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Preface 
 

Dementia and age-related cognitive decline pose growing clinical and societal challenges, 
partly because meaningful biological changes can precede overt symptoms and because 
individuals follow highly variable trajectories. Improving early risk stratification and practical 
monitoring requires approaches that are accurate, scalable, and interpretable enough to support 
real-world decision-making in community and primary-care contexts. 

 

This thesis is positioned at the intersection of biomarker discovery and applied machine 
learning, with a focus on whether a two-stage, clinically aligned hierarchical prediction 
framework can better capture the progression from normal cognition to early impairment and 
more advanced decline than single-step approaches. In an explicitly exploratory biomarker-
discovery manner, the work further examines whether explainable inference can identify 
reliable, stage-specific predictors and whether scalable, non-invasive parameters can achieve 
high predictive performance suitable for broader deployment. 

 

The chapters are organized to introduce the clinical and methodological background, describe 
the study design and analytical pipeline, present predictive and explainability results, and 
discuss translational implications, limitations, and directions for future validation. Gratitude is 
extended to supervisors, collaborators, and all participants whose contributions made this 
research possible.  
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Summary of the study 

Cognitive decline and dementia are major challenges in aging societies, but predicting who 
will develop meaningful impairment remains difficult. One reason is that cognitive decline is 
not driven by a single factor- it reflects the combined effects of metabolism, vascular health, 
inflammation, nutrition, and everyday behavior. As a result, relying on one test or one 
biomarker often fails to identify risk early enough for prevention. 

In this study, a single community-based cohort of older adults in Japan was analyzed to develop 
an interpretable, data-driven method for predicting 18‑month cognitive status using a broad set 
of baseline measurements. The study combined routine blood clinical chemistry, targeted 
metabolomics (including chiral amino acids), and wearable-derived physical activity features, 
and then applied an explainable two-stage machine-learning strategy to mirror clinical 
decision-making. In the first stage, the models screened for “any cognitive abnormality” 
(Possible MCI or Impaired) versus Normal. In the second stage, we focused only on those with 
abnormal cognition and precisely separated Possible MCI from Impaired. 

 

The models identified a coherent set of predictors that are easy to interpret biologically. In 
Stage 1, both models highlighted renal and systemic metabolic markers (e.g., creatinine, uric 
acid, blood urea nitrogen), amino acid and redox-related metabolites (including D-serine, D-
amino acid proportions, L-asparagine, alanine, L-glutamic acid, cysteine, methionine 
sulfoxide), and wearable-derived activity variability (e.g., fluctuation coefficients and steps per 
minute), with the Simpson index of gut microbiome diversity also contributing in the logistic 
model. In Stage 2, the models converged on a distinct signature involving glucose and albumin, 
uric acid and uridine, choline and carnitine, multiple amino acids (such as phenylalanine, 
proline, ornithine, tryptophan, threonine, and short-chain amino acids), oxidative/energy 
markers (niacinamide, methionine, methionine sulfoxide, ergothioneine), hematologic indices, 
and high-MET activity fluctuation metrics. Collectively, these results support a stage-
dependent, multisystem view of cognitive aging in which broad renal–metabolic, amino acid, 
and behavioral vulnerabilities characterize early abnormality, whereas more pronounced 
alterations in energy metabolism, nucleotide and choline pathways, oxidative stress, and 
activity irregularity accompany progression from Possible MCI to Impaired status. By 
combining routine clinical chemistry, targeted metabolomics, gut microbiome diversity, and 
wearable-derived behavioral measures within an explainable AI framework, this two-stage 
approach illustrates a scalable, biologically grounded strategy for stage-aware risk stratification 
and monitoring of cognitive decline in community settings. 

 

Overall, this work shows that combining inexpensive clinical blood tests, targeted metabolites, 
and wearable activity data—interpreted through explainable machine learning—can help 
detect early cognitive risk and more precisely classify severity. The long-term goal is to support 
scalable community screening and earlier, more personalized prevention strategies for 
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cognitive decline. This dissertation therefore presents an interpretable, stage-aware machine-
learning framework for multimodal biomarker discovery in cognitive aging, emphasizing both 
predictive performance and biological explanation. 
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Abstract 
This study developed a two-stage, explainable machine learning framework to predict 18-
month MMSE-based cognitive status from baseline multimodal data in community-dwelling 
older adults in Japan. A hierarchical design was used in which Stage 1 distinguished cognitively 
Normal participants from those with any abnormality (Possible Mild Cognitive Impairment 
(MCI) or Impaired), and Stage 2 further separated Possible MCI from Impaired within the 
abnormal subgroup. Both an Imbalanced-Learn Random Forest and a penalized logistic 
regression baseline were trained under Leave-One-Out Cross-Validation, yielding fair 
discrimination in Stage 1 (Random Forest AUC = 0.72, accuracy = 0.71; logistic regression 
AUC = 0.71, accuracy = 0.76) and apparently strong separability in Stage 2 (Random Forest 
AUC = 0.95, accuracy = 0.96; logistic regression AUC = 0.82, accuracy = 0.92) in a small 
sample size with high class imbalance. SHapley Additive exPlanations (SHAP) with 
TreeExplainer for Random Forest and LinearExplainer for logistic regression were used to 
identify interpretable biomarkers at each stage through feature attribution. In Stage 1, both 
models highlighted renal and systemic metabolic markers (e.g., creatinine, uric acid, blood urea 
nitrogen), amino acid and redox-related metabolites (including D-serine, D-amino acid 
proportions, L-asparagine, alanine, L-glutamic acid, cysteine, methionine sulfoxide), and 
wearable-derived activity variability (e.g., fluctuation coefficients and steps per minute), with 
the Simpson index of gut microbiome diversity also contributed in the logistic model. In Stage 
2, the models converged on a distinct signature involving glucose and albumin, uric acid and 
uridine, choline and carnitine, multiple amino acids (such as phenylalanine, proline, ornithine, 
tryptophan, threonine, and short-chain amino acids), oxidative/energy markers (niacinamide, 
methionine, methionine sulfoxide, ergothioneine), hematologic indices, and high-MET activity 
fluctuation metrics. Collectively, these results support a stage-dependent, multisystem view of 
cognitive aging in which broad renal–metabolic, amino acid, and behavioral vulnerabilities 
characterize early abnormality, whereas more pronounced alterations in energy metabolism, 
nucleotide and choline pathways, oxidative stress, and activity irregularity accompany 
progression from Possible MCI to Impaired status. By integrating routine clinical chemistry, 
targeted metabolomics, gut microbiome diversity, and wearable-derived behavioral measures 
within an explainable AI framework, this two-stage approach provides a biologically 
interpretable and potentially scalable strategy for stage-aware risk stratification and monitoring 
of cognitive decline in community settings. 
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1 Introduction 
Dementia and Mild cognitive impairment (MCI) in aging population have put significant 
challenges all over the world from poor to developed nations. These conditions are mostly 
neurodegenerative disorders associated with multiple physiological systems and lifestyles 
affect different faculties of brain function. Among dementia Alzheimer’s disease (AD) is the 
most common and caused mainly by brain cell death. Mild cognitive impairment (MCI) is 
widely regarded as an intermediate clinical state between normal aging and dementia, yet its 
progression is highly heterogeneous, with only a subset of individuals transitioning to 
Alzheimer’s disease (AD) within a few years of diagnosis. However, statistics show that only 
20–40 % of individuals with MCI will transition to AD within three years of diagnosis [1] . 
Researchers are continuously investigating promising biomarkers for prediction, prognosis and 
prevention of the onset of these conditions. While literature suggests biomarker changes align 
with dementia development, no single biomarker adequately forecasts the conversion of MCI 
(Mild cognitive impairments) patients or healthy individuals to dementia with sufficient 
accuracy and ample lead time before the initial appearance dementia. Although many candidate 
biomarkers have been investigated for prediction, prognosis, and prevention, no single 
biomarker has shown sufficient accuracy and lead time to reliably forecast future cognitive 
deterioration in community-dwelling older adults. One reason is that dementia is not a single 
disease entity but a biologically and clinically heterogeneous syndrome involving multiple 
interacting pathways, including vascular dysfunction, metabolic dysregulation, 
neuroinflammation, and synaptic failure. A critical aspect of current diagnostic approaches is 
their reliance on costly tools (such as brain imaging) and invasive clinical procedures (like 
amyloid-PET (Positron Emission Tomography) scans and CSF (Cerebro Spinal Fluid) analysis), 
often necessitating highly specialized personnel [2,3]. Diagnostic standards, such as amyloid 
positron emission tomography and cerebrospinal fluid analysis, provide valuable 
pathophysiological information but remain costly, invasive, and difficult to scale for broad 
community screening. Artificial Intelligence (AI) and Machine Learning have changed the 
world, developing real world solutions and applications in all domains of our life. However, 
the adoption of machine learning approaches in healthcare has been slower than in other fields 
despite the increasing pressure on healthcare systems despite it can accelerate personalized and 
precision care [4,5]. Recent advances in artificial intelligence (AI) and machine learning have 
created new opportunities for precision medicine by enabling the integration of large-scale 
multimodal data, including biobanks, electronic health records, medical imaging, omics 
technologies, and wearable sensor data. Biomedical data from large biobanks, electronic health 
records, medical imaging, wearable and ambient biosensors, and the lower cost of genome and 
microbiome sequencing have created the window to develop multi domain based artificial 
intelligence solutions which will be capable of fulfilling the intricate complexity of human 
health and disease[6]. Biomarkers are defined as measurable properties that represent any 
biological processes, pathogenic processes, or responses to different event[7]. In today’s world 
of information, with possible large multimodal cohorts and high-throughput technologies, the 
potential for discovering novel biomarkers is no longer limited by data and conventional study 
designs[8]. At the same time, the central challenge has shifted from data scarcity to the 
extraction of clinically meaningful and interpretable patterns from complex, high-dimensional 
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datasets. Improving the clinical management of dementia requires reliable biomarkers that can 
aid in identifying high-risk populations, early diagnosis, accurate subtyping, and predicting 
prognosis, drug response, or adverse events. Biomarkers from different biological processes 
have been investigated in people with dementia, including neuroimaging[9], 
electrophysiological[10], genetic[11], gene expression[12],  protein[13],  metabolic[14], gut 
microbial[15], sleep[16], gait [17], and digital biomarkers[18]. Biomarkers from cerebrospinal 
fluid (CSF), as well as minimally invasive collectable biological fluids including blood [19] 
have shown promise in improving dementia diagnosis. Artificial intelligence (AI) and machine 
learning approaches have been developed to detect novel biomarkers and interactions in 
complex data sets. Machine learning approaches have increasingly been applied to predict 
cognitive decline from multidomain data, but many existing studies rely on single-step 
classification strategies that directly map baseline measurements to final diagnostic categories. 
Such designs may overlook stage-specific biological and behavioral mechanisms that emerge 
during progression from normal cognition to MCI and more severe impairment. MMSE (Mini 
Mental State Examination) is commonly used to stage impairment severity and to track 
progression in conditions such as Dementia (Alzheimer’s disease etc.) because declines in total 
score reflect clinically meaningful loss of function across multiple domains relevant to 
neurodegeneration. The MMSE  score was proposed by Marshal Folstein is one of the most 
widely used instrument for cognitive screening in clinical surveys and epidemiologic 
surveys[20]. The Mini-Mental State Examination (MMSE) is a 30-point, standardized 
screening tool that assesses global cognition across orientation, attention, memory, language, 
and simple visuospatial construction, making it well suited for longitudinal monitoring of 
age-related cognitive change. In dementia research, for this study, longitudinal MMSE served 
as the primary outcome because it is brief, interpretable at the bedside, repeatedly obtainable 
at multiple visits, and harmonized across participants and timepoints, enabling consistent 
labeling for predictive modeling. Studies have been conducted to investigate longitudinal rate 
of decline in cognitive function using machine learning based on data from multiple 
domains[21]. The black box nature of Machine learning models can be explained by SHAP 
(SHapley Additive exPlanations) to gain insights on various features’ predictive effect on 
models. It is a popular feature-based model agnostic interpretability method for regression and 
classification problem[22]. SHAP analysis is rooted in Shapley values, a concept from 
collaborative game theory. Shapley values provide a fair distribution of a payout among players 
in a collaborative game where players work together for a common goal, even if the players 
may have contributed unequally. Recently machine learning techniques have been widely used 
for integrative analysis of complex diseases for biomarker discovery[23]. 
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2 Literature review 

2.1 Cognitive disorders and Dementia 
Dementia represents a major and growing global health burden, characterized by progressive 
decline in memory and other cognitive domains that ultimately interfere with independent 
functioning. Among dementia subtypes, Alzheimer’s disease (AD) is the most common 
neurodegenerative cause and is biologically heterogeneous, involving amyloid and tau 
pathology, neuroinflammation, vascular contributions, synaptic dysfunction, and systemic 
metabolic changes[24,25]. Mild cognitive impairment (MCI) is widely recognized as an 
intermediate clinical state between cognitively normal aging and dementia, but conversion 
rates to AD vary substantially and a considerable proportion of individuals remain stable or 
improve, complicating prognosis in clinical practice[26,27]. Dementia represents one of the 
most consequential challenges in aging societies because it progressively compromises 
cognition and independent living, producing large personal, healthcare, and socioeconomic 
burdens. Although Alzheimer’s disease (AD) is commonly described as the most frequent 
neurodegenerative cause of dementia, AD itself is biologically heterogeneous and often 
coexists with other processes such as vascular injury, neuroinflammation, metabolic 
dysfunction, and synaptic failure, which together shape symptom onset and rate of 
decline[25,28]. This heterogeneity complicates clinical prognostication: individuals with 
apparently similar cognitive presentations may follow markedly different trajectories due to 
differences in underlying pathophysiology and systemic vulnerability[27,28]. Many 
individuals classified as MCI remain stable for years or even revert to normal-range 
performance, while others progress to dementia. This variability highlights a limitation of 
symptom-based categorization: cognitive performance at any single time reflects not only 
neuropathology but also cognitive reserve, education, mood, sleep, systemic illness, and 
measurement noise.  

 

Dementia is an umbrella term for a syndrome of progressive cognitive and functional decline 
that can be caused by multiple distinct brain diseases, and the type matters because each disease 
tends to affect different brain systems and produces different symptom profiles. The most 
commonly discussed subtypes in clinical and research settings include Alzheimer’s disease, 
vascular dementia, Lewy body dementia, and frontotemporal dementia, and mixed forms are 
also common. Alzheimer’s disease (AD) is characterized by abnormal protein deposits in the 
brain, including amyloid plaques and tau tangles, and it commonly presents with progressive 
impairment in memory and other cognitive domains over time. Vascular dementia (VaD) / 
vascular cognitive impairment is associated with disease of brain blood vessels and reduced 
blood supply to brain tissue, sometimes with a more sudden onset after vascular events, and 
mixed AD–vascular pathology can occur in the same person[28]. Lewy body dementia (LBD)  
involves abnormal alpha-synuclein deposits (“Lewy bodies”), and it can feature cognitive 
decline along with problems like reduced attention/alertness and other characteristic 
neuropsychiatric/behavioral features. Frontotemporal dementia (FTD) is linked to abnormal 
accumulation of proteins such as tau and TDP‑43 in frontal/temporal lobes and is often marked 
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by early changes in behavior, personality, executive control, and/or language rather than an 
amnestic presentation. Some resources describe Lewy body disease as a spectrum that includes 
Parkinson’s disease dementia, with the clinical label partly depending on whether movement 
symptoms or cognitive/behavioral symptoms appear first. This heterogeneity is a key reason 
symptom-only labels can be unstable early on: the same “mild” cognitive presentation may 
reflect different underlying pathologies with different progression patterns and intervention 
targets. Mild cognitive impairment (MCI) is widely regarded as an intermediate clinical state 
between cognitively normal aging and dementia and is clinically important because it is 
associated with elevated risk of future decline. However, progression from MCI is highly 
variable: some individuals remain stable for years, some revert to normal-range performance, 
and others progress to dementia, which makes prognosis difficult when based on symptoms 
alone. This variability reflects the fact that cognitive performance at a single time point is 
shaped not only by neuropathology but also by cognitive reserve, education, mood, sleep, 
systemic illness, comorbidities, and measurement variability. Accordingly, symptom-based 
categorization without complementary biological or functional markers may be insufficient for 
identifying which individuals are on a high-risk trajectory. Mild cognitive impairment is 
clinically important because it is associated with elevated risk of future dementia, but 
progression is variable, which makes prognosis difficult without additional biological and 
functional markers. A robust meta-analysis of inception cohorts reported adjusted annual 
conversion rates from Mayo-defined MCI to dementia of about 5–10% (with higher rates in 
specialist settings and lower rates in community studies), showing both meaningful risk and 
substantial heterogeneity. This variability creates a practical clinical need: identifying which 
“suspected MCI” patients are on a higher-risk trajectory enables prioritization of monitoring, 
work-up, and preventive action while avoiding over-medicalization of those likely to remain 
stable. 

Contemporary clinical guidance frames mild cognitive impairment (MCI) not only as a 
diagnostic label, but as a management opportunity in which clinicians should conduct a 
structured evaluation and address potentially modifiable contributors to cognitive symptoms, 
including a careful medication and comorbidity review and broader clinical risk profiling. This 
“clinical management plus prevention” orientation is particularly important because MCI is 
heterogeneous in cause and trajectory, and early-stage care can focus on reducing avoidable 
cognitive stressors while simultaneously implementing evidence-informed strategies that may 
slow decline. In parallel, global public-health guidance emphasizes risk reduction as a medium-
term prevention focus that can be deployed even at the MCI stage, explicitly treating early 
identification as a window to act on modifiable pathways rather than waiting for irreversible 
functional deterioration. The WHO dementia risk-reduction guidelines describe several 
intervention domains relevant to adults with normal cognition and/or MCI, including physical 
activity, dietary patterns (including Mediterranean-like approaches), management of vascular 
and metabolic risks (notably hypertension, diabetes, and dyslipidaemia using established 
clinical guidelines), tobacco cessation, reduction of hazardous alcohol use, and cognitive 
training, with recommendation strength varying by domain and evidence base. Consistent with 
this approach, the American Academy of Neurology (AAN) practice guideline update states 
that for patients diagnosed with MCI, clinicians should recommend regular exercise (twice per 
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week) as part of management. This broader preventive perspective strengthens the rationale for 
developing multimodal biomarkers that can improve early risk stratification, distinguish 
heterogeneous pathways of decline, and support more personalized monitoring in community 
and clinical settings. 

 

2.2 Mini Mental State Examination (MMSE): 
The Mini-Mental State Examination (MMSE), originally introduced by Marshall F. Folstein, 
Susan E. Folstein, and Paul R. McHugh in 1975, is a brief, standardized instrument used to 
quantify global cognitive status and is widely applied in both clinical practice and population-
based research to support the assessment of cognitive impairment[20]. It is typically 
administered as part of a structured cognitive evaluation when clinicians assess individuals 
with cognitive complaints or suspected mild cognitive impairment (MCI), alongside history, 
functional assessment, and broader medical review[29]. In longitudinal cohort studies, repeated 
MMSE measurements are especially useful because they provide a consistent numeric outcome 
that can be tracked over time and operationalized as either a continuous endpoint (change in 
total score) or a categorical endpoint (e.g., severity bands or transitions between cognitive 
states). 

The MMSE is scored on a 30-point scale, with higher scores indicating better performance, 
and it samples multiple cognitive domains within a short administration time. Its items broadly 
cover orientation, immediate registration, attention/calculation, delayed recall, language 
functions, and a simple visual construction task, thereby producing a compact summary of 
performance across core cognitive systems rather than an in-depth neuropsychological profile. 
Because of its brevity and standardization, MMSE has historically been attractive for large 
studies and routine practice where time and resources constrain more comprehensive testing. 

Despite these advantages, MMSE has important methodological limitations that become 
particularly salient when MMSE is used as a labeling variable for predictive modeling. First, a 
single total score compresses heterogeneous cognitive profiles into one number, meaning that 
different patterns of domain impairment can yield the same MMSE total, which reduces 
etiologic specificity and can obscure subtype-relevant signals. Second, the instrument is 
vulnerable to boundary instability when cutoffs are used (e.g., “normal” vs “possible MCI”), 
because small score fluctuations—driven by fatigue, mood, sleep, intercurrent illness, testing 
conditions, or rater effects—can shift an individual across a categorical threshold even if 
underlying neurobiology is unchanged[30]. Third, ceiling effects in high-functioning 
individuals and reduced granularity at lower scores can limit sensitivity to subtle early decline 
and restrict resolution in advanced impairment, respectively, which can distort both 
longitudinal change estimation and class separation near the extremes[31]. 
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2.3 Biomarkers in healthcare 
A biomarker is defined as a measured characteristic indicating normal biological processes, 
pathogenic processes, or responses to an exposure or intervention, and this definition 
intentionally spans molecular, histologic, radiographic, and physiologic measurements[7]. In 
healthcare delivery, biomarkers are valuable because they can add objective information to 
clinical assessment, but they should be distinguished from clinical outcome assessments 
(COAs), which directly measure how a person feels, functions, or survives[32].  

The FDA-NIH BEST-aligned framework classifies biomarkers by purpose, including 
diagnostic biomarkers (detect/confirm disease or subtype), monitoring biomarkers (serial 
assessment of disease status or exposure), pharmacodynamic/response biomarkers (change 
with exposure to an intervention), predictive biomarkers (identify who is more likely to respond 
or be harmed by an intervention), prognostic biomarkers (likelihood of progression or clinical 
events in those with disease), safety biomarkers (likelihood/presence/extent of toxicity), and 
susceptibility/risk biomarkers (likelihood of developing disease in currently unaffected 
individuals). A single measurement can sometimes serve more than one role, but evidence must 
be generated for each specific “context of use,” meaning the same biomarker can be appropriate 
in one setting and misleading in another. In health systems, these categories map naturally to 
key workflows-screening/risk assessment, diagnosis/subtyping, longitudinal monitoring, 
treatment selection, and adverse-event surveillance-each requiring different performance 
characteristics and clinical thresholds[33]. 

Moving a biomarker from discovery to routine healthcare requires more than demonstrating 
association; it requires analytical validation (reliable measurement), qualification based on 
evidentiary assessment, and demonstration of appropriate utilization in the intended setting[34]. 
When a biomarker is used as a study endpoint, it must be precisely defined, including how and 
when it is measured and how repeated measures are handled, because endpoint rigor determines 
reproducibility and interpretability[33]. A recurring pitfall is assuming that correlation with 
clinical outcomes makes a biomarker a valid surrogate endpoint; surrogate use requires strong 
evidence that changes in the biomarker explain changes in true clinical outcomes, typically 
across multiple therapies and contexts[35]. 

Healthcare is increasingly adopting complex and composite biomarkers, motivated by the 
recognition that single measures may be insufficient to represent multidimensional disease 
biology and that combined signals can improve prediction and decision-making[36]. Digital 
biomarkers—derived from sensors and personal devices-are an additional frontier, enabling 
more frequent, lower-burden measurements of functions such as activity, cognition-related 
behaviors, or physiological rhythms, although standards linking these measures to meaningful 
outcomes are still evolving[37]. In dementia and related disorders, the expansion of multimodal 
cohorts and high-throughput technologies has accelerated biomarker discovery, and AI/ML 
methods are increasingly used to interrogate high-dimensional data and interactions, with 
translation constrained by feasibility, invasiveness/cost of some modalities, dataset bias, and 
the need for robust real-world validation[38]. 
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2.4 Multimodal biomarkers in Dementia research 
Multimodal biomarkers in Alzheimer’s disease and dementia research refer to integrated 
measurement strategies that combine heterogeneous data streams- such as neuroimaging, fluid 
biomarkers, genetics and other omics, electrophysiology, cognitive and clinical measures, and 
increasingly digital phenotyping- to capture different levels of disease biology and functional 
impact within a unified framework[39]. This approach is driven by the recognition that 
dementia syndromes are biologically and clinically heterogeneous, and that reliable 
susceptibility, diagnostic, and prognostic biomarkers are unlikely to emerge from a single 
modality alone[40]. Large multimodal cohorts such as ADNI, PREVENT-AD, and the Deep 
and Frequent Phenotyping studies explicitly collect structural and molecular imaging (MRI, 
PET), CSF and blood analytes (including Aβ42/40, t‑tau, p‑tau, neurofilament light and other 
proteins or metabolites), genomic and transcriptomic profiles, and repeated cognitive 
assessments, sometimes augmented by wearable- or sensor-derived digital measures of gait, 
sleep, and daily behavior[41]. Similarly, the PREVENT‑AD program provides an open-science 
longitudinal dataset that includes multimodal imaging, genetics, fluid biochemistry, 
neurosensory measures, and cognition in at‑risk older adults[42]. The Deep and Frequent 
Phenotyping (DFP) study protocol also emphasizes repeated, multi-domain phenotyping- 
including PET, CSF, structural/functional MRI, electrophysiology, and bio sampling- while 
additionally evaluating smartphone- and wearable-based approaches for high-frequency 
functional monitoring[43]. Empirical analyses in these datasets show that combining 
modalities can improve classification and prediction performance- for example, models 
integrating MRI, PET, CSF proteins, and APOE genotype outperform single-modality 
approaches for distinguishing AD from MCI, and combinations of relatively accessible 
measures (plasma biomarkers, genetic risk scores, cognitive tests) can reach performance 
comparable to imaging-based models for predicting conversion from MCI to AD. At the same 
time, mobile and wearable technologies provide continuous or high-frequency readouts of 
motor function, speech and language, eye movements, autonomic physiology, sleep, and 
neuropsychiatric behavior, offering a rich layer of digital biomarkers that can be passively 
collected and fused with traditional molecular and imaging markers to support earlier detection 
and longitudinal monitoring at scale[44]. Conceptually, this trend towards multimodal panels 
aligns with regulatory biomarker frameworks that emphasize composite and digital biomarkers 
and stress that each candidate marker (or panel) must be validated for a specific context of use- 
diagnostic, prognostic, predictive, monitoring, safety, or susceptibility- with appropriate 
analytical validation, evidentiary qualification, and demonstration of clinical utility[33]. 
Methodologically, the integration of high-dimensional multimodal data has accelerated the 
adoption of AI and machine-learning techniques, including supervised and unsupervised 
models, but these gains are counterbalanced by challenges related to sample size, overfitting, 
missingness across modalities, cost and invasiveness of some measures, and limited diversity 
and real-world representativeness of existing cohorts[33]. 
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2.5 Digital biomarkers: physical activity and behavioral phenotyping 
Digital biomarkers for physical activity and behavioral phenotyping leverage mobile/wearable 
sensors to capture objective, high-frequency, real-world measures of movement, mobility, 
routines, and social behavior that may shift years before overt clinical presentation of 
Alzheimer’s disease (AD) [18]. For physical activity, inertial sensors 
(accelerometer/gyroscope), geo-positioning, and actigraphy-derived measures can quantify 
gait speed, stride length, symmetry, variability, and overall activity level either via short, 
prompted tasks or passively during everyday life, with longitudinal trajectories potentially 
revealing subtle change points that could contribute to composite early-warning scores when 
combined with other domains[45]. For behavioral phenotyping, passive streams such as 
GPS/location variance and habitual mobility patterns, device usage logs, and inferred social 
interaction signals (e.g., communication frequency or changes in social circle size) can 
operationalize neuropsychiatric and functional manifestations—apathy, depression-related 
withdrawal, reduced time outside the home, and disruption of daily routines—that are common 
in AD and can precede diagnosis[46]. Framed within contemporary biomarker terminology, 
these sensor-derived measures can function as monitoring biomarkers when tracked serially, 
and they increasingly appear as complex/composite and “digital” biomarkers that require a 
clearly defined context of use and rigorous validation to ensure they are reliable and clinically 
meaningful[33]. Across both physical activity and behavioral phenotyping, the main promise 
is dense longitudinal measurement with low patient burden, while key implementation 
challenges include managing large continuous datasets and establishing ground truth through 
well-designed longitudinal studies that link digital phenotypes to established clinical and 
biological assessments[47]. 

 

2.6 Artificial intelligence and machine learning in dementia research 
Machine learning (ML) methods are increasingly used in dementia research to model high-
dimensional, multimodal data and to detect complex nonlinear interactions that are difficult to 
capture with classical statistical modeling[39,48–50]. ML can support risk stratification, early 
detection, subtype differentiation, and prognosis prediction, particularly when combining 
heterogeneous data such as clinical labs, omics profiles, and sensor-derived signals. However, 
ML deployment in healthcare remains constrained by issues of interpretability, generalizability, 
bias, and clinical utility, requiring careful validation strategies and transparent reporting[51]. 

Multimodal biomedical AI has expanded rapidly alongside growth in biobanks, electronic 
health records, and sensor data, creating opportunities to move from single biomarker 
hypotheses toward data-driven biomarker discovery[52,53]. For cognitive outcomes, ML is 
well-suited to settings where risk is distributed across multiple systems (metabolism, vascular 
health, inflammation, behavior), and where early signals may be subtle and dispersed. Yet 
dementia modeling often faces practical challenges, including small sample sizes, missing data, 
and highly imbalanced outcomes (few severe impairment cases), which can distort model 
training and produce misleading performance if not addressed with appropriate methods[54]. 
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A recurring theme is that dementia is heterogeneous (mixed pathology, variable trajectories), 
so AI is leveraged to detect multivariate patterns rather than relying on a single biomarker or a 
single test. AI/ML is used to develop susceptibility/risk models (who is likely to develop 
dementia), diagnostic models (who currently have dementia/subtype), and prognostic models 
(how quickly decline will progress), which aligns with standard biomarker categories used in 
dementia research. These papers also emphasize that AI/ML’s practical value increases when 
models can use accessible measures (e.g., blood analytes, wearables, smartphone-derived 
behavior) rather than expensive or invasive measures alone (e.g., PET, CSF), even if those 
remain important reference standards[55]. 

Modern dementia research increasingly uses large cohorts with repeated measures over time 
and multiple modalities (imaging, omics, clinical data, digital measures), which creates the 
scale/complexity where AI/ML is most useful. Examples of modalities explicitly highlighted 
include neuroimaging (MRI/PET), electrophysiology (e.g., EEG), genetics and gene 
expression, proteomics, metabolomics, gut microbial measures, sleep and gait, and “digital 
biomarkers” from mobile/wearable devices. Digital biomarkers (from phones/wearables) are 
framed as a way to obtain objective, high-frequency longitudinal data with relatively low 
participant burden, enabling passive “digital phenotyping” of mobility, activity, sleep, and 
behavior that may shift before overt clinical diagnosis. The papers consistently organize ML 
into supervised learning (learn mapping from predictors to known labels such as 
diagnosis/MMSE category) versus unsupervised learning (discover structure, clusters, 
subtypes, or latent representations without labels). Unsupervised methods are used for tasks 
like clustering patient subgroups (e.g., biomarker-guided clustering of heterogeneous AD-
related profiles) and dimensionality reduction to help explore structure in high-dimensional 
datasets. Because longitudinal labels are expensive and follow-up may be incomplete, the 
biomarker-discovery review notes the role of semi-supervised/unsupervised learning and deep 
learning to handle limited labeled outcomes and complex interactions. From a broader clinical-
AI framing, AI models can also be used for prediction from electronic health records and 
multimodal clinical data, but the need for prospective, real-world validation is repeatedly 
emphasized before clinical adoption. A major translational requirement in dementia is moving 
from “black-box” prediction toward explainable and auditable evidence, so that candidate 
biomarkers are interpretable, testable, and more likely to generalize. Across the dementia 
biomarker discovery review, translation is positioned as requiring replication across cohorts, 
real-world validation (not only internal cross-validation), and attention to practical feasibility 
(cost, invasiveness, scalability) of the final biomarker panel. Biomarker terminology also 
matters for translation: digital and composite biomarkers still require clear “context of use” 
(diagnostic vs monitoring vs prognostic), with analytical validation and evidentiary 
qualification to avoid misapplication. High-dimensional biomarker discovery is statistically 
fragile: ML can overfit, especially when features far exceed sample size (a common situation 
in omics), producing models that look strong internally but fail to generalize. The dementia 
biomarker discovery review highlights dataset limitations as a major barrier—especially lack 
of participant diversity and cohort bias—which can cause performance to drop sharply when 
models are tested outside the original dataset. Relatedly, the broader medical-AI review 
underscores limitations such as bias, privacy/security, and lack of transparency, and stresses 
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that high retrospective performance does not imply clinical efficacy. Reporting and evaluation 
standards are treated as essential for trustworthy dementia AI (e.g., emphasis on reproducibility, 
appropriate validation, and movement toward structured reporting guidance for prediction 
models). Models should be judged by real-world benefit (clinical outcomes, workflow impact, 
equitable access), not just summary metrics like AUC from retrospective datasets[56]. 

Common supervised algorithms in dementia biomarker work include regression models, 
support vector machines, random forests, gradient boosting, and deep learning, with model 
choice depending on the modality (e.g., image-based deep learning vs. tree-based methods for 
tabular biomarkers)[57]. 

 

2.7 Unsupervised Learning 
Unsupervised learning refers to a family of machine learning methods that infer patterns and 
structure from unlabeled data, meaning that no explicit outcome (e.g., “Alzheimer’s disease vs 
control”) is provided during training. In dementia research, it is used to address clinical and 
biological heterogeneity by discovering latent structure—such as data-driven subtypes 
(endotypes), spectra, or clusters of individuals with similar multimodal biomarker profiles—
rather than forcing all participants into predefined diagnostic categories. This paradigm is 
particularly relevant because modern dementia cohorts often contain high-dimensional and 
multimodal measurements (e.g., imaging, omics, clinical features, and digital measures), where 
relationships among variables may be nonlinear and not well captured by traditional single-
modality or hypothesis-driven analyses[58,59]. 

In practice, unsupervised pipelines commonly combine dimensionality reduction (to compress 
thousands of features into a lower-dimensional latent space) with clustering algorithms (to 
group participants into coherent profiles), after which clusters are interpreted post hoc using 
clinical characteristics and biomarker patterns. These approaches can support biomarker-
guided stratification and the identification of patient subgroups that may reflect distinct 
underlying mechanisms, which is important for precision medicine and for improving the 
design of downstream predictive models and clinical trials. Unsupervised methods are also 
useful in settings where diagnostic labels are missing, noisy, or inconsistently defined across 
sites (e.g., population surveys and real-world clinical datasets), enabling discovery and 
screening based on data structure rather than label quality. However, unsupervised results can 
be sensitive to preprocessing choices, hyperparameters, and cohort artifacts (including 
confounding and site effects), and clusters may not replicate across independent datasets if they 
capture dataset-specific biases rather than generalizable biology. Consequently, robust 
validation across cohorts, transparent reporting, and careful interpretability analyses are 
essential before treating unsupervised clusters as clinically meaningful dementia 
subtypes[60,61]. 
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2.8 Supervised Learning 
Supervised learning is a machine learning paradigm in which models are trained on labeled 
examples to learn a mapping from input features (predictors) to a known outcome (label), such 
as diagnosis (AD/MCI/control), dementia subtype, conversion from MCI to dementia, or future 
cognitive decline. In dementia research, supervised learning is widely used because it can 
integrate large numbers of variables across modalities—neuroimaging, fluid biomarkers 
(CSF/plasma), genetics/omics, neuropsychological measures, and digital biomarkers—and 
quantify how well these combined signals predict clinically meaningful endpoints. This makes 
supervised learning especially valuable for developing susceptibility/risk models, diagnostic 
classifiers, and prognostic models that aim to predict progression or trajectories rather than 
relying on single markers or single time-point assessments[62]. 

A typical supervised learning workflow includes feature preprocessing and selection, model 
training on a labeled dataset, and rigorous evaluation using hold-out testing or cross-validation 
to estimate generalization to unseen data; this is critical because dementia datasets are often 
heterogeneous and can be prone to overfitting, particularly in high-dimensional settings. 
Common algorithm families include regularized regression, support vector machines, and tree-
based ensemble methods (e.g., random forest and gradient boosting) for tabular biomarker data, 
as well as deep learning architectures for imaging and other high-dimensional inputs where 
representation learning can be advantageous. Model performance is usually quantified using 
metrics such as sensitivity/specificity and ROC-AUC, but multiple metrics are recommended 
because accuracy alone can be misleading under class imbalance or asymmetric clinical costs 
of false positives vs false negatives. Supervised pipelines are increasingly paired with 
explainability methods (e.g., SHAP) to rank predictors and provide per-individual feature 
attributions, supporting biomarker discovery and improving the transparency needed for 
clinical trust and translation. 

 

2.9 Explainable AI (XAI) in dementia research and multimodal models 
Explainable artificial intelligence (XAI) refers to methods that make the outputs of AI/ML 
models understandable to humans by providing evidence for why a particular prediction was 
produced (e.g., which variables, modalities, or regions of an image contributed most). XAI is 
especially important in dementia research because models are increasingly trained on complex, 
high-dimensional, multimodal datasets (imaging, omics, fluid biomarkers, clinical variables, 
and digital biomarkers), where strong predictive performance alone does not guarantee 
biological validity, clinical trust, or generalizability. A recurring barrier to real-world adoption 
of AI in medicine is the “black box” nature of many models, so transparency and auditability 
are needed to support clinician confidence, reduce harmful failures, and bridge the gap between 
retrospective performance and true clinical utility[63]. 

In multimodal dementia models, explainability plays a distinct role because predictions often 
emerge from feature interactions across modalities rather than a single marker, and XAI helps 
disentangle which data sources drive the decision (and whether that reliance is clinically 
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plausible). For example, explanation methods can reveal whether a model is dominated by one 
convenient modality (e.g., demographics or site-related imaging artifacts) instead of disease-
relevant signals, which is critical given known risks of dataset bias and poor generalization 
when models are trained on limited or non-representative cohorts. In imaging-based dementia 
models, visual explanation techniques (e.g., saliency/attention maps, Grad-CAM, and 
relevance propagation families) are used to highlight which brain regions most influenced 
classification or staging, supporting both scientific interpretability and quality control of model 
behavior. In non-imaging tabular or multi-omics settings, feature-attribution methods such as 
SHAP and LIME are commonly used to quantify global biomarker importance and provide 
patient-level explanations, turning a predictive model into a structured biomarker ranking and 
hypothesis-generation engine[64,65]. 

From a biomarker discovery standpoint, XAI is valuable because it can reduce “blind” reliance 
on performance metrics by showing which predictors are being used, enabling mechanistic 
scrutiny before costly downstream validation and translation. This is particularly relevant in 
high-dimensional biomedical data where ML can overfit and identify spurious signals that 
appear strong in internal validation but fail to replicate, making interpretability a practical 
safeguard as well as a scientific tool. In your multimodal, two-stage cognitive decline modeling 
work, SHAP-based interpretation is explicitly used to identify and communicate which routine 
clinical chemistry markers, metabolite/amino-acid measures, and wearable-derived behavioral 
features contributed to each stage of prediction, illustrating how XAI supports both scientific 
narrative and clinical plausibility in multimodal models. More broadly, recent dementia-
focused XAI literature emphasizes that explanations can be used for “clinical alignment” 
(checking whether model reasoning matches known clinical patterns) and for quality assurance 
to detect biases or inappropriate shortcuts, which are key requirements for trustworthy 
deployment of dementia AI systems[66]. 

 

 

2.10 Hyperparameter 
Hyperparameters are configuration choices set before model training that control either the 
model’s structure (e.g., number of layers/units in a neural network, maximum depth/number of 
trees in tree ensembles) or the learning process itself (e.g., learning rate, batch size, 
regularization strength), and they differ from model parameters (weights/coefficients) that are 
learned directly from the training data. In biomarker and multimodal clinical research, 
hyperparameters are especially influential because they strongly determine model capacity and 
inductive bias, thereby shaping the underfitting–overfitting trade-off and the stability of 
discovered “signals” in high-dimensional settings. For example, in tree-based methods, deeper 
trees and weaker regularization can increase apparent training performance but often reduce 
generalization, while in neural networks, architecture and optimization hyperparameters can 
determine whether training converges reliably and whether the learned representation captures 
disease-relevant patterns or dataset artifacts. Hyperparameters also matter beyond supervised 
prediction: in unsupervised methods commonly used in biomedical pipelines (e.g., t-SNE), 
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outputs can be sensitive to user-set hyperparameters, meaning that inferred clusters or 
separations may change substantially with different settings and should be treated as analysis 
choices rather than ground truth[67]. 

Hyperparameter tuning (hyperparameter optimization) is the iterative process of selecting 
hyperparameter values that maximize a predefined objective (e.g., cross-validated AUC, 
sensitivity at a fixed specificity, calibration error) while maintaining generalization to unseen 
data. Common tuning strategies include manual/heuristic tuning, grid search (systematic 
enumeration over a predefined set), random search (sampling combinations from distributions), 
and Bayesian optimization (probabilistic search that uses past evaluations to choose promising 
new settings), with the choice driven by the size of the search space, computational budget, 
and the expected interactions among hyperparameters. A key methodological requirement is to 
separate data used for tuning from data used for final evaluation to prevent optimistic bias; in 
practice, tuning is performed using internal cross-validation or a validation split, and the final 
model is then assessed once on a held-out test set, with “nested” cross-validation often 
preferred when sample size is limited and the risk of overfitting is high. This is particularly 
important in omics and multimodal dementia-related datasets where the feature dimension can 
be very large relative to the number of participants, making it easy for flexible models and 
extensive hyperparameter searches to fit noise, inflate performance estimates, and generate 
non-reproducible biomarker rankings without rigorous validation design[68,69]. 

 

2.11 Random Forest 
Random Forest (RF) is a supervised ensemble learning algorithm originally proposed by Leo 
Breiman in 2001, who provided a rigorous mathematical foundation demonstrating that the 
generalization error of a forest converges to a limit as the number of trees increases, and is 
bounded by the strength of individual classifiers and the correlation between them. It builds a 
collection of decision trees and combines their predictions into a single output, typically using 
majority voting for classification and averaging for regression. The core idea is to reduce the 
instability and overfitting tendency of a single decision tree by training many trees on different 
bootstrap samples of the training data (sampling with replacement) and injecting additional 
randomness by restricting the set of candidate features considered at each split. This “bagging 
+ random feature selection” mechanism decorrelates individual trees so that their errors are 
less likely to align, which often improves generalization performance on unseen data compared 
with a single tree[70]. 

A practical advantage of RF in biomedical and dementia-related biomarker modeling is that it 
handles nonlinear relationships and higher-order interactions without requiring explicit 
specification of interaction terms, which can be valuable when combining heterogeneous 
clinical chemistry, metabolomics, wearable-derived features, and other modalities. Tree-based 
ensembles (including RF and gradient boosting) are frequently strong baselines for tabular 
biomarker datasets and, in many real-world settings, can outperform more complex neural 
models when sample sizes are limited or when the signal-to-noise ratio is modest. In dementia 
biomarker discovery work, RF-style models are also attractive because they can operate on 
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mixed feature types, tolerate collinearity better than many linear models, and provide built-in 
routes to ranking variables for downstream biological interpretation (with the caveat that 
importance measures require careful validation)[71,72]. 

Key RF hyperparameters control model capacity, bias–variance trade-offs, and computational 
cost, and therefore strongly influence performance and reproducibility. The most important 
tuning parameters include the number of trees (often called n_estimators), the maximum tree 
depth (or related constraints such as minimum samples per leaf), and the number of candidate 
features evaluated at each split (often called max_features). A commonly used default heuristic 
is to consider p features at each split for classification (where p is the total number of input 
features), while regression often uses more features per split, though optimal settings are data-
dependent. Because RF uses bootstrap sampling, many implementations also enable out-of-
bag (OOB) evaluation, where each tree can be tested on samples not included in its bootstrap 
draw, providing an internal estimate of generalization error without requiring a separate 
validation split (though external validation remains preferred for publication-quality 
claims)[73]. 

Interpretability in RF is often addressed via feature-importance analyses, but these must be 
handled carefully in biomarker discovery where overfitting and cohort effects are common 
risks. A widely used approach is permutation importance, which measures the increase in 
prediction error when a feature’s values are randomly permuted in out-of-bag samples, thereby 
estimating how much the model depends on that feature for predictive performance. However, 
RF importance rankings can be unstable across resamples and can be biased by correlated 
predictors or by variables with many possible split points, so robust reporting typically requires 
repeated cross-validation, sensitivity analyses, and ideally replication in an independent cohort 
before interpreting “top biomarkers” as biologically meaningful[74]. 

 

2.12 Logistic Regression, Ridge, and Lasso 
Logistic regression is one of the most widely used statistical models for binary outcomes and 
is a standard method when the dependent variable has two categories, such as disease versus 
no disease, responder versus non-responder, or normal versus abnormal status. In scientific 
research, it is valued because it models probabilities directly, produces interpretable 
coefficients on the log-odds scale, and provides a statistical baseline against which more 
complex machine-learning models can be compared. In modern applied statistics, logistic 
regression is treated as a classical model for binary classification, while its penalized extensions 
became especially important in high-dimensional and correlated data settings. The 
mathematical foundation of logistic regression begins with the idea that, for a binary outcome 
Yᵢ ∈ {0, 1}, the conditional probability of the event can be modeled as a smooth function of 
the predictors rather than by ordinary linear regression. Specifically, logistic regression 
assumes that the probability of the event is linked to a linear predictor through the logistic 
function. 
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Equivalently, the model is linear on the log-odds scale, which is called the logit transformation. 

 𝑙𝑜𝑔 ( 𝜋𝑖1 − 𝜋𝑖) = 𝛽0 + 𝑥𝑖𝑇𝛽 

This formulation is philosophically attractive because it maps any real-valued linear 
combination of predictors to a valid probability between 0 and 1, while preserving a simple 
linear structure in the transformed space. As a result, each coefficient describes the change in 
log-odds associated with a one-unit increase in the corresponding predictor, holding other 
variables constant. Under the Bernoulli sampling assumption, the model parameters are 
estimated by maximizing the likelihood, or equivalently by minimizing the negative log-
likelihood. For ո independent observations, the log-likelihood can be written as follows. 

 

𝑙(𝛽) = ∑ 𝑙ݕ] ̇(𝛽0 + 𝑥𝑖𝑇𝛽) − 𝑙𝑜𝑔(1 + 𝑒 ・𝑥 (𝛽0 + 𝑥𝑖𝑇𝛽))]𝑛
𝑖=1  

Unlike ordinary least squares, logistic regression does not generally have a closed-form 
solution, so estimation is performed iteratively, commonly through Newton-Raphson or 
iteratively reweighted least squares procedures. This likelihood-based foundation is one reason 
logistic regression became so influential in biostatistics, epidemiology, and clinical research, 
where binary outcomes are common and probabilistic interpretation is essential. Although 
classical logistic regression is powerful, it can become unstable when predictors are highly 
correlated, when the number of predictors is large relative to the sample size, or when the data 
contain weak signals and noise. Regularization addresses this problem by adding a penalty term 
to the objective function, thereby shrinking coefficient estimates toward zero and reducing 
overfitting. In this sense, penalized logistic regression can be viewed as a restricted or 
regularized maximum-likelihood framework. Ridge regression was proposed by Hoerl and 
Kennard in 1970 as a biased estimation strategy for non-orthogonal problems, and its central 
idea is to improve stability by penalizing the squared magnitude of the coefficients. When 
translated to logistic regression, ridge penalization augments the negative log-likelihood with 
an 𝐿2 penalty term. 

βridgê = argminβ [−l(β) + λ∑ β・2𝑝
=1・

] 
The ridge penalty shrinks coefficients continuously toward zero but usually does not make 
them exactly zero, which means that all predictors remain in the model, albeit with reduced 
magnitude. Its mathematical philosophy is variance control: by accepting a small amount of 
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bias, ridge often reduces estimator instability and improves generalization when predictors are 
correlated or numerous. For this reason, ridge-type models are especially useful when many 
variables may contain partial information and the main goal is stable prediction rather than 
aggressive variable elimination. The least absolute shrinkage and selection operator, or lasso, 
was introduced by Robert Tibshirani in 1996. The lasso modifies the optimization problem by 
adding an L1 penalty, that is, the sum of the absolute values of the coefficients. 

 

βlassô = argminβ [−l(β) + λ∑ |β�|𝑝
�=1 ] 

The key difference from ridge is geometric as well as statistical: the L1 constraint has corners, 
and these corners encourage some coefficients to become exactly zero. As Tibshirani 
emphasized, this gives the lasso an appealing combination of shrinkage and variable selection, 
producing models that are often both more interpretable and more stable than unrestricted 
estimation. In high-dimensional research settings, this sparsity property is especially valuable 
because it can reduce noise, simplify interpretation, and identify a smaller subset of potentially 
important predictors. A useful way to compare the two penalties is through their behavior in 
the presence of multicollinearity and high dimensionality. Ridge tends to distribute shrinkage 
across correlated predictors and is often preferred when many variables carry overlapping 
information. Lasso, in contrast, tends to retain only a subset of predictors and set others to zero, 
which can be advantageous for feature selection but may be less stable when several predictors 
are strongly correlated and carry similar signals. Thus, ridge is often viewed as a stabilization 
method, whereas lasso is often viewed as a sparsity-inducing selection method. Another 
important conceptual point is that penalized logistic regression reflects the broader statistical 
principle of the bias-variance tradeoff. Ordinary maximum-likelihood estimation aims to fit the 
observed data as closely as possible, but in noisy or small-sample settings this can yield 
estimates with large variance and poor out-of-sample performance. Regularization deliberately 
introduces bias through coefficient shrinkage in order to reduce variance and improve 
predictive performance on new data. These methods are widely used in scientific research 
because many real-world questions are naturally binary and because researchers require both 
prediction and interpretability. In medicine and public health, logistic regression is commonly 
used to estimate risk, identify associated factors, and provide interpretable effect sizes, while 
penalized forms are particularly useful when the predictor space is large, correlated, or noisy. 
Regularized logistic models are therefore popular in biomarker discovery, omics, epidemiology, 
and clinical prediction research, where overfitting, collinearity, and limited sample size are 
common analytical challenges. In the context of the present study, penalized logistic regression 
serves as a transparent and clinically interpretable comparison model alongside the tree-based 
imbalanced-learn Random Forest framework. Its inclusion is methodologically important 
because it allows evaluation of whether the predictive signal is detectable not only by a 
nonlinear ensemble model but also by a sparse linear classifier operating on the log-odds scale. 
Furthermore, when combined with SHAP-based explanation, penalized logistic regression 
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contributes to interpretable biomarker discovery by clarifying which variables most strongly 
influence classification at each stage of cognitive decline prediction. 

 

2.13 Bayesian optimization (BO) 
Bayesian optimization (BO) is a sequential, sample-efficient strategy for optimizing an 
objective function that is expensive to evaluate, treated as a “black box,” meaning the optimizer 
does not require gradients or an explicit analytical form of the function. In machine learning, 
that objective is commonly a validation score (e.g., cross-validated AUC or loss) produced after 
training a model under a particular hyperparameter configuration, which makes each function 
evaluation computationally costly. Compared with grid or random search, BO is designed to 
use information from previous trials to choose the next hyperparameter setting more 
intelligently, concentrating evaluations in regions that are more likely to improve performance 
while still probing uncertain regions. 

The key mechanism is that BO maintains a probabilistic surrogate model that approximates the 
relationship between hyperparameters and the objective value, and then uses an acquisition 
function to decide which hyperparameter configuration to try next. A common surrogate is a 
Gaussian process model, and common acquisition functions include Expected Improvement 
(EI) and Upper Confidence Bound (UCB), which formalize the exploration–exploitation trade-
off (trying uncertain regions versus refining known good regions). The process is iterative: 
propose a candidate configuration using the acquisition function, train/evaluate the model to 
obtain the objective score, update the surrogate model with the new observation, and repeat 
until a stopping criterion is met (e.g., evaluation budget or convergence). 

In hyperparameter tuning, BO is particularly useful when the search space is large (many 
hyperparameters, wide ranges, and interactions) and when each training run is time-consuming, 
because it aims to reduce the number of evaluations needed to find near-optimal settings. This 
efficiency is valuable in high-dimensional biomedical modeling, where the combination of 
complex models and limited sample sizes increases the risk of overfitting and makes rigorous 
validation (e.g., cross-validation and ideally nested validation when tuning) essential to avoid 
overly optimistic performance estimates. Practically, BO requires carefully defining (i) the 
search space (ranges/types of hyperparameters), (ii) the objective function (what metric is 
optimized and how it is computed), and (iii) the evaluation protocol (how folds/splits are 
performed and whether repeated runs are needed to stabilize noisy estimates). Because many 
clinical and multimodal pipelines introduce additional stochasticity (random initialization, 
sampling, missingness handling, and modality-fusion training dynamics), it is often necessary 
to reduce noise in the objective by fixing random seeds when appropriate and/or averaging 
across folds or repeated runs so that the optimizer does not “chase” random variation. 

For multimodal AI models (e.g., combining clinical chemistry, metabolomics/omics, imaging, 
and digital biomarkers), BO becomes even more important because there are usually 
hyperparameters at multiple levels: modality-specific preprocessing, representation-learning 
architectures, fusion strategy, regularization strengths, and training dynamics. By iteratively 
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learning which regions of this joint hyperparameter space are promising, BO can make 
multimodal model development more computationally feasible and can improve generalization 
when paired with robust validation and transparent reporting, rather than relying on ad hoc 
manual tuning. However, BO does not remove the need for external replication: even well-
tuned models can fail to generalize if training data are biased or not representative, so the 
optimized configuration should still be tested on independent cohorts and assessed for stability 
and clinical plausibility. 

 

2.14 Imbalanced-learn 
Imbalanced-learn (imported as imblearn) is a Python library from the scikit-learn-contrib 
ecosystem that extends the scikit-learn API with methods specifically designed for 
classification problems where the outcome classes are highly skewed (e.g., many “Normal” 
cases and few “Impaired” cases). Its core value is that it provides consistent, pipeline-friendly 
components for resampling and imbalance-aware modeling, so that class-imbalance handling 
can be treated as a first-class step in a machine-learning workflow rather than an ad hoc 
preprocessing trick. In practice, imbalanced-learn is used to reduce bias toward the majority 
class by either changing the training distribution (resampling) or modifying the learning 
algorithm (ensemble methods that integrate sampling), while keeping the familiar fit, predict, 
and cross-validation patterns used in scikit-learn. 

Within imbalanced-learn, resampling methods are designed to transform the training set into a 
more learnable representation for minority classes, commonly via over-sampling (increasing 
minority examples), under-sampling (reducing majority examples), or combined strategies that 
apply both. These resampling approaches are exposed in a way that fits the scikit-learn mental 
model (e.g., “fit then transform/resample”), which makes it straightforward to embed them into 
reproducible pipelines and validation schemes. This is particularly important in biomedical 
prediction settings because the modeling goal is often not “overall accuracy,” but clinically 
meaningful detection of rare outcomes, which requires evaluation strategies and metrics that 
do not get dominated by the majority class. 

A balanced forest model in imbalanced-learn most commonly refers to the 
BalancedRandomForestClassifier, which adapts the standard Random Forest idea to 
imbalanced data by constructing each tree using a class-balanced bootstrap sample (typically 
by under-sampling the majority class for each tree). The motivation is that standard Random 
Forest bootstrapping can yield training subsets containing too few minority samples- especially 
under extreme imbalance- so individual trees may learn decision rules that largely ignore 
minority patterns. By forcing more balanced per-tree training data, the forest tends to allocate 
more modeling capacity to minority-class structure, often improving recall/sensitivity for rare 
classes while still retaining the robustness of tree ensembles. In imbalanced-learn, this 
estimator also exposes imbalance-specific controls such as sampling_strategy (how balancing 
should be performed) alongside standard forest hyperparameters (e.g., number of trees and tree 
complexity), enabling the user to tune both the resampling behavior and the model capacity. 
For reporting and validation, it is generally important to emphasize imbalance-aware metrics 
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(e.g., balanced accuracy and precision/recall-oriented measures) rather than relying on raw 
accuracy, because accuracy can remain high even for uninformative classifiers that mostly 
predict the majority class. 

 

2.15 SHAP Analysis for biomarker discovery 
SHAP (SHapley Additive exPlanations) was first proposed by Lundberg and Lee (2017) as a 
unified framework for interpreting complex machine learning models[75]. It relies on a 
rigorous mathematical foundation rooted in cooperative game theory, originally introduced by 
Lloyd Shapley in 1953, to fairly distribute a model’s prediction among its input features. The 
method is considered one of the leading XAI (Explainable AI) approaches because it is the 
unique feature-attribution method that satisfies three desirable axioms: local accuracy (the sum 
of feature attributions equals the model output), missingness (features not present have zero 
impact), and consistency (if a model changes so that a feature relies more on it, its attribution 
does not decrease)[76]. 

In a simplified example, imagine three people (features A, B, and C) working together to 
generate a profit (prediction) of $100 compared to a baseline of $0. To determine exactly how 
much credit Feature A deserves, SHAP calculates the marginal contribution of A in every 
possible coalition: 

How much does profit increase if A joins an empty team? 

How much does it increase if A joins just B? 

How much if A joins just C? 

How much if A joins B and C together? 

SHAP then averages these marginal contributions to assign a single "fair" value to Feature A. 
In a biomarker model, this means calculating how much a specific patient’s high plasma tau 
level increased their predicted Alzheimer's risk, considering all possible combinations with 
other variables like age, genetics, and cognitive scores[77]. 

In biomarker discovery, SHAP is typically applied after training a predictive model (e.g., tree 
ensembles, gradient boosting, or neural networks) so that each candidate biomarker (laboratory 
value, metabolite, omics feature, wearable-derived metric, or microbiome feature) receives an 
attribution showing how much it pushed a specific subject’s predicted risk higher or lower 
relative to a baseline expectation. By aggregating these individual-level attributions across the 
cohort (e.g., mean absolute SHAP values), SHAP produces global rankings that can be 
interpreted as model-based “importance” measures, while still retaining the ability to drill down 
to subject-specific explanations that are essential for clinical interpretability and hypothesis 
generation.In biomarker discovery workflows, SHAP’s practical strength is that it supports 
both local and global interpretability: local explanations help clinicians or researchers 
understand why a particular participant is classified as high risk (useful for clinical plausibility 
checks and case-based reasoning), and global summaries help prioritize candidate biomarkers 
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for downstream statistical testing, pathway interpretation, and external validation. This dual 
view is especially useful in multimodal or multi-omics settings where traditional coefficients 
(e.g., from linear models) may be hard to interpret due to nonlinearity and interactions, while 
SHAP can reveal nonlinear effects and interaction patterns that are learned by complex models 
without requiring the model itself to be simplified. When used carefully, SHAP can therefore 
accelerate hypothesis generation by translating high-performing but opaque predictors into a 
ranked and visualizable set of biomarker candidates, narrowing a large feature space into a 
smaller set of biologically and clinically interpretable signals for further validation[78]. 

Shapley values are computationally expensive because the original formulation scales 
exponentially with the number of features, so practical SHAP implementations often rely on 
approximations (e.g., KernelSHAP) or model-specific accelerations (e.g., TreeSHAP), and 
approximation error can affect stability of rankings in high-dimensional biomarker spaces. 
Second, SHAP explanations are fundamentally associational: they explain how the trained 
model uses features to make predictions, but they do not establish causal effects, so high SHAP 
importance should be interpreted as “predictive relevance within this dataset/model” rather 
than proof of a biomarker being mechanistically causal. Third, feature dependence and 
correlation are challenging: in correlated biomarker panels, SHAP attributions can be 
distributed across correlated variables in ways that depend on the background distribution and 
the method used to handle “missing” features, which can lead to apparent importance being 
assigned to a proxy feature rather than the underlying causal signal. Finally, SHAP can be 
misinterpreted if it is treated as a universal measure of clinical importance; robust biomarker 
discovery still requires careful study design, leakage avoidance, appropriate cross-validation 
(often nested when tuning), and—critically—external validation to mitigate false discovery 
and overfitting in small or high-dimensional biomedical datasets[79,80]. 
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3 Problem Statement 
Dementia and age-related cognitive decline present a major clinical and public health challenge 
because cognitive impairment develops gradually, arises from heterogeneous biological and 
behavioral pathways, and is often difficult to detect early with sufficient precision for prognosis. 
In community and primary-care settings, this creates a practical detection and prognosis 
challenge because symptom-driven categorization- even when standardized- often identifies 
impairment relatively late and provides limited precision for forecasting whether an individual 
trajectory will remain stable, decline slowly, or progress rapidly. 

A closely related translational challenge is that the most pathophysiologically specific 
Alzheimer’s disease biomarkers (for example, CSF amyloid/tau or PET imaging) are resource-
intensive, invasive, or both, which limits scalability for routine screening and longitudinal 
monitoring in large populations. As a result, many real-world settings still depend heavily on 
clinical criteria and brief cognitive instruments, while biomarker-driven workflows remain 
unevenly adopted across typical healthcare infrastructures. Minimally invasive biomarker 
strategies that can support earlier risk stratification using measurements that are more feasible 
in real-world care and community-based settings. 

A further challenge lies in the analytical framework required to model cognitive decline. 
Realistic dementia prediction tasks may require combining high-dimensional multimodal 
inputs, dealing with missingness and irregular sampling, and learning from small-to-moderate 
cohorts which may increase the risk of overfitting and reduce generalizability if not handled 
rigorously. These concerns align with broader evidence from machine-learning biomarker 
discovery showing that powerful models can find patterns in complex biological datasets yet 
still fail to generalize without strong validation and replication practices, thereby increasing 
false discovery risk. Therefore, the central applied problem is how to develop scalable, non-
invasive, multimodal biomarker panels- paired with clinically aligned machine learning and 
transparent, explainable inference- to improve prediction of near-future cognitive status (e.g., 
18‑month MMSE-derived categories) and reduce ambiguity near decision boundaries such as 
normal aging versus early impairment. Prediction with multimodal data from routine clinical 
chemistry, metabolomics, gut microbiome indices, and wearable-derived activity measures, 
while also dealing with a relatively small cohort, marked class imbalance, and clinically subtle 
boundaries between Normal, Possible MCI, and Impaired groups is quite challenging with the 
risk of overfitting & unstable estimates. 

Accordingly, the central problem addressed in this thesis is how to develop a scalable, 
biologically interpretable, and clinically aligned framework that uses non-invasive multimodal 
baseline data to predict near-future cognitive status more effectively. 
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4 Research Gaps 
Despite substantial progress in dementia research, several important gaps remain in the 
development of scalable, interpretable, and clinically useful biomarker-based prediction 
frameworks. A major gap is that the scalability–specificity trade-off remains unresolved in 
many dementia biomarker pipelines. Highly specific biomarkers may be less deployable at 
scale, while scalable signals (routine blood tests, wearable-derived behavior, and other 
minimally invasive measures) may be less disease-specific on their own, motivating the need 
for principled multimodal combinations that can regain specificity without sacrificing 
feasibility in population-level screening contexts. 

A second gap is that multimodal integration remains methodologically and operationally 
difficult. Clinical reasoning naturally fuses heterogeneous information streams (history, routine 
labs, functional status, and- when available- specialized tests), yet many deployed AI systems 
still focus on narrow tasks with single modalities, and multimodal medical AI faces persistent 
barriers such as data heterogeneity, missingness, and dataset bias that complicate real-world 
generalization. This gap is particularly relevant in dementia because cognitive decline can be 
shaped by interacting systemic processes- metabolic, vascular, inflammatory, and behavioral- 
that are unlikely to be captured by any single modality in isolation. Highly specific approaches 
such as advanced imaging and cerebrospinal fluid-based biomarkers can provide valuable 
pathophysiological information, but their cost, invasiveness, and operational burden limit their 
suitability for routine screening and repeated monitoring in community settings. 

A third gap concerns generalizability and dataset bias. Biomedical machine-learning systems 
often degrade when tested outside their development cohorts, and multimodal linkage can 
exacerbate selection bias because individuals who complete all modalities (e.g., labs + 
microbiome + wearables) may systematically differ from those who do not, threatening 
transportability across populations and care settings. Addressing this requires validation 
designs and reporting practices that explicitly evaluate robustness and describe cohort 
composition, rather than relying solely on within-cohort performance. Cognitive decline is 
shaped by interacting metabolic, vascular, inflammatory, behavioral, and possibly microbiome-
related processes, making it unlikely that any single data type can adequately capture the full 
biological and functional spectrum of risk. Although clinical reasoning naturally integrates 
heterogeneous information sources, many analytical studies and deployed artificial intelligence 
systems still focus on narrower single-modality tasks, leaving the practical integration of 
multimodal signals insufficiently developed. 

A fourth gap is the small-sample, high-dimensional false discovery problem that frequently 
occurs in biomarker discovery, especially in settings resembling p≫n regimes. In such contexts, 

machine learning can produce apparently strong predictive performance while still learning 
unstable or non-reproducible feature associations unless strict safeguards (appropriate cross-
validation design, leakage prevention, external validation, and biological triangulation) are 
applied. This is not a theoretical concern but a recurrent reason why promising biomarker 
signatures fail to replicate. 
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A fifth gap is that interpretability is often insufficiently aligned with clinical and biological 
questions. Many machine-learning studies aim to maximize predictive accuracy, but the 
resulting models may function as black boxes and provide limited insight into which baseline 
features are driving predictions or whether different predictors matter at different stages of 
decline. Although explainable AI is widely discussed, explanations are often treated as post hoc 
add-ons rather than as tools for clinical reasoning, bias auditing, and stage-specific biological 
insight; moreover, explanation methods can be misunderstood as causal evidence if 
interpretation is not careful. SHAP is one of the best-known post hoc explanation approaches 
and is grounded in Shapley-value theory to attribute feature contributions to individual 
predictions, but even SHAP explanations should be interpreted as describing model behavior 
rather than causal mechanisms.  

There is therefore an important gap in stage-aware, interpretable modeling approaches that can 
support biomarker discovery while remaining transparent enough to inform clinical reasoning. 
A remaining research gap, therefore, is the development of clinically aligned hierarchical 
modeling frameworks that first detect abnormality and then distinguish severity within the 
abnormal subgroup. Addressing label noise and boundary sensitivity in clinical cognitive 
categories, particularly when using thresholded scores such as MMSE. MMSE-based 
categories are practical and repeatable, but they compress multiple cognitive domains into a 
single score and can create “boundary noise” around cutoffs (e.g., Normal vs Possible MCI), 
which can distort supervised targets and penalize models for clinically ambiguous cases. This 
motivates modeling strategies that explicitly reduce boundary ambiguity, such as staged or 
hierarchical decision pipelines that mirror clinical screening and severity-grading workflows. 

 

Taken together, these gaps indicate that dementia biomarker research still lacks sufficiently 
scalable, multimodal, interpretable, and stage-aware prediction frameworks for near-future 
cognitive status in community-dwelling older adults. 
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5 Hypotheses 
This study investigates, in an exploratory biomarker-discovery framework leveraging Machine 
Learning techniques three (03) research questions – 

 H1 (Stage-dependent performance difference): The two-stage clinical hierarchical 
(staged) prediction pipeline will show different performance across stages, such that 
Stage 2 (Possible MCI vs Impaired among screen-positive individuals) will achieve 
higher discriminability (e.g., ROC-AUC and macro-F1) than Stage 1 (Normal vs 
Abnormal), reflecting improved separability after restricting the decision space to 
clinically flagged participants. 

 H3(Model robustness across algorithm classes): The two-stage clinical hierarchical 
(staged) prediction pipeline will show different performance across algorithms in both 
stages. Both the Imbalanced-Learn Random Forest model and the penalized logistic 
regression baseline will capture meaningful predictive signal from the multimodal 
baseline data, indicating that the association between baseline biomarkers and near-
future cognitive status is not confined to a single model class. 

 H3 (Stage-specific interpretable biomarker discovery): Explainable inference applied 
to both models will identify biologically interpretable predictors, with stage-specific 
differences in the features associated with early abnormality detection and severity 
discrimination. 

 H4 (Utility of scalable multimodal predictors): Minimally invasive and scalable 
baseline measures, including routine clinical chemistry, targeted blood-based 
metabolites, gut microbiome diversity indices, and wearable-derived physical activity 
features, will provide sufficient information to support clinically meaningful risk 
stratification in community-dwelling older adults. 
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6 Conceptual framework 
The conceptual framework of this thesis is based on the view that cognitive decline is a 
multisystem, multimodal, staged modeling approach in which cognitive decline is treated as an 
emergent phenotype arising from interacting biological and functional systems rather than a 
single-pathway process. Accordingly, the framework assumes that near-future cognitive status 
can be better understood and predicted by integrating complementary baseline signals from 
multiple domains, including routine clinical chemistry, targeted metabolomics, gut microbiome 
diversity, and wearable-derived physical activity measures. At the biological level, central 
neural vulnerability and pathology-related processes interact with systemic metabolic and 
vascular conditions (e.g., renal clearance, lipid metabolism, redox balance, inflammatory tone) 
that can be reflected in routine blood biochemistry and targeted metabolomics, while gut–brain 
axis signals (microbiome composition and derived metabolites) may index immune-metabolic 
modulation relevant to neurodegeneration. In parallel, functional phenotype expression- 
activity volume, regularity, and variability- offers downstream behavioral readouts that can be 
captured continuously through wearable devices, potentially improving sensitivity to subtle 
early changes that are difficult to detect with occasional clinic-based assessments. 

At the measurement level, the rationale for combining these modalities is that they 
operationalize the same heterogeneous evidence integration that clinicians perform implicitly, 
but in a structured and scalable manner. Multimodal medical AI literature emphasizes that 
medicine is intrinsically multimodal and that real-world performance is often constrained by 
heterogeneity, missingness, and bias, which supports designing pipelines that treat multimodal 
fusion and robustness as primary objectives rather than secondary enhancements. Consequently, 
a panel such as routine labs plus targeted (including chiral) metabolomics, microbiome 
profiling, and wearable activity features can be framed as a practical approximation of clinical 
fusion logic using deployable measurements. By combining scalable and relatively low-burden 
measurements, the framework aims to approximate this multidomain clinical logic in a 
structured and analytically reproducible manner. 

At the modeling level, the framework is organized as a two-stage hierarchical prediction 
pipeline that reflects the clinical progression of cognitive impairment. Stage 1 functions as a 
screening step that separates “likely normal cognition” from “possible impairment,” aiming to 
reduce false reassurance and to prevent subtle abnormal signals from being overwhelmed by 
the dominant normal class in imbalanced datasets. Stage 2 then performs severity 
discrimination among flagged individuals, distinguishing mild versus more advanced 
impairment within a narrower and more homogeneous decision space. This staged structure is 
conceptually important because it reduces the burden of forcing a single model to learn all 
category boundaries at once and is intended to better capture stage-dependent patterns of 
biomarker relevance. Finally, the framework links prediction to discovery through an explicit 
explainability-and-validation pathway. The predictive output provides an individual-level 
probability of near-future cognitive category membership, while the explanatory output uses 
SHAP-style feature attributions to identify which biomarkers push predictions upward or 
downward, ideally in a stage-specific manner so that screening biomarkers and severity 
biomarkers can be distinguished mechanistically. Because machine-learning biomarker 
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discovery is prone to overfitting and false discovery without replication, the framework also 
includes statistical and clinical triangulation steps- such as post hoc group comparisons, 
longitudinal consistency checks, and external validation where feasible- to increase credibility 
and translational readiness. 

The analytical component of the framework includes both an Imbalanced-Learn Random 
Forest model and a penalized logistic regression model, allowing comparison between a 
nonlinear ensemble learner and a more statistically linear baseline under the same staged 
prediction structure. This dual-model design supports assessment of whether the predictive 
signal is robust across different algorithmic assumptions and helps distinguish model-specific 
findings from patterns that are more consistently detectable in the data. 

Finally, the framework connects prediction with biomarker discovery through explainable 
inference and statistical validation. Predictive outputs provide estimated classification of 
near-future MMSE-based cognitive status, while SHAP-based feature attribution is used to 
identify which variables contribute most strongly to predictions at each stage. In this way, the 
framework is designed not only to classify cognitive status, but also to reveal stage-specific 
biomarker signatures that may support biological interpretation. To strengthen credibility, 
model-derived findings are further complemented by post hoc statistical comparisons across 
cognitive groups, thereby linking machine-learning explanations with group-level evidence 
from the observed data. 
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7 Methods  

7.1 Original Cohort Study Design 
The present analysis utilized data from a prospective, non-randomized controlled cohort study 
conducted in the Ajisu region of Yamaguchi city, Japan. The primary objective of the original 
cohort study was to evaluate whether multidomain exercise and yogurt-based nutritional 
interventions could attenuate decline in cognitive and motor function over 18 months compared 
with a usual-care control group. 

Participants were allocated to three groups (Exercise+, Yogurt+, Control) by preference and 
feasibility, and all procedures, assessments, and follow-up schedules were predefined in the 
original protocol and approved by the institutional ethics committee. 

The cohort included extensive baseline measurements spanning several biological and 
behavioral domains, including routine biochemistry, targeted metabolomics, chiral amino acids 
and glycine, gut microbiome profiling, and wearable-derived physical activity data. This 
comprehensive dataset provides foundation for subsequent investigations into biomarkers 
predictive of cognitive outcomes as a secondary endpoint. 

7.2 Participants 
Participants to the cohort study were recruited from Ajisu, a district in Yamaguchi city, 
Yamaguchi Prefecture, Japan. Eligible participants were community-dwelling older adults aged 
75 to 83 years who were able to provide written informed consent after receiving a 
comprehensive explanation of the study procedures. All participants were required to be free 
from any serious medical conditions.  

Exclusion criteria included: (1) suspected dementia, defined as a Mini-Mental State 
Examination (MMSE) score of 23 or lower; (2) certification as requiring nursing care at level 
2 or higher; or (3) any condition deemed unsuitable for participation as determined by the 
investigators. Such conditions include inability to stand unassisted, neurological ot 
musculoskeletal disorders, serious medical illnesses (e.g., cancer or renal failure), or regular 
use of antibiotics at the time of recruitment. In addition, participants in the exercise group were 
excluded if they had contraindications to physical activity, including epilepsy, hernia, recent 
surgery, or joint prostheses. Participants undergoing standard treatment for chronic conditions, 
including diabetes, hypertension, and dyslipidemia, were eligible to remain in the study.  

Initially, 104 volunteers expressed interest in participating in the 18-month intervention study. 
Four individuals withdrew from the study prior to enrollment due to procedural difficulties 
(n=2) or medical requirements (n=2). During the study, one  
participant voluntarily withdrew, and one participant died, resulting in 98 individuals who 
completed the study. The inclusion and exclusion criteria are shown in Table 1. 
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Table 1 
Inclusion and exclusion criteria for the study 
Inclusion and Exclusion Criteria of the Subjects 
Inclusion criteria 
Subjects Who: 
1. Community dwelling older individuals aged 75 to 83 years at the t ime of informed 

consent 
2. Able to provide voluntary writ ten informed consent 
3. Not suf fering from any serious medical condit ion 
4. Part icipants receiving standard treatment for chronic diseases such as diabetes, 

hypertension and dyslipidemia were eligible to remain in the study 
Exclusion criteria 
Subjects who: 
1. Suspected Dement ia (A score of 23 or lower in MMSE examinat ion) 
2. Cert if icat ion of requiring nursing care at level 2 
3. Presence of any condit ion deemed unsuitable for part icipat ion by the invest igators such 

as inability to stand unassisted, neurological, musculoskeletal, or connect ive t issue 
disorder, serious medical illnesses such as cancer or renal failure, and regular use of 
ant ibiot ics at the t ime of recruitment 

4. Addit ionally, part icipants of exercise group were  excluded if they had contradict ions to 
physical act ivity including epilepsy, hernia, recent surgery or joint prostheses. 

This table summarizes the eligibility criteria used to recruit community-dwelling older adults for the study. Inclusion criteria ensured 
part icipants were aged 75–83 years, capable of providing writ ten informed consent, and free of serious acute medical condit ions, while 
allowing stable chronic disease management (e.g., diabetes, hypertension, dyslipidemia). Exclusion criteria removed individuals with 
suspected dement ia (MMSE ≤23), higher long-term care needs (care level ≥2), or medical/funct ional condit ions likely to interfere with safe 
part icipat ion or valid assessments (e.g., inability to stand unassisted, serious neurological/musculoskeletal disorders, cancer, renal failure, or 
current ant ibiot ic use).  
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7.3 Ethical Committee Review 
The study protocol, informed consent forms, and related documentation were reviewed and 
approved by the Ethics Review Committee of Yamaguchi University. This study was conducted 
in accordance with the Declaration of Helsinki and the Japanese Ethical Guidelines for Medical 
and Health Research Involving Human Subjects, including the guidelines on human genome 
and genetic analysis research. This study was registered in the University Hospital Medical 
Information Network Clinical Trials Registry (UMIN-CTR) prior to participant recruitment. 

 

7.4 Secondary Analysis Framework 
This study constitutes an exploratory secondary analysis using data from the original cohort. 
We included all participants with complete baseline predictors and Mini-Mental State 
Examination (MMSE) scores assessed 18 months after baseline. The analysis aimed to identify 
baseline biomarkers associated with subsequent cognitive status, defined by MMSE outcomes 
at 18 months. Participants were categorized into three cognitive groups- Normal, Possible MCI, 
and Impaired- and these categories were used as supervised learning targets within a 
hierarchical machine-learning framework designed to reflect clinically meaningful progression 
in cognitive decline. 

A two-stage binary classification approach was applied. In Stage 1, the model distinguished 
Normal from Possible MCI or Impaired. In Stage 2, the model further classified Possible MCI 
versus Impaired. This staged design was intended to reduce ambiguity at adjacent category 
boundaries and to allow each classification step to address a more specific clinical decision 
problem. Classification was performed using two model classes: an Imbalanced-Learn Random 
Forest model and a penalized logistic regression model used as a baseline comparator. Given 
the relatively small sample size, we adopted Leave-One-Out Cross-Validation (LOOCV) to 
estimate model performance. Bayesian hyperparameter optimization was used to tune model 
parameters, and SHapley Additive exPlanations (SHAP) values were computed to evaluate 
feature im-portance and interpretability. 

Importantly, the set of explanatory predictors included not only the original study group 
assignments (Exercise+, Yogurt+, Control) but also a wide range of baseline multi-modal 
features collected at month 0. These predictors span demographic factors, routine clinical 
chemistry, targeted metabolomics including chiral amino acids, gut microbiome-related indices, 
and wearable-derived physical activity features. This design enabled the analysis to assess the 
relative contribution of both intervention exposure and baseline biological and behavioral 
characteristics to future cognitive classification. 

 

7.5 Data 
We included a range of baseline predictors in the model, spanning demographic, intervention, 
biochemical, behavioral, and microbiome-related data. 

Demographic predictors include age and sex. 
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Intervention-related information consisted of group assignments in the original Ajisu cohort 
study: Exercise+ (n=40), Yogurt+ (n=20), and Control (n=40). The Exercise Group was given 
structured 90-minute group sessions conducted once weekly at a local health and welfare center. 
Participants in the Yogurt Group were instructed to consume one cup (100 g) of yogurt per day. 
These were implemented as categorical variables. 

Biochemical and metabolic predictors were derived from 55 mL of fasting venous blood 
collected at baseline. Measurements included general blood biochemistry (liver and kidney 
function, lipid profile, glucose metabolism, anemia and targeted metabolites), and plasma 
concentrations of 24 chiral amino acids and Glycine: DL-Alanine (DL-Ala), L-Arginine (L-
Arg), DL-Asparagine (DL-Asn), L-Aspartic acid (L-Asp), L-Citrulline (L-Cit), L-Glutamine 
(L-Gln), L-Glutamate (L-Glu), Glycine (Gly), L-Histidine (L-His), L-Isoleucine (L-Ile), L-
Leucine (L-Leu), L-Lysine (L-Lys), L-Methionine (L-Met), L-Ornithine (L-Orn), L-
Phenylalanine (L-Phe), DL-Proline (DL-Pro), DL-Serine (DL-Ser), L-Threonine (L-Thr), L-
Tryptophan (L-Trp), L-Tyrosine (L-Tyr), and L-Valine (L-Val). These were quantified using 
chiral tandem liquid chromatography-tandem mass spectrometry (LC-MS/MS). 

Cognitive function was evaluated using the standard Mini-Mental State Examination (MMSE) 
questionnaire at both baseline and 18 months. 

Physical activity was recorded from 83 participants using wearable accelerometers (HJA-
750C, OMRON Healthcare) worn for one month.  

Gut microbiome profiles were obtained from fecal samples collected using FS-0007 
collection kits (TechnoSuruga Laboratory Co., Ltd.). DNA libraries were sequenced across four 
lanes of an Illumina NovaSeq 6000 platform (Illumina, Inc.) with paired-end 150 bp reads.  

 

7.6 Cognitive Outcome Classification Based on MMSE 
Cognitive status at 18 months was categorized into three groups based on MMSE scores: 
Normal (MMSE > 26), Possible MCI (24 < MMSE ≤ 26) or a drop of in score more than 3 or 
equal from the initial time point to end time point, and Impaired (MMSE ≤ 23). This 
classification yielded 73 Normal, 20 Possible MCI, and 5 Impaired cases. These thresholds 
capture clinically meaningful cutoffs commonly used to characterize cognitive severity in older 
adults, and were used to define outcome labels for supervised machine learning (Table 2). 
However, the MMSE alone has limited sensitivity for subtle cognitive changes and there is no 
universally accepted standard for defining MCI based solely on the MMSE. Accordingly, our 
outcome categories should be viewed as pragmatic severity strata rather than definitive clinical 
diagnoses within a cohort that may already include individuals with mild baseline impairment, 
rather than incident conversion from entirely normal cognition (Table 2). 
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Table 2 
MMSE Category 

MMSE Interpretation MMSE Interpretation Number of Individuals 
End Score > 26 End Score > 26 73 

24< End Score ≤ 26 or initial 
score - end score ≥ 3 

24< End Score ≤ 26 or 
initial score - end score ≥ 3 

20 

End Score ≤ 23 End Score ≤ 23 5 
This table def ines the Mini-Mental State Examinat ion (MMSE) thresholds used to classify part ici-pants’ cognit ive status at the end 
of follow-up. Part icipants with an MMSE score [‘18 month’] > 26 were categorized as Normal (n = 73), those with 23 < MMSE score 
[‘18 month’] ≤ 26 or (MMSE score [‘0 month’] − MMSE score [‘18 month’]) ≥ 3 as Possible MCI (n = 20), and those with MMSE score 
[‘18 month’] ≤ 23 as Impaired (n = 5). These categories were used as thise study’s cognit ive out-come labels for subsequent stat ist ical 
comparisons and the two-stage classif icat ion pipeline. 
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7.7 Biological Rationale for Selected Predictors 
A range of multimodal predictors, including biochemical markers, chiral amino acids, 
metabolites, physical activity metrics, gut microbiome alpha diversity, and β-amyloid, was 
selected to capture complementary biological, behavioral, and pathological pathways that may 
jointly influence cognitive status. These features were considered suitable for predicting 
MMSE-based cognitive categories due to their mechanistic relevance to cognitive decline. 

Systemic metabolic dysfunction and low-grade inflammation, assessed via routine blood 
panels (e.g., lipids, glucose, renal function, uric acid, and leukocyte-derived ratios), are linked 
to amyloid burden and cognitive impairment. Their inclusion enables identification of vascular, 
metabolic, and immunologic contributor to cognitive changes. Variables such as lipid-related 
markers, glucose-related measures, renal function indices, uric acid, and leukocyte-derived 
measures can reflect broader metabolic, vascular, and immunologic states that may contribute 
to cognitive vulnerability. Their inclusion therefore enabled evaluation of whether accessible 
clinical laboratory measurements contain meaningful information relevant to later cognitive 
status. 

Targeted plasma concentrations of chiral amino acids and related metabolites provide insights 
into neurotransmitter pathways (e.g., glutamate/GABA and tryptophan-kynurenine), host-
microbiome co-metabolism, energy metabolism, and oxidative stress. These pathways are 
directly related to cognitive and mood regulation and provide sensitive molecular signatures 
for cognitive phenotyping[81–84]. In particular, amino acid-related pathways involving 
glutamatergic signaling, D-amino acid proportions, tryptophan-related metabolism, and 
oxidative stress have potential relevance to cognitive and neurobehavioral regulation. These 
measurements may therefore serve as sensitive molecular indicators of physiological changes 
associated with cognitive phenotyping and disease-related progression. 

Physical activity metrics, such as daily steps, metabolic equivalents of tasks (METs), and 
exercise volume, are objectively associated with preserved cognitive function and represent 
modifiable behavioral signals that complement static clinical measures. Physical activity also 
interacts with vascular risk, metabolic regulation, and inflammatory processes [85–88]. 
Wearable-derived measures offer objective and ecologically relevant indicators of daily 
function that may capture subtle behavioral changes not easily detected during occasional clinic 
visits. Because physical activity is also a modifiable behavioral domain, its inclusion 
strengthens the translational relevance of the predictor set for risk stratification and monitoring. 

Lastly, gut microbiome alpha diversity (e.g., Shannon index) and microbial community 
composition have been associated with cognitive performance and future cognitive trajectories, 
providing a gut–brain axis that complements both blood biomarkers and behavioral metrics 
[89]. Although microbiome-derived signals are complex and not disease-specific in isolation, 
they may complement blood-based and behavioral markers by capturing aspects of host-
microbial interaction that are relevant to cognitive health and future decline. Taken together, 
the selected predictors were intended to provide a biologically grounded and multimodal 
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representation of the diverse processes that may contribute to MMSE-based cognitive 
outcomes. 

 

7.8 Data Preprocessing 

7.8.1 Variable Scaling 
All predictor variables were standardized prior to model training to align their distributions and 
ensure comparability across features with different units and scales. Standardization adjusts 
each feature to have zero mean and unit variance, which prevents variables with large absolute 
magnitudes from disproportionately influencing model fitting. This procedure improves 
numerical stability, facilitates convergence during optimization, and enhances performance for 
scale-sensitive algorithms by ensuring balanced gradients.  

7.8.2 Encoding of Categorical Variables  
Categorical variables were encoded using one-hot encoding. This encoding is broadly 
compatible with tree-based machine learning models, which can inherently handle sparse and 
non-ordinal inputs without requiring additional normalization. 

7.8.3 Missing Data Handling 
Missing values were imputed using the median strategy, which is robust to outliers and skewed 
distributions, which are common in small, heterogeneous clinical datasets. Unlike the mean or 
model-based approaches, the median preserves central tendency without being distorted by 
extreme values, making it a reliable baseline for multimodal data imputation in low-sample 
settings.  

 

7.9 Machine Learning Model Architecture 
A two-stage hierarchical machine-learning framework was developed to predict 18-month 
cognitive outcomes, as defined by MMSE-based categories, using baseline multimodal data. 
The architecture was designed to reflect the clinical progression of cognitive impairment and 
to separate broad screening from finer severity discrimination. In the first stage, the model 
identified cognitively normal participants from those with any abnormality (Possible MCI or 
Impaired). In the second stage, it further differentiated between Possible MCI and Impaired 
cases. This stepwise approach reduces misclassification between adjacent cognitive categories 
and allows each stage to be optimized for its specific clinical trade-offs. 

The MMSE-derived categories exhibit ordinal structure and clinically subtle boundaries, 
particularly between Normal and Possible MCI. A staged formulation helps isolate this 
boundary uncertainty by first separating broad abnormality before learning finer distinctions 
within a pre-filtered subgroup. Prior studies have shown that addressing class imbalance 
through resampling or class weighting improves model performance in small clinical datasets 
with skewed label distributions. 
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Two complementary classifier types were evaluated within this framework: an Imbalanced-
Learn Random Forest model and a penalized logistic regression model used as a baseline 
comparator. The Random Forest model was selected because it can capture nonlinear 
relationships and higher-order interactions across heterogeneous multimodal predictors, while 
the penalized logistic regression model provided a more transparent linear alternative under the 
same classification structure. The inclusion of both models allowed assessment of whether the 
predictive signal was robust across different algorithmic assumptions rather than being 
dependent on a single modeling approach.  

Because the dataset was characterized by limited sample size and substantial class imbalance, 
especially the low prevalence of Impaired cases, imbalance-aware modeling strategies were 
incorporated into the architecture. For the Random Forest classifier, integrated resampling 
within the imbalanced-learn framework was used to improve sensitivity to minority classes. 
For the logistic regression baseline, penalization and class weighting were used to stabilize 
estimation and improve classification of underrepresented outcome groups. These design 
choices were important because high-dimensional, low-sample clinical datasets are vulnerable 
to overfitting, unstable parameter estimates, and reduced generalizability. To mitigate these 
risks, the framework combined tree-based ensemble learning with feature subsampling and 
imbalance handling, while also incorporating penalized logistic regression as a complementary 
baseline model with implicit coefficient shrinkage and variable selection properties. Together, 
this machine-learning architecture provided a clinically aligned and methodologically balanced 
framework for multimodal prediction of cognitive status and for subsequent explainable 
biomarker analysis under Leave-One-Out Cross-Validation. 

7.10 Validation Strategy 
To evaluate model performance under the limited sample size, we applied Leave-One-Out 
Cross-Validation (LOOCV) for both stages and for both the Random Forest and logistic 
regression classifiers. In this framework, each iteration trains the model on all but one 
participant and evaluates it on the held-out individual, cycling through all samples so that every 
participant serves once as an independent test case. Using the same LOOCV scheme across 
models ensured directly comparable performance estimates and approximates the intended 
clinical use case, in which predictions must generalize to pre-viously unseen individuals with 
similar baseline assessments. 

7.11 Hyperparameter Optimization 
Bayesian optimization was used for hyperparameter tuning in both classification stages and for 
both model families, as it efficiently identifies high-performing configurations with fewer 
evaluations, which is particularly advantageous under LOOCV, where each evaluation is 
computationally intensive. For the Imbalanced-Learn Random Forest, a 1000-iteration search 
was conducted in Stage 1; LOOCV accuracies converged around 0.77–0.78 while macro-level 
precision, recall, and F1 fluctuated more, and the final model favored a relatively shallow forest 
with entropy splitting, max_depth = 19, and max_features = sqrt. In Stage 2, the Random Forest 
search converged within approximately 32 iterations, with optimization-stage LOOCV 
accuracy exceeding 0.96 and precision and recall approaching 0.92–0.98, leading to the 
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selection of a deeper tree ensemble (max_depth = 17, n_estimators = 256) that evaluates all 
features at each split. During these searches we relied on the internal resampling strategy of 
Balanced Random Forest Classifier and did not specify additional class weights, allowing the 
algorithm’s built-in balancing to handle label skew while hyperparameters were tuned. For the 
logistic regression baselines, separate Bayesian searches were run in each stage over 
regularization strength (C), penalty type, and class-weighting schemes, yielding in Stage 1 an 
L1/Lasso- based penalized model with moderate regularization (C ≈ 1.48) and no explicit class 
weighting, and in Stage 2 a weakly regularized L1/Lasso- based model (C ≈ 634.35) with 
manual up-weighting of the minority Impaired class (class_weight = {Impaired: 3.0, Possible 
MCI: 1.0}). Hyperparameter search and performance estimation were both con-ducted within 
the same LOOCV framework without additional nested cross-validation or bootstrap 
resampling because further partitioning the data or extensive resampling (e.g., nested CV or 
bootstrap) would have resulted in extremely small and unstable training folds, particularly for 
the small classes. The resulting LOOCV metrics represent internally optimized, exploratory 
estimates of model performance rather than fully unbiased external validation. Optimization 
trajectories and the final tuned parameters for both Random For-est and logistic regression 
models are summarized in Table 3. 
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Table 3 
Optimized hyperparameters for the two-stage hierarchical Imbalanced Learn Random 
Forest classification model. 

Parameter Stage 1 Stage 2 
Splitting criterion entropy gini 

max_depth 19 17 
max_features sqrt None 

min_impurity_decrease 0.05 N/A 
min_samples_leaf 1 3 
min_samples_split 11 10 

n_estimators 361 256 
replacement True N/A 

sampling_strategy all N/A 
Optimized hyperparameters for the two-stage base Logistic regression classification 
model 

C 1.4828 634.3524 
penalty l1 l1 

Class_weight 'Impaired': 3.0,  
'Possible MCI': 1.0 

None 

This table reports the final optimized hyperparameter settings for both the two-stage Imbalanced-Learn Random Forest classifiers 
and the corresponding baseline logistic regression models at each stage of the hierarchical pipeline. For Random Forest, Stage 1 
(Normal vs. Abnormal screening) used an entropy splitting criterion, deeper trees (max_depth = 19), square-root feature subsam-
pling (max_features = sqrt), and imbalance-handling settings (re-placement = True, sampling_strategy = all), whereas Stage 2 
(Pos-sible MCI vs. Impaired) used a giniGini criterion, shallower but still relatively deep trees (max_depth = 17), evaluation of all 
fea-tures at each split (max_features = None), and larger terminal nodes (min_samples_leaf = 3) to limit overfitting within the 
small abnor-mal subset. The number of trees differed by stage (361 vs. 256), indicating distinct ensemble complexity requirements. 
For logistic regression, Stage 1 was tuned to an L1-regularized model with moderate regularization strength (C≈1.48) and no 
explicit class weighting, while Stage 2 favored a strongly regularized L1 model (C≈634.35) with manual up-weighting of the 
minority Impaired class (class_weight = {‘Impaired’: 3.0, ‘Possible MCI’: 1.0}) to improve sensitivity to more severe cognitive 
impairment. The N/A refers to Not applicable. 
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7.12 Feature Attribution via SHAP Analysis 
To interpret model predictions and identify contributing features, we applied SHAP (Shapley 
Additive Explanations) in both classification stages. For the Imbalanced-Learn Random Forest 
models, we used the TreeExplainer module, and for the logistic regression baselines we used 
the LinearExplainer module, allowing SHAP values to be computed in a manner tailored to 
each model class while retaining a common additive framework. SHAP provides feature-wise 
attribution scores that quantify the contribution of each input variable to individual predictions, 
supporting both local interpretability at the participant level and global feature importance 
ranking across the cohort. 

7.13 Post Hoc Group Comparison 
We conducted Games–Howell tests to compare baseline features across MMSE-defined 
cognitive categories (Normal, Possible MCI, Impaired), as a post hoc statis-tical complement 
to the model-derived feature importance. This test is appropriate for un-equal variances and 
unbalanced sample sizes, providing more reliable Type-I error control than pooled-variance 
methods in heterogeneous clinical data. 

7.14 Software Packages 
All analyses were performed using the Python programming language and open-source 
Python packages. The software environment consisted of Python version 3.10 and the 
following major libraries (with versions), which were primarily used in the analyses: Pandas 
2.2.2, NumPy 1.26.4, Matplotlib 3.5.1, Seaborn 0.13.2, Pingouin 0.5.5, Statsmodels 0.14.0, 
Scikit-bio 0.6.0, Scikit-learn 1.6.1, Scikit-optimize 0.10.2, SciPy 1.13.0, and SHAP 0.46.0. 
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8 Results 

8.1 Stage 1 Performance: Normal vs Abnormal 
Stage 1 demonstrated a moderate discriminative performance in separating Normal participants 
from those with an Abnormal cognitive status (Possible MCI and Impaired) in both the 
Imbalanced-Learn Random Forest and logistic regression models under Leave-One-Out Cross-
Validation (LOOCV). The optimized Random Forest achieved an overall accuracy of 71.43% 
with a ROC–AUC of 0.72, while the tuned penalized regularized logistic regression baseline 
reached a higher accuracy of 76.53% with a comparable ROC–AUC of 0.71, indicating that 
the underlying signal is robust to differences in model class. 

For the Random Forest, the confusion matrix showed high specificity (83.56%) but limited 
sensitivity (36.0%) for detecting Abnormal cognition, yielding a substantially stronger 
performance for the Normal class (precision = 79.22%, recall = 83.56%, F1 = 81.33%) than 
for the Abnormal class (precision = 42.86%, recall = 36.0%, F1 = 39.13%). Logistic regression 
improved Abnormal detection while maintaining similar specificity, with sensitivity increasing 
to 48.0% and Normal/Abnormal class metrics (Normal: precision = 84.93%, recall = 84.93%, 
F1 = 84.93%; Abnormal: precision = 52.17%, recall = 48.0%, F1 = 50.00%), reflecting a 
slightly more balanced screening profile. Overall, both models provided fair discrimination at 
the screening stage, with logistic regression offering modest gains in sensitivity and macro-
averaged performance while Random Forest retained marginally higher AUC values (Figure 
1; Table 4).  
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Figure 1. 

 Stage 1 classif icat ion performance for Normal vs. Abnormal cognit ive status using two modeling approaches under 
Lleave-Oone-Oout Ccross-Vvalidat ion (LOOCV). Panels (a) and (b) show the confusion matrix and ROC curve, 
respect ively, for the tuned Imbalanced-Learn Random Forest model (AUC = 0.715), while panels (c) and (d) show the 
corresponding confusion matrix and ROC curve for the tuned logist ic regression baseline (AUC = 0.707). Together, these 
plots illustrate that both models achieve comparable overall discriminat ion, with logist ic regression yielding slightly 
improved sensit ivity and macro-averaged metrics, whereas the Random Forest provides margin-ally higher ROC–AUC. 
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Table 4 
Stage 1 Classification performance metrics for Normal vs Abnormal 
cognitive status 

Stage 1 Performance Metrics 

 Imbalanced learn 
Random Forest 

Logistic Regression 

Accuracy 0.71 0.76 

ROC-AUC 0.72 0.71 

Macro Precision 0.61 0.67 

Macro Recall 0.60 0.66 

Macro F1-Score 0.60 0.67 

Clinical Metrics 

Sensitivity 
(Abnormal detection) 

0.36 0.48 

Specificity (Normal 
detection) 

0.84 0.85 

Positive Predictive 
value 

0.43 0.52 

Negative Predictive 
value 

0.79 0.83 

This table summarizes the predict ive performance of the Stage 1 classif iers in dist inguishing cogni-t ively Normal from 
Abnormal part icipants, comparing the tuned Imbalanced-Learn Random Forest with the tuned logist ic regres-sion 
baseline under the same LOOCV procedure. Both mod-els achieved moderate discriminat ive ability, with the Random 
Forest showing slightly higher ROC–AUC (0.72 vs. 0.71), while logist ic regression achieved higher overall accuracy 
(0.76 vs. 0.71) and improved macro-averaged precision, recall, and F1-score. Clinically oriented metrics indicate that 
logist ic regression provided higher sensit ivity for Abnormal detect ion (0.48 vs. 0.36) and slightly higher specif icity 
(0.85 vs. 0.84). 
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8.2 Stage 2 Performance: Possible MCI vs Impaired 
Stage 2 demonstrated excellent discriminative performance in distinguishing Possible MCI 
from Impaired cognitive states in both modeling approaches under LOOCV. The optimized 
Imbalanced-Learn Random Forest achieved an accuracy of 96.00% with a ROC–AUC of 0.95, 
while the tuned L1-regularized logistic regression baseline attained an accuracy of 92.0% and 
a ROC–AUC of 0.82, indicating that severity separation remained strong even in a simpler 
linear model despite the small Impaired subgroup. 

The Random Forest model exhibited a near-perfect clinical performance, with 100% specificity 
for detecting Impaired cases and 95% sensitivity for identifying Possible MCI, yielding 
exceptional class-specific metrics for both Impaired (precision = 83.33%, recall = 100%, F1 = 
90.91%) and Possible MCI (precision = 100%, recall = 95%, F1 = 97.44%). Logistic regression 
preserved high sensitivity for Possible MCI (95%) but showed lower specificity for Impaired 
(80%), with corresponding class metrics of Impaired (precision = 80.0%, recall = 80.0%, F1 = 
80.0%) and Possible MCI (precision = 95.0%, recall = 95.0%, F1 = 95.0%), reflecting slightly 
less sharp separation yet still strong severity discrimination (Figure 2; Table 5). 
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Figure]2.  

Stage 2 classif icat ion performance for Impaired vs. Possible MCI cognit ive status under Leave-One-Out Cross-Validat ion 
(LOOCV), comparing the tuned Imbalanced-Learn Random Forest and logist ic regression models. Panels (a) and (b) 
display the confusion matrix and ROC curve, respect ively, for the Random Forest model, which demonstrates excellent 
discriminat ion with AUC = 0.950 and near-perfect separat ion between severity categories. Panels (c) and (d) show the 
corresponding confusion matrix and ROC curve for the tuned logist ic regression baseline, which achieves good overall 
accuracy but somewhat lower ROC–AUC and specif icity for Impaired detect ion compared with the tree-based model. 
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Table 5 
Stage 2 classification performance metrics for Possible MCI vs Impaired 
cognitive severity discrimination 

Stage 2 Performance Metrics 

 Imbalanced Learn 
Random Forest 

Logistic Regression 

Accuracy 0.975 0.92 

ROC-AUC 0.950 0.82 

Macro Precision 0.92 0.88 

Macro Recall 0.98 0.88 

Macro F1-Score 0.94 0.88 

 Clinical Metrics 

Sensitivity (Possible MCI 
detection) 

0.95 0.95 

Specificity (Impaired 
detection) 

1.00 0.80 

Positive Predictive value 1.00 0.95 

Negative Predictive value 0.83 0.80 

This table summarizes the predictive performance of the Stage 2 classifiers in distinguishing Possible MCI from Impaired 
cognitive status within the abnormal subgroup, comparing the tuned Imbalanced-Learn Random Forest with the tuned 
logistic regression baseline under the same LOOCV procedure. The Random Forest achieved very high overall accuracy 
(0.96) and excellent discriminative ability (ROC–AUC = 0.950), with higher macro-averaged precision, recall, and F1-
score than logistic regression (0.92/0.98/0.94 vs. 0.88/0.88/0.88), indicating stronger separation between severity 
categories in this small sample. Clinically oriented metrics show that both models maintained high sensitivity for Possible 
MCI detection (0.95), while the Random Forest provided perfect specificity for Impaired detection (1.00 vs. 0.80) and 
higher positive and negative predictive values, suggesting superior rule-in performance for Impaired status compared with 
the simpler logistic model. 
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8.3 Feature Importance Based on SHAP Analysis 
SHapley Additive exPlanations (SHAP) were applied to the optimized models in both stages 
to quantify the contribution of individual baseline features to classification out-comes. Feature 
importance was summarized using SHAP beeswarm plots, with the top 20 features ranked by 
mean absolute SHAP values for each stage. For the Imbalanced-Learn Random Forest we used 
TreeExplainer, and for logistic regression we used LinearEx-plainer, which allowed us to 
compare feature attribution patterns across non-linear and linear classifiers within a common 
additive framework (Figures 3 and 4; Table 6). 

Stage 1: In the Random Forest model, the most influential features included creatinine (CRE), 
uric acid (UA), and exercise-related fluctuation metrics, followed by other physical activity 
measures and amino -acid–related variables. The top-ranked features were CRE, UA, EX 
fluctuation coefficient 1, and number of steps per minute, with additional contributors such as 
D-serine (D-Ser), D-amino -acid proportions (Ser(D/(D + L) × 100), Ala(D/(D + L) × 100)), 
L-asparagine (L-Asn), cysteine, alanine (Ala), L-glutamic acid (L-Glu), L-methionine (L-Met), 
adenosine monophosphate, hemoglobin (HGB), red cell distribution width–coefficient of 
variation (RDW-CV), EX, Activity(Ex), walking time, total steps, and steps per minute. The 
logistic regression model highlighted a partially overlapping but distinct set of top features, 
including threonine, number of steps per minute, D-amino -acid proportions, aspartic acid, L-
phenylalanine, L-citrulline, glutamic acid, albumin (ALB), mean corpuscular hemoglobin 
(MCH), LDL-cholesterol, D-asparagine, glucose (GLU), height, glyoxylic acid, methionine 
sulfoxide, and the Simpson index of gut microbiome diversity, indicating that amino -acid, lipid, 
and microbiome-related measures also contribute to linear separation of Normal vs. Abnormal 
cognition. Together, these analyses show that both models converge on renal function, systemic 
metabolism, amino -acid balance, hematologic indices, and activity variability as key 
determinants of Stage -1 predictions (Figure 3).
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Figure 3. 

 SHAP beeswarm plots summarizing the top 20 features contribut ing to Stage 1 classif icat ion be-tween Normal and 
Abnormal cognit ive status for both the opt imized Imbalanced-Learn Random Forest and logist ic regression models under 
LOOCV. Panel (a) shows the Random Forest model, while panel (b) shows the logist ic regression model, with features 
ordered on the y-axis by mean absolute SHAP value (global importance) and each point represent ing an individual 
part icipant. Point colors indicate the underlying feature value (red = high, blue = low), and the x-axis SHAP values quant ify 
each feature’s impact on the predicted probability of Abnormal status, allowing the comparison of shared and model-
specif ic mult imodal signals across the two modeling ap-proaches. The (*) in the f igure represents mult iplicat ion to 
convert the Rat io of D-Serine to Total Serine into percentage.   
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Stage 2: A different pattern of feature importance was observed when distinguishing Possible 
MCI from Impaired cognitive states. In the Random Forest model, the highest-ranked features 
were glucose (GLU), albumin (ALB), uric acid, and uridine, followed by choline and carnitine, 
emphasizing energy metabolism, nutritional status, and nucleotide/choline pathways. Several 
wearable-derived activity fluctuation metrics, including 3 METs or more fluctuation coefficient 
5 and 4 METs or more fluctuation coefficient 5, were also ranked among the top features, 
indicating that high-intensity activity variability carries information about severity. Within the 
top 20 Random Forest features, multiple amino acids and related metabolites were identified, 
including methionine sulfoxide, methionine, phenylalanine, proline, ornithine, tryptophan, 
threonine, 4-aminobutyric acid, and 2-aminobutyric acid, as well as hematological parameters 
such as lymphocyte percentage (LYMPH%) and monocyte count (MONO#), and niacinamide. 
The logistic regression Stage -2 model selected complementary predictors, such as EX 
fluctuation coefficient 2 and 3, measured height, total protein (TP), L-tryptophan, L-asparagine, 
red blood cell count, creatinine, adenosine monophosphate, 8 METs or higher activity, MCH, 
age, choline, L-histidine, 4-hydroxyproline, 2 METs-level activity, D-serine, and ergothioneine. 
Collectively, these SHAP results indicate that both non-linear and linear models attribute Stage 
-2 discrimination to a coherent multimodal signature spanning glucose and protein metabolism, 
amino -acid and redox pathways, hematologic indices, and activity-pattern variability (Figure 
4). 
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Figure 4: 

Stage 2 SHAP beeswarm plots illustrat ing the top 20 predict ive features for dist inguishing Possible MCI from Impaired 
cognit ive states for both the opt imized Imbalanced-Learn Random Forest and logist ic regression models under LOOCV. 
Panel (a) shows the Random Forest model, and panel (b) shows the logist ic regression model, with features ordered by 
mean absolute SHAP value and each point represent ing an individual part icipant colored by the underlying feature value 
(red = high, blue = low). The horizontal SHAP value axis ref lects the magnitude and direct ion of each feature’s contribut ion 
to the predicted probability of Impaired versus Possible MCI status, enabling a comparison of shared and model-specif ic 
severity-related signals across the two modeling approaches. The # af ter MONO/ Monocyte represents absolute 
monocyte count during bio-chemical analysis of the blood. 
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Table 6 
Descriptive Statistics of Top 20 parameters according to MMSE category from Stage 1 and Stage 2 SHAP analysis 

Feature MMSE Category Count Mean ± SD Median IQR_Lower IQR_Upper IQR_Range 

UA 
Impaired 5 5.48 ± 1.12 6.1 5.3 6.2 5.30-6.20 
Normal 73 5.47 ± 1.28 5.5 4.8 6.2 4.80-6.20 

Possible MCI 20 5.72 ± 1.71 5.7 5.3 6.9 5.28-6.93 

CRE 
Impaired 5 0.72 ± 0.10 0.8 0.7 0.8 0.72-0.76 
Normal 73 0.89 ± 0.30 0.8 0.7 1.0 0.71-0.97 

Possible MCI 20 0.94 ± 0.38 0.8 0.8 0.9 0.76-0.94 

Number of steps per minute 
Impaired 5 60.10 ± 26.18 71.2 41.5 72.0 41.49-71.95 
Normal 63 66.83 ± 15.59 66.7 58.3 78.0 58.25-77.99 

Possible MCI 15 50.24 ± 12.97 51.0 40.4 59.4 40.38-59.43 

EX fluctuation coefficient 1 
Impaired 5 0.44 ± 0.14 0.4 0.4 0.4 0.35-0.44 
Normal 63 0.36 ± 0.12 0.4 0.3 0.4 0.27-0.43 

Possible MCI 15 0.28 ± 0.11 0.3 0.2 0.4 0.19-0.36 

D-Ser, nmol/mL(uM) 
Impaired 5 2.68 ± 0.75 2.4 2.1 2.9 2.13-2.90 
Normal 73 2.52 ± 0.68 2.4 2.0 3.0 2.00-2.96 

Possible MCI 20 3.09 ± 1.31 2.7 2.4 3.2 2.40-3.21 

Ser(D/(D+L)*100) 
Impaired 5 2.60 ± 0.54 2.7 2.1 3.0 2.11-3.01 
Normal 73 2.16 ± 0.52 2.1 1.8 2.4 1.76-2.45 

Possible MCI 20 2.85 ± 1.31 2.4 2.2 2.8 2.19-2.78 

Ala(D/(D+L)*100) 
Impaired 5 1.11 ± 0.52 1.4 0.7 1.5 0.68-1.51 
Normal 73 0.80 ± 0.53 0.6 0.5 1.0 0.45-1.02 

Possible MCI 20 0.94 ± 0.95 0.6 0.5 0.9 0.52-0.86 

L-Asn, nmol/mL(µM) 
Impaired 5 60.09 ± 13.28 53.8 52.0 62.3 51.96-62.33 
Normal 73 53.02 ± 7.92 51.8 47.8 57.3 47.77-57.25 

Possible MCI 20 48.48 ± 6.36 48.5 45.8 50.7 45.78-50.74 
Cysteine  Impaired 5 0.21 ± 0.08 0.2 0.2 0.3 0.16-0.27 
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Normal 73 0.21 ± 0.08 0.2 0.2 0.3 0.17-0.26 
Possible MCI 20 0.20 ± 0.06 0.2 0.2 0.2 0.17-0.24 

Creatinine  
Impaired 5 49.35 ± 7.15 47.0 45.7 54.1 45.66-54.08 
Normal 73 61.60 ± 13.41 59.5 52.8 67.1 52.81-67.09 

Possible MCI 20 70.04 ± 18.62 64.6 59.3 75.4 59.25-75.37 

Alanine  
Impaired 5 52.26 ± 14.42 47.9 42.1 64.0 42.08-63.99 
Normal 73 50.64 ± 11.22 49.3 42.4 58.5 42.35-58.53 

Possible MCI 20 52.39 ± 7.74 54.3 49.0 57.8 49.01-57.76 

Adenosine monophosphate  
Impaired 5 0.38 ± 0.30 0.5 0.1 0.6 0.11-0.60 
Normal 73 0.39 ± 0.25 0.4 0.2 0.5 0.19-0.51 

Possible MCI 20 0.32 ± 0.23 0.3 0.1 0.4 0.14-0.41 

HGB 
Impaired 5 14.98 ± 2.05 14.6 14.2 16.4 14.20-16.40 
Normal 73 13.88 ± 1.32 13.9 13.0 14.8 13.00-14.80 

Possible MCI 20 13.29 ± 1.49 13.6 12.2 14.2 12.15-14.20 

RDW-CV 
Impaired 5 12.80 ± 0.35 12.9 12.8 13.0 12.80-13.00 
Normal 73 12.93 ± 0.75 12.9 12.5 13.2 12.50-13.20 

Possible MCI 20 12.87 ± 0.59 12.8 12.5 13.2 12.50-13.20 

EX 
Impaired 5 3.19 ± 2.21 3.9 1.8 4.4 1.78-4.35 
Normal 63 4.63 ± 2.66 4.2 2.6 6.2 2.61-6.23 

Possible MCI 15 4.55 ± 1.54 5.1 3.5 5.6 3.49-5.60 

Activity(Ex) 
Impaired 5 1.95 ± 1.26 1.8 1.6 2.8 1.57-2.75 
Normal 63 2.74 ± 1.44 2.4 1.8 3.4 1.83-3.39 

Possible MCI 15 3.49 ± 1.34 3.7 2.5 4.6 2.48-4.56 

Walking time (Minutes) 
Impaired 5 62.00 ± 43.10 76.0 34.7 76.7 34.67-76.67 
Normal 63 85.47 ± 46.97 76.7 46.3 118.2 46.33-118.17 

Possible MCI 15 89.11 ± 26.38 79.0 71.7 100.7 71.67-100.67 

Number of steps 
Impaired 5 4624.13 ± 

4113.53 5408.7 1438.3 5516.3 1438.33-
5516.33 

Normal 63 5770.38 ± 
3584.58 4866.7 2727.5 7354.5 2727.50-

7354.50 
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Possible MCI 15 4397.16 ± 
1497.80 4127.0 3457.2 5099.8 3457.17-

5099.83 

L-Glu, nmol/mL(µM) 
Impaired 5 45.30 ± 17.66 50.1 43.0 57.6 43.01-57.64 
Normal 73 36.00 ± 15.08 33.9 24.1 45.4 24.13-45.37 

Possible MCI 20 37.82 ± 14.86 37.7 24.8 45.4 24.80-45.40 

L-Met, nmol/mL(µM) 
Impaired 5 28.21 ± 7.67 30.2 21.0 32.9 21.04-32.91 
Normal 73 26.01 ± 4.25 25.5 23.1 28.6 23.11-28.64 

Possible MCI 20 24.69 ± 3.52 24.2 22.6 27.7 22.61-27.67 

ALB 
Impaired 5 4.52 ± 0.11 4.6 4.4 4.6 4.40-4.60 
Normal 73 4.64 ± 0.30 4.7 4.5 4.8 4.50-4.80 

Possible MCI 20 4.42 ± 0.24 4.4 4.3 4.6 4.28-4.60 

GLU 
Impaired 5 104.00 ± 12.59 102.0 100.0 102.0 100.00-102.00 
Normal 73 102.41 ± 16.50 98.0 92.0 109.0 92.00-109.00 

Possible MCI 20 103.85 ± 13.86 100.0 96.0 108.3 96.00-108.25 

Uridine  
Impaired 5 1.06 ± 0.40 0.8 0.8 1.3 0.79-1.31 
Normal 73 1.27 ± 0.34 1.3 1.0 1.5 1.04-1.46 

Possible MCI 20 1.21 ± 0.26 1.1 1.0 1.3 1.04-1.35 

Uric acid  
Impaired 5 1.74 ± 0.41 1.8 1.4 2.0 1.36-2.00 
Normal 73 1.80 ± 0.41 1.8 1.5 2.1 1.52-2.11 

Possible MCI 20 1.95 ± 0.47 2.0 1.7 2.2 1.74-2.23 

Choline  
Impaired 5 5.60 ± 1.83 5.0 4.8 5.9 4.80-5.95 
Normal 73 7.41 ± 1.65 7.3 6.0 8.5 6.04-8.45 

Possible MCI 20 7.52 ± 1.57 7.3 6.4 9.0 6.35-8.97 

Carnitine  
Impaired 5 50.10 ± 10.09 51.6 45.7 56.6 45.74-56.57 
Normal 73 49.24 ± 12.14 50.7 40.9 57.9 40.89-57.88 

Possible MCI 20 55.75 ± 8.92 58.0 50.0 61.3 49.97-61.35 

3METs or more fluctuation coefficient 
5 

Impaired 5 0.47 ± 0.30 0.4 0.3 0.4 0.32-0.43 
Normal 63 0.86 ± 4.15 0.3 0.3 0.4 0.26-0.42 

Possible MCI 15 0.26 ± 0.08 0.3 0.2 0.3 0.23-0.31 
Impaired 4 0.77 ± 0.72 0.4 0.4 0.8 0.40-0.77 
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4METs or more fluctuation coefficient 
5 

Normal 63 0.67 ± 1.26 0.5 0.4 0.7 0.38-0.66 
Possible MCI 15 0.39 ± 0.17 0.4 0.3 0.5 0.25-0.51 

Methionine sulfoxide  
Impaired 5 0.24 ± 0.07 0.3 0.2 0.3 0.19-0.28 
Normal 73 0.21 ± 0.09 0.2 0.2 0.3 0.15-0.26 

Possible MCI 20 0.24 ± 0.15 0.2 0.2 0.2 0.16-0.25 

Methionine  
Impaired 5 10.87 ± 2.69 11.9 8.0 12.9 8.00-12.94 
Normal 73 10.70 ± 2.31 10.3 8.9 12.0 8.91-11.97 

Possible MCI 20 11.11 ± 1.78 10.7 9.7 12.2 9.75-12.22 

Phenylalanine  
Impaired 5 302.99 ± 40.85 286.4 275.8 308.8 275.79-308.81 
Normal 73 327.05 ± 67.01 315.9 278.9 352.6 278.91-352.58 

Possible MCI 20 336.63 ± 51.60 330.5 310.1 357.1 310.08-357.10 

Proline  
Impaired 5 4.07 ± 1.36 3.7 3.5 5.1 3.51-5.12 
Normal 73 4.18 ± 1.24 4.0 3.4 4.5 3.42-4.51 

Possible MCI 20 4.17 ± 1.23 3.9 3.5 4.4 3.49-4.44 

Ornithine  
Impaired 5 12.61 ± 2.92 13.8 11.6 14.7 11.63-14.70 
Normal 73 14.22 ± 3.95 15.0 11.2 16.7 11.19-16.69 

Possible MCI 20 15.58 ± 7.36 15.1 11.4 17.3 11.35-17.27 

Niacinamide  
Impaired 5 0.36 ± 0.09 0.4 0.3 0.4 0.30-0.36 
Normal 73 0.47 ± 0.17 0.5 0.3 0.6 0.34-0.60 

Possible MCI 20 0.39 ± 0.20 0.4 0.3 0.4 0.28-0.40 

MONO# 
Impaired 5 5.00 ± 1.52 4.1 4.1 5.8 4.10-5.80 
Normal 73 4.73 ± 1.23 4.7 3.8 5.4 3.80-5.40 

Possible MCI 20 5.00 ± 1.72 4.8 3.9 5.8 3.90-5.80 

LYMPH% 
Impaired 5 33.92 ± 6.94 35.9 28.5 38.8 28.50-38.80 
Normal 73 37.24 ± 8.40 36.7 32.7 43.1 32.70-43.10 

Possible MCI 20 34.35 ± 7.33 35.2 29.3 39.7 29.32-39.70 

Threonine  
Impaired 5 12.12 ± 1.42 12.1 11.9 13.3 11.91-13.27 
Normal 73 12.96 ± 2.63 12.8 11.1 14.6 11.10-14.61 

Possible MCI 20 11.76 ± 2.80 11.5 10.3 13.2 10.33-13.21 
Tryptophan  Impaired 5 82.77 ± 20.66 74.1 69.7 90.3 69.71-90.28 
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Normal 73 81.01 ± 14.80 77.3 71.3 89.2 71.31-89.20 
Possible MCI 20 77.88 ± 16.86 76.6 65.7 87.5 65.68-87.47 

2-Aminobutyric acid  
Impaired 5 3.48 ± 1.32 3.0 2.6 4.0 2.58-3.99 
Normal 73 4.58 ± 1.22 4.3 3.6 5.3 3.64-5.27 

Possible MCI 20 4.76 ± 1.57 4.6 3.9 5.2 3.93-5.15 

4-Aminobutyric acid  
Impaired 5 0.03 ± 0.01 0.0 0.0 0.0 0.02-0.04 
Normal 73 0.03 ± 0.01 0.0 0.0 0.0 0.02-0.04 

Possible MCI 20 0.03 ± 0.01 0.0 0.0 0.0 0.02-0.04 
Please note that the activity metrics were collected from 83 individuals because of the failure of measurement device for 1 month. 
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8.4 Post Hoc Statistical Validation 
Games-Howell tests were performed to identify pairwise differences between MMSE-defined 
cognitive categories (Normal, Possible MCI, and Impaired) across multimodal variables, 
accounting for unequal variances and unbalanced sample sizes.  

Several standard clinical biomarkers exhibited significant group differences. Creatine kinase 
(CK) showed highly significant differences in both Normal vs Impaired (p < 0.001) and 
Possible MCI vs Impaired (p=0.01) comparisons. Total protein (TP), albumin (ALB), 
creatinine (CRE), red blood cell count (RBC), and mean corpuscular volume (MCV) displayed 
significant differences between Normal vs Possible MCI groups (p < 0.05).  

Amino acid-related measures also showed cognitive category-dependent differences. L-
asparagine (L-Asn) and L-threonine (L-Thr) showed significant differences between Normal 
and Possible MCI (p < 0.05), while glycine exhibited significant contrasts in both Normal vs 
Impaired (p < 0.01) and Possible MCI vs Impaired (p < 0.05) comparisons.  

Several metabolites displayed distinct pairwise differences across cognitive categories. 
Carnitine levels differed significantly between Normal vs Possible MCI (p < 0.05). Creatinine 
showed multiple significant contrasts: Normal vs Impaired (p < 0.05) and Possible MCI vs 
Impaired (p < 0.01). Kynurenine, a tryptophan metabolite linked to neuroinflammation, 
demonstrated a significant difference between Possible MCI and Impaired (p < 0.05).  

Physical activity parameters showed significant group differences, primarily between Normal 
and Possible MCI categories. SMETS/METs (metabolic equivalent tasks) were significantly 
different between Normal vs Impaired (p < 0.05).  In addition, total walking exercise, steps per 
minute, and exercise fluctuation coefficients (EX1, EX2, EX4, and EX5) demonstrated 
significant difference in Normal vs Possible MCI comparisons (p < 0.05). These differences 
are visualized in Figure 7. Detailed results of the Games-Howell analyses are summarized in 
Table 9. 
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Figure 5. Games-Howell post -hoc comparisons of signif icant biomarkers and act ivity parameters (p < 0.05, p is corrected 
by Welch’s degrees of freedom correct ion and the student ized range distribut ion) across cognit ive groups. (a) Signif icant 
bio-chemical parameters; (b) signif icant amino acid markers; (c) signif icant metabolic parameters; and (d) signif icant 
physical act ivity features (including f luctuat ion coef ficients) are shown. Only parameters with stat ist ically signif icant 
group dif ferences af ter mult iple test ing correct ion are displayed, highlight ing mult i-domain signatures dist inguishing 
Impaired, Normal, and Possible MCI groups. Please note that the act ivity metrics were collected from 83 individuals. 

 



 

56 
 

 

Table 7 
Details of Games-Howell Test on Cognitive Categories with corrected p-val 

Data mode wise Games Howell Multi-comparison test between Cognitive Categories 

Biochemical Data 

Name of the Parameter Column A Column B Mean(A) Mean(B) Diff SE T df pval hedges 

 

CK 

Impaired Normal 61 116.49 -55.49 8.48 -6.54 21.63 0.00004 -1.024 

Impaired Possible 
MCI 

61 130.3 -69.3 17.47 -3.97 22.06 0.0018 -0.99 

TP Normal Possible 
MCI 

7.73 7.43 0.31 0.10 2.97 34.85 0.0144 0.678 

ALB Normal Possible 
MCI 

4.63 4.43 0.21 0.06 3.32 36.36 0.0057 0.74 

CRE Impaired Normal 0.72 0.89 -0.17 0.06 -3.10 10.63 0.0261 -0.59 

RBC Normal Possible 
MCI 

446.95 411.55 35.40 10.81 3.27 27.75 0.0077 0.88 

MCV Normal Possible 
MCI 

93.45 96.28 -2.82 1.10 -2.56 24.90 0.0432 -0.76 

Amino Acid 
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 Column A Column B Mean(A) Mean(B) Diff SE T df pval hedges 

L-Asn Normal Possible 
MCI 

53.02 48.49 4.53 1.70 2.67 36.80 0.03 0.59 

L-Thr Normal Possible 
MCI 

118.86 107.54 11.31 4.39 2.57 41.95 0.036 0.53 

 

Gly 

Impaired Normal 236.09 288.38 -52.30 13.05 -4.01 10.20 0.006 -0.77 

Impaired Normal 236.09 284.92 -48.84 17.34 -2.82 18.87 0.03 -0.82 

Metabolites 

 Column A Column B Mean(A) Mean(B) Diff SE T df pval hedges 

Carnitine Normal Possible 
MCI 

49.24 55.75 -6.51 2.45 -2.66 40.46 0.0295 -0.56 

 

Creatinine 

Impaired Normal 49.35 61.60 -12.25 3.56 -3.44 6.14 0.031 -0.92 

Impaired Possible 
MCI 

49.35 70.04 -20.69 5.25 -3.94 18.09 0.0026 -1.16 

Kynurenine Impaired Possible 
MCI 

1.82 2.37 -0.54 0.18 -2.95 14.36 0.026 -0.94 

Activity 

 Column A Column B Mean(A) Mean(B) Diff SE T df pval hedges 

5 METs〜6 METs Impaired Normal 1.26 3.50 -2.23 0.70 -3.18 17.35 0.014 -0.55 
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Total walking exercise 
(Ex) 

Normal Possible 
MCI 

1.89 1.06 0.83 0.34 2.44 46.05 0.045 0.46 

Number of steps per 
minute 

Normal Possible 
MCI 

66.83 50.24 16.59 3.88 4.27 24.63 0.0007 1.08 

EX fluctuation 
coefficient 1 

Normal Possible 
MCI 

0.36 0.28 0.08 0.03 2.62 22.86 0.039 0.70 

EX fluctuation 
coefficient 2 

Normal Possible 
MCI 

0.35 0.21 0.14 0.04 3.41 40.34 0.004 0.68 

EX fluctuation 
coefficient 4 

Normal Possible 
MCI 

0.40 0.30 0.11 0.04 2.91 71.86 0.013 0.47 

EX fluctuation 
coefficient 5 

Normal Possible 
MCI 

0.37 0.27 0.10 0.04 2.84 66.56 0.016 0.47 
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9 Discussion 

9.1 Principal Findings and Rationale of the Two-Stage Framework 
This study developed and evaluated a two-stage, explainable machine learning framework to 
predict cognitive status at 18 months using baseline multimodal data from a community-
dwelling elderly cohort. Across both the Imbalanced-Learn Random Forest and a penalized 
logistic regression baseline, the models consistently indicated that combinations of renal and 
systemic metabolic markers, amino -acid and redox-related metabolites, and wearable-derived 
physical activity features carry informative signals about cognitive abnormality and severity. 
Structuring prediction into two sequential stages, first separating cognitively Normal 
individuals from those with any abnormality (Possible MCI or Impaired), which already 
represents a generalized binary classifier, and then distinguishing Possible MCI from Impaired, 
aligns the modeling strategy with the clinical progression of cognitive decline and allows stage-
specific biomarker patterns to emerge. It is also important to note that our models were trained 
in a cohort defined by baseline MMSE ≥ 24, a criterion that allows the inclusion of individuals 
with possible mild impairment at enrollment. As a result, the classifiers primarily capture 
associations between baseline multimodal profiles and MMSE-defined severity status at 18 
months, on top of pre-existing variability in cognitive function, rather than predicting purely 
de novo onset of impair-ment from a uniformly normal baseline. Accordingly, our findings 
should be interpreted in terms of stage-dependent differences in 18-month MMSE severity, not 
as estimates of strict conversion rates from normal cognition to MCI or dementia. 

In Stage 1, both models achieved moderate discrimination: the Random Forest pro-vided 
slightly higher ROC–AUC values, whereas logistic regression achieved somewhat higher 
accuracy and sensitivity, suggesting that the underlying signal is robust to different modeling 
assumptions. In Stage 2, both approaches revealed strong separability between Possible MCI 
and Impaired cognition, with the Random Forest achieving very high accuracy and AUC and 
logistic regression still performing well despite the small Impaired subgroup. SHAP analyses 
applied separately to the Random Forest and logistic regression models provided convergent 
evidence that the same broad biomarker groups,-renal and metabolic indices, amino acid and 
oxidative-stress markers, and activity-variability measures, drive predictions at each stage, 
supporting an integrative view of cognitive ag-ing as a multisystem process.  

 

9.2 Biological Signatures in Stage 1 
Stage 1 of our framework, which differentiated Normal participants from those of Possible 
MCI or Impaired, was primarily influenced by markers of renal function, nitrogen–purine 
metabolism, and systemic metabolic status in both modeling approaches. Uric acid, creatinine, 
and blood urea nitrogen emerged as the most influential predictors, indicating that kidney-
related metabolic processes offer valuable insights into early cognitive abnormalities. The 
tuned logistic regression model likewise assigned substantial weight to creatinine. These 
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routinely measured clinical markers may reflect the combined effects of vascular burden, 
metabolic homeostasis, and systemic clearance mechanisms might be relevant to brain aging 
[90,91]. In practical terms, these routine clinical measures may capture systemic clearance, 
vascular burden, and metabolic homeostasis that collectively influence brain aging, making 
them attractive for scalable community screening panels. 

In Stage 1, amino -acid-related signatures, with multiple chiral and proteinogenic amino -acid 
measures including D-serine, D-amino -acid proportions, and L-asparagine, alanine, and L-
glutamic acid,- together with adenosine monophosphate and cysteine, pointing toward 
variation in neurotransmission-relevant pools, host–microbiome co-metabolism, and 
antioxidant capacity ranked among the top contributors. Logistic regression emphasized a 
partially overlapping subset, including threonine, glutamic acid, tryptophan, and methionine 
sulfoxide, reinforcing the importance of amino acid and redox pathways under a linear 
modeling assumption as well. These amino acid features can be interpreted as reflecting 
broader systemic metabolic and neurotransmission-relevant variation already captured by the 
multimodal panel, rather than being specific markers of established neurodegeneration at the 
screening stage. This interpretation is consistent with prior reports indicating that circulating 
amino -acid profiles, including alanine/asparagine panels and D-amino -acid proportions, differ 
across the cognitive spectrum and may relate to cognitive phenotypes in a domain dependent 
manner. 

Cysteine emerged as a potential predictor of cognitive function in Stage 1, highlighting their 
crucial physiological role in neuronal redox homeostasis. As the primary rate-limiting substrate 
for glutathione synthesis, cysteine is essential for maintaining antioxidant defenses and 
protecting neural tissues from oxidative stress—an early driver of cognitive decline and 
neurodegeneration[92]. Recent experimental and clinical literature underscores that tightly 
regulated cysteine is fundamental to brain aging resilience, supporting their importance as 
predictive biomarkers for cognitive impairment [93]. In Stage 1 L-Glu (Glutamic Acid) as 
chiral amino acid as a predictor for early-stage screening. Glutamic acid is the brain’s principal 
excitatory neurotransmitter and is essential for synaptic plasticity and memory formation, but 
sustained elevations in glutamatergic signaling can promote NMDA-receptor–mediated 
excitotoxicity, a widely discussed contributor to neurodegeneration in Alzheimer’s disease and 
related dementias [94,95].  

Chiral amino acids such as Alanine as metabolites, D-Serine(D-Ser), the proportion of D-
Serine (D-Ser/(D-Ser + Ser)), D-Alanine (D-Ala), the proportion of D-Alanine (D-Ala/(D-
Ala + L-Ala)), the proportion of D-Asparagine (D-Asn/(D-Asn + L-Asn), and L- 
Asparagine (L-Asn) were identified as important predictors of early cognitive decline in our 
Stage 1 model. These amino acids are implicated in neurotransmission-relevant pathways and 
systemic energy metabolism, and multiple studies report that circulating amino-acid profiles 
shift across the continuum from normal cognition to MCI and Alzheimer’s disease. Lin et al. 
showed that blood D‑amino acids relate to cognition in a domain-specific manner across MCI 
and Alzheimer’s disease, reporting that D‑serine tracked worse global cognitive scores while 
D‑alanine (and its D/total ratio) was associated with more severe behavioral components, 
whereas D‑glutamate showed associations in the opposite direction—supporting the idea that 
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distinct D‑amino acids capture different neurobiological processes relevant to cognitive decline 
[96]. Targeted amino-acid panels in clinical cohorts include alanine and asparagine among the 
quantified metabolites and demonstrate that amino-acid patterns can discriminate cognitive 
states and track disease-related metabolic remodeling [97,98]. Additionally, chiral 
metabolomics studies show that D‑amino-acid proportions in blood can correlate with early 
cognitive decline, supporting the use of enantiomeric ratios as potential biomarkers [99] . These 
amino acids participate in central nervous system neurotransmission, synaptic plasticity, and 
energy metabolism; disturbances in their serum or plasma levels may reflect perturbed 
metabolic and neurochemical states characteristic of early neurodegeneration [100]. Threonine 
came as an important predictor in Stage 2 which is an important precursor to Acetyl-CoA 
which is an important neurotransmitter[101]. Threonine has been implicated as a cognitive 
predictor mainly through AD-related threonine-phosphorylated tau biomarkers and through 
metabolomics pathways that repeatedly flag glycine/serine/threonine metabolism as altered in 
cognitively impaired states[102]. 

Adenosine Monophosphate (AMP) emerges as an important predictor Adenosine 
monophosphate (AMP) is a core energy-state signal: when cellular ATP falls, AMP rises and 
activates AMP‑activated protein kinase (AMPK), a master regulator that helps restore neuronal 
energy balance by shifting metabolism toward ATP production. Because synaptic transmission 
and memory formation are highly energy-demanding, disruption of AMP/AMPK signaling can 
translate into impaired synaptic plasticity and poorer cognitive performance, which is why 
AMP-related pathways are frequently discussed in Alzheimer’s disease and cognitive decline 
[103]. 

HDL-C (High Density Lipid-Cholesterol) in Stage-1, establishing lipid metabolism as the 
primary biological pathway for cognitive severity discrimination. This finding extends recent 
evidence linking cardiovascular biomarkers to "brain free water" and cognitive decline [104].  

In addition, the Simpson index of gut microbiome diversity appeared among the influential 
predictors in the Stage 1 logistic regression model, suggesting that overall microbial 
community structure may also contribute to baseline differences between cognitively Normal 
and Abnormal participants in this cohort. 

 

9.3 Physical Activity Variability in both Stages 
Wearable-derived physical activity metrics also contributed significantly to the predictive 
signal across both stages, particularly those capturing variability in activity patterns, 
highlighting their relevance to cognitive status. In Stage 1, the Random Forest model ranked 
exercise fluctuation coefficients, steps per minute, total steps, and walking time among the top 
features, while logistic regression also selected steps per minute and MET-based indicators 
within its most informative variables. In Stage 2, high-MET fluctuation coefficients (e.g., 3 
METs or more and 4 METs or more) remained influential in the Random Forest SHAP results, 
and logistic regression highlighted additional activity-related variables such as EX fluctuation 
coefficients and MET-derived categories. The prominence of activity variability suggests that 
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irregular daily movement patterns may provide an early functional signature of instability 
associated with cognitive decline, complementing static biochemical measures. These 
wearable-derived features are objective, non-invasive, and scalable, and their consistent 
appearance among the leading predictors in both models underscores the value of integrating 
behavioral data with clinical and metabolomic biomarkers for community based cognitive risk 
assessment. 

SHAP analysis also revealed that exercise fluctuation coefficients-including EX fluctuation 
coefficients 1, step-related metrics (Number of Steps per Minute), EX (Exercise) and 
Activity (Ex) in Stage-1 and 3 METs(Metabolic Equivalent of Task) or more fluctuation 
coefficient 5, 4 METs or more fluctuation coefficient 5 from stage 2 are leading digital 
biomarkers with strong discriminative value in cognitive screening. Our approach validates 
recent evidence that temporal activity variability and patterns captured with wearable 
technology or accelerometry data can detect mild cognitive impairment and monitor functional 
transitions with high reliability. These digital metrics offer scalable, non-invasive tools for early 
cognitive risk prediction. Recent validation studies confirm that physical activity features from 
accelerometry data achieve 75.8% accuracy in detecting mild cognitive impairment [105,106]. 
Our findings extend recent multimodal lifestyle engagement studies showing that physical 
activity patterns account for differential rates of cognitive decline beyond neuropathological 
burden[107,108]. 

 

9.4 Biological Signatures in Stage 2 
In Stage 2, which distinguished Possible MCI from Impaired cognitive conditions, the machine 
learning classifier and logistic regression baseline both indicated a distinct pattern of key 
features compared with Stage 1., In the Random Forest model, glucose and albumin, together 
with uric acid and uridine, emerged as important predictors, highlighting the association of 
glycemic control, protein and nutritional status, and nucleotide-related metabolism in more 
advanced impairment. Markers of mitochondrial and energy metabolism were also prominent. 
Carnitine, involved in fatty acid transport and mitochondrial energy production, and 
niacinamide, a precursor in NAD+ metabolism, contributed to severity classification. 
Oxidative stress–-related metabolites, such as Methionine, and methionine sulfoxide, further 
supported the role of redox imbalance in advanced cognitive impairment. Together, these 
features suggest that the transition from Possible MCI to Impaired status involves coordinated 
changes in energy metabolism, neurotransmitter balance, and oxidative stress pathways 
Logistic regression converged on related pathways, emphasizing tryptophan, asparagine, 
histidine, 4-hydroxyproline, adenosine monophosphate, and ergothioneine among its top 
features. Across both models, amino acid profiles,- including phenylalanine, proline, ornithine, 
tryptophan, threonine, and short-chain amino acids,- recurrently appeared, suggesting that 
coordinated shifts in amino -acid metabolism, neurotransmitter precursors, and inflammatory 
or nitrogen-handling pathways accompany the transition from Possible MCI to more clearly 
Impaired status 
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In Stage 2, uric acid remains important, but uridine emerges as a key discriminator for 
separating Possible MCI from Impaired, indicating a shift toward nucleotide-related 
metabolism in severity classification[109,110]. Prior work in Alzheimer’s disease-focused 
cohorts has suggested that blood uridine levels may relate to clinical progression in a stage-
dependent manner, supporting its plausibility as a severity-linked metabolic marker rather than 
only a general health correlate. More broadly, uridine is biologically connected to synaptic 
membrane phospholipid pathways (via UTP/CTP-dependent processes) and has been discussed 
as potentially relevant to neuroprotection and synaptic maintenance in AD/MCI contexts, 
providing a mechanistic rationale for its prominence in the later-stage mode [111]. 

Phenylalanine and proline emerging as Stage‑2 predictors sit at the intersection of 
neurotransmitter precursors, inflammation-related metabolism, and mitochondrial/oxidative 
pathways that tend to become more dysregulated with increasing cognitive impairment severity. 
Phenylalanine is upstream of tyrosine and catecholamine synthesis, and multiple metabolomics 
studies in AD brain and blood report dysregulated phenylalanine metabolism in association 
with AD pathology, supporting its relevance for severity discrimination (Possible MCI vs 
Impaired) [112]. Proline is tightly linked to collagen/ECM turnover (via hydroxyproline), 
mitochondrial redox balance, and arginine–proline metabolism; pathway-level metabolomics 
syntheses repeatedly identify arginine and proline metabolism among pathways implicated in 
progression from normal aging to MCI and AD [113].  

Albumin (ALB) is a clinically routine marker that integrates nutritional status, systemic 
inflammation, and overall frailty, and multiple longitudinal studies show that lower serum 
albumin (even within the “normal” range) is associated with increased risk of cognitive decline 
and incident mild cognitive impairment/dementia [114–116]. In Alzheimer’s disease–oriented 
cohorts, low serum albumin has also been linked to higher cerebral β‑amyloid burden, 
supporting a mechanistic pathway in which albumin may influence amyloid transport/clearance 
(“peripheral sink” hypothesis) and thereby relate to cognitive deterioration[117]. These 
findings provide biological plausibility for why ALB emerged as an important Stage‑2 
predictor in our model, where distinguishing Possible MCI from Impaired likely depends on 
markers that capture systemic resilience, inflammatory burden, and AD-related pathology. 

Choline prominence in Stage 2 directly implicates cholinergic neurotransmitter represents 
direct neurochemical targets for cognitive interventions[118,119]. 

The convergence of niacinamide (NAD+ precursor) and Methionine, Methionine Sulfoxide 
(oxidative damage marker) in Stage 2 reveals a critical energy metabolism-oxidative stress 
axis in cognitive severity. This represents novel validation of cellular energetics in cognitive 
classification [120,121]. L-Met ( L-Methionine) also came as important predictor in Stage 1. 

Carnitine, Ornithine, and Tryptophan emerging as important Stage‑2 predictors index three 
processes that become increasingly relevant with worsening cognitive status: (i) mitochondrial 
energy handling (carnitine/acylcarnitines), (ii) nitrogen disposal and polyamine/urea‑cycle flux 
(ornithine), and (iii) neuroinflammation-linked amino‑acid catabolism (tryptophan → 

kynurenine pathway). Acylcarnitine is ester of L-carnitine that emerges from fatty acid 
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metabolism pathways in mitochondria and peroxisomes, playing a crucial role in energy 
transfer. Acylcarnitine abnormalities are also increasingly reported in neurodegenerative 
disorders, including Alzheimer’s disease, where they are interpreted as markers of disrupted 
brain/systemic energy metabolism and mitochondrial dysfunction [122]. Ornithine has been 
reported as significantly altered across AD/MCI comparisons in plasma metabolomics work, 
implicating arginine/ornithine (urea‑cycle) and polyamine biology, which has also been 
mechanistically connected to memory impairment through astrocytic urea‑cycle activation and 
downstream ornithine metabolism [123]. Uric Acid, Blood urea Nitrogen and Uridine also 
came as important predictors which are related to urea-cycle. For tryptophan, systematic 
reviews/meta-analyses and longitudinal biomarker studies support that peripheral tryptophan 
is reduced and kynurenine-pathway activity is shifted in AD, and that kynurenine-pathway 
metabolites track with plasma AD biomarkers and cognition over time, making tryptophan-
related metabolism a plausible severity discriminator [124]. 

In Stage 2, 4‑aminobutyric acid (GABA) and 2‑aminobutyric acid (2‑AB) represents two 
complementary processes relevant to cognitive deterioration: neurotransmitter balance 
(GABAergic inhibition) and oxidative‑stress/redox compensation (2‑AB–linked glutathione 
pathways). GABA is the brain’s primary inhibitory neurotransmitter, and converging evidence 
indicates that GABAergic interneuron dysfunction and an altered excitatory–inhibitory balance 
contributes to network hyperexcitability and cognitive impairment in Alzheimer’s disease 
[125]. 2‑AB is closely tied to cysteine/glutathione biology: it can rise under oxidative stress 
and has been described as a metabolite that reflects activation of glutathione-related responses 
[126]. 

Games-Howell statistical validation revealed kynurenine as a critical neuroinflammatory 
biomarker, with a significant biomarker in Stage 2 SHAP analysis confirmed by significant 
elevation in cognitively impaired individuals (p=0.026). This finding represents novel 
validation of the kynurenine pathway in cognitive aging, extending recent discoveries linking 
kynurenine metabolites to microglial senescence and neuroinflammation. Contemporary 
research confirms kynurenine as a peripheral inflammatory marker associated with central 
neuroinflammation, brain gray matter volume decrease, and cognitive dysfunction[127].  

This SHAP-driven biomarker discovery represents a significant insight toward precision 
medicine for cognitive aging, providing both predictive capability and mechanistic 
interpretability essential for clinical translation and therapeutic development. 

 

9.5 Integrative Interpretation and Clinical Implications: 
Overall, findings from both stages support a stage-dependent interpretation of cognitive aging 
as a systems-level transition captured by multimodal biomarkers. Broad Normal vs. abnormal 
classifiers (Stage 1) are linked to broad metabolic and behavioral vulnerabilities, reflected in 
renal and systemic metabolic markers, amino -acid balance, and activity variability, whereas 
Possible vs. Impaired Classifier (Stage 2) is associated with more pronounced alterations in 
energy metabolism, nucleotide and choline pathways, oxidative stress, and behavioral 
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irregularity. The convergence between the Imbalanced-learn Random Forest and logistic 
regression models, together with SHAP-based explanations, strengthens confidence that these 
biomarker groups represent persistent signals in the da-ta rather than model-specific artefacts. 
Another important consideration is the balance between model complexity and sample size. 
The multimodal predictor space in this study is large compared with the number of participants, 
which increases the likelihood of overfitting and sensitivity of feature rankings to small 
perturbations in the data. Although the use of LOOCV, regularized logistic regression, and 
ensemble methods helps to stabilize estimates, the specific feature sets highlighted by SHAP 
should be regarded as one plausible model-based representation of the signal in this dataset 
rather than as a definitive, stable list of biomarkers. 

While larger cohorts, longer follow-up, and broader cognitive batteries will be needed to 
validate and refine these signatures, by identifying feature contributions through SHAP 
analysis in hierarchal stages, offers transparency that is vital for clinical insights and hypothesis 
generation. Using accessible biomarkers, such as routine blood tests and wearable derived 
measures, increases the feasibility of applying similar frameworks in real world settings. 

The excellent Stage -2 performance metrics should be interpreted with caution given to the 
small size of the Impaired subgroup (n = 5), which substantially increases the risk of overfitting 
despite the use of LOOCV and imbalanced-learning strategies. We acknowledge that 
overfitting cannot be definitively ruled out, and validation in larger, independent cohorts 
remains essential. However, when interpreted as exploratory trends rather than definitive 
quantitative findings, these results offer meaningful methodological insights. The convergence 
of biomarker signatures across two independent modeling approaches (Random Forest and 
Lasso logistic regression), the biological plausibility of identified pathways (renal and systemic 
metabolic indices, glucose metabolism, oxidative stress, amino acid dysregulation), and 
supporting evidence from Games-Howell post- hoc comparisons collectively suggest that 
observed patterns may reflect genuine biological signals worthy of further investigation. The 
primary contribution of this work lies in demonstrating a two-stage, explainable AI framework 
that integrates minimally invasive multimodal data for stage-aware cognitive assessment, 
serving as a methodological template for hypothesis- driven validation studies rather than 
providing immediately actionable clinical biomarkers. 
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10 Limitation of the study 
Several limitations should be considered when interpreting these results. This study was 
conducted as a secondary, exploratory analysis of a cohort originally designed for intervention 
evaluation. The sample size was small, with class imbalance; especially, the Impaired group 
was small. Although leave-one-out cross-validation and imbalanced-learning techniques were 
employed, the results should be viewed as hypothesis-generating rather than confirmatory. 

Future studies should verify these outcomes in larger, independent cohorts with more balanced 
cognitive categories. Longitudinal analyses of biomarker changes over time may further clarify 
their roles in cognitive trajectories. External validation and integration with interventional 
studies are also needed to assess generalizability and clinical impact. Regardless of these 
limitations, this work offers a structured, interpretable framework for multimodal biomarker 
discovery in cognitive aging. 

This study was conducted on a novel dataset with a relatively small sample size for machine 
learning analysis. Here the methodology was based on Machine learning based biomarker 
discovery which is a deviation from the primary case control design of the aforementioned 
project.  Despite employing a robust Leave-One-Out Cross-Validation (LOOCV) approach, the 
Stage 1 model did not achieve satisfactory level of accuracy. The classification problem and 
subsequent statistical tests were complicated by pronounced class imbalance, which was 
partially addressed using algorithms from imbalanced-learn library and the Games-Howell 
multiple group comparison test. In this study’s secondary, post hoc approach does not adhere 
to the original intervention structure and involves outcome-based reclassification should be 
interpreted as hypothesis-generating biomarker discovery rather than confirmatory. Overall, 
this investigation focused on the discovery of candidate biomarkers associated with cognitive 
function prediction in older adults, highlighting promising directions for future research but 
requiring further validation in larger and more balanced cohorts. 
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11 Conclusion 
This study offers a two-stage, explainable machine learning framework to predict cognitive 
status at 18 months using baseline multimodal data. Early cognitive abnormality is mainly 
linked to systemic metabolic and behavioral vulnerability, while advanced impairment is 
characterized by neurochemical, energetic, and oxidative metabolic changes. Key predictors 
include routine blood chemistry, targeted metabolomics, and variability in wearable-derived 
physical activity. Their contributions were interpreted using SHAP analysis. 

By aligning predictive modeling with clinically meaningful stages, this framework delivers a 
systems-level perspective on cognitive aging that goes beyond single-domain biomarkers. 
While exploratory and limited by sample size, the use of accessible and minimally invasive 
measures supports scalable cognitive risk screening and early intervention planning. Validation 
in larger, independent cohorts will be necessary to confirm generalizability and clinical use. 
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13 List of Training parameters: 
Here is the list of training parameters to develop the Two Stage model except the categorical 
parameters such as Sex, Exposure Group. 

Training Parameters Count Mean ± std 
Height, cm 98 156.30 ± 9.07 

Body weight, Kg 98 56.71 ± 10.42 
AST 96 25.98 ± 7.46 
ALT 98 20.12 ± 8.42 

g-GTP 98 33.67 ± 37.62 
CK 96 116.48 ± 59.57 

T-BIL 98 0.96 ± 0.32 
TP 98 7.68 ± 0.48 

ALB 98 4.59 ± 0.29 
GLU 98 102.79 ± 15.71 
TG 98 104.94 ± 40.24 

LDL-C 98 124.06 ± 30.24 
HDL-C 98 73.40 ± 25.19 

BUN 98 18.33 ± 5.88 
UA 98 5.52 ± 1.36 

CRE 98 0.89 ± 0.31 
ALPif 98 77.52 ± 23.68 
WBC 98 57.11 ± 12.06 

RDW-SD 98 44.47 ± 2.89 
RBC 98 440.98 ± 43.59 

RDW-CV 98 12.91 ± 0.70 
HGB 98 13.82 ± 1.42 
PDW 98 12.92 ± 2.00 
HCT 98 41.45 ± 3.99 
MPV 98 10.49 ± 0.92 
MCV 98 94.1 ± 3.87 

P-LCR 98 29.41 ± 7.52 
MCH 98 31.37 ± 1.71 
PCT 98 0.22 ± 0.05 

MCHC 98 33.33 ± 0.89 
NRBC# 98 0.0031 ± 0.0173 

PLT 98 20.98 ± 5.23 
NRBC% 98 0.0061 ± 0.033 
NEUT# 98 29.23 ± 7.62 
NEUT% 98 51.31 ± 8.39 
LYMPH# 98 20.93 ± 6.65 

LYMPH% 98 36.48 ± 8.16 
MONO# 98 4.80 ± 1.34 
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MONO% 98 8.49 ± 1.96 
EO# 98 1.71 ± 1.29 

EO% 98 2.96 ± 1.99 
BASO# 98 0.45 ± 0.25 

BASO% 98 0.78 ± 0.41 
HbA1c 98 6.08 ± 0.51 

L-Pro, nmol/mL(uM) 98 148.92 ± 54.31 
D-Pro, nmol/mL(uM) 98 1.73 ± 1.50 

Pro(D/(D+L)*100) 98 1.20 ± 0.99 
L-Ser, nmol/mL(uM) 98 112.79 ± 20.77 
D-Ser, nmol/mL(uM) 98 2.64 ± 0.87 

Ser(D/(D+L)*100) 98 2.32 ± 0.79 
L-Ala, nmol/mL(uM) 98 358.92 ± 73.29 
D-Ala, nmol/mL(uM) 98 3.01 ± 2.26 

Ala(D/(D+L)*100) 98 0.85 ± 0.64 
L-Asn, nmol/mL(µM) 98 52.45 ± 8.26 
D-Asn, nmol/mL(µM) 98 0.23± 0.15 

Asn(D/(D+L)*100) 98 0.44 ± 0.29 
L-Lys, nmol/mL(µM) 98 208.67 ± 29.87 

L-Arg, nmol/mL（µM） 98 97.25 ± 18.39 
L-His, nmol/mL(µM) 98 92.14 ± 11.26 
L-Tyr, nmol/mL(µM) 98 59.47 ± 11.94 
L-Gln, nmol/mL(µM) 98 593.40 ± 87.76 
L-Ile, nmol/mL(µM) 98 49.06 ± 12.19 
L-Thr, nmol/mL(µM) 98 116.55 ± 21.22 
L-Orn, nmol/mL(µM) 98 59.86 ± 14.77 
L-Val, nmol/mL(µM) 98 202.87 ± 40.05 
L-Phe, nmol/mL(µM) 98 54.69 ± 9.61 

L-Met, nmol/mL（µM） 98 25.85 ± 4.34 

L-Glu, nmol/mL(µM) 98 36.85 ± 15.14 
L-Asp, nmol/mL(µM) 98 3.60 ± 1.41 
L-Leu, nmol/mL(µM) 98 107.20 ± 21.62 

L-Cit, nmol/mL（µM） 98 39.88 ± 9.81 
L-Trp, nmol/mL(µM) 98 56.62 ± 10.58 

Gly, nmol/mL(µM) 98 285.01 ± 66.54 
BMI 98 23.12 ± 3.15 

Height(Reported) 94 157.51 ± 9.00 
Weight(Reported) 94 56.95 ± 10.18 

Last three day average after 1.5 or 
less(every minute) 

83 302.74 ± 144.72 

1MET or higher 96 572.78 ± 270.61 
2MET or higher 96 203.40 ± 107.60 
3MET or higher 96 63.62 ± 43.37 
4MET or higher 96 16.26 ± 18.20 

1METs〜２METs 83 427.23 ± 143.57 
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2METs〜３METs 83 161.67 ± 51.74 

3METs〜４METs 83 54.77 ± 26.73 

4METs〜５METs 83 14.21 ± 14.01 

5METs〜６METs 83 3.22 ± 3.67 

6METs〜７METs 83 1.01 ± 2.85 

7METs〜８METs 83 0.22 ± 0.39 

8METs or higher 83 0.15 ± 0.29 
Total walking exercise(Ex) 83 1.70 ± 1.78 

Activity(Ex) 83 2.83 ± 1.45 
EX 83 4.52 ± 2.47 

Number of steps 83 5453.16 ± 3353.64 
Walking time (Minutes) 83 84.72 ± 43.74 

Number of steps per minute 83 63.43 ± 16.95 
EX fluctuation coefficient 1 83 0.35 ± 0.12 
EX fluctuation coefficient 2 83 0.33 ± 0.21 
EX fluctuation coefficient 3 83 4.37 ± 36.79 
EX fluctuation coefficient 4 83 0.39 ± 0.23 
EX fluctuation coefficient 5 83 0.36 ± 0.22 
1METs or more fluctuation 

coefficient 5 
79 2.75 ± 22.29 

2METs or more fluctuation 
coefficient 5 

83 1.44 ± 10.73 

3METs or more fluctuation 
coefficient 5 

83 0.73 ± 3.62 

4METs or more fluctuation 
coefficient 5 

82 0.63 ± 1.12 

Shannon index p1 98 4.87 ± 0.65 
Simpson index p1 98 0.91 ± 0.05 

2-Aminobutyric acid 98 4.56 ± 1.32 
4-Aminobutyric acid 98 0.03 ± 0.01 

4-Hydroxyproline 98 3.62 ± 1.69 
Acetylcarnitine 98 68.28 ± 22.46 

Adenosine monophosphate 98 0.37 ± 0.24 
Alanine 98 51.08 ± 10.69 
Arginine 98 62.16 ± 17.28 

Asparagine 98 3.33 ± 0.58 
Aspartic acid 98 0.47 ± 0.15 

Asymmetric dimethylarginine 98 0.28 ± 0.08 
Carnitine 98 50.62 ± 11.67 
Choline 98 7.34 ± 1.68 

Citrulline 98 20.86 ± 6.72 
Creatine 98 27.42 ± 10.39 

Creatinine 98 62.70 ± 14.99 
Cysteine 98 0.21 ± 0.07 
Cystine 98 12.25 ± 4.12 
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Dimethylglycine 98 1.99 ± 0.85 
Ergothioneine 98 1.38 ± 1.09 
Glutamic acid 98 9.64 ± 3.38 

Glutamine 98 66.14 ± 12.95 
Glycine 98 4.65 ± 1.32 

Glycolic acid 98 0.17 ± 0.04 
Glyoxylic acid 98 0.20 ± 0.03 

Histidine 98 40.58 ± 8.24 
Homocysteine 98 0.05 ± 0.03 
Hypoxanthine 98 0.55 ± 0.38 

Isoleucine 98 13.22 ± 2.94 
Kynurenine 98 2.18 ± 0.59 
Lactic acid 98 5.40 ± 2.59 

Leucine 98 17.86 ± 3.50 
Lysine 98 77.00 ± 21.68 

Methionine 98 10.79 ± 2.21 
Methionine sulfoxide 98 0.22 ± 0.10 

Niacinamide 98 0.45 ± 0.18 
Ornithine 98 14.41 ± 4.80 

Phenylalanine 98 327.78 ± 63.02 
Proline 98 4.17 ± 1.23 

Pyruvic acid 98 0.36 ± 0.08 
Serine 98 14.14 ± 2.57 

Serotonin 98 0.47 ± 0.35 
Symmetric dimethylarginine 98 1.22 ± 0.43 

Threonine 98 12.68 ± 2.65 
Tryptophan 98 80.46 ± 15.42 

Tyrosine 98 37.07 ± 7.71 
Uracil 98 0.22 ± 0.07 

Uric acid 98 1.83 ± 0.42 
Uridine 98 1.25 ± 0.33 
Valine 98 54.37 ± 8.66 

Age 98 77.71 ± 2.99 
 


