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Abstract 

Dementia is an increasing public health challenge, yet scalable methods for early risk de-

tection using non-clinical data remain limited. This study develops and evaluates inter-

pretable machine learning models to predict dementia risk among older adults using na-

tionally representative longitudinal data. Data were sourced from the National Health 

and Aging Trends Study (NHATS, 2011–2022) and included 5984 community-dwelling 

U.S. adults aged 65 and older who were dementia-free at baseline. Dementia onset was 

identified using the validated NHATS classification algorithm based on cognitive assess-

ments, proxy reports, and physician diagnoses. After data preprocessing and feature en-

gineering, missing values in continuous variables were imputed with k-nearest neighbors, 

while categorical variables were handled via one-hot encoding and mode-based imputa-

tion. Five supervised machine learning algorithms were trained and evaluated through 

stratified cross-validation, using performance metrics that account for class imbalance. 

Among these models, XGBoost showed the strongest overall performance, achieving the 

highest classification accuracy (0.881 ± 0.004), the lowest Brier score (0.094 ± 0.002), and 

the highest ROC–AUC (0.823 ± 0.005), with RF showing comparable results. Explainable 

AI analyses with SHapley Additive exPlanations (SHAP) consistently identified digital 

technology use, outdoor activity frequency, and social network size as the most influential 

predictors across models. These findings indicate that interpretable machine learning 

based on non-clinical, modifiable behavioral and social factors can support scalable, pre-

vention-focused dementia risk assessment and inform prevention-oriented strategies that 

promote digital inclusion and social engagement among older adults. 

Keywords: artificial intelligence; interpretable machine learning; explainable AI; dementia 

risk prediction; National Health and Aging Trends Study (NHATS); digital technology use; 

social engagement; SHAP; sustainable healthcare 

 

1. Introduction 

Dementia is an increasing public health challenge worldwide. Over 55 million people 

currently have dementia globally, and the number is expected to surpass 140 million by 

2050 because of aging populations [1,2]. Around 10 million new cases are reported 
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annually. Without disease-modifying treatments, attention has increasingly turned to 

early risk detection and prevention strategies to delay onset and reduce the long-term 

societal burden [3,4]. 

Traditional dementia risk prediction methods primarily rely on clinical, neuropsy-

chological, and biological markers, such as cognitive test scores, neuroimaging, genetic 

risk factors, and medical diagnoses [5]. However, such models often achieve high predic-

tive accuracy; they usually rely on expensive, invasive, or clinic-based data, which limits 

their scalability for population-level screening and public health applications [6,7]. Addi-

tionally, several existing models lack transparency, raising concerns about interpretability 

and trust when used in high-stakes health decisions [8]. 

Recent advances in ML enable modeling of complex nonlinear relationships among 

diverse risk factors in large-scale observational data [9]. However, much of the ML litera-

ture on dementia prediction continues to focus on clinical or imaging-based features and 

cross-sectional datasets, with limited attention to modifiable behavioral and social deter-

minants [10,11]. This causes a gap between highly advanced prediction models and pre-

vention-focused, scalable tools for real-world public health use. 

Growing epidemiological evidence indicates that non-clinical, adjustable factors such 

as social engagement, physical activity, and digital technology use play a significant role 

in cognitive aging and dementia risk [12,13]. Recent large-scale studies and meta-analyses 

indicate that regular use of digital technologies is associated with slower cognitive decline 

and a reduced incidence of dementia, supporting the concept of a technological reserve 

analogous to cognitive reserve [14–16]. These behavioral and social factors are routinely 

collected in national aging surveys, making them promising candidates for scalable, pre-

vention-focused risk modeling. 

At the same time, concerns about the interpretability of complex ML models have 

increased interest in explainable artificial intelligence (XAI) techniques. Methods such as 

SHapley Additive exPlanations (SHAP) enable transparent attribution of model predic-

tions to individual features, helping to bridge the gap between predictive performance 

and actionable insights [11,17]. Combining XAI with longitudinal, non-clinical data offers 

a promising approach to developing interpretable and policy-relevant dementia risk pre-

diction models. 

Against this backdrop, the present study develops and evaluates interpretable ML 

models for dementia risk prediction using over a decade of nationally representative lon-

gitudinal data from the National Health and Aging Trends Study (NHATS). Unlike pre-

vious NHATS-based studies that mainly examine associations through regression, this 

study uses a comparative, calibration-aware machine learning framework with cross-

model explainability to assess predictor stability, calibration, and interpretability. 

2. Related Work 

2.1. Machine Learning–Based Dementia Risk Prediction 

Over the past decade, ML techniques have increasingly been used to predict demen-

tia and Alzheimer’s disease using algorithms such as logistic regression, support vector 

machines, random forests, k-nearest neighbors, and gradient boosting. Many recent stud-

ies report high classification accuracy, especially when using clinical or neuroimaging da-

tasets. For example, ensemble and boosting methods applied to memory clinic or neu-

roimaging cohorts have achieved over 90% accuracy in distinguishing Alzheimer’s dis-

ease or mild cognitive impairment from cognitively normal controls [18,19]. 

Despite these advancements, several limitations still exist. Many ML models are 

trained on highly selected clinical samples or balanced research datasets, which raises 

concerns about overfitting and their limited generalizability to community-dwelling pop-

ulations [7]. Predictive performance often depends heavily on biomarkers or cognitive test 
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scores that are impractical for large-scale screening [20]. Additionally, many studies focus 

on accuracy while giving limited attention to calibration, interpretability, or real-world 

deployment considerations [21,22]. 

2.2. Behavioral, Social, and Digital Predictors 

Recent research has increasingly explored how lifestyle, behavioral, and social factors 

are incorporated into dementia risk prediction models. Epidemiological studies consist-

ently show that social isolation, decreased physical activity, and limited cognitive engage-

ment are connected to a higher risk of dementia [4,12]. Several ML-based studies have 

demonstrated that non-clinical variables can substantially improve predictive accuracy 

when combined with demographic and health data indicators [23–25]. 

Digital technology use has emerged as a notably promising predictor of behavior. A 

large meta-analysis involving over 400,000 older adults revealed that general technology 

use is associated with significantly lower risks of cognitive impairment and slower cogni-

tive decline [26]. Cohort studies further suggest that discontinuing digital activities is as-

sociated with faster memory decline, whereas continued engagement is associated with 

protective effects [27–29]. While existing NHATS-based studies offer valuable insights 

into the relationship between technology use and cognitive trajectories, they mostly rely 

on single-model or regression-based analyses. These studies generally do not evaluate 

predictor stability, calibration, or cross-model consistency using explainable ML tech-

niques. 

2.3. Explainable AI and Longitudinal Cohorts 

Model interpretability is increasingly recognized as vital for adopting ML in 

healthcare, especially for dementia risk assessment [8,30]. Explainable AI techniques, such 

as SHAP and LIME, have been used in dementia prediction models to identify influential 

features and verify model behavior against domain standards knowledge [31,32]. How-

ever, most explainable ML studies still rely on clinical or imaging-based predictors, which 

restricts their usefulness for scalable public health applications. 

Longitudinal population-based cohorts such as NHATS and the Health and Retire-

ment Study offer opportunities to develop generalizable, prevention-focused dementia 

risk models using non-clinical data [33,34]. However, comprehensive and interpretable 

ML frameworks that utilize these datasets remain scarce. This study addresses that gap 

by combining explainable ML methods with longitudinal, nationally representative data 

and adaptable behavioral predictors. 

2.4. Study Contributions 

This study adds to the dementia risk prediction literature by presenting a thoroughly 

tested, interpretable AI framework based on ML designed for longitudinal, non-clinical 

population data. Instead of creating a new learning algorithm, the focus is on methodo-

logical integration, rigorous evaluation, and practical application of ML in dementia pre-

vention. 

The key contributions are as follows: 

2.4.1. Integrated Interpretable ML Framework 

We propose a unified framework that integrates longitudinal outcome modeling, cal-

ibration-aware evaluation, and explainable artificial intelligence. Unlike previous studies 

that mainly focus on accuracy or cross-sectional prediction, this work jointly evaluates 

discrimination, performance sensitive to imbalance, and probabilistic calibration through 

strict stratified cross-validation and leakage control, ensuring reliable real-world risk es-

timation [35]. This framework builds on previous NHATS-based analyses by shifting from 
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mere association testing to systematically assessing predictive robustness, calibration, and 

explainability across various machine learning paradigms [36,37]. 

2.4.2. Emphasis on Modifiable, Non-Clinical Predictors 

Using nationally representative NHATS data spanning over a decade, the study 

demonstrates how modifiable behavioral and technological factors can be systematically 

integrated into ML models [38,39]. This data-driven approach supports scalable, preven-

tion-focused dementia risk assessment beyond clinic-based or biomarker-dependent 

methods [40]. 

2.4.3. Cross-Model Interpretability and Predictor Stability 

By incorporating SHAP-based explanations, regression estimates, and nonparamet-

ric statistical tests, the study evaluates the consistency of influential predictors across var-

ious algorithms. The convergence of key features across models provides strong evidence 

for risk signals rather than model-specific effects [41,42]. 

2.4.4. Applied and Translational Contribution 

The study aligns healthcare-focused ML priorities that emphasize transparency, re-

producibility, and deployability. The proposed framework connects predictive modeling 

to actionable insights, supporting dementia prevention on a population level and inform-

ing public health decisions. To achieve this, the study addresses the following research 

questions: 

RQ1. Do modifiable behavioral and technological factors improve dementia risk predic-

tion when combined with demographic and health-related variables in a longitudinal set-

ting? 

RQ2. How do commonly used ML algorithms compare in predictive performance and 

calibration within an interpretable framework? 

RQ3. Which predictors consistently emerge as influential across models, and how stable 

are these signals? 

RQ4. How effectively can explainable ML methods support transparent and prevention-

oriented dementia risk assessment? 

3. Materials and Methods 

3.1. Dataset Source and Study Sample 

We used data from the National Health and Aging Trends Study (NHATS), a nation-

ally representative longitudinal panel survey of Medicare beneficiaries aged 65 years and 

older in the United States. NHATS began in 2011 (Round 1) with an initial sample of 8245 

older adults and has conducted annual follow-up interviews since then, with periodic co-

hort replenishments to maintain national representativeness. The present analysis in-

cludes data from NHATS Rounds 1–12 (2011–2022). Our study focused on community-

dwelling participants (i.e., individuals living in private residences or non-nursing home 

settings) who were dementia-free at baseline. Participants diagnosed with dementia or 

Alzheimer’s disease at baseline were excluded to identify incident dementia cases during 

follow-up. We also excluded individuals with substantial missing data on key predictors 

(see Section 3.3) or those who were lost to follow-up before outcome ascertainment. The 

baseline NHATS cohort included 8245 participants. Individuals with prevalent dementia 

at baseline were excluded, along with participants with significant missing data on key 

predictors and those who lost to follow-up before dementia status could be determined. 

After applying these exclusion criteria, the final analytic sample consisted of 5984 partici-

pants (Figure 1). 

https://doi.org/10.3390/app16052180


Appl. Sci. 2026, 16, 2180 5 of 28 
 

https://doi.org/10.3390/app16052180 

 

Figure 1. Participant selection for the analytic NHATS cohort (2011–2022). Arrows indicate the flow 

of participants through each stage of inclusion and exclusion. 

Sampling weights and variables that account for the complex survey design were 

used where appropriate to ensure that all estimates accurately reflect the U.S. older adult 

population. 

3.2. Outcome Variable (Dementia Onset) 

The primary outcome was a binary indicator of probable dementia status based on 

the validated NHATS algorithm [43]. Participants were classified as having dementia if 

they met at least one of the following criteria: (a) a self- or proxy-reported physician diag-

nosis of dementia or Alzheimer’s disease; (b) performance ≥ 1.5 standard deviations below 

the mean in two or more cognitive domains (memory, orientation, executive function); or 

(c) a proxy-completed AD-8 dementia screening score ≥ 2, indicating cognitive impair-

ment [44]. Cognitive domains were assessed using immediate/delayed word recall, orien-

tation questions (date and political figures), and a clock-drawing task. For those unable to 

complete cognitive testing, the AD-8 informant tool was administered. Participants were 

labeled “1” if they met the criteria in any follow-up wave (2012–2022), and “0” otherwise. 

This definition is consistent with NHATS protocols and has demonstrated validity against 

clinical diagnoses. 

3.3. Predictor Variables and Feature Engineering 

We examined a rich set of predictor variables encompassing demographic, social, 

technological, behavioral, and clinical domains, selected based on literature linking them 

to cognitive health [29,45]. 

Demographics: Age (years), sex (male or female), educational attainment (catego-

rized as less than high school graduate, some college, or college degree), race/ethnicity 

(Non-Hispanic White, Non-Hispanic Black, Hispanic, or Other), and marital status (mar-

ried/partnered, divorced/separated, widowed, or never married). These served as base-

line characteristics and potential confounders. Age and education are well-established fac-

tors related to cognitive reserve and dementia incidence [46,47]. Sex (female) is associated 

with higher late-life dementia prevalence, which partly reflects longevity and biological 

factors [46]. 
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Social Engagement: Several measures of social connectedness and activity were in-

cluded. Social network size was measured as the number of close family/friends with 

whom the respondent discusses important matters (a proxy for the availability of social 

support). Community engagement was assessed via self-reported involvement in com-

munity groups and the respondent’s perception of neighborhood social cohesion/trust. 

We also included the frequency of leaving the home (ranging from rarely to daily) as an 

indicator of mobility and social participation in the broader environment. Additionally, 

social involvement in organized activities such as clubs, classes, or volunteer work was 

assessed. These variables reflect the hypothesis that an active social life and integration 

into the community are protective against cognitive decline [12,13,48–51]. 

Technology Use: This binary composite indicator was created to measure overall dig-

ital engagement versus digital exclusion at the population level. While this method en-

hances model simplicity and scalability, it combines diverse digital behaviors and does 

not differentiate among specific activities such as communication, information seeking, or 

financial transactions. Therefore, the significance assigned to this variable reflects general 

digital engagement rather than any digital activity skill. We coded this as 1 if the person 

reported using any of these technologies and 0 if they used none. This “Technology use” 

variable acts as our primary measure of digital engagement in daily life. Prior research 

suggests that older adults who use information and communication technologies main-

tain better cognitive function than those who are digitally disconnected [16,52]. 

Health and Function: We included several self-reported health conditions that are 

associated with dementia risk. These were combined into composite indicators when ap-

propriate. Vascular conditions were summarized as a binary variable indicating a history 

of major cardiometabolic diseases, such as heart attack, heart disease, stroke, lung disease, 

or cancer. We also recorded specific conditions separately: history of stroke, heart disease, 

hypertension, and diabetes (each coded 0/1). Depressive symptoms were assessed using 

a brief screening (indicators of frequent sad or hedonic mood); we used a binary variable 

for clinically relevant depressive symptoms (yes/no) [53]. General health status was as-

sessed using a self-rated overall health scale (5-point scale, ranging from excellent to poor) 

and a yes/no indicator of mobility difficulties (e.g., concerns about falling) as measures of 

frailty. We also included smoking status (current smoker or not) as a lifestyle factor [54]. 

While not all these health variables are primary factors of interest, they help account for 

physical health differences and comorbidities that could confound the relationships be-

tween social and tech engagement and cognition. 

To capture both overall comorbidity burden and condition-specific effects, composite 

indicators, such as vascular_condition, were included alongside selected individual diag-

noses, such as stroke and hypertension. Although this structure may introduce collinear-

ity in regression models, coefficients were interpreted carefully and not as isolated causal 

effects. Downstream ML models and SHAP-based explainability analyses, which are less 

affected by multicollinearity, were used to assess predictor stability. 

3.4. Feature Engineering and Data Preparation 

All categorical variables, such as education levels and marital status, were one-hot 

encoded for modeling. Continuous variables (like age) were standardized to z-scores. We 

handled missing data through a multistep process. First, we removed features that were 

irrelevant or had too much missing data, as specified in the NHATS documentation. If a 

participant had more than four key predictors missing, that case was dropped. After ini-

tial data cleaning, the remaining missing values in continuous variables were imputed 

using KNN, while categorical variables were managed through encoding and mode-

based strategies. Finally, all features were scaled to the appropriate format (0–1 for binary 

features, standardized for continuous features, or ordinal as needed) to prepare for model 
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input. Table 1 presents the definitions, feature names, and measurement types of all study 

variables. 

Table 1. Description and coding of demographic, behavioral, social, technological, and clinical pre-

dictor variables used in the analysis. 

Variable Description Feature Name Type Value 

Technology Use 

Use of computers/tablets, mobile 

phones, email, internet browsing, online 

shopping, and online banking 

tech_use Binary 
0 = No use, 1 = Regular 

use 

Gender Self-reported sex gender Binary 0 = Female, 1 = Male 

Education Level Highest educational attainment education Ordinal 

0 = <High school, 1 = High 

school, 2 = Some college,  

3 = College and above 

Race/Ethnicity Self-identified race/ethnicity ethnicity Nominal Categorical 

Marital Status 
Married/partnered, divorced/separated, 

widowed, or never married 
marital_stat Nominal Categorical 

Census Division U.S. Census geographic division 
census_divi-

sion 
Nominal Categorical 

Community Engage-

ment 

Perceived community trust and cohe-

sion 
community Ordinal 

1 = Do not agree, 2 = Neu-

tral, 3 = Agree a lot 

Well-being 
Emotional and psychological self-assess-

ment 
wellbeing Ordinal 

1 = Most of the days,  

3 = Rarely 

Vascular Condition 

Binary indicator of the presence of any 

vascular comorbidity (heart attack, heart 

disease, stroke, lung disease, cancer) 

vascular_con-

dition 
 Binary 

0 = No vascular condition, 

1 = ≥1 vascular condition 

Overall Health Condi-

tion 
Self-reported overall health status overallhealth Ordinal 1 = Excellent, 5 = Poor 

Depressive Symptoms 
Symptoms of low mood or loss of inter-

est 
depression_cat Ordinal 1 = None, 5 = Severe 

Heart Disease 
Self-reported heart disease (e.g., angina, 

heart failure) 
heart_disease Binary 0 = No, 1 = Yes 

Hypertension Self-reported high blood pressure hypertension Binary 0 = No, 1 = Yes 

Heart Attack 
Self-reported history of myocardial in-

farction 
heart_attack Binary 0 = No, 1 = Yes 

Worry About Falling Fear of falling affects daily activities worryfall Binary 0 = No, 1 = Yes 

Fall in Past Year Self-reported fall within the last year fallendownyr Binary 0 = No, 1 = Yes 

Vascular Count 
Count of reported vascular comorbidi-

ties  
vascular_count Count Integer count (0–N) 

Current Smoking Current smoking status smokesnow Binary 0 = No, 1 = Yes 

Going Outside Frequency of leaving home to go outside go_outside Binary 
0 = Rarely/Never, 1 = Reg-

ularly 

Number of Social Net-

works 

Number of close contacts for sharing im-

portant matters 
nsocialnet Ratio Count 

Diabetes Self-reported diabetes diagnosis diabetes Binary 0 = No, 1 = Yes 

Stroke Self-reported history of stroke stroke Binary 0 = No, 1 = Yes 

Dementia Onset (Out-

come) 

Incident dementia during the follow-up 

period 
dementia Binary 

0 = No dementia, 1 = De-

mentia 

Notable predictors include measures of social engagement, such as how often people 

go outside, the size of their social network, and community cohesion, as well as clinical 
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indicators like vascular conditions and depressive symptoms, which consistently rank 

among the most influential features. 

3.5. Rationale for Algorithm Selection 

The selected algorithms were chosen for their suitability for structured, tabular sur-

vey data and their balance between predictive performance and interpretability. Classical 

and ensemble ML models have proven to perform well on structured population-based 

health datasets, often surpassing more complex deep learning architectures while main-

taining greater transparency and stable calibration. Considering the study’s focus on ex-

plainability, prevention relevance, and real-world application, these models offer a suita-

ble and reliable foundation for systematic comparison rather than for algorithmic novelty. 

4. ML Pipeline and Model Implementation 

4.1. ML Algorithms 

Five supervised ML algorithms were assessed: Logistic Regression (LR), Support 

Vector Machine SVM, K-Nearest Neighbors (KNN), Random Forest (RF), and eXtreme 

Gradient Boosting (XGBoost). These models encompass different methodological ap-

proaches with varying degrees of complexity, nonlinearity, and interpretability, allowing 

for systematic comparison using structured survey data. 

LR served as a baseline interpretable model, estimating dementia risk as a linear com-

bination of predictors optimized with a log-likelihood loss function and L2 regularization. 

The SVM used a radial basis function kernel to learn nonlinear decision boundaries by 

maximizing the margin between classes. The KNN algorithm classified observations 

based on the majority label among the k = 5 nearest neighbors using Euclidean distance. 

RF and XGBoost were included as ensemble tree-based methods capable of capturing 

nonlinear interactions and higher-order feature relationships. Random Forest combined 

predictions from 100 decision trees built using bootstrap sampling and Gini impurity. 

XGBoost used gradient-boosted decision trees with a learning rate of 0.1 and a maximum 

depth of 4, optimizing a regularized objective function to reduce overfitting. Early stop-

ping was employed to prevent unnecessary model complexity. 

Hyperparameter values were chosen based on widely reported settings in previous 

studies, with minimal tuning to ensure comparability across models and reduce the risk 

of overfitting 

Baseline dementia cases were excluded before analysis. After incorporating engineer-

ing and standardization into the training folds, five classifiers (LR, SVM, KNN, RF, and 

XGBoost) were evaluated using stratified five-fold cross-validation. Incident dementia 

during follow-up (2012–2022) was predicted. Model performance was assessed with clas-

sification metrics and ROC–AUC, and model interpretability was examined using SHAP 

values, logistic regression odds ratios, and feature importance measures (Figure 2). 
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Figure 2. ML pipeline for dementia risk prediction using the National Health and Aging Trends 

Study (NHATS, 2011–2022). 

4.2. Training Procedure and Cross-Validation 

All models were trained and evaluated using stratified 5-fold cross-validation to pre-

serve the proportion of dementia and non-dementia cases in each fold. In each iteration, 

four folds were used for training and one for validation, ensuring every observation 

served as validation data exactly once. To prevent information leakage, all preprocessing 

steps, including feature scaling, missing-value imputation, and resampling, were per-

formed only within the training folds and then applied to the corresponding validation 

fold. Model performance was measured for each fold and averaged across all five folds, 

providing stable, generalizable estimates of predictive performance. 

4.3. Class Imbalance Handling 

Dementia cases accounted for about 25% of the study samples, resulting in a some-

what imbalanced outcome distribution. To fix this imbalance, different strategies were 

used depending on the algorithm. Adaptive Synthetic Sampling (ADASYN) was applied 

within the training folds for KNN, RF, and XGBoost to generate synthetic minority-class 

examples and improve sensitivity to dementia cases. For LR and SVM models, class 

weighting was used to penalize misclassifications of the minority dementia class and to 

adjust the decision boundary without resampling. No oversampling or weighting was ap-

plied to validation data to prevent information leakage and evaluation bias. 
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4.4. Performance Evaluation Metrics 

Model performance was evaluated using both threshold-dependent and threshold-

independent metrics to address class imbalance and probabilistic accuracy. Accuracy was 

included for completeness but was not the sole evaluation metric due to its sensitivity to 

class imbalance. Imbalance-aware metrics included precision, recall (sensitivity), and the 

F1 score, which balances false positives and false negatives. Discriminative ability was 

assessed using the Area Under the Receiver Operating Characteristic Curve (ROC–AUC) 

and the Area Under the Precision–Recall Curve (PR–AUC). Probabilistic calibration was 

evaluated with the Brier score, which measures the average squared difference between 

predicted probabilities and observed outcomes. All metrics were calculated within each 

cross-validation fold and reported as mean values across folds to ensure a robust and re-

liable performance assessment. 

Accuracy: Accuracy is the proportion of instances correctly classified (both true pos-

itives and true negatives) among all observations. It is defined as: 

Accuracy =
TP + TN

TP + TN + FP + FN
 (1) 

where, 

TP = True Positive 

TN = True Negative 

FP = False Positive 

FN = False Negative 

Accuracy provides a general measure of overall performance; however, in the pres-

ence of class imbalance, it can be misleading, as high accuracy may be achieved by favor-

ing the majority class. 

Precision: Precision evaluates the proportion of predicted positive cases that are truly 

positive and is calculated as: 

Precision =
TP

TP + FP
 (2) 

Precision is critical in scenarios where the cost of false positives is high, such as un-

necessary clinical follow-ups or diagnostic procedures. 

Recall (Sensitivity): Recall reflects the proportion of actual positive cases that the 

model correctly identifies. It is given by: 

Recall =
TP

TP + FN
 (3) 

Recall is especially critical in medical applications, where false negatives may delay 

diagnosis or treatment and lead to adverse outcomes. 

F1 Score: The F1 score is the harmonic mean of precision and recall, providing a bal-

anced measure of both. It is computed as: 

F1 Score = 2 ×
Precision × Recall

Precision + Recall
 (4) 

The F1 score is instrumental in imbalanced classification settings, as it accounts for 

both false positives and false negatives and better reflects performance on the minority 

class. 

Brier Score: The Brier score measures the accuracy of probabilistic predictions and is 

defined as: 

Brier Score =
1

𝑁
∑(

𝑁

𝑖=1

𝑝𝑖 − 𝑦𝑖)
2  

where, 
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𝑁 is the total number of observations, 

𝑝𝑖  is the predicted probability of dementia for observation 𝑖, and 

𝑦𝑖 ∈ {0,1} is the observed outcome (0 = no dementia, 1 = dementia). 

Lower Brier scores indicate better-calibrated and more accurate probability esti-

mates. 

Area Under the Receiver Operating Characteristic Curve (ROC-AUC): ROC-AUC 

measures the model’s ability to discriminate between classes across all possible classifica-

tion thresholds. The ROC curve plots the actual positive rate against the false positive rate, 

and the AUC summarizes the overall discriminative performance. An AUC of 1.0 indi-

cates perfect discrimination, whereas an AUC of 0.5 reflects no discriminative ability. 

Area Under the Precision–Recall Curve (PR-AUC): The precision–recall curve plots 

precision against recall at varying thresholds. PR-AUC is particularly informative in im-

balanced datasets, as it focuses on performance for the minority (positive) class and is less 

influenced by the abundance of true negatives. 

Instead of relying solely on accuracy, using these metrics together offers a more de-

tailed and reliable evaluation of model performance. In this study, where the dataset is 

imbalanced and false negatives have significant clinical consequences, recall and F1 score 

are especially important. ROC-AUC and PR-AUC provide complementary insights into 

how well the model differentiates across thresholds, whereas the Brier score assesses the 

calibration of the predicted probabilities. All reported metrics are the average values from 

the 5-fold cross-validation process, ensuring stability and reducing variance in perfor-

mance estimates. 

4.5. Model Development and Validation 

4.5.1. Data Preprocessing 

We performed a comprehensive preprocessing pipeline before training the model. 

Features with excessive missingness (>30%) or low relevance were initially removed from 

the dataset. Participants missing many key predictors were excluded to ensure data qual-

ity. For the remaining missing entries, we used appropriate imputation methods to main-

tain local data relationships. All categorical variables were then encoded as binary indica-

tors for dichotomous features and as one-hot encodings for multi-class features, while or-

dinal variables were retained as ordered numeric codes. Continuous variables were stand-

ardized to z-scores within each training fold and then applied to the corresponding vali-

dation fold to prevent information leakage. We did not use dimensionality-reduction tech-

niques because our goal was to keep the interpretability of all predictors. Class imbalance 

was managed during model training with algorithm-specific techniques. ADASYN was 

used within training folds for KNN, RF, and XGBoost to create synthetic minority-class 

samples, while LR and SVM used class weighting to increase the penalty for misclassify-

ing dementia cases. Oversampling and weighting were only applied to the training sub-

sets within each cross-validation fold to avoid data leakage into the validation set. This 

approach resulted in balanced training data while maintaining unbiased model evalua-

tion. 

4.5.2. Models and Training Procedure 

We evaluated five supervised learning algorithms commonly used for classification: 

LR, SVM, KNN, RF, and XGB. Models were configured using literature-supported default 

hyperparameters with minimal tuning to maintain comparability and reduce overfitting 

risk. The SVM utilized a radial basis function (RBF) kernel with C = 1.0; KNN used k = 5 

neighbors. The RF ensemble consisted of 100 decision trees, and XGB was trained with a 

maximum tree depth of 4 and a learning rate of 0.1. For XGB, an early-stopping criterion 

of 50 consecutive rounds without improvement was employed to help prevent overfitting. 
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All models were trained and validated using the same feature set and data splits to ensure 

a fair comparison. Model development involved stratified 5-fold cross-validation, in 

which the dataset was divided into 5 folds while preserving class proportions. In each 

iteration, four folds were used for training and one for validation; this process was re-

peated so that each observation served exactly once as validation data. Oversampling was 

limited to adaptive methods (ADASYN) within training folds only; no global or valida-

tion-level resampling was conducted. The final model performance was reported as the 

average across the five validation folds. 

4.5.3. Performance Evaluation 

We evaluated model performance using several complementary metrics: accuracy, 

F1-score, ROC AUC, and Brier score [9]. Accuracy measures overall correctness, while the 

F1-score balances sensitivity and precision, making it especially informative when the 

positive and negative classes are not equally distributed. The ROC AUC (Area Under the 

Receiver Operating Characteristic curve) summarizes the model’s ability to discriminate 

across different thresholds, and the Brier score evaluates the mean squared error of prob-

abilistic predictions, reflecting calibration accuracy. Each metric was calculated for each 

fold, and we report the mean ± standard deviation across the 5 folds as the overall perfor-

mance. To compare models statistically, we analyzed the distribution of fold-level metrics. 

The Shapiro–Wilk test was used to assess the normality of performance metrics across 

folds. Based on the normality results, suitable statistical tests were selected. We also vali-

dated the findings with visual diagnostics: ROC curves were plotted for each model to 

evaluate classification trade-offs, and confusion matrices were examined for patterns in 

false positives and negatives. Additionally, we created boxplots and histograms of fold-

wise metrics to illustrate variability and support the results. These visual and statistical 

checks confirmed the robustness of our cross-validation outcomes. 

4.5.4. Reproducibility and Interpretability 

To ensure reproducibility, all modeling steps were carried out using a consistent 

pipeline across models, from preprocessing to cross-validation, with fixed random seeds 

for data splitting and model initialization where applicable. Each algorithm was evaluated 

on the same data splits, using identical training data, to enhance the validity of perfor-

mance comparisons. Additionally, interpretability was a key aspect of our model devel-

opment. We employed SHAP (Shapley Additive exPlanations) analysis as a post hoc in-

terpretability method for the tree-based models (RF and XGB). SHAP assigns an essential 

score to each feature for individual predictions, enabling interpretation of model outputs 

in terms of feature contributions. Using SHAP, we confirmed that the top features influ-

encing dementia predictions in the ensembles align with domain knowledge; for example, 

technology use and social engagement indicators consistently appeared as high-impact 

predictors in both RF and XGB models. 

5. Hypotheses 

To operationalize the study’s four research questions, we formulate the following 

testable hypotheses: 

5.1. Hypothesis 1 (H1): Behavioral and Technological Predictors 

This hypothesis, addressing RQ1, tests whether modifiable behavioral and techno-

logical factors are significantly associated with dementia risk. A multiple logistic regres-

sion model was used to evaluate the predictive value of features such as technology use, 

social network size, and frequency of going outside. 
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H0: Behavioral and technological factors such as digital engagement and social participation are 

not associated with dementia risk (all coefficients = 0). 

H1: At least one behavioral or technological factor is significantly associated with dementia risk (at 

least one coefficient ≠ 0). 

5.2. Hypothesis 2 (H2): Model Performance Relative to Random Baseline 

This hypothesis addresses Research Question 2 (RQ2), which investigates whether 

ML models provide probabilistic predictions that exceed those of a non-informative ref-

erence. Predictive performance is evaluated using the Brier score (μ), where lower scores 

signify better probabilistic calibration. 

For each model, the null hypothesis assumes that performance equals a prevalence-

based non-informative baseline Brier score derived from the observed dementia preva-

lence in the study sample. Let μ0 denote the prevalence-based baseline Brier score. Let μ 

denote the prevalence-based baseline Brier score, defined as μ0 = p(1 − p), where p is the 

observed dementia prevalence in the study sample. 

𝜇0 = 𝑝(1 − 𝑝),  

where p is the observed dementia prevalence. This baseline corresponds to a non-informa-

tive model that predicts a constant probability equal to the empirical event rate for all 

observations. 

H2a–H2e: One-Sample Tests for Individual Models 

H0a (RF): μ_RF ≥ μ0    H1a: μ_RF < μ0  

H0b (XGB): μ_XGB ≥ μ0  H1b: μ_XGB < μ0  

H0c (LR): μ_LR ≥ μ0    H1c: μ_LR < μ0  

H0d (SVM): μ_SVM ≥ μ0  H1d: μ_SVM < μ0  

H0e (KNN): μ_KNN ≥ μ0  H1e: μ_KNN < μ0  

Rejecting the null hypothesis shows that the model’s probabilistic predictions per-

form better than a non-informative baseline suitable for an uneven outcome distribution. 

5.3. Hypothesis 3 (H3): Feature Importance Patterns Across Models 

This hypothesis addresses Research Question 3 (RQ3), which examines whether the 

most influential predictors of dementia risk differ across algorithms and if certain behav-

ioral and technological features consistently remain essential. 

H3a: Variation in Feature Importance by Model 

• H0: Feature importance values do not significantly differ across models. 

• H1: At least one model assigns significantly different importance rankings to predic-

tors. 

H3b: Consistency of Key Predictors 

• H0: Behavioral and technological features such as technology use, how often people 

go outside, and the size of social networks are not consistently ranked as the top fea-

tures. 
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• H1: These modifiable predictors consistently appear among the top-ranked features 

across all models. 

Together, these hypotheses examine both the variability of feature importance across 

algorithms (H3a) and the consistency of key dementia-related predictors across models 

(H3b), directly addressing RQ3. 

5.4. Hypothesis 4 (H4): Cross-Model Calibration Differences 

This hypothesis assesses whether probabilistic calibration varies among models by 

using fold-level Brier scores and nonparametric repeated-measures tests. It addresses Re-

search Question 4 (RQ4), which examines whether explainable machine learning models 

can produce reliable, interpretable predictions that support innovative, sustainable 

healthcare strategies. 

• H0: All models provide equally calibrated predictions (no difference in Brier scores). 

• H1: At least one model provides better calibration (lower Brier score). 

Interpretability was further supported by SHAP analysis, which revealed that fea-

tures such as technology use and social engagement consistently influenced predictions 

across models. 

6. Results and Analysis 

6.1. Model Performance Comparison 

This section summarizes the experimental results across the evaluated algorithms. 

As shown in Table 2, XGBoost demonstrated the strongest overall performance across 

both discrimination and metrics robust to uneven class distributions. Although XGB and 

RF achieved the highest classification accuracy (0.881 and 0.878, respectively), accuracy 

alone did not fully reflect the effectiveness of these models under disproportionate out-

come representation. XGB achieved the highest ROC–AUC (0.823) and a competitive F1-

score (0.435), indicating a stronger ability to distinguish dementia cases while maintaining 

balanced precision–recall performance. 

Table 2. Cross-validated performance metrics of ML models (mean ± standard deviation). 

Model 
Accuracy 

(Mean ± SD) 

Mean Exec. Time [ms]  

(Mean ± SD) 

F1 Score 

(Mean ± SD) 

Brier Score 

(Mean ± SD) 

ROC-AUC 

(Mean ± SD) 

KNN 0.689 ± 0.003 56.300 ± 39.161 0.377 ± 0.004 0.228 ± 0.001 0.717 ± 0.004 

LR 0.746 ± 0.006 640.256 ± 95.533 0.448 ± 0.011 0.174 ± 0.002 0.813 ± 0.006 

XGB 0.881 ± 0.004 1291.280 ± 295.747 0.435 ± 0.013 0.094 ± 0.002 0.823 ± 0.005 

RF 0.878 ± 0.004 18,522.245 ± 734.812 0.432 ± 0.013 0.096 ± 0.001 0.818 ± 0.004 

SVM 0.772 ± 0.007 568,935.469 ± 28281.250 0.469 ± 0.010 0.098 ± 0.001 0.817 ± 0.003 

LR and SVM demonstrated moderate accuracy (0.746 and 0.772, respectively) but 

comparatively higher F1-scores (0.448–0.469), suggesting improved sensitivity to demen-

tia cases relative to KNN. In contrast, KNN, despite its computational efficiency, showed 

the weakest performance on imbalance-sensitive metrics, with the lowest F1-score (0.377) 

and ROC–AUC (0.717), reflecting a tendency to favor the majority non-dementia class. 

Overall, these findings highlight the robustness of ensemble-based approaches, particu-

larly XGB, in achieving well-balanced predictive performance across multiple evaluation 

metrics. Figure 3 demonstrates the stability of accuracy, F1 score, Brier score, and ROC 

AUC across the five stratified cross-validation folds. 
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Figure 3. Cross-Validation Performance of ML Models Across 5 Folds. 

Although accuracy is reported for completeness, the model evaluation focused 

mainly on metrics less affected by uneven class proportions, such as the F1 score, ROC 

AUC, and Brier score, since these offer a more reliable measure of predictive performance 

when the outcome distribution is uneven. 

Table 3 presents the results of the Shapiro–Wilk test for assessing the normality of 

feature-importance distributions across five machine-learning algorithms. Several fea-

tures, particularly in the XGB and RF models (hypertension and vascular condition), dis-

play significant deviations from normality (p < 0.05). Because of these violations, paramet-

ric comparisons were considered unsuitable, so nonparametric statistical tests were used 

for cross-model comparisons of feature importance 

Table 3. Shapiro–Wilk test p-values for evaluating the normality of feature-importance scores across 

five machine-learning algorithms. 

Feature KNN LR XGBoost RF SVC 

gender 0.6027 0.0741 0.8271 0.1219 0.0741 

hypertension 0.7098 0.1405 0.0375 0.0186 0.1405 

go_outside 0.9674 0.1695 0.3624 0.0989 0.1695 

census_division 0.2366 0.1890 0.8062 0.6895 0.1890 

nsocialnet 0.8691 0.1925 0.8515 0.4520 0.1925 

social_participation 0.4457 0.1939 0.9125 0.4627 0.1939 

worryfall 0.6260 0.2697 0.0959 0.3814 0.2697 

community_score 0.3098 0.3863 0.4537 0.5803 0.3863 

ethnicity 0.9789 0.4931 0.9682 0.6481 0.4931 
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community 0.5073 0.5394 1.0000 0.3798 0.5394 

vascular_condition 0.0021 0.6532 1.0000 0.9653 0.6532 

overallhealth 0.8100 0.6251 0.4695 0.1164 0.6251 

heart_disease 0.8706 0.6633 0.5750 0.6116 0.6633 

depression 0.3352 0.6321 0.1776 0.9220 0.6321 

Note: Bold values indicate violations of normality assumptions. 

The overall cross-validated performance metrics averaged across folds are summa-

rized in Figure 4. The average cross-validated performance metrics (accuracy, F1 score, 

Brier score, and ROC–AUC) of five ML algorithms. The values reflect the averages re-

ported in Table 2; error bars are left out for clarity. Likewise, XGBoost exhibits higher 

ROC–AUC values than the other classifiers, indicating stronger discrimination perfor-

mance (Figure 4). Beyond overall performance and stability, model discrimination ability 

was further examined using receiver operating characteristic (ROC) curves. Figure 5 pre-

sents the receiver operating characteristic (ROC) curves across a stratified five-fold cross-

validation for five ML models: KNN, LR, SVM, XGBoost, and RF. Each subplot displays 

fold-specific ROC curves and their corresponding AUC values. 

 

Figure 4. Bar chart of performance metrics of ML algorithms. 

   

  

Figure 5. ROC curves illustrating model discrimination across five stratified cross-validation folds 

for five ML algorithms: KNN, LR, SVM, XGBoost, and RF. Each panel shows fold-level ROC curves 
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and corresponding AUC values. The diagonal dotted line represents the reference line correspond-

ing to random classification (AUC = 0.5). 

Across folds, XGBoost consistently achieved the highest ROC–AUC values (0.82–0.85 

per fold), indicating stronger discrimination than LR (0.80–0.81) and KNN (0.75–0.77). The 

ROC curves for XGBoost are closer to the top-left corner, reflecting a more favorable trade-

off between true-positive and false-positive rates. RF showed comparable discrimination, 

with ROC–AUC values slightly below those of XGBoost. In contrast, KNN showed weaker 

discrimination, as reflected by lower ROC–AUC scores and less robustness when class 

proportions were unequal. Logistic Regression showed moderate discrimination but the 

weakest calibration, as indicated by its higher Brier score. SVM achieved relatively good 

discrimination but did not match the ensemble models, despite exhibiting better calibra-

tion than LR. 

The ROC analyses support the tabulated results, indicating that ensemble methods, 

especially XGBoost, provide the strongest discrimination performance, followed closely 

by RF, while linear and distance-based classifiers show more limited performance in this 

dementia prediction task with uneven outcome distribution. To thoroughly compare 

model performance, we conducted statistical tests on the cross-validation results. Since 

performance metrics were obtained from the same cross-validation folds, the observations 

were not independent. Therefore, calibration differences were evaluated using the Fried-

man test (see Section 6.2) 

6.2. Statistical Testing 

Because all algorithms were evaluated using the same stratified five-fold cross-vali-

dation splits, fold-level performance metrics reflect dependent repeated measures rather 

than independent observations. Therefore, parametric tests such as one-way ANOVA, 

which assume independence, were not used. Model performance comparisons are thus 

described with cross-validated summaries of discrimination and calibration metrics 

(ROC–AUC and Brier score), supported by plots showing fold-level variability. When for-

mal hypothesis testing was needed, nonparametric methods suitable for dependent sam-

ples were employed, and the results were interpreted as evidence of consistent cross-val-

idation performance patterns rather than population-level conclusions. 

6.2.1. Model Interpretability 

To understand the drivers of the models’ predictions, we analyzed feature im-

portance using SHAP (Shapley Additive Explanations) and examined the logistic regres-

sion coefficients. Figures 6 and 7 support Hypotheses 1 and 3b, key behavioral and social 

factors, such as technology use, social network size, and frequency of going outside, con-

sistently rank among the most influential predictors across models. These patterns under-

score their importance in predicting dementia risk. The SHAP summary plots in Figures 

6 and 7 highlight the contribution of each feature to individual dementia risk predictions. 

Technology use, frequency of outdoor activity, and social network size consistently rank 

among the top three predictors across models. 
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Figure 6. SHAP summary plot of top features on dementia prediction. 

 

Figure 7. SHAP summary plot of feature contributions to dementia prediction. 

The SHAP violin plots indicate that technology use, frequency of going outside, and 

social network size exhibit the widest distributions, suggesting a strong predictive influ-

ence. Higher values of these features (red points) are associated with negative SHAP val-

ues, indicating lower predicted dementia risk, whereas lower values (blue points) are as-

sociated with higher risk. These patterns closely align with the logistic regression results: 

technology use (OR = 0.47), outdoor activity (OR = 0.66), and social network size (OR = 

0.63) demonstrate significant protective effects (p < 0.001), with confidence intervals re-

ported on the odds ratio scale. In contrast, marital status (OR = 1.13), social participation 

(OR = 1.12), and non-White ethnicity (OR = 1.19) are associated with higher predicted risk, 

likely reflecting contextual or unmeasured confounding factors. Figure 5 shows the aver-

age absolute SHAP values for key features across five models: KNN, LR, XGB, RF, and 

SVM. Technology use consistently emerges as the most influential predictor across mod-

els, with a normalized SHAP value of 1.000. Since technology use was modeled as a binary 

composite indicator, this finding highlights the importance of overall digital engagement 

rather than specific digital activities, supporting H3. 

Figure 8 shows a heatmap of average absolute SHAP values for each feature. Darker 

colors indicate higher importance. The heatmap demonstrates that a core group of fea-

tures, especially technology use, frequency of going outside, and social network size, 
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consistently rank among the top predictors across all models. Technology use is the most 

influential feature in four of the five models (except KNN, where it ranks second after 

frequency of going outside). In contrast, both the frequency of going outside and the size 

of the social network appear among the top three for every algorithm. This agreement 

across models is notable, given the diversity of model types, ranging from LR to nonlinear 

ensemble methods such as XGB and RF. 

 

Figure 8. SHAP features importance heatmap across models. 

6.2.2. Hypothesis 1 (H1): Behavioral/Social Predictors and Dementia Risk 

Table 4 summarizes the results of the multiple logistic regression analyzing the rela-

tionships between behavioral, social, and demographic factors and the onset of dementia. 

The overall model was statistically significant (χ2(20) = 260.58, p < 0.001) and explained 

about 9% of the variance in dementia outcomes (pseudo-R2 = 0.09). Out of the 20 predictors 

included, 12 were statistically significant (p < 0.05). Regular technology use, more frequent 

outdoor activities, and larger social networks were associated with lower odds of demen-

tia (OR < 1), indicating protective effects. Conversely, marital status, racial/ethnic minority 

status, and participation in structured social activities were linked to higher odds of de-

mentia (OR > 1). These findings support H1 by showing that several behavioral and social 

engagement factors are significantly related to dementia risk among older adults. 
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Table 4. Logistic Regression Results: Predictors of Dementia Risk. 

Feature 
Odds Ratio 

(OR) 
95% CI (OR) p-Value 

Tech_use 0.47 (0.45, 0.50) <0.001 

go_outside 0.66 (0.63, 0.68) <0.001 

nsocialnet 0.63 (0.60, 0.66) <0.001 

Ethnicity 1.19 (1.15, 1.23) <0.001 

marital_stat 1.13 (1.08, 1.18) <0.001 

social_participation 1.12 (1.07, 1.16) <0.001 

Gender 0.89 (0.85, 0.93) <0.001 

fallendownyr 0.92 (0.89, 0.95) <0.001 

Stroke 0.95 (0.93, 0.98) 0.001 

hypertension 0.93 (0.89, 0.97) 0.002 

census_division 1.05 (1.01, 1.10) 0.007 

Diabetes 0.95 (0.92, 0.99) 0.013 

overallhealth 0.96 (0.92, 1.00) 0.057 

depression 1.10 (0.98, 1.22) 0.113 

heart_attack 0.98 (0.95, 1.01) 0.177 

Worryfall 1.03 (0.99, 1.06) 0.186 

heart_disease 1.02 (0.98, 1.06) 0.337 

Notes: Odds ratios (OR) and 95% confidence intervals are reported on the same scale for interpret-

ability. OR < 1 indicates a protective association (lower odds of dementia), whereas OR > 1 indicates 

an increased association (higher odds of dementia). Confidence intervals that include 1 indicate non-

significant associations at α = 0.05. Statistically significant results (p < 0.05) are shown in bold. 

6.2.3. Hypothesis 2 (H2): Model Performance vs. Chance 

To assess whether each model’s probabilistic predictions surpassed a meaningful ref-

erence, we compared the mean Brier score of each algorithm against a prevalence-based 

non-informative baseline derived from the observed dementia rate in the study sample. 

Because the outcome is imbalanced (approximately 25% dementia prevalence), this base-

line corresponds to predicting a constant probability equal to the empirical event rate for 

all observations, rather than assuming a balanced outcome. One-sample one-tailed tests 

were performed after evaluating distributional assumptions with the Shapiro–Wilk test; 

when normality was violated, nonparametric tests were used. As shown in Table 5, all 

five ML models (LR, SVM, KNN, RF, and XGB) achieved mean Brier scores significantly 

lower than the prevalence-based baseline (p < 0.001), thereby rejecting the null hypothesis 

for each algorithm. These results demonstrate that all models produced probabilistic pre-

dictions that outperformed a non-informative reference by a considerable margin. 

Table 5. One-sample tests comparing model Brier scores against a prevalence-based baseline de-

rived from the observed dementia rate. 

Algorithm p-Value (μ ≠ μ0) p-Value (μ < μ0) p-Value (μ > μ0) 

KNN 1.037482 × 10−9  5.187412 × 10−10  1.0 

LR 1.503313 × 10−7  7.516564 × 10−8  1.0 

XGB 5.617123 × 10−8  2.808561 × 10−8  1.0 

RF 1.304699 × 10−9  6.523494 × 10−10  1.0 

SVM 2.354709 × 10−10  1.177355 × 10−10  1.0 

Note: μ0 denotes the prevalence-based non-informative baseline Brier score, defined as μ0 = p(1 − p), 

where p is the observed dementia prevalence in the study sample. 
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6.2.4. Hypothesis 3 (H3): Variation and Consistency in Feature Importance 

To examine how different models rank predictive features, we used the Kruskal–

Wallis test on SHAP value distributions across five algorithms (KNN, LR, XGB, RF, and 

SVM). Although SHAP is typically used with tree-based models, SHAP values for logistic 

regression were computed using a linear explainer, enabling consistent comparisons 

across models. As shown in Table 6, the test revealed statistically significant differences 

in feature importance distributions among the algorithms (p < 0.05), indicating variation 

in how models prioritize individual predictors. Since several feature importance distribu-

tions violated normality assumptions, the Kruskal–Wallis test served as a suitable non-

parametric alternative for comparing feature rankings across models. 

Table 6. Kruskal–Wallis Test on Top 20 SHAP Features Across Models (H3). 

Feature p-Value χ2 KNN LR XGB RF SVM 

Tech_use <0.001 ** 17.86 55.0 90.0 40.0 15.0 65.0 

nsocialnet <0.001 ** 17.86 58.0 90.0 15.0 65.0 65.0 

go_outside <0.001 ** 17.86 52.0 90.0 40.0 15.0 65.0 

fallendownyr <0.001 ** 16.21 63.0 81.0 15.0 40.0 74.0 

vascular_condition <0.001 ** 16.46 72.0 74.0 15.0 40.0 84.0 

vascular_count <0.001 ** 16.14 60.0 75.0 40.0 15.0 65.0 

community_score <0.001 ** 16.90 54.0 69.0 15.0 70.0 60.0 

depression_cat 0.005 ** 12.98 64.0 65.0 40.0 15.0 76.0 

depression 0.023 * 9.570 57.0 71.0 19.0 67.0 53.0 

community 0.002 ** 14.95 61.0 59.0 15.0 60.0 70.0 

worryfall 0.007 ** 12.23 59.0 62.0 45.0 61.0 70.0 

smokesnow 0.002 ** 14.73 53.0 46.0 59.0 40.0 55.0 

heart_disease <0.001 ** 16.55 70.0 71.0 15.0 40.0 84.0 

stroke <0.001 ** 17.10 74.0 68.0 40.0 15.0 87.0 

diabetes <0.001 ** 16.42 69.0 72.0 15.0 40.0 83.0 

hypertension <0.001 ** 15.96 71.0 70.0 18.0 37.0 85.0 

heart_attack 0.003 ** 14.18 66.0 43.0 76.0 16.0 75.0 

overallhealth 0.007 ** 12.13 62.0 38.0 52.0 90.0 30.0 

ethnicity <0.001 ** 16.90 68.0 69.0 40.0 15.0 86.0 

marital_stat <0.001 ** 17.58 56.0 66.0 15.0 45.0 69.0 

Note: χ2 values are reported from the Kruskal–Wallis test. * p < 0.05; ** p < 0.01. Rank values reflect 

SHAP feature ranking across models. 

Despite statistically significant differences in feature rankings across models, a core 

set of predictors, particularly technology use, social network size, and frequency of out-

door activity, consistently appears among the top features in at least some algorithms. 

This pattern confirms H3a by illustrating variability in feature importance across model-

ing methods and supports H3b by demonstrating that key behavioral and social predic-

tors remain substantively relevant despite methodological differences. Collectively, these 

findings improve the interpretability and practical relevance of the proposed multi-model 

framework for dementia risk prediction. 

6.2.5. Hypothesis 4 (H4): Differences in Predictive Performance 

To evaluate H4, we examined whether probabilistic calibration varied across models 

using fold-level Brier scores obtained from stratified cross-validation. Since performance 

estimates were derived from the same folds, dependence among observations was ad-

dressed with the Friedman test for related samples. The test showed a statistically signif-

icant overall difference in calibration performance among the five models (χ2(4) = 20.00, p 
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< 0.001), indicating systematic differences in Brier score rankings across cross-validation 

folds. Descriptively, ensemble models (XGBoost and RF) and SVM consistently achieved 

lower Brier scores than LR and KNN across all folds, indicating better calibration. Alt-

hough post hoc Wilcoxon signed-rank tests did not remain statistically significant after 

Holm correction, likely due to the limited number of folds (n = 5), the significant global 

test, consistent ranking pattern, and large effect size together support a stable and robust 

ordering of model calibration performance across cross-validation folds. These findings 

support H4. 

7. Discussion 

7.1. Behavioral, Social, and Technology-Related Factors Associated with Dementia 

The logistic regression analysis indicates that behavioral and social engagement fac-

tors are significantly associated with dementia status, although the model’s overall ex-

planatory power remains modest (pseudo-R2 = 0.09). Regular technology use, more fre-

quent outdoor activities, and larger social networks were indicating that engagement-re-

lated behaviors are crucial for preserving cognitive health. Several predictors did not 

reach statistical significance, which may partly result from collinearity among correlated 

lifestyle and health variables, as discussed in the Methods, as well as the complex, multi-

factorial nature of dementia [38]. These findings align with evidence from large-scale 

meta-analyses and cohort studies. Digital engagement via computers, smartphones, and 

the internet has been associated with a significantly lower risk of cognitive decline, sup-

porting the technological reserve hypothesis, which posits that cognitively stimulating ac-

tivities enhance resilience to neurodegeneration [55]. Similarly, ongoing social engage-

ment and robust social networks have been shown to reduce dementia risk by strength-

ening cognitive reserve and buffering psychosocial stress [56]. 

Together, the regression results and prior research suggest that modifiable behav-

ioral and social factors influence dementia risk in later life. Although individual effect 

sizes are moderate, their combined public health impact is significant, emphasizing the 

importance of policies and interventions that foster digital inclusion, social participation, 

and community engagement among older adults. 

7.2. Comparative Performance of ML Models 

These findings demonstrate how AI techniques, particularly ensemble learning 

methods, can capture complex nonlinear behavioral patterns that traditional statistical 

models may overlook in population-level dementia risk assessment. A comparison of five 

ML algorithms revealed meaningful differences in their predictive performance using be-

havioral and social indicators. XGBoost achieved the strongest overall performance, with 

the lowest Brier score and highest ROC–AUC, while SVM attained the highest F1 score, 

indicating improved sensitivity to dementia cases. These differences were evaluated using 

cross-validated calibration and discrimination metrics, with nonparametric tests applied 

when appropriate for dependent samples. The strong performance of XGB and RF aligns 

with prior research indicating that tree-based ensemble methods effectively capture non-

linear relationships and higher-order interactions commonly observed in behavioral 

health data [57]. In contrast, LR and SVM demonstrate weaker calibration and lower sen-

sitivity, reflecting known limitations of linear and margin-based classifiers when model-

ing complex, non-linear risk patterns [57]. Although KNN achieves relatively high accu-

racy, its low F1 score indicates limited effectiveness in detecting dementia cases, under-

scoring the need to evaluate multiple performance metrics in imbalanced classification 

settings. Overall, these findings suggest that ensemble models, particularly XGB, are 
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better suited for dementia risk prediction in community-dwelling populations, offering a 

good balance among accuracy, calibration, and interpretability. 

7.3. Key Predictors of Cognitive Decline Across Models 

Feature-importance analyses across all five machine-learning models reveal both var-

iability and convergence in the relevance of predictors. While the magnitude of feature 

contributions varies across algorithms, several variables consistently emerge as influential 

across models. Technology use, frequency of outdoor activity, and social network size are 

among the top predictors in nearly all models, as evidenced by SHAP summary plots and 

feature-importance heatmaps. 

Demographic factors such as age and education also demonstrate stable importance 

across models, consistent with epidemiological evidence identifying age as the primary 

non-modifiable dementia risk factor and education as a marker of cognitive reserve 

[46,47]. Rather than reporting associations from a single modeling approach, this study 

demonstrates that behavioral and social predictors consistently retain their influence 

across different ML algorithms [58]. Overall, the consistency of key behavioral and social 

variables across different modeling approaches shows that these variables reliably indi-

cate cognitive decline. Using explainable ML techniques further allows transparent inter-

pretation of these relationships, supporting early risk detection and targeted interventions 

to promote healthy cognitive development and aging [59–62]. 

7.4. Implications for Interpretable and Actionable Dementia Risk Assessment 

This study demonstrates how AI, in combination with interpretable ML techniques, 

can integrate behavioral, social, and technological factors into scalable, transparent tools 

for assessing dementia risk. The consistent identification of modifiable predictors, espe-

cially technology use, outdoor activity, and social network size across both LR and SHAP-

based analysis, highlights the ability of explainable AI to go beyond prediction and offer 

actionable insights for dementia risk assessment [63]. By offering clear explanations of 

how specific behaviors affect individual risk estimates, these models can guide targeted 

interventions and personalized risk communication. 

From a public health and clinical perspective, using interpretable models such as 

XGB and RF enables scalable risk stratification while preserving transparency and trust in 

algorithms’ decision-making [64]. These methods are beneficial for early screening and 

prevention, in which non-clinical, survey-based data often serve as the primary source for 

large-scale population studies. Therefore, combining explainable ML with population-

level aging data enables the development of decision-support tools that are accurate, un-

derstandable, and actionable, aligning with current research priorities in digital health 

and cognitively relevant predictive modeling [65,66]. 

7.5. Limitations and Future Research 

This study has several limitations that should be kept in mind when interpreting the 

results. First, the analysis mainly relies on self-reported survey data from NHATS, which 

may be affected by recall bias, reporting inaccuracies, and social desirability effects, espe-

cially for behavioral and technology-use variables. Although NHATS employs validated 

instruments and rigorous data-collection protocols, measurement error cannot be fully 

eliminated. Similar limitations are common in large population-based aging surveys that 

depend on self-reported measures of social engagement and digital behavior [67,68]. Sec-

ond, although dementia onset was tracked over time, several predictors were measured 

only at a single point or at infrequent intervals. This limits the ability to determine the 

order of changes in behavioral factors and dementia risk, so causal inferences should be 

avoided. The reported associations should be viewed as predictive rather than causal. 
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Third, although interpretable ensemble models like XGBoost and RF showed strong 

predictive performance, results might vary with different feature engineering strategies 

or hyperparameter settings not tested in this study [63,64,69,70]. In addition, class imbal-

ance and potential underdiagnosis of dementia in survey-based data may affect model 

generalizability, particularly for underrepresented or vulnerable subpopulations [71]. 

Fourth, the LR part of the analysis may be affected by collinearity among correlated health 

indicators, as explained in the Methods. To address this issue, regression coefficients were 

carefully interpreted, and the main conclusions were based on cross-validated ML perfor-

mance and SHAP-based explainability, which are less affected by multicollinearity. 

Finally, although the models showed stable performance during stratified cross-val-

idation, external validation with independent cohorts was not performed. As a result, the 

applicability of the findings beyond the NHATS sampling frame, including non-U.S. pop-

ulations and institutionalized older adults, still needs to be confirmed. 

Future research could build on this work by exploring how dementia risk prediction 

models perform as behavioral patterns and risk profiles change over time with additional 

longitudinal data. Recent work in AI, particularly continual and lifelong learning, demon-

strates how adaptive model-updating strategies can address concept drift in evolving, 

safety-critical systems, offering a promising direction for future dementia risk prediction 

research [72]. 

These investigations were beyond the scope of the current study, which aimed to 

establish a transparent and well-calibrated baseline framework for dementia risk predic-

tion using population-based survey data [73–75]. 

8. Conclusions 

This study demonstrates that AI–enabled, interpretable ML models can forecast de-

mentia risk using non-clinical, population-based data from NHATS. By combining behav-

ioral, social, and technological variables with demographic and health indicators, the pro-

posed framework provides a transparent, reproducible method for predicting dementia 

risk among community-dwelling older adults. 

Among the evaluated algorithms, ensemble methods, especially XGBoost, showed 

the strongest overall performance by balancing discrimination, calibration, and robust-

ness to class imbalance. Cross-validation confirmed that all models significantly outper-

formed a prevalence-based non-informative baseline, while nonparametric repeated-

measures testing revealed statistically significant differences in calibration across models. 

Importantly, SHAP-based explainability analyses demonstrated stable and interpretable 

patterns of feature importance across algorithms, with technology use, outdoor activity, 

and social network size consistently identified as key predictors. 

Instead of emphasizing clinical deployment or system-level impact, this study ad-

vances methodology by demonstrating how calibration-aware evaluation and cross-

model explainability can be applied to longitudinal population health data. The results 

highlight the potential of interpretable ML to support transparent risk stratification and 

hypothesis generation in dementia research, while also stressing the importance of vali-

dating these models in independent cohorts and real-world settings. 
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