent rhythmic delta activity in electroencephalograms. J. Clin. Neurophysiol. 12, 280–284. doi: 10.1097/00004691-199505010-00005

Oishi, M., Otsubo, H., Kameyama, S., Morota, N., Masuda, H., Kitayama, M., et al. (2002). Epileptic spikes: magnetoencephay versus simultaneous electrocorticography. Epilepsia 43, 1390–1395. doi: 10.1046/j.1528-1157.2002.10702.x

Palop, J. J., and Mucke, L. (2009). Epilepsy and cognitive impairments in Alzheimer disease. Arch. Neurol. 66, 435–440. doi: 10.1001/archneurol.2009.15

Palop, J. J., and Mucke, L. (2016). Network abnormalities and interneuron dysfunction in Alzheimer disease. Nat. Rev. Neurosci. 17, 777–792. doi: 10.1038/nrn.2016.141

Pandis, D., and Scarmesa, N. (2012). Seizures in Alzheimer disease: clinical and epidemiological data. Epilepsy Curr. 12, 184–187. doi: 10.5698/1535-7511-12.5.184

Pizzo, F., Roehri, N., Medina Villalon, S., Trebuchon, A., Chen, S., Lagarde, S., et al. (2019). Deep brain activities can be detected with magnetoencephalography. Nat. Commun. 10:971. doi: 10.1038/s41467-019-08665-5

Pooler, A. M., Phillips, E. C., Lau, D. H., Noble, W., and Hanger, D. P. (2013). Physiological release of endogenous tau is stimulated by neuronal activity. EMBO Rep. 14, 389–394. doi: 10.1038/embor.2013.15

Reiher, J., Beaudry, M., and Leduc, C. P. (1989). Temporal intermittent rhythmic delta activity (TIRDA) in the diagnosis of complex partial epilepsy: sensitivity, specificity and predictive value. Can. J. Neurol. Sci. 16, 398–401. doi: 10.1017/s0317167100029450

Reyes-Marin, K. E., and Nunez, A. (2017). Seizure susceptibility in the APP/PS1 mouse model of Alzheimer’s disease and relationship with amyloid β plaques. Brain Res. 15, 93–100. doi: 10.1016/j.brainres.2017.09.026

Sammaritano, M., Gigli, G. L., and Gotman, J. (1991). Interictal spiking during wakefulness and sleep and the localization of foci in temporal lobe epilepsy. Neurology 41, 290–297. doi: 10.1212/wnl.41.2_part_1.290

Sarkis, R. A., Dickerson, B. C., Cole, A. J., and Chemali, Z. N. (2016). Clinical and neurophysiologic characteristics of unprovoked seizures in patients diagnosed with dementia. J. Neuropsychiatry Clin. Neurosci. 28, 56–61. doi: 10.1176/appi.neuropsych.15060143

Scarmeas, N., Honig, L. S., Choi, H., Cantero, J., Brandt, J., Blacker, D., et al. (2009). Seizures in Alzheimer disease: who, when, and how common? Arch. Neurol. 66, 992–997. doi: 10.1001/archneurol.2009.130

Sheth, S. A., Aronson, J. P., Shafi, M. M., Phillips, H. W., Velez-Ruiz, N., Walcott, B. P., et al. (2014). Utility of foramen ovale electrodes in mesial temporal lobe epilepsy. Epilepsia 55, 713–724. doi: 10.1111/epi.12571

Sperling, M. R., Mendius, J. R., and Engel, J. Jr. (1986). Mesial temporal spikes: a simultaneous comparison of sphenidal, nasopharyngeal, and ear electrodes. Epilepsia 27, 81–86. doi: 10.1111/j.1528-1157.1986.tb03505.x

Spyrou, L., Martin-Lopez, D., Valentin, A., Alarcon, G., and Sanei, S. (2016). Detection of intracranial signatures of interictal epileptiform discharges from concurrent scalp EEG. Int. J. Neural Syst. 26:1650016. doi: 10.1142/S0129065716500167

Stomrud, E., Hansson, O., Minthon, L., Blennow, K., Rosen, I., and Londos, E. (2010). Slowing of EEG correlates with CSF biomarkers and reduced cognitive speed in elderly with normal cognition over 4 years. Neurobiol. Aging 31, 215–223. doi: 10.1016/j.neurobiolaging.2008.03.025

Thompson, P. M., Hayashi, K. M., Zubicaray, G. D., Janke, A. L., Rose, S. E., Semple, J., et al. (2003). Dynamics of gray matter loss in Alzheimer’s disease. J. Neurosci. 23, 994–1005. doi: 10.1523/JNEUROSCI.23-03-00994.2003

Tyvaert, L., LeVan, P., Dubeau, F., and Gotman, J. (2009). Noninvasive dynamic imaging of seizures in epileptic patients. Hum. Brain Mapp. 30, 3993–4011. doi: 10.1002/hbm.20824

Vossel, K. A., Beagle, A. J., Rabinovici, G. D., Shu, H., Lee, S. E., Naasan, G., et al. (2013). Seizures and epileptiform activity in the early stages of Alzheimer disease. JAMA Neurol. 70, 1158–1166. doi: 10.1001/jamaneurol.2013.136

Vossel, K. A., Ranasinghe, K. G., Beagle, A. J., Mizuiri, D., Honma, S. M., Dowling, A. F., et al. (2016). Incidence and impact of subclinical epileptiform activity in Alzheimer’s disease. Ann. Neurol. 80, 858–870. doi: 10.1002/ana.24794

Vulliemoz, S., Carmichael, D. W., Rosenkranz, K., Diehl, B., Rodionov, R., Walker, M. C., et al. (2011). Simultaneous intracranial EEG and fMRI of interictal epileptic discharges in humans. Neuroimage 54, 182–190. doi: 10.1016/j.neuroimage.2010.08.004

Wennberg, R., and Cheyne, D. (2014). Reliability of MEG source imaging of anterior temporal spikes: analysis of an intracranially characterized spike focus. Clin. Neurophysiol. 125, 903–918. doi: 10.1016/j.clinph.2013.08.032

Wennberg, R., Valiante, T., and Cheyne, D. (2011). EEG and MEG in mesial temporal lobe epilepsy: where do the spikes really come from? Clin. Neurophysiol. 122, 1295–1313. doi: 10.1016/j.clinph.2010.11.019

Wessa, M., King, A. V., Meyer, P., Frolich, L., Flor, H., Poupon, C., et al. (2016). Impaired and preserved aspects of feedback learning in aMCI: contributions of structural connectivity. Brain Struct. Funct. 221, 2831–2846. doi: 10.1007/s00429-015-1075-y

White, J. C., Langston, J. W., and Pedley, T. A. (1977). Benign epileptiform transients of sleep. Clarification of the small sharp spike controversy. Neurology 27, 1061–1068. doi: 10.1212/wnl.27.11.1061

Wu, J. W., Hussaini, S. A., Bastille, I. M., Rodriguez, G. A., Mrejeru, A., Rilett, K., et al. (2016). Neuronal activity enhances tau propagation and tau pathology in vivo. Nat. Neurosci. 19, 1085–1092. doi: 10.1038/nn.4328

Yang, C., Zhong, S., Zhou, X., Wei, L., Wang, L., and Nie, S. (2017). The abnormality of topological asymmetry between hemispheric brain white matter networks in Alzheimer’s disease and mild cognitive impairment. Front. Aging Neurosci. 9:261. doi: 10.3389/fnagi.2017.00261

Zott, B., Busche, M. A., Sperling, R. A., and Konnerth, A. (2018). What happens with the circuit in Alzheimer’s disease in the mice and humans. Annu. Rev. Neurosci. 41, 277–297. doi: 10.1146/annurev-neuro-080317-061725


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.

Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Yu, Liu, Wu and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.











	
	ORIGINAL RESEARCH
published: 08 December 2021
doi: 10.3389/fnhum.2021.766935





[image: image2]

Impact of Early-Commenced and Continued Sports Training on the Precuneus in Older Athletes

Masatoshi Yamashita1, Maki Suzuki2,3, Toshikazu Kawagoe3,4, Kohei Asano5,6, Masatoshi Futada3, Ryusuke Nakai6, Nobuhito Abe6 and Kaoru Sekiyama1,3*


1Graduate School of Advanced Integrated Studies in Human Survivability, Kyoto University, Kyoto, Japan

2Department of Behavioral Neurology and Neuropsychiatry, Osaka University United Graduate School of Child Development, Osaka, Japan

3Faculty of Letters, Kumamoto University, Kumamoto, Japan

4Liberal Arts Education Center, Kyushu Campuses, Tokai University, Kumamoto, Japan

5Faculty of Child Care and Education, Osaka University of Comprehensive Children Education, Osaka, Japan

6Kokoro Research Center, Kyoto University, Kyoto, Japan

Edited by:
Fanpei G. Yang, National Tsing Hua University, Taiwan

Reviewed by:
Sze Chai Kwok, Duke Kunshan University, China
Ayşe İkinci Keleş, Aksaray University, Turkey

* Correspondence: Kaoru Sekiyama, sekiyama.kaoru.8a@kyoto-u.ac.jp

Specialty section: This article was submitted to Brain Health and Clinical Neuroscience, a section of the journal Frontiers in Human Neuroscience

Received: 30 August 2021
 Accepted: 12 October 2021
 Published: 08 December 2021

Citation: Yamashita M, Suzuki M, Kawagoe T, Asano K, Futada M, Nakai R, Abe N and Sekiyama K (2021) Impact of Early-Commenced and Continued Sports Training on the Precuneus in Older Athletes. Front. Hum. Neurosci. 15:766935. doi: 10.3389/fnhum.2021.766935



Intervention studies on sedentary older adults have demonstrated that commencing physical exercise at an older age has a positive effect on brain structure. Although this suggests that older athletes with lifelong sports training have larger gray matter volume (GMV) in some brain regions compared to age-matched non-athletes, evidence in the literature is scarce. Moreover, it remains unclear whether a larger GMV is associated with training intensity or period of training in life. To address these gaps in the literature, we compared regional brain GMV between 24 older athletes (mean age, 71.4 years; age at the commencement of sports training, 31.2 years, continuous sports training, 40.0 years; current training time, 7.9 h/week) and 24 age-matched non-athletes (mean age, 71.0 years). The period of sports training and the current training time of the athletes were assessed. Both groups were evaluated for physical activity intensity as well as cognitive and motor performance. Although no group differences were noted in cognitive and motor performance, athletes reported higher physical activity intensity than non-athletes. Whole-brain structural analysis revealed a significantly larger GMV in several brain regions in athletes. Notably, the GMV of the precuneus in athletes was positively correlated with earlier commencement of sports training and training duration but was negatively correlated with current training time. Our findings demonstrate that early-commenced and continued sports training predicts structural maintenance of the precuneus in old age. Our results also suggest that excessive training time in old age may have a negative impact on the GMV of the precuneus; thereby delineating how the precuneus is associated with lifelong sports training in older athletes.
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INTRODUCTION

Magnetic resonance imaging (MRI) studies have revealed key structural characteristics of the aging brain. For example, the gray matter volume (GMV) of the frontal cortex, cingulate cortex, hippocampus, cerebellum, basal ganglia, and parietal lobe (e.g., supramarginal gyrus and precuneus) decreases with age (Raz et al., 2004, 2010; Ramanoël et al., 2018; Eyme et al., 2019; Hahm et al., 2019). Atrophy of these brain regions is associated with age-related decline in various behavioral measures of cognitive function (Seidler et al., 2010; Nyberg et al., 2012). Given the rise in aging-associated issues in current society, identifying lifestyle habits that effectively mitigate age-related cognitive decline and brain atrophy is essential.

Continued physical exercise is a candidate lifestyle factor in this regard, given its association with a reduced risk of dementia (Rovio et al., 2005; Larson et al., 2006; Tanaka et al., 2020) and mild cognitive impairment (Geda et al., 2010). Previous studies have reported that 6- to 12-month walking programs in sedentary older adults were associated with increased GMV of the hippocampus and frontal lobes, including the anterior cingulate cortex, supplementary motor area, and inferior frontal gyrus, compared to control participants who performed stretching as a non-aerobic exercise (Colcombe et al., 2006; Erickson et al., 2011). In addition, greater walking distance is associated with a larger GMV in the prefrontal and temporal regions, which reduces the risk of cognitive impairment (Erickson et al., 2010). These findings suggest that a physically active lifestyle predicts structural maintenance and related cognitive maintenance. Nevertheless, it remains unclear whether the effects of a physically active lifestyle are cross-sectionally evident in masters athletes relative to non-athletes.

Masters athletes are an excellent model of older adults who have participated in lifelong sports training and maintain high levels of motor skills. Several cross-sectional behavioral studies have reported higher levels of verbal memory, visuospatial processing, and attention in young (Lobjois et al., 2006; Tarumi et al., 2013) and older athletes (Lobjois et al., 2006; Tseng et al., 2013; Zhao et al., 2016) compared to that in age-matched non-athletes. These favorable characteristics of athletes may be underscored by physical fitness (e.g., muscle strength and cardiovascular endurance) as well as motor fitness (e.g., speed, balance, and fine motor coordination). The vigorous sports training of athletes may improve perceptual and motor processes associated with the mapping of sensation to action, which enables efficient spatial orientation and reactions to moving objects/persons. Moreover, metacognition in athletes is thought of as an essential component of self-regulation, proper strategies, and motor coordination monitoring to excel in sports (MacIntyre et al., 2014). Thus, sports training may lead to greater effects on cognitive function and brain structure compared to simple physical exercises, such as walking. Nevertheless, there is a paucity of studies on the effects of lifelong sports training on brain structure. One study reported that young athletes had larger GMV in the inferior parietal lobule, middle temporal gyrus, precentral gyrus, and frontal cortex compared to non-athletes (Fukuo et al., 2020). Another study reported larger GMV in the right parietal lobe (e.g., precuneus), occipital lobe, and cerebellum in a small group of older athletes compared to that in sedentary elderly individuals (Tseng et al., 2013). These findings suggest that the beneficial structural changes in the brains of athletes involve both motor-related and perception-related areas, highlighting the involvement of coordination between cognitive and motor processes when playing sports. Moreover, a study reported that current maximal oxygen consumption was positively correlated with the GMV of several brain structures, including the precuneus, frontal, and occipital lobes in older athletes (Tseng et al., 2013). However, these findings were based on a small sample. Further, the correlation was only observed between the current physical status of athletes and brain structure, and the study lacked information about the correlation between past athletic training and brain maintenance. Of note, previous studies have demonstrated that early-commenced physical training is associated with the strength of structural and functional connectivity in frontoparietal and default mode networks as well as related cognitive enhancement in middle-aged adults who have participated in regular sports training (Dik et al., 2003; Ferro et al., 2016; Ishihara et al., 2021). These findings suggest that early commencement of sports training may contribute to neural changes and related cognitive maintenance in later life and that the beneficial structural changes in the brains of athletes are affected not only by the amount of current physical activity (e.g., maximal oxygen consumption and current training time) but also by the length of experience, such as early-commenced and continued sports training. However, no study to date has identified the contribution of the length of sports experience to brain structure in older athletes.

This cross-sectional study aimed to address two research questions. First, we aimed to replicate the previously reported finding that the GMV in several brain regions was larger in older athletes compared to older non-athletes (Tseng et al., 2013) using a larger sample. Second, we aimed to determine whether the favorable structural changes in the brains of athletes, if any, were associated with the length of sports experience in life and/or the amount of current physical activity. To address these questions, we compared brain structure between older athletes and age-matched non-athletes. Based on the structural differences between groups, we further examined the associations between GMV in regions of interest (ROIs) and sports traits [age of commencement, years of training, current training time, and International Physical Activity Questionnaire (IPAQ) score]. We hypothesized that athletes would have increased the GMV in one or more brain regions (the precuneus, occipital lobe, and cerebellum) and that this increase would be correlated with the length of sports experience.



MATERIALS AND METHODS


Participants

The Psychological Research Ethics Committee of Kumamoto University approved the protocol, and all study participants provided informed consent. In total, 49 older adults (25 athletes and 24 non-athletes, aged 65–79 years) participated in this study. Athletes were defined as those who had received sports training for at least 15 years, based on a previous study (Tseng et al., 2013). Athletes were recruited via the Kyoto City Silver Human Resources Center, Kyoto Kendo Hall, and personal connections associated with tennis, golf clubs, and dance schools. Non-athletes with less than 3 years of sports experience were recruited from the Kyoto City Silver Human Resources Center. All the participants were right-handed. The exclusion criteria were cognitive impairments [Table 1; Mini-Mental State Examination (MMSE) score ≥ 25], a history of neurological, cardiovascular, or psychiatric illness, and/or contraindications for MRI. One athlete was excluded due to physical deconditioning. The final analysis comprised 24 athletes (12 men and 12 women) and 24 non-athletes (12 men and 12 women).

TABLE 1. Demographics of athletes and non-athletes.

[image: image]

The athletes had commenced sports training between the ages of 7 and 57 years (Table 2; mean = 31.2 years) and had been practicing sports for more than 19 years at the time the study was conducted (Table 2; mean = 40.0 years, range = 19–65 years). The current training time of the athletes was between 0.5 and 36.0 h per week (Table 2; mean = 7.9 h/week). The sports included tennis, kendo, golfing, dancing, cycling, and swimming. These sports, compared to simple physical exercises, such as walking and running, highlight the need for perceptual (e.g., visuospatial processing and attention shift) and motor (e.g., speed and balance) processing associated with sensation-to-action mapping.

TABLE 2. Sports training status in athletes.
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Measures of Physical Activity

Physical activity intensity levels were assessed using the Japanese version of the IPAQ-Short Form, which contains seven questions (Craig et al., 2003; Inoue et al., 2009). In the IPAQ, participants were instructed to record their physical activity intensity levels (vigorous-intensity activity, moderate-intensity activity, walking, and sitting) over the previous 7 days.



Behavioral Measurements

Cognitive and motor function and physical activity levels were measured and compared between athletes and non-athletes. Cognitive tests consisted of the Japanese versions of parts A and B of the trail-making test (TMT; Reitan and Wolfson, 1993) and logical memory-I and -II subtests of the Wechsler Memory Scale-Revised edition (WMS-R; Wechsler, 1997; Sugishita, 2000). Motor tests consisted of timed up and go (TUG; Podsiadlo and Richardson, 1991) and pegboard (Guo et al., 2020) tasks.

Parts A and B of the TMT were used to evaluate executive function. In TMT-A, participants were instructed to draw lines to sequentially connect 25 numbers in ascending order. In TMT-B, participants were instructed to draw lines alternately between numbers and letters (1, A, 2, B, etc.). The logical memory-I and -II subtests of the WMS-R were conducted to evaluate verbal memory. In the logical memory-I subtest, participants were instructed to immediately recall two stories sequentially. In the logical memory-II subtest, participants were instructed to recall the two stories 30 min later. The TUG and pegboard tasks were conducted to evaluate motor function. In the TUG test, participants were instructed to stand up from a standard chair, walk 3 m up and back, and sit down. In the pegboard task, participants were instructed to turn over 20 pegs (diameter × height = 0.5 × 3.5 cm) in 20 holes carved on a square board (length × width × thickness = 15 × 18 × 2 cm; SAKAI Medical Co., Ltd., Japan) using the right hand.



Statistical Analysis of Behavioral Data

IPAQ scores and behavioral data were compared between athletes and non-athletes using a two-sample t-test for each of the seven measures. IBM-SPSS Statistics for Windows, version 25 (IBM corporation, Armonk, NY, USA) was used for statistical analysis. However, multiple t-tests may induce type I errors (overestimation of significant effects without correction) or type II errors (underestimation of significant effects under conservative correction, such as that using the Bonferroni method). The sampling method (e.g., permutation) can be used to estimate adjusted P-values while avoiding parametric assumptions about the joint distribution of the test statistics (Dudoit et al., 2003). A permutation test (Camargo et al., 2008) was conducted using MATLAB R2020a (The Mathworks Inc., United States) with a statistics and machine-learning toolbox. For each behavioral measure, all 48 observed samples (24 athletes and 24 non-athletes) were randomized together and resampled to obtain a dummy t-value. This procedure was repeated 10,000 times for each of the seven behavioral measures. A total of 70,000 t-values (10,000 resampling × 7 behavioral measures) were pooled and a unique permutation t-distribution was created to obtain a single adjusted α-level threshold (the top five percentile rank in the distribution).



Image Acquisition

Scanning was performed using a 3T Siemens MAGNETOM Verio MR scanner (Siemens, Erlangen, Germany). The participants’ head was immobilized using a scanner head-coil (12 channels). High-resolution structural images were acquired using an axial T1-weighted magnetization-prepared rapid gradient-echo pulse sequence (TR = 2,250 ms; TE = 3.51 ms; TI = 900 ms; field of view = 256 × 256; matrix size = 256 × 256; voxel size = 1 × 1 × 1 mm; 208 slices).



Image Preprocessing and Statistical Analysis of Structural Data

Voxel-based morphometry (VBM; Ashburner and Friston, 2000) was performed using the statistical parametric mapping software SPM12 (Wellcome Department of Cognitive Neurology, London) and MATLAB R2018a. Structural T1-weighted images were first segmented to separate the different types of tissues: gray matter, white matter, cerebrospinal fluid, soft tissue, and skull. The segmented images (gray matter and white matter) were then spatially normalized using the Diffeomorphic Anatomical Registration using Exponentiated Lie algebra (Ashburner, 2007). To preserve the absolute volume of gray matter, modulation was performed on normalized gray matter images by multiplying the Jacobian determinants derived from spatial normalization. Finally, the modulated gray matter images were smoothed with an 8-mm full-width at half-maximum Gaussian kernel.

For the VBM statistical analysis, we used threshold-free cluster enhancement (TFCE), which was introduced to enhance voxel-based analysis sensitivity, by applying 5,000 permutations (Smith method; Smith and Nichols, 2009; Salimi-Khorshidi et al., 2011; Nenadic et al., 2021). First, we tested the GMV differences between groups using a general linear model in the SPM software, with total brain volume defined as a nuisance variable. An explicit mask was used to exclude noisy voxels from the statistical analysis. Based on the TFCE analysis, the statistical thresholds were set at P < 0.001, uncorrected for multiple comparisons, and P < 0.05 family-wise error corrected for multiple comparisons. Thereafter, we identified the cluster location obtained from structural data using the anatomy toolbox in SPM12 (Eickhoff et al., 2005).

Next, the associations between sports traits and the GMVs in the ROIs were investigated. Based on the structural result differences between the groups, we used MarsBaR software (Brett et al., 2002) to extract spherical ROIs that centered on the local maximal peaks of the significant clusters (we used sub-clusters for overly large clusters) that were located within a 10-mm radius of the regions identified in the aforementioned analysis (Guo et al., 2020). Correlation analyses were conducted using the Pearson’s correlation coefficient. For these multiple coefficients, validation tests for correlation were performed using a permutation test in MATLAB R2020a. To examine the correlation for a given pair of variables (e.g., age at commencement of sports training and the GMV in the precuneus), a dummy coefficient was obtained by correlating the two variables randomly across participants. This procedure was repeated 10,000 times for each of the five correlations. A total of 50,000 dummy coefficients (10,000 resamplings × 5 correlations) were pooled and a unique permutation coefficient distribution was created to obtain a single adjusted α-level threshold (the top five percentile ranks in the distribution). For all analyses, statistical significance was set at P < 0.05.




RESULTS


Demographics

Demographic data are presented in Table 1. No significant group differences were observed in age, years of education, body height and weight, and MMSE scores, indicating that the two groups were comparable, with the exception of sports traits. Welch’s t-test was used to analyze IPAQ scores due to heteroscedasticity. The results revealed a significant difference between groups (t(41.69) = 4.66, P < 0.001, d = 1.32). This t-value was higher than the adjusted significance level threshold (t(47) = 2.00) obtained in the permutation test, indicating that physical activity intensity levels were higher in athletes than in non-athletes.



Behavioral Scores

Behavioral data are presented in Table 3 as mean ± standard deviation (SD). Based on a Student’s t-test, no significant between-group differences were identified in the TMT-A and -B, logical memory-I and -II subtests, TUG test, and pegboard task, indicating that behavioral performance was comparable between athletes and non-athletes in this study.

TABLE 3. Behavioral results in both groups.
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Sports Experience-Related Structural Changes

The whole-brain voxel-based gray matter analyses revealed significantly larger GMVs in the left middle cingulate gyrus, left posterior cingulate gyrus, right precuneus, left superior frontal gyrus, right frontal pole, left posterior and anterior insula, and right superior frontal gyrus (Table 4 and Figure 1). GMVs of ROIs in these regions in athletes were extracted, and the associations between GMV and sports traits were investigated (Figure 2). Age of commencement and continuous sports training were correlated with the GMV of the precuneus in athletes (age of commencement: r = −0.50, P = 0.014; years of training: r = 0.50, P = 0.013). In addition, GMV of the precuneus was negatively correlated with current training time (r = −0.45, P = 0.027). These Pearson’s r-values were higher in absolute value than the adjusted significance level threshold (|r| = 0.40) obtained in the permutation test. In contrast, no significant correlation between the GMV of the precuneus and IPAQ scores was observed in athletes (r = −0.27, P = 0.20) or in non-athletes (r = −0.049, P = 0.82). GMV of the precuneus was greater in athletes with earlier training commencement and longer training duration, highlighting the influence of lifelong sports training.

TABLE 4. Brain areas with significantly larger gray matter volume in athletes than in non-athletes (TFCE analysis, P < 0.05, FWE corrected).
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FIGURE 1. Brain regions where athletes showed larger GMVs than non-athletes. Using a TFCE analysis, the athletes showed increased GMVs in various brain regions compared to the non-athletes. Table 4 shows the brain regions where the athletes showed gray matter enlargement. TFCE, threshold-free cluster enhancement; GMV, gray matter volume.




[image: image]

FIGURE 2. Correlations between precuneus volume and sports traits in the athletes. GMV in the right precuneus was larger in athletes than in non-athletes. Using ROIs in the precuneus, (A) age at the commencement of sports training was negatively correlated with GMV of the precuneus in athletes. (B) GMV of the precuneus was positively correlated with the number of years of sports training in athletes. (C) GMV of the precuneus was negatively correlated with current training time in athletes. (D) No significant correlation between GMV of the precuneus and IPAQ scores in athletes was noted. *P < 0.05, GMV, gray matter volume; ROI, region of interest; R PCu, right precuneus; a.u., arbitrary units; hrs/wk, hours per week; IPAQ, International Physical Activity Questionnaire.






DISCUSSION

This study compared the brain structure in older athletes with that in age-matched non-athletes. The correlation between GMV in athletes and sports traits was also investigated. Although no significant differences in cognitive and motor performance were observed between athletes and non-athletes, athletes demonstrated higher physical activity intensity levels, as measured using the IPAQ, compared to that of non-athletes. Compared to the non-athletes, the GMVs were larger in several of the brain regions in the athletes. Notably, the GMV of the precuneus was correlated with the early commencement of sports training and training duration. In contrast, the GMV of the precuneus in athletes was negatively correlated with current training time. IPAQ scores, which reflect the total intensity levels of multiple types of physical activity, were not correlated with the GMV of the precuneus. These findings suggest that early-commenced and continued sports training, rather than the amount of current physical activity, predict the structural integrity of the precuneus in old age. Additionally, the negative correlation between GMV of the precuneus and current training time implies that excessive physical training in old age may be detrimental. Since the aim of this study was to clarify which essential brain regions are associated with lifelong sports training, the present discussion is restricted to our findings regarding the correlation between sports experience traits and the precuneus in older athletes.

In contrast to previous studies reporting that young and older athletes exhibit better verbal memory and executive function performance (Tarumi et al., 2013; Tseng et al., 2013), no significant differences in WMS-R and TMT task performance were observed between athletes and non-athletes in this study. A possible reason for this discrepancy is the involvement of other lifestyle factors such as frequency of cognitive activity and social interaction; these factors were not controlled between the groups, which may have weakened the effect of sports. In this study, participants in the control group were recruited from the Kyoto City Silver Human Resources Center, i.e., they were working part-time. Therefore, they may have been more active than sedentary older adults. Another possible reason for the discrepant findings is the age difference between the groups. In the study by Tseng et al. (2013), the mean ages of athletes and non-athletes were 72.4 and 74.6 years old, respectively. In contrast, the mean ages of athletes and non-athletes in the current study were 71.4 and 71.0 years, respectively. Thus, in the study by Tseng et al. (2013), compared to the athlete group, the non-athlete group may have included more participants that were older than 75 years. In this regard, an advanced decline in executive function tends to occur at this age (Suzuki et al., 2018).

Although no significant differences in behavioral performance were observed between athletes and non-athletes in this study, the GMVs of the various brain regions were larger in the athletes than in the non-athletes. Of note, the GMV of the precuneus was significantly associated with sports experience traits in athletes. Specifically, larger GMV of the precuneus in athletes was associated with earlier commencement of sports training and training duration. These findings suggest that lifelong sports training may result in beneficial structural changes in the brain. These findings are consistent with previous studies. For instance, our results extend the findings from a previous study of young athletes (Fukuo et al., 2020) to include older populations. This consistency suggests that the precuneus is an essential region affected by sports training. Further, the GMV of the precuneus in older athletes was positively correlated with early commencement and duration of sports training. This extends a previous finding in middle-aged athletes (Eyme et al., 2019) to the older population. In agreement with the well-established aging-related deterioration of the precuneus (Eyme et al., 2019; Hahm et al., 2019), our findings validate the analogous effects of sports in older athletes (≥65 years). The current results also highlight the benefits of commencing sports training in early life and continuing training into old age to maintain the structural integrity of the precuneus.

The precuneus is involved in self-awareness, metacognitive efficiency, and attentional shift (Nagahama et al., 1999; Gilboa et al., 2004; Ye et al., 2019) and plays an important role in visuospatial imagery for body movement control (Ogiso et al., 2000; Suchan et al., 2002; Tian et al., 2019). Malouin et al. (2003) reported activation of the precuneus in imagery tasks of walking with obstacles through a virtual environment, suggesting the involvement of the precuneus in the efficient predictive adaptation of postural control, motor coordination, spatial orientation, and reaction to moving objects/persons. Moreover, the precuneus has been implicated in the processing capacity of visuospatial information in athletes (Guo et al., 2017). The accumulation of training in motor skills may strongly influence the precuneus in old age, presumably because visuospatial processing, self-awareness, metacognition, and attentional shift are essential for playing sports. The increased GMV of the precuneus and its association with the length of sports experience observed in our study suggests that athletes may maintain motor skills involving high cognitive demand at an old age.

In addition, the current findings highlight the potential effects of sports on the default mode network. The precuneus and posterior cingulate cortex comprise the functional core of the default mode network (Wang et al., 2006; Utevsky et al., 2014). Connectivity in the default mode network at rest has been reported to decrease with age (Damoiseaux et al., 2008; Ferreira and Busatto, 2013), and this suppression may be associated with a reduction in cognitive control (Dik et al., 2003; Ferro et al., 2016; Ishihara et al., 2021). In contrast, early-commenced motor training is associated with the strength of structural connectivity, including that in the default mode network, in middle-aged adults (Dik et al., 2003; Ferro et al., 2016; Ishihara et al., 2021). In our study, a positive change in the GMV of the precuneus was observed in athletes due to long-term sports experience. Future research should investigate the relationship between the maintenance of the GMV of the precuneus and connectivity in the default mode network.

Previous studies have reported that a higher amount of physical activity (maximal oxygen consumption) is associated with a larger GMV of the precuneus (Prakash et al., 2010; Tseng et al., 2013; Boots et al., 2015; Castells-Sánchez et al., 2021). In contrast, the present study revealed a negative association between the GMV and current training time, suggesting that the GMV of the precuneus in athletes decreased with prolonged training time. A relevant concept in this regard is the U-shaped function of the relationship between physical exercise intensity and cardiovascular state, whereby moderate physical exercise is better than no exercise, but vigorous physical exercise is associated with adverse cardiovascular events (Merghani et al., 2016). The latter may be due to the metabolic activation of the tryptophan-kynurenine pathway in the brain as a result of prolonged physical activity and intense physical exercise, which can lead to central fatigue (Strasser et al., 2016; Yamashita, 2020). These neuroactive metabolites are associated with cognitive decline and brain deterioration (Yamashita and Yamamoto, 2017; Yamashita, 2020). Moreover, several studies have demonstrated that central fatigue may influence the reduction in the GMV in the cortical and subcortical regions (de Lange et al., 2005; Riccitelli et al., 2011; Arm et al., 2019). Higher concentrations of tryptophan and kynurenine have been observed in younger and older adults during prolonged physical exercise (Melancon et al., 2012; Strasser et al., 2016; Trepci et al., 2020). Prolonged physical activity and its high load in older athletes may be associated with structural deterioration due to central fatigue. If the relationship between the amount of current physical exercise and GMV of the precuneus is underpinned by a U-shaped function, moderate sports training may have beneficial effects on brain health. To interpret previous reports (Prakash et al., 2010; Tseng et al., 2013; Boots et al., 2015; Castells-Sánchez et al., 2021) and the current findings uniformly in accordance with a U-shaped function, maximal oxygen consumption may be a useful physical measure to distinguish lower amounts of physical exercise, whereas current training time may indicate a higher amount of exercise.

Our study has several limitations. First, our study was cross-sectional; thus, causal relationships between sports training and changes in GMV in athletes could not be drawn conclusively. Second, the present study was unable to recruit a sufficient number of athletes for each sport to investigate the effects of sports type on brain structure and cognitive function. Therefore, the effects of sports type on the current results remain unclear. Third, the present study did not observe significant differences in cognitive and motor performance between athletes and non-athletes, presumably because extraneous variables may have weakened the effects of sports training. Therefore, future research should control for lifestyle factors, such as the frequency of cognitive activity and social interaction.



CONCLUSION

Compared to age-matched non-athletes, older athletes exhibited beneficial structural changes in the precuneus, and the GMV of the precuneus was significantly associated with sports traits. Although no significant group differences in cognitive and motor performance were observed between athletes and non-athletes, athletes exhibited lower levels of brain atrophy in the precuneus. Moreover, early-commenced and continued sports training were associated with a larger GMV in the precuneus. However, excessive sports training may have negative effects on the GMV in the precuneus. The present findings shed new light on the effects of lifelong sports training on the maintenance of brain health in old age.
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Background and Objectives: Neurodegeneration and vascular burden are the two most common causes of post-stroke cognitive impairment. However, the interrelationship between the plasma beta-amyloid (Aβ) and tau protein, cortical atrophy and brain amyloid accumulation on PET imaging in stroke patients is undetermined. We aimed to explore: (1) the relationships of cortical thickness and amyloid burden on PET with plasma Aβ40, Aβ42, tau protein and their composite scores in stroke patients; and (2) the associations of post-stroke cognitive presentations with these plasma and neuroimaging biomarkers.

Methods: The prospective project recruited first-ever ischemic stroke patients around 3 months after stroke onset. The plasma Aβ40, Aβ42, and total tau protein were measured with the immunomagnetic reduction method. Cortical thickness was evaluated on MRI, and cortical amyloid plaque deposition was evaluated by 18F-florbetapir PET. Cognition was evaluated with Mini-Mental State Examination (MMSE), Geriatric Depression Scale (GDS), Dementia Rating Scale-2 (DRS-2).

Results: The study recruited 24 stroke patients and 13 normal controls. The plasma tau and tau*Aβ42 levels were correlated with mean cortical thickness after age adjustment. The Aβ42/Aβ40 ratio was correlated with global cortical 18F-florbetapir uptake value. The DRS-2 and GDS scores were associated with mean cortical thickness and plasma biomarkers, including Aβ42/Aβ40, tau, tau*Aβ42, tau/Aβ42, and tau/Aβ40 levels, in stroke patients.

Conclusion: Plasma Aβ, tau, and their composite scores were associated with cognitive performance 3 months after stroke, and these plasma biomarkers were correlated with corresponding imaging biomarkers of neurodegeneration. Further longitudinal studies with a larger sample size are warranted to replicate the study results.

Keywords: cognition, amyloid plaque, PET, post-stroke cognitive impairment, plasma biomarker, tau protein


INTRODUCTION

Neurodegeneration and vascular pathology are the two most common causes of cognitive impairment in the elderly. Post-stroke cognitive impairment (PSCI) is a special condition of vascular cognitive impairment (VCI) and refers to the presence of cognitive impairment after stroke. PSCI is noted in about one-third of stroke survivors, which usually manifest 3–6 months after stroke occurrence (Pendlebury and Rothwell, 2009; Gottesman and Hillis, 2010). The occurrence of PSCI can be attributed to vascular injury, pre-existing neurodegenerative substrates, and a combination of both (Mijajlović et al., 2017). Besides, stroke patients with co-existing beta-amyloid (Aβ) plaque tend to present steeper cognitive declines in longitudinal follow-up (Liu et al., 2015).

Regarding the in vivo detection of neurodegenerative pathology in stroke patients, positron emission tomography (PET) imaging, cerebrospinal fluid (CSF) and blood examination have been developed in the past decades. PET imaging can yield an excellent visual resolution of the topographical distribution of Aβ pathology and tau protein, but it is expensive with limited availability and requires multiple scanning sessions if different pathological substrates are to be detected. The concentrations of Aβ protein and tau protein in CSF have been shown highly correlated with brain pathological changes and clinical presentations, but the invasive nature of lumbar puncture limits its clinical application. Compared to PET and CSF studies, blood biomarkers of neurodegeneration have the advantage of more convenient accessibility with no risk for radiation exposure and invasive procedures (Blennow, 2017). Detection of plasma neurodegeneration markers, such as Aβ40, Aβ42, and tau protein, has been shown feasible and reliable by the immunomagnetic reduction (IMR) technique (Yang et al., 2011). Patients with Alzheimer’s disease (AD) had lower plasma Aβ40 and higher plasma Aβ42 and tau protein levels than patients with mild cognitive impairment (MCI) and healthy controls (Chiu et al., 2013, 2014). Regarding the reliability of plasma neurodegenerative biomarkers, the CSF and plasma Aβ42 were shown correlated in a recent AD study (Teunissen et al., 2018). Moreover, plasma Aβ40 and Aβ42 levels were significantly correlated with amyloid accumulation on Pittsburgh compound B (PiB) PET (Tzen et al., 2014).

Detection of fluid biomarkers of amyloid plaque and tau protein has been applied in stroke patients, and their levels would vary according to sampling time point, vascular lesion characteristics, and coexisting neurodegeneration states (Hesse et al., 2000; Zhang et al., 2010; Bielewicz et al., 2011; Skillback et al., 2015). Previous studies have shown that there is no significant change in amyloid plaque accumulation after acute stroke (Hesse et al., 2000; Sahathevan et al., 2016). On the other hand, tau protein level has an abrupt increase within 5–10 days after acute stroke, and then gradually decreases to a stable level in the following 3 months after stroke (Hesse et al., 2000; Kaerst et al., 2013). Therefore, plasma amyloid peptide and tau protein levels measured 3 months after stroke would be within a relatively stable condition and may represent the overall neurodegenerative condition in stroke patients.

Although plasma Aβ42 and tau protein levels have been recently reported to have significant associations with VCI presentations (Tang et al., 2018; Chi et al., 2019), there is limited literature on the relationship between the imaging and blood biomarkers of neurodegeneration in the context of PSCI. In this study, we aimed to explore: (1) the associations of plasma Aβ40, Aβ42, and tau protein levels with cognitive presentations around 3 months after first-ever ischemic stroke; and (2) the relationships of plasma Aβ40, Aβ42, and tau protein with the relevant imaging markers, such as cortical atrophy on MRI and amyloid burden on PET imaging.



METHODS


Participants

We conducted a prospective, cross-sectional study to screen patients with recent first-ever ischemic stroke (around 3 months after onset) from the Department of Neurology and Stroke Center at Linkou Chang Gung Memorial Hospital, Taiwan, as previously described (Huang et al., 2018b). These stroke patients were recruited based on the following criteria: (1) a diagnosis of acute ischemic stroke confirmed on magnetic resonance imaging (MRI) at stroke onset; (2) education years at least 6 years; (3) no history of old stroke, dementia, tauopathy diseases, substantial traumatic brain injury or epilepsy before the index stroke; (4) without recurrent stroke occurring between the index stroke and the study screening procedure; and (5) without persistent moderate to severe dysphasia, which was defined as a score of >1 point in the language score of the National Institutes of Health Stroke Scale (NIHSS; Srikanth et al., 2006). The NIHSS scores were recorded at stroke onset and 3 months after stroke. In addition, age- and education-matched elderly normal controls were also recruited, and they had: (1) education at least 6 years; (2) no subjective cognitive complaint; (3) no major neurological and psychiatric disease; and (4) the sum of Clinical Dementia Rating sub-scores was 0.

The study protocol and procedure for obtaining informed consent were compliant with the Helsinki Declaration and were approved by the Institutional Review Board of Chang Gung Memorial Hospital (IRB No. 201601092B0, 201601675A0, 103-7584A). All participants provided written informed consent.



Cognitive Assessment

Cognitive assessment was administered on all participants around 3 months after the occurrence of the index stroke. The assessment entailed the Mini-Mental State Examination (MMSE), the Clinical Dementia Rating (CDR) and the Dementia Rating Scale-2 (DRS-2). The subtests of the DRS-2, including attention, initiation and perseveration (IP), conceptualization, memory and construction, were applied to evaluate domain-specific cognitive function. The 15-item Geriatric Depression Scale (GDS) was used to evaluate mood condition. All of these tests have been used in our previous studies (Huang et al., 2017, 2018a).



Blood Sample Collection and Preparation

Every participant was asked to provide a 10-ml non-fasting venous blood sample (K3 EDTA, lavender-top tube). The blood samples were centrifuged (3,000 g for 20 min) within 1 h of collection, and plasma was aliquoted into cryotubes and stored at −80°C before measurement. The laboratory staff were blinded to the demographic, clinical and imaging data of each participant.



IMR Measurements

Measurements of plasma Aβ40, Aβ42 and total tau protein with immunomagnetic reduction (IMR) have been reported in our previous study (Lin et al., 2019). In brief, the reagents used to determine plasma Aβ40, Aβ42, and tau protein levels in this study consisted of dextran-coated Fe3O4 nanoparticles functionalized with antibodies. Immunomagnetic reduction assays were the method used to probe the associations of plasma magnetic nanoparticles with Aβ40, Aβ42, and tau protein reagents. This technique mainly detected the percentage reduction in an alternating current that reflects the magnetic susceptibility (Xac) of a reagent due to the interactions of functionalized magnetic nanoparticles and target proteins. The percentage reductions of immunomagnetic signals were then converted to target protein concentrations using the standard curves of the respective analytes.



Stroke Volume and Brain Atrophy Evaluation

Brain CT and MRI were performed at stroke onset to assess acute stroke lesions. The MRI scanning protocol included fluid-attenuated inversion recovery (FLAIR), diffusion-weighted imaging (DWI), and T1-weighted (T1W) sequences. The stroke volume was delineated on the DWI maps using the PMOD software (version 3.7; PMOD Technologies Ltd., Zurich, Switzerland). We normalized stroke lesion volume according to the head size, which was measured using the FreeSurfer software (version 6.0.0).

Brain atrophy was evaluated based on the follow-up brain MRI scans performed around 3 months after stroke onset. Axial three-dimensional T1W-MPRAGE (Magnetization Prepared Rapid Gradient Echo) and FLAIR sequences were acquired on a Siemens 3T MRI system as previously described (Huang et al., 2018b). We measured the cortical thickness on the T1W-MPRAGE images using the FreeSurfer software (Becker et al., 2011). We evaluated hippocampal atrophy using the Schelten medial temporal lobe atrophy (MTA) score (Scheltens and van de Pol, 2012; Huang K. L. et al., 2019).



Amyloid PET Image Acquisition and Analysis

An 18F-florbetapir PET scan was performed using Biograph mMR PET/magnetic resonance scanner (Siemens Medical Solutions, Malvern, PA, USA) about 3 months after stroke onset. A 10-min PET scan of 18F-florbetapir was acquired at 50 min post-injection of 384 ± 13 MBq. 18F-florbetapir PET images were reconstructed using point-spread function reconstruction with two iterations and 21 subsets, as well as MR-based attenuation correction and scatter and random corrections. The final reconstructed 18F-florbetapir PET images were of 344 × 344 × 127 matrix size (0.834 × 0.834 × 1.2 mm voxel size).

PET data were motion-corrected, and then spatially normalized into MNI space using MR-based spatial normalization. Image processing was performed using PMOD software (version 3.7; PMOD Technologies Ltd, Zurich, Switzerland) by previously reported protocols (Huang C.-C. et al., 2019). Then, the SUVR (standardized uptake value ratio) image was calculated by using the cerebellar gray matter as the reference region. Amyloid plaque positivity was visually evaluated on 18F-florbetapir PET images (Johnson et al., 2013).



Study Procedures and Statistical Analyses

Cognitive performance, plasma neurodegenerative biomarkers, mean cortical thickness on brain MRI, and 18F-florbetapir SUVR as amyloid burden were measured around 3 months after acute stroke. Firstly, we evaluated the influence of plasma neurodegenerative markers, such as Aβ40, Aβ42, and tau protein, on PSCI performance. Secondly, we evaluated the associations of plasma neurodegenerative markers with the corresponding neuroimaging markers, including mean cortical thickness and 18F-florbetapir SUVR.

For descriptive statistics, we performed the two-sample t-test, chi-square test, and Fisher’s exact test for group comparisons. Further, we performed Pearson’s correlation analyses to investigate the correlations among the mean cortical thickness, 18F-florbetapir SUVR, and plasma biomarker values. Moreover, we analyzed the partial correlations of cognitive performance with plasma biomarker and other relevant factors after adjusting for age and education.




RESULTS

The study recruited 24 patients with first-ever ischemic stroke and 13 age- and education-matched normal controls. Stroke patients had higher proportions of hypertension and dyslipidemia than those of the controls. There were no differences between the two groups in mean cortical thickness, plasma levels of Aβ40, Aβ42, tau, or the composite scores for Aβ42/Aβ40, tau/Aβ40, tau*Aβ42, and tau*Aβ42/Aβ40 (Table 1). The median days of blood sampling, neurocognition assessment, and neuroimaging evaluation were 96 (86–105, interquartile range), 98 (88–110), and 100 (87–118) days after stroke occurrence for stroke patients, and these intervals were highly correlated (r = 0.48–0.68, p values < 0.03). These evaluations were performed within 15 days for the controls.

TABLE 1. Comparisons of demographic data and plasma Aβ40, Aβ42, tau protein and their composite scores between normal controls and patients with ischemic stroke.
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Age was negatively correlated with mean cortical thickness in all participants (r = −0.35, p value = 0.04), and plasma tau protein level and tau-related composite scores were correlated with mean cortical thickness after age adjustment. Subgroup analyses were then performed to evaluate associations between plasma biomarkers and mean cortical thickness in stroke patients and normal controls, respectively. In stroke patients, plasma tau, tau*Aβ42, and tau/Aβ42 levels were correlated with mean cortical thickness, but not with stroke volume (Figure 1). However, such correlations were not observed in normal controls (Table 2).


[image: image]

FIGURE 1. The correlations of mean cortical thickness with plasma tau (A), tau*Aβ42 (B), and tau/Aβ42 (C) in stroke patients and normal controls.



TABLE 2. Partial correlations of mean cortical thickness with plasma Aβ40, Aβ42, and tau protein and their composite scores after adjustment for age.
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In all participants, plasma levels of Aβ40, Aβ42/Aβ40, tau/Aβ40, and tau*Aβ42/Aβ40 were all significantly correlated with the GDS and DRS-2 total scores, respectively, and remained significant after controlling for age and education (Table 3). Similarly, in stroke patients alone, the plasma Aβ42/Aβ40, tau, tau/Aβ42, tau/Aβ40, and tau*Aβ42/Aβ40 levels were significantly correlated with the GDS score, DRS-2 total score, and DRS-2 I/P subtest score after age and education adjustment (Figure 2). The correlations of stroke volume with the NIHSS, MMSE, GDS and DRS-2 total scores were not significant.

TABLE 3. The correlations of cognitive results with cortical thickness, stroke volume, plasma Aβ42, Aβ40, tau, and their composite scores.
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FIGURE 2. The correlations among cognitive results and plasma biomarkers. Geriatric Depression Score (GDS) vs. tau (A). Dementia Rating Scale-2 (DRS-2) total score vs. Aβ42/Aβ40 ratio (B). DRS-2 memory subtest score vs. tau/Aβ40 (C). DRS-2 initiation and perseveration (DRS IP) subtest score vs. tau/Aβ40 (D).



An 18F-florbetapir PET scanning was done in 19 of 24 stroke patients and 11 of 13 controls. There were no differences in age, education, or cognitive test scores between participants with and without 18F-florbetapir PET scanning. The 18F-florbetapir PET imaging was visually negative for amyloid plaque in all participants. The 18F-florbetapir SUVR was positively and moderately correlated with Aβ42/Aβ40 (r = 0.42, p value = 0.07) in stroke patients (Figure 3), but was not significantly correlated with any cognitive test scores in either group.
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FIGURE 3. The correlation between plasma Aβ42/Aβ40 ratio and cortical amyloid accumulation burden on 18F-florbetapir PET.





DISCUSSION

PSCI is not a single disease entity; rather, it describes an unspecified cognitive decline that usually occurs 3–6 months after stroke onset (Tuladhar and de Leeuw, 2010). In this study, we checked plasma Aβ42, Aβ40, and tau protein levels as well as structural MRI and amyloid PET scanning around 3 months after the occurrence of first-ever ischemic stroke. We found that plasma tau protein level and tau-related composite scores were correlated with mean cortical thickness. In addition, the Aβ42/Aβ40 ratio was moderately correlated with 18F-florbetapir PET SUVR. Furthermore, plasma Aβ42, Aβ40, tau protein and their composite scores were correlated with cognitive performance 3 months after stroke. All these findings suggest plasma biomarkers of Aβ42, Aβ40, and tau protein may be associated with the development of PSCI.

Amyloid plaque is a pathognomonic marker of Alzheimer’s disease and could be present for decades before the manifestations of cognitive impairment (Jack et al., 2013). Although vascular lesions and Aβ pathology frequently coexist in stroke patients, previous CSF or amyloid PET studies have shown that stroke itself would not induce amyloid plaque accumulation (Hesse et al., 2000; Sahathevan et al., 2016). Nonetheless, the presence of co-existing amyloid plaque has been implicated as a risk factor for PSCI development (Thiel et al., 2014; Skillback et al., 2015). Therefore, detection of both vascular injury and neurodegeneration pathology would be helpful to disentangle the complex etiologies of PSCI. Our study found that plasma Aβ proteins were correlated with PSCI performance. Of note, the Aβ42/Aβ40 ratio was more sensitive to PSCI than Aβ42 or Aβ40 alone in our study. It has been proposed that the Aβ42/Aβ40 ratio could compensate for general inter-individual variations than Aβ42 or Aβ40 alone (Hansson et al., 2019), and the Aβ42/Aβ40 ratio in either CSF and blood studies had adequate accuracy and reliability to differentiate AD patients from controls (Chiu et al., 2012; Hansson et al., 2019).

The correlations of VCI with plasma Aβ42, Aβ40, and tau protein have been recently reported (Tang et al., 2018; Chi et al., 2019). Tang et al. (2018) found elevated plasma Aβ42 was associated with worse cognitive performance in stroke patients. However, the intervals from stroke occurrence to cognitive evaluation ranged from acute stroke stage to more than 10 years after stroke in their study, and disparity in evaluation intervals may limit the ability to elucidate the temporal relationship between vascular and neurodegenerative contributions to the PSCI development. In our study, the plasma biomarker collection, cognitive evaluation and neuroimaging studies were performed around 3 months after stroke, and we found the plasma Aβ42/Aβ40 ratio and tau-related composite scores were correlated with PSCI presentations. This finding implies the potential role of these markers in signifying the development of PSCI. On the other hand, we found that stroke volume was not correlated with PSCI severity in this study. This could be partly related to the relatively minor stroke severity in our cases, whose NIHSS scores were 2.6 ± 1.4 points at stroke onset and 1.7 ± 1.1 points 3 months after stroke, respectively.

Both plasma and CSF Aβ42/Aβ40 ratios have been reported as surrogate biomarkers of cortical amyloid plaque deposition on PET (Fandos et al., 2017; Alcolea et al., 2019). Although the 18F-florbetapir PET results were visually rated negative for Aβ pathology in our stroke patients, the plasma Aβ42/Aβ40 ratio had a moderate correlation with global 18F-florbetapir SUVR. In agreement with the previous studies, our results showed that the plasma Aβ42/Aβ40 ratio was correlated with cognitive performance as well as the 18F-florbetapir SUVR even under the condition of low Aβ burden on PET imaging.

Tau is a microtubule-associated protein involved in stabilizing the axonal cytoskeleton and is deemed as a potential marker of axonal injury (Seco et al., 2012). Previous CSF and serum studies have shown that tau protein level has an abrupt elevation in the acute ischemic stroke stage, with a peak increase within 5–10 days after stroke onset, followed by a gradual normalization after 3 months. Therefore, the interval from stroke onset to blood collection may have an influence on the plasma tau protein level. In our study, plasma tau protein was collected around 3 months after stroke, and intervals from stroke onset to plasma collection were not correlated with plasma tau level or its composite scores (data not shown). Furthermore, the tau protein level in the acute stage is correlated with stroke volume, implying the role in direct neuronal injury severity (Hesse et al., 2000; Bitsch et al., 2002; Bielewicz et al., 2011; Kaerst et al., 2013). However, the relationship between acute tau protein level and post-stroke cognitive performance has not been well investigated. In a recent study, a single measurement of plasma tau protein which was done within 1 week after stroke onset has not revealed an association with cognitive performance 3 months or 1 year after stroke. Since a steep elevation of tau protein level may occur within days after stroke onset, multiple and intensive sampling of tau protein levels in the acute stroke stage should be more reliable when investigating its influence on long-term neurological and cognitive deficits in future studies.

On the other hand, since the plasma tau protein was detected around 3 months after stroke in our study, its concentration might be more related to either pre-existing or stroke-related neurodegeneration, rather than the direct neuronal injury effect (Chen and Jiang, 2019). Furthermore, we found plasma tau protein level and its composite scores were associated with mean cortical thickness and cognitive performance in stroke patients. Similar findings were also noted in previous studies. Tau protein level is associated with brain atrophy severity in both stroke patients and normal controls (Ihle-Hansen et al., 2017; Harrison et al., 2021). However, stroke patients have a greater brain atrophy rate than normal controls (Brodtmann et al., 2020), and the correlation between CSF tau protein level and brain atrophy severity is still significant 1 year after stroke, suggesting stroke may enhance or trigger tau-linked neurodegeneration with loss of neurons (Ihle-Hansen et al., 2017).

Various combinations of plasma Aβ42, Aβ40, and tau levels have shown better correlations with cognition than single biomarkers in patients with either AD or VCI (Lue et al., 2017; Chen et al., 2019; Chi et al., 2019). During the neurodegenerative process, Aβ tends to elevate during the MCI stage and reaches a plateau towards the demented stage, while tau protein increases as AD progresses. Therefore, the combination of these biomarkers could be synergistically representative of the neurodegeneration profile. For example, the product of plasma Aβ42 and tau has better accuracy for clinically diagnosed AD than either biomarker alone (Lue et al., 2017; Jiao et al., 2020). Moreover, the plasma tau/Aβ42 ratio showed a stronger association with brain tau accumulation than tau alone (Park et al., 2019). Indeed, the characteristic of an inverse relationship between plasma tau and Aβ40 during the neurodegeneration process (Fan et al., 2018) was also epitomized in our study that the tau/Aβ40 ratio had the strongest correlation with cognitive performance among the other plasma biomarkers and their composite scores.

PSCI development is subject to multiple factors, and the underlying mechanisms are not fully understood. In addition to AD-specific biomarkers, there is a considerable number of fluid and imaging biomarkers associated with vascular cognitive impairment. Previous studies have shown elevated CSF/blood albumin ratio, CSF matrix metalloproteinase (MMP) level, CSF neurofilament, and blood inflammatory cytokines and adhesion molecules are associated with worse cognitive performance, which could be attributed to disruption of blood-CSF/brain barriers and breakdown of white matter fibers and extracellular matrix (Wallin et al., 2017). Furthermore, neuroimaging measures, such as total gray matter volume, leukoaraiosis severity, stroke location, CSF volume, and neuroinflammatory presentations, have been implicated in PSCI development (Thiel et al., 2014; Molad et al., 2019; Huang et al., 2020). Therefore, multi-modality studies are required to investigate the relationships among fluid and imaging biomarkers and their composite influence on PSCI prognosis.

There were several limitations of this study that should be considered. First, the sample size was relatively small, and it should be cautious to generalize the study results. A larger sample size is required to validate the influence of plasma Aβ and tau protein on the PSCI development. Second, additional studies may be required to investigate the interactions among stroke location, stroke severity, and plasma AD biomarkers on the PSCI presentations. Since CSF biomarker analysis has been a more direct measure of the CNS condition than blood analysis, the correlations between CSF and blood measurement of neurodegeneration biomarkers, especially for tau protein, in stroke patients may be needed in future studies. Finally, this was a cross-sectional study, and further longitudinal study is deemed necessary to determine the long-term influence of plasma AD biomarkers on PSCI development.



CONCLUSION

In this study, we found that plasma Aβ42/Aβ40 ratio was correlated with amyloid cortical deposition on 18F-florbetapir SUVR and the total tau protein value was correlated with mean cortical thickness 3 months after stroke. The plasma Aβ42/Aβ40 ratio, tau protein, and tau-related composite scores were correlated with cognitive performance. The relationship of plasma Aβ40, Aβ42, and tau protein with the long-term post-stroke structural and cognitive changes requires further studies in larger populations.
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Working memory is developed in one region of the brain called the dorsolateral prefrontal cortex (DLPFC). The dysfunction of this region leads to synaptic neuroplasticity impairment. It has been reported that several biochemical parameters and anthropometric measurements play a vital role in cognition and brain health. This study aimed to investigate the relationships between cognitive function, serum biochemical profile, and anthropometric measurements using DLPFC activation. A cross-sectional study was conducted among 35 older adults (≥60 years) who experienced mild cognitive impairment (MCI). For this purpose, we distributed a comprehensive interview-based questionnaire for collecting sociodemographic information from the participants and conducting cognitive tests. Anthropometric values were measured, and fasting blood specimens were collected. We investigated their brain activation using the task-based functional MRI (fMRI; N-back), specifically in the DLPFC region. Positive relationships were observed between brain-derived neurotrophic factor (BDNF) (β = 0.494, p < 0.01) and Mini-Mental State Examination (MMSE) (β = 0.698, p < 0.01); however, negative relationships were observed between serum triglyceride (β = −0.402, p < 0.05) and serum malondialdehyde (MDA) (β = −0.326, p < 0.05) with right DLPFC activation (R2 = 0.512) while the participants performed 1-back task after adjustments for age, gender, and years of education. In conclusion, higher serum triglycerides, higher oxidative stress, and lower neurotrophic factor were associated with lower right DLPFC activation among older adults with MCI. A further investigation needs to be carried out to understand the causal-effect mechanisms of the significant parameters and the DLPFC activation so that better intervention strategies can be developed for reducing the risk of irreversible neurodegenerative diseases among older adults with MCI.

Keywords: anthropometry, biochemical, biomarkers, brain activation, cognitive


INTRODUCTION

Functional MRI (fMRI) is a noninvasive process that can be used for measuring brain activities since it detects changes related to blood flow (Wright and Wise, 2018). fMRI is regarded as an important tool that helped in detecting the changes that took place in the neural mechanisms of older adults (Belleville and Bherer, 2012). This technique includes several features, which could be used as effective surrogate markers for investigating the cognitive status among older adults (Belleville and Bherer, 2012; Clément and Belleville, 2012). The human brain includes a region called the dorsolateral prefrontal cortex (DLPFC). This region is located in the middle frontal gyrus of the human brain, which is a part of the lateral region in Brodmann’s area 9 and 46 (Barbey et al., 2013). Impaired synaptic neuroplasticity occurs due to a DLPFC dysfunction (Kumar et al., 2017). At present, the site that was most frequently targeted among older adults with mild cognitive impairment (MCI) was the DLPFC as reported in recent studies, which is important for working memory (Wang et al., 2014; Badhwar et al., 2017; Taylor et al., 2019).

Several risk factors have been identified, which indicate cognitive declines such as increased age of adults, inadequate nutrient intake, low educational level, presence of comorbidities, and a lack of physical and social activities (Sachdev et al., 2013; Baumgart et al., 2015; Boyle et al., 2016; Kobe et al., 2016). Additionally, a higher body mass index (BMI) was also associated with a poor cognitive status. Previous studies have also reported that the greater BMI and higher body fat percentage were closely related to poor cognitive status among older adults (Malek Rivan et al., 2019). Cognitive deterioration was also associated with the biochemical profiles of the participants such as the serum lipid profiles. Current evidence suggests that lipids help in regulating the neural functions in the central nervous system since they participate in many local mechanisms associated with the systemic lipid metabolism (Weinstock-Guttman et al., 2011; Hottman et al., 2014). A previous Malaysian study reported that hypertriglyceridemia was related to an increased risk of poor cognitive among older adults with cognitive impairment (Rivan et al., 2020). Although previous studies have focused on the relationship between these parameters with brain activities, however, not all parameters were systematically included in one study among older adults with MCI.

In addition, Revel et al. (2015) reported that oxidative stress-related damage would accelerate the aging process and lead to an age-related cognitive decline. Malondialdehyde (MDA) was observed to be an important biomarker of the lipid peroxidation process, which plays a vital role in progressing dementia (García-Blanco et al., 2017; He et al., 2017; Luo et al., 2020). Age-related oxidative brain damage was significantly increased by lipid peroxidation products, protein oxidation mechanisms, and the oxidative changes that take place in the mitochondrial and nuclear DNA (Zabel et al., 2018). All these factors can lead to irreversible neurodegenerative diseases (García-Blanco et al., 2017; Luo et al., 2020). It is necessary to identify possible biomarkers that can serve better in determining their relationship with cognitive function and can potentially be used as a molecular signature for targeted interventions in the future among older adults with MCI so that their condition could be reversed to successful aging.

A majority of the earlier local studies made use of neuropsychological batteries for assessing the cognitive functions and defining the potential predictors, which led to a decrease in cognitive functioning (Vanoh et al., 2017; Rivan et al., 2020; You et al., 2020). The fMRI technique could measure the changes occurring in the blood flow levels in response to some memory challenges. Hence, it helps in understanding the differences in brain activation levels among older adults. At present, several methods were used to predict the progression of MCI, such as fMRI (Lau et al., 2018; Wright and Wise, 2018), and the analysis of biomarkers in the cerebrospinal fluid and peripheral blood (Hermida et al., 2012). In this study, we aimed to determine the relationship between the various biochemical parameters, anthropometric values, and cognitive function with working memory related to the DLPFC function among the older adults with MCI. We hypothesized that there is a relationship between biochemical parameters, anthropometric values, and cognitive function with working memory related to the DLPFC function among the older adults with MCI.



MATERIALS AND METHODS


Study Design

This is a cross-sectional study that involved 35 community-dwelling older adults with MCI aged 60 years and above as recruited involving two cohorts prior to nutritional intervention studies involving local traditional vegetables (You et al., 2021) and herbs (Lau et al., 2020). They were screened for eligibility based on the inclusion and exclusion criteria. This study was approved by the Medical Research and Ethics Committee of the Universiti Kebangsaan Malaysia (UKM; NN-2019-137), and written informed consent was obtained from all the participants prior to data collection. In this study, the inclusion criteria included older adults aged 60 years and above with MCI based on the criteria described by Petersen et al. (2014) and who were able to communicate in Malay, English, Chinese, or Tamil language participated in the study. The criteria described by Petersen et al. (2014) are stated as follows:


(1)Currently not receiving any clinical judgments on dementia.

(2)Have no or very minimal limitations in instrumental activities of daily livings (IADL) with a score of ≤1.5 SD from the mean norm.

(3)Essentially preserved general cognitive functioning by scoring ≥19 in Mini-Mental State Examination (MMSE).

(4)Objective memory impairment with a score of at least 1.5 SD below the mean average in one or more cognitive tests [Rey Auditory Verbal Learning Test (RAVLT) (immediate recall) or Digit Span] (Vanoh et al., 2017).

(5)Subjective memory complaints.



The exclusion criteria were a history of mental health illness (i.e., Alzheimer’s disease, schizophrenia, and history of stroke), score >5 in the Geriatric Depression Scale (GDS), physical disabilities, alcohol and drug users, being claustrophobic, and having internal metallic or electronic implants.

The sample size was calculated using the formula as follows (Hulley et al., 2013):

n = [image: image]]2 + 3

where Zα = 95% CI = 1.96; Zβ = 80% power = 0.842; C = 0.5 × ln[(1+r)/(1−r)] = 0.61; r = correlation coefficient = 0.515 (Lau et al., 2018), and additional dropout 20%; thus, the total sample size was 35 participants.



Data Collection

Data collection was carried out at the Center of Healthy Aging and Wellness, UKM and the Hospital Canselor Tuanku Muhriz, UKM. The data that were collected included sociodemographic information, self-reported medical condition, anthropometric measurements, biochemical profiles, neuropsychological tests, and fMRI analysis. The participants signed the informed consent prior to the data collection. A total of five trained field-workers from dietetics, nutrition, and biomedical backgrounds joined the data collection. All field-workers were trained by experienced researchers on anthropometric measurements, blood sample collection, and neuropsychological batteries prior to data collection. No pretesting of the questionnaire was conducted as we used validated questionnaires for all parameters.

The anthropometric measurements such as weight, height, waist circumference, and hip circumference were carried out after informed consent was obtained from the participants. All the measurements were carried out according to the standard procedure (Gibson, 1990). Every measurement was repeated two times, and later, the average value was calculated. BMI was calculated to determine the weight status of the participants. BMI was obtained by dividing weight (kg) with (height)2 (m2). Equipment was calibrated prior to the measurements.

Participants were asked to fast overnight for at least 10 h to collect blood samples. A total of 20 ml peripheral venous blood was collected and stored in an icebox immediately for delivery purpose. All the basic biochemical profile analyses such as fasting blood sugar, lipid profile, liver function test, and renal profile were analyzed at the medical laboratory (Pathlab Malaysia Sdn Bhd). Serum was isolated by centrifugation and stored at −80°C for 1 month before the biomarker analysis was carried out using commercial ELISA kits. The oxidative stress biomarkers (i.e., MDA), inflammatory biomarkers [i.e., inducible nitric oxide synthase (iNOS) and cyclooxygenase-2 (COX-2)], and brain-derived neurotrophic factor (BDNF) were measured.

We utilized four validated neuropsychological batteries [i.e., MMSE (Ibrahim et al., 2009), Digit Span, Digit Symbol (Weshsler, 1997), and RAVLT (Jamaluddin et al., 2009)] in assessing the global cognitive function, working memory, processing speed, and verbal memory of the participants. The scaled Digit Span and Digit Symbol scores were calculated based on the age-specific tables of the manual (Weshsler, 1997).

A qualified field-worker explained the procedures involved in fulfilling the N-back task. To ensure a clear understanding of the assignment at hand, the participants were provided with a diagram of the task blocks, and the protocol was clearly explained by the field-worker. The two conditions of the N-back task, which were used in this study, had consisted of 0-back and 1-back that were employed by previous studies (Lau et al., 2018; You et al., 2019), which had been created and displayed by using the SuperLab 5 (Cedrus, Los Angeles, CA, United States). N-back holds four blocks for every 0-back and 1-back condition. Figure 1 displays the 0-back and 1-back paradigms. During the 0-back condition, the participants were obliged to react to the stimulus provided and to distinguish if it is similar to the position of the target at the start of the block (i.e., pre-demarcated stimulus). As for the 1-back condition, the participants were called on to decide if the position of the target exhibited is similar to the one previous to it. A radiographer performed a 3-min anatomical scan of the brain, which was followed by approximately 9 min of N-back tasks. The duration of each block was 30 s; there was a 30-s rest between blocks, and the total duration to complete the task was 510 s.


[image: image]

FIGURE 1. 0-back and 1-back paradigms.


Single-shot spin-echo echo planar imaging (EPI) was obtained; the fMRI data and the fMRI images were performed on a 3.0-tesla magnetic resonance (MR) scanner (MAGNETOM, Trio, Siemens, Erlangen, Germany) with each of the subjects being subjected to a high resolution of T1-weighted anatomical images [repetition time (TR) = 1,900 ms, echo time (TE) = 2.35 ms, voxel dimensions = 1.0 × 1.0 × 1.0 mm, 250 × 250 voxels, 176 slices, slice thickness = 1 mm], while those of the N-back task had been conducted via the T2*-weighted imaging data (TR = 3,000 ms, TE = 30 ms, 3-mm isotropic voxels, flip angle = 90°, 27 slices, slice thickness = 4 mm).

The percentage of accuracy and the mean response time (RT) on the N-back task of each participant were then recorded in the calculation of the average data. Correct response (CR) is the percentage of CR from the total response performed by each participant. An index [image: image] was used to analyze the behavioral performance of the data (You et al., 2019).



Preprocessing of the Functional Data and First-Level Analysis

The preprocessing and data analysis stage utilized the statistical parametric mapping (SPM12) software that was implemented in MATLAB 9.4.0 R2018a (MathWorks Inc., Natick, MA, United States). The functional images were first slice time corrected followed by realignment. These functional images would then be co-registered to the mean T1-weighted image of the subject and estimated against a standardized Montreal Neurological Institute (MNI) stereotaxic space, where the spatial normalization procedure would involve a 6-parameter affine transformation with a spatial transformation matrix. After undergoing the normalization process, all of the functional volumes were then be subjected to spatial smoothing with a 6-mm full-width half-maximum of isotropic Gaussian kernel as a way of increasing the signal-to-noise level through the removal of the high-frequency information and the reduction of its intersubject variability.

The DLPFC is a key node in the cognitive control network that supports working memory, executive function, attention, planning, and decision-making. Many researchers used the N-back task for evaluating the DLPFC function (Townsend et al., 2010; Diamond, 2013; Lau et al., 2018; You et al., 2019). The DLPFC mask was selected, and it had been defined by the WFU PickAtlas (Maldjian et al., 2003) with Brodmann’s area 9 and 46. Previous studies had identified this volume of interest (VOI) as being responsible for generating the working memory and executive function of the human brain (Townsend et al., 2010; Lau et al., 2018; You et al., 2019). Individual analysis of the participants was performed to determine VOIs within bilateral DLPFC areas to extract averaged percent change of blood oxygen level dependency (BOLD) representing significant activation [p < 0.05, family-wise error (FWE) corrected] using MarsBaR toolbox (Brett et al., 2002).



Statistical Analysis

In this study, the Statistical Package for Social Sciences (SPSS) version 23.0 software was used for carrying out all statistical analyses. The Shapiro–Wilk test was used for determining the data normality (p > 0.05). The demographic data of the participants were presented as a percentage value with appropriate SDs. The Pearson’s correlation was used for analyzing the relationship between the demographic characteristics (age, gender, and years of education), biochemical parameters, anthropometric values, and neuropsychological test scores with regard to DLPFC activation (i.e., percent signal change extracted from SPM software). To control for the inflated FWE rates that result from performing multiple tests on the same data, the significance of this partial correlation at a Bonferroni-adjusted alpha level was performed. Furthermore, to make adjustment, the family-wise alpha level (0.05) was divided by the total numbers of variables. In addition, the relationships between significant variables from the Pearson’s correlation analysis and dependent variable (i.e., percent signal change as DLPFC activation) were modeled using the multiple linear regression after adjustments for age, gender, and years of education.




RESULTS


Profiles of the Participants

A total of 35 participants comprising of 10 men and 25 women with a mean age of 65 years participated in this study. All the mean values of both the anthropometric measurements and the biochemical parameters were within the normal range except systolic blood pressure, which was higher than the normal values (Table 1).


TABLE 1. Demographic characteristics of total participants [expressed in mean ± SD or number (%)].

[image: Table 1]


Functional MRI Brain Activation

The activated brain region in DLPFC (middle frontal gyrus and Brodmann’s area 9 and 46) when performing the N-back task (p < 0.05, FWE corrected) is presented in Table 2. The total voxels activated in DLPFC for 0-back and 1-back being 5,141 and 7,915 voxels, respectively, with the highest activation observed in the right middle frontal gyrus (rMFG) for both 0-back and 1-back tasks (p < 0.05, FWE corrected). Figure 2 demonstrates that the middle frontal gyrus, precentral gyrus, superior frontal gyrus, and inferior frontal gyrus were activated while the participants performed 0-back and 1-back tasks.


TABLE 2. Activated brain regions during 0-back and 1-back task [p < 0.05, family-wise error (FWE) corrected].

[image: Table 2]

[image: image]

FIGURE 2. (A) Activated brain region in dorsolateral prefrontal cortex (DLPFC) when performing 0-back task [p < 0.05, family-wise error (FWE) corrected]. (B) Activated brain region in DLPFC when performing 1-back task [p < 0.05, FWE corrected]. rMFG, right middle frontal gyrus; activation intensity: Red to White (low to high).




Relationship Between Demographic Characteristics, Anthropometric Measurements, Biochemical Profiles, Biomarkers, Cognitive Tests, and Brain Activation

Table 3 shows the relationship between demographic characteristics, anthropometric measurements, biochemical indices, and cognitive tests with DLPFC. Women participants demonstrated higher right DLPFC activation compared to men participants while performing the 1-back task (p < 0.05). Significant positive correlations were observed between years of education (r = 0.400, p < 0.05), high density lipoprotein (r = 0.431, p < 0.01), serum BDNF (r = 0.407, p < 0.0125), MMSE (r = 0.466, p < 0.01), and RAVLT immediate recall (r = 0.451, p < 0.01) with right DLPFC activation while the participants performed the 1-back task. However, significant negative correlations were observed between age (r = −0.340, p < 0.05), serum triglyceride for female (r = −0.450, p < 0.01), and serum MDA (r = −0.455, p < 0.0125) with right DLPFC activation while the participants performed the 1-back task. Further analysis using the multivariate linear regression is demonstrated in Table 4. The findings showed positive relationships between BDNF (β = 0.494, p < 0.01) and MMSE (β = 0.698, p < 0.01); however, negative relationships were observed between serum triglyceride (β = −0.402, p < 0.05) and serum MDA (β = −0.326, p < 0.05) with right DLPFC activation (R2 = 0.512) while the participants performed the 1-back task after adjustments for age, gender, and years of education.


TABLE 3. Relationship between demographic characteristics, anthropometric measurements, biochemical indices, and cognitive tests with dorsolateral prefrontal cortex (DLPFC) activation (n = 35).

[image: Table 3]

TABLE 4. Multiple linear regression model of biochemical profiles, biomarkers, cognitive tests, and DLPFC activation.

[image: Table 4]



DISCUSSION

In this study, we have successfully determined the relationship between the various biochemical parameters, anthropometric values, and neuropsychological test scores with the DLPFC activation among the older adults with MCI. The results of our study showed that older participants with MCI had lower DLPFC activation, which was associated with increased lipid peroxidation and oxidative stress. A few earlier studies indicated that lipid peroxidation led to oxidative degradation of the polyunsaturated fatty acids in cells. This could cause a release of many inflammatory and pro-inflammatory factors that promote cell proliferation or apoptosis (Libetta et al., 2011; Redza-Dutordoir and Averill-Bates, 2016). Additionally, the brain shows a higher oxidative metabolism that can lead to the production of a higher concentration of reactive oxygen species (ROS; Redza-Dutordoir and Averill-Bates, 2016; Salim, 2017; You et al., 2018). ROS molecules induce neuronal death and further decrease the activation potential value of the neurons, which could decrease the local demand for the oxygenation process. This, in turn, decreased the blood volume supply or perfusion (Belaïch et al., 2015). Thereafter, the intensity of the BOLD images collected from the activated cortical regions in the brain was decreased. This was based on the fact that community-dwelling older adults showed significant oxidative stress (Belaïch et al., 2015). Thus, it could be concluded that oxidative stress might directly affect brain activation as the ROS molecules were involved in the neurodegenerative metabolic process (Numakawa et al., 2011; Salim, 2017).

Additionally, serum BDNF showed a positive association with right DLPFC activation. Phillips (2017) showed that an adequate BDNF level modulated neuronal plasticity, which helped in maintaining the neuronal functions and promoted the adaptation to the exogenous and endogenous stressors particularly during chronic stress or depression. The strongest evidence for the role of BDNF in cognitive performance comes from the relatively large body of literature using a human model to elucidate the role of BDNF on spatial memory (Erickson et al., 2010; Piepmeier and Etnier, 2015). Correlational evidence with older adults has shown that serum BDNF was associated with hippocampal volume and spatial memory (Piepmeier and Etnier, 2015; Lau et al., 2020). Erickson et al. (2010) utilized MRI, ELISA, and measures of spatial memory to assess the association between age-related decreases in brain volume, BDNF, and memory in older adults. Results indicated that subjects with MCI had significantly lower concentrations of BDNF, smaller hippocampal volumes, and worse performance on spatial memory tasks as compared to successful aging participants (Erickson et al., 2010). In another study, Mattson et al. (2004) stated that the age-dependent impairment in the cognitive functions could be due to a decrease in the BDNF expression in the primary areas of the brain, which were affected by the aging-related issues (Mattson et al., 2004). Thus, it was concluded that BDNF is an important biomarker that was closely associated with brain activation among older adults with MCI.

In this study, we noted a negative relationship between serum triglyceride levels and brain activation. Similar results were reported earlier by Parthasarathy et al. (2017) who observed that the serum triglyceride levels were related to the brain function of the healthy older participants. Hence, in this study, we hypothesized that there could be a significant relationship between the serum triglyceride levels and brain activation in older adults with MCI. The serum triglycerides can pass the blood-brain barrier (BBB; Banks et al., 2018) and can regulate the transport of insulin and gastrointestinal hormones across BBB, which could negatively affect brain activation (Urayama and Banks, 2008; Banks, 2012; Parthasarathy et al., 2017). Hypertriglyceridemia can trigger the production of ROS molecules in the mitochondrial electron system, which causes lipid peroxidation in the cell membranes and leads to the generation of lipid peroxide and other radicals. An increase in the lipid peroxidation mechanism was attributed to oxidative stress and could lead to a cognitive decline (Bradley-Whitman and Lovell, 2015; You et al., 2018). Thus, it was concluded that the actual effect of the serum triglyceride levels on brain activation has not been explained clearly, and further studies need to be carried out to determine their actual relationship with neuron function in the DLPFC.

Furthermore, another highlight of the outcomes of this study is the positive relationship between the MMSE scores and DLPFC activation among participants with MCI. MMSE is a validated neuropsychological test that assesses global cognitive functions (i.e., visuospatial, attention, and executive functions). It is highly sensitive to the functions of the frontal lobe (Ibrahim et al., 2009). DLPFC also plays a vital role in controlling the verbal and working memory, particularly, manipulating the stimuli, integrating all the collected information, selecting the best response while making decisions, and temporarily storing vital information (Barbey et al., 2013; Bosch et al., 2013; Buckholtz et al., 2015; You et al., 2019). These characteristics are supported by the fact that the cognitive functions and the verbal memory were associated with the structure of the white matter tracts related to the DLPFC (Turken et al., 2008).

Some researchers also investigated the association between anthropometric values and cognitive function with brain activation (Papachristou et al., 2015; Won et al., 2017). However, this study did not observe any relationship of these parameters with brain activation. This could be attributed to the activation that may have occurred in different regions in the brain, which was not studied.

In addition, the maximal DLPFC activation was observed in the rMFG region when the participants performed the N-back task. This was attributed to the fact that they showed a right-hemispheric dominance during the visual-spatial processing phase when they performed the N-back task (Pisella et al., 2011). Generally, the prefrontal cortex regions, such as the rMFG, left superior frontal gyrus, and inferior frontal gyrus, control the working memory, attention, and executive functioning in humans (Lara and Wallis, 2015; Koyama et al., 2017). A few earlier studies proved that the middle frontal gyrus was involved in various working memory tasks such as numerical operations or word reading (Koyama et al., 2017; Lau et al., 2018; You et al., 2019).

The strength of this article is the use of the fMRI approach that helped in investigating all underlying changes that affected the cerebral hemodynamic responses to the anthropometric values, biochemical profiles, and blood biomarkers. As fMRI is noninvasive and does not involve the use of ionizing radiation, it is suitable for older adults. The limitation of this study is that the significant findings were not shown in men, probably due to a smaller sample size, as compared to women. In addition, the brain activation was analyzed using the VOI analysis (i.e., DLPFC); however, the whole-brain analysis is recommended to investigate the biochemical and anthropometric variables related to other activated brain regions in the future. We also suggest that a longitudinal study should be conducted to examine the association between the biochemical indices and anthropometric measurements with brain activation and the inclusion of a healthy control group using the whole-brain analysis in future study.



CONCLUSION

Abnormal lipid profile as indicated by a higher level of serum triglycerides, oxidative stress, and lipid peroxidation and also as indicated by a higher serum MDA and a lower BDNF was associated with poorer brain activation as assessed using the right DLPFC activation, particularly in women subjects. A further investigation needs to be carried out for understanding the mechanisms affecting the relationships between all the above mentioned parameters and the DLPFC activation so that better intervention strategies can be developed to reduce the risk of irreversible neurodegenerative diseases among older adults with MCI.
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Neural Advantages of Older Musicians Involve the Cerebellum: Implications for Healthy Aging Through Lifelong Musical Instrument Training
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This study compared 30 older musicians and 30 age-matched non-musicians to investigate the association between lifelong musical instrument training and age-related cognitive decline and brain atrophy (musicians: mean age 70.8 years, musical experience 52.7 years; non-musicians: mean age 71.4 years, no or less than 3 years of musical experience). Although previous research has demonstrated that young musicians have larger gray matter volume (GMV) in the auditory-motor cortices and cerebellum than non-musicians, little is known about older musicians. Music imagery in young musicians is also known to share a neural underpinning [the supramarginal gyrus (SMG) and cerebellum] with music performance. Thus, we hypothesized that older musicians would show superiority to non-musicians in some of the abovementioned brain regions. Behavioral performance, GMV, and brain activity, including functional connectivity (FC) during melodic working memory (MWM) tasks, were evaluated in both groups. Behaviorally, musicians exhibited a much higher tapping speed than non-musicians, and tapping speed was correlated with executive function in musicians. Structural analyses revealed larger GMVs in both sides of the cerebellum of musicians, and importantly, this was maintained until very old age. Task-related FC analyses revealed that musicians possessed greater cerebellar-hippocampal FC, which was correlated with tapping speed. Furthermore, musicians showed higher activation in the SMG during MWM tasks; this was correlated with earlier commencement of instrumental training. These results indicate advantages or heightened coupling in brain regions associated with music performance and imagery in musicians. We suggest that lifelong instrumental training highly predicts the structural maintenance of the cerebellum and related cognitive maintenance in old age.
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INTRODUCTION

Normal aging accompanies the age-related decline in various cognitive and motor functions, especially in processing speed, episodic and working memory, and motor speed (Park et al., 2002; Seidler et al., 2010; Nyberg et al., 2012). Magnetic resonance imaging (MRI) studies have shown that the volumes of the cerebellum, hippocampus, basal ganglia, and frontal cortex decrease with normal aging (Raz et al., 2004, 2010; Ramanoël et al., 2018). In a progressively aging society, it is important to identify lifestyles that effectively mitigate age-related cognitive decline and brain atrophy. Playing musical instruments is a candidate for such a lifestyle because it is associated with a reduced risk of dementia (Verghese et al., 2003; Bugos et al., 2007; Hall et al., 2009). Cross-sectional behavioral studies have shown that older instrumental musicians have higher levels of non-verbal visual memory, naming, executive function, and auditory attention compared to non-musicians (Hanna-Pladdy and MacKay, 2011; Parbery-Clark et al., 2011; Hanna-Pladdy and Gajewski, 2012; Amer et al., 2013; White-Schwoch et al., 2013; Zendel and Alain, 2014; Strong and Mast, 2019). Such superiority of musicians may be accounted for by their vigorous musical training with complex physical and mental operations such as the translation of visually presented musical symbols into auditory-motor imagery, high speed and skillful execution of finger movement to realize melodies and musical impressions, and memorization of long musical phrases. However, little is known about the neural characteristics of older musicians, that is, how their brain structure and activity benefit from lifelong training and playing of a musical instrument.

Previous studies on musicians’ brains have focused on young musicians. These studies have found larger gray matter volume (GMV) in the auditory cortex, motor cortex, cerebellum, and putamen in young musicians compared to non-musicians (Gaser and Schlaug, 2003; Vaquero et al., 2016; Acer et al., 2018). Among the various brain regions where young musicians show gray matter enlargement, the cerebellum seems to be particularly relevant to behavioral functions. For example, Hutchinson et al. (2003) reported that compared to non-musicians, young keyboard players had a larger cerebellar volume, and there was a correlation between the cerebellar volume and the daily practice intensity. Furthermore, a recent study on young musicians reported that larger GMV in the cerebellum was associated with higher performance in temporal discrimination of musical tones (Paquette et al., 2017). These findings indicate that the cerebellum is critically associated with instrumental music training and musically relevant cognitive skills. As the cerebellum has been implicated in motor control (Buhusi and Meck, 2005; Stoodley and Schmahmann, 2018), accumulating daily training of musical skills may strongly influence the cerebellum. However, investigations of musicians’ brains have been limited to young participants. Do the brain regions where enlargement has been found in young musicians (the auditory cortex, motor cortex, cerebellum, and putamen) maintain the musician’s superiority into old age? As aging greatly affects the cerebellum (Raz et al., 2010; Ramanoël et al., 2018), it is possible that the musicians’ increase in cerebellar volume is not retained in old age.

In addition, there is a growing body of evidence regarding brain activation patterns in young musicians. These studies have reported that compared to non-musicians, musicians show increased activation in various cortical regions during passive listening to piano melodies (Bangert et al., 2001, 2006; Baumann et al., 2007). This increase in activation affected not only auditory-related areas but also motor-related areas such as the primary motor and premotor cortices and the cerebellum, suggesting a degree of audiomotor transformation when listening to music. In addition, musician-specific activation of the supramarginal gyrus (SMG) was observed during passive listening, suggesting the involvement of linguistic processing (Bangert et al., 2006; Baumann et al., 2007). Moreover, Notter et al. (2020) reported that the SMG is a core region of auditory perception. One notion from these findings is that the coupling between audiolinguistic and motor circuits is stronger in the brains of musicians (Bangert et al., 2006; Zatorre et al., 2007; Patel and Iversen, 2014), perhaps because of musical training and practice. In fact, a longitudinal study revealed that young non-musicians showed increased co-activation of the auditory and motor-related areas (supplementary motor area and premotor cortex) not only in instrumental training but also when listening to a learned melody after training (Wollman et al., 2018). Moreover, the notion that auditory-motor coupling is involved in music performance and listening emphasizes the use of music imagery in musicians (Lotze et al., 2003; Meister et al., 2004; Herholz et al., 2012). In general, the way in which music imagery is used by musicians can take several forms, such as mental practice away from the instrument (Johnson, 2011), silent reading of musical scores (Brodsky et al., 2008), and thinking of the ideal sound during the performance (Trusheim, 1991). Meister et al. (2004) revealed activations in the SMG and cerebellum in musicians both when they played a presented piano piece on the keyboard and when they imagined playing the presented piece. This evidence suggests a great overlap between the neural substrates involved in music imagery and music performance, and it contributes to music excellence in collaboration with daily music performance. In addition, the SMG has been implicated in phonological processing (Rauschecker, 2011), suggesting a role in converting auditory pitch information into note names. Given these multimodal properties in music, musical instrument training enhances co-activation of audiolinguistic and motor-related areas, so that the connected circuit is triggered by the auditory input alone. Interestingly, previous studies revealed that young musicians exhibited enhanced resting-state functional connectivity (FC) between the motor and multisensory cortices (e.g., auditory, visual, somatosensory, and multisensory integration regions) compared to non-musicians (Luo et al., 2012; Klein et al., 2016). However, little is known about the functional characteristics of older musicians.

Collectively, the brain structure and activity of instrumental musicians are reorganized through instrumental training over a long period. However, most studies have focused on young musicians, whereas the brain structure and activity of older musicians have received scant attention. Given the superiority in cerebellar volume in young musicians and brain atrophy, especially in the cerebellum and hippocampus, in normal aging, it is important to clarify whether lifelong involvement in playing an instrument is effective in counteracting age-related brain atrophy.

The present study addresses two research questions. First, is the superiority in brain structure and increased co-activation of audiolinguistic and motor-related areas observed in young musicians maintained in older musicians? Second, if these characteristics are retained in older musicians, does this lead to the superiority of cognitive function measured by using behavioral assessments? To answer these, we investigated brain structure and activity, including FC, during a melodic working memory (MWM) task by comparing older musicians with non-musicians. Although a passive listening task is often used to assess brain activations for music imagery, this study used the MWM task to increase the attentiveness of participants to melodic stimuli. We hypothesized that musicians would have increased activation in one or more of the regions where differences between musicians and non-musicians have been found in young populations, such as the auditory and motor cortices, cerebellum, and SMG.



MATERIALS AND METHODS


Participants

The Psychological Research Ethics Committee of Kyoto University approved the protocol (29-P-7), and all study participants gave their informed consent. Seventy older adults (36 musicians and 34 non-musicians, aged 65–81 years) participated in this study. Musicians who had received musical instrument training for at least 20 years were recruited through a music conservatory, an amateur orchestra, and private or volunteer-supported music schools. Non-musicians with no or less than 3 years of musical experience were recruited from the Kyoto City Silver Human Resources Center, a theatrical club, and personal connections in the neighborhood. All participants were right-handed, had no cognitive impairment (Table 1; Mini-Mental State Examination [MMSE] score ≥ 27), no history of neurological, cardiovascular, or psychiatric illness, and no contraindication for MRI. Six musicians were excluded from the analysis because of claustrophobia during the MRI scan, the presence of a brain lesion, or the use of a tranquilizer. Four non-musicians were excluded because of physical deconditioning and hearing deterioration based on age-appropriate normal hearing threshold levels (35 decibels or less at frequencies of 500, 1,000, 2,000, and 4,000 Hz). In the final analysis, there were 30 instrumental musicians (19 women and 11 men) and 30 non-musicians (17 women and 13 men).


TABLE 1. Demographics of musicians and non-musicians.

[image: Table 1]
The musicians had commenced musical instrument training between the ages of 3 and 16 years (Table 2; mean = 8.6 years). They had at least 22 years of experience playing a musical instrument on a regular basis (Table 2; mean = 52.7 years, range 22–70 years) and had been playing a musical instrument for more than 10 years at the time the study was conducted (Table 2; mean = 46.4 years, range 10–70 years). All musicians were actively playing an instrument at the time of this study. The instruments included piano, violin, cello, electric guitar, mandolin, wood bass, ukulele, viola, electronic clarinet, and alto saxophone. To control for the influences of other activities, the amount of time spent performing physical exercise and cognitive activities were assessed. The types of physical exercise and cognitive activities per group is elaborated in Supplementary Table 1.


TABLE 2. Musical instrument training status in musicians.
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Goldsmiths Musical Sophistication Index

To assess musical skills and behaviors in both instrumental musicians and non-musicians, we used the Japanese translated version of the Goldsmiths Musical Sophistication Index (Gold-MSI) version 1.0 (Müllensiefen et al., 2014). This 39-item scale measures six musical sophistication dimensions: active engagement (e.g., I spend a lot of my free time doing music-related activities), perceptual abilities (e.g., I can compare and discuss differences between two performances or versions of the same piece of music), emotions (e.g., Pieces of music rarely evoke emotions for me), singing abilities (e.g., I only need to hear a new tune once and I can sing it hours later), musical training (e.g., At the peak of my interest, I practiced ___ hours per day on my primary instrument), and general sophistication (e.g., I enjoy writing about music, for example, on blogs and forums). Participants provided responses to each statement on a seven-point scale (1 = not at all to 7 = very). The results showed that the musicians had higher musical abilities than the non-musicians (Table 3).


TABLE 3. Musical abilities according to the Gold-MSI in both groups.
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Moreover, we administered a memory test using melodies from the Gold-MSI.1 The melodic memory task consisted of eight-pair trials of two short melodies (containing 10–17 notes per melody), and the second melody was always presented at a different pitch level than the first one. Participants were required to judge whether the two melodies had an identical pitch interval structure and to estimate how confident they felt about their judgment on a three-point scale (1 = I am guessing, 2 = I think so, 3 = I am totally sure). Melodic memory accuracy was defined as the percentage of correct answers. In addition to the identity judgment for the pair of melodies, confidence rating of the judgment was obtained on a three-point scale. The results showed that the melodic memory accuracy and confidence were higher in the musicians than in the non-musicians (Table 3). Overall, musicians in this study were shown to have higher levels of musical sophistication and skills. Of note, this melodic memory task in the Gold-MSI was conducted only for behavioral performance (and confidence), and not used in brain imaging, which will be described later.



Behavioral Measurements

Cognitive and motor functions were measured to compare musicians and non-musicians. The cognitive and motor tests consisted of many neuropsychological tests that are likely to detect differences between musicians and non-musicians (Jäncke et al., 1997; Bugos and Mostafa, 2011; Hanna-Pladdy and MacKay, 2011; Hanna-Pladdy and Gajewski, 2012; Amer et al., 2013; Fauvel et al., 2014; Strong and Mast, 2019). Cognitive tests consisted of the Japanese versions of the verbal (letter) fluency task (Lezak et al., 2012), logical memory-I and –II subtests of the Wechsler Memory Scale-Revised edition (WMS-R), visual reproduction-I and –II subtests of the WMS-R (Wechsler, 1997; Sugishita, 2000), and parts A and B of the trail making test (TMT) (Reitan and Wolfson, 1993). Motor tests consisted of finger-tapping and pegboard tasks.

The verbal fluency task was conducted to assess verbal functioning. Participants were given a word-initial sound ‘‘KA’’ and asked to generate as many words as possible in 60 s. The logical memory-I and --II subtests of the WMS-R were conducted to evaluate verbal memory. In the logical memory-I subtest, participants were asked to immediately recall two stories, one after the other. In the logical memory-II subtest, participants were asked to recall the two stories 30 min later. The visual reproduction-I and --II subtests of the WMS-R were conducted to assess non-verbal visual memory. In the visual reproduction-I subtest, participants were presented with a geometric figure on a card (A) for 10 s and asked to draw it immediately after the presentation. Another three cards (B, C, and D) were presented in the same way. In the visual reproduction-II subtest, participants were asked to draw these geometric figures on four cards 30 min later. Parts A and B of the TMT were conducted to evaluate executive function. In TMT-A, participants were asked to draw lines, sequentially connecting 25 numbers in ascending order. In TMT-B, participants were asked to draw lines alternately between numbers and letters (1, A, 2, B, etc.). The finger-tapping and pegboard tasks were conducted to evaluate functional finger dexterity. In the finger-tapping test, by using the MIDI sequencer software Domino version 1.432, participants were asked to tap a computer mouse with the index finger of each hand as fast as possible for 20 s. In the pegboard task, participants were asked to turn over 20 pegs (diameter 0.5 cm × height 3.5 cm) in 20 holes carved on a square board (length 15 cm × width 18 cm × thickness 2 cm; SAKAI Medical Co., Ltd., Japan) using just one hand.



Statistical Analysis of Behavioral Data

Behavioral data were compared between musicians and non-musicians using the unpaired two-sample t-test for each of the 11 measures by using IBM SPSS statistics for windows, version 25 (IBM corporation, Armonk, NY, United States).

However, multiple tests may induce type I errors, overestimating significant effects under no correction, or type II errors, underestimating significant effects under conservative correction such as that using the Bonferroni method. The resampling method (e.g., permutation) can be used to estimate adjusted P-values while avoiding parametric assumptions about the joint distribution of the test statistics (Dudoit et al., 2003). Here, we conducted a permutation test (Camargo et al., 2008) using MATLAB R2020a with a statistics and machine learning toolbox. For each behavioral measure, all 60 observed samples (30 musicians and 30 non-musicians) were randomized together and were resampled to obtain a dummy t-value. This procedure was repeated 10,000 times for each of the 11 behavioral measures. We pooled 110,000 t-values (10,000 resamplings × 11 behavioral measures) and created a unique permutation t-distribution to obtain the single adjusted α-level threshold (the top five percentile rank in the distribution).

Finally, correlation analyses (only for behavioral tests in which group differences were significant) were conducted by calculating Spearman’s rank-order correlation coefficients using IBM-SPSS. For these multiple coefficients, validation tests for correlations were performed with a permutation test using MATLAB R2020a. To examine the correlation in a given pair of variables (e.g., tapping and TMT-B), a dummy coefficient was obtained by correlating the two variables randomly across participants. This procedure was repeated 10,000 times for each of the 11 correlations. We pooled a total of 110,000 dummy coefficients (10,000 resamplings × 11 correlations) and created a unique permutation coefficient distribution to obtain the single adjusted α-level threshold (the top five percentile ranks in the distribution). For all analyses, P < 0.05 was considered statistically significant.



Image Acquisition

Scanning was performed using a 3-T Siemens Magnetom Verio MR scanner (Siemens, Erlangen, Germany). The participant’s head was immobilized in a scanner head coil (12 channels). Functional images were acquired with a T2-weighted echo-planar image (EPI) (repetition time, 2,000 ms; echo time, 25 ms; flip angle, 75°; acquisition matrix, 64 × 64; field of view, 224 × 224). The EPI volume was acquired in interleaved order and consisted of 39 axial slices with a slice thickness of 3.5 mm (in-plane resolution: 3.5 mm × 3.5 mm). The EPIs were acquired during the MWM task. The first five scans in each run were discarded to allow for T1 equilibration. After the MWM task, a high-resolution structural image was acquired using an axial T1-weighted magnetization-prepared rapid gradient-echo pulse sequence (field of view: 256 × 256; matrix size: 256 × 256; voxel size: 1 mm × 1 mm × 1 mm; 208 slices).



Functional Magnetic Resonance Imaging Tasks

A block-design functional magnetic resonance imaging (fMRI) experiment was conducted with three conditions (1-back: working memory for melodies, 0-back: hearing a melody, and rest). Melodic stimuli were presented with various three-tone equal-interval sequences of piano sounds through a pair of headphones. In the 0-back task, participants were instructed to respond when the melody had finished playing. In the 1-back task, participants were asked to judge whether the melody item was identical to the one immediately preceding it. Thus, there was no working memory required for the 0-back task, while the 1-back task required maintenance of melody information for a short time. During rest, participants were asked to relax and keep their attention on the central fixation point. Instruction and practice for the n-back tasks (0-back, 1-back, and rest tasks) for the fMRI experiment were given prior to the scanning, outside the scanner.

Each melody item appeared for 2,000 ms. A central fixation cross was presented throughout the inter-item interval for 2,000 ms. The task period contained twelve task blocks in total, comprising four blocks each for the 0-back and 1-back tasks, and four rest blocks; the blocks were alternated in one fMRI run. Each block lasted for 32 s, and each task block consisted of eight trials. All responses were indicated with either the index (“yes”) or middle (“no”) finger of the right hand using an MRI-compatible keypad. Participants were instructed to respond as quickly and accurately as possible.



Image Pre-processing and Statistical Analysis of Structural Data

Voxel-based morphometry (Ashburner and Friston, 2000) was performed by using the statistical parametric mapping software SPM12 (Wellcome Department of Cognitive Neurology, London) and MATLAB R2018a (The Mathworks Inc., United States). First, the structural T1-weighted images were segmented to separate the different types of tissues: gray matter, white matter, cerebrospinal fluid, soft tissue, and skull. Thereafter, the segmented images (gray matter and white matter) were spatially normalized with DARTEL, the Diffeomorphic Anatomical Registration using Exponentiated Lie algebra (Ashburner, 2007). To preserve the absolute volume of the gray matter, modulation was performed on the normalized gray matter images by multiplying the Jacobian determinants derived from the spatial normalization. Finally, the modulated gray matter images were smoothed with an 8-mm full-width at half-maximum (FWHM) Gaussian kernel.

The individual smoothed gray matter images were entered into a second-level analysis employing a random-effects analysis within the general linear model. Previous studies have shown that brain volume is related to age, sex, education, exercise, cognitive activity, and social interaction (Erickson et al., 2011; Duan et al., 2012; Mortimer et al., 2012; Cheng, 2016; Boller et al., 2017; Firth et al., 2018; Chen et al., 2019). In order to prevent the potential influence of these factors on brain volume, the two-sample t-test was conducted after controlling for the effects of sex, age, educational level, and the levels of cognitive activity, exercise, work, family care, and volunteering (Table 1), as previously reported (Ramanoël et al., 2018; Wu et al., 2021). In addition, the total volume of gray matter was included as a nuisance variable to correct for global differences in gray matter, as previously reported (Vaquero et al., 2016). Moreover, an explicit mask was used to exclude noisy voxels in the statistical analysis. The statistical thresholds were set at P < 0.001, uncorrected for multiple comparisons at the voxel levels, and P < 0.05 family wise error (FWE) corrected for multiple comparisons at the cluster level. Thereafter, we identified the cluster location obtained from structural data using the anatomy toolbox in SPM12 (Eickhoff et al., 2005).

In addition, we investigated associations between age and GMV in regions of interests (ROIs). Based on the difference for structural results between groups, we extracted the ROIs of a cluster using the MarsBaR software (Brett et al., 2002). Correlation analyses were conducted using Spearman’s rank-order correlation coefficients. For these multiple coefficients, validation tests for correlation were performed using the same permutation method as described for the behavioral analyses. For correlation analyses, P < 0.05 was considered statistically significant.



Image Pre-processing and Statistical Analysis of Task-Related Functional Connectivity

CONN toolbox version 18b (Whitfield-Gabrieli and Nieto-Castanon, 2012) was used to analyze task-related FC during the MWM tasks (1-back and 0-back). By using default pre-processing, the possible confounding effects of head motion artifacts, as well as cerebrospinal fluid and blood oxygen level-dependent (BOLD) signals, were defined and addressed. For denoising, signals from the white matter, cerebrospinal fluid, and motion parameters were regressed from the functional data. Data were bandpass-filtered (0.008–0.09 Hz), as previously reported (Wollman et al., 2018).

The FC analysis was conducted by using seed-to-voxel analysis. Thereafter, the seeds were set, and the ROIs were obtained from the results of the structural analysis, as previously reported (Wang et al., 2018). For the seed-to-voxel analysis, individual correlation maps were generated throughout the brain by extracting the mean task BOLD time course of each seed and calculating their correlation coefficients with the BOLD time course of each voxel. The correlation was obtained by applying the general linear model and bivariate correlation analysis weighted for the hemodynamic response function. This analysis was conducted directly in the CONN toolbox using the Fisher-transformed connectivity value. In addition to this first-level analysis for each participant, a second-level analysis was conducted for the differences in connectivity between musicians and non-musicians by using the two-sample t-test after controlling for the effects of sex, age, educational level, and the levels of cognitive activity, exercise, work, family care and volunteering (Table 1). The statistical thresholds were set at P < 0.001 uncorrected for multiple comparisons at the voxel levels, and P < 0.05 FWE corrected for multiple comparisons at the cluster level. Finally, correlation analyses were conducted between the FC value and behavioral measures using IBM-SPSS after controlling for the effects of age, educational level, and the levels of cognitive activity and exercise. For these multiple correlation coefficients, validation tests for correlation were performed by using the same permutation method as described for the behavioral analyses. For correlation analyses, P < 0.05 was considered statistically significant.



Image Pre-processing and Statistical Analysis of Functional Data

The fMRI data pre-processing was carried out using SPM12 and MATLAB R2018a. First, the origin of the EPI was manually set to the anterior–posterior commissure for each participant. The fMRI data were spatially realigned to the first volume of the series and subsequently to the across-run mean volume, after which they were co-registered with the anatomical data. The anatomical data were normalized to the Montreal Neurological Institute (MNI) space using a unified segmentation procedure. Afterward, the resulting deformation parameters were applied to the fMRI data that were resampled into 3 mm × 3 mm × 3 mm voxels and smoothed with an 8-mm FWHM Gaussian kernel.

Activated voxels during MWM activation were identified using a statistical model containing a boxcar function convolved with a canonical hemodynamic response function. A high-pass filter (1/128 Hz) was used to remove low-frequency noise, and an autoregressive (AR (1)) model was employed to correct temporal autocorrelations. The data were analyzed using the two-way ANOVA with groups (musicians and non-musicians) and tasks (0-back, 1-back, and rest tasks) after controlling for the effects of sex, age, educational level, and the levels of cognitive activity, exercise, work, family care and volunteering (Table 1), as previously reported (Huang et al., 2020). The statistical thresholds were set at P < 0.001 uncorrected for multiple comparisons at the voxel level, and P < 0.05 FWE corrected for multiple comparisons at the cluster level. Afterward, we identified the cluster location as described for the structural data analysis.

In addition, we investigated associations between musical traits and task-related parameter estimates of BOLD values in ROIs. Based on the differences between groups for functional results, we extracted the ROIs of a cluster using the MarsBaR software. Significance in Spearman’s rank-order correlation coefficients was assumed at P < 0.05 in IBM-SPSS. For these multiple correlation coefficients, validation tests for correlation were performed using the same permutation method as described for the behavioral analyses.




RESULTS


Demographics

Demographic data are shown in Table 1. There were no significant group differences in age (musicians: 70.8 ± 4.0 years; non-musicians: 71.4 ± 4.6 years), years of education (musicians: 15.7 ± 1.6; non-musicians: 14.9 ± 2.2), MMSE (musicians: 29.5 ± 0.9; non-musicians: 29.6 ± 0.6), sex ratio, or time spent on cognitive activity, exercise, work, family care, and volunteering. These results indicate that the two groups did not significantly differ demographically.



Behavioral Scores

Behavioral data are shown in Figure 1 and Table 4 as the mean ± standard deviation (SD). Student’s t-test showed significant differences between groups in right tapping (Figure 1A: t(58) = 4.11, P < 0.001, d = 1.06), left tapping (Figure 1B: t(58) = 4.46, P < 0.001, d = 1.15), and verbal fluency (Table 4: t(58) = 2.14, P = 0.036, d = 0.55). For TMT-B, Welch’s t-test was used due to heteroscedasticity, and the results showed a significant difference between the groups (Table 4: t(44.94) = 2.33, P = 0.024, d = 0.60). These t-values were higher than the adjusted significance level threshold t(58) = 1.99 obtained in the permutation test. In contrast, there were no significant between-group differences in the logical memory-I and –II subtests, visual reproduction-I and –II subtests, TMT-A, and pegboard task (Table 4). These results indicate that musicians had higher levels of verbal functioning, executive control, and tapping speed compared to non-musicians.
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FIGURE 1. Skillful tapping in musicians. Compared to non-musicians, musicians showed enhanced performances in right tapping speed (A) and left tapping speed (B). Parameters are indicated as the mean (SD). ***P < 0.001 vs. non-musicians. SD, standard deviation.



TABLE 4. Behavioral results in both groups.
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In subsequent correlation analyses, tapping scores were negatively correlated with time to perform the TMT-B in musicians (right: ρ = −0.59, P < 0.001; left: ρ = −0.49, P = 0.006; Figure 2). These Spearman’s ρ-values were higher in absolute value than the adjusted significance level threshold |ρ| = 0.36 obtained in the permutation test. By contrast, non-musicians did not show such a correlation (right: ρ = −0.32, P = 0.082; left: ρ = −0.16, P = 0.399; Figure 2). These results indicate that for the musicians, higher tapping speeds were linked to more rapid executive control.
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FIGURE 2. Correlation between tapping and TMT-B. In musicians, the numbers of right (A) and left (B) tapping (in 20 s) were negatively correlated with the time to complete the TMT-B. By contrast, these correlations with tapping were not statistically significant in non-musicians. **P < 0.01, ***P < 0.001, Mus, musicians; Non, non-musicians; TMT, trail making test.




Musical Instrument Experience-Related Structural Changes

Whole-brain voxel-based gray matter analyses in both groups showed significantly larger GMVs in crus I of the left and right cerebellum of musicians compared to those of non-musicians (Figures 3A,B, and Supplementary Table 2). Subsequently, we investigated associations between the GMV of ROIs in bilateral crus I of both sides of the cerebellum and age (Figures 3C,D). In non-musicians, the GMVs of crus I of both sides of the cerebellum were negatively correlated with age (left: ρ = −0.50, P = 0.005; right: ρ = −0.66, P < 0.001), indicating that in non-musicians, these bilateral regions of the cerebellum are more subject to age-dependent atrophy. These Spearman’s ρ-values were higher in absolute value than the adjusted significance level threshold |ρ| = 0.36 obtained in the permutation test. By contrast, such correlations with age were not significant in musicians (left: ρ = −0.27, P = 0.147; right: ρ = −0.35, P = 0.058). These results show that crus I of both sides of the cerebellum exhibited differential age-related GMV changes between musicians and non-musicians.
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FIGURE 3. Structural changes related to musical instrument experience. (A,B) Musicians had larger GMVs in both sides of the cerebellum compared to non-musicians. (C,D) For the cerebellar ROIs in both hemispheres, the non-musicians displayed negative correlations between their GMV and age. In musicians, such correlations (age-related volume reductions) were not significant. **P < 0.01, ***P < 0.001, Mus, musicians; Non, non-musicians; GMV, gray matter volume; ROI, region of interest; L, left; R, right; a.u., arbitrary units.




Task-Related Functional Connectivity

Structural analyses revealed larger GMVs in both sides of the cerebellum in musicians compared to non-musicians. Therefore, we used ROIs in both sides of the cerebellum as the seed for the FC analyses of the task-related fMRI data. The group differences in FC are shown in Figure 4A and listed in Supplementary Table 3. Compared to non-musicians, musicians had enhanced FC between the left cerebellum and the right hippocampus. In addition, we investigated the correlation between cerebellar-hippocampal FC and behavioral functions (Figure 4B). The task-related cerebellar-hippocampal FC and left tapping speed were significantly correlated in musicians (ρ = 0.42, P = 0.039). This Spearman’s ρ was higher in absolute value than the adjusted significance level threshold |ρ| = 0.36 obtained in the permutation test. By contrast, non-musicians did not show such a correlation (ρ = −0.23, P = 0.284). These results indicate that in musicians, enhancement of the cerebellar-hippocampal FC in MWM processing is linked to a higher tapping speed.


[image: image]

FIGURE 4. Task-related FC. (A) Using ROIs in both sides of the cerebellum as the seed (where musicians showed greater GMV than non-musicians, as illustrated in Figure 3), musicians exhibited enhanced FC between the left cerebellum and right hippocampus during the MWM task compared to non-musicians, but no change in FC of the right cerebellum and other regions. (B) In the associations between cerebellar-hippocampal FC and behavioral functions, task-related cerebellar-hippocampal FC and left tapping speed were positively correlated in musicians. *P < 0.05, Mus, musicians; Non, non-musicians; FC, functional connectivity; ROI, region of interest; GMV, gray matter volume; MWM, melodic working memory; Hip, hippocampus; Cb, cerebellum.




Task-Related Activation

Contrast images for 1-back vs. rest were computed to assess the brain activity during the MWM task in both groups. Non-musicians had increased activation in limited brain regions, whereas musicians had increased activation in extensive brain regions (Figures 5A,B). In terms of behavioral performance during the MWM task, there were no significant between-group differences in 1-back task performance (Figure 5C). The other between-group differences are shown in Figure 6A and listed in Supplementary Table 4. Musicians showed greater activation within the left SMG than non-musicians. However, contrast images for 0-back vs. rest and 1-back vs. 0-back did not show a significant difference between groups. Subsequently, we extracted parameter estimates in the ROI of the left SMG in musicians and investigated the associations between its activation and musical traits (Figure 6B). No correlation was found between SMG activation and scores of behavioral performances. One trait, i.e., the age at the commencement of musical training, was negatively correlated with SMG activation (ρ = −0.41, P = 0.026). This Spearman’s ρ was higher in absolute value than the adjusted significance level threshold |ρ| = 0.36 obtained in the permutation test. The activation during the MWM task was higher for the musicians with earlier training commencement, indicating an influence of childhood instrumental training.
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FIGURE 5. Task-related brain activity in each group. (A) Musicians have increased activation of extensive brain regions. (B) Non-musicians have increased activation of limited brain regions. (C) There were no significant between-group differences in 1-back task performance. For significant between-group differences, see Supplementary Table 4, Figure 6, and the main text.
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FIGURE 6. Task-related brain activity. (A) Musicians exhibited increased activation of the left SMG during the MWM task (1-back vs. rest), whereas no change was seen in auditory and motor regions. (B) Using ROIs in the left SMG, age at commencement of musical training was negatively correlated with task-related SMG activation in musicians. *P < 0.05, SMG, supramarginal gyrus; MWM, melodic working memory; ROI, region of interest.





DISCUSSION

The present work aimed to investigate the association between lifelong instrumental training and age-related cognitive decline and brain atrophy. The main findings revealed that compared to non-musicians, musicians (i) showed enhanced performance in several constructs such as tapping speed (Figure 1), verbal fluency, and executive control (Table 4); (ii) had larger GMVs in both sides of the cerebellum (Figure 3); (iii) exhibited higher task-related FC between the left cerebellum and right hippocampus, with FC being correlated with tapping speed (Figure 4); and (iv) exhibited increased activation of the left SMG during the MWM task, with its greater activation being associated with earlier commencement of musical training (Figure 6).


The Effect of Lifelong Musical Training: From Skillful Tapping to Cognition

The behavioral results revealed that musicians had higher verbal fluency, TMT-B, and finger-tapping performances compared to non-musicians. Previous studies have reported that young musicians have higher levels of tapping speed (Jäncke et al., 1997), finger tap-related rhythm synchronization (Karpati et al., 2016), and executive function (Bugos and Mostafa, 2011) than young non-musicians. Further studies indicated older musicians’ superiority in letter fluency and executive function in cognitive aging (Hanna-Pladdy and MacKay, 2011; Hanna-Pladdy and Gajewski, 2012; Amer et al., 2013; Fauvel et al., 2014; Strong and Mast, 2019; Chan and Alain, 2020), which our results support. Moreover, we provided a correlation between tapping speed of simple finger movement and executive function measured by using the TMT-B in older musicians, in line with a previous study that displayed simple finger taps and executive control association for non-musicians (Mak et al., 2016). In contrast, some studies have reported that complex finger taps in non-musicians had a high load in executive function compared to simple finger taps (Harding et al., 2017; Holm et al., 2017). Because these studies showed within-non-musicians differences in levels of load of executive function for different complexity of tapping, the relationship between the previous findings and our between-groups difference cannot be clearly interpreted. Since musical performance requires motor planning and monitoring of finger movement (Palmer and Drake, 1997; Moreno et al., 2011; Shen et al., 2019; Colombo et al., 2020; Guo et al., 2021), we suggest that musicians perform finger taps with higher executive involvement compared to non-musicians even when they are simple ones. The higher levels of executive function in musicians can be maintained by the same processes to enable masterful temporal and ordinal precision of finger movements, together with fine-grained finger force control. Although aging degrades processing speed and working memory associated with executive function (Park et al., 2002; Nyberg et al., 2012), the preservation of skillful tapping abilities through instrumental training may mitigate such declines in older adults.

In addition, the musicians in our study displayed behavioral superiority in verbal (letter) fluency, in line with previous studies that addressed music and language associations (Anvari et al., 2002; Patel and Iversen, 2007; Wong et al., 2007; Kraus and Chandrasekaran, 2010). Letter fluency has been shown to involve phonological processing (Heim et al., 2008; Shao et al., 2014). Patel and Iversen (2007) reported that musical training strengthens the processing of auditory features common to music and language. Based on these associations, musicians’ superior verbal fluency in our study may be explained by the common phonological features in music-making and language production (Patel and Iversen, 2007; Wong et al., 2007). As learning about the acoustic structure of musical pieces involves phonological processing, music-making may facilitate the higher performance of letter fluency in musicians compared to non-musicians. Another study emphasized that music training involves a high working memory load, maintenance of selective attention skills, and learning of the acoustic rules that bind musical sounds together (Kraus and Chandrasekaran, 2010). These cognitive skills are also crucial for speech production (Strait et al., 2011); such an overlap may partly explain this intriguing positive transfer effect from music to language.



Older Musicians’ Cerebellar Maintenance

Whole-brain voxel-based GMV analyses revealed significantly larger bilateral GMVs in crus I of the cerebellum in musicians compared to non-musicians. Moreover, we found that the two groups showed different age-related volume changes in cerebellar ROIs; whereas non-musicians’ cerebellar GMVs in the ROIs sharply decreased with age, musicians did not show a significant correlation between volume and age. These findings indicate that musical instrument training possibly induces neural structural advantages in two key ways. First, consistent with previous findings of a larger cerebellar GMVs in young musicians compared to non-musicians (Gaser and Schlaug, 2003; Acer et al., 2018), we demonstrated the superiority of older musicians compared to age-matched non-musicians. Second, the cerebellar volume is known to decrease with age (Raz et al., 2010; Ramanoël et al., 2018), and it is important to verify whether lifelong engagement in playing a musical instrument suppresses this reduction. We found that musicians may maintain their cerebellar volume into old age, whereas the cerebellum of a non-musician is relatively vulnerable to age-related atrophy. These results suggest that the lifelong practice of a musical instrument is associated with structural maintenance of cerebellum in old age.

The cerebellum is known to be involved in some cognitive control processes and play an important role in fine motor activity (Buhusi and Meck, 2005; Hautzel et al., 2009; Stoodley and Schmahmann, 2018). In addition, several studies have proposed that there is a functional topographic organization in the cerebellum such that sensorimotor function is represented predominantly in the anterior lobe (lobules I–V), cognitive processing is associated with posterior lobules VI and VII (including crus I, II, and VIIB), and the cerebellar vermis and fastigial nuclei constitute the limbic cerebellum (Schmahmann, 2004, 2019; Stoodley and Schmahmann, 2009). The cluster of cerebellar GMV that showed between-group differences in our study was located in crus I according to the coordinate system of Eickhoff et al. (2005). Some studies have reported that reduction in GMV of crus I is associated with executive dysfunction (Olivito et al., 2018; Tse et al., 2020), suggesting that such structural changes play an important role in the maintenance of motor planning and monitoring (D’Agata et al., 2011; Stoodley, 2012; Stoodley and Schmahmann, 2018), which are needed for skillful execution of finger movement during music-making. This region also corresponds to an area of musically relevant temporal discrimination in the cerebellum (Baer et al., 2015; Paquette et al., 2017). For efficient predictive adaptation of behavior, the cerebellum is thought to play key roles in the precise encoding of perceived temporal structures (Schwartze and Kotz, 2013). Several studies have pointed out that the cerebellum is involved in optimizing sensory input from the auditory system when stimulated by music (Gao et al., 1996; Penhune et al., 1998). These aspects of musical training could contribute to the structural superiority in crus I of the cerebellum in old age. In particular, crus I enlargement may help to coordinate auditory and motor systems in musicians.

Interestingly, although increased GMVs of the auditory and motor cortices has been reported in young professional musicians (Gaser and Schlaug, 2003; Groussard et al., 2010; Vaquero et al., 2016; Acer et al., 2018), the present study did not find such between-group differences in these regions in older participants. This inconsistency may be explained by differences in the expertise level of musicians (e.g., professional vs. amateur). Of note, our results, based on an uncorrected threshold (P < 0.001), showed that older musicians had a larger GMV in the right hippocampus compared to non-musicians (Supplementary Figure 1A and Supplementary Table 5). Moreover, the hippocampal GMV in the ROIs decreased with age in older participants, including both musicians and non-musicians (Supplementary Figure 1B). Although the uncorrected results should be interpreted with caution, these results suggest the possibility that musical instrument training suppresses the reduction in hippocampal volume. Such suppression may be explained by the role of the hippocampus in temporal processing and consonance/dissonance detection (Wieser and Mazzola, 1986; James et al., 2008; Groussard et al., 2010). The regular and sustained practice of musical instruments may affect the cerebellum and hippocampus in old age more strongly than the auditory and motor cortices, presumably because their function in temporal processing is essential for playing an instrument.



Activation of the Cerebellar-Hippocampal Network and Supramarginal Gyrus in Musicians

We found that musicians had enhanced FC between the left cerebellum and right hippocampus in the MWM task compared to non-musicians. Moreover, higher cerebellar-hippocampal FC was associated with greater left tapping speed in musicians, indicating a musician-specific link between processes controlling finger movements and cerebellar-hippocampal FC during the MWM task. This result suggests that musicians try to maintain their MWM by associating a melody with imaginary finger movements.

A few fMRI studies have reported that activation of the cerebellum was observed in imagery tasks involving specific timing and sequential finger coordination, such as imagery of playing the piano and a finger-tapping task (Hanakawa et al., 2003; Meister et al., 2004), suggesting a role of the cerebellum in the imagery of music-related finger movements. Anatomically, the fiber bundles of the posterior cerebellum (e.g., crus I) project to the hippocampus where they play a role in motor control and cognitive function (Arrigo et al., 2014; Bohne et al., 2019). The heightened cerebellar-hippocampal FC and its association with tapping speed in musicians in our study suggest that during MWM tasks, musicians may encode melodies to sequences of finger movements for memory maintenance. Alternatively, the heightened cerebellar-hippocampal FC may be related to music imagery. Alonso et al. (2016) reported that non-musicians had increased activation in the left cerebellum and right hippocampus in a music imagery task in which participants were instructed to bind lyrics and melodies together to encode a song. This finding supports the involvement of the cerebellar-hippocampal FC in music imagery. Thus, it is natural to anticipate that such a music imagery-related network would be strengthened in musicians through musical instrument training.

Another feature of musicians’ fMRI data was increased activation of the left SMG in the MWM task compared to non-musicians. Moreover, in musicians, greater activation of the left SMG was associated with earlier commencement of instrumental training. That is, learning a musical instrument from childhood is closely linked to increased activation of the left SMG in MWM processes.

In fMRI studies of music imagery and performance (using fingers), activation of the SMG and cerebellum has been observed in musicians during both imagery and performance conditions (Lotze et al., 2003; Meister et al., 2004; Herholz et al., 2012), indicating that music imagery shares the same neural substrates in these regions with executed music performance. The increased SMG activation in our musicians suggests that musicians evoked music imagery during the MWM task. The SMG has also been implicated in auditory perception (Rauschecker, 2011; Notter et al., 2020), such as phonological processing. A previous study reported that in young developing children aged 5–6 years, specialization of the left SMG in phonological processing is already evident (Weiss et al., 2018). In addition, several studies have shown that activation of the left SMG is associated with the phonological short-term memory task (Paulesu et al., 1993; Gaab et al., 2003, 2006; Lerub et al., 2021), suggesting that the left SMG is the primary location of the phonological store. Furthermore, SMG activation was observed during both linguistic auditory imagery and listening to novel piano melodies (Hickok et al., 2003; Tsai et al., 2018). In our study, we think that musicians may have encoded auditory pitch information into linguistic labels, such as note names (“C,” “D,” and “E”) during the MWM task for working memory maintenance, more so than non-musicians. This interpretation is also consistent with the correlation between SMG activation and earlier commencement of instrumental training.

Although increased activation of the auditory and motor cortices during melody-listening has been reported in young musicians (Bangert et al., 2001, 2006; Baumann et al., 2007), we did not find such between-group differences in these regions during the MWM task in the older participants of the present study. One possible reason is the difference in stimuli: stimuli in our MWM task were not long phrases from existing musical pieces as in previous studies, but short sequences of three tones in a uniform rhythm, which may have evoked less musical processing. Another possibility is the difference in tasks: the previous studies used a passive listening task, but we used a working memory task.

Taken together, cerebellar-hippocampal FC and the SMG seem to play a role in encoding the melodies to motor (finger movements) and phonetic (note names) information, respectively. This notion indicates musicians’ advantages or heightened coupling in brain regions associated with music performance and imagery.

Our study has some limitations. First, our study was cross-sectional; thus, the superiority of musicians observed in several aspects cannot be attributed to musical instrument training in a causal manner. However, our careful control of various confounding factors together with observed correlations between musical traits and cognitive or neural characteristics increase the likelihood that the results support the hypothesis that lifelong musical training is useful in maintaining cognitive function in old age. Second, the musicians in our study started their musical training in relatively early periods, by the age of 16 years at the latest. Therefore, the superiority of brain functions in older individuals who started their musical instrument training beyond the age of 16 remains unknown. Third, the present study was unable to recruit a sufficient number of musicians for each instrument to investigate the effects of musical instrument type on the brain and cognitive functions. Therefore, it is unclear how the musical instrument type influenced the results in this study. However, the participation of a heterogenous group of musicians in our study may improve the generalizability of our results relative to those of previous studies (Gaser and Schlaug, 2003; Hutchinson et al., 2003; Bangert et al., 2006; Acer et al., 2018). Furthermore, as a musicians age, they may display training-related mitigation of subcortical atrophy in additional regions such as the hippocampus. To investigate this hypothesis, longitudinal studies of the brain structure of older musicians are needed.




CONCLUSION

For the first time, we found neural advantages in older musicians compared to age-matched non-musicians. The musicians showed lower levels of age-related cognitive decline and brain atrophy in the cerebellum. Behaviorally, cerebellum-related skillful tapping was associated with the maintenance of executive function in musicians. Moreover, fMRI results during the MWM task indicated musician-specific heightened cerebellar-hippocampal FC and SMG activation, suggesting that musicians may encode melodies into motor and phonetic information for memory maintenance. The present results demonstrate that lifelong active engagement in musical instrument training is related to structural and functional advantages in the neural system involving the cerebellum. The main findings of the present study shed new light on how lifelong musical instrument training potentially influences brain maintenance in old age.
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Realistic single-cell neuronal dynamics are typically obtained by solving models that involve solving a set of differential equations similar to the Hodgkin-Huxley (HH) system. However, realistic simulations of neuronal tissue dynamics —especially at the organ level, the brain— can become intractable due to an explosion in the number of equations to be solved simultaneously. Consequently, such efforts of modeling tissue- or organ-level systems require a lot of computational time and the need for large computational resources. Here, we propose to utilize a cellular automata (CA) model as an efficient way of modeling a large number of neurons reducing both the computational time and memory requirement. First, a first-order approximation of the response function of each HH neuron is obtained and used as the response-curve automaton rule. We then considered a system where an external input is in a few cells. We utilize a Moore neighborhood (both totalistic and outer-totalistic rules) for the CA system used. The resulting steady-state dynamics of a two-dimensional (2D) neuronal patch of size 1, 024 × 1, 024 cells can be classified into three classes: (1) Class 0–inactive, (2) Class 1–spiking, and (3) Class 2–oscillatory. We also present results for different quasi-3D configurations starting from the 2D lattice and show that this classification is robust. The numerical modeling approach can find applications in the analysis of neuronal dynamics in mesoscopic scales in the brain (patch or regional). The method is applied to compare the dynamical properties of the young and aged population of neurons. The resulting dynamics of the aged population shows higher average steady-state activity 〈a(t → ∞)〉 than the younger population. The average steady-state activity 〈a(t → ∞)〉 is significantly simplified when the aged population is subjected to external input. The result conforms to the empirical data with aged neurons exhibiting higher firing rates as well as the presence of firing activity for aged neurons stimulated with lower external current.

Keywords: neuronal dynamics, continuous cellular automata, brain, numerical model, activation function, aged neurons


1. INTRODUCTION

Since the development of the first neuronal model by Louis Lapicque in 1907, most neuronal models we have today use a set of ordinary differential equations (ODEs) to model the dynamics of neurons (Lapicque, 1907; Brunel and Van Rossum, 2007). The Nobel-prize winning Hodgkin-Huxley (HH) model describes the relationship between the membrane potential of the neuron and the flow of ions across the membrane normally via the ion channels (Hodgkin and Huxley, 1952; Gerstner et al., 2014). The HH model is successfully used to describe the dynamics of a squid giant axon and even the Purkinje fibers in the heart (Noble, 1962). Other models such as Dalton and FitzHugh (1960); Nagumo et al. (1962) and Morris and Lecar (1981) models were improvisations and simplifications on the HH model. While these models are good representations of a neuronal response, it is a challenge for us to construct a simple model useful in describing the behavior of a large neuronal population. HH neurons can be arbitrarily interconnected (Pang and Bantang, 2015) but simulations for large numbers of neurons take long computational run time and need high computing resources since they require solving many coupled ODEs and saving numerous system variables.

One study involves cortical simulations of 109 neurons of a cat using Blue Gene/P supercomputer (Ananthanarayanan et al., 2009). The simulations were powered by 147, 456 CPUs and 144 TB of main memory (roughly ~6 × 103 neurons/CPU, ~144 KB/neuron). In this study, we propose simple cellular automata models to simulate many interconnected neurons that will help investigate integrated dynamics of up to millions (106) of neurons using lower CPU and GPU requirements. Our simulations are powered with 1 CPU and 16 GB of memory (RAM) (roughly ~106 neuron/CPU, ~16 KB/neuron). The Blue Brain project primarily uses the NEURON simulation environment to accomplish their feat. NEURON mainly solves ODE-based models with data-driven parameters. However, solving ODEs differs from the cellular automata (CA)-based models. CA models can employ a look-up-table-based algorithm that is usually faster than solving ODEs.

Cellular automaton modeling paradigm was first developed in the late 1940's by Stanislaw Ulam and John von Neumann (von Neumann, 1966). It became popular after it was used to model Conway's Game of Life in the 1970's. A CA system [image: image] consists of the set [image: image] of agents or “cells” c ([image: image]) arranged in a lattice [image: image] with a specified neighborhood set [image: image] where n is the number of neighbors of any given cell. Certain boundary conditions are also applied depending on the properties of the physical system being modeled (Wolfram, 2002; Arciaga et al., 2009). These cells have assigned state s, typically obtained from a finite state binary set such [image: image], being the simplest. The “0” and “1” states usually represent either “dead” or “alive,” or for our present case of neuronal dynamics represent “resting” or “spiking” (active), respectively. Each neighborhood has a unique state [image: image].

The various dynamics of a CA model also emerge from the rules applied to the lattice. In this work, we investigate a CA system with a first-order linear approximation to the HH neuronal response as our rule for each cell. The activation function is further discussed in section 2.1. We perform different analyses (spatiotemporal, cobweb, bifurcation) on the CA system to classify the observed dynamics. This lays the groundwork of our proposed model that can be extended to future directions. In section 7, we extended our model into a nonlinear activation function, which is used to better fit the response of young and aged neurons of a rhesus monkey (Coskren et al., 2015).

Aged neurons have distinctly less myelin and shorter axon internodal distance leading to reduced conduction velocity (Peters, 2007). Dysregulated signaling pathways in oligodendroglia and the loss of reregenerative capacity of oligodendrocyte progenitor cells are thought to be the major cause for myelin loss (Rivera et al., 2021). At the synapse, dendritic spines where majority of excitatory synaptic processes occur are smaller and lesser (Pannese, 2011) but are functionally intact to make synaptic connections. The connections may be weaker but exhibit lesser capacity for short-term plasticity (Mostany et al., 2013). Presumably, the shrinkage in the density of the dendritic spine impacts excitatory synaptic activity in neuronal circuits and accounts for the cognitive changes observed in older adults even in the absence of pathology. However, in the light of reports of increase in action potential firing rates (excitability) in aged neurons, there is need for studies to further understand the dynamics of cell-to-cell communication and open avenues for potential interventions to mitigate the effects of brain aging. In a study on rhesus monkey prefrontal cortex (Coskren et al., 2015), it was found that aged neurons typically have higher action potential (AP) firing rates compared to younger neurons. The empirical data from the study is used as an application of our CA model.



2. CONTINUOUS CELLULAR AUTOMATA MODEL OF A NEURONAL PATCH

As a CA model, neurons are arranged in a two-dimensional lattice [image: image] composed of 1, 024 × 1, 024 cells. This choice of lattice size is one of the highest possible in a common computing device (without the need of high-performance computing). The resulting dynamics does not change with varying lattice size (Ramos and Bantang, 2018, 2019c). However, the computing performance is compared in section 9. The state of s each neuron is represented by a real number a (stands for activity) which ranges from 0 to 1, thus forming a continuous-state CA. The state of each neuron is initialized by assigning a random value to the CA state drawn from a uniform distribution such that ai, j ∈ [0, 1] for all CA cells in the system (i, j ∈ [1, 1024]).

At each timestep, the average state of the neighborhood of a given cell is taken as the cell's input ain or stimulus. The response of the current cell is obtained from the mapping of ain into its corresponding output aout or response. A generalized linear activation or response function is shown in Figure 1. The various modes of neighborhood and boundary conditions are discussed in section 2.2 and the activation function is discussed in section 2.1 below. We found that a value of 100 timesteps is enough to achieve steady-state for any initial state, and that randomizing the initial location of active cells does not affect the dynamical results of our model (Ramos and Bantang, 2018; Ramos, 2019).


[image: Figure 1]
FIGURE 1. A simplified neuronal response used for the CA model of neurons. The output aout is related to the probability of the neuron to fire given the input ain. The plot shows such functions for threshold values a0 = 0.2, a1 = 0.6, a2 = 0.8. The dashed line corresponds to aout = ain useful in the cobweb analysis.



2.1. Activation Function

The activation function used in the CA model is mainly derived from the response function of the HH model. Many other neuronal models such as leaky integrate-and-fire (Tal and Schwartz, 1997; Gerstner et al., 2014) and Wilson-Cowan (Wilson and Cowan, 1972) exhibit a similar trend of neuronal firing rate with increasing input current. Three main properties of the activation function can be observed:

1. Two thresholds (a minimum and a maximum) in the input are present indicating that neurons fire only when stimulated by an input current between these two thresholds. We, respectively, assign for these the thresholds a0 and a1, the minimum and maximum.

2. The firing rate monotonically increases whenever the input current is between a0 and a1; the firing rate is zero otherwise.

3. A maximum threshold in the output is present limiting the firing rate values for the entire range of ain. We assign this as a2.

The thresholds are incorporated into the activation function and are simplified by taking the first-order approximation as described in Figure 1. The parameter thresholds are varied from 0 to 1 with a step size of 0.1. The condition a0 = a1 results in a trivial mapping aout = 0, for all ain-values. The resulting equation for the neuronal activation function is given by:

[image: image]

We performed an exhaustive search by varying each parameter in {a0, a1, a2} from 0 to 1 with increments of 0.1 (Ramos and Bantang, 2018, 2019c). The resulting steady-state dynamics for all possible combinations of {a0, a1, a2} in this scheme were classified into one of the types discussed in section 3.



2.2. Neighborhood and Boundary Conditions

Two often used neighborhood configurations in CA models are the von Neumann and the Moore neighborhoods (Wolfram, 2002). Figure 2A, on one hand, shows a von Neumann setting. In this case, the central cell of any 3 × 3 subset of the lattice is connected to the adjacent cells in the primary directions (4 neighbors: left, right, top, and bottom) with respect to the cell. Figure 2B, on the other hand, shows a Moore neighborhood setting. This time, the central cell is connected to the adjacent cells in the primary and secondary directions (including the diagonal directions, total of 8 neighbors). Moore neighborhood is used in the model since a biological neuron is typically connected to all neighboring cells in the 2D space (Hawick and Scogings, 2011). Two types of Moore neighborhood configurations are considered: totalistic and outer-totalistic. The only difference between these configurations is that the outer-totalistic setting has the central cell of the 3 × 3 subset included in the neighborhood state (see Figure 2C).


[image: Figure 2]
FIGURE 2. Common neighborhood configurations used in CA theory. The shaded cells show the neighbors of cell X for each type of neighborhood. The von Neumann neighborhood (A) of cell X consists of the four cells in the primary directions, while Moore (B) extends it to the secondary directions. In an outer-totalistic setting (C), the cell X itself is included in the neighborhood. In this work, Moore neighborhood is used because a biological neuron is typically connected to all neighboring cells in the 2D space.


The boundary conditions describe how the cells at the edge of the lattice behave. Two types of boundary conditions were considered: toroidal and spherical boundaries. With the toroidal boundary condition, the cells on the leftmost column are connected to the rightmost column, and the top row is connected to the bottom row. This produces a wrap-around effect on our automaton as shown in Figure 3A. For the spherical setting (Ramos and Bantang, 2019c), the square lattice is projected on the surface of a sphere (Mercator projection) as shown in Figure 3B. Observe that the cells in the top (and bottom) row are fully connected to each other becoming a pole, while in the middle rows neighbors wrap around.


[image: Figure 3]
FIGURE 3. Top row: Boundary conditions used in this study. In a toroidal lattice (A), we wrap-around the top and bottom rows, and the leftmost and rightmost parts of the grid. For the spherical lattice (B), a Mercator projection was used to draw the lattice on the sphere's surface. Bottom row: Extended neighborhood and boundary conditions explored in this work. For the two-layered lattice (C), the intra-layer connection is Moore, but the inter-layer connection is the overlay between layers. For the analysis of external input (D), a fraction of neurons in the population are set to be always active aext = 1.




2.3. Two-Layered Lattice and the External Input

To analyze a quasi three-dimensional (3D) neighborhood, we extended our analysis to a two-layered automaton for both toroidal and spherical boundary conditions (Ramos and Bantang, 2019a,b). The intra-layer connection has a Moore neighborhood setting, while the inter-layer connection is a direct overlay between the layers. The neighborhood conditions for this two-layer lattice is visualized in Figure 3C. For systems with the number of layers greater than two, the topmost and bottommost layer are connected as if the bottommost layer is stacked above the topmost layer.

A CA system (Ramos and Bantang, 2019a) with a constant external input ain = aext = 1 injected to one of the neurons cext, shown in Figure 3D, is also analyzed. In this case, the neuron cext is always in spiking state since a = 1 at all times.




3. NUMERICAL EXPERIMENTS

We first examined the dynamics of the neuronal CA using Moore toroidal boundary condition. The average neuronal patch activity 〈a〉 is obtained for each timestep and plotted as shown in Figure 4. We observed two types of steady-state dynamics: a quiescent or zero steady-state; and a spiking or nonzero steady-state. These steady-state trends are also observed in the HH model (as well as Morris-Lecar) as Type I and Type II neurons, respectively (Hodgkin and Huxley, 1952; Morris and Lecar, 1981; Gerstner et al., 2014). The steady-state dynamics is the same for totalistic and outer-totalistic neighborhoods. Samples of spatiotemporal activity of the neuronal CA are shown in Figures 5, 7, respectively for toroidal and spherical shapes. We observed that a certain subset of the spiking steady-state CA produced exploding patterns before reaching a randomly spiking steady-state. For any given parameter set a0, a1, a2, the dynamics are observed to fall into any one of the following classes.

1. Class 0: Quiescent Steady-State: (a) Fast-decay; (b) Slow-decay.

2. Class 1: Spiking Steady-State:(a) With random patterns; (b) With exploding patterns.


[image: Figure 4]
FIGURE 4. (A–D) Representative steady-state dynamics for each neuronal CA class. The steady-state is taken as the average neuronal activity of the patch at that timestep. The black solid line shows the average neuronal activity using totalistic rules while the red solid line corresponds to the outer-totalistic setting.



[image: Figure 5]
FIGURE 5. Snapshots of the neuronal CA with toroidal lattice configuration for each class taken at different timesteps of the simulation. The snapshots are taken with increasing timesteps (not necessarily consecutive) to highlight the different dynamics observed. At t = 0, the initial state is the same for all classes, but each class evolved into one of the CA classes, depending on the set of parameter thresholds used in the activation function.


The classification above becomes more obvious as we look at the steady-state trajectory shown in Figure 6. Here, we plotted the activity at+1 vs. at. With spherical boundary conditions, this steady-state dynamics remains unchanged (see Supplementary Figure 1). Hence, the boundary condition in the systems investigated does not affect neuronal CA classification. There is a slight variation on the spatiotemporal evolution of the automaton with the spherical boundary condition as shown in Figure 7. The effect of spherical lattice is clearly visible on Class 1b, where the activity signal bounces back from the location of the polar-points (top and bottom rows).


[image: Figure 6]
FIGURE 6. (A–D) State-space trajectories of each of the classes. The [image: yes] and [image: yes] marks the automaton state at t = 0 and t = ∞, respectively. The arrows show the direction of evolution of the average neuronal steady-state over time.



[image: Figure 7]
FIGURE 7. Snapshots of the neuronal CA with spherical lattice configuration for each class taken at different timesteps of the simulation. The snapshots are taken with increasing timesteps (not necessarily consecutive) to highlight the different dynamics observed. At t = 0, the initial state is the same for all classes, but each class evolved into one of the CA classes, depending on the set of the parameter threshold used in the activation function.


In a previous work (Ramos and Bantang, 2019c), we explored the different regimes in which these CA classes exist in the phase space diagram. We found that a minimum of 20% of the population of the neurons must be active or spiking at t = 0 to observe a nonzero steady-state CA (Class 1). As the output threshold a2 is increased, the systems with parameters that fall near the phase boundary, transitions from Class 0 to Class 1 CA, and thus, increasing the region for which Class 1 CA is observed. In this work, the chosen set of parameters belong to the stable regions in which the dynamical classification is observed.



4. EFFECT OF EXTERNAL INPUT AND LAYERED LATTICE

Using the same initial state of the automaton, we assigned a certain fraction (1% and 5%) of the neurons in random locations to be cext, injected with constant ain = 1. It is notable in Figure 8 that for all steady-state classes, the overall system activity 〈a〉 becomes typically much greater than the input. Class0b neurons with 5% cext were found to have similar steady-state dynamics with Class 1a. Furthermore, Class 1b neurons resorted to an oscillating steady-state with 5% cext.


[image: Figure 8]
FIGURE 8. (A–D) Steady-state dynamics for each CA class in a toroidal lattice configuration with external input injected to a fraction of the neuronal population. The black line shows the average steady-state when 1% of the population is injected with external constant input. The red line corresponds to 5% of the neuronal population injected accordingly.


We implemented the method described in section 2.3 for a two-layered and four-layered CA system. The average steady-state activity remains unchanged across each layer and remains the same for the whole CA system (see Supplementary Figure 2). Increasing the number of layers from two to four layers did not change the CA steady-state classification. It is notable in Figure 9 that increasing the number of layers also increases the number of neurons in the neighborhood state, and consequently delays the transition to quiescent steady-state in Class 0b. The delay is also due to the gradual decrease of the wave amplitude as it travels at least once across the system. This follows the proportionality between the system size and the time taken for the signal to propagate across the system (Wolfram, 2002).


[image: Figure 9]
FIGURE 9. (A–D) Steady-state dynamics of each class in a two-layered (black line) and four-layered (red line) toroidal lattice configuration. The dynamical trend remains the same for each class.




5. COBWEB DIAGRAM ANALYSIS

Cobweb diagrams visualize how a dynamical system behaves over time (Stoop and Steeb, 2006). Consider a CA system response function defined by aout = f(ain) (see Figure 1). We then can draw a cobweb diagram on a plane (x, y) = (ain, aout) as follows:

1. Given a chosen starting point (xstart, ystart) = (astart, 0), we trace a vertical line from it to (astart, f(astart)).

2. We trace a horizontal line from (astart, f(astart)) until it crosses the dashed line with the equation aout = ain. This value becomes the new starting point, such that (xstart, ystart) = (f(astart), f(astart)).

3. Repeat steps 1 and 2 until we reach a sufficient number of steps (here, we use 100).

The resulting cobweb diagrams for the different dynamical classes are shown in Figure 10 (Ramos and Bantang, 2020). The activation function of Class 0a falls below the line aout = ain such that any neuron transitions to quiescent state regardless of its initial state (marked by the blue star ⋆). A collection of neurons of this class approaches a quiescent state in a short amount of timesteps. However, in Class 0b, the activation function crosses the line aout = ain once. Any neuron state that starts from the left or right of the intersection point results in a temporary overall active state but the system eventually ends up to be in the quiescent steady-state. If the neuron state starts exactly at the intersection point, its state remains there as a trivial application of the procedure above. Only a few of neurons coincide with this trivial case since the initial state-values of the CA in our numerical experiments is obtained from a uniform random distribution in the range [0, 1]. Collectively, Class 0b neurons go into the quiescent state but at a slower rate compared to Class 0a. Inhibitory neurons (Type I) can therefore be modeled by Class 0 neuronal patch.


[image: Figure 10]
FIGURE 10. (A–D) Cobweb diagrams showing the behavior of individual neurons for each class. In each column, the individual plots show different cases that a neuron is initialized (marked by [image: yes]). Each case may not necessarily be the same across all the classes. The ⋆ marks the final state on the x-axis with the red line showing the trajectory of the neuronal state through time.


If the intersection point is located at the origin (i.e. a0 = 0), the collection of neurons always approaches a spiking steady-state. The greater is the difference a1−a0, the higher the average steady-state value 〈a〉 of the system. Neuronal CAs with lower average steady-state value usually result from exploding patterns (Class 1b). Random patterns (Class 1a) consequently produce higher average steady-state values. Excitatory (Type II) neurons belong to Class 1 in the classification scheme presented.



6. BIFURCATION DIAGRAM ANALYSIS

Bifurcation diagrams show the dynamical trend of the system as we vary a parameter of interest Çelik Karaaslanl (2012). In this work, we chose to investigate the trend for varying a2-values, holding both a0 and a1 at various combinations of constant values. Since 100 timesteps is enough for the simulation to reach steady-state at any given parameter set Ramos and Bantang (2018, 2019c), we obtained the average neuronal patch activity 〈a〉 only for the last (10) timesteps. The resulting bifurcation diagrams are shown in Figure 11 (Ramos and Bantang, 2020).


[image: Figure 11]
FIGURE 11. Representative bifurcation diagrams for the neuronal CA system. Each individual plot shows the steady-state values vs. increasing a2 with constant a0, a1 values. From left to right column shows the different steady-state trends with increasing a1 while from top row to bottom shows increasing a0. The inset shows the activation function for that parameter set given that a2 = 1.0, for reference.


At certain parameter sets, the neuronal CA exhibits period-doubling. This only happens when the activation function is negatively-sloped and strictly satisfies the conditions: a1 = 0 and a0 > 0. Only with this specific constraint will the overall neuron state oscillate as shown in the cobweb diagrams in Figure 12. An oscillating overall neuronal state indicates that a significant degree of synchronization happens in the majority fraction of the neurons. Epileptic neurons can be modeled by these negatively-sloped activation functions. This oscillatory behavior is unchanged by any neighborhood and boundary conditions, as shown in Figure 12. However, as we increase the fraction of neurons cext with input, the oscillation becomes underdamped.


[image: Figure 12]
FIGURE 12. (A) Steady-state dynamics of Class 2 CA using the various neighborhood and boundary conditions aforementioned. (B) Snapshots showing spatiotemporal evolution of Class 2 CA. (C) Cobweb diagrams for each possible initial condition (marked by [image: yes]) in a Class 2 CA with threshold values a0 = 0.6, a1 = 0.0, and a2 = 0.6. (D) Trajectory of the neuronal steady-state activity in state-space. The average state of the CA are marked at t = 0 ([image: yes]) and at t = ∞ ([image: yes]) with the black arrows tracing the trajectory. It is notable that the neuronal CA cycles back and forth along the path of evolution.




7. EXTENDING TO NONLINEAR ACTIVATION FUNCTION

As discussed in section 1, one possible extension of the model is to consider a nonlinear activation function that provides a better approximation of the neuronal response (Hodgkin and Huxley, 1952; Gerstner et al., 2014; Pang and Bantang, 2015). The second-order approximation of the activation function is given by the equation:

[image: image]

where a0, a2 represents the same thresholds as in Equation 1, and b is the nonlinearity parameter. Here, a1 = 1. When b = 1, this function reverts to the first-order linear approximation. Figure 13A shows how the activation function changes when we increase b. An exhaustive testing of the nonlinear activation function has been done with varying input and output thresholds a0, a2 ∈ [0, 1], and nonlinearity parameter b ∈ [0, 40] (Ramos and Bantang, 2021). The resulting dynamics are classified below. Representative steady-state dynamics for each class are shown in Figure 13B.

1. Class 0: Quiescent Steady-State: (a) Fast-decay; (b) Slow-decay

2. Class 1: Spiking Steady-State: (a) low activation probability; (b) high activation probability.


[image: Figure 13]
FIGURE 13. (A) Representative nonlinear activation function (b = 4) using the second-order approximation given by Equation 2 with thresholds a0 = 0.2, a1 = 1.0, a2 = 0.8. The black dashed line shows the same thresholds with nonlinearity parameter b = 1, which is equivalent to the case of first-order approximated activation function. (B) Representative steady-state dynamics for each class using nonlinear activation function (b > 1).


The conditions for phase transition are presented in a previous work (Ramos and Bantang, 2021). It is notable that the opposing extreme cases (a2 = 0.0 and a0 = 1.0) always belong to Class 0. Whenever 0 ≤ b < 1, the system also falls under Class 0 independent of the other parameters. Once we increase the nonlinearity such that b > 1, especially for cases when the corresponding linear activation function lies completely in the region below the aout = ain line, the dynamical evolution transitions from Class 0 to Class 1. This transition is caused by the crossing of the activation function to the region above aout = ain line as shown in Figure 13A. Hence, using the cobweb analysis above, there are individual neurons that will contribute to an overall system spiking steady-state. We also found that, on one hand, the average steady-state activity transitions abruptly when the input threshold a0 is decreased. On the other hand, the transition is gradual when the output threshold a2 is increased, with the phase boundary approximated at b ~ 1/a2. Furthermore, increasing the nonlinearity parameter b transitions the neuronal classification from Class 0 to Class 1.

It is notable that the opposing extreme cases (a2 = 0.0 and a0 = 1.0) always belong to Class 0. Whenever 0 ≤ b < 1, the system also falls under Class 0 independent of the other parameters. Once we increase the nonlinearity such that b > 1, especially for cases when the corresponding linear activation function lies completely in the region below the aout = ain line, the dynamical evolution transitions from Class 0 to Class 1. This transition is caused by the crossing of the activation function to the region above aout = ain line as shown in Figure 13A. Hence, using the cobweb analysis above, there are individual neurons that will contribute to an overall system spiking steady-state.



8. YOUNG AND AGED NEURONAL SYSTEMS

As an application of the proposed CA modeling paradigm, we obtained an empirical dataset of the single-cell response that shows the dynamical difference between young and aged neurons in response to input signals (Coskren et al., 2015). Data shows higher firing rates from the aged neurons. The dataset is normalized over the range of the input current (30−−330pA) used in the study. When the first-order approximation activation function aout = f(ain) given by Equation 1 is used to fit the dataset, both young and aged neuronal system resulted to quiescent steady-state with young neuronal CA decaying faster than the aged ones (see Supplementary Figure 3). If injected aext = 1–5% of the neuronal population, the average steady-state is the same for both young and aged neuronal systems. This result contradicts the observations by Coskren et al. (2015).

A better fitting function to the dataset is the second-order approximation given by Equation 2. Figure 14A shows the resulting response curve. Using this response curve, we found a significant difference in the dynamics between young and aged neuronal systems (see Figure 14B). The aged neuronal population shows a spiking steady-state with a higher average neuronal response than the younger population. Injecting constant external input (aext = 1) randomly to 5% of the neuronal population amplifies the average steady-state for both young and aged neuronal systems but with different steady-state values. Hence, the aged neuronal system does not need a very high external input for it to be amplified, unlike the younger population. This result confirms the higher firing rate of aged neurons as well as the presence of spiking states for aged at lower input currents (Coskren et al., 2015). Figure 14C shows the actual response of young and aged neuronal patches obtained using the method described in Ramos and Bantang (2018) and Ramos and Bantang (2021). A sample discrete response of a single neuron from the young and aged neuronal patches is shown in Figure 14D.


[image: Figure 14]
FIGURE 14. (A) Activation function of young (black) and aged (red) neuronal population derived from empirical data from rhesus monkey prefrontal cortex (Coskren et al., 2015). The dots are the dataset from the study, while the solid lines are the activation function fitted using Equation 2. The parameter thresholds are a0 = 0.45, a2 = 0.38, b = 1.5 for the young neuronal system, and a0 = 0.29, a2 = 1.0, b = 2.2 for the aged population. (B) Corresponding average steady-state dynamics of young and aged neuronal population using the CA model. (C) Actual response of young and aged neuronal patch obtained using the method described in Ramos and Bantang (2018) and Ramos and Bantang (2021). The color represents the discrete state the neuron is in: Q (Quiescent), F (Firing), R (Refractory). (D) Representative temporal response of a single neuron from the young and aged neuronal patch according to the discrete states in (C).




9. COMPUTATIONAL COMPLEXITY

The computational efficiency of using CA to model neuronal patch dynamics is quantified using the time it takes to finish a given simulation. With increasing neuronal population N, the time it takes to finish the simulation T is recorded as the average of three (3) runs or trials for each solver. In general, we find that the time T can be fitted with:

[image: image]

where a, b and c are the fitting parameters. From these parameters, c provides the relevant information for the computational complexity whereby T ~ O(Nc) for large N-values.

Figure 15 shows the comparison of the simulation time using different solvers to the HH ODEs and the CA modeling method presented here. On one hand, solving the ODEs of the HH neuronal network using the forward Euler method yields quadratic time complexity (T ~ O(N2)). Using more accurate solver variants such as Runge-Kutta order-4 (RK4) and Livermore Solver for Ordinary Differential Equations(LSODA) increases the overall magnitude of T yet returns consistent complexity c ≈ 2. On the other hand, our CA model presents a linear time complexity (T ~ O(N)) indicating a much faster computational time than simulating interconnected HH neurons, especially for much larger system size N.


[image: Figure 15]
FIGURE 15. Time complexity of the neuronal model comparing different algorithms for solving the HH dynamics. The forward Euler method (marked [image: yes]) shows quadratic order in time (~O(N2)) while the CA model (marked •) presents a linear complexity time (~O(N)) indicating the efficiency of using the CA model in simulation of neuronal patch dynamics.


Figure 15 also shows that the T-values for HH neuronal population sizes beyond N = 4, 096 is absent. Running simulations for larger sizes causes our current computational machines to exceed their memory capacity. The use of our CA model shows significant advantage in simulating up to millions of neurons (more than 103 times the other reported approach) before this memory problem happens. The algorithm of the CA model can be more straightforwardly parallelized and GPU-implemented to amplify the neuronal population without increasing the simulation time.



10. CONCLUSIONS

In this work, we proposed a cellular automata (CA) model as an efficient way of modeling large numbers of neurons that can reduce both computational time and memory requirements in simulation. We implemented neuronal dynamics on a neuronal CA patch of lattice size 1, 024 × 1, 024 using a first-order linear approximation of the resulting activation function of the HH model. The system dynamics is characterized according to the three parameters of the resulting activation function. The steady-state dynamics are investigated for different lattice configuration (2D and quasi-3D), boundary conditions (toroidal and spherical), layering (one- or two-layered), and Moore neighborhood type (totalistic and outer-totalistic). Cases wherein a fraction (1% and 5%) of neurons have constant activation input (ain) are also explored. We observed the following CA classification:

1. Class 0: Quiescent Steady-State: (a) Fast-decay; (b) Slow-decay

2. Class 1: Spiking Steady-State:(a) With random patterns; (b) With exploding patterns

3. Class 2: Oscillatory Steady-State.

Numerical experiments of CA neuronal systems are shown to conform to this classification. While our analysis of the cobweb diagrams show that individual neuron states will eventually reduce to quiescent state, spiking steady-state can still emerge for a collection of interconnected neurons. Collective oscillatory behavior (Class 2) of the overall neuronal state is observed for the system with significant synchronization among neurons.

The proposed CA model is applied to analyze the resulting dynamical class of young and aged patches of neurons. The response function of individual young and aged neuronal cells are obtained from empirical data and are fitted to a second-order approximation for better semblance. The CA model for aged patch shows dynamics with higher average neuronal steady-state and therefore more robust spiking behavior compared to the younger population. This result conforms to the higher action potential firing rates of aged neurons from the empirical data. On one hand, the average neuronal steady-state is amplified for the aged population when injected with a small external input. On the other hand, the younger population needs higher external input to observe significant amplification of the average neuronal steady-state. This result conforms to the presence of spiking activity in aged neurons stimulated with lower external current. Whether artificially generated spatiotemporal patterns of neuronal patch activity in this work correspond to the activity of actual neuronal systems remains to be determined.

The cellular automata model presented here can easily be extended to model more realistic neuronal systems such as brain patches or even the whole brain. Individual neuronal response data can also be used to improve the choice of the CA activation function aout = f(ain). The activation function can be modified into similar input-output mapping in frequency domain or voltage-current domain, and can be used as the rule for our CA model. Our computational modeling framework can be utilized for large scale simulation of different neuronal conditions such as Parkinson's disease (Bevan et al., 2002; Kang and Lowery, 2014), Alzheimer's disease, and chronic traumatic encephalopathy (Gabrieli et al., 2020; Wickramaratne et al., 2020).

We presented here that an adult brain shows an increase of neuronal response, even in the presence of constant external input. However, it remains a challenge to understand in which particular biological aspect these changes correspond to. In future studies, we recommend investigating dynamical systems of interconnected neurons, both young and aged, in the following aspects: 1) input-output mapping; 2) spatiotemporal distribution; and 3) connectivity architecture. Learning about the dynamics of these systems would help medical practitioners to detect early signs of ailments or disorders stemming from the aging process and help identify appropriate medicinal (chemical, radiation), behavioral (lifestyle, dietary) and/or surgical intervention.
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Although basal ganglia (BG) are involved in the motor disorders of aged people, the effect of aging on the functional interaction of BG is not well-known. This work was aimed at studying the influence of aging on the functional connectivity of the motor circuit of BG (BGmC). Thirty healthy volunteers were studied (young-group 26.4 ± 5.7 years old; aged-group 63.1 ± 5.8 years old) with a procedure planned to prevent the spurious functional connectivity induced by the closed-loop arrangement of the BGmC. BG showed different functional interactions during the inter-task intervals and when subjects did not perform any voluntary task. Aging induced marked changes in the functional connectivity of the BGmC during these inter-task intervals. The finger movements changed the functional connectivity of the BG, these modifications were also different in the aged-group. Taken together, these data show a marked effect of aging on the functional connectivity of the BGmC, and these effects may be at the basis of the motor handicaps of aged people during the execution of motor-tasks and when they are not performing any voluntary motor task.

Keywords: aging, basal ganglia, functional connectivity, hand motion, resting state


HIGHLIGHTS

- The effect of aging on the basal ganglia interactions was studied with neuroimaging methods.

- Aging deteriorates the functional connectivity of basal ganglia.

- Basal ganglia are involved in the motor disorders of aged people.



INTRODUCTION

The decline of motor abilities associated with aging normally occurs parallel to changes in different cortical and subcortical motor centers (Fjell and Walhovd, 2010; Seidler et al., 2010). Although changes in the volume (Seidler et al., 2010; Walhovd et al., 2011) and structural connectivity (Bhagat and Beaulieu, 2004; Wang et al., 2010; De Groot et al., 2015; Cox et al., 2016; Behler et al., 2021) of basal ganglia (BG) may be involved in age-associated motor deterioration, the actual role of these changes has not been clearly established. A circumstance that limits the association of the motor handicaps and the BG changes induced by aging is that although motor deterioration is better known (Sun et al., 2012; Ferreira and Busatto, 2013; Mathys et al., 2014; Sala-Llonch et al., 2015; Xiao et al., 2018), the effect of aging on the functional connectivity of BG is less clear. The study of BG activity with magnetic resonance imaging (MRI), and particularly with functional connectivity MRI (fcMRI), has reported inconsistent results indicating an increase (Marchand et al., 2011), a decrease (Taniwaki et al., 2007) or no changes (Baudrexel et al., 2011) in the functional connectivity of BG with aging. This low consistency of fcMRI studies may be associated with age-related changes in the neuro-vascular coupling (Riecker et al., 2003), the small size of some BG (which hampers the grouping of data obtained in different subjects), and the closed-loop wiring of BG (the interaction between two centers may reflect the circulation of information across the BG closed-loop circuit more than their direct interaction).

This work was planned to study the influence of aging on the functional connectivity of the BG regions directly involved in the execution of movements, the BG nuclei included in the BG motor circuit (BGmC). BGmC is a closed-loop circuit composed of projections from the primary motor cortex (M1) to the posterior regions of the putamen (Put), and from this center to the external globus pallidum (GPe), subthalamic nucleus (STN), internal globus pallidum (GPi), substantia nigra (SN), and the motor thalamus (MTal), a thalamic region that sends projections back to the M1 and completes the closed-loop circuit of BG (Alexander et al., 1986; Hoover and Strick, 1993; Delong and Wichmann, 2009). In order to prevent the fcMRI computed between two centers from being “contaminated” by their common interactions with other BG, data used to study the interaction between each two BG were “regressed” with data recorded in all the other BG (partial correlation) (Zhang et al., 2008, 2010). In order to prevent the “contamination” of the blood-oxygen-level-dependent (BOLD) data of the smallest BG (e.g., STN) by those of surrounding structures, the data used to represent the activity of each center was computed by averaging voxels included in a volume-of-interest (VOI) which was located inside each BG of each subject according to previously reported procedures (Rodriguez-Sabate et al., 2015, 2017b). The partial correlation coefficient (CC) was used to estimate the “magnitude” of the functional interaction of BG (Fox and Raichle, 2007), and a block-task paradigm with interleaved “no-motion”/“motion” (hand movements) intervals was used to study the influence of motion on the BG interaction (Fair et al., 2007).



METHODS


Subjects

Thirty healthy volunteers 20–67 years of age (15 men and 15 women; 45.1 ± 12.6 years old; mean ± standard deviation) showing: (1) no acute or chronic illness, (2) no history of neurological diseases (they showed a normal neurological examination and no evidence of motor disorders according to the Hoehn and Yahr, the Schwab and England scales), (3) no history of psychiatric diseases (including no evidence of dementia and normal values in the Montreal Cognitive Assessment and the Mini Mental State examinations), (4) normal values in basic laboratory tests, and (5) Normal MRI scans. Written informed consent was provided by all participants, and all procedures were in accordance with the ethical standards of the Declaration of Helsinki. The study was approved by an institutional review board (Human Studies Committee-La Laguna University). Subjects were divided into two groups, the young-group (26.4 ± 5.7 years old; 8 men with an average age of 25.4 and 7 women with an average age of 27.3) and the aged-group (63.1 ± 5.8 years old; 7 men with an average age of 61.7 and 8 women with an average age of 64.5).



Data Collection

The basic experimental procedures were similar to those previously reported (Rodriguez-Sabate et al., 2015, 2017a). Briefly, the BOLD-fluctuation of BG was used to study the functional connectivity of the BGmC in subjects who performed a motor-task or remained at rest. A block-task paradigm with interleaved “no-motion”/“motion” intervals was used. During the motor-task block, subjects performed a repetitive sequence of finger extensions/flexions with the right-hand (from the little finger to the thumb and back to the little finger). During the no-motion block, subjects did not perform any planned task. The transitions between the no-motion and motion time intervals were orally announced by a single word, “MOVE” to start motion and “STOP” to finish motion. One hundred volumes were recorded in each of the four task-blocks. In order to prevent the effects of the transitions between tasks (the change of the BOLD signal baseline may need seconds) the frames 1–10 of each block were not included in the data analysis.

BOLD-contrast images (64 × 64 sampling matrix with voxels of 4 × 4 × 4 mm) were acquired (GE; 3.0 T) in a coronal plane (250 × 250 mm field of view) with gradient-echo (echo-planar imaging; repetition-time 1,600 ms; echo-time 21.6 ms; flip-angle 90°). fMRI data were co-registered with 3D anatomical images (repetition-time 7.6 ms; echo-time 1.6 ms; flip-angle 12°; 250 × 250 mm field of view; 256 × 256 sampling matrix; voxels of 1 × 1 × 1 mm). Functional and anatomical studies were obtained in a single session and with the head fixed in the same position. Different structural markers were jointly used to decide where to place each ROI in the brain of each subject (Rodriguez-Sabate et al., 2017b). Briefly, ROIs were positioned in each center of each subject by using the Talairach coordinates, the shape of the nucleus, and the anatomical relationship of the nucleus with other structures (external cues) as the main indicators (working with normalized 3D-anatomical images). All centers were identified in coronal slices located 4–27 mm posterior to the anterior commissure. The optic tract, internal capsule, and medial forebrain bundle were used as external cues to identify the putamen, GPe, GPi and MTal. GPi was initially identified ≈6 mm posterior to anterior commissure and just over the optic tract. The ROI for the putamen was located at post-commissural level because the somato-sensorimotor regions primarily project to the posterior putamen. The post-commissural putamen was then identified ≈5 mm posterior to anterior commissure. GPe was located ≈3 mm posterior to the anterior commissure. MTal was located ≈11 mm posterior to anterior commissure (5 mm posterior to the GPi). Special care was taken to identify the STN. Three external cues were used to identify the STN, the oculomotor nerve, cerebral peduncle, and pons. Coronal images were initially moved backwards and forwards (between 10 and 18 mm posterior to anterior commissure) to identify the slice where the oculomotor nerve was trapped in the most medial region of the contact between the pons and cerebral peduncle. The backward-forward movements of the slices were also used to identify the slice where the oculomotor nerve was trapped between the pons and cerebral peduncle. The STN was identified, in this slice, as the center located 10 mm medial to the optical tract, just above a horizontal line crossing this tract and near the medial boundary of the cerebral peduncle. The STN, in this position, was mainly surrounded by tracts and located anterior to the SN. So as not to mix data on specific centers with those of the surrounding centers, the ROIs were generally small and clearly located within each nucleus. This was not the case of the SN. In humans, SN pars compacta is intermixed with SN pars reticulata and both portions of the SN cannot be clearly segregated in MRI images. Thus, the ROI in this case included the whole SN, and was located between the red nucleus and posterior commissure in slices −22 to −26 mm posterior to the anterior commissure. The M1 representation of the hand was located in the precentral gyrus, just posterior to the junction of the superior frontal sulcus with the precentral sulcus. Depending on the slice level, the hand representation in M1 has a “zig-zag” or “step-like” shape or a “hook” or “Ω” shape. This distribution was generally observed in a position anterior to the protrusion (“knob”) of the precentral gyrus toward the central sulcus. The fMRI response was also used to verify the location of M1 (10 voxels showing the maximum BOLD response to finger movements) because the comparison of the BOLD signal between the no-motion and the motion intervals clearly showed an activation in hand representation in M1. This is a time consuming method, but it prevents the mixture of different brain regions when BOLD-data are integrated in an experimental group. All data sets were normalized to the Talairach space.



Data Pre-processing

Data were preprocessed (BrainVoyager software) with a slice scan-time correction, a 3D-motion correction, and a temporal filtering (0.009 Hz high-pass GLM-Fourier filter). No spatial smoothing was performed, and studies with a brain-translation >0.5 mm or a brain-rotation >0.5 degrees were rejected. Residual motion artifacts and physiological signals (respiration, cardiac activity) were diminished by regressing the BOLD-signals with the mean average of the BOLD-signals recorded in white matter and brain ventricles (Power et al., 2014).



Correlation Methods

fcMRI was computed with the mean BOLD-signal of voxels included in each VOI, and values of right and left brain centers were grouped together (Gopinath et al., 2011). The Pearson correlation coefficient (r; p < 0.001 two-tailed) was used to estimate the “strength” of the functional connectivity of the BG centers (Statistica-Statsoft, Tulsa). Partial correlations were used to eliminate the collateral influence of the other BG (used as “regressors”) on the functional connectivity between two particular centers, a method which is particularly useful in closed-loop networks where the activity of any center may have time-relationships with the activity of all the other centers of the network (Zhang et al., 2008, 2010).

The motor-task effect and the aging effect on the interaction between two centers were considered to be significant when the change of the partial correlation computed for their BOLD-signals reached statistical significance. Differences between two correlation coefficients were identified by using the r-to-Fisher-z transformation (r′ = 0.5*(ln(1 + r) – ln(1-r); r′ being the Fisher-z transformed r) and a two-sided t comparison (mean and standard error of each sample evaluated against the t distribution with df = n1 + n2 – 2 degrees of freedom; n1 and n2 being the sample sizes) adjusted for multiple comparisons (Greicius et al., 2003).




RESULTS

Table 1 shows the position and size (no. of voxels) of VOIs used to characterize the BOLD activity of BG. No statistical difference was found between the VOI sizes in the young and aged groups.


Table 1. Coordinates are shown in mm (Talairach).

[image: Table 1]


Functional Connectivity of BG During the No-Motion Intervals

Figure 1 shows the functional connectivity during the no-motion intervals (indicated by the partial correlation coefficient CC) in the young (left) and aged (right) groups. In the young-group, the M1 BOLD-activity showed a significant positive CC with the Put and GPe, and a negative correlation with the SN (Figure 1A). Positive correlations were also found between Put-STN (Figure 1C), GPe-SN (Figure 1E), GPe-GPi (Figure 1E), and STN-GPi (Figure 1G). The GPi, SN, and MTal did not showed any significant correlation between them (Figure 1G).


[image: Figure 1]
FIGURE 1. Functional connectivity of BG during task-resting in the young- and aged-groups. Diagrams show the partial correlation coefficient in the young-group (left-hand side) and aged-group (right-hand side). Numbers represent the mean correlation coefficient, in red positive correlations, in blue negative correlations and in black no statistical correlations. Statistical differences between the correlation computed in the young- and aged-groups are shown by green asterisks. M1, primary motor cortex; Put, post-commissural putamen; GPe, external globus pallidum; STN, subthalamic nucleus; GPi, internal globus pallidum; SN, substantia nigral; and MTal, motor thalamus.


The functional connectivity in the aged-group was clearly different to that observed in the young-group. In the aged-group, the M1 showed a significant positive correlation with the Put, and a negative correlation with the GPe and MTal (Figure 1B). The Put showed a positive correlation with the GPe, GPi, and MTal and a negative correlation with the SN (Figure 1D). The GPe showed a positive correlation with the STN, SN and MTal, and a negative correlation with the GPi (Figure 1F). The STN showed a positive correlation with the GPi and SN (Figure 1H). The SN showed a positive correlation with the GPi and MTal (Figure 1H). When compared with the young-group, the aged-group showed a significant increase of positive correlations between Put-GPe, Put-GPi, and Put-MTal (Figures 1C,D), GPe-MTal and GPe-STN (Figures 1E,F), STN-SN, SN-GPi and SN-MTal (Figures 1G,H), and a significant increase of negative correlations between M1-MTal, M1-GPe (Figures 1A,B) and Put-SN (Figures 1C,D). Some positive correlations found in the young-group vanished (Put-STN; Figures 1C,D) or were replaced by negative correlations (GPe-GPi in Figures 1E,F) in the aged-group.

Thus, aging induced a marked reconfiguration of BG activity during the no-motion intervals which in many cases increased the synchronicity of BG (positive correlations), but which in some cases increased their anti-synchronic activity (negative correlations) or replaced their synchronic behavior by anti-synchronic behavior. A summary of these changes is shown in Figure 2, where the significant synchronicity of two nuclei is shown with red lines, and their anti-synchronicity with blue lines. Three chains of BG connections were found in the young-group during the no-motion intervals (Figure 2 left), a M1 ↔ Put ↔ STN ↔ GPi synchronic connection (green area), a M1 ↔ GPe ↔ GPi/SN synchronic connection (blue area), and an M1 ↔ SN anti-synchronic connection (orange area). In the aged-group (Figure 2 right): (1) M1 ↔ Put ↔ STN ↔ GPi synchronicity was replaced by M1 ↔ Put ↔ GPe ↔ STN ↔ GPi synchronicity, (2) M1 ↔ GPe ↔ GPi/SN synchronicity showed a marked decrease of GPe ↔ SN synchronicity and M1 ↔ GPe and GPe ↔ GPi synchronicity were replaced by anti-synchronic activities, and (3) M1-SN anti-synchronicity vanished. These changes were accompanied by a synchronic co-activation of Put-GPi, Put-MTal, GPe-MTal, GPi-SN, SN-MTal, and STN-SN and by an anti-synchronic activation of the Put-SN and MTal-M1.


[image: Figure 2]
FIGURE 2. Diagrams showing a summary of the main functional networks of the basal ganglia motor circuit in the young- and aged-groups during the no-motion intervals. Functional relationships with statistical significance are shown with red (synchronic activity) or blue (anti-synchronic activity) lines. The amplitude of correlations is represented by the thickness of the lines connecting the different basal ganglia. In the aged-group (right-side hand), correlations found in both the aged and young groups are shown with continuous lines, and those found in the aged-group but not in the young-group are shown with discontinuous lines. The main functional networks found during the no-motion intervals are grouped within areas of different colors, the M1 ↔ Put ↔ STN ↔ GPi network in green areas, the M1 ↔ GPe ↔ GPi/SN network in blue areas, and the M1-SN network in an orange area. M1, primary motor cortex; Put, post-commissural putamen; GPe, external globus pallidum; STN, subthalamic nucleus; GPi, internal globus pallidum; SN, substantia nigral; and MTal, motor thalamus.




Functional Connectivity of BG During the Motor-Task

The influence of motion on the functional connectivity of BG was tested by comparing the CC computed during the motion and no-motion intervals. Figure 3 shows the CC values in the young-group (Figure 3 left) and aged-group (Figure 3 right), with the CC values computed for the no-motion and motion intervals shown at the top and bottom of each square, respectively. Red numbers show significant positive correlations, blue numbers significant negative correlations and black numbers non-significant correlations. Significant differences in CC computed between the no-motion and motion intervals (asterisk) indicate the effect of motion on the BG functional connectivity. Only the functional relationships which changed with the motor activity are shown in this figure. Red arrows indicate significant changes of positive CC and blue arrows significant changes of negative CC.


[image: Figure 3]
FIGURE 3. Diagrams showing a summary of the action of motor activity on the functional connectivity of BG in the young- and aged-groups. Numbers show the mean correlation coefficient for each group computed during the no-motion (top of squares) and the motion (bottom of squares) time-intervals in the young-group (left-side hand) and aged-group (right-side hand). Red numbers show significant positive correlations, blue numbers significant negative correlations and black numbers non-significant correlations. Significant differences of the correlation coefficient computed during task-resting and the motor-task are shown by asterisks. Only the functional relationships which changed with the motor activity are shown in this figure (all comparison reached a p < 0.001 statistical significance). Red arrows indicate significant changes of positive correlations and blue arrows significant changes of negative correlations. M1, primary motor cortex; Put, post-commissural putamen; GPe, external globus pallidum; STN, subthalamic nucleus; GPi, internal globus pallidum; SN, substantia nigral; and MTal, motor thalamus.


In the young-group, finger-movements increased the M1-STN, M1-MTal, Put-GPi, Put-MTal, STN-MTal, and SN-MTal synchronicity, increased the Put-SN anti-synchronicity, decreased the Put-STN and GPe-SN synchronicity, and decreased the M1-SN anti-synchronicity. The effect of motion was different in the aged-group, which showed an increase of M1-Put, M1-GPi, Put-GPe, and GPi-SN synchronicity, an increase of the M1-STN, M1-MTal, and SN-MTal anti-synchronicity, a decrease of STN-GPi and STN-SN synchronicity and a decrease of M1-GPe, M1-SN, and GPe-GPi anti-synchronicity.




DISCUSSION

The use of BOLD-data of VOIs located in the main nuclei of the BGmC and of the partial correlation method proved useful to study the effect of aging on the functional interaction of BG. BG showed marked changes in aged people during both the no-motion and motion intervals, suggesting that a different functional connectivity of BGmC nuclei may be at the basis of the motor deterioration induced by aging.


Functional Connectivity of the BGmC in Young People

The classical BG-model is based on excitatory/inhibitory relationships between their nuclei (Alexander et al., 1986; Hoover and Strick, 1993; Delong and Wichmann, 2009). fcMRI does not provide information about the structural connectivity between centers or about the mechanisms involved in their functional interactions. Positive and negative BOLD-correlations do not indicate the existence of excitatory or inhibitory connections, and a high BOLD-correlation between two centers does not necessarily imply their “direct” interaction (the functional connectivity between two centers can be facilitated by other “crossing centers” able to transmit the information between each other). Despite these methodological constraints, fcMRI may reveal some aspects of the functional dynamic of BG that can go unnoticed for the tracing techniques that identify structural connections between brain centers and for the single-unit recordings that identify excitatory-inhibitory interactions between individual neurons of two brain centers. Motor tasks often need seconds to be executed, which allows the identification of task-positive motor networks with fcMRI methods (1.6 s is the time-resolution here). Previous studies have identified functional networks by detecting brain centers with synchronous BOLD-signal fluctuations and a positive correlation between the BOLD-signals of their centers (Biswal et al., 1995; Uddin et al., 2009; Tomasi and Volkow, 2010; Van Dijk et al., 2010; Tomasi et al., 2016). From this point of view, two centers showing no significant correlations do not belong to the same functional network (and could work in parallel without disturbing each other), and two centers showing a negative correlation (anti-synchronous BOLD-fluctuation) could belong to different networks with incompatible activities (Fox et al., 2005; Fair et al., 2007; Uddin et al., 2009; Hampson et al., 2010). In addition, motor networks may maintain their activity during the no-motion intervals, also working when subjects are not performing any voluntary motor task. Therefore, fcMRI is more suitable for analyzing the behavior of neuronal networks than for studying its “wiring” or the mechanisms involved in the interaction of their components. fcMRI data are more suitable to identify functional networks that to identify structural networks or to study the excitatory-inhibitory interactions between the centers of structural networks.

The young-group data suggest that the indirect pathway may work following two different functional arrangement, one involving a M1 ↔ Put ↔ STN ↔ GPi functional connectivity and the other involving a M1 ↔ GPe ↔ SN/GPi functional connectivity. M1 showed an anti-synchronous relationship with SN which suggests that the SN activation is followed by an M1 inactivation, a possibility which agrees with both the classical BG model (the GABAergic projections of SN to MTal inhibits the glutamatergic excitatory action of MTal on M1) (Alexander et al., 1986; Delong, 1990; Parent and Hazrati, 1995; Delong and Wichmann, 2009; Yin, 2017), and the fact that the inhibition of the SN activity (e.g., by inhibiting or lesioning the STN), and the fact that the inhibition of the SN activity (e.g., by inhibiting the STN) increases the M1 activity in Parkinson's disease (Obeso et al., 2000, 2017; Delong and Wichmann, 2009; Rodriguez-Rojas et al., 2018). The functional networks observed here during the no-motion intervals may be involved in the modulation of muscle tone, in the stabilization of body posture or in any function performed by BG when subjects are not executing voluntary motor patterns. The functional interaction of BG changed with the execution of the motor task. The synchronicity between most BG increased with voluntary movements (left-side Figure 3), showing that some nuclei of the BGmC are also involved in task-positive motor networks.



Functional Connectivity of the BGmC in Aged People

The aging processes induced a substantial restructuration of the BG activity during the no-motion intervals. In the M1 ↔ Put ↔ STN ↔ GPi network, the Put ↔ STN synchronicity was replaced by the Put ↔ GPe ↔ STN synchronicity. In the M1 ↔ GPe ↔ SN/GPi network, M1 ↔ GPe ↔ GPi synchronicity was replaced by anti-synchronicity, and GPe ↔ SN synchronicity decreased. The SN-M1 anti-synchronicity observed in the young-group vanished in the aged-group. Additional interactions were observed in the aged-group, including a synchronicity between Put-MTal, Put-GPi, STN-SN, GPe-MTal, GPi-SN and SN-MTal, and anti-synchronicity between Put-SN and MTal-M1 (right-side Figure 3). The BGmC is involved in the stabilization of body posture (Takakusaki, 2017) and the modulation of muscle tone (Takakusaki et al., 2004), physiological functions that could be performed when subjects are not performing voluntary motor tasks. In this case, these motor problems of aged people (Woodhull-Mcneal, 1992; Agyapong-Badu et al., 2016) could be caused by a deficient functional connectivity of the no-motion networks of the BGmC.

The effect of motion on the BGmC was also different in the young and aged groups. BG synchronicities activated by motion in the young groups vanished in the aged group, with a number of anti-synchronicities and some new synchronicities not observed in the young group emerging in the aged-group (Figure 3). The BGmC is involved in the execution of unsupervised automatic motor patterns (Lehericy et al., 2005) which also decline with aging (Hellmers et al., 2018). The deficient functional connectivity of the task-positive motor networks of the BGmC observed here in the age-group could be at the basis of this behavioral problem.

The aged-group had an average age of 63 years old which was enough to find age-related differences with the young-group. These differences could be greater for older people but some misleading variables (e.g., instability of the motor task during the MRI study) could hamper the analysis of results, and therefore no person with more than 70 years of age was included in the study. The young and aged groups had similar compositions of men and women (8 men and 7 women in the young-group and 7 men and 8 women in the aged-group), and differences observed between the young and aged groups cannot be attributed to effects associated with gender. This does not mean that the effect of aging on BGmC is the same in both sexes, a possibility that would require a specific study. Different aged-related neurodegenerative diseases present muscle tone and motor behavior disorders. This is the case of Parkinson's disease, which normally shows slowness movements and muscle rigidity. It has been suggested that Parkinson's disease is produced by an accelerated aging of the brain, and particularly of the dopaminergic cells which control the basal ganglia motor circuit studied here (Rodriguez et al., 2014, 2015). Thus, it is possible that an increase of the aging effects on the basal ganglia motor circuit found here may be at the basis of some of the motor disorders of Parkinson disease.

In summary, present data provide evidence that the partial correlation of fcMRI data may be used to study the interactions of human BG when subjects are not performing voluntary movements, and to identify the modification of these interactions during the execution of particular tasks. This experimental approach even proved to be suitable to study complex closed-loop networks which, as occurs with the BGmC, present multiple structural and functional interactions between their components. The BGmC showed a generalized change of the functional connectivity of its center with aging, an effect observed during both the motion and the no-motion time-intervals. These changes may be at the basis of the movement and posture deterioration observed in age-related neurodegenerative disorders such as Parkinson's disease. New studies in aged people with particular motor handicaps are necessary to understand which BG interaction is involved in each of these problems. A similar study could be performed in Parkinson's patients with slowness movements (bradykinesia) or with a deterioration of the automatic activities which are necessary to maintain body posture.
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This study employs fMRI to examine the neural substrates of response to cognitive training in healthy old adults. Twenty Japanese healthy elders participated in a 4-week program and practiced a verbal articulation task on a daily basis. Functional connectivity analysis revealed that in comparison to age- and education-matched controls, elders who received the cognitive training demonstrated increased connectivity in the frontotemporal regions related with language and memory functions and showed significant correlations between the behavioral change in a linguistic task and connectivity in regions for goal-oriented persistence and lexical processing. The increased hippocampal connectivity was consistent with previous research showing efficacious memory improvement and change in hippocampal functioning. Moreover, the increased intra-network connectivity following cognitive training suggested an improved neural differentiation, in contrast to the inter-network activation pattern typical in the aging brain. This research not only validates the relationship of functional change in the frontal and temporal lobes to age-associated cognitive decline but also shows promise in turning neural change toward the right direction by cognitive training.
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INTRODUCTION

With the increasing aging population around the globe and the lack in effective treatment in dementia, measures to intervene cognitive decline are urgently needed. Cognitive training is one of the strategies that has shown some promise in the retention of cognitive functions for healthy elders and elders at risk for mild cognitive impairments (MCI) (Ball et al., 2002; Belleville, 2008; Valenzuela and Sachdev, 2009; Mowszowski et al., 2010; Rosen et al., 2011). Additionally, studies have suggested that enriching mental activities could moderate the deterioration process as healthy elders participating in social and cognitive activities were less likely to develop MCI and eventually converted to dementia (Wilson et al., 2002; Verghese et al., 2003, 2006; Prince et al., 2013). A recent review on non-pharmaceutical interventions based on 13 reviews or meta-analyses published from 2010 to 2019 reported that cognitive interventions focusing on memory or language skills, executive functions, social interactions, etc. were effective for maintaining or improving cognitive functions in older adults regardless of their cognitive status (Sanjuan et al., 2020). This raises the question of which type of language-based training is effective on older adults who are cognitively normal.

The transmission deficit hypothesis (TDH) has pointed out that the change in linguistic competence is asymmetric in aging, with comprehension relatively preserved and production strongly affected (Burke and Shafto, 2004). Behavioral evidence has shown that word retrieval problem in healthy aging is due to a failure in the complete retrieval of the phonology of the target word, instead of generalized slowing (Shafto et al., 2007). In another study using event-related potential (ERP) and visual evoked potential (VEP), healthy young and older adults performed an implicit picture-naming task while making a segmental or syllabic decision in a Go/No-go paradigm. The older adults showed longer latencies in both behavioral judgment and ERP amplitudes in response to phonological stimuli. In contrast, there was no latency difference between the young and old groups regarding the VEP stimuli. The authors concluded that age-associated delay was only specific to the phonological system and proposed that the practice of phonological skills might improve general linguistic abilities in older adults (Neumann et al., 2009). This study hypothesizes that a linguistic task focusing on articulatory skills will improve general linguistic abilities for two reasons. First, appropriate articulation calls for awareness of linguistic constituents, which are fundamentals for proper word and sentence production. Second, articulatory practice will activate the cortices and connectivity related to phonological retrieval, which has been reported to be the cause of production difficulty and word retrieval problem commonly seen in older adults (Shafto et al., 2007).

The temporal regions, particularly the medial portions, including the hippocampus, were most commonly impacted by neurodegeneration, as studies of MCI and early Alzheimer’s disease (AD) have consistently revealed hippocampus atrophy (Braak and Braak, 1996; Kordower et al., 2001; Scheff et al., 2006). The hippocampus is related to conscious memory recollection, and the hippocampal lesions are associated with memory deficits in MCI and AD (Cohen and Squire, 1981; Tulving, 2002). Improvements in memory and change in hippocampal functioning could suggest alterations in the disease progression of MCI and AD. Therefore, interventions leading to the functional change in the hippocampus might be considered as an effective strategy for retention of cognitive reserve in successful aging. This study predicts the change in the functional connectivity in the hippocampus and sensory-motor regions after articulation training, as the training task taps into the cortices associated with movement and verbal memory. The frontal lobe is also anticipated to show improved connectivity as most previous studies have revealed frontal involvement when cognitive interventions are effective (Sanjuan et al., 2020).

Cognitive neuroscience of aging has addressed the relationship between cognitive function performance with global and local functional activations in the brain. The increased bilateral, mostly prefrontal involvement has been consistently reported in healthy old adults, while other regions either showed decreased or increased activations relative to those in young adults, as discussed in a review (Park and Reuter-Lorenz, 2009). The localized activation difference from the young adults was often interpreted as compensation or degeneration, with conflicting results by different experimental manipulations. Such inconsistency used to be attributed to the paradigm or task demand, with a weak foundation for the argument reasoning. This problem suggested that the investigation of isolated regions in the brain may not suffice to understand the neural change associated with age-induced decline. Therefore, there has been a support for the examination of network connectivity for interacting regions to elucidate the neural bases underlying altered cognitive functions in aging (Antonenko and Floel, 2014).

Functional connectivity (FC) between brain regions reveals the degree of synchronization or temporal correlations of activities in them. It reflects the quality of information transfer among brain regions, which could be achieved by direct white matter pathways or indirect connections through multiple regions (Fox and Raichle, 2007). Previous research has related hyper- and hypo-connectivity in older adults compared with young adults to decreased cognitive functions (Antonenko and Floel, 2014). Various techniques, such as electroencephalography, magnetoencephalography, and functional magnetic resonance imaging (fMRI), have been employed to study functional connectivity (Buldu et al., 2011; Ferreira and Busatto, 2013; Freitas et al., 2013). FC has been analyzed by means of correlational (Fox and Raichle, 2007), non-linear (Buldu et al., 2011), and graph-theoretical approaches (Meunier et al., 2009). This study focuses on the resting-state fMRI connectivity, similar to those in the review of FC approaches (Ferreira and Busatto, 2013), using the inter-regional correlational approach.



MATERIALS AND METHODS


Participants

Twenty healthy elders (mean age = 69.7, SD = 4.2, 8 women) participated in the cognitive training group, and 20 age-matched controls (mean age = 70.3, SD = 3.6, 10 women) enrolled in this study. As shown in Table 1, there was no significant difference between the training and control groups in the education (training group mean = 12.8, SD = 2.5; control group mean = 11.9, SD = 2.1), WAIS III Vocabulary Scaled Score (training group mean = 11.8, SD = 2.7; control group mean = 12.5, SD = 2.5), Mini-Mental State Examination (MMSE) (training group mean = 29.0, SD = 1.5; control group mean = 29.4, SD = 0.8), geriatric depression scale (GDS) (training group mean = 2.1, SD = 2.3; control group mean = 0.9, SD = 1.2), and H.N. Handedness Test (training group mean = 97.0, SD = 9.5; control group mean = 99.5, SD = 2.4).


TABLE 1. Baseline scores for the clinical and demographic characteristics of the control and cognitive training groups.
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Procedure

The study procedure is illustrated in Figure 1. After healthy elders were recruited, they were randomly assigned to the training group or control group. The training group was offered explanations of behavioral measurements and scans and the training program, including the training stimuli, program duration, and practice frequency. All the 20 elders agreed to complete the program and were allocated to individual training sessions. The participants assigned to the control group were provided with explanations of behavioral measurements and scans. All of them agreed to participate in the study. Within the 28-day period of the study, research assistants made phone calls to inquire about their willingness to stay in the study and keep elders motivated by encouraging them. No elders dropped out of the study. Behavioral and scan data of all subjects collected on days 1 and 28 were analyzed.


[image: image]

FIGURE 1. Study procedure.


At baseline (Day 1), all participants underwent scanning, including MPRAGE (6 min), resting-state fMRI (7 min), and DTI (8 min). Later, they completed a standardized battery of neuropsychological tests including the verbal fluency test (5 min), Stroop task (10 min), Bochumer Matrices Test (BOMAT) (15 min), WAIS-III digit span (backward only, 5 min), WAIS-III digit symbol (5 min), MMSE (10 min), GDS (3 min), H.N. Handedness (3 min), and a sentence reading task (10 min). The sentences used in the sentence reading task were categorized by sensicality and difficulty into four types: easy non-sensical sentences, difficult non-sensical sentences, easy meaningful sentences, and difficult meaningful sentences. Participants were asked to read 10 items in each type, 40 items in total. Durations of reading four types of sentences were documented for all subjects.

During the period of training, from Days 2 to 27, participants were instructed to complete the verbal articulation of 40 sentences (10 for each condition). They were required to read aloud each sentence 10 times as fast and accurately as possible, with the reading being recorded. The training time lasted 20–25 min/day, with a 1-day break after the 3-day training. Furthermore, participants were checked whether they performed the task properly by phone every 4 days. On Day 28, all participants underwent the scans, neuropsychological battery testing, and the sentence-reading task. The timing arrangement for behavioral tests, sentence reading tasks, rsfMRI, and verbal articulation training is represented in Figure 2.


[image: image]

FIGURE 2. Timing diagram of the scans and stimulus delivery.




Verbal Articulation Training

There is evidence showing that the articulation rate and articulation stability are affected in aging (Tremblay et al., 2019). Particularly, aging is associated with an increase in the duration and duration variability of speech utterances in a number of tasks, such as syllable and non-word reading (Tremblay and Deschamps, 2016; Tremblay et al., 2017, 2018), and non-word repetition (Sadagopan and Smith, 2013). This study employs verbal articulation training as the intervention for two reasons. First, the training is expected to improve the articulation in elders, which they have already experienced difficulties in and might feel frustrated within daily life. Second, the practice of articulation skills is anticipated to influence the performance of other linguistic tasks, as previous studies proposed that failure in phonological retrieval led to other linguistic difficulties, such as word retrieval difficulties and delayed response (Burke and Shafto, 2004; Shafto et al., 2007; Shafto and Tyler, 2014), and suggested that elders might benefit from the training of phonological skills (Neumann et al., 2009).

The psychometric properties of the verbal articulation training included comprehension, language, memory, or articulation functions. The stimuli of the verbal articulation training contained four sets of sentences. The first set was difficult-to-articulate sentences with real words. The second set was an easy-to-articulate sentence with real words. The third set was a difficult-to-articulate sentence with pseudowords. The final set was an easy-to-articulate sentence with pseudowords. The definition of difficult or easy to articulate was determined by the consonants which were late or early acquired by Japanese children. To exclude any confounding factors, the syntactic structure, morae number, word familiarity, and word imageability were matched across the four conditions. All sentences were presented in the order of Subject-Adjective-Object-Verb. Words, such as wa, no, and wo appearing in sentences, were case markers for syntactic features. A typical example for the first set of training stimuli was シホは　私費の 施設を 保守する “Shiho protects a private facility.” An example for the second set was マキは 棚の 刀を 磨く “Maki polishes a sword on the shelf.” In the third and final sets with pseudowords, the sentences also followed an order of Subject-Adjective-Object-Verb with easy or difficult-to-articulate consonants. Table 2 illustrates the weekly training schedule with training and break days.


TABLE 2. The training schedule.
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Image Acquisition

Images were acquired in a 3 Tesla MR scanner (TIM Trio, Siemens, Erlangen, Germany) with a 12-channel head coil in National Center for Geriatrics and Gerontology. A gradient-echo echo planar imaging (EPI) sequence was used for functional images to measure blood-oxygen level-dependent (BOLD) contrast with the following parameters: repetition time (TR) = 3,000 ms, echo time (TE) = 30 ms, flip angle = 90°, field of view (FOV) = 192 mm, voxel size = 3 × 3 mm, slice thickness = 3 mm, and 39 axial slices with 0.75 mm gaps. A T2-weighted image (TR = 5,920 ms, TE = 95 ms, flip angle = 150°, FOV = 192 mm, voxel size = 0.8 × 0.8 mm, slice thickness = 3 mm, and 39 axial slices with 0.75-mm gaps). For anatomical references, a high-resolution T1-weighted 3D MPRAGE scan covering the whole brain (TR = 2,500 ms, TE = 2.63 ms, flip angle = 7°, FOV = 256 mm, and isotropic voxels 1 × 1 × 1 mm) was obtained for all participants.



Resting-State Functional Magnetic Resonance Imaging Processing

We used the CONN functional connectivity toolbox (version 16.a),1 in conjunction with SPM12 (Wellcome Department of Cognitive Neurology, London, United Kingdom),2 to perform all preprocessing steps (using default preprocessing pipeline of CONN) and subsequent statistical analyses. In this preprocessing pipeline, raw functional images were slice-time corrected, realigned (motion-corrected), unwrapped, and coregistered to the MPRAGE image of each subject in accordance with standard algorithms.

Denoising pipeline of CONN employed linear regression to estimate and remove potential confounding factors for each voxel for each subject and functional run/session and then used temporal band-pass filtering to remove temporal frequencies below 0.008 Hz or above 0.09 Hz to focus on slow frequency fluctuations. Potential confounding factors included noise components from cerebral white matter and cerebrospinal areas (Behzadi et al., 2007), estimated subject-motion parameters (Friston et al., 1996), identified outlier scans or scrubbing (Power et al., 2014), constant and first-order linear session effects, and constant task effects (Whitfield-Gabrieli and Nieto-Castanon, 2012). To minimize the BOLD variability caused by head motion, 12 potential noise components were defined from the estimated subject-motion parameters, with 3 translation parameters, 3 rotation parameters, and their associated first-order derivatives.

Images were then normalized to Montreal Neurological Institute coordinate space, spatially smoothed (8-mm full-width at half maximum), and resliced to 2 × 2 × 2 mm voxels. The regions of interest (ROIs) in this study were derived from a freely available ROI atlas defined by correlated activation patterns.3 All ROIs provided by the atlas were used for analysis.



Functional Connectivity Measures and Statistical Analysis

For the calculation of FC, we used the ROI-to-ROI measure, which characterizes the connectivity between all pairs of ROIs among a predefined set of regions. The level of connectivity is represented by an ROI-to-ROI (PRC) matrix, in which each element is defined as the Fisher-transformed bivariate correlation coefficient between a pair of ROI BOLD time series:

[image: image]

where r is a matrix of correlation coefficients, R is the BOLD time series within each ROI, and Z is the RRC matrix of Fisher-transformed correlation coefficients.

The reading time difference of the sentence-reading task of each subject was also added as 2nd level covariates. This yielded the brain maps demonstrating the correlation between the reading time and the post-functional > pre-functional connectivity. All group-level results were corrected for multiple comparisons (false discovery rate, FDR) (p < 0.05) within the CONN toolbox.

In studying the effect of training on the performance of the sentence-reading task, we conducted a three-way ANOVA test on reading speed of the verbal training group. The effects and interactions of three factors were examined, namely, training, sensicality of sentences, and difficulty of sentences. Table 3 shows the analysis of speed (duration) in reading sentences and the effects of training. In comparing the change of neuropsychological battery after 28 days in the training and control groups, we simply subtracted the 2nd measurement from the 1st measurement of these tests in two groups, respectively, and performed an F test on the subtraction difference between the two measurements.


TABLE 3. ANOVA of speed in reading sentences.
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RESULTS


Behavioral Measures

The treatment effect was investigated with the sentence-reading task, neuropsychological battery, and questionnaire data by the F-test. As shown in Table 3, the ANOVA of reading non-sensical and meaning sentences revealed significant main effects of training (p < 0.001), sensicality (p < 0.001), and difficulty (p = 0.022) and interactions of training × sensicality (p < 0.001) and training × sensicality × difficulty (p = 0.009). The differences of the neuropsychological battery in the baseline and follow-up between the control and training groups did not reach significance between groups (cf. Supplementary Table 1).



Post-functional Pre-functional Connectivity Change

The regions showing significant connectivity (p < 0.05, uncorrected) are represented in Figure 3 and Table 4. The color in the node circles represents the connectivity intensity, and the size of the node suggests the degree of hubness of the node, with the bigger size being the hub with a larger number of connections to other nodes. The edges are the lines connecting nodes, which represent the connectivity among ROIs. As shown in Figure 3, all the ROIs demonstrated a similar level of intensity. The ROIs with increased connectivity were mostly right-lateralized within the fronto-temporal network, e.g., the middle frontal gyrus, the inferior frontal gyrus opercularis, the hippocampus, parahippocampal gyrus, and the temporo-occipital part of the inferior temporal gyrus. These ROIs belong to the language and memory networks. The language network ROIs included the right inferior frontal gyrus opercularis and inferior temporal gyrus. The memory network ROIs consisted of the right hippocampus, right parahippocampal gyrus, and temporoparietal cortex. The temporal ROIs also exhibited connectivity with the left precentral gyrus, visual cortices, and the left inferior cingulate gyrus.
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FIGURE 3. Post-training > pretraining connectivity.



TABLE 4. Post-training > pretraining connectivity statistics.
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Correlation Between Functional Connectivity and Reading Speed of the Sentence Reading Task

Figures 4A–D show correlations between connectivity intensity and change in reading speed of the sentences without FDR correction. In this analysis, the behavior-function correlation was calculated by using the change of reading speed as a covariate in the computation of the regional intensity of each ROI and connectivity between ROIs. The nodes in color were the ROIs whose intensities correlated with the behavioral change, and the edges were the ROI-to-ROI connectivity showing correlations with the behavioral change. The frontal pole-planum temporal connectivity significantly correlated with the post-training > pre-training reading speed difference of the difficult non-sensical and easy non-sensical sentences (p < 0.05, FDR-corrected). There was an additional frontal pole-anterior superior temporal gyrus connectivity significantly correlated with the difficult non-sensical sentences (p < 0.05, FDR-corrected). There were no significant correlations after FDR correction between FC and the reading speed difference of easy and difficult meaningful sentences.


[image: image]

FIGURE 4. (A) Correlations between connectivity difference and reading speed of difficult non-sensical sentences. (B) Correlations between connectivity difference and reading speed of easy non-sensical sentences. (C) Correlations between connectivity difference and reading speed of difficult meaningful sentences. (D) Correlations between connectivity difference and reading speed of easy meaningful sentences.





DISCUSSION

Although the reading speed of the sentence reading task has been shown to be affected by training, the scores of neuropsychological battery before and after training in the cognitive training group did not reach statistical significance. Neither did the pre- and post-change between the control and training groups reveal significant differences (Supplementary Table 1). A potential reason could be the lack of intensity in a simple task in this study. According to reviews and meta-analysis of interventions that have proven to be more effective in improving general functioning, the intervention programs have the following characteristics: (1) a minimum of 10 weeks of treatment with two sessions per week, (2) session length of 60–90 min, (3) interventions for healthy aging in a group format, (4) study follow-ups included, (5) several cognitive skills worked on at the same time, (6) inclusion of other components related to quality of life, (7) employment of personal, internal, or external strategies, and (8) inclusion of measurements of daily functioning (Sanjuan et al., 2020). The articulation task is a relatively simple task that does not include other components related to the quality of life, such as decreasing depression level and improvement of sleep quality, as suggested in the review research. An articulation task is not a challenging task that requires the assistance of internal or external strategies. Additionally, the training program in this research was in individual format and lacked group dynamics that could boost motivations and confidence to apply the skills to daily life functioning. Consequently, the linguistic improvement resulting from articulation training could not be translated to other behavior measured by the neuropsychological battery.

In contrast, the fMRI connectivity analysis revealed prominently increased connectivity in the ROIs within the language and memory networks in the frontal and temporal lobes after training. The temporal ROIs also exhibited connectivity with the left precentral gyrus, visual cortices, and the left inferior cingulate gyrus. The pathological change in the medial temporal lobe (MTL) has been found to be strongly associated with neurodegeneration in elders (Braak and Braak, 1996; Kordower et al., 2001; Scheff et al., 2006). Research has also reported an association of higher life-span cognitive activity with a reduced rate of hippocampal atrophy in elders at risk for dementia (Valenzuela et al., 2008). Studies that employed active training for healthy elders and effectively slowed down the progression to MCI have shown that training was most efficacious in improving memory (Verghese et al., 2003, 2006; Norrie et al., 2011; Rosen et al., 2011; Prince et al., 2013; Diamond et al., 2015). The enhanced hippocampal connectivity in this study is in accordance with previous research that revealed increased hippocampal activations in elders with MCI after cognitive training (Rosen et al., 2011).

The increased connections of the hippocampus to the cerebellum also suggested enhanced communications to achieve cognitive functions, as previous research has demonstrated a functional link between the cerebellum and hippocampus in humans to facilitate the cognitive aspects of navigation (Igloi et al., 2015). In a previous study, the task-based analyses using 787 subjects from the human connectome project showed that the cerebellar cortex was engaged in language, working memory, movement, social, and emotional task processing (Guell et al., 2018a). In this research, the cerebellum lobule showed increased connectivity with the temporal lobe, which is consistent with the observation that the non-motor processing lobule in the cerebellum supports a cognitive function that is left-lateralized, i.e., language (Guell et al., 2018b; Schmahmann et al., 2019).

Notably, in this study, there was right-lateralized increased connectivity within the frontotemporal network (Figure 3). This suggested that the effectiveness of the training was manifested in enhanced communications among the frontotemporal language regions (i.e., the inferior frontal gyrus opercularis and inferior temporal gyrus) and temporal memory regions (i.e., the hippocampus and parahippocampal gyrus) in the right hemisphere. Prior fMRI studies on healthy aging have generally reported spread instead of localized functional activations in elders relative to young controls (Salami et al., 2012; Spreng and Schacter, 2012). Inter-network connectivity or activations seem to suggest detrimental effects caused by age-related inefficiency, which is consistent with neural dedifferentiation in the aging brain (Park and Reuter-Lorenz, 2009; Antonenko and Floel, 2014; Geerligs et al., 2014). The increased intra-network connectivity following cognitive training in this research could serve as evidence for improved neural differentiation. This also provides a solid foundation for the rationale of turning neural change toward the right direction by cognitive training.

The correlation between FC in the frontal pole and improved performance of the sentence reading task suggested the important role of frontal involvement in driving the task success as a result of articulation training. Recent research has shown that the structural properties of the frontal pole cortex contain information that can differentiate participants with high goal-directed persistence from those with low persistence, regardless of task domains, such as cognitive, language, and motor learning (Hosoda et al., 2020). They also found that participants with high persistence exhibited experience-dependent neuroplastic changes in the frontal pole after completing language and motor learning tasks. The increased connectivity between the frontal pole and planum temporale, which is a region typically involved in auditory processing (Nakada et al., 2001) and lexical processing (Bookheimer, 2002), could also represent the post-training neural plasticity in the fontal pole to complete the task involving auditory and lexical processes. Additionally, the anterior superior temporal gyrus has been reported to be related to sentence processing (Mellem et al., 2016). The connectivity between the anterior superior temporal gyrus and the frontal pole might suggest the training-induced persistence in reading difficult non-sensical sentences.

Regarding maintenance of training effects, previous research has reported that sustained benefits of cognitive interventions were verified in healthy elders for periods of 2 months (Chiu et al., 2017) to 5 years (Kelly et al., 2014) after treatment. The sustainability of the effects also relied on subsequent practices of the training stimuli, similar to any kind of skills. The study follow-ups are crucial for not only maintenance of the effects but also translation of the skills to general functioning (Sanjuan et al., 2020). This study did not follow up with the participants after the study was completed. Our future study will take into consideration long-term follow-ups and measurements of sustained treatment effects.



CONCLUSION

This study utilizes a simple verbal articulation task for cognitive training in Japanese healthy adults. In comparison to age- and education-matched controls, elders who received the articulation training demonstrated significantly increased connectivity in the right frontotemporal regions, with extended connectivity from temporal regions to cerebellum and visual cortices. The increased hippocampal connectivity was consistent with previous research showing efficacy in intervening cognitive decline and change in hippocampal functioning. Moreover, the increased intra-network connectivity following cognitive training suggested an improved neural differentiation, in contrast to the dedifferentiation pattern in the aging brain. Although the training was simply relative to programs used in other cognitive training studies, the fMRI connectivity analysis showed patterns suggesting a promising functional change in the frontal and temporal regions that are associated with goal-oriented persistence, as well as language and memory functions.
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In recent years, foreign language learning (FLL) has been proposed as a possible cognitive intervention for older adults. However, the brain network and cognitive functions underlying FLL has remained largely unconfirmed in older adults. In particular, older and younger adults have markedly different cognitive profile—while older adults tend to exhibit decline in most cognitive domains, their semantic memory usually remains intact. As such, older adults may engage the semantic functions to a larger extent than the other cognitive functions traditionally considered the most important (e.g., working memory capacity and phonological awareness). Using anatomical measurements and a cognitive test battery, the present study examined this hypothesis in twenty cognitively normal older adults (58–69 years old), who participated in a two-month Italian learning programme. Results showed that the immediate learning success and long-term retention of Italian vocabularies were most consistently predicted by the anatomical measures of the left pars orbitalis and left caudal middle frontal cortex, which are implicated in semantic and episodic memory functions. Convergent evidence was also found based on the pattern of cognitive associations. Our results are consistent with a prominent role of semantic and episodic memory functions in vocabulary learning in older learners.
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1. INTRODUCTION


1.1. Foreign Language Learning in Older Adults

In foreign language learning (FLL) research, older adults have been an understudied population (Mackey and Sachs, 2012), which may be caused by the increased difficulty in picking up a new language after the “critical period” (Lenneberg, 1967; Hartshorne et al., 2018, see also Wang, 2018). However, there has been a recent change in attitude, due in part to a series of pioneering studies on the effect of lifelong bilingualism on brain structures and cognitive functions (Bialystok et al., 2007; Luk et al., 2011; Costa and Sebastián-Gallés, 2014; Olsen et al., 2015) and on the neuroplasticity induced by intensive FLL in younger adults (Wong and Perrachione, 2007; Mårtensson et al., 2012; Stein et al., 2012; Zatorre, 2013; Qi et al., 2019).

Relative to older monolinguals, older bilinguals were reported to have greater protection against dementia, better inhibition function, and improved executive control (Bialystok et al., 2007; van den Noort et al., 2019). The bilingual advantage has also been reported for other cognitive domains, e.g., episodic and verbal memory (Schroeder and Marian, 2012; Grant et al., 2014, but see Paap et al., 2015). Neurally, the correlates of bilingual experiences have been studied using many anatomical segmentation tools (Li et al., 2014; Hämäläinen et al., 2018; Maschio et al., 2019). Using a technique known as surface-based morphometry (SBM; Fischl and Dale, 2000; Winkler et al., 2010; Luders et al., 2012), early acquisition of two languages is found to be associated with larger surface area in the left pars opercularis of the inferior frontal gyrus (IFG) and right superior temporal gyrus (STG), while late acquisition is associated with increased mean curvature in the left STG (Hämäläinen et al., 2018). Bilingualism-induced neural differences have also been demonstrated using related anatomical measures such as sub-cortical volumes (DeLuca et al., 2019b) or gray matter density (Abutalebi et al., 2015), obtained by volume-based morphometry and voxel-based morphometry. For example, an expansion of the thalamus was observed for individuals with greater immersion in the second language (Pliatsikas et al., 2017; Deluca et al., 2019a).

As for learning-induced neuroplasticity in younger adults, five months of intensive FLL was sufficient to bring about increases in gray matter volume in the left IFG and left anterior temporal lobe (Stein et al., 2012). Intensive vocabulary learning in young interpreters was found to promote increases in cortical thickness across various regions in the left-lateralized language network, including left middle frontal gyrus, IFG, and STG, along with increased volume in the bilateral hippocampus (Mårtensson et al., 2012). Consistent with the classroom-based learning above, a recent experimental work based on either the picture–word association or virtual reality as the FLL paradigm revealed both structural and functional changes in younger adults, including increased cortical thickness over both the core language areas in the left hemisphere and many regions in the right hemisphere (Legault et al., 2019a). In another study, increased brain volume was found in the right hippocampus (Bellander et al., 2016).

Taken together, the findings on the bilingual advantage and learning-induced neuroplasticity have raised the possibility to use FLL as a non-pharmacological means for promoting successful aging in older adults (Antoniou et al., 2013; Antoniou and Wright, 2017; Ware et al., 2017; Klimova, 2018; Pfenninger and Polz, 2018; Klimova and Pikhart, 2020). Consistent with this conjecture, a few studies reported cognitive improvements in older learners after intensive FLL (Bak et al., 2016; Bubbico et al., 2019; Wong et al., 2019). For example, improvement in global cognition was found following six months of individual computer-based cognitively stimulating activities, including FLL and cognitive games (Wong et al., 2019). In another study, older learners also showed significant improvement in global cognition, along with increased resting-state functional connectivities (RSFCs) between posterior cingulate cortex and three right-hemispheric regions, including right IFG, right superior frontal gyrus, and left superior parietal lobule (Bubbico et al., 2019). This interesting finding suggests that the right-hemisphere homologs of the left-hemisphere language areas may provide “scaffolding” in the early phase of second language learning, before a right-to-left shift occurs (Yang et al., 2015; Qi and Legault, 2020). Despite the positive findings above, results have been mixed, with a few studies reporting no improvement for all cognitive skills examined (Ware et al., 2017; Berggren et al., 2020), some degree of enhancement that was however not significantly different from that of a control group (Valis et al., 2019), or neither learning-induced anatomical nor behavioral changes (Nilsson et al., 2021).



1.2. Neurocognitive Bases of Foreign Language Learning

To account for the neuroplastic changes or cognitive gains that could be driven by FLL in older adults, an understanding about the neurocognitive bases of FLL is essential, because the learning-induced changes in a brain region likely arise due to its increased recruitment over the learning programme (Wong et al., 2007). Toward this end, some prominent neuroanatomical models of language (e.g., Ullman, 2001a, 2004; Hickok and Poeppel, 2007) have provided the guiding theoretical framework. In the declarative–procedural model (DP model; Ullman, 2001a, 2004), the declarative memory (comprising semantic and episodic memory), as subserved by a cortical–hippocampal system (Mcclelland et al., 1995; Eichenbaum, 2000), is posited to be involved for learning words. In contrast, the procedural memory, as subserved by the insula and basal ganglia (especially the striatum), is recruited in phonological and rule-based grammar learning. Functional activation and connectivities studies have been central to the quest for the neurocognitive bases of FLL (e.g., Mestres-Missé et al., 2008; Abutalebi and Green, 2016; Bakker-Marshall et al., 2021, for a recent review, see Qi and Legault, 2020). However, one source of information that could not be understated is individual differences—the focus of the present article. Traditionally, they are sometimes considered as “noise” that may obscure the effect of interest. Nonetheless, they have proved reliable for linking brain functions and cognitive behavior (e.g., Kanai and Rees, 2011; Chiarello et al., 2013).

In FLL research, individual differences in brain functions are posited to put strong constraints on the learning success (Zatorre, 2013; Li and Grant, 2016). Previous behavioral and neural findings have suggested that phonological skills, such as phonological short-term memory (PSTM) and phonological awareness, are the determining factors of language learning success (Papagno et al., 1991; Baddeley et al., 1998; Koda, 1998; Linck et al., 2014; Gillon, 2017). Corroborating evidence has been found in both classroom-based and laboratory-based studies with younger learners, for phonemic learning (Golestani and Zatorre, 2009; Silbert et al., 2015; Fuhrmeister and Myers, 2021), lexical tone learning (Wong and Perrachione, 2007; Chandrasekaran et al., 2010), and artificial grammar learning (Yang and Li, 2012; Kepinska et al., 2017). In agreement with the view that PSTM plays a crucial role in FLL, functional connectivity or activation studies have reported an association between FLL success and regions important for phonological processing, e.g., left precentral gyrus (Veroude et al., 2010), left supramarginal gyrus (SMG; Veroude et al., 2010; Sliwinska et al., 2012), and left posterior STG (e.g., Wong et al., 2007). Also, consistent with the hypothesis that phonological awareness plays a critical role in language learning success, individual variation in learning outcomes can be predicted by individual variation in baseline sensitivity to non-lexical pitch patterns (Wong et al., 2007).

Of special interest to the present study are the anatomical associations with learning performance. For example, the success in linguistic pitch learning or direction discrimination were predicted by the volume of left Mescal's gyrus (Wong et al., 2008) and by the cortical thickness of the right hemispheric homolog of the Broca's area (Novén et al., 2019). In the study by Legault et al. (2019a), reviewed in the last section, the FLL performance was associated with the cortical thickness of right IFG in the picture–word group, and with the cortical thickness of right inferior parietal lobe in the VR group. The emphasis of phonological skills has extended to sub-cortical regions. Recent empirical works (Legault et al., 2019a) and theoretical papers (Abutalebi and Green, 2007; Li et al., 2014) have highlighted the roles of the striatum—comprising caudate nucleus and putamen—in phonological learning. For example, the caudate nucleus is involved in phonemic fluency (rather than semantic fluency; Grogan et al., 2009) and procedural memory (Ullman, 2004), while the putamen has been implicated in articulatory planning and detecting phonological errors (e.g., Abutalebi and Green, 2007).

While the emphasis on phonological skills in previous studies is understandable, in light of the DP model, it is surprising that the roles played by semantic and verbal episodic memory have seldom been tested in neural research on FLL. Since the DP model was initially proposed, functional imaging and neurological studies have established that semantic functions are supported by a widespread network that includes the ventrolateral prefrontal cortex, anterior temporal lobe, middle temporal gyrus, etc. (Patterson et al., 2007; Binder et al., 2009; Ralph et al., 2017), along with sub-cortical regions like the thalamus. In addition to being a main relay station of sensory information, the thalamus may also play an important role in language production by selecting lexical and semantic representations (Abutalebi and Green, 2016), by virtue of its connection with the left IFG (Ford et al., 2013). The episodic memory is subserved by the hippocampus and its surrounding medial temporal lobe structures (including the entorhinal cortex and the parahippocampal gyrus), along with the prefrontal cortex (e.g., Breitenstein et al., 2005). The hippocampus is well-known for its role in transforming short-term memory to long-term memory, while the entorhinal cortex and the parahippocampal gyrus are implicated during the processing of object/event information and spatial-temporal context, respectively (Eichenbaum et al., 2012). Another study also reported that the entorhinal cortex reflects elementary memory processes related to novelty detection, while the parahippocampus is more involved in the formation and subsequent reactivation of the memory (Daselaar et al., 2004). A few recent studies have reported evidence that supports a role of hippocampus in younger adults in FLL (Kepinska et al., 2017, 2018). For example, the connectivity of the hippocampus and Broca's area was implicated during the acquisition of a novel grammar (Kepinska et al., 2018).

There are reasons that the brain networks and cognitive mechanisms could be different in older learners, which could result in different learning outcomes (Service and Craik, 1993; Glass et al., 2012; Ingvalson et al., 2017). To start with, older adults had poorer speech discrimination for phonemes and pitch (Shen et al., 2016), which may promote the use of alternative strategies in vocabulary learning. Due to lower working memory capacity (Service and Craik, 1993; Mackey and Sachs, 2012), they may also rely less on rote memorization. In addition, the inhibition function is generally in decline (Hasher et al., 1991, but see Veríssimo et al., 2021), making it difficult for them to retrieve the L2 word because it is more difficult for them to suppress the L1 word. In contrast, older adults often have better crystallized knowledge (e.g., world and vocabulary knowledge) than younger adults (Salthouse, 2012; Hartshorne and Germine, 2015). It is plausible that declarative memory may play a crucial role in older learners (Ullman, 2001b). For example, they may take advantage of their better semantic knowledge to remember the vocabularies as a chunk (e.g., by forming a story to connect the words being learnt), or to proactively derive semantic associations for use as retrieval cues in episodic memory recall. However, individual differences studies on FLL in older adults have remained scarce, and even fewer have examined the neural correlates of FLL in older adults. To our knowledge, one such study has focused on vocabulary learning, and it suggested that the hippocampal volume and the associative memory ability prior to language learning are robust predictors of vocabulary proficiency at the end of training (Nilsson et al., 2021). Another study showed that the artificial grammar learning performance was influenced by structural and functional connectivity of the Broca's area and its right hemisphere homolog (Antonenko et al., 2012).



1.3. The Present Study

The present study investigates the neurocognitive factors that influence the immediate learning success and long-term retention of the vocabularies during an intensive FLL programme, based on a group of Cantonese-speaking Hong Kong older learners aged 58–69, all of whom were familiar with English as a second language. Italian was chosen as the target language due to its highly regular grapheme–phoneme correspondence, its use of the Latin alphabet, the unfamiliarity with the language by the general population in Hong Kong, and the popularity of Italy as a tourist destination. By design, while both vocabulary and basic grammar rules were taught throughout the learning programme, a stronger emphasis was put on the vocabulary since it plays a fundamental role in both spoken and written language comprehension across all stages of learning (Yum et al., 2014). Also, older learners may be less motivated in learning a new language in its entirety, and they may only wish to learn the essential vocabularies for simple communications and travels (Antoniou et al., 2013; Pfenninger and Polz, 2018). Our main hypothesis is that, for foreign vocabulary learning in older adults, both semantic and episodic memory are more strongly associated with the learning success than phonological skills. To examine this hypothesis, two groups of analyses were conducted, using MRI and cognitive data to predict the immediate learning success and long-term retention.

The first group of analyses (MRI analysis) comprised a cortical analysis and a complementary sub-cortical analysis. For the cortical analysis, using SBM, four cortical morphological measures (cortical thickness, cortical surface area, cortical volume, and mean curvature) were extracted over a broad range of regions of interest (ROIs); these measures were then used as predictors to test the associations of each ROI with the in-class performances and the final test scores. The ROIs were selected because they have consistently been found to support semantic memory (Patterson et al., 2007; Lau et al., 2008; Binder et al., 2009; Ralph et al., 2017), have exhibited learning-induced neuroplasticity (Lee et al., 2007; Stein et al., 2012; Li et al., 2014), have previously been associated with second language learning performance in general (Ullman, 2016; Tagarelli et al., 2019), or are part of the language control network (Abutalebi and Green, 2007). Although language processing is strongly left-lateralized in the brain, the right hemisphere is also heavily engaged for learning a second language (Hosoda et al., 2013; Bubbico et al., 2019; Qi et al., 2019; Chen et al., 2021). Thus, the homologous areas in both hemispheres were included as ROIs. Our hypothesis would be supported if the cortical measures of the brain regions centrally involved in semantic functions (pars orbitalis and temporal pole) or episodic memory (caudal middle frontal cortex and entorhinal cortex) are more associated with learning performance than those that underlie phonological functions (precentral gyrus and SMG).

For the sub-cortical analysis, sub-cortical volume measures were used to predict in-class and final test scores. Due to our relatively small sample size and the already extended set of cortical regions examined, exploration was limited to four ROIs: hippocampus, thalamus, caudate nucleus, and putamen. This analysis complemented the cortical analysis in providing further evidence consistent with the main hypothesis. For example, if the hippocampal volume was associated with learning performance, it would strengthen the view that the episodic memory is associated with FLL in older adults.

In the second group of analyses (cognitive analysis), a broad range of cognitive and phonological measures, derived from a cognitive and phonological test battery, were used as the predictors of language learning performance. Behavioral support for our main hypothesis would be obtained if the semantic function score (semantic fluency and picture naming) and verbal episodic memory score (Hong Kong List Learning test) are more important predictors of the learning outcomes than phonological function scores (phonological discrimination and awareness).




2. MATERIALS AND METHODS


2.1. Participants

A group of 25 older learners aged 58–69 were initially enrolled into the Italian learning programme. They were native Cantonese speakers, had no known neurological disorders and normal/correct-to-normal vision. All of them had limited exposure to Italian, had visited Italy for no more than a month, and had at least 6 years of prior experience in learning English. The cohort was recruited via the Institute of Active Aging, Hong Kong Polytechnic University. Hong Kong version of Montreal Cognitive Assessment (Wong et al., 2009) was used to confirm that they were cognitively normal (mean = 27.9, SD = 1.7). The attendance for the intensive Italian learning programme was high, with 21 of 25 participants completing all the 21 possible visits. There were four drop-outs midway through the programme, including three who completed 5 visits and one who completed 10 visits. One female participant was left-handed (handedness = −60) according to the Edinburgh inventory (Oldfield, 1971); only the remaining 20 participants were included in the present analysis. Their mean age, education, and HK-MoCA were 63.7 (SD = 2.9, range = 58.6–69.3), 15.2 (SD = 3.1, range = 11–21), and 27.8 (SD = 1.7, range = 25–30), respectively. All procedures were approved by the Ethical Review Committee, Hong Kong Polytechnic University. Written signed informed consent was obtained from all participants. They were reimbursed HKD 800 for their participation.



2.2. Study Description

The participants individually attended an intensive Italian vocabulary learning programme (Figure 1). The whole programme comprised an introductory lesson (visit 1), ten computerized vocabulary lessons (visits 3–4, 6–7, 9–10, 12–13, and 15–16), four revisions sessions (visit 8, 11, 14, 17), an Italian final test (visit 18), and a range of tests arranged at various points of the programme. These included an MRI session (visit 2), initial-learning phase cognitive tests (visit 5), initial-learning phase phonological tests (at the beginning of visits 3, 4, and 6), post-learning phase phonological tests (visits 18–19), post-learning phase cognitive tests (visit 20), and a debriefing session (visit 21; see Supplementary Section S1). The MRI, phonological, and cognitive testing were not conducted right at the beginning, for two reasons. (1) In reality, many language learners have some degree of knowledge of the target foreign language before proceeding to take a formal course. The introductory session serves to provide a more uniform experience prior to the MRI visit. Also, the introductory session gave them a taste of learning a new foreign language and offered a buffer period for them to commit to participating in the structural MRI session and the subsequent intensive Italian learning programme, which would likely reduce the dropout rate. (2) Upon enrolling to the study, most participants were anxious and most motivated to start learning Italian. As such, arranging too many tests that are unrelated to Italian learning right at the beginning would likely be seen as non-ideal arrangement from the learner's view, which might increase the dropout rate. Hence, the phonological and cognitive testing were not arranged immediately after the MRI session, but they were spread over sessions 3–5 as a compromise, especially because it was not our primary goals to investigate learning-induced cognitive gains. Overall, the whole programme can be divided into three phases—initial learning (visits 1–5), intensive-learning (visits 6–17), and post-learning (visits 18–21). The division of visits 1–17 into two phases was an arbitrary one, but the main difference was that a variety of tests were throughout the initial learning stage, while a revision session was arranged every two lessons only during the intensive-learning phases. Also, there was more separation between visits in the initial-learning phase (4.5 days on average, SD = 1.1 days) than in intensive-learning (3.2 days, SD = 0.7 days), due to scheduling difficulties. The completion time of the first twenty visits of the programme was 68.9 days on average (SD = 11.6 days). The details for each component are laid out below in the following sections: Italian vocabulary learning programme, MRI protocol, and behavioral test battery.
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FIGURE 1. Italian learning programme. The whole programme was divided into three phases—initial-learning (visits 1–5), intensive-learning (visits 6–17), and post-learning (visits 18–21). In the initial- and intensive-learning phases, six word lists were taught per vocabulary lesson, each comprising a verb and six nouns. After two vocabulary lessons, there was a revision session. Such a cycle of three sessions was repeated four times during the learning programme (hence × 4 in the figure). Asterisks (*) were used to indicate the visits during which phonological tests were administered (see main text).




2.3. Italian Vocabulary Learning Programme
 
2.3.1. Introductory Lesson

Each participant attended a 1.5-h introductory Italian lesson, in which they watched a custom-made video under the direction of an experimenter. There were three main parts in the video: Italian alphabet, Italian sounds, and Italian short phrases. Sixteen syllable identification questions were given as homework.



2.3.2. Computerized Vocabulary Lessons

Each computerized vocabulary learning lesson was about 120 min long. The goal of each lesson was to learn six word lists, each comprising a transitive verb (e.g., mangiare, “to eat”) and six matching nouns (e.g., la mela, “an apple.”) Thus, over the course of ten vocabulary lessons, there were 60 word lists in total, comprising 60 verbs and 360 nouns (see Supplementary Table 1, for the complete list of Italian words used, along with their Cantonese and English translation). In constructing these word lists, control measures were taken so that any systematic changes in the learning performance over time would not be due to confounding factors like the inherent difficulties of the Italian word lists or their Cantonese counterparts. In particular, because Italian words with a larger number of syllables or letters would likely be more difficult to remember, 5 groups of 12 word lists were constructed, with each group being the study materials for two consecutive classes. Across all pairs of groups, the verbs and nouns were matched separately in number of syllables (verbs: ps >0.14, nouns: ps >0.10) and letters (verbs: ps >0.32; nouns: ps >0.14). The Cantonese translation of the word list were also matched in the number of Chinese characters (verbs: ps >0.10; nouns: ps >0.07) and strokes (verbs: ps >0.28; nouns: ps >0.12). The stimulus matching was not conducted by lesson, because, due to the non-arbitrary pairing of the verbs and nouns, it was exceedingly difficult to create 10 groups that are matched in all four variables. Dividing by week also provided a better match in terms of the structure of the whole programme, in that, during the intensive-learning phase, the vast majority of older adults had two lessons per week, and a revision session was arranged every two lessons. By using week rather than lesson as a measurement unit, each in-class score is the average over two lessons, which should have lower measurement noise compared to that derived using only one lesson. For more details about the stimulus matching and construction, see Supplementary Section S1 and Supplementary Table S1. The teaching materials were delivered based on a custom-made E-Prime 3.0 script.

For each word list, the participant first learnt the verb through a picture depicting the verb and by listening to its pronunciation three times. Next, the participant learnt the six nouns through clicking on the corresponding pictures to listen to their pronunciations. Each picture could be clicked three times, before it would vanish on-screen. The order and pace of learning were self-determined. The participant was then given a chance to read aloud the seven words, upon hearing the pronunciation of each word. Next, they completed a fill-in-the-blank exercise on paper, in which they should spell all the seven words learnt. They were asked to check their own answer directly afterwards. The participant then listened to the pronunciation of the six verb-noun phrases (e.g., mangiare la mela, meaning “to eat an apple”) for three times each, before continuing with the next word list. The learning of each list usually took 15–20 min. After learning all six word lists, a short quiz was given at the end of each lesson. They were given as much time as they wish before the short quiz. The fill-in-the-blank and the quiz were included to promote memory consolidation and to assess immediate learning success, respectively.

There were two parts in the quiz: Italian-to-Cantonese and Cantonese-to-Italian translation (abbr. Ita-to-Can and Can-to-Ita thereafter). In either part, all 36 phrases learnt were tested, with each verb and noun would be tested six times or once, respectively. In Ita-to-Can, the participants read a verb-noun phrase (e.g., mangiare la mela) on screen and listened to its pronunciation, and they were asked to orally translate the phrase into Cantonese. The maximum score for this part was 36 × 2 = 72. In Can-to-Ita, the participants were given a paper-and-pen test, and they should write down the Italian translation of Cantonese verb-noun phrases. The order of the phrases was pseudorandomized, with no more than two consecutive phrases sharing the same verb. No feedback about the correct answer was given. For simplicity, participants were asked to write down the taught form of article (definite or indefinite) for the nouns in Can-to-Ita. However, the article was not scored because there was more than one possible grammatically correct choices, and their distinction was only learnt gradually; thus the maximum score remained as 72. As such, the grammatical use of the article was only scored in the final test.

In addition, six pages of handouts (one word list per page) showing the concepts learnt in pictorial form were given at the end of each lesson, on which the participants should copy the Italian words, either immediately or at home. Though the lexical consolidation process would be influenced by the number of times that participants revised the Italian vocabularies, the notes were essential for the effectiveness of the lessons. Also, although these lessons put more emphasis on vocabulary building, basic grammatical components and rules (including gender, singular and plural forms, article, present tense, adjective, numerals, and possessive adjective) were also taught, through four handouts and corresponding homework exercises, distributed at the end of lesson 1, 6, 8, and 10. Participants attended four revision sessions in total, each time following the completion of two vocabulary sessions. Results for the revision sessions, which involved electroencephalogram recordings, will be reported in a separate paper (under preparation).



2.3.3. Italian Final Test

An 1.5-h Italian test comprising four different parts—dictation, Ita-to-Can, Can-to-Ita, and grammar—was administered about one week after the final vocabulary lesson. In the first three parts, the words were uniformly sampled across the ten vocabulary learning lessons. The first three parts were delivered using E-Prime 3.0, while the grammar test was an open-note, paper-and-pen test. For dictation, 60 nouns (including the article, e.g., il gesso, “the chalk”) were presented aurally at a rate of 15 s / item. Participants were asked to dictate each word on an answer sheet. The nouns would be repeated at a rate of 5 s / item, during which they could check and change their answers. Each correct spelling of the article and noun was worth half a point. The procedures for Ita-to-Can and Can-to-Ita translation were the same as those for the vocabulary lessons, except that there were only 30 verb-noun phrases here. While there were 30 questions in each test, the maximum score of Ita-to-Can was 30 × 2 = 60 because participants were asked to translate one Italian verb-noun phrase into one Cantonese verb and one Cantonese noun; the Cantonese verb and noun accounted for a point each. The maximum score of Can-to-Ita was 30 × 3 = 90 because participants were asked to translate one Cantonese verb-noun phrase into a verb, an article, plus a noun. For the grammar test, the questions were multiple-choice questions with either two or four choices; correspondingly, each question was worth two or four marks. The distribution of points approximately matched the relative emphasis in the grammatical notes. For the details of the final test, see Supplementary Section S1 and Supplementary Table S2.



2.3.4. Measures of Immediate Learning Success and Language Retention

The participants' performance in each lesson was summarized by means of two scores: Ita-to-Can translation (maximum: 42) and Can-to-Ita translation (maximum: 42). For the final test, the maximum for dictation, Ita-to-Can, Can-to-Ita, and grammar were 60, 60, 90, and 180, respectively. Partial credit was not given; the Italian spellings or Cantonese words should be produced entirely.




2.4. MRI Protocol
 
2.4.1. Structural MRI

The MRI session was arranged after the introductory lesson. All patients were scanned with a Signa Premier 3T scanner (GE Healthcare, USA), located at the MRI Unit, Department of Radiology, University of Hong Kong. A head coil with forty-eight channels was used. High-resolution T1-weighted structural scans were acquired using a T1-weighted sequence known as 3D Gradient-Echo BRAin VOlume (BRAVO; TR 7.3 ms, TE 3 ms, TI 900 ms, flip angle 8°, 1 × 1 × 1 mm3 voxels, TA = 5 min 42 s, FOV = 256 × 256 × 376 mm3). T2 and resting-state fMRI data were also acquired, but they were not analyzed for the present paper. The total acquisition time was about 35 min.



2.4.2. Extraction of Anatomical Measures

The T1 data were analyzed using FreeSurfer 7.2.0 recon-all segmentation pipeline (Fischl, 2012). The automatic pipeline started with various pre-processing steps, including motion correction, skull-stripping, removal of non-brain tissues, and intensity normalization. The pipeline then proceeded with both surface-based morphometry (SBM) and volume-based morphometry.

Regarding the SBM part, a mesh model was constructed for the cortical surface, comprising an inner white matter surface that separated gray matter (GM) and white matter (WM) and an outer pial surface that separated GM and cerebrospinal fluid (Fischl and Dale, 2000). The surface models were then inflated, and co-registered to the fsaverage template. Desikan-Killiany cortical parcellation (aparc.annot) was adopted for cortical segmentation (Desikan et al., 2006). For each cortical ROI (Figure 2), four measures were extracted based on the surface models by summing/averaging across the vertices of the mesh: cortical thickness (the mean distance between the white and pial surface), cortical surface area (the sum of areas, measured at the white surface), cortical volume (the total volume of the gray matter that lies between the white and pial surface), and mean curvature (the average degree of cortical gyrification) (Winkler et al., 2010; Luders et al., 2012). Our rationale for using all four cortical measures was three-fold. (1) They have all been implicated in either language learning or cognition in general. (2) As a group, they would multivariately explain a larger percent of variance in the learning performance than they would individually, given that they likely encapsulate complementary information (e.g., Winkler et al., 2010; Yang et al., 2016). For example, there is only a weak correlation between cortical thickness and cortical surface area (Winkler et al., 2010). (3) These measures also have different developmental trajectories across the lifespan (Hogstrom et al., 2013), differential associations with cognitive functions (Gautam et al., 2015; Chung et al., 2017; Green et al., 2018; Tadayon et al., 2020) or even genetic factors (Grasby et al., 2020). For example, not only were individual differences in cortical thickness and cortical surface area ascribed to largely different genetic factors, but these factors also exert their influences in different developmental stages (Grasby et al., 2020).
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FIGURE 2. Cortical and sub-cortical regions of interest (ROIs).


The volume-based morphometry involves a non-linear volumetric registration to the FreeSurfer atlas, with the structural labeling being performed using a Gaussian Classifier Atlas (GCA; Fischl et al., 2002). For each sub-cortical ROI (Figure 2), the sub-cortical volume was extracted as the single measure.




2.5. Behavioral Test Battery
 
2.5.1. Cognitive Test Battery

A neuropsychological test battery comprising six standard cognitive tests was conducted, with the language of instruction being the native language of the participants (Cantonese). These tests included the Stroop Color and Word Test (Golden and Freshwater, 1978; Fong et al., 2020), digit span forward, Hong Kong List Learning Test (HKLLT; Chan and Kwok, 1998), picture naming (Bates et al., 2003; Fong et al., 2020), semantic fluency (Fong et al., 2021), and Raven's Standard Progressive Matrices (Raven and Court, 1998), and they were administered after three Italian learning lessons and one week post-learning. These tests assess processing speed, inhibition, short-term memory, verbal episodic memory, semantic knowledge, and matrix reasoning, respectively (Table 1). This battery was administered at the fifth visit (initial-learning phase) and the twentieth visit (post-learning phase) to assess the learning-induced cognitive gains, except for the possible use of two different versions of tests to minimize training effects. Details of this battery can be found in Supplementary Section S2 and Supplementary Tables S3–S5.


Table 1. Measures of behavioral test performance.
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2.5.2. Phonological Test Battery

Two phonological tests (discrimination and Spoonerism) each were run for all three languages—Cantonese (L1), English (L2), and Italian (L3). For the discrimination task, participants heard four auditory stimuli in succession in each trial (c.f. Koda, 1998). Three of the stimuli shared the same segmental or suprasegmental feature (in the case of Cantonese tone), with the fourth not sharing the feature in question. The number of blocks and trials for each language examined was different, due to the different number of distinctive segmental and suprasegmental feature in each language. The Cantonese discrimination task was divided into three blocks, in which the feature in question was initial consonant (25 trials), vowel (10 trials), and tone (6 trials), respectively. The English discrimination task was divided into two blocks, in which the feature in question was initial consonant (26 trials) and vowel (12 trials). The Italian discrimination task was divided into two blocks, in which the feature in question was also initial consonant (25 trials) and vowel (10 trials). For Spoonerism, participants listened to a pair of words in succession. Their task was to swap the initial consonant of the two words. There were 15 trials in all three versions. The test would be terminated if the participants failed to score any point in three consecutive trials. The Cantonese and English tests were arranged on visits 3 and 4 (one per visit, order counterbalanced), and together in visit 19 (order counterbalanced). The Italian tests were arranged on visits 5 and 18. More details of this battery can be found in Supplementary Section S3 and Supplementary Tables S6–S9.




2.6. Linear Mixed-Effects Modeling

Linear mixed-effects (LME) models were constructed to test our main hypothesis that semantic and episodic memory functions play a major role in language learning in older learners. First, baseline demographic models (baseline models thereafter) were constructed for each of the three scores (in-class Ita-to-Can, in-class Can-to-Ita, and final test). In each baseline model, in addition to either Week (for the in-class Ita-to-Can or Can-to-Ita) or TestPart (for the final test), three demographic variables (age, years of education, and gender) were included as fixed-effects predictors, while participants were included as a random-effects variable.

Next, two groups of analyses were conducted, each involving comparisons between the full model(s) of interest against the corresponding baseline models. The first analysis comprised both a cortical and a complementary sub-cortical analysis. In the cortical analysis, the surface-based morphological measures were used as predictors to test the neural associations with the in-class performances and the final test scores. The regions of interest (ROIs), illustrated in Figure 2, comprised the Broca's area (pars opercularis and pars triangularis), the regions supporting semantic memory (pars orbitalis, temporal pole, and middle temporal gyrus) and episodic memory (caudal and rostral middle frontal cortex, entorhinal cortex, and parahippocampal gyrus), as well as regions important for phonological processing (SMG, precentral gyrus, banks of superior temporal sulcus), procedural memory (insula), language switching (caudal and rostral anterior cingulate), and orthographical processing (fusiform gyrus). For each ROI, a full model was constructed that include all the predictors in the baseline model, four anatomical measures of the ROI, and the interactions between each anatomical measure with either Week or TestPart. Likelihood ratio tests were used to evaluate whether the full model of each ROI represented an improvement over the baseline model. Multiple comparisons were corrected using the false discovery rate (FDR) procedure. If a significant interaction was found, post hoc trend analysis was conducted to reveal how the degree of association of each anatomical measure with the language learning performance was modulated by Week or TestPart. In the sub-cortical analysis, the sub-cortical volumes were used to predict the in-class and final test scores. The eight regions of interest (ROIs) included the hippocampus, thalamus, caudate nucleus, and putamen on both hemispheres. For each ROI, a full model was constructed using the sub-cortical volume of the ROI and its interaction with either Week or TestPart. The subsequent likelihood ratio tests were FDR-corrected.

In the second group of analyses—cognitive analysis—the cognitive predictors, derived from the neuropsychological data, were included as the additional predictors for modeling the three scores (Bonferroni correction was applied). For each model, backward elimination was conducted to yield the final model.



2.7. Cognitive and Phonological Skill Comparisons Between Initial- and Post-learning

For completeness, we tested the changes in cognitive functions and phonological skills incurred between the initial- and post-learning, despite the lack of a control group to assess whether the changes were due to repetition effects or induced by language learning. For each cognitive/phonological measure, a pairwise Wilcoxon signed rank test (two-tailed) was conducted with FDR-correction.




3. RESULTS


3.1. Italian Learning Performances

Table 2 shows the summary statistics for the mean performance for the two in-class quizzes (Ita-to-Can and Can-to-Ita) and the final test, which were used as indices for immediate learning success and language retention, respectively. Figure 3 illustrates the overall in-class learning performance across the five weeks; the verb and noun components were separately plotted to reflect the structure of the in-class quizzes, although only the overall learning performance was selected for statistical analysis. To test whether the improvement was significant across the five weeks, a linear mixed-effects model was fitted for each in-class quiz, using the demographic variables for predicting the performance (Table 3). In both cases, the main effect of Week was significant, ps < 0.001. For Ita-to-Can, post hoc pairwise comparisons with Tukey's correction showed that the performance for week 1 was significantly worse than all other weeks, while that for week 5 was significantly better than all other weeks, with no differences among Week 2–4 being significant. For Can-to-Ita, the post hoc pairwise comparisons indicated that the improvements over two weeks or more were all significant, although the improvement between successive weeks was only significant going from Week 1 to 2. These results suggested that the participants were generally able to learn an increasing number of Italian words across the five weeks.


Table 2. Summary statistics of the scores for the in-class quizzes (Ita-to-Can and Can-to-Ita) and the final test.
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FIGURE 3. Learning curves across the five weeks. (A) The accuracy of Ita-to-Can translation across weeks. (B) The accuracy of Can-to-Ita translation across weeks. Solid lines: overall in-class learning performance as a function of week; dotted lines: the scores for the verb and noun components, separately plotted to reflect the structure of the in-class quizzes. The error bars represent standard error means.



Table 3. Demographic models for the in-class quizzes (Ita-to-Can and Can-to-Ita) and the final test.
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For the final test, the participants were able to dictate 59.5% of the Italian words, backward translate 80.2% of Italian words into Cantonese verbally, forward translate 56.4% of Cantonese words into Italian in written form, and achieve a score of 92.9% for grammar. It is worth noting that the first three parts were closed-note tests while participants were allowed to refer to the notes in the grammar part, which likely accounts for the higher grammar score. In the baseline model, the main effect of TestPart was significant, p < 0.001. Post hoc pairwise comparisons showed that the test score significantly differed across the four parts, except between dictation and Can-to-Ita.



3.2. MRI Results
 
3.2.1. Surface-Based Cortical Measures and Brain Volume Measures

The four cortical anatomical measures (thickness, surface area, volume, and mean curvature) and the sub-cortical volumes were extracted for all cortical and sub-cortical ROIs (see Supplementary Section S4 and Supplementary Tables S10, S11). In general, the cortical measures of the same ROI were strongly correlated, suggesting a high degree of redundancy in the measures. Despite the expected shared variance among the predictors, the associations with the learning performances could be best captured multivariately by the whole set of parameters. Therefore, all four predictors were included in testing the associations of the ROI with Italian learning performances. Special considerations were taken in interpreting the coefficients of the predictors (see section 3.2.2).



3.2.2. Cortical Predictors of Learning Performance

LME modeling was conducted on the in-class and final test scores. Table 4 summarizes the cortical ROIs at which the anatomical parameters were sensitive to the learning performance (for the results at all the ROIs tested, see Supplementary Tables S12, S14, and S16). For transparency, the marginally significant associations (FDR-corrected p < 0.10) and all other associations with uncorrected p < 0.05 were also tabulated. Due to the strong correlations among the four predictors, sequential regression was applied to transform the original predictors into four adjusted predictors (more precisely, the most important predictor, determined by the chi-square test, was kept unchanged; in other words, only three predictors were transformed). In this way, the same amount of variance was explained by these adjusted predictors and the original predictors, with the advantage of improved interpretability of the predictors. Type III sums of squares procedure was conducted to estimate each fixed-effect term, including the main effects and the four interaction terms (Supplementary Tables S13, S15, and S17). Posthoc trend analysis was conducted on the significant interactions using the Satterthwaite method for estimating degrees of freedom. For in-Class Ita-to-Can score, after FDR correction for multiple comparisons, the baseline model was only marginally improved by the anatomical measures of four ROIs: (1) left pars orbitalis, p = 0.052; (2) left caudal middle frontal cortex, p = 0.075; (3) right insula, p = 0.075; and (4) left entorhinal, p = 0.082 (see Supplementary Section S5, for the follow-up analyses on each ROI).


Table 4. Cortical ROIs showing significant associations with the Italian learning performance.
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The prediction of in-class Can-to-Ita performance was significantly improved by the cortical anatomical measures of seven ROIs. For (1) left pars orbitalis, the performance was significantly associated with adjusted curvature, t = 3.03, p = 0.007, and adjusted area, t = −2.35, p = 0.029. Week × adjusted area was significant, with the negative association being significant only for Week 3–5, and that the association was significantly larger in magnitude in Week 5 than both Weeks 1 and 2 (Figure 4A). Week × adjusted volume was also significant. Although the association was non-significant in all weeks, there were subtle pairwise differences in the strength of association across different weeks. For (2) right pars orbitalis, Week × adjusted volume was significant, but the post hoc trend analysis revealed no significant association. Like left pars orbitalis, the interaction was due to subtle pairwise differences in the strength of association across different weeks. For conciseness, only significant associations were reported thereafter. For (3) right insula, the performance was significantly predicted by adjusted volume, t = 4.10, p < 0.001, adjusted area, t = −3.95, p < 0.001, and adjusted curvature, t = −2.58, p = 0.018. Week × adjusted volume was significant, with the association being significant in all five weeks; the interaction was due to the significantly larger association strength in the final two weeks (Weeks 4 and 5) than Week 2. For (4) right caudal anterior cingulate cortex, both Week × adjusted area and Week × adjusted curvature were significant, but none of the association was significant in any of the weeks. For (5) left entorhinal cortex, the performance was significantly associated with adjusted thickness, t = 3.62, p = 0.001, and adjusted curvature, t = −5.16, p < 0.001. There was a significant Week × adjusted curvature, which was due to the much more negative association in Week 5 than in both Week 1 and 2. For (6) left caudal middle frontal cortex, there was significant association between Can-to-Ita performance with adjusted curvature t = 2.75, p = 0.013, and with adjusted thickness t = 2.48, p = 0.022. Week × adjusted thickness was significant, which was attributed to the fact that the association was significant only for Week 3–5. For (7) right middle temporal gyrus, Week significantly interacted with adjusted area and adjusted volume. However, the association between performance and neither measure was significant in any of the weeks. For an understanding about the subtle changes in association across weeks, readers may refer to Figure 4B. Apart from the seven ROIs above, the baseline model was marginally improved at five additional ROIs (left pars triangularis, left temporal pole, right pars triangularis, right entorhinal cortex, and right banks of STS).
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FIGURE 4. Associations of the in-class Can-to-Ita score with the cortical measures. (A) Significant associations at left pars orbitalis, left caudal middle frontal cortex, left entorhinal cortex, and right insula. (B) Subtle modulations in the degree of association between final test scores with the cortical measures, found at left pars orbitalis, right middle temporal gyrus, right caudal anterior cingulate, and right pars orbitalis.


For final test, significant associations of the test score with the cortical measures were found for nine ROIs. For (1) right entorhinal cortex, there was significant positive association between final test score and adjusted curvature, t = 3.06, p = 0.006, adjusted thickness, t = 2.56, p = 0.019, and adjusted area, t = 2.12, p = 0.047. TestPart × adjusted volume was significant, as the adjusted volume was negatively associated with only the two translation scores (Ita-to-Can, and Can-to-Ita). TestPart also interacted with adjusted curvature, which was positively associated with the first three parts (Dictation, Ita-to-Can, and Can-to-Ita), and adjusted thickness, which had the same association pattern except that its association with Dictation was only marginally significant. For (2) left pars orbitalis, the test score was significantly predicted by adjusted volume, t = 3.15, p = 0.005. The interaction between TestPart and adjusted volume was also significant, meaning that the association between the test score and adjusted area was modulated across different parts. For (3) left banks of STS, the test score was significantly and negatively associated with adjusted thickness, t = −2.63, p = 0.016. There were significant interactions of TestPart with adjusted thickness (which was significantly and negatively associated with translation scores) and adjusted area (which was marginally and negatively associated with both translation scores). For (4) right fusiform gyrus, the test score was significantly predicted by adjusted thickness, t = −4.59, p < 0.001. TestPart × adjusted thickness was significant: adjusted thickness was negatively associated with the scores in the first three parts. For (5) left SMG, the test score was positively associated with adjusted volume, t = 2.21, p = 0.039, and negatively associated with adjusted area, t = −2.33, p = 0.030. TestPart × adjusted area was also significant, with the negative association being significant for both translation scores. For (6) left precentral gyrus, TestPart interacted with both adjusted thickness and adjusted curvature, with the thickness being significantly associated with the two translation scores, while adjusted curvature was only significantly associated with Can-to-Ita. For (7) left pars triangularis, the test score was significantly predicted by adjusted volume, t = 2.52, p = 0.021. TestPart × adjusted volume and TestPart × adjusted curvature were significant, with both adjusted volume and curvature being positively contributing to the two translation scores. For (8) left caudal middle frontal cortex, the test score was significantly predicted by adjusted curvature, t = 3.16, p = 0.005. TestPart also interacted with adjusted curvature and adjusted area, with the adjusted curvature being positively associated with the test scores for the first three parts, and the adjusted area negatively associated with the two translation scores. For (9) left rostral middle frontal cortex, the test score was significantly and positively associated with adjusted volume, t = 2.19, p = 0.041, and with adjusted curvature, t = 2.11, p = 0.047. TestPart × adjusted curvature was significant, with the curvature being positively associated with the two translation scores. Marginal improvement over the baseline model was observed at one additional ROI (right SMG). For each ROI above, the representative interaction term was illustrated in Figure 5.
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FIGURE 5. Associations of the final test score with the cortical measures. A more left-dominant network was implicated, with seven left hemisphere regions showing significant associations with the final test score when compared to only two right hemisphere regions.




3.2.3. Sub-cortical Volumetric Predictors of Learning Performance

The contributions of sub-cortical regions were also examined using sub-cortical volumes, normalized by the intracranial volume (ICV). None of the normalized sub-cortical volumes could significantly improve the two baseline models for the in-class vocabulary learning performances: Ita-to-Can, all uncorrected p's >0.13, Can-to-Ita, all uncorrected p's >0.16. For the final test score, the baseline model was significantly improved by two predictors, namely, the sub-cortical volume of left and right thalamus (Table 5). For left thalamus, the interaction TestPart × normalized volume was significant, F(3, 60) = 4.29, p = 0.008, due to the positive association of normalized volume with the scores in two parts: Ita-to-Can, t = 2.24, p = 0.031, and Can-to-Ita, t = 2.35, p = 0.024. For right thalamus, the interaction TestPart × normalized volume was significant, F(3, 60) = 3.74, p = 0.016, due to the significant positive associations of normalized volume with Can-to-Ita, t = 2.73, p = 0.009 and Ita-to-Can, t = 2.43, p = 0.019. There was only a weak indication for an association with the sub-cortical volume of right hippocampus (uncorrected p = 0.09).


Table 5. Sub-cortical ROIs showing significant associations with the final test scores.
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3.3. Cognitive and Phonological Associations
 
3.3.1. Correlations Among the Cognitive and Phonological Predictors

Figure 6 shows the correlations among the cognitive and phonological predictors. In general, there were high correlations among the three phonological discrimination scores (average r = 0.58, range = 0.45 – 0.76) and among the three Spoonerism scores (average r = 0.52, range = 0.47 – 0.56), but relatively low correlations across these measures. This pattern of correlation supported our a priori choice of selecting only one measure each of phonological discrimination and of Spoonerism for representing phonological skills. Given the non-phonological nature of the Chinese writing system, the majority of the older learners were unfamiliar with the phonetic system used in Cantonese. Consequently, the English phonological discrimination and Spoonerism scores were selected as the phonological predictors.


[image: Figure 6]
FIGURE 6. Correlation matrix among demographic, cognitive, and phonological measures at the initial-learning phase.




3.3.2. Cognitive Models: Predictors of In-class and Final Test Performances

One of the three baseline models was significantly improved by the cognitive predictors: Can-to-Ita, AIC = 789.83, BIC = 933.11, logLik = −339.91, χ2 = 79.18, DF = 45, uncorrected p = 0.001, corrected p = 0.004. Backward elimination was applied to yield the final model (Table 6). The performance was positively associated with HKLLT (t(20) = 4.8, p < 0.001), Raven's SPM (t(20) = 4.33, p < 0.001), English Spoonerism (t(20) = 3.28, p = 0.004), semantic fluency (t(20) = 3.05, p = 0.006), and processing speed (t(20) = 2.49, p = 0.022), and as expected, negatively associated with picture naming latency (t(20) = −6.53, p < 0.001), but it was also negatively associated with digit span forward (t(20) = −6.34, p < 0.001) and inhibition (t(20) = −5.90, p < 0.001). The positive associations and the negative association with picture naming latency are illustrated in Figures 7A–E. In addition, Week × processing speed was also significant, F(4, 80) = 4.07, p = 0.005. This interaction effect was due to the general increase in the association of processing speed with the learning performance across time (Figure 7F), reaching statistical significance in Week 4 (t(20) = 2.26, p = 0.029) and Week 5 (t(20) = 4.09, p < 0.001).


Table 6. Cognitive models for the in-class Ita-to-Can and Can-to-Ita scores and for the final test, obtained after backward elimination of the full models.

[image: Table 6]


[image: Figure 7]
FIGURE 7. Modulation of in-class Can-to-Ita score by cognitive predictors, including (A) HKLLT, (B) Raven's SPM, (C) semantic fluency, (D) English Spoonerism, (E) picture naming, and (F) processing speed. Each point represents the score of one participant at a certain week, and the solid lines are the fitted data based on the LME models.


For in-class Ita-to-Can, the improvement over the baseline model did not survive the correction, AIC = 774.01, BIC = 917.30, logLik = −332.01, χ2 = 62.72, DF = 45, uncorrected p = 0.041, corrected p = 0.124. The same held for the baseline model of the final test, AIC = 696.15, BIC = 803.34, logLik = −303.08, χ2 = 51.72, DF = 36, p = 0.043. However, backward elimination was applied to explore the most important predictor(s). For the in-class Ita-to-Can, the exploratory analysis revealed a significant Lesson × HKLLT interaction; the trend analysis revealed marginally significant positive associations in week 1 (t(80) = 2.05, p = 0.052) and week 3 (t(80) = 1.86, p = 0.076). For the final test, it was positively associated with semantic fluency (t(20) = 2.18, p = 0.041).




3.4. Cognitive Comparison Between the Initial-Learning vs. Post-learning Phase

Pairwise Wilcoxon signed rank tests revealed marginally shorter picture naming latency, p = 0.057, with an effect size (King et al., 2011) of rc = −0.67, marginally better Raven score (p = 0.057, rc = 0.67) and HKLLT (p = 0.094, rc = 0.67). There were also marginally higher Italian discrimination score, p = 0.057, rc = 0.67, as well as higher scores in the two Cantonese tests: CanDiscrim, p = 0.094, rc = 0.57, and CanSpoon, p = 0.094, rc = 0.62 (Table 7). However, due to the lack of a control group, it is unclear whether the change arose due to repetition effect or it was truly induced by intensive vocabulary learning.


Table 7. Comparisons of cognitive and phonological scores between initial- and post-learning phases.
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4. DISCUSSION


4.1. Semantic, Episodic, and Phonological Associations With Vocabulary Learning

Taking an individual-differences approach, the present study used both anatomical and cognitive measurements to investigate the basis of FLL in older adults, focusing on whether semantic and episodic memory play an especially important role in vocabulary learning within this special group of language learners.

In support of the hypothesis that semantic functions are important for older language learners, the left pars orbitalis, which is central to semantic control (Sabb et al., 2007; Binder et al., 2009; Ralph et al., 2017) by virtue of its white matter pathway (uncinate fasciculus) to the semantic hub in the temporal pole (Harvey et al., 2013), was found to be associated with the performance in the in-class quiz and the final test. In particular, its adjusted curvature was positively associated with the in-class Can-to-Ita performance while its adjusted volume was significantly associated with the first three parts of the final test (dictation, Ita-to-Can, and Can-to-Ita). This suggests that high-performing learners tend to have higher adjusted curvature and volume in left pars orbitalis. To our knowledge, the importance of the left pars orbitalis has seldom been reported in previous works in which the learner group comprised mostly younger adults, even though a whole-brain analysis was conducted in these studies (e.g., Bellander et al., 2016). Instead, it is generally understood that the anatomical measures of the left IFG, as the seat of the Broca's area, are sensitive to language processes and bilingualism. For example, its gray matter volume was positively correlated with L2 performance (Mårtensson et al., 2012; Stein et al., 2012). Its cortical thickness was also larger for bilinguals that acquired their L2 in late childhood (8–13 years) than in early childhood (4–7 years) (Klein et al., 2014). Our finding is consistent with this general understanding, but further suggests that the pars orbitalis is especially associated with both immediate and long-term vocabulary retention. It is worth noting that the left temporal pole has barely failed to reach statistical significance in predicting in-class Can-to-Ita (FDR-corrected p = 0.053), which would have provided another piece of convergent evidence.

In support of the hypothesis that episodic memory is also important for older language learners, associations with the performance of both the in-class quiz and the final test were found at the left caudal middle frontal cortex. In particular, the mean curvature of the left caudal frontal cortex was consistently positively associated with the learning performance, including the in-class Can-to-Ita score regardless of week and the first three parts of the final test. By comparison, the adjusted thickness only significantly predicted the in-class Can-to-Ita over Weeks 1–3 while the adjusted cortical surface area was negatively associated with the two translation scores in the final test. In the literature, the left caudal middle frontal cortex is known to be associated with semantic strategies (Kirchhoff et al., 2014; Yu et al., 2018), referential encoding strategies (Yang et al., 2013), self-initiated elaborative encoding strategies (Husa et al., 2017), and working memory (Petrides et al., 1993). The present finding suggests that better-performing older learners might have employed a variety of encoding strategies in vocabulary learning. The present result corroborated with two previous works. Yang et al. (2015) reported that the middle frontal cortex was more active in successful learners in a tone discrimination task. The authors suggested that the higher level of activation was associated with the path between middle frontal gyrus and inferior parietal lobe, where lexical knowledge was automatically activated and sent to middle frontal gyrus. Another study found that the cortical thickness of MFG was increased after FLL (Legault et al., 2019b). Apart from the left caudal middle frontal cortex, converging evidence was also found in the left entorhinal cortex, which is implicated in the episodic processing of object/event information in relation to the context (Eichenbaum et al., 2012). Specifically, the in-class Can-to-Ita performance was positively associated with its cortical thickness.

In contrast, for regions that are especially important for phonological processing, they were associated with only long-term retention. Specifically, the left precentral gyrus is important for phonological working memory, serving as a locus for phonological rehearsal (Veroude et al., 2010; Novén et al., 2019), while the left SMG is known to play important role in phonological processing skills (Veroude et al., 2010; Sliwinska et al., 2012). In partial support to the hypothesis that phonological skills play a role in learning success, for left precentral gyrus, its adjusted thickness and curvature were significantly or marginally associated with the two translation tasks in the final test. The adjusted volume of left SMG was positively associated with the final test score in general, while the adjusted area was negatively associated with the scores in the two translation scores of the final test. The lack of associations of in-class scores with the precentral gyrus and left SMG associations, coupled with the presence of such associations with left pars orbitalis and left caudal middle frontal gyrus, is consistent with our hypothesis that the semantic and episodic memory functions play a more important role for FLL in older adults.

We speculate that semantic and episodic memory processes would be especially needed for intensive vocabulary learning; they are involved, for example, in strategically and proactively generating idiosyncratic semantics-based mnemonics (Thomas and Wang, 1996; Khoii and Sharififar, 2013) or referential encoding strategies for the new words (Turk et al., 2015). Suppose the learner is not confident that they can directly retrieve the meaning of la mela (“the apple,”) a possible cue for retrieval could be the semantic category “fruit,” which could in turn be encoded in terms of the learner's native language. Referential encoding strategies may also be relevant, as the learner could encode the contextual information, e.g., the noun “la mela” was learnt within the word list associated with the verb mangiare (“to eat”) or it was the first word in the first list. Having such cues facilitates the word recall during the in-class translation quizzes. Learners who used these cues may also tend to have better performance in long-term retention, even though the learners no longer need such strategies after many weeks of consolidation.

The cognitive associations reported are consistent with the putative reasons for the strong association of the FLL performance with the left pars orbitalis and left caudal middle frontal cortex discussed above. Across the three cognitive models, only semantic fluency and the delayed recall in the Hong Kong List Learning Test (HKLLT), as measures of semantic retrieval and verbal episodic memory functions, were significant predictors in more than one final models. Specifically, HKLLT significantly contributed to the two in-class scores but not the final test; this pattern suggested that verbal episodic memory is more associated with the immediate learning than long-term language retention performance. In contrast, semantic fluency significantly predicted both in-class Can-to-Ita and the final test. Thus, the evidence suggested that semantic fluency was associated with both immediate learning and long-term retention. One reason that semantic fluency was not significant for predicting in-class Ita-to-Can is that controlled semantic retrieval ability, as captured by the semantic fluency task, has a strong association with the use of semantic associations and strategies. During vocabulary learning, most learners tend to be able to make a direct association of the L2 (Italian) word with the L1 (Cantonese) word, as reflected by a relatively high performance of the Ita-to-Can task in the present study. In contrast, they were much less accurate in the Can-to-Ita task, indicating that they had difficulty in recalling the same association in the reverse direction, i.e., from the L1 (Cantonese) word to the L2 (Italian) word. Such asymmetry has been a point of emphasis in modeling the acquisition of foreign vocabulary, e.g., the parasitic model of vocabulary acquisition (Ecke, 2015). Due to the relative difficulty in Can-to-Ita, the task is subject to a greater use of mnemonic strategies for retrieval. The stronger association of semantic fluency with Can-to-Ita than with Ita-to-Can suggests that semantic retrieval strategies could have been utilized more in the Can-to-Ita task.

Besides HKLLT and semantic fluency, the remaining cognitive measures were kept in at most only one model, namely, in-class Ita-to-Can. In addition to processing speed, which is known to be a general deciding factor of the performance of older adults across domains (Salthouse, 1996), the in-class Ita-to-Can was associated with faster picture naming latency and better Raven's SPM. In contrast, in terms of phonological function measures, while EngSpoon contributed positively to in-class Can-to-Ita, the opposite was true for digit span forward (an index of phonological STM), suggesting that phonological function measures do not necessarily contribute positively. The inhibition function, measured using Stroop Color and Word Test, was also negatively to the learning performance.

Taken together, the anatomical and cognitive models of the learning performance were consistent with our main hypothesis that both semantic and episodic memory functions are prominently implicated in older adults. Phonological skills were also implicated, but their associations with learning performance were not as consistently observed.



4.2. Differential Hemispheric Associations in Immediate and Long-Term Retention

Beyond our main hypothesis, the present results could also be viewed from another perspective, in that there were interesting differences in the global pattern of anatomical associations between immediate learning and long-term retention (see Figures 4, 5). As discussed above, the left pars orbitalis and left caudal middle frontal cortex were the only two regions that consistently showed associations with the performance in both immediate learning (Can-to-Ita) and long-term retention. All other regions were only associated with the performance of either the in-class Can-to-Ita or the final test score.

For the in-class Can-to-Ita performance, there were five such regions: left entorhinal cortex, right insula, right pars orbitalis, right caudal anterior cingulate, right middle temporal gyrus. Among them, significant anatomical associations with Can-to-Ita performance were found at left entorhinal cortex (see section 4.1) and right insula. The insula is known to be involved in procedural memory and rule-based learning (Ullman, 2001a, 2004; Yang and Li, 2012). In the present study, the in-class Can-to-Ita score was positively associated with the adjusted volume of the right insula but negatively associated with its adjusted surface area and curvature. In contrast to the right insula, the remaining three right hemisphere regions only showed some subtle changes in the association strength with the in-class Can-to-Ita score, in the sense that while the association was non-significant in any of the five weeks, the magnitude of such association varied significantly across weeks. Taken together, the significant association of right insula and the significant modulation of association over the other three right hemisphere regions suggest that the right hemisphere is implicated in the initial-learning phase. Such right hemisphere associations above added to the literature that reported some associations of the right hemisphere with FLL performance (Hosoda et al., 2013) or bilingualism-induced neuroplasticity (Bubbico et al., 2019; Maschio et al., 2019; Legault et al., 2019b), although the precise roles should be tested using online functional MRI tasks.

For long-term language retention, beyond left pars orbitalis and left caudal middle frontal cortex, seven regions were additionally associated with the final test results: left precentral gyrus (see section 4.1), left SMG (see section 4.1), left pars triangularis, left rostral middle frontal cortex, left banks of superior temporal sulcus, right fusiform gyrus, and right entorhinal cortex. In other words, a more left-dominant network was implicated in long-term vocabulary retention, with seven left hemisphere regions showing significant associations with the final test score when compared to only two right hemisphere regions. Also, unlike the subtle right-hemispheric associations with in-class Can-to-Ita, all regions here showed significant associations with individual test scores. For the left hemisphere, the inclusion of left pars triangularis was not surprising, given that it is a part of the Broca's area. The left rostral middle frontal cortex has been implicated in language learning (Sheppard et al., 2012; Novén et al., 2019), while the left banks of superior temporal sulcus is known to reflect verbal intelligence and receptive language functions in children (Li et al., 2020). For the right hemisphere, the right fusiform gyrus is well-known for its role in object recognition (as opposed to word recognition for the left fusiform gyrus), while the right entorhinal cortex was especially important for long-term memory consolidation (Haist et al., 2001; Piefke et al., 2003).

Overall, while the best anatomical predictor of immediate success was found on semantics-associated (the left pars orbitalis) and episodic memory-related regions (left caudal middle frontal gyrus and the left entorhinal cortex), there were significant association with the right insula and some subtle changes in association with the right pars orbitalis, right rostral anterior cingulate, and right middle temporal gyrus over the course of learning. The increased left-lateralization in the association pattern of the final test scores was consistent with the view that the right-hemisphere homologs of the left-hemisphere language areas may provide “scaffolding” in the early phase of FLL, before a right-to-left shift occurs (Yang et al., 2015; Qi and Legault, 2020).



4.3. The Anatomical Associations of Sub-cortical Regions

In previous works, increased hippocampal volume was observed in Swedish individuals studying Italian (Bellander et al., 2016). The hippocampal volume was also a good predictor of the achieved vocabulary proficiency (Nilsson et al., 2021). Apart from the hippocampus, the striatum has been highlighted in previous works (Ullman, 2004; Abutalebi and Green, 2007; Li et al., 2014; Legault et al., 2019a). However, instead of the hippocampus and striatum, our results showed that the thalamus has stronger association with long-term vocabulary retention, with the cortical volumes of the bilateral thalami showing positive associations with the final test scores. The thalamus is implicated in language production by selecting lexical and semantic representations (Abutalebi and Green, 2016), and an expansion of thalamus is associated with greater second language immersion (Pliatsikas et al., 2017; Deluca et al., 2019a). The present finding added to the literature showing that the structural parameters of thalamus are sensitive to aspects of FLL, although the underlying reasons for the associations should be investigated further.

For hippocampus, we observed some degree of association of the right hippocampal volume with the Can-to-Ita test score, but the association did not survive the FDR correction. Indeed, while the role of hippocampus in associative memory, especially in various learning and recall paradigms, is well-established in patient populations in the neurological literature (Suzuki, 2008), direct associations of hippocampal volume with associative memory have not been consistently found in cognitively normal older adults (Becker et al., 2015; Zheng et al., 2017). Finally, for striatum, the sub-cortical volumes were significantly associated with none of the three learning measures. One possibility is that these structures are non-unitary in functions. A finer-grained atlas may be necessary to reveal the associations.



4.4. Conclusion and Limitations

Previous studies have suggested that structural associations could provide valuable information for inferring functional associations (Kanai and Rees, 2011; Chiarello et al., 2013). In the present study, significant associations with vocabulary learning performances were consistently found for the left pars orbitalis and left caudal middle frontal cortex. These results suggest that the individual variations in structural morphometry of the prefrontal lobe are strongly associated with language learning success in older adults, considering that the prefrontal lobe is known to be involved in many “higher” cognitive skills such as language, reasoning, and planning (Wood and Grafman, 2003). In particular, the structural brain and cognitive models were consistent with our main hypothesis that semantic and episodic memory functions likely play an important role in language learning in older adults, with the regions most implicated with these functions being prominently represented in the overall pattern of associations. It should be noted that the present study had not explicitly tested what cognitive processes were involved during learning, given that an online design was not employed. Indeed, an alternative account for the association pattern observed is that the surface-based morphological features and the cognitive predictors are good indices of language aptitude, as previous studies suggested (e.g., Novén et al., 2019). Which could be a parsimonious and alternative explanation why these measures could significantly predict the FLL performance. Nonetheless, language aptitude also has multiple components that are differentially associated with cognitive functions, which could provide a more domain-general account of the anatomical associations with learning performance.

Our research complemented previous works that put a stronger focus on the acquisition of other linguistic elements such as phonology (Wong and Perrachione, 2007) and grammar (Yang and Li, 2012). However, due to the absence of a young learner group in the present study, no conclusion could be drawn regarding the relative contributions of semantic functions in FLL across older and younger adults. On the other hand, the majority of the studies thus far were on younger learners, and the role of the left pars orbitalis and left caudal middle frontal gyrus have seldom been reported. In this respect, the present findings suggest that semantic functions could play a more important role in older adults, although this hypothesis should be re-examined with online experimental designs.

Also, a strength of the present study was that objective measures of learning performance were collected throughout the Italian vocabulary learning protocol. Such longitudinal data play a crucial role in the sensitivity of the present analysis in revealing the anatomical markers of learning performance, despite our relatively modest sample size. In addition, by incorporating different surface-based measures into our univariate LME models, we successfully revealed a relatively consistent pattern of significant brain–learning associations. Where an association was found, the adjusted cortical volume was consistently a positive predictor of learning performance, with only one exception found at the fusiform gyrus. Similarly, the adjusted curvature of the regions involved was a strong positive predictor of learning performance, with only two exceptions found for the left entorhinal cortex and the right insula. In contrast, the adjusted area was consistently a negative predictor of the learning performance, without any exception. Adjusted thickness showed the least consistent pattern, being a positive predictor at four ROIs but a negative predictor at two ROIs.

The present work was limited in several ways. First, the MRI scans were not acquired at the beginning of the Italian learning programme but after an introductory Italian lesson of 90 min, to acclimate the learners with a more uniform experience with the target language prior to the scanning. Previous studies have shown that measurable changes in diffusion MRI indices could be induced by short-term intervention of 45 min (Tavor et al., 2020) or 120 min (Sagi et al., 2012). Structural changes were found after 20 days of language learning (Legault et al., 2019b), with some even estimating that only 2 h of training could bring about structural changes in the brain (Park and Bischof, 2013). However, considering that such structural changes may not be long-lasting, and the neuroplasticity of older adults' brains are lower than younger adults' (e.g., Freitas et al., 2011), it is unlikely that a 1.5-h lesson could significantly influence the anatomical measures extracted, to a point that their associations with learning performance would change qualitatively. Secondly, we acknowledge that from the experimenter's perspective, it would have been best to arrange the cognitive and phonological tests prior to the introductory Italian lesson. However, at the beginning of the programme, most participants were anxious and most motivated to start learning Italian. As such, arranging the prolonged testing of about 3.5 h that are not directly related to learning Italian could be seen as a non-ideal arrangement from the learner's perspective, which could lower their engagement in the programme, leading to an increased dropout rate. Because it was not our primary goal to investigate the learning-induced cognitive gains, a compromise was made to spread the cognitive and phonological tests over visits 3 to 6. Considering that a cognitive gain or an improvement of phonological skills could have already incurred following the 90-min introductory lesson and the 2-h vocabulary lessons in the initial-learning phase, we acknowledge that our decision to delay these assessments could have led to an underestimation of the cognition gains or phonological skill improvements reported. Finally, no post-learning MRI scan was conducted, such that any learning-related neuroplasticity could not be tested. The lack of a younger group also precluded any formal hypothesis testing on the differential brain–learning associations between young and older learners. These issues will be addressed in our next round of data collection.
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This work provides an overview of the present state-of-the-art in the development of deep brain Deep Brain Stimulation (DBS) and how such devices alleviate motor and cognitive disorders for a successful aging. This work reviews chronic diseases that are addressable via DBS, reporting also the treatment efficacies. The underlying mechanism for DBS is also reported. A discussion on hardware developments focusing on DBS control paradigms is included specifically the open- and closed-loop “smart” control implementations. Furthermore, developments towards a “smart” DBS, while considering the design challenges, current state of the art, and constraints, are also presented. This work also showcased different methods, using ambient energy scavenging, that offer alternative solutions to prolong the battery life of the DBS device. These are geared towards a low maintenance, semi-autonomous, and less disruptive device to be used by the elderly patient suffering from motor and cognitive disorders.
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CLINICAL APPLICATIONS OF DEEP BRAIN STIMULATION FOR CHRONIC DISEASES
Deep brain stimulation (DBS) has developed during the past decades as a remarkable treatment option for several different disorders replacing ablative procedures (Lyons, 2011). There is a continuous expansion of the range of applications for deep brain stimulation (DBS) surgery since the initial observation of controlling or suppressing tremor with high frequency (130 Hz) thalamic ventralis intermedius (Vim) stimulation (Benabid, et al., 1996). With FDA approval, DBS has then been used for the therapy and management of certain chronic diseases such as Parkinson’s disease (PD) (Schupbach, et al., 2005; Koller, et al., 2000; Tani, et al., 2014), refractory or drug-resistant epilepsy (Salanova et al., 2015), dystonia (Hu & Stead, 2014), refractory essential tremors (ET) (Lyons & Pahwa, 2008), and dementia in Alzheimer’s disease (AD) and PD (Lv, et al., 2018).
Parkinson’s disease is an idiopathic, chronic, progressive and degenerative movement disorder that primarily affects the elderly caused by the progressive loss of striatal dopaminergic neurons in the substantia nigra (SNr) (DeMaagd and Philip, 2015). This upsets the balance between the direct and the indirect cortico-basal ganglia-thalamo-cortical (CBGTC) loop leading to its characteristic motor symptoms such as bradykinesia, resting tremors in several parts of the body, rigidity, and postural instability. Parkinson’s disease was uncommon before 50 years of age after which a notable increase in its prevalence with age was observed and peaked between 85 and 89 years (1·7% for men; 1·2% for women) and decreased after that age (GBD 2016 Parkinson’s Disease Collaborators, 2018). Up to 76–94% of PD patients appear levodopa-induced motor complications such as dyskinesia were considered for DBS therapy (Tran, et al., 2018).
Chronic epilepsy is a prevalent disorder that may be associated with significant abnormalities in cognition, brain structure, and psychiatric health that progress in some patients by middle age. It is associated with an increased prevalence of lifestyle factors associated with abnormal cognitive aging and dementia (Herman et al., 2008) and is characterized by spontaneous recurrent seizures and affects around 60 million patients worldwide, with 40% having drug-resistant epilepsy (DRE) (Engel, 2016). Prevalence of active epilepsy of idiopathic or secondary nature, for both genders, increased with age, with peaks at ages 5–9 years and at ages older than 80. The global age-standardized rate of disability adjusted life years (DALY) for idiopathic epilepsy was 182.6 for a population of 100,000 (GBD 2016 Epilepsy Collaborators, 2019). DALY is a summary measure of health loss defined by the sum of years of life lost (YLL). YLL peaked at age under 5 years and at ages of 15–19 years which then decreased progressively with age (GBD 2016 Epilepsy Collaborators, 2019). The years of living with disease (YLD) peaked at 5–9 years of age, decreased until 40–49 years, and increased progressively to the oldest age group (GBD 2016 Epilepsy Collaborators, 2019).
Dystonia is generally defined as a type of movement disorder with manifestations such as sustained or intermittent muscle contractions causing abnormal, often repetitive, movements, postures, or both. Dystonic movements are typically patterned and twisting, and may be tremulous. Dystonia is often initiated or worsened by voluntary action and associated with overflow muscle activation. This disorder was later classified by a consensus on movement disorders along two axes: clinical characteristics, including age at onset, body distribution, temporal pattern and associated features (additional movement disorders or neurological features); and etiology, which includes nervous system pathology and inheritance (Albanese, et al., 2013). Dystonia is poorly controlled solely by medication using anticholinergic drugs, dopamine modulators, pharmacologic agents, etc. Deep brain stimulation revolutionized its symptomatic treatment (Jankovic, 2013).
Tremor is generally defined as an involuntary, rhythmic, oscillatory movement of a body part. The original consensus criteria for classifying tremor disorders were published by the International Parkinson and Movement Disorder Society in 1998. A more updated criteria was later developed by Bhatia and others (Bhatia, et al., 2018) to account for subsequent advances in ET, tremor associated with dystonia, and other monosymptomatic and indeterminate tremors. The revised consensus statement classifies tremors along axes: clinical characteristics which includes historical features (age at onset, family history, and temporal evolution), tremor characteristics (body distribution, activation condition), associated signs (systemic, neurological), and laboratory tests (electrophysiology, imaging); and etiology (acquired, genetic, or idiopathic). Action tremors are classified as neurodegenerative (Aging-related tremors), and non-neurodegenerative (Essential tremors). Essential tremors constitute minor neurological findings such as mild cerebellar abnormalities which may either be hereditary (60–80%) and sporadic (20–40%) (Deuschl et al., 2015). Meanwhile, ARTs manifest as decline of aging parameters, including a change of cognition, activities of daily living, and reduction of strength and thereby a faster aging (Deuschl et al., 2015).
Dementia is the loss of cognitive functioning—thinking, remembering, and reasoning. One form of dementia is Alzheimer’s disease (AD) which is caused by changes in the brain, including abnormal buildups of proteins, known as amyloid plaques and tau tangle that aggravate with age. (https://www.nia.nih.gov/health/what-is-dementia). Table 1 summarizes these including the target section of the brain.
TABLE 1 | Chronic diseases and corresponding DBS target sites.
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Parkinson’s Disease
For the past several years, DBS has been established as a highly-effective therapy for advanced PD (Groiss et al., 2009), with options for treating PD symptoms continually expanding (Fox, et al., 2018). Based on an extensive evidence-based review conducted by the International Parkinson and movement disorder society, it was concluded that bilateral STN and GPi DBS are clinically useful for motor fluctuations and for dyskinesia when administered in tandem with the standard medications (Fox, et al., 2018).
On one retrospective analysis of the medical records of 400 consecutive patients who underwent DBS implantation, a 10-years survival rate of 51% for patients with PD has been reported using Kaplan-Meier estimation and multivariate regression utilizing Cox proportional hazards modeling (Hitti et al., 2019). The study results suggest that DBS provides durable symptomatic relief and allows many PD individuals to maintain activities of daily living (ADLs) over long-term follow-up exceeding 10 years. Meanwhile, a review paper and meta-analysis of eight eligible randomized control trials (RCTs) (n = 1,189) by Bratsos, et al. (2018), comparing the efficacy of DBS and best medical therapy (BMT) has shown that DBS provided more significant improvements based on the following outcome measures: Unified Parkinson’s disease Rating Scale (UPDRS), quality of life (QoL) using the Parkinson’s disease Questionnaire (PDQ-39), levodopa equivalent dose (LED) reduction, and rates of serious adverse events (SAE).
Epilepsy
Deep brain stimulation has shown significant seizure frequency reduction on patients with drug-resistant epilepsy (DRE) across different age groups based from several independent studies as summarized in one review (Zangiabadi et al., 2019). In one follow up study investigating the long term efficacy of the clinical trial that involved the Stimulation of the Anterior Nucleus of the Thalamus for Epilepsy (SANTE), a median percent seizure reduction from the baseline for year one and year five was reported to be 41 and 69%, respectively (Salanova et al., 2015). Wille et al. (2011) reported 30—100% seizure reduction on five adult patients with progressive myoclonic epilepsy (PME) upon application of chronic high-frequency deep-brain stimulation.
Dystonia
In one study comparing DBS with sham stimulation in a randomized, controlled clinical trial of 40 patients with primary segmental or generalized dystonia, it was shown that DBS has resulted in a higher movement score from baseline using the Burke–Fahn–Marsden Dystonia Rating Scale (Kupsch et al., 2006). The efficacy of continuous bilateral GPi-DBS was assessed on a prospective, controlled, multi-center study of 22 patients with primary generalized dystonia (Vidailhet et al., 2005). It was shown that after 3, 6, and 12 months of continuous bilateral GPi-DBS, dystonia motor symptoms were ameliorated by 47, 51, and 55%, respectively. Motor function has improved by 34, 42, and 44% at 3, 6, and 12 months, respectively based on the Burke-Fahn-Marsden Dystonia Rating Scale (BFMDRS). It was further shown that chronic bilateral pallidal stimulation is an efficient treatment option for patients with cervical dystonia who do not benefit from conservative treatment (e.g. local botulinum toxin injections) (Krauss, 2007); furthermore, there were significant improvements in dystonic posture and movements, reduced pain caused by dystonia and lesser related disabilities. Ostreem and Starr (2008) collated the different clinical trials on the application of DBS for dystonia treatment and has shown that, in general, significant improvement is manifested on patients with primary dystonia using BFMDRS.
Alzheimer’s Disease
A review paper by Luo, et al. (2021), summarized 30 recent studies on the application of DBS to AD, 16 of which included actual clinical trials. On two independent studies, the memory of AD patients improved with the rate of cognitive decline decreased accompanied by an increase in cerebral glucose metabolism (Laxton et al., 2010; Smith et al., 2012). Other studies have also shown that the nutritional status of AD patients remained stable, and the rate of hippocampal atrophy slowed down after 1 year of DBS (Noreik et al., 2015; Sankar et al., 2015).
Tremors
It was found that thalamic DBS is a safe and effective therapy in patients with essential tremor followed for up to 13 years based on the assessment done by Baizbal-Carvallo (2014). Here, 13 male patients (Age: 47 – 88 years) treated with DBS for essential tremor for at least 8 years were evaluated in the ‘on’ and ‘off’ state using the Fahn–Tolosa–Marin tremor rating scale, and their medical records were reviewed to assess complications related to this therapy. DBS provided a functional improvement of 31.7% in the ‘on’ state; furthermore, a total non-blinded improvement in the tremor rating scale of 39% was observed in the ‘on’ state. Meanwhile, on an observer blinded study of 20 patients with ET by Paschen et al., 2019, ventralis intermedius (ViM) DBS showed significant improvement over the non-stimulated condition based on the Tremor Rating Scale. However, it was further observed that Vim DBS loses efficacy over the long term (e.g. 10 years) for cases with medically refractory severe ET.
Side Effects of DBS
Most DBS side effects can be understood as a result of current spreading into brain regions adjacent to the target area. Some of its common side effects include spastic muscle contractions, uni- or bilateral gaze deviation, autonomic side effects, paresthesia, speech impairment, dyskinesia, gait impairment and postural instability, acute neuropsychiatric side effects, depression, Impulse Control Disorders (ICD), and cognitive side effects (Koeglsperger et al., 2019).
MECHANISMS OF DEEP BRAIN STIMULATION
Although DBS significantly reduces motor symptoms, limits drug-induced side effects, improves performance of activities of daily living, and enhances quality of life (Halpern et al., 2007), the corresponding physiological mechanisms are not fully explained (Montgomery and Gale, 2008). Several hypotheses offer an explanation on its mechanism namely: blockade depolarization, synaptic inhibition, desynchronization of abnormal oscillatory neuronal activity and antidromic activation (Li et al., 2014).
The blockade depolarization mechanism has been verified on an in vitro setup where high frequency stimulation can cause sustained depolarization of neural membranes by inactivating sodium channels and increasing potassium currents preventing the initiation or propagation of action potentials (Beurrier et al., 2001; Magariños-Ascone et al., 2002).
DBS is said to inhibit neuronal activity by reducing the firing rate of the neurons at the stimulated site similar to that of reversible lesion in ablative surgery (Herrington et al., 2016). This inhibitory activity was observed in normal awake monkeys where single-pulse stimulation of the GPi evoked brief inhibition in neighboring globus pallidus internus (GPi) neurons, mediated by the gamma-aminobutyric acid type A (GABA-A) receptors, while high-frequency stimulation of the GPi completely inhibited spontaneous firings of GPi neurons by activation of GABA-A and GABA-B receptors (Chiken and Nambu, 2013). This inhibitory activity was also observed intraoperatively on actual PD patients administered with STN-DBS (Filali et al., 2004; Welter et al., 2004), GPi-DBS (Dostrovsky et al., 2000; Lafreniere-Roula et al., 2010) and SNr-DBS (Lafreniere-Roula et al., 2010).
DBS is also said to be disrupting the abnormal flow of information in the cortico-basal ganglia-thalamocortical circuits (CBGTCs) during pathological conditions (Chiken and Nambu, 2016). Here, DBS activates axon terminals in the stimulated nucleus thereby inducing the release of inhibitory (GABA) and excitatory glutamate (Glu) neurotransmitters that dissociates the inputs and outputs in the stimulated nucleus. GABA is an amino acid released into the post-synaptic terminals of neurons that functions as the primary inhibitory neurotransmitter for the central nervous system (CNS). GABA causes hyperpolarization and inhibits neuronal activity. Glu, on the other hand, is an excitatory neurotransmitter. The neurotransmitter dopamine in the basal ganglia serves as the agent that modulates the functions of the striatum, the external and internal segment of the globus pallidus (GPe and GPi, respectively), the subthalamic nucleus (STN), and the substantia nigra pars compacta and reticulata (SNc and SNr, respectively) (Rommelfanger & Wichmann, 2010). The input and output nuclei of the basal ganglia are connected through two main pathways, i.e., the monosynaptic GABAergic “direct” pathway and polysynaptic “indirect” pathway. The latter involves GABAergic projections from the striatum to GPe and from GPe to the STN, as well as excitatory glutamatergic projections from the STN to GPe, GPi, and SNr. It was shown recently that nigrostriatal dopamine neurons inhibit striatal projection neurons by releasing a neurotransmitter that activates GABA-A receptors extending also to the mesolimbic afferents (Tritsch et al., 2014). Meanwhile, dopamine released from the striatum is also implicated in the modulation of learning and neuronal plasticity through processes such as long-term depression (LTD) or potentiation (LTP), acting at glutamatergic synapses (Pawlak and Kerr, 2008; Flajolet, et al., 2008). The balance between inhibitory neuronal transmission via GABA and excitatory neuronal transmission via glutamate is essential for proper cell membrane stability and neurologic function (https://www.ncbi.nlm.nih.gov/books/NBK526124/).
The basal ganglia consist of massive parallel and largely closed cortical-subcortical circuits, in which information is sent from different cortical areas to spatially separate domains of the basal ganglia where they are processed, and then returned to the frontal cortical area of origin via the thalamus (Wichmann and Delong, 2011). Based from the known functionalities of the cortical region, different CBGTCs may be classified as “motor,” “oculomotor,” “prefrontal,” (or “associative”) and “limbic” circuits. Each CBGTC is understood to consist of so-called “segregated” sub-circuits where the effect of DBS may be identified. Wichmann and Delong, 2011 showed an intuitive diagram of the motor circuit with its corresponding segregated sub-circuits as well as the DBS targets (Figure 1). Movement disorders, such as PD, dystonia and Tourette’s Syndrome (TS), are caused by dysfunctions in the motor circuit.
[image: Figure 1]FIGURE 1 | Motor circuit of the CBGTC showing the segregated sub-circuits. The targets of current DBS treatments are labeled with asterisks (*). Abbreviations: SMA, supplementary motor area; PMC, premotor cortex; CMA, cingulate motor area; M1, primary motor cortex; Gpe, globus pallidus externa; SNr, substantia nigra pars reticulata; Gpi, globus pallidus internus VLo, ventrolateral nucleus of thalamus, pars oralis; VLm, ventrolateral nucleus of thalamus, pars medialis; VApc, ventral anterior nucleus of thalamus, pars parvocellularis. (redrawn from Wichmann and Delong., 2011).
CONVENTIONAL OPEN-LOOP CONTROL DEEP BRAIN STIMULATION
Harmsen and others (Harmsen, et al., 2020) consolidated the current state of affairs in the clinical trials for DBS registered in the Clinical-Trials.org database. The trials spanned 28 different disorders across 26 distinct brain targets, with almost 40% of trials being for conditions other than movement disorders. For addressing movement disorders, DBS is administered by implanting electrodes into any of the basal ganglia nuclei namely: GPi and STN (Halpern et al., 2007) and delivering pulses of preset amplitude, frequency, duration and polarity from an Implantable Pulse Generator (IPG) (Figure 2). Some of the typical DBS parameters used in disease management and therapy are summarized in Table 2.
[image: Figure 2]FIGURE 2 | Conventional DBS setup showing the placement of the stimulation electrodes in the basal ganglia and sub-thalamic nucleus. The Implantable Pulse Generator (IPG) is placed in the sub-clavicular space, and extension wires are tunneled subcutaneously to connect the intracranial electrodes and IPG. The IPG is programmed remotely by the physician. (This figure indicates only cortical biomarkers and is a simplified diagram).
TABLE 2 | Typical DBS parameter settings.
[image: Table 2]Successful DBS depends on properly set stimulus parameters, including pulse width, frequency, and amplitude alongside with the proper electrode positioning (Su et al. (2018)). Determination of the optimal stimulation parameters is vital: to improve clinical efficacy; to minimize side effects; to maximize the battery life; and to evaluate the dose-response relationship between stimulation parameters and clinical effects. In one study by Obeso, et al. (2001), the final mean stimulus parameter settings that provided the highest efficacy to treat PD symptoms were 3V, 82 µs, and 152 Hz for STN-DBS, and 3.2 V, 125 µs, and 162 Hz for GPi-DBS. For the treatment of epilepsy, common DBS parameters are ≥100 Hz at 1–10 V for ANT stimulation for refractory temporal lobe epilepsy, ≥ 130 Hz at 1–5 V for hippocampus and STN stimulation for refractory temporal lobe epilepsy, tens to high frequency stimulation at 1–10 V for stimulation of centromedian nucleus (CMN) of the thalamus for generalized tonic-clonic seizures (Wu et al., 2021).
When finding the optimal DBS settings, the pulse width and frequency are initially kept constant at 60 μs and 130 Hz, respectively with gradual increase of stimulation amplitude in steps of 0.1–0.5 V or 0.1–0.5 mA until the safe treatment margin is obtained (Volkmann et al., 2006). Once the leads have been implanted stereotactically or via a surgical robot, each ring contact is tested in a monopolar configuration with the electrode as negative (cathode) and the IPG as positive (anode). Each of the rings or segments of the electrode are set to have the same stimulation intensity and are fired in unison (Volkmann et al., 2006). The mode of stimulation, either constant current (CC) or constant voltage (CV), has its corresponding pros and cons. CC stimulation provides a more precise control independent of brain tissue–electrode interface impedance variations but wastes significant amount of power and therefore reduces battery life, whereas, CV stimulation provides the reverse (Lettieri et al., 2015). The interface impedance tends to reduce post-operatively at an average rate of 73 Ω/year (Satzer et al., 2014). A recommended safe charge density limit of 30 mC/cm2 is normally considered in the selection of DBS parameters. Charge density is calculated by dividing the product of the voltage and the pulse width by the product of the impedance and the geometric surface area of the electrode (Kuncel and Gril, 2004).
The lack of understanding on the DBS mechanism makes the setting of stimulation parameters quite cumbersome. Several experimental studies, centered on PD, demonstrated that motor symptoms depend nonlinearly on the frequency and amplitude of stimulation (Moro et al., 2002; Moreau et al., 2008). Verification of DBS effects, i.e. STN-DBS for PD, is normally done by assessing rigidity, bradykinesia or (rest) tremor, and axial symptoms (Koeglsperger et al., 2019). Also, selected items from the Unified Parkinson’s disease Rating Scale (UPDRS) UPDRS or the Motion Disorder Society UPDRS (MDS-UPDRS) scale are used to assess the therapeutic effect and to document effects in a systematic manner.
To optimize therapy, a balance between maximal clinical improvement and minimal stimulation-induced side effects is being achieved through the adjustment of active electrode contacts, stimulus frequency, amplitude, and pulse duration (Mayo Clinic, 2017). This, however, is largely an ad hoc process that relies on clinical expertise and does not totally equate to optimal outcomes (Santaniello et al., 2011). Furthermore, the selection of parameters has important implications for power consumption, and thus the battery life of the implantable pulse generator (Santaniello et al., 2011; Parastarfeizabadi and Kouzani, 2017).
Conventional open-loop DBS involves the programming of the stimulation parameters based on the present condition of the patient. This is an iterative process in which stimulation parameters are adjusted to maximize therapeutic benefits while minimizing side effects (Morishita et al., 2013). However, the efficacy of these therapeutic parameters normally deteriorates over time due to disease progression, interactions between the host environment and the electrode, and lead migration (Grahn et al., 2014). Optimization of its efficacy is commonly achieved by multiple post-operative visits where the stimulation parameters are adjusted until the desired therapeutic effects are achieved with minimal adverse effects (Grahn et al., 2014). Risk factors abounding this process involve suboptimal outcomes, infections, device failure, and lead removal or repositioning (Frizon et al., 2019).
As a resolve, development of closed-loop control systems that can respond to variative neurochemical environments, tailoring DBS therapy to individual patients, is paramount for improving the therapeutic efficacy. This device is generally called “Smart DBS” because it is able to adapt dynamically to the condition of the patient and deliver the optimal electrical stimulation semi-autonomously (with minimal intervention) or autonomously.
CLOSED-LOOP CONTROLLED DEEP BRAIN STIMULATION—“SMART” DBS
In a closed-loop DBS control, the clinical state of the patient is quantified periodically in order to adjust the stimulation parameters for optimal treatment while reducing stimulation induced side-effects (Fleming et al., 2020). The corresponding block diagrams of the DBS with open-loop and closed-loop controls are shown in Figure 3.
[image: Figure 3]FIGURE 3 | Two types of DBS control: open-loop and closed-loop. Abbreviations: IPG–implantable pulse generator; LFP–local field potential; AP–Action Potential; ECOG–Electrocorticography; EEG - Electroencephalography.
The DBS with closed-loop control consists of the neurofeedback loop where the stimulation is controlled either on/off or adaptively depending on the characteristics of a particularly biomarker. Such biomarker arises in lieu of a specific pathological condition. This loop is composed of biomarker sensor, signal processor, IPG controller and IPG device. Meanwhile, the DBS with open-loop control relies on the stimulation parameters programmed by the physician. Adaptive control involves dynamic adjustment of the stimulation parameters in response to the extent of the biomarker stimuli. In the presence of extensive pathological biomarkers, stimulation is prolonged with either its amplitude or frequency increased to deliver more stimulation energy, and vice versa. Meanwhile, to save on power, stimulation is deactivated whenever the preset biomarker threshold is not reached. Thresholding could either be singular or dual. The latter tends to be perform better in the presence of noise and offsets.
CHOICE OF THE BIOMARKER FOR CLOSED-LOOP DBS CONTROL
To implement an autonomous or Smart DBS, the proper biomarker has to be identified. Several candidates have been considered in literature namely: electroencephalographs (EEG) (Abdelhalim et al., 2013), electrocortigraphs (ECoG) (Thomas and Jobst, 2015), Local Field Potentials (LFPs) (Abosch et al., 2012; Stanslaski et al., 2012; Little et al., 2013; Priori et al., 2013) and action potentials (Rosin et al., 2011) (Figure 4).
[image: Figure 4]FIGURE 4 | Brain biomarkers for closed-loop DBS stimuli (top figure adapted from Parastarfeizabadi and Kouzani, 2017). Abbreviations: LFP–local field potential; AP–Action Potential; ECOG–Electrocorticography; EEG - Electroencephalography.
By considering the spatial resolution, proximity to the brain, and localization, LFPs are considered the most potent biomarker (Abosch et al., 2012; Little et al., 2013; Priori et al., 2013). Another key advantage is that LFPs can be directly recorded from the stimulation electrodes also achieving long-term stability at the electrode-tissue interface (Little and Brown, 2012). Meanwhile, other closed-loop control for DBS involved wearable sensors for detecting hand tremor (Sarikhani et al., 2019), and inertial measurement units (IMUs) for gait freezing (Bikias et al., 2021). However, for a fully implanted system which reduces the risk of infection, brain-based signals hold more ground since such system can be made in proximity with the stimulation electrodes.
The LFP is a summation signal of excitatory and inhibitory dendritic potentials from many neurons about the recording site. These are potentials generated in the extracellular space by propagation of APs through axons reflecting neuronal processes occurring within a local region around electrode in the neuronal extracellular space (Kajikawa and Schroeder, 2011). These have a spatial resolution of ∼0.5–1 mm (Schwartz et al., 2006), and frequency range covering ∼1–500 Hz with an amplitude of ∼200 µV (Einevoll et al., 2013).
It was observed that the energy signature of specific waves in the LFP signal, particularly the pathological beta waves (13—35 Hz), are directly related to abnormal brain activity associated to Parkinson’s disease (Rosin et al., 2011; Hariz, 2014; Hosain et al., 2014; Müller and Robinson, 2018). Hence, most works explore the energy of these waves as the biomarker for a potential closed-loop control DBS (Parastarfeizabadi and Kouzani, 2017; Müller and Robinson, 2018).
CLOSED-LOOP CONTROL SCHEMES
Several controller models have been developed theoretically (Santaniello et al., 2011; Fleming et al., 2020). The controller of Santinello et al. (2011), was based on a recursively identified autoregressive model (ARX) of the relationship between the stimulation input and LFP output. It resulted to excellent performances in tracking the reference (tremor free) spectral features of the LFP through selective changes in the theta (2–7 Hz), alpha (7–13 Hz), and beta (13–35 Hz) frequency ranges, which is better than a static controller approach. In the work of Fleming et al. (2020), various closed-loop control algorithms in silico have been modeled incorporating extracellular DBS electric field, antidromic and orthodromic activation of STN afferent fibers, LFPs at non-stimulating contacts of the DBS electrode and temporal variation beta-band activity within the cortico-basal ganglia-thalamo cortical loop. The performances of various control modes such as on/off, dual threshold, proportional (P) and proportional-integral (PI) have been verified computationally, with PI yielding the optimum output in terms of power consumption and mean error in modulating the pathological DBS frequency. Meanwhile, the work of Molina, et al., 2021 demonstrated a closed loop DBS approach using bilateral GPi DBS implantation to address levodopa-responsive PD symptoms with open-loop stimulation, and PPN DBS to serve as feedback for the treatment of medication refractory Freezing of Gait (FoG). The primary outcome of the study was a 40% improvement in medication-refractory FoG in 60% of subjects at 6 months when "on".
HARDWARE IMPLEMENTATIONS OF SMART DBS
There have been several works that implemented the closed loop control either on an on-board module (Parastarfeizabadi et al., 2016; Parastarfeizabadi and Kouzani, 2017) or on a system-on-chip (Rhew et al., 2014; Wu et al., 2017; Wang et al., 2021). On-board module implementation involves the use of commercially available electronic components, microcontroller and digital signal processing modules. System-on-chip (SoC) implementations constitute miniaturized version of the DBS circuit blocks thereby providing a better form factor and less intrusive deployment than the on-board module.
On-Board Module Smart DBS
A miniature closed loop deep brain stimulation device has been developed using dual energy thresholding for the on/off control (Parastarfeizabadi et al., 2016). The device incorporated pre- and post-amplifiers achieving 113 dB of gain, bandpass filter centered around 0.7–50 Hz, and a pulse generator, driven by a pico-power microcontroller unit, that provides on-demand stimulation current pulses of 90 µs duration, frequency 130 Hz, and amplitude 200 µA. Another work extended the DBS functionality to accommodate other diseases into one module (Parastarfeizabadi et al., 2016). This involved the neural sensor, a controller with a feature extractor, a 4 × 4 disease classifier using fuzzy logic, and a control strategy, and a neural stimulator. The front-end has a gain range of 50–100 dB, dual bandwidth of 7–45 Hz and 200–1000 Hz for the extraction of five biomarkers namely: five alpha, beta, sG, HFO, and spikes. The overall module dissipates 35 mW of power.
SoC-Based Smart DBS Developments
System on Chip developments of the closed-loop DBS control have also proliferated. One work built a viable closed loop DBS SoC that utilizes logarithmic processing for the control and adaptation of stimulation currents based on detected low-frequency brain field signals (Rhew et al., 2014). Such method contributed to power savings while maintaining a wide dynamic range. Their system records and processes neural signals using four low-noise neural amplifier (LNA) channels, a multiplexed logarithmic ADC, and two high-pass and two low-pass digital logarithmic filters. A logarithmic domain digital signal processor (DSP) and PI-controller controls eight current stimulator channels and enables closed-loop stimulation. The SoC also incorporates an RF transceiver, a clock generator, and a power harvester. The overall SoC, implemented on CMOS 0.18 µm technology, has an overall area of 4 mm2 while consuming a total power of 468 µW for recording and processing neural signals, for stimulation, and for two-way wireless communication. Another SoC has been developed that incorporates a wireless power supply via an inductive link, a wireless interface, an adaptive high voltage tolerant stimulator, a bio-signal processor for seizure detection, and an 8-channel EEG acquisition unit (Wu et al., 2017). The acquisition unit consists of auto-reset capacitive-coupled instrumentation amplifiers (ARCCIA), band-pass filters, V-to-I programmable gain amplifiers, a multiplexer, a transimpedance amplifier (TIA), and a 10-bit DMSAR (Delta-Modulated Successive Approximation Register ADC). Its acquisition unit has achieved a Noise Efficiency Factor (NEF) of 1.77 with an input referred noise of 5.23µVrms, a stimulation current of 30 μA, and a standby power of 2.8 mW.
An 8-channel closed-loop neuromodulation SoC with 2-level seizure classification has been developed (Wang et al., 2021). It consists of a capacitive-coupled instrument amplifier (CCIA) at the analog front-end with a feedback-based common-mode (CM) cancellation circuit that suppresses large-scale CM interferences. Meanwhile, the stimulation artefacts are suppressed by a mixed signal loop. An auto-zero based pre-charge path boosts the input impedance, while the electrode DC offset is canceled by a DC servo loop with very-large and accurate time constant. The analog front-end chip occupies an area of 2.32 mm2 accompanied by a DSP with an area of 3.51 mm2. The CCIA can suppress 1.5-Vpp CM interference, and has achieved an accurate high-pass corner frequency as low as 0.1 Hz and an input impedance greater than 2.2 GΩ. The overall classifier achieves 97.8% sensitivity and consumes only 1.16-μW average power.
Another work on closed loop DBS control involved the two novel control algorithms for stimulator triggering namely: detection of gait arrhythmicity and logistic-regression model for the detection of gait freezing. Such controls were validated on a benchtop model in conjunction with a closed-loop DBS system by responding to real-time human subject kinematic and pre-recorded data from leg-worn inertial sensors from a participant with Parkinson’s disease. A novel control policy algorithm that changes neurostimulator frequency in response to the kinematic inputs has also been incorporated (O’Day et al., 2020). Another non-LFP based DBS control uses the hand tremors as input stimulus to trigger the implanted DBS module. Here, two sites of the basal ganglia (BG) namely the subthalamic nucleus (STN) and globus pallidus internus (GPi) are simultaneously controlled via stimulation using intelligent single input interval type-2 fuzzy logic (iSIT2-FL) combined with non-integer sliding mode control (SMC) (Gheisarnejad et al., 2020). On another work, neural sensing of movement (using chronically implanted cortical electrodes) was used to enable or disable stimulation for tremor. Therapeutic stimulation is delivered only when the patient is actively using their effected limb, thereby reducing the total stimulation applied, and potentially extending the lifetime of surgically implanted batteries (Herron et al., 2017).
Commercially Available IPG Devices for DBS
Meanwhile, there exist some commercially available IPG devices for DBS with closed loop control features that have been successfully deployed clinically. One of which is the Activa™ RC + S system (Medtronic, Inc.) which records electrophysiological signals from the implanted DBS electrodes and offers inertial measurements (Hell et al., 2019). A more recent DBS system called the Percept™ PC platform (Medtronic, Inc.) incorporates “brainsense” technology utilizing LFP signals for refining therapeutic stimulation, symptoms tracking and correlation to neurophysiologic characteristics (Shahed, 2021). The Neuropace device has demonstrated responsive neurostimulation (RNS) and has been utilized for the treatment of drug-resistant epilepsy (DRE) (Shaikhouni, et al., 2015). A summary of the commercially available IPG devices for DBS is presented in Table 3 (Paff et al., 2020; Joohi, 2021; Shaikhouni, et al., 2015). It is noticeable that there are advancements in the features of IPGs such as rechargeability of the battery; multiplicity of the channels; wireless programmability and closed loop feedback. Meanwhile the efficacy of some of these commercial devices based on independent clinical studies are summarized in Table 4.
TABLE 3 | Commercially available IPG devices.
[image: Table 3]TABLE 4 | Efficacy of some commercial IPG devices based on independent clinical studies.
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Since the LFP signal is about 50–500 µV (Einevoll et al., 2013), the analog front-end that extracts the LFP should have low input-referred noise within the bandwidth of interest. However, solid state devices tend to generate a lot of noise especially in the frequency range of the biopotential signal which normally covers 0.5 Hz to 1 kHz (Ha et al., 2021; Parastarfeizabadi and Kouzani, 2017) The dominant noise in this spectrum is the flicker (1/f) noise which may be attributed to the crystal defects within the silicon material and silicon–oxide interface. The input referred rms noise voltages should be within <10 µVrms (Parastarfeizabadi and Kouzani, 2017). Corollary to this specification is the target signal-noise ratio (SNR) at the output of the AFE. An SNR of >40 dB is necessary to imply an intelligible signal. On the interface between the AFE and the tissue, several non-idealities exist namely: parasitic electrode impedance, ambient noise such as electromagnetic interference and power supply hum. To reduce these, the AFE should have a high common-mode rejection ratio (CMRR). This is defined as the ratio of the gain in the intensity of the intelligent signal (biopotential signal) over the gain of the common-mode signals resulting from the interface non-idealities and noise. A differential gain of >80 dB and a CMRR of >100 dB are considered typically for an AFE (Arlotti et al., 2016). The AFE should be able to reject large transients at the input and should accommodate a wide input dynamic range to prevent saturating its inputs. This is very essential since the DBS leads are shared for delivering the stimulation pulses and for extracting the LFPs. The AFE should be able to block the stimulation pulses while it is able to amplify the LFPs.
The stimulator should be programmable in amplitude (voltage/current), frequency, and in duration and phase. Different combinations of these parameters have been extensively used in clinical practice for different cases similar to PD. Generally, the stimulator should only be activated at defined intervals either based on demand (as in a closed loop case) or pre-programmed. This is to save battery life. A potential alternative or support unit for the embedded battery is an in vivo or a subcutaneous energy harvester. Several mechanisms for this have been explored in literature constituting mechanical energy, radio frequency, ultrasound, and thermal (Shi et al., 2018; Zhao et al., 2020; Zou et al., 2021). One work demonstrated the potential of harvesting ambient mechanical energy from pressure fluctuations in the CSF within the lateral ventricles of the brain (Beker et al., 2017). In general, the harvester should be designed to have the maximum efficiency possible and should be positioned where there are maximum physical stimuli while having minimal coupling loss. Other key considerations for developing these harvesters would be material biocompatibility, packaging, form factor, efficiency, and site practicality. For maximum power transfer, the harvester’s transducer should also be properly matched with the impedance of the front-end power scavenging electronics of the implantable device.
Finally, the overall power dissipation of a neural implant should be constrained so as not to cause any irreversible damage due to excessive current density and heating at the vicinity of the leads. To date, the power consumption of neural implants is within the range of 30 μW to 25 mW (Zhao et al., 2020), with most power attributed to the stimulator or to the wireless transceiver link.
Another aspect to consider in implementing a low maintenance DBS device is the need for supplemental energy sources that offer semi-perpetual charging with lower cost than present rechargeable devices. A typical rechargeable battery for DBS can support the device for a period of 9 years with an approximate long-term cost of care savings of $60,900 by considering lesser replacement surgeries, lesser number of clinical appointments and hospital visits, lesser need for preoperative planning, and lesser time off from work (Hitti et al., 2018). However, despite these advantages, a study conducted by (Khaleeq et al., 2019) showed that almost two thirds of patients with DBS, especially those who have a socially active and independent lifestyle, preferred the non-rechargeable IPG over the rechargeable ones. The choice is majorly because of convenience and concern about forgetting to recharge the battery. Furthermore, rechargeable DBS devices are more expensive than the non-rechargeable ones. According to the study of (Qiu et al., 2021), patients with less financial capabilities tend to choose the non-rechargeable DBS devices.
CONCLUSION
In this overview paper, we have presented the efficacies of DBS therapy for diseases that aggravate with age based on independent clinical trials. We have also presented the current state of the art in DBS instrumentation, specifically the additive features of IPGs that cater for ease of use, monitoring, programmability and closed-loop control. Meanwhile, while such advancements are already on the market, innovation towards making the DBS therapy more stand-alone, semi-autonomous, and having smaller form factors are still underway. These specifically point to the developments in system-on-chip (SoC) implementations for closed loop control or “smart” DBS. This work detailed the future prospects of SoC-based DBS technology that tend to provide more freedom of movement and lesser intervention while highlighting its technical constraints and design challenges collated from technical literature. These can serve as guide for developing low maintenance DBS systems with an aim of improving the QoL of elderly patients.
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Total Athletes Non-athletes P-value

(n = 48) n=24) (n=24)
Sex (male/female) 12112 12/12 1.000
Age (years) 714 6.4 71.03.5) 0737
Education (years) 142(2.2) 13.0(2.9) 0.077
Body height (cm) 160.1 (7.3) 150.9 8.4) 0913
Body weight (ko) 56.9(0.0) 58.1(13.6) 0728
MMSE (score) 289(1.2) 28.9(0.9) 0.891
IPAQ (score) 24799 (2133.4) 991.4 (1406.8) <0.001

The parameters are presented as mean (SD). P-values for age, ecication, body height
and weight, MMSE, and [PAQ are from t-tests for group differences. P-value for sex ratio
s from Chi-square test for group diferences. MMSE, Mini-Mental State Examination;
IPAQ, Intemational Physical Activity Questionneire; SD, standiard deviation.
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Athletes (n = 24) Mean (SD)

Age of commencement 312(15.0)
Years of training 400(15.5)
Current training time (hours/week) 79(72)

SD, standard deviation.

Range

7-57
19-65
0.5-36
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Athletes

(n=24)
TMT-A (second) 87.9(10.0)
TMT-8 (second) 87.7(18.7)
Logical memory-| (score) 183 5.6
Logical memory-Ii (score) 146(5.9)
TUG (second) (
Pegboard (second) 280(4.2)

Non-athletes

P-value

0.625
0.203
X3
0.497
0.265
0155

The parameters are presented as mean (SD). P-values were obtained using t-tests for
group differences. TMT, Trai-Making Test; Logical memory-I, immediate recall; Logical

memory-ll, delayed recall; TUG, time up and go; SD, standard deviation.
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Location

x
Left middle cingulate gyrus -2
Left posterior cingulate gynus 0
Right precuneus 1
Left superior frontal gyrus —12
Right frontal pole 6
Left posterior insula -3
Left anterior insula 42
Right superior frontal gyrus 2

For overly large clusters, we also showed sub-clusters. TFCE, threshold-free cluster enhancement; FWE, family-wise error; MNI, Montreal Neurological Institute.

MNI coordinates
y

-23
-39
53
54
62
—17
-2
47

z

42
30
53
2
—18
8
-2
26

P-value

0,030
0,031
0038
0.034
0,038
0087
0.040
0.046

Cluster size

1,860

1740

1576

352
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Parameters Total participants Reference range

(n = 35) a,b,c,d,e
Age (years) @ 65.03 + 3.36 69.5
Gender (men, %) @ 10 (28.60) N/A
Education (years) @ 9.26 + 4.07 5.5
Household income (USD/month) & 402.24 + 183.43 336
Hypertension (n, %) 15 (42.90) 37%
Type 2 Diabetes Meliitus (n, %)° 6(17.10) 41.5%
Hyperlipidemia (n, %)P 15 (42.90) 60.8%
Height (cm) 156.73 + 7.83 N/A
Weight (kg)? 64.40 +£ 10.48 62.4
Body mass index (kg/m?)° 26.12 4+ 3.01 22-27
Waist circumference (cm)® 88.33 £ 8.39 <90
Systolic blood pressure (mmHg) 4 132.91 + 16.05 120
Diastolic blood pressure (mmHg)? 72.63 + 10.02 80
Fasting blood glucose (mmol/L)® 546 £1.17 3.9-5.6
Total cholesterol (mmol/L)® 5.40 4+ 0.96 <5.2
Low density lipoprotein (mmol/L)® 3.27 £ 0.90 <2.6
High density lipoprotein (mmol/L)® 1.62 £0.37 >1.04
Triglyceride (mmol/L)® 1.38 £ 0.55 <1.7
Sodium (mmol/L)® 141.51 + 3.06 137-150
Potassium (mmol/L)® 4.45 + 0.52 3.5-56.3
Urea (mmol/L)® 434 +1.11 1.7-8.4
Creatinine (mol/L)® 69.31 +£ 18.16 62-115
Uric acid (wmol/L)® 0.35 4+ 0.01 0.20-0.42
Total protein (g/L)° 72.51 + 6.20 57-82
Albumin (g/L)® 43.91 +£2.38 32-48
Globulin (g/L)® 28.63 + 6.53 20-50
Total bilirubin (jumol/L)® 11.86 £ 4.77 3-19
Alkaline phosphatase (U/L)® 74.54 £17.11 39-117
Alanine aminotransferase (ALT) (U/L)® 20.20 £ 11.19 0-40
Aspartate aminotransferase (AST) (U/L)® 22.71 £5.43 0-40
Inducible nitric oxide synthase (iNOS) 182.31 £ 29.21 N/A
(pg/mi)
Cyclooxygenase-2 (COX-2) (ng/ml) 1.34 £0.70 N/A
Brain-derived neurotrophic factor 114.52 + 53.56 N/A
(BDNF) (pg/ml)
Malondialdehyde (MDA) (ng/ml) 211.22 £ 50.27 N/A
Neuropsychological batteries
MMSE @ 2594 +£2.18 19
Digit Span (Scaled score)? 13.14 £ 1.90 7.7
RAVLT immediate recall 2 6.83 £ 1.47 7
RAVLT delayed recall? 6.11 £ 2.01 6
Digit Symbol (Scaled score)? 7.63 +£2.43 8
fMRI behavioral performance
Reaction accuracy (N-back) (%) 62.07 £ 10.59 N/A
Reaction time (N-back) (ms) 2245.95 + 297.87 N/A
RT/RA index 37.35 +£8.87 N/A
fMRI brain activation
0-back mean percent signal change (%) 0.73 +£ 0.52 N/A
Left DLPFC
0-back mean percent signal change (%) 0.83 + 0.40 N/A
Right DLPFC
1-back mean percent signal change (%) 0.82 + 0.49 N/A
Left DLPFC
1-back mean percent signal change (%) 0.94 4+ 0.40 N/A
Right DLPFC

aNationwide aging population research in Malaysia (Shahar et al., 2016).

bNational Health and Morbidity Survey 2019 in Malaysia.

¢Body mass index for older adults (Winter et al., 2014).

IWHO cutoff guidelines (World Health Organisation, 2071).

®Normal range values from the accredited biomedical laboratory.

DLPFC, dorsolateral prefrontal cortex; fMRI, functional MRI; MMSE, Mini-Mental
State Examination; RAVLT, Rey Auditory Verbal Learning Test; RA, reaction
accuracy; and RT, reaction time.





OPS/images/fnhum-15-765451/fnhum-15-765451-t002.jpg
Anatomical region

0-back
Middle frontal gyrus

Precentral gyrus
Inferior frontal gyrus

Superior frontal gyrus

1 back
Middle frontal gyrus

Superior frontal gyrus

Inferior frontal gyrus
Precentral gyrus

L/R

- - — 3T

T T B B

Coordinates

44
—34
-36
42

46
—40

50
62

12

30
30
40

14
50
30

38

38

34

38

38

26

Voxels
activated

2,922
2,188

26

4,269
3,551
73
18

Maximum
T-value

16.47
14.83
10.58
5.31
4.72

17.66
16.78
9.14
7.73
5.89
4.99

L, left; R, right.





OPS/images/fnhum-15-765451/cross.jpg
3,

i





OPS/images/fnhum-15-765451/fnhum-15-765451-g001.jpg
A9eq-0

Aoeq-|

(First stimulus)

(First stimulus) t

t Correct response of respective tasks






OPS/images/fnhum-15-765451/fnhum-15-765451-g002.jpg





OPS/images/fnhum-15-765451/fnhum-15-765451-i000.jpg





OPS/images/fnhum-15-735063/fnhum-15-735063-t001.jpg
NC,n=13 Stroke,n =24 Effect size p value

Categorical variables n (%) n (%) Odds Ratio
Male 7(64) 20 (83) 4.3(0.9-19.8) 042
APOE4 carrier 0(0) 2(13) NA 054
Hypertension 6(46) 21 (88) 8.2(1.6-416) 002
Diabetes melitus 309 7(29) 1.4 (0.3-6.5) 1.00
Dyslipidemia 5(38) 18 (75) 4.8(1.1-205) 004
Gout 18 5(21) 3.2(0.8-30.4) 039
Continuous variables Mean (SD) Mean (SD) Cohen'sd

Age.y 648 (63) 62.0 (8.5) 037 029
Education, y 10.5 @5) 105(3.8) 0.01 097
Mean cortical thickness, mm 2.40 (0.06) 2.41(0.07) 0.15 066
MTA score 0.9 (1.0) 07(0.9) 0.03 058
AB4O, pa/ml 532(3.2) 531 (6.8) 0.01 098
AB42, pa/ml 16.5 (0.5) 16.3(1.4) 0.14 061
Tau, po/mi 21.425) 197 (4.5) 0.42 016
AB42/AB40 031 (0.03) 031 (0.07) 0.06 082
Tau/AB40 0.40 (0.08) 0.39 (0.14) 0.15 059
Tau/AB42 1.80 0.12) 1.20(0.20) 054 008
Taur Ag42 3585 (50) 3267 (95.1) 032 027
Tau* AB42/AB40 6.70(1.17) 6.45 (2.79) 0.10 071
MMSE 269 (1.7) 267 (2.4) 013 071
GDS 18(1.7) 2.0(25) 031 038
DRS-2 total 1319(7.2) 129.4 (10.1) 028 043
DRS-2 attention 353(1.4) 36.0(1.0) 064 007
DRS-2 1P 31.8@3.9) 205 (5.6) 045 020
DRS-2 Conceptualization 362 2.2) 35.4(4.0) 025 041
DRS-2 Mermory 226(1.9) 224 (2.4) 0.10 078
DRS-2 Construction 59(0.5) 6.0(0.0) 047 034
CDRSOB 0(0) 03(0.4) 079 001
Stroke volume, 10-° NA 3.92(5.36) NA NA
NIHSS score at onset NA 26(1.4) NA NA
NIHSS score at 3M NA 1.7 (1.1) NA NA

NG, nomal controls; APOE, apolipaprotein E; MTA, medial temporal atrophy; MMSE, Mini-Mental State Examination; GDS, Geriatric Depression Scale; DRS-2, Dementia Rating
Scale-2: IP. Initiation and Perseveration: CDR SOB, sum of boxes of Clinical Dementia Rating Scale: NIHSS, National Institutes of Health Stroke Scale; NA, not applicable.
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ABa2/AB40 Tau Tau*Ap42 Tau/Ap42 Tau/AB40 Tau*AB42/AB40
All subjects —0.81 025 -0.30 —0.34" —0.34" —0.31 —0.33" —0.34"
Stroke -0.39 027 —0.34 —0.46" —0.45' —0.44" —0.41 0.41
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Cognitive tests Groups  Cortical thickness ~ Ag42  AB40  AR42/AR40 Tau Tau'Ap42  TawAp42  TawAB40  Tau*Apa/Apd0  Strokevolume
MMSE Al 0.32 003 023 -0.15 -008 -005 —0.12 -0.15 NA
IS 0.7 002 029 -0.49 -004 —002 —007 -0.16 -0.09
NG 0.20 010 -003 009 -0.30 —023 —040 -0.20 NA
GDS Al —0.87* 023 035t 038t 0ait 032t 029 041t NA
1 041 031 —041" 044+ 048t 048t 052t -0.16
NG -0.33 022  -004 —008 -029 -0.30 —0.22 NA
DRS-2 Total Al 0.3 -0.18 0.39 -0.38" -o27t -0.28 -0439+ NA
15 0.41* -023 047 —044+ —041* —044' 050t -0.13
NG 017 010 001 002 016 016 012 NA
DRS-2 Attention Al 0.2 —0.09 0.26 ~049 —0.14 —0.44 -0.19 NA
3 0.23 —004 025 -0.20 -044 -0.16 —0.22 -0.81
NC 0.4 —024 045 —040 003 010 -0.16 NA
DRS-2 IP Al 0.27 —0.23" 035 —035 -026 -0.25 —034' NA
1S 0.37 —082% a4t _o4att _odet _ougtt —0.47+H# —0.48t -0.21
NG 0.07 027 -0.45 049 034 034 033 033 NA
DRS-2 Concaptualization Al 0.21 —009 025 —027 -016 -045 -0.16 028 NA
s 023 —0.41 029 -030 —021 —049 —022 —032 022
NG 0.20 —004 0.03 —0.08 —0.05 —005 —005 —0.07 NA
DRS-2 Memory Al 0.7 000 0.20t —0.23t —0.49t -0.16 —0.24t —0.20t NA
IS 0.41x —002 0.8t -030 —o027t —022 —oaat -0t -0:33
NG —0.04 010  -0.08 0.09 0.02 0.04 —001 004 NA
DRS-2 Construction Al -0.09 -0.40 008 -007 -020 -0.19 -0.22 —0.15 NA
5 NA NA NA NA NA NA NA NA NA
NG -0.19 -035 025 -030 —0.44 —045 042 —0.46 —045 NA
NIHSS Al 0.0 008 -0.09 007 -005 -005 -005 005 004 NA
IS —0.07 005 -0.13 006 014 009 020 014 041 —0.11
NG NA NA NA NA NA NA NA NA NA NA
CDRSOB Al —0.31 006 -0.47 043 003 0.04 0.02 0.09 0.09 NA
IS —0.44* 040 -049 014 013 011 014 014 012 0.00
NG NA NA NA NA NA NA NA NA NA NA

"P < 0.05; 1P < 0.05 after age and education adjustment; *P < 0.05 after age, education and GDS adjustment; NA, not applicable; MMSE, Mini-Mental State Examination; GDS, Geriatric Depression Scale; DRS-2, Dementia Rating

Scale-2: IP. Initiation and Perseveration: NIHSS, National Institutas of Health Stroke Scals: CDR SOB, the sum of boxes of Clinical Dementia Rating Scale; IS, ischemic stroke; NG, normal controls.
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Single Fie
Choose subject
Raw Data

Fs flo (Norm.mg?)
Fs il (op2)

Vi fle

Fafle

Mgz to npz
VoxsMorph
Estimate Df and L

Description

Manipuiate a single fie
Select afle

Select a NIfTI, DICOM fil to perform Image Segmentation with FreeSurer
Load amgz fle, thi fle is extracted after Image Segmentation

Load a npz file that has been previously converted from mgz to npz

Load the output npz fil that VoxelMorph outputs after segmentation
Load the npz fle produced after Fractal analysis

The mgz fi is converted into npz format

After imporing npz fles, perfor image segmentation with VoxeMorph
Estimate Fractal Dimension of the imported npz file
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Mutiple Fies
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Fs fle (0p2)

Vi fie.

Fdfle

Mgz to npz

Train a segmentation model with VoxeMorph
Segment with VoxelMorph
Estimate Dfand L

Create a dataset

Description

Manipuiate multple fles
Solect a parent foder containing NIfT] o DICOM fles.

‘Select a folder with NITI, DICOM fies to perform Image Segmentation with FreeSurfer

Load a folder with mgz fles, those fles are extracted after Image Segmentation

Load a folder with npz fies that have been previously converted from mgz to npz

Load a folder with the output npz fls that VoxelMorph outputs after segmentation

Load a folder with the npz fles produced afer Fractal analysis

Afterimporting mgz fles convert them into npz format

After importing npz fles, tain a segmentation model with VoxelMorph

Import previous trained model and previously imported np fies to perform image segmentation with VoxelMorph
Estimate Fractal Dimension of the imported npz fls, the output is  folder for each fle

Select a folder containing the output of Estimate Df and L, to create a dataset from multiple images
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Right thalamus proper

Left ventral DC

Clinical diagnosis
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OAS30052_MR_d2737
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2.9475385443
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2.9484438042

2.519209063
2.518800477
2.505436960
2.500205780
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No MCI Depression
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Characteristics associated Advantages Disadvantages
with clinical seizure
Scalp EEG Non-invasive
Epileptiform Robust morphology, right Simple to implement in clinical Required long recording time Liedorp et al., 2010; Bakker
discharges temporal location, occur during work and insensitive to epileptic et al., 2012; Vossel et al., 2016;
awake or REM state, and discharges from deep mTL foci Lam et al., 2017a, 2020;
higher frequency Horvath et al., 2018
SSSs Unilateral SSS-like waveforms Simple to implement in clinical Hard to distinguish pathologic Lam et al., 2017a, 2020; Issa
and frequent frequency (> 100 work from benign SSSs etal, 2018
per 24 h)
TIRDA Occur during awake or REM High diagnostic confidence Infrequently frequency (<10 per Lam et al., 2020
state 24 h)
PSWEs — No requirement for long Hard to distinguish Milikovsky et al., 2019
recording time
MEG — Non-invasive and sensitive to Low specificity, high Oishi et al., 2002; Vossel et al.,

FO electrodes

Computational
approaches

Occur during non-REM sleep
state

discharges of tangential sulcal
sources

High quality, long-term
recording, capture samples
from deep temporal activities,
and no skull defect

Non-invasive and short
monitoring time

requirement of equipment, and
only be monitored for a short
time at a time

High cost, semi-invasive, and
request for good neurosurgical
skills of electrode placement

Request for validation with large
clinical data sets

2016

Sheth et al., 2014; Lam et al.,
2017a, 2019

Lam et al., 2016, 2017b;
Babiloni et al., 2020

AD, Alzheimer’s disease; SSS, small sharp spikes; TIRDA, temporal inter mitten rhythmic delta activity; PSWEs, paroxysmal slow wave events; EEG, electroencephalogram;
MEG, magnetoencephalogram; FO, foramen ovale; mTL, mesial temporal lobe; REM, rapid eye moment.





OPS/images/fnagi-13-765185/fnagi-13-765185-t001.jpg
Software

BENOIT

Fracdim

(Fractal Dimension Java
Applet)

FracLac

(Fractal Dimension and
Lacunarity, part of ImageJ)
Fractal analysis system
for Windows

Fractal Dimension
Estimator
Fractaldim-package

Fractalyse
(Fractal Analysis Software)

Gwyddion

HarFA

(Harmonic and Fractal
Image Analysis)
Hausdorff
(Box-Counting) Fractal
Dimension
UJA-3DFD

Approach

Measures the FD and hurst exponent of datasets using
various methods to analyze self-similar patterns and
self-affine traces, also applying a white noise filter

Calculates the box-counting dimension using a Monte
Carlo algorithm.

Describes morphology details represented in binary or
grayscale digital images, using mass and box-counting
FD and multi-fractal analysis data

Calculates FD by the method of box-counting after
preprocessing

Measures the FD of a 2D image using the box-counting
method

Estimates an FD of the given data, using different
methods regarding the type of dimensional time series
Computes the FD of the black and white image, curve,
and network

A modular program for scanning probe microscopy
(SPM) data visualization and analysis

Performs harmonic and wavelet analysis of digitized
images and calculations their fractal parameters

Returns the Hausdorff FD of an object represented by
its binary image

Computes the 3D FD from brain MRI, calculating the
3D box-counting of the brain’s entire volume and 3D
skeletonization

Main properties

There are two main versions, for Windows and Matlab. The input data formats can
be only:

For 1D traces and size-frequency data, text format or MS-Excel format, for 2D
patterns: BMP files and for 3D objects (available only in Matlab) BMP files, where
the 3D object should be represented as a number of 2D slices.

This Java Applet imports only a set of points in a CSV file or an image, but the user
is prompt to supply an image that has been thresholded to show where the fractal
pattern is.

Provide calculations and graphs. This plugin works on binary images and grayscale
images or grayscale images converted to RGB. The images must be thresholded
before analysis to ensure that only the pixels of interest are assessed.

This software calculates FD from rjb, png, pcx, jog, and thinning images after
preprocessing.

This software measures the FD of a 2D image using the box-counting method after
applying an RGB threshold to convert the image into binary data.

The package provides tools for estimating the FD of 1d or 2d data.

Itis a software application for computing FD of 2D bitmap images, vector images,
and networks.

Itis a modular program for several SPM data formats visualization and analysis.

The software provides tools for estimating the FD and other statistical parameters of
2D images.

A MATLAB module returns the Hausdorff fractal dimension of an object represented
by a binary image.

This software calculates the FD in 3D images. However, it offers only FD calculation
for the whole brain volume and not each brain region separately.
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Whole volume Third ventricle Right putamen
OAS30319_MR_d0043 2.95129 2.37498 2.59033
OAS30524_MR_d0198 2.95208 2.35327 2.50763
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Parameter 1-back right DLPFC activation

R2  Adjusted odd ratio t p-value

(95% ClI)
High density lipoprotein 0.512 0.197 0.981 0.336
(—0.183-0.205)
Triglyceride —0.402 —2.301 0.029
(—0.552 to —0.332)*
Brain-derived neurotrophic factor 0.494 2.902 0.007
(0.301-0.606)**
Malondialdehyde —0.326 —2.175 0.038
(—0.354 to —0.305)
Mini-Mental State Examination 0.698 3.912 0.001
(0.5691-0.796)**
RAVLT immediate recall 0.071 1.641 0.113

(0.059-0.082)

Significant at p < 0.05* and p < 0.01** using multiple linear regression (MLR).
MLR model was adjusted by age, gender, and years of formal education.
DLPFC, dorsolateral prefrontal cortex; RAVLT, Rey Auditory Verbal Learning Test.
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activation activation activation activation
Participants (n = 35) Participants (n = 35) Participants (n = 35) Participants (n = 35)
—0.118 —0.031 —0.340* —0.020
0.500 0.860 0.045 0.908
0171 0.630 0.042* 0.629
0.131 0.107 0.400* 0.119
0.453 0.539 0.017 0.496
—0.226 —0.264 —0.166 —0.413
0.479 0.407 0.606 0.182
—0.304 —0.010 —0.047 —0.190
0.075 0.954 0.790 0.275
—0.158 —0.252 —0.022 —0.167
0.365 0.144 0.900 0.337
—0.166 —0.263 —0.121 —0.097
0.340 0.127 0.487 0.579
0111 0.163 0.431* 0.187
0.526 0.349 0.009 0.281
—0.082 -0.176 —0.450" —0.007
0.638 0.311 0.008 0.967
—0.300 —0.281 —0.258 —0.156
0.080 0.102 0.135 0.372
—0.120 —0.061 —0.363 —0.006
0.671 0.829 0.183 0.982
0.063 0.026 0.407* 0.085
0.718 0.881 0.018 0.629
—0.384 —0.270 —0.455" —-0.172
0.023 0.117 0.008 0.323
0.105 0.273 0.466* 0.206
0.548 0.112 0.005 0.236
0.114 0.015 0.252 0.067
0.516 0.933 0.144 0.704
0.291 0.328 0.451* 0.233
0.090 0.055 0.008 0177
0.243 0.136 0.105 0.093
0.160 0.436 0.547 0.595
0.081 0.081 0.077 0.086
0.643 0.642 0.659 0.625

Significant at 8p < 0.05* °p < 0.01% 9p < 0.0125* using the Pearson’s correlation after the Bonferroni correction.
Significant at °p < 0.05* using the independent t-test.
DLPFC, dorsolateral prefrontal cortex; fMRI, functional MRI; and RAVLT, Rey Auditory Verbal Learning Test.
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Total Musicians Non-musicians P-value

(n = 60) (n =30) (n =30)

Sex (male/female) 11/18 13/17 0.598
Age (years) 70.8 (4.0) 71.4 (4.6) 0.595
Education (years) 15.7 (1.6) 14.9 (2.2) 0.130
Years of cognitive activity 12.7 (19.2) 18.7 (22.6) 0.274
Years of exercise 11.3 (10.6) 7.1 (10.8) 0.142
Frequency of cognitive activity 9(1.6) 1.7 (2.3 0.116
Frequency of exercise 924 2123 0.154
Frequency of work 5(2.1) 1.8(1.9) 0.173
Frequency of family care 3 (2.9 2.2 (3.0 0.923
Frequency of volunteering 4 (1.0) 0.4 (1.0 0.832
MMSE (score) 29.5 (0.9) 29.6 (0.6) 0.868

Parameters are indicated as the mean (SD). P-values for age, education, cognitive
activity, exercise, work, family care, volunteering, and MMSE are from t-tests for
group differences. P-value for sex ratio is from Chi-square test for group differ-
ences. Frequency, days per week; MMSE, Mini-Mental State Examination; SD,
standard deviation.
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Total Musicians Non-musicians P-value

(n = 60) (n = 30) (n =30)

Verbal fluency (words) 14.1 (4.0 12.1 (3.5) 0.036
TMT-A (second) 32.6 (10.5) 38.3 (12.2) 0.059
TMT-B (second) 701 (17.9) 85.9 (32.7) 0.024
Logical memory-I (score) 23.9 (6.7) 25.7 (7.4) 0.339
Logical memory-Il (score) 208 (2.0 21.4 (8.6) 0.789
Visual reproduction-I (score) 35.2 (5.0) 35.6 (5.6) 0.771
Visual reproduction-Il (score) 34.4 (6.1) 32.1(8.7) 0.235
Right pegboard (second) 37.1 (10.5) 39.1 (6.3) 0.375
Left pegboard (second) 39.9 (9.3) 42.0(7.1) 0.331

Data are presented as the mean (SD). P-values are from t-tests on group differ-
ences. TMT, trail making test; Logical memory-I, immediate recall; Logical memory-
I, delayed recall; Visual reproduction-I, immediate recall; Visual reproduction-Il,
delayed recall; SD, standard deviation.
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Total Musicians Non-musicians P-value

(n = 60) (n =30) (n =30)

Active engagement (score) 36.9 (9.1) 20.9 (7.7) <0.001
Perceptual abilities (score) 47.5 (7.0) 31.9(10.2) <0.001
Musical training (score) 34.3 (6.6) 11.6 (4.6) <0.001
Singing ability (score) 29.2 (7.1) 16.9 (7.7) <0.001
Emotions (score) 28.3 (6.7) 20.4 (6.2) <0.001
General sophistication (score) 81.8 (14.7) 40.5 (15.6) <0.001
Melody memory accuracy (%)  73.3 (13.0) 65.4 (14.9) 0.033
Memory confidence (score) 18.2 (8.1) 14.6 (3.4) <0.001

Data are presented as the mean (SD). P-values are from t-tests on between-
group differences. Gold-MSI, Goldsmiths Musical Sophistication Index; SD,
Sstandard deviation.
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All
n 108
Age (SD) 93.85 (2.60)
Female (%) 69 (63.89)
Education (SD)
High-school graduate or less (%) 15 (13.89)
Some college to college graduate (%) 47 (43.52)
Some graduate school or higher (%) 46 (42.59)

TCP

35
94.06 (2.60)
22 (62.86)

3(8.57)
18 (61.43)
14 (40)

Non-TCP T-test/Fisher’s exact test or chi square test

73
93.75 (2.62) 0.565
47 (64.38) >0.999
0.391
12 (16.44)
29 (39.73)
32 (43.84)

The 90 + Study sample subject demographic information with T-Test, Fisher’s Exact Test, and Chi square test comparisons.
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Age Group

70-89

70s

80s

90s

ROI

Left Caudal Anterior Cingulate, Left Posterior
Cingulate, Left Rostral Anterior Cingulate,
Right Caudal Anterior Cingulate, Right
Posterior Cingulate, Right Rostral Anterior
Cingulate

Left Caudal Anterior Cingulate, Left
Caudal Middle Frontal, Left Entorhinal, Left
Medial Orbitofrontal, Left Paracentral, Right
Cuneus, Right Superior Frontal

Left Caudal Anterior Cingulate, Left Posterior
Cingulate, Left Rostral Anterior Cingulate,
Right Caudal Anterior Cingulate, Right
Posterior Cingulate, Right Rostral Anterior
Cingulate

Left Entorhinal, Left Inferior Temporal, Left
Paracentral, Left Rostral Anterior
Cingulate, Right Caudal Anterior
Cingulate, Right Lingual, Right Rostral
Anterior Cingulate

Left Caudal Anterior Cingulate, Left Posterior
Cingulate, Left Rostral Anterior Cingulate,
Right Caudal Anterior Cingulate, Right
Posterior Cingulate, Right Rostral Anterior
Cingulate

Left Pericalcarine, Left Postcentral, Left
Superior Temporal, Left Supramarginal, Right
Isthmus Cingulate, Right Parahippocampal,
Right Superior Parietal

Left Caudal Anterior Cingulate, Left Posterior
Cingulate, Left Rostral Anterior Cingulate,
Right Caudal Anterior Cingulate, Right
Posterior Cingulate, Right Rostral Anterior
Cingulate

Left Isthmus Cingulate, Left Lateral
Orbitofrontal, Left Pars Opercularis, Left
Transverse Temporal, Right Caudal
Anterior Cingulate, Right Medial
Orbitofrontal, Right Insula

Fitted Model

Logit(TCP) = —4.13 + 0.48 X, cavcaanteriorCinguiate + 0-48 X_posteriorcinguiate + 0-28
X_ RostralAnteriorCingulate + 0-43 XRcaudaiAnteriorCingulate + 0.-33 XgposteriorCinguiate = 0-61 XRRostralanteriorCingulate

Logit(TCP) = —2.36 + 0.66 X, caudanteriorCinguiate + 1-72 X CaudaiMiddieFrontal = 0-62 X( entorhinar + 1.28
X MedialOrbitofrontal + 1.37 X paracentral — 1.00 Xpcuneus — 2.23 XRsuperiorFrontal

Logit(TCP) = —8.95 + 0.73 X, cauaaiAnteriorCingulate + 0-28 Xt posteriorCingutate + 0-51
XL RostralAnteriorCingulate + 1-08 XRcaudaianteriorCingulate + 0.10 XgposteriorCinguiate — 1-28 XRRostralAnteriorCingulate

Logit(TCP) = —4.19 - 0.64 X, gntorhinal + 1.01 Xinferiortemporal + 1.62 X paracentral + 1.19
XL RostralAnteriorCingulate + 1-33 XRcaudaianteriorCingulate — 1-50 XALinguar — 1-39 XRRostraiAnteriorCinguiate

Logit(TCP) = —5.37 — 0.30 X caudaiAnteriorCingulate + 1-91 XtposteriorGinguiate — 0-24X( RostralAnteriorCingulate —
1.06 XrcaudaianteriorCingulate + 0-74 XrposteriorCingulate + 0-77 XRRostralAnteriorCingulate

Logit(TCP) = —9.94 + 3.49 X, pericalcarine + 914 XL postcentral — 5.33 X SuperiorTemporal + 3.95 XLSupramarginal +
5.76 XRisthmusCingulate — 3.72 XRparahippocampal — T -79 XRSuperiorParietal

Logit(TCP) = —2.67 + 1.51 X caudainteriorCingulate + 0-55 XL posteriorGinguiate — O-11X RostralanteriorCingulate —
1.28 XgrcaudaianteriorCingulate + 0-71 XrposteriorCingulate — 0-43 XRRostralAnteriorCingulate

Logit(TCP) = —4.21 + 2.31 XyisthmusGinguiate + 5-41 X(LaterailOrbitofrontal — 6-94 X parsOpercutaris + 2-25
X( TransverseTemporal — 2-83 XRcaucaianteriorCingulate = 2-77 XAMedialOrbitotrontal + 2-33 XRinsula

First row for each respective age group (70-89, 70s, 80s, and 90s) represents logistic regression models ran with a priori cingulate ROls as predictors. Second row
for each respective age group represents forward selection logistic regression models ran with all 62 cortical ROls and each region selected; cingulate regions are
bolded for reference.
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Age group Forward selected Forward selected Forward selected Forward selected ROIs + Forward selected ROIs +

ROIs ROIs + sex ROIls + education sex, education age, sex, and education
70-89 0.73 0.74 0.77 0.79 0.79
70s 0.75 0.76 0.78 0.80 0.80
80s 0.88 0.89 0.89 0.90 0.89
90s 0.83 0.83 0.84 0.84 0.85

To assess predictive ability beyond cortical thickness, age, sex, and education were added to logistic regression model.
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All 70 year old’s TCP Non-TCP T-test/Fisher’s 80 Year Old’s TCP Non-TCP T-test/Fisher’s
exact test Exact Test
n 347 244 83 161 103 22 81
Age (SD) 75.94 (4.95) 74.25(2.72) 74.07 (2.68) 74.34(2.75) 0.476 83.31(2.67) 82.82(2.56) 83.44 (2.70) 0.331
Female (%) 211 (60.81%) 150 (61%) 59 (71%) 91 (56%) 0.037 61(59.22%) 13(59.09%) 48 (59.26%) >0.999
Education (SD)  15.00 (3.38)  15.07 (3.35) 16.49(2.37) 14.33(3.54) <0.0001 14.82 (3.47) 16.55(2.54) 14.35(3.55) 0.008

NACC sample subject demographic information with T-test and Fisher’s Exact Test comparisons. p value < 0.05.





OPS/images/fnhum-16-786853/fnhum-16-786853-e000.jpg
J Ri(H)R;(Hdt
(/R [ R W) =

Z(i, j) = tanh ™' (r(i, j)) @)

(i, j) = (&)





OPS/images/fnhum-16-786853/cross.jpg
3,

i





OPS/images/fnagi-13-785666/fnagi-13-785666-t001.jpg
Xlateral

Primary motor cortex
Young-group  31.1 3.8
Aged-group  87.3 £39
Putamen

Young-goup  26.7 £1.8
Aged-group  27.4 £13
External pallidum
Young-group  14.6 £55
Aged-group. 16.8 +1.9
Internal pallidum
Young-group 137 £2.1
Aged-group  14.9 £18
Subthalamic nucleus
Young-goup 1.2 £15
Aged-group  10.8 £1.7
Substantia nigra
Young-goup 7.3 £1.6
Aged-group 72 £07
Ventral-anterior thalamus
Young-goup 9.4 £0.7
Aged-group 96 1.2

¥ posterior

—19.6 £52
-19.7 +£63

-48 £12
-52 13

-2.4 £06
—23 13

—6.4 £1.1
-61 17

-138 £2.0
—13.1 £22

=192 13
-185 +1.3

-11.0 £1.0
—111 £16

Z superior

532 +£6.4
483 +£5.3

0.33 £0.1
041 £0.4

20 £18
28 +22

-2 £1.7
-14 £19

-33 £25
=51 £27

-79 1.7
-9.1 £3.1

6.6 £3.0
75 £1.9

The size of the VOls is shown by the number of their structural voxels.

40.7 £89
37.2 £109

21.9 £4.1
20.1 £3.7

85 +£4.0
7.4 £37

82 £06
82 +£0.6

11.3 £4.6
121 £36

2241 £31.1
217.1 £293

226 +£6.2
282 £73





OPS/images/fnagi-13-785666/fnagi-13-785666-g003.gif
‘Aged group

‘Young group.

P B

-

.,





OPS/images/fnagi-13-785666/fnagi-13-785666-g002.gif
Young group Aged group

young group _aged group.
synchronic activty [_——
antisynchronic activity|_——.






OPS/images/fnagi-13-785666/fnagi-13-785666-g001.gif
e wa
e’y
o a—
s _an

Ty





OPS/xhtml/Nav.xhtml




Contents





		Cover



		NEUROIMAGING AND INFORMATICS FOR SUCCESSFUL AGING



		Editorial: Neuroimaging and informatics for successful aging



		Author contributions



		Acknowledgments



		Conflict of interest



		Publisher's note









		Mindfulness Training Improves Cognition and Strengthens Intrinsic Connectivity Between the Hippocampus and Posteromedial Cortex in Healthy Older Adults



		INTRODUCTION



		MATERIALS AND METHODS



		Recruitment, Randomization and Blinding



		Participants



		Cognitive Outcome Measure



		Cognitive Training Programs



		Mindfulness Training Program



		Cognitive Fitness Training Program









		MRI Data Acquisition and Analysis



		Data Acquisition Parameters



		Structural Image Processing With Voxel Based Morphometry (VBM)



		Seed-Based Connectivity Analyses









		Statistical Analysis Methods for Behavioral and Neural Outcome Measures









		RESULTS



		Cognitive Outcomes



		Mindfulness Training Is Associated With Increased Intrinsic Connectivity Between the Right Hippocampus and Posteromedial Cortex



		Mindfulness Training Is Associated With Increased Intrinsic Connectivity Between the Left Hippocampus and the Right Angular Gyrus









		DISCUSSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		ACKNOWLEDGMENTS



		SUPPLEMENTARY MATERIAL



		REFERENCES









		Regional Cortical Thickness Predicts Top Cognitive Performance in the Elderly



		INTRODUCTION



		EXPERIMENTAL DESIGN AND METHODS



		The National Alzheimer’s Coordinating Center



		Participants



		Neuropsychological Criteria for Group Inclusion



		MRI Acquisition and Processing









		The 90 + Study



		Participants



		Neuropsychological Criteria for Group Inclusion



		MRI Acquisition and Processing









		Statistical Analysis of MRI Study Participants and Cortical Thickness









		RESULTS



		Demographics and Neuropsychological Performance at Baseline



		Cortical Thickness in the National Alzheimer’s Coordinating Center Sample: A priori Cingulate Regions



		Cortical Thickness in the National Alzheimer’s Coordinating Center Sample: Whole-Brain



		Cortical Thickness Across Age Groups



		Role of Age, Sex, and Education Covariates



		Reliability of Selected Regions









		DISCUSSION



		Limitations









		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		SUPPLEMENTARY MATERIAL



		FOOTNOTES



		REFERENCES









		Resting State Networks Related to the Maintenance of Good Cognitive Performance During Healthy Aging



		INTRODUCTION



		MATERIALS AND METHODS



		Participants



		Acquisition of MR Imaging Data



		Neuropsychological Test



		Image Preprocessing



		Data Analysis



		A Correlation Analysis and Regression Analysis for Age-Related Factors









		VBM Analysis With Factors Associated for Aging



		Resting State Network Analysis for Aging and the Associated Factors









		RESULTS



		A Correlation Analysis and Regression Analysis for Age-Related Factors



		VBM Analysis With Factors Associated With Aging



		Resting State Network Analysis for Aging and the Associated Factors









		DISCUSSION



		Morphological Analysis for Aging and Cognition



		Network Analysis for Aging and Cognition



		Limitations









		CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		ACKNOWLEDGMENTS



		FOOTNOTES



		REFERENCES









		Characteristics of Neural Network Changes in Normal Aging and Early Dementia



		INTRODUCTION



		WIDESPREAD ATROPHIC CHANGES AND NETWORK ALTERATIONS IN THE BRAIN’S GRAY MATTER WITH AGING



		AGING AND CHANGES IN WHITE MATTER VOLUME AND NETWORK



		AGE-RELATED CHANGES IN THE BRAIN’S FUNCTIONAL NETWORKS



		DEMENTIA AND FUNCTIONAL NETWORKS: POSITIONING OF HUBS



		POSSIBLE CELLULAR MECHANISMS OF HUB VULNERABILITY IN THE AGING BRAIN AND NEURODEGENERATION



		LIMITATIONS AND FUTURE DIRECTIONS



		CONCLUSION



		AUTHOR CONTRIBUTIONS



		FUNDING



		REFERENCES









		Differences in Diffusion Tensor Imaging White Matter Integrity Related to Verbal Fluency Between Young and Old Adults



		INTRODUCTION



		MATERIALS AND METHODS



		Participants



		Behavioral Testing



		Magnetic Resonance Imaging Data Acquisition



		Data Preprocessing



		Region of Interest Selection



		Statistical Analysis









		RESULTS



		DISCUSSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		ACKNOWLEDGMENTS



		FOOTNOTES



		REFERENCES









		BrainFD: Measuring the Intracranial Brain Volume With Fractal Dimension



		INTRODUCTION



		MATERIALS AND METHODS



		RESULTS



		CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		ACKNOWLEDGMENTS



		REFERENCES



		APPENDIX



		Documentation



		Installation guide





















		Electrophysiological Biomarkers of Epileptogenicity in Alzheimer’s Disease



		INTRODUCTION



		SCALP ELECTROENCEPHALOGRAM



		Epileptiform Discharges



		Small Sharp Spikes



		Temporal Intermittent Rhythmic Delta Activity



		Paroxysmal Slow Cortical Activity









		MAGNETOENCEPHALOGRAPHY



		FORAMEN OVALE ELECTRODES



		COMPUTATIONAL APPROACHES



		DISCUSSION



		CONCLUSION



		AUTHOR CONTRIBUTIONS



		FUNDING



		ACKNOWLEDGMENTS



		REFERENCES









		Impact of Early-Commenced and Continued Sports Training on the Precuneus in Older Athletes



		Introduction



		Materials And Methods



		Participants



		Measures Of Physical Activity



		Behavioral Measurements



		Statistical Analysis Of Behavioral Data



		Image Acquisition









		Results



		Demographics



		Behavioral Scores









		Discussion



		Conclusion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments









		Neurodegeneration and Vascular Burden on Cognition After Midlife: A Plasma and Neuroimaging Biomarker Study



		Introduction



		Methods



		Participants



		Cognitive Assessment



		Blood Sample Collection And Preparation



		Imr Measurements



		Stroke Volume And Brain Atrophy Evaluation



		Amyloid Pet Image Acquisition And Analysis









		Results



		Discussion



		Conclusion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments









		Is There Any Relationship Between Biochemical Indices and Anthropometric Measurements With Dorsolateral Prefrontal Cortex Activation Among Older Adults With Mild Cognitive Impairment?



		INTRODUCTION



		MATERIALS AND METHODS



		Study Design



		Data Collection



		Preprocessing of the Functional Data and First-Level Analysis



		Statistical Analysis









		RESULTS



		Profiles of the Participants



		Functional MRI Brain Activation



		Relationship Between Demographic Characteristics, Anthropometric Measurements, Biochemical Profiles, Biomarkers, Cognitive Tests, and Brain Activation









		DISCUSSION



		CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		ACKNOWLEDGMENTS



		REFERENCES









		Neural Advantages of Older Musicians Involve the Cerebellum: Implications for Healthy Aging Through Lifelong Musical Instrument Training



		INTRODUCTION



		MATERIALS AND METHODS



		Participants



		Goldsmiths Musical Sophistication Index



		Behavioral Measurements



		Statistical Analysis of Behavioral Data



		Image Acquisition



		Functional Magnetic Resonance Imaging Tasks



		Image Pre-processing and Statistical Analysis of Structural Data



		Image Pre-processing and Statistical Analysis of Task-Related Functional Connectivity



		Image Pre-processing and Statistical Analysis of Functional Data









		RESULTS



		Demographics



		Behavioral Scores



		Musical Instrument Experience-Related Structural Changes



		Task-Related Functional Connectivity



		Task-Related Activation









		DISCUSSION



		The Effect of Lifelong Musical Training: From Skillful Tapping to Cognition



		Older Musicians’ Cerebellar Maintenance



		Activation of the Cerebellar-Hippocampal Network and Supramarginal Gyrus in Musicians









		CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		ACKNOWLEDGMENTS



		SUPPLEMENTARY MATERIAL



		FOOTNOTES



		REFERENCES









		Young and Aged Neuronal Tissue Dynamics With a Simplified Neuronal Patch Cellular Automata Model



		1. Introduction



		2. Continuous Cellular Automata Model of a Neuronal Patch



		2.1. Activation Function



		2.2. Neighborhood and Boundary Conditions



		2.3. Two-Layered Lattice and the External Input









		3. Numerical Experiments



		4. Effect of External Input and Layered Lattice



		5. Cobweb Diagram Analysis



		6. Bifurcation Diagram Analysis



		7. Extending to Nonlinear Activation Function



		8. Young and Aged Neuronal Systems



		9. Computational Complexity



		10. Conclusions



		Data Availability Statement



		Author Contributions



		Acknowledgments



		Supplementary Material



		References









		The Influence of Aging on the Functional Connectivity of the Human Basal Ganglia



		Highlights



		Introduction



		Methods



		Subjects



		Data Collection



		Data Pre-processing



		Correlation Methods









		Results



		Functional Connectivity of BG During the No-Motion Intervals



		Functional Connectivity of BG During the Motor-Task









		Discussion



		Functional Connectivity of the BGmC in Young People



		Functional Connectivity of the BGmC in Aged People









		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		References









		Verbal Training Induces Enhanced Functional Connectivity in Japanese Healthy Elderly Population



		INTRODUCTION



		MATERIALS AND METHODS



		Participants



		Procedure



		Verbal Articulation Training



		Image Acquisition



		Resting-State Functional Magnetic Resonance Imaging Processing



		Functional Connectivity Measures and Statistical Analysis









		RESULTS



		Behavioral Measures



		Post-functional Pre-functional Connectivity Change



		Correlation Between Functional Connectivity and Reading Speed of the Sentence Reading Task









		DISCUSSION



		CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		ACKNOWLEDGMENTS



		SUPPLEMENTARY MATERIAL



		FOOTNOTES



		REFERENCES









		Foreign Language Learning in Older Adults: Anatomical and Cognitive Markers of Vocabulary Learning Success



		1. Introduction



		1.1. Foreign Language Learning in Older Adults



		1.2. Neurocognitive Bases of Foreign Language Learning



		1.3. The Present Study









		2. Materials and Methods



		2.1. Participants



		2.2. Study Description



		2.3. Italian Vocabulary Learning Programme



		2.3.1. Introductory Lesson



		2.3.2. Computerized Vocabulary Lessons



		2.3.3. Italian Final Test



		2.3.4. Measures of Immediate Learning Success and Language Retention









		2.4. MRI Protocol



		2.4.1. Structural MRI



		2.4.2. Extraction of Anatomical Measures









		2.5. Behavioral Test Battery



		2.5.1. Cognitive Test Battery



		2.5.2. Phonological Test Battery









		2.6. Linear Mixed-Effects Modeling



		2.7. Cognitive and Phonological Skill Comparisons Between Initial- and Post-learning









		3. Results



		3.1. Italian Learning Performances



		3.2. MRI Results



		3.2.1. Surface-Based Cortical Measures and Brain Volume Measures



		3.2.2. Cortical Predictors of Learning Performance



		3.2.3. Sub-cortical Volumetric Predictors of Learning Performance









		3.3. Cognitive and Phonological Associations



		3.3.1. Correlations Among the Cognitive and Phonological Predictors



		3.3.2. Cognitive Models: Predictors of In-class and Final Test Performances









		3.4. Cognitive Comparison Between the Initial-Learning vs. Post-learning Phase









		4. Discussion



		4.1. Semantic, Episodic, and Phonological Associations With Vocabulary Learning



		4.2. Differential Hemispheric Associations in Immediate and Long-Term Retention



		4.3. The Anatomical Associations of Sub-cortical Regions



		4.4. Conclusion and Limitations









		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		References









		Developments in Deep Brain Stimulators for Successful Aging Towards Smart Devices—An Overview



		Clinical Applications of Deep Brain Stimulation for Chronic Diseases



		Efficacy of Deep Brain Stimulation for the Management and Treatment of Chronic Diseases



		Parkinson’s Disease



		Epilepsy



		Dystonia



		Alzheimer’s Disease



		Tremors



		Side Effects of DBS









		Mechanisms of Deep Brain Stimulation



		Conventional Open-Loop Control Deep Brain Stimulation



		Closed-Loop Controlled Deep Brain Stimulation—“Smart” DBS



		Choice of the Biomarker for Closed-Loop DBS Control



		Closed-Loop Control Schemes



		Hardware Implementations of Smart DBS



		On-Board Module Smart DBS



		SoC-Based Smart DBS Developments



		Commercially Available IPG Devices for DBS









		Design Considerations for Smart DBS Implementation



		Conclusion



		Author Contributions



		Funding



		Publisher’s Note



		References























OPS/images/fnagi-13-785666/crossmark.jpg
©

2

i

|





OPS/images/fninf-15-763560/math_3.gif





OPS/images/fninf-15-763560/math_2.gif
0 0 <@ <ag
Gout — @)

- az(lf(lfﬁb) Gz a





OPS/images/fninf-15-763560/math_1.gif
[©






OPS/images/fnagi-13-702796/fnagi-13-702796-g002.jpg
B Cognitive Fitness Training Mindfulness Training

3.004
§
—_
S 200 o R
cQ (]
o o
o+ o
08 100 5 oa’o
£5 )
Ay o % Z M
(&} L LR AR, SR 0" =\ 7 e S
§< ° ° @ 3
&% S 0 °°
-1.00- LIPS o
o
- T T T T T T T T T T
MNI coordinates Cluster size Pewe -2.00 -1.00 00 1.00 200 -2.00 -1.00 .00 1.00 2.00
Change in Hipp pus (R)/P C tivity
+6 -52 +54 74 0.036
D Cognitive Fitness Training Mindfulness Training
3.00
s
-
k=4
cQ
oD
O =
o3d
£5
20
20
s
‘.:,n. o ©
-1.00 o o 4
o ]
=2.00—7 T T T T T T T T T T T T T
-3.00 -200 -1.00 00 1.00 2.00 3.00 -3.00 -2.00 -1.00 .00 1.00 2.00 3.00
MNI coordinates Cluster size Pewe Change in Hipp pus (L)/A lar Gyrus C tivity

+62 -48 +16 116 0.003





OPS/images/fnagi-13-702796/fnagi-13-702796-t001.jpg
Mindfulness Cognitive Statistical p Cohen’sd

training fitness test value
training
Sample size 70 75
Age (years) 702+ 441 71.0+4.3 t=—110 0.27 0.19
(n=70) (n=75)

Gender (% female) 55.7 (n=70) 5633 ((n=75 x(1)=0.08 0.77
Education (years) 16.7 £1.8 167 £1.8 t=0.12 0.91 0.00

=89 (n=74)
Education (ISCED 6.5+ 1.0 6.5+ 1.1 t=0.10 0.92 0.00
level) (n=69) (n=74)

Numbers denote mean =+ standard deviation. p indicates the significance of the
group differences on Students’ t or chi-square test.





OPS/images/fnagi-13-702796/cross.jpg
3,

i





OPS/images/fnagi-13-702796/fnagi-13-702796-g001.jpg
0.60- *

0.50

0.40

Change in Cognition
PACC [post - pre]

-0.10 , I
Cognitive Fitness Training Mindfulness Training

Error Bars: 95% CI





OPS/images/fnagi-13-751375/fnagi-13-751375-g001.jpg
14851 Participants above

60 years old with normal

cognition at initial UDS
visit

l

1659 Participants with at
least one T1 MRI scan
available within 2 years of
initial UDS visit

209 Participants with
Structural MRIs

v

1564 Participants with
cortical thickness calculated
by the IDeA Lab

Excluded: No MRI
available calculations not
performed
n=95

> 2 visits
n=189

Excluded: < 2 visits
n=20

560 Participants

Excluded: Individuals
scores missing in one or
more of the two TCP
criteria
n=1004

Majority normal diagnoses
on n visits closest to sMRI
n=120

Excluded:
* Any diagnosis of
dementia
* > diagnosis of CIND
n= 69

Top Cognitive Performer
Analysis
n= 347

Excluded: Individuals aged
below 70 and above 90
n=213

Top Cognitive Performer
Analysis
n=108

Excluded: Individuals
scores missing in one or
more of the two TCP
criteria
n=12






OPS/images/fnagi-13-751375/fnagi-13-751375-g002.jpg
I Rostral Anterior Cingulate
= Caudal Anterior Cingulate

[ ] Posterior Cingulate






OPS/images/fnagi-13-702796/fnagi-13-702796-t002.jpg
Mindfulness training

Pre Post t P Cohen’s d

PACC n=70(n=61) n=61

Digit symbol 51.8 +£9.7 52.6 + 9.1 —-1.66 0.10 0.09
(61.3+£9.3

MMSE 291 +1.0 29.0+1.3 025 0.80 0.09
(26.1 £ 1.1)

FCSRT total 30.8 £ 5.8 32.3+4.8 —-1.93 0.06 0.28

recall 81.2+5.7)

LMlla delayed  12.2 + 4.2 13.9 + 41 —2.70 0.009 0.41

recall (12.3+4.2)

Total PACC 0.21 + 0.68

change

(n =61)

Coghnitive fitness training

Pre Post t P Cohen’s d

PACC n=75(n=65 n=65

Digit symbol 49.0 +11.0 50.3+ 11.1 -1.83 0.07 0.12
(48.9 + 11.6)

MMSE 29.0+1.0 28.8+1.0 114  0.26 0.2
(28.9 £ 1.0)

Free recall 814 Eibul 31.4+49 —-0.35 0.73 0.06
B1.1+£5.2)

Delayed recall  12.5 £ 3.3 147+ 4.0 —-5.12 <0.001 0.6
(12.3 £ 3.3)

Total PACC 0.10 + 0.64

change

(n =65)

Numbers denote mean =+ standard deviation for each cognitive measure, and
PACC; p values pertain to paired t-tests between participants with both baseline
and follow-up measures.





OPS/images/fnagi-13-751375/cross.jpg
3,

i





OPS/images/fnhum-16-976524/crossmark.jpg
(®) Check for updates





OPS/images/fninf-15-763560/inline_8.gif





OPS/images/fninf-15-763560/inline_7.gif
Fes™





OPS/images/fninf-15-763560/inline_6.gif





OPS/images/fninf-15-763560/inline_5.gif
N =0





OPS/images/fninf-15-763560/inline_4.gif





OPS/images/fninf-15-763560/inline_3.gif





OPS/images/fninf-15-763560/inline_2.gif





OPS/images/fninf-15-763560/inline_1.gif





OPS/images/fninf-15-763560/fninf-15-763560-i003.gif





OPS/images/fninf-15-763560/fninf-15-763560-i002.gif





OPS/images/fnhum-16-787413/fnhum-16-787413-t004.jpg
Score Region

Ita-to-Can L pars orbitalis
Rinsula
L caudalmiddiefrontal
L entorhinal
R parsorbitalis
L parstriangularis
L middletemporal
R rostralmiddefrontal
R entorhinal
Can-to-ta L parsorbitalis
R parsorbitalis
Rinsula
R caudalanteriorcingulate
L entorhinal
L caudalmiddlefrontal
R middletemporal
L parstriangularis
Ltemporalpole
R parstriangularis
R entorhinal
R bankssts
Final test R entorhinal

L parsorbitalis

L bankssts

R fusiform

L supramarginal

L precentral

L parstriangularis

L rostralmiddiefrontal

L caudalmiddiefrontal

R supramarginal

plunc), uncorrected p, p(FDR), FDR-corrected p.

AlC

742.99
747.47
747.91
749.27
751.16
751.90
754.23
754.50
755.31
739.46
773.79
775.95
776.55
778.46
779.93
781.39
782.35
782.89
784.01
785.88
785.97
659.81
665.77
668.01
668.87
672.66
673.41
674.62
676.83
676.87
677.77

BIC

821.14
825.63
826.07
827.42
820.31
830.06
832.38
832.65
833.46
817.62
851.94
854.10
854.71
856.61
858.08
850.55
860.51
861.04
862.16
864.03
864.12
719.36
726.32
727.57
728.42
732.22
732.96
73417
736.38
736.43
737.32

logLik

—-341.49
—343.74
—343.96
—~344.63
—345.58
—346.95
—-347.11
—347.25
-347.65
—339.73
—356.89
—357.97
-368.28
-350.23
-359.96
—360.70
-361.18
—361.44
—362.00
—362.94
—362.98
—304.91
—307.89
—300.01
—300.43
-311.33
-311.70
-312.31
-313.41

—-313.44
-313.89

r2m

0.67
075
0.63
0.58
0.33
0.59
0.49
053
0.42
0.60
0.36
072
0.32
0.70
056
0.33
0.47
0.64
0.30
0.49
0.41
075
071
0.69
074
0.70
0.67
0.67
0.68
0.70
0.656

rec

0.94
093
0.94
0.94
0.94
093
094
093
094
0.96
0.94
092
0.94
092
093
0.94
093
092
0.94
093
093
0.86
0.86
0.86
0.83
0.84
085
0.84
0.83
082
0.84

x2

43.75
39.26
38.82
37.46
35.58
34.83
32.51
32.23
31.43
79.54
45.22
43.05
42.45
40.55
39.08
37.61
36.65
36.11
34.99
33.13
33.04
48.06
42.10
39.86
39.01
35.21
34.47
33.26
31.05
31.00
30.10

P <0.001, %, p <0.01, * p <0.05, t, marginal, ns, non-significant.

20
20
20
20
20
20
20
20
20

20
20
20
20
20
20
20
20
20
20
20
16
16
16
16
16
16
16
16
16
16

P (unc)

0.002
0.008
0.007
0.010
0.017
0.021
0.038
0.041
0.060
<0.001
0.001
0.002
0.002
0.004
0.007
0.010
0.013
0.015
0.020
0.033
0.033
<0.001
< 0.001
0.001
0.001
0.004
0.005
0.007
0.013
0.013
0.017

P (FDR)

0.052
0.075
0.0756
0.082
0.110
0.112
0.163
0.163
0177
<0.001
0.016
0.019
0.019
0.027
0035
0.045
0.052
0.053
0.064
0.089
0.089
0.001
0.006
0.009
0.009
0.024
0.026
0.031
0.048
0.048
0.056





OPS/images/fnhum-16-787413/fnhum-16-787413-t003.jpg
Score

Ita-to-Can

Can-to-lta

FinalTest

Term

Week
Age
Education
Gender
Week
Age
Education
Gender
TestPart
Age
Education
Gender

SumSq

3156.37
29.23
25.39
21.36

4726.65
68.48
43.20

0.59
18082.02
307.16
119.81
132.84

MeanSq

789.09
29.23
2539
21.36

1181.66
68.48
43.20

0.59
6027.34

307.16
119.81
132.84

*, p <0.001, **, p <0.01, *, p <0.05, t, marginal, ns, non-significant.

NumDF

R JEE (R T W EUREr Y

DenDF

80.0
20.0
20.0
20.0
80.0
20.0
20.0
20.0
60.0
20.0
20.0
20.0

19.83
0.73
0.64
0.64
2064
1.20
0.75
0.01
41.41
211
0.82
0.91

<0.001
0.402
0434
0.472
<0.001
0.287
0.395
0.920
< 0.001
0.162
0.376
0.351

ns

ns
ns





OPS/images/fnhum-16-787413/fnhum-16-787413-t002.jpg
Score (%)

InClass-Ita-to-Can
InClass-Can-to-lta
FinalTest-Dictation
FinalTest-lta-to-Can
FinalTest-Can-to-Ita
FinalTest-Grammar

Mean

718
411
59.5
80.2
56.4
929

sD

204
225
174
214
BT.T
59

Min

26.7
6.2
30.0
36.7
16.7
789

Max

B85
730
91.7
100
96.7
100





OPS/images/fnhum-16-787413/fnhum-16-787413-t001.jpg
Task

Stroop Color and Word Test

Digit span forward

Hong Kong List Learning Test
Picture naming task
Semantic fiuency

Raven's SPM

Cantonese discrimination
Cantonese Spoonerism
English discrimination

English Spoonerism

Italian discrimination

Italian Spoonerism

Cognitive function or phonological skill

Processing speed
Inhibition function

Phonological STM

Verbal episodic memory

Naming latency

Semantic memory

Matrix reasoning

Cantonese perceptual skill
Cantonese phonological awareness
English perceptual ski

English phonological awareness
talian perceptual skil

talian phonological awareness

Detail

Average number of correct responses in 45 s across the word and color sub-tasks

Number of correct responses in the color-word sub task, divided by the processing
speed measure above

‘The maximum memory load reached (test continued if 2 of 3 questions were correct
at agiven load; half a point would be added in case of a single correct answer)

Number of memory items retrieved after 30 min
The average latency of correct answers

Average number of responses across 16 semantic categories
Standardized number of correct responses

Number of correct answers (Max: 41)

Number of correct answers (Max: 30)

Number of correct answers (Max: 38)

Number of correct answers (Max: 30)

Number of correct answers (Max: 35)

Number of correct answers (Max: 30)





OPS/images/fnhum-16-787413/fnhum-16-787413-g007.gif
-§ -3 SRl

3 g

5 -5 PR E

2 ki gt

H g | |

& "%
T r T e T E T T8 §gETE o
(0 w-or-veo (0 -or-wey

HKCLT (i

T
i
Fuuenecy (nia-learning)

Processing speed (infiallearming)

T E s @ e
(%) e-oi-ueo

R

= 0
Picture naming RT (initial-learning)





OPS/images/fnhum-16-787413/fnhum-16-787413-g006.gif





OPS/images/fnhum-16-787413/fnhum-16-787413-g005.gif





OPS/images/fnhum-16-787413/fnhum-16-787413-g004.gif





OPS/images/fnhum-16-787413/fnhum-16-787413-g003.gif
Accuracy (%)

100

o

Hta-to-Can translation (in-class)

Accuracy (%)

100,

£l

2

Can-to-lta translation (in-class)






OPS/images/fnhum-16-787413/fnhum-16-787413-g002.gif





OPS/images/fnagi-13-765185/fnagi-13-765185-g002.jpg
3D MRI Image % Gether non-Sero % Gather N

voxels Iterate from log0.01
to logl
LogN(s) / Log(s) output files Least squares
plot regression model

Calculate Df (linear fit)






OPS/images/fnagi-13-765185/fnagi-13-765185-g003.jpg
0o 2 4 6 8 10 12

Box-counting method for scale = 1 Box-counting method for s = 0.25





OPS/images/fnagi-13-765185/fnagi-13-765185-g004.jpg
SRVIsSERETD

-





OPS/images/fnagi-13-765185/fnagi-13-765185-g005.jpg
'
.
-
1
9 4
-

A






OPS/images/fnagi-13-750621/fnagi-13-750621-t002.jpg
Tracts Mean difference (young-old) Standard error P 95% confidence interval for difference

Lower bound Upper bound
FA Right ACR 0.0454 0.0080 0.0000 0.0175 0.0732
Left ACR 0.0511 0.0083 0.0000 0.0221 0.0802
MD Right ACR —0.195 0.0053 0.0005 —0.0380 —0.0009
Left UF 0.0291 0.0078 0.0004 0.0018 0.0564
RD Right ACR —0.0415 0.0084 0.0000 —0.0709 —0.0121
Left ACR —0.0424 0.0094 0.0000 —0.0752 —0.0097

All DTl metric values are p < 0.00083 (Bonferroni multiple comparison 0.05/60 labels) after controlling for sex and education. FA, fractional anisotropy; MD, mean diffusivity
(unit: wm?/ms); RD, radial diffusivity (unit: wm?/ms); ACR, anterior corona radiata; UF, uncinate fasciculus.
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Characteristics Young old t P
Number 38 35

Age (years) [range] 23.58 (3.35) [18-32] 60.91 (5.25) [65-77] 28.64 0.000
Education (years) [range] 16.79 (2.22) [12-21] 17.43 (2.87) [12-22] 1.068 0.289
Sex (male/female) 21/17 19/16 0.678 0.878
VF z-score —0.28 (1.03) 0.35(1.23) 2.355 0.021
Handedness (right/left/amb) 33/3/2 31/4/0 8.574 0.127

Standard deviations are shown in parentheses.

VF, verbal fluency; amb, ambidextrous.
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Analysis Unit

Hippocampus r

Cereb1 r

MidFG r

IFG oper r

Caudate |

PreCG r
Networks.SensoriMotor.Lateral |
aSMG |

pPaHC r

tolTG r

LG

Ver 6

sLOCr

ICC I
Networks.Visual.Medial r
Networks.Visual.Lateral |

F-value (df)

3.20 (4.16)
6.03 (4.16)
2.1 (4.16)
1.47 (4.16)
2.15 (4.16)
1.03 (4.16)
2.08 (4.16)
1.51 (4.16)
3.18 (4.16)
3.63(4.16)
3.77 (4.16)
1.35 (4.16)
1.91 (4.16)
4.57 (4.16)
7.09 (4.16)
1.32 (4.16)

p-unc

0.0413
0.0037
0.1276
0.2561
0.1218
0.4198
0.1317
0.2467
0.0421
0.0275
0.0242
0.2939
0.1587
0.0119
0.0018
0.3066

p-FDR

0.4503
0.1656
0.6345
0.6718
0.6345
0.7462
0.6345
0.6718
0.4503
0.4503
0.4503
0.6718
0.6345
0.3181
0.1656
0.6718

Hippocampus r, the right hippocampus; Cereb1 r, the right cerebellum 1; MidFG
1, the right middle frontal gyrus; IFG oper r, the right inferior frontal gyrus opercu-
laris; Caudate |, the left caudate; networks.SensoriMotor.Lateral |, the left lateral
motor cortex; PreCG r, the right precentral gyrus; aSMG |, the left anterior
supramarginal gyrus; pPaHC r, the right parahjppocampal gyrus; tolTG r, the right
temporo-occipital part of inferior temporal gyrus; LG |, the left lingual gyrus; Ver
6, Vermis 6; sLOC r, the right superior lateral occipital cortex; ICC I, the left
inferior cingulate cortex; networks.Visual.Medial r, the right medial visual cortex;
networks.Visual.Lateral |, the left lateral visual cortex. The bold values indicate

p < 0.05.
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Df Sum sq Mean sq

Training? 1 571,451,416 571,451,416 2633.989
Sensicality? 1 62,990,103 62,990,103

Difficulty® 1 1,231,336 1,231,336

Training: Sensicality 1 111,891,968 111,891,968 515.7434
Training: Difficulty 1 23,562 23,562

Sensicality: 1 6,770 6,770

Difficulty

Training: 1 1,478,534 1,478,534

Sensicality:

Difficulty

4Pretraining and post-training.
bNon-sensical and meaningful sentences.
CEasy and difficult sentences.

*p < 0.05; *p < 0.01;, **p < 0.005.
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Train-12 (call)
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Fri/Mon

Train-2

Train-7

Train-18 (call)

Sat/Tue

Train-3 (call)
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Sun/Wed

Train-9 (call)
Train-14
Train-19

Mon/Thu
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Train-15 (call)
Train-20

Tue/Fri
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Characteristics?
Age, years
Education, years
WAISS Il Vocabulary
(Raw score)

WAISS Il Vocabulary
(Scaled score)

MMSE (total raw,
/30)

GDS (total raw, /30)

H.N. Handedness
Test

Characteristics?

Gender, female (% of
total subjects)

Training
(n=20)

69.7 (4.2)
12.8 (2.5)
31.5(10.1)

11.8 (2.7)
29.0 (1.5)
2.1(2.3)

97.0 (9.5)

8 (20)

Control
(n=20)

70.3 (3.6)
11.9(2.1)
33.4 (10.2)

12,5 (2.5)

29.4 (0.8)

0.9(1.2)
99.5 (2.4)

10 (25)

F (df)
0.5107 (1, 39)
0.3635 (1, 39)
0.9614 (1, 39)

0.7404 (1, 39)

0.0068 (1, 39)

0.0071 (1, 39)
1.3315 (1, 39)

x2

0.4

p-value
0.479092
0.550059
0.3328781

0.3947919

0.934701

0.9332796
0.255561

p-value
0.5270893

aData reported as mean (SD); ? Data reported as number (%). MMSE, Mini-Mental

State Examination. GDS, Geriatric Depression Scale.

The whole study lasted 5 weeks. During the training period (Day 2-Day 27),
participants were instructed to complete the verbal articulation task by reading 40
sentences (10 for each condition) 10 times as fast and accurately as possible. The
training time lasted 20-25 min/day, with a 1-day break after the 3-day training.
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Enrollment Randomized (n=40)

Allocated to the training group (n=20)

Received allocated training (n=20)
Did not receive allocated training (n=0)

Allocation

Allocated to the control group (n=20)
* Did not receive any training (n=20)

Lost to Follow-up (n=0)

Follow-up

Lost to Follow-up (n=0)

Analysis (n=20)

Analysis

Analysis (n=20)
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Peak MNI coordinate  Peak anatomical structure = Peak T-value

‘—6622 Temporal_Sup_L 7.48

Anatomical structures of the clusters (voxel count>100)

Frontal lobe Frontal_Inf_Orb_R (664), Precentral_R (348), Rolandic_Oper_R (346), Rolandic_Oper_L (309), Postcentral_R (269), Frontal_Inf_Oper_R (159),
Frontal_Inf_Tri_R (154), Frontal_Mid_Orb_R (144)

Temporal lobe Temporal_Sup_L (588), Temporal_Sup_R (225), Heschl_L (145), Temporal_Pole_Sup_R (111), Heschl_R (105)

Parietal lobe Precuneus_R (142)

Occipital lobe Lingual_L (322), Calcarine_R (181), Calcarine_L (179), Lingual_R (127)

Limbic / Insula Insula_R (525), Cingulum_Mid_R (290), Cingulum_Mid_L (271), Insula_L (241), Cingulum_Mid_R (236)

Cerebellum Cerebelum_6_R (538), Cerebelum_6_L (268), Cerebelum_Crus1_L (266), Cerebelum_Crus1_R (132)
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Ventral sensorimotor network (3)
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Peak MNI coordinate Peak anatomical region
‘~26 —76 —4 Occipital_Inf_L
structures (voxel count):

Occipital_Inf_L (12), Occipital_Mid_L (7), Lingual_L (3), Fusiform_L (2)

Peak MNI coordinate Peak anatomical region
‘—34 -34 -8 Hippocampus_L
structures (voxel count):

Hippocampus_L (19)

Peak MNI coordinate Peak anatomical region
‘~18 —42 -6 Lingual_L

structures (voxel count):

Lingual_L (93), ParaHippocampal_L (19), Precuneus_L (8), Fusiform_L (1)

Peak MNI coordinate Peak anatomical region
‘~32-86 Insula_L

structures (voxel count):

Insula_L (12)

Peak MNI coordinate Peak anatomical region
‘62234 Postcentral_R

structures (voxel count):

Postcentral_R (14), Precentral_R (10)

Peak MNI coordinate Peak anatomical region
‘44 -855 Precentral_R
structures (voxel count):

Precentral_R (161), Frontal_Mid_2_R (66), Frontal_Sup_2_R (11)

P-value at peak region
P =0.021

P-value at peak region
P =0.0066

P-value at peak region
P =0.0228

P-value at peak region
P=0.0162

P-value at peak region
P =0.0162

P-value at peak region
P=0.03

P-value at peak region
P=0.0118

P-value at peak region
P =0.0208

P-value at peak region
P=0.0272

P-value at peak region
p=0.013

P-value at peak region
P =0.036

P-value at peak region
P =0.001





OPS/images/fragi-03-848219/fragi-03-848219-t004.jpg
Device

Medtronic Activa PC + §
(Molina, et al., 2021)

Boston Scientific™
(Moro, et al., 2010)

Boston Scientific™
Vercise System (Follett,
et al,, 2010)

Abbot St. Jude Medical
INFINITY™ (Okun, et al.,
2012)

Medtronic Kinetra and
Soletra (Schuepbach,
et al,, 2013)

Study design

Interventional (cinical tril),
single group assignment

Nonrandomized, prospect,

blinded, multi-center

Multi-center, randomized,
biinded

Multi-center, randomized,
blinded

Interventional (cinical trial),
randornized, parallel
assignment

Disease

Medication-refractory
Freezing of Gait (FoG)
in PD

PD

PD

PD

PD

Test subjects

5

51

bilateral STN:
147; bilateral
Gpi: 152
136

251

Efficacy

40% improvement at 60%
of the subjects after
6 months

45.4% (STN), 20% (GPi)

25.3% improvement in
UPDRS |iI; improvement in
6 of 8 subscales

39% on the baseline
UPDRS Il scores
improvement

QoL improvement by 7.8
points

Scoring

FOGQ, PDQ-39 (Peto et al., 1998),
GFQ (Giladi et al., 2000), ABC (Powel
and Myers, 1995, UPDRS) (Fahn and
Elton, 1987)

UPDRS Il

UPDRS Il

UPDRS il

PDQ-39, UPDRS-II, lll and VI

FOGQ, Freezing of Gait Questionnaire; GFQ, Gait and Falls Questionnaire; ABC, Activities Specilic Balance Confidence Scale; PDQ, Parkinson'’s disease Quality of Life Questionnaire,
Unified Parkinson’s disease Rating Scale (UPDRS).
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All (n=120) Male (n=60) Female (n=60) 20s (n=20) 30s (n=20) 40s (n=20) 50s (n=20) 60s (n=20) 70s (n=20)

mean SD mean SD mean SD mean sD mean sb mean sD mean sb mean sb Mean SD
Age 48.9 17.6 48.6 17.6 49.1 17.8 227 2 34.7 29 445 2.7 53 27 63.9 2.7 746 3
The year of education 14.2 25 145 27 14 24 16.9 1.4 16 2.8 14.4 33 129 1.9 14.7 1.8 127 22
AGE-R total (100) 95.7 32 959 29 95.6 36 96.6 1.7 97.4 26 96.3 2.4 96.5 238 952 3.5 92.6 38
Attention/orientation (18) 17.9 0.4 17.9 0.3 17.9 0.4 18 0.2 18 0 18 0.2 17.9 0.4 18 0 17.5 0.7
Fluency (14) 13.4 12 134 1 13.5 13 13.8 0.4 13.4 1.4 13.4 1 13.4 16 13.3 1.2 135 1
Memory (26) 23.6 2 23.7 2.1 23.6 2 241 0.9 24.9 1.3 242 1.2 241 16 232 2.1 215 2.8
Language (26) 251 11 253 0.9 25 1.2 25 1.4 25.4 1 25.3 1 25.4 0.7 25.2 0.8 247 1.3
Visuospatial (16) 167 0.7 167 0.7 16.7 0.7 16.8 0.6 15.9 0.5 15.6 0.7 16.8 0.4 16.5 0.8 16.5 09
The rate of smoker 41.7% 58.3% 25% 15% 35% 65% 40% 55% 40%
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48.9
20
78

17.63

Correlation coefficient; r - N/A

year

14.2

21
252

-0.36
<0.01*

Total
score

95.7
83
100

3.24

—-0.36
<0.01*

ACE-R Scores (total and 5 domains)

tion

17.9
16
18

3.87

—-0.35
<0.01**

13.4

14
117

—0.07
0.439

23.6
15
26

2.02

—-0.38
<0.01*

25.1
22
26

1.05

—0.14
0.132

Attention/ Fluency Memory Language Visuospatial Serial
orienta-

15.7
13
16

0.67

-0.18
0.045%

Subscores of ACE-R

The score Naming Delayed

1.6

12
0.8

0.06
0.548

432.5
298.8
562.1
49.54

-0.13

<0.01** 0.175

Morphologic information

GMV WMV CSFV TICV

1416.3
1058.1
1679.1
140.04

—-0.23

<0.01** 0.802
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AIC BIC R2
Factor Linear Quadratic Linear Quadratic Linear Quadratic
Attention 327.94 3156.55 333.52 323.91 0.1292 0.2276
Fluency 343.94 344.03 349.52 352.39 0.0050 0.0207
Memory 317.93 301.81 323.51 310.17 0.1989 0.3112
Language 343.43 340.02 349.00 348.38 0.0093 0.0529
Visuospatial 340.37 342.37 345.94 350.73 0.0342 0.0342
ACERTotal 321.41 312.16 326.98 320.52 0.1754 0.2491
GMV 287.73 289.72 293.31 298.08 0.3771 0.3772
DRscore 299.88 291.70 3065.46 300.07 0.3108 0.3668
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Peak MNI coordinate

‘34 —26 48

Peak anatomical structure  Peak T-value

Postcentral_R 10.49

Anatomical structures of the clusters (voxel count>100)

Frontal lobe

Temporal lobe

Parietal lobe
Occipital lobe
Limbic / Insula

Subcortical structures
Cerebellum

Postcentral_L (1781), Postcentral_R (1350), 1278, Frontal_Mid_L (1278), Frontal_Sup_L (1039), Frontal_Inf_Orb_R (1038), Rolandic_Oper_R
(983), Frontal_Mid_R (983), Precentral_R (900), Frontal_Inf_Orb_L (807), Frontal_Sup_R (803), Frontal_Inf_Tri_L (796), Rolandic_Oper_L (785),
Precentral_L (730), Frontal_Inf_Oper_R (679), Frontal_Inf_Oper_L (676), Frontal_Inf_Tri_R (558), Rectus_R (506), Rectus_L (451),
Frontal_Med_Orb_R (323), Frontal_Mid_Orb_R (253), Olfactory_R (228), Frontal_Sup_Orb_L (212), Frontal_Sup_Medial_L (158),
Frontal_Med_Orb_L (154), Frontal_Sup_Orb_R (148), Supp_Motor_Area_R (146), Olfactory_L (127), Frontal_Sup_Medial_R (120)
Temporal_Sup_R (2051), Temporal_Sup_L (1876), Temporal_Mid_R (1265), Temporal_Mid_L (873), Temporal_Pole_Sup_L (693),
Temporal_Pole_Sup_R (661), Fusiform_R (636), Fusiform_L (571), Temporal_Pole_Mid_R (255), Heschl_R (242), Temporal_Inf_R (225),
Heschl_L (210)

Lingual_L (266), Lingual_R (245), Calcarine_L (199), Calcarine_R (141)

Lingual_L(1332), Lingual_R(1317), Calcarine_L(1002), Calcarine_R(701), Cuneus_L(342), Cuneus_R(312)

Insula_L (1776), Insula_R (1690), Cingulum_Mid_R (1482), Cingulum_Mid_L (1217), Cingulum_Ant_L (770), Cingulum_Ant_R (689),
Hippocampus_L (572), ParaHippocampal _R (348), Hippocampus_R (272), ParaHippocampal_L (238), Amygdala_R (222), Amygdala_L (173)
Putamen_R (766), Putamen_L (655), Caudate_L (575), Caudate_R (536), Thalamus_L (195), Thalamus_R (113)

Cerebelum_6_R (1060), Cerebelum_6_L (1012), Cerebelum_Crus1_L (413), Cerebelum_8_L (408), Cerebelum_Crus1_R (396),
Cerebelum_4_5_L (357), Cerebelum_Crus2_R (352), Cerebelum_4_5_R (295), Cerebelum_Crus2_L (278), Cerebelum_9_L (213),
Cerebelum_8_R (197), Vermis_8 (185), Cerebelum_7b_L (150), Vermis_7 (131)
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Parameter Value

Mode o Constant Current (CC)
o Constant Voltage (CV)

Amplitude ® CC: 0-3mA
® CV:1-35V
e CV:1-10V

Frequency o Low Frequency (LF)
- 60-80 Hz
- 2045 Hz
o High Frequency (HF)
- 130-185 Hz

Pulse Width 60-210ms

Pattern of Stimulus © Monophasic
- charge imbalanced
« Biphasic
- charge imbalanced
- charge balanced
- passive
- active
- symmetric
- asymmetric

References

Fleming et al. (2020)
Stanlaski et al. (2012)

Fleming et al. (2020)
Stanlaski et al. (2012)
Wu et al. (2021)

Suetal. (2018)
Baizabal-Carvallo and Alonso-Juerez, (2016)
Santaniello et al., 2011
Su et al. (2018)

Moro et al., 2002; O'Suilleabhain et al., 2003; Rizzone et al., 2001; Volkmann et al., 2002

Parastarfeizabadi and Kouzani, (2017)
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disease Target References

Parkinson’s disease ~ GPi, STN, (PPN) Deuschl et al., 2013; Deep Brain Stimulation for Parkinson’s Disease Study Group, 2001
Chronic Epilepsy Cerebellum, CN, STN, hippocampus, CM, CC, LoC, MB)  Bergey et al.,, 2015; Fisher et al., 2010

Primary Dystonia GPi, (STN) Ostrem et al., 2011; Vidailhet et al., 2007

Essential Tremor Vim, (STN) Zhang et al.,, 2010; Blomstedt et al., 2010

Aizheimer's disease  NBM, fomix Laxton et al. (2010)

Abbreviations: GPi, globus palidlus internus; STN, subthalamic nucleus; PPN, pedunculopontine nucleus; CN, caudate nucleus; CM, centromedian nucleus of the thalamus; CC, corpus
callosum: LoC, locus coeruleus: MB, mammillary bodies: Vim, ventral intermediate nucleus of the thalamus: NBM, nucleus basalis of Meynert.
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Test

Cognitive
PS
Inhibition
DigitSpan
HKLLT
Raven
PicName
Fluency

Phonological
GanDiscrim
EngDiscrim
ItaDiscrim
CanSpoon
EngSpoon
ItaSpoon

Mean

766
0.46
9.1
1.8
0.67
1358.7
12.6

196
21
149
41
108
52

Initial-learning

SD

95
0.09
16
2r
0.97
221
26

76
53
49
6.4
73
55

Range

(60.5,91)
(0:27,0.60)
(6.5,11.5)
7,16)
(~1.89,2.05)
(1026.4, 1821.9)
©5,17.9)

(7.35)
.29
©6.25)
0,23
0,22
0,19

Mean

763
0.46
92
128
122
1247
12.7

223
282
16.9
75
1.8
6

Post-learning

SD

97
0.06
13
26
0.95
2762
26

6.7
59
5.4
85
7.4
6.9

e, effect size of the Wilcoxon signed rank test, p(unc), uncorrected p, p(FDR), FDR-corrected p.

*, p <0.001, **, p <0.01, *, p <0.05, t, marginal, ns, non-significant.

Range

(61,99)
(0.36,057)
(75, 125)
®16)
(~0.98, 2.40)
(8538, 1946.9)
©3,16.8)

(11,39)
6,29
6.26)
©,28)
0,24
©,24)

re

0.26
-0.10
0.19
0.67
0.67
-067
0.14

0.57
0.42
0.67
0.62
0.12
032

plunc)

0313
0.729
0.571
0.043
0.009
0.007
0.601

0.036
0111
0.013
0.031
0.685
0224

P(FDR)

0.452
0.729
0.710
0.094
0.067
0057
0.710

0.094
0.206
0.067
0.094
0.729
0.364
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Score Term SumSq MeanSq NumDF DenDF F P

Ita-to-Can } Age e 71.22 1 200 2.15 0.158 ns
Gender 0.24 0.24 1 20.0 0.01 0.933 ns
Education 223 223 1 20.0 0.07 0.798 ns
Week 3156.37 789.09 4 80.0 23.87 <0.001 e
HKLLT 75.30 76.30 1 20.0 228 0.147 ns
Week:HKLLT 539.17 134.79 4 80.0 4.08 0.005 -

Can-to-lta Age 139.41 139.41 1 20.0 293 0.102 ns
Gender 410.31 410.31 1 20.0 8.62 0.008 bd
Education 19.20 19.29 1 20.0 0.41 0.532 ns
Week 4726.65 1181.66 4 80.0 24.84 <0.001 58
PS 295.42 295.42 1 20.0 6.21 0.022 .
Inhibition 1655.79 1655.79 1 20.0 34.80 <0.001 -
DigitSpan 1912.07 1912.07 1 20.0 40.19 <0.001 -
HKLLT 1095.99 1095.99 1 20.0 23.04 <0.001 e
PicName 2028.22 2028.22 1 20.0 42.63 <0.001 -
Fluency 441.17 44147 1 200 9.27 0.006 b
Raven 893.03 893.08 1 20.0 18.77 <0.001 -
EngSpoon 511.33 511.33 1 20.0 10.75 0.004 et
Week:PS 773.63 193.41 4 80.0 4.07 0.005 >

FinalTest Age 892.65 892.65 1 20.0 6.13 0.022 -
Gender 478.92 478.92 1 20.0 3.29 0.085 T
Education 6.57 6.57 1 20.0 0.05 0.834 ns
TestPart 18082.02 6027.34 3 60.0 41.41 <0.001 -
Fluency 693.43 693.43 1 20.0 4.76 0.041 '

$The likelihood ratio test comparing the baseline and full model of the in-class lta-to-Can score was non-significant after Bonferroni correction; the result tabulated here was obtained
to explore the cognitive predictors of the in-class Ita-to-Can performance (see main text).
b <0.001, *, p <0.01, *, p <0.05, 1, marginal, ns, non-significant.
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Region Alc BIC logLik r2m r2c X2 bf p (unc) p (FDR)

L thalamus 669.78 700.75 ~821.89 058 0.80 14.09 4 0007 0036 Y

L caudate 683.15 714.11 —328.57 051 0.76 073 4 0948 0948 ns
L putamen 680.32 711.29 —827.18 054 077 355 4 0470 0626 ns
L hippocampus 679.81 71078 ~326.91 058 077 406 4 0397 0626 ns
R thalamus 670.33 701.30 —822.47 059 0.80 1354 4 0.009 0036 :

R caudate 682.64 718,60 -32832 053 0.76 1.24 4 0872 0048 ns
R putamen 679.95 710.91 —326.97 054 077 393 4 0416 0626 ns
R hippocampus 675.83 706.80 -324.92 056 078 804 4 0090 0240 ns

plunc), uncorrected p, p(fal), FOR-comected p.
**, p <0.001, **, p <0.01, *, p <0.05, t, marginal, ns, non-significant.
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Device

Medtronic Activa™ PC
(Paff et al., 2020)
Medtronic Activa™ RC
(Paff et al., 2020)
Medtronic Activa™ SC
(Paff et al,, 2020)

Meditronic Percept™
PC (Joohi, 2021)
Abbott Infinity 5 (Paff
et al,, 2020)
Abbottinfinity 7 (Paff
et al,, 2020)

Boston Scientific
Vercise PC (Paf et al,
2020)

Boston Scientific
Vercise RC (Paff et al.,
2020)

Boston Scientific Gevia
(Paff et al,, 2020)

PINS Medical G102
(Paff et al,, 2020)

PINS Medical G102R
(Paff et al,, 2020)

PINS Medical G101A
(Paff et al., 2020)
SceneRay 1180

Neuropace (Joohi,
2021)

Frequency

2-250 Hz

3-250 Hz

2-250 Hz

2-240 Hz

2-265Hz

2-250 Hz

1-1600 Hz

1-333 Hz

Pulsewidth

60450 pis

20-450 s

20-500 us

20-450—pss

30-450—pss

60-960 ps

40-1000 ps

Mode

or CV

or CV

CcC

Ampltiude
(Joohi,
2021)

0-256.5mA
0-105V

0-25.5mA

0-12.75 mA

0.1-20 mA

0-26 mA;
0-10V

0-12.0mA

Feature

conditionally safe with MRI

dual channel, rechargeable,
conditionally safe with MRI
single channel, conditionally safe
with MRI

closed loop feature (using local field
potential as biomarker)
dual channel

dual channel

dual channel, rechargeable

dual channel, rechargeable,
conditionally safe with MRI

dual channel, remote wireless
programming

dual channel, rechargeable, remote
wireless programming

single channel, remote wireless
programming

dual channel remote wireless
programming

closed loop feature (responsive
neurostimuiation), rechargeable
(Shaiknouni, et al,, 2015)

Application

Bllateral STN and Gpi Stimulation for PD,
Unilateral Thalamic Stimulation for

Ets, Unilateral or Bllateral stimuiation of the
Gpi or STN for treatment of chronic, drug
refractory segmental or generalized dystonia

Bilateral STN and GPi stimulation for PD and
for bilateral thalamic stimulation for ETs

Bilateral STN stimulation for PD

PD, tremor, dystonia (Joohi, 2021)

Drug-Resistant Epilepsy (ORE)
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(1) Normal aging process (3) Dementia process

B Multisensory integration areas C Multisensory integration areas are
showed resilience against aging process (2) Preclinical commonly involved in dementia

MCl Alzheimer’s disease (AD)
Tau accumulation  Network disruption
Relationship
among RSNs
r f f
2 S I Default mode network I

primary information processing
networks and increased them
nearby areas

Involvements of Compensation of
primary information the surrounding
processing networks areas

bvFTD/SD
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Anatomical regions increasing functional connectivity with Fluency score

Rt.executive control network

Primary visual network

Dorsal sensorimotor network (1)

Dorsal sensorimotor network (2)

Peak MNI coordinate
3244 26
Structures (voxel count):

Frontal_Mid_2_R (18), Frontal_Sup_2_R(4)

Peak MNI coordinate
26 —90 22
structures (voxel count):

Occipital_Sup_R(60), Occipital_Mid_R(8)

Peak MNI coordinate
‘~30 —18 40
Structures (voxel count):
Precentral_L(2)

Peak MNI coordinate
‘—40 -8 48

Structures (voxel count):

Precentral_L(53), Postcentral_L(31)

Peak anatomical region
Frontal_Mid_2_R

Peak anatomical region
Occipital_Sup_R

Peak anatomical region
Precentral_L

Peak anatomical region
Precentral_L

P-value at peak region
P =0.0274

P-value at peak region
P =0.0044

P-value at peak region
P =0.0306

P-value at peak region
P= 0.0156

Anatomical regions increasing functional connectivity with Memory score

Ventral sensorimotor network

Peak MNI coordinate
‘586 —2
Structures (voxel count):

Temporal_Sup_R(32), Temporal_Pole_Sup_R(30), Rolandic_Oper_R(4)

Peak anatomical region
Temporal_Pole_Sup_R

P-value at peak region
P =0.0108

Anatomical regions increasing functional connectivity with DR score

Ventral sensorimotor network (1)

Ventral sensorimotor network (2)

Peak MNI coordinate
‘6020
Structures (voxel count):

Peak anatomical region
Temporal_Pole_Sup_R

Temporal_Pole_Sup_R(18), Temporal_Sup_R(3)

Peak MNI coordinate
‘64 -8 6
Structures (voxel count):

Peak anatomical region
Temporal_Sup_R

Temporal_Sup_R(23), Heschl_R(5), Rolandic_Oper_R(4)

P-value at peak region
P =0.022

P-value at peak region
P =0.0332





