
Received: 4 December 2024 Revised: 17 January 2025 Accepted: 17 January 2025

DOI: 10.1002/alz.14624

R E S E A RCH ART I C L E

A systematic exposure-wide framework leveragingmachine
learning to identifymultidomain exposure factors and their
joint influence on cognitive function: Evidence from a
neurological cohort

JingtaoWu1,2,3 Bowen Yin4 RuiWen4 Huanting Pei4 Siqi Zhu4

Jiaxin Zhao1,2 Yanbing Li1,2 Ming Yang1,2,3 YaoyuHu1,2,3 Qun Xu1,2,3

Ang Li1,2 YuxiaMa4

1Department of Epidemiology and Biostatistics, Institute of BasicMedical Sciences Chinese Academy ofMedical Sciences, School of BasicMedicine Peking Union

Medical College, Beijing, China

2Center of Environmental and Health Sciences, Chinese Academy ofMedical Sciences, Peking UnionMedical College, Beijing, China

3Medical Center for Rare Diseases, Peking UnionMedical College Hospital, Chinese Academy ofMedical Sciences, Beijing, China

4Department of Nutrition and FoodHygiene, School of Public Health, HebeiMedical University, Hebei Key Laboratory of Environment andHumanHealth,

Shijiazhuang, China

Correspondence

YuxiaMa, Department of Nutrition and Food

Hygiene, School of Public Health, Hebei

Medical University, Hebei Key Laboratory of

Environment andHumanHealth, Shijiazhuang

050017, China.

Email: mayuxia@hebmu.edu.cn

Ang Li, Department of Epidemiology and

Biostatistics, Institute of BasicMedical

Sciences Chinese Academy ofMedical

Sciences, School of BasicMedicine Peking

UnionMedical College, Beijing 100005, China.

Email: pumcleon@ibms.pumc.edu.cn

Funding information

National Key R&DProgram of China, Precision

Medicine Project–Cohort Study onNervous

SystemDiseases, Grant/Award Number:

2017YFC0907700; Community-based Cohort

Study onNervous SystemDiseases,

Grant/Award Number: 2017YFC0907701;

Noncommunicable Chronic Diseases-National

Science and TechnologyMajor Project,

Grant/Award Number: 2023ZD0513200

Abstract

INTRODUCTION: Cognitive decline has become a growing public concern, yet large-

scale exposure data identifying the contributing factors remain limited.

METHODS:We conducted an exposure-wide association study involving 1142 partic-

ipants and 207 exposures, using machine learning to assess the relative contribution

and joint effects of key factors. Cluster analysis and intervention simulation tri-

als helped identify high-risk subpopulations and the potential benefits of targeted

interventions.

RESULTS: In adjusted mixed models, the socioeconomic status domain emerged as

the strongest predictor of longitudinal global cognitive score (β = 2.91, p < 0.0001,

q < 0.0001), while the dietary domain also played an important role in memory func-

tion. The cluster analysis found that the “unfavorable lifestyle” dominated phenotype

was associated with the poorest cognitive outcomes. Simulation trials indicated that

cognitive scores could improve by shifting individuals from unfavorable to favorable

phenotypes.

DISCUSSION:Cognitive health requiresmultidomain interventions, particularly in the

socioeconomic and dietary fields, and necessitates collaboration between government

and individuals.
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Highlights

∙ The exposure-wide association study design, which assesses a broad range of expo-

sures, is used to identify novel variables and understand their contributions to

cognitive function.

∙ The findings from themultidomain analysis indicate that socioeconomic status is the

most significant contributor to global cognitive function, while diet plays the largest

role in memory function.

∙ Increasing the proportion of favorable phenotypes through multidomain interven-

tions can significantly enhance public cognitive health.

1 BACKGROUND

With populations aging and life expectancy rising, cognitive decline has

become a growing public concern, affecting patients’ quality of life.1

Neurodegenerative diseases associated with aging have emerged as

leading causes of death and disability.2 Previous studies have found

60 years of chronological age to be a specific period of significant

change for age-related diseases, emphasizing the need to promote

early diagnosis and prevention strategies.3 Therefore, focused efforts

to 1 prevent and mitigate cognitive decline among people in early old

age (60-70 years) are crucial, as this group is particularly vulnerable to

age-related changes. Although effective therapies for dementia have

recently been approved,4 the concerns about efficacy and safety5,6

are still debated. Meanwhile, as factors that influence cognition are

increasingly discovered, cognitive impairment can be stabilized or even

improved through positive lifestyle interventions.7,8 Therefore, devel-

oping favorable lifestyle patterns is still the preferred way to maintain

cognitive function and alleviate cognitive decline.

In real-life scenarios, the human body is simultaneously exposed

to multiple factors, and the concept of the exposome was proposed

to emphasize systematically exploring complex and heterogeneous

exposure–health associations.9 Given that cognitive decline is influ-

enced by multifactorial exposures, health multidomain interventions

are recommended.10 But knowledge of multidomain strategies that

could mitigate cognitive function remain relatively limited. Current

studies focus mainly on validating a limited set of hypothesized

modifiable factors for cognition function, such as sleep duration.11

Without broader investigation, additional factors may be overlooked

or unknown. Investigating a wide range of factors could help confirm

existing relationships and identify potentially novel prevention tar-

gets. Systematically identifying multiple factors across multidomain is

of great importance but its application in cognitive function research

remains limited.

A growing body of evidence has identified various modifiable risk

factors for cognitive health, necessitating a deeper understanding of

their relative and overall contribution and joint effects. Meanwhile,

data-driven methods like machine learning (ML) have been proposed

to objectively identify novel variables and reveal how these vari-

ables contribute to the development of health outcomes.12 Compared

to conventional statistical methods, ML algorithms are better suited

for processing high-dimensional datasets and identifying distinctive

factors associated with cognitive impairment that were previously

difficult to quantify.13 This knowledge can help guide targeted inter-

ventions based on key factors, especially when health care resources

are limited.

In addition, as understanding of cognitive intervention strategies

continues to deepen, it is important to focus the application of these

strategies on individuals at the highest risk or those likely to ben-

efit the most from the intervention. Thus, there is an urgent need

to determine high-risk subpopulations for cognitive impairment. Dif-

ferential characteristics of exposure patterns enable us to effectively

target these vulnerable populations. However, the knowledge of these

strategies has not yet been fully applied to the evaluation of cognitive

interventions.

An exposure-wide association study (EWAS), similar to genome-

or epigenome-wide association studies, has been proposed as a

hypothesis-free strategy for investigating the association between

multiple exposures and specific health outcomes. In previous EWAS

research, over 100 exposure variables have been used to create a

detailed profile of all possible factors that could contribute to health

outcomes, such as depression,14 which provided a more comprehen-

sive and novel understanding of disease etiology. On the other hand,

to strengthen conclusions about which high-risk subpopulations may

be high-priority intervention targets, an alternative unsupervised ML

approach can be used to identify groups of individuals sharing specific

exposure-factor profiles. Moreover, we extend the Monte Carlo simu-

lation approach to evaluate the improvement of cognitive functioning,

assuming that exposure patterns were intervened.

In this study, utilizing data from the Community Cohort Study of

Nervous System Diseases (CCSNSD), we conducted an EWAS design

to comprehensively identify variables influencing cognitive function.

Then, by taking advantage of the ML algorithms, we assessed both the
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individual and joint contributions of the exposure domain to longitudi-

nal changes in cognitive function. Finally, we quantified the potential

population-level cognitive benefits of multidomain interventions using

Monte Carlo simulations.

2 METHODS

2.1 Study design and population

This study analyzed the data fromCCSNSD, conducted by theNational

Institute for Nutrition and Health, Chinese Center for Disease Control

and Prevention. The research aimed to identify potential risk factors

for three nervous system diseases: epilepsy in individuals >1 year,

as well as Alzheimer’s disease (AD) and Parkinson’s disease (PD) in

individuals 55 years of age or older. Participants without these dis-

easeswere enrolled at baseline in 2018, through amultistage stratified

random-sampling approach in theHebei, Zhejiang, Shaanxi, andHunan

provinces of China. In this study, available data were acquired from

4855 participants recruited in Hebei Province. Two cities and two

counties within the province were selected randomly for sampling.

Individuals 55 years of age or older and those without nervous system

diseases (epilepsy,AD, andPD)were included, and theparticipantswho

lacked an assessment of cognitive function assessment were excluded

(Figure 1). Finally, 1142 participants were collected at baseline, with

1083 (94.8%) completing follow-up between 2020 and 2021. All par-

ticipants provided written informed consent and the study received

approval from the Ethics Review Committee of the National Insti-

tute for Nutrition and Health, Chinese Center for Disease Control and

Prevention (No. 2017-020).

2.2 Exposure assessment

This exposure information, including socioeconomic status (SES),

demographic factors (DM), diet, activities of daily living (ADLs), medi-

cal history, physical activities, and psychosocial factors, was collected

by trained investigators.

2.2.1 SES domain

SES data were collected through a questionnaire designed by the

research team,which included informationoneducational level, house-

hold income, living region (rural/urban), employment status, and job

type.

2.2.2 DM domain

Demographic information such as sex (male/female), age (years), smok-

ing status, drinking status, average sleep duration, and height, weight,

and body mass index (BMI) was collected by trained investigators.

RESEARCH INCONTEXT

1. Systematic review: Previous studies have focusedmainly

on the effects of a limited number of factors on cognitive

function. Recent research, however, suggests that mul-

tidimensional lifestyle interventions may better reflect

real-world conditions. Despite this, there is a lack of

large-scale exposure data to systematically identify the

contributing factors and quantify their relative contribu-

tions.

2. Interpretation: Multiple exposure domains were associ-

ated significantly with cognitive function, with socioeco-

nomic status and diet emerging as the most significant

contributors. The “unfavorable lifestyle” phenotype was

linked to the poorest cognitive outcomes, whereas pre-

cise interventions targeting this group showed potential

for improving cognitive health.

3. Future directions: More attention should be placed

on multidomain and precise interventions for individu-

als with an “unfavorable lifestyle.” Further research is

needed to validate these findings and assess the benefits

after the application of the intervention.

Age was determined by subtracting the birth date from the survey

date. Average sleep duration was categorized as short (<6 h), opti-

mal (6–8 h), or long (>8 h) based on established evidence.15 Height

was measured using a stadiometer (Seca, Germany) with a precision

of 0.1 cm, and participants were asked to remove their shoes. Weight

was recorded using an electronic scale with a precision of 0.1 kg,

and participants were asked to remove their shoes and to minimize

clothing. Hip and waist measurements were taken using an inelastic

measuring tape with a precision of 0.1 cm. BMI was calculated by

dividing body weight in kilograms by height in meters squared (kg/m2)

and was categorized into four groups: underweight (<18.5 kg/m2),

normal (18.5–23.9 kg/m2), overweight (24.0–27.9 kg/m2), and obese

(≥28.0 kg/m2), based on Chinese adult criteria.16 All physiological

measurementsweremeasuredbya trained investigator in aquiet,well-

ventilated room with a controlled, consistent temperature, following

standardized procedures.

2.2.3 Diet domain

Dietary information was assessed using a validated semiquantitative

food frequency questionnaire covering 65 food items (Table S1).17

Participants were asked about their dietary habits over the previous

12 months, including the frequency and amount of each food item

consumed. Previous studies18,19 have highlighted the importance of

dietary components as factors in the onset of dementia and cognitive

decline. The diet components included nine healthy food groups
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Participants inclusion

 4855 CCSNSD participants with 
available data

Exclusion criteria (n= 3713) 
individuals who were diagnosed with nervous system diseases; 
individuals who were younger than 55 years; individuals who were 
not completed the neuropsychological assessment. 

 1142 remaining participants

Variables selection

 Remove variables with only one level 
207 variables

XGBoost and SHAP analysis 
To identify the potential influence and importance of variables; 
To confirm the consistent and performance of models. 

LASSO  
To ensure the simplicity of the model and minimized the 
overfitting; 
To identify significant variables and further divided into seven 
domains. 

Weighted standardized domain scores were 
constructed

Individual and joint contribution

 1083 participants follow-up 

36 variables identified

Longitudinal data  
To validate domain scores developed in baseline data; 

To assess the longitudinal association; 
To assess the population cognitive benefits. 

K-means clustering analysis  
To identify phenotypes with similar domain characteristics; 
To assess the joint contribution of domains. 

Linear mixed effects models Monte Carlo simulation 

F IGURE 1 Overview of analytic design.



WU ET AL. 5 of 17

(green leafy vegetables, other vegetables, nuts, berries, beans, whole

grains, seafood, poultry, and wine) and three unhealthy food groups

(red meats, pastries and sweets, and fried and fast foods). These

categories were scored according to theMIND (Mediterranean-DASH

Intervention for Neurodegenerative Delay) Diet, which combines

elements from the DASH (Dietary Approaches to Stop Hyperten-

sion) and Mediterranean diets, adjusted to include foods linked

to a slower rate of cognitive decline.18,20 Fruit and dairy scores,

not included in the MIND Diet, were assessed using DASH Diet

criteria.21

2.2.4 ADL domain

ADLs were measured using the Activities of Daily Living scale devel-

oped by Elena Yu and William Liu at the University of Illinois at

Chicago.22,23 This scale consists of 20 items, including eight compo-

nents of basic activities of daily living (BADLs) and 12 instrumental

activities of daily living (IADLs), scored from 1 to 4, with higher scores

indicating worse ability (1 = can do it myself, 2 = have some difficulty

doing but can still do it by myself, 3 = need help to do it, 4 = cannot

do it at all). The Chinese version of the Activities of Daily Living scale

has been verified and recommended for older Chinese people.24 The

20 individual ADL items as separate variables were included in further

analyses.

2.2.5 Medical history domain

Detailed medical history, including information on diseases or predis-

posing factors for three nervous system diseases (epilepsy, AD, and

PD) and other comorbidities (such as hypertension, diabetes, cardio-

vascular disease, cancer, and chronic respiratory disease)was collected

according to China’s diagnosis and treatment guidelines.25 These dis-

eases were defined based on information from self-reported physician

diagnoses or data linkage to the disease registry.

2.2.6 Physical activities domain

Physical activities were measured using the China Health and Nutri-

tion Survey (CHNS) questionnaire, reported previously in other

studies.26,27 Participants reported the average time spent each day on

activities such as physical exercise, sedentary behavior, domesticwork,

and commuting.

2.2.7 Psychosocial domain

Psychosocial factors were evaluated using the Geriatric Depression

Scale (GDS-30), which consisted of 30 items28 and has been validated

in a large Chinese aging population.29

2.3 Cognitive outcomes

Global cognitive function was assessed using the Chinese versions

of the Mini-Mental State Examination (MMSE) and the Montreal

Cognitive Assessment (MoCA). Both instruments are valid and reli-

able for Chinese populations, considering cultural and linguistic

differences.30,31 The MMSE and MoCA were administered face-to-

face by trained investigators, with completion times of 5–10 min and

10–15 min, respectively. Each instrument has a total score range of 0

to 30, with higher scores indicating better cognitive function.

In addition, memory functionwasmeasured using theWorld Health

Organization/University of California Los Angeles Auditory Verbal

Learning Test (AVLT),32 which assesses both immediate recall and long-

delay free recall. During the test, a list of 15 nouns is read aloud by

the examiner, and the participant is asked to recall the words imme-

diately. After three learning and recall trials, a delayed recall test is

administered ≈30 min later without any reminders. Consistent with

the previous study,33,34 the memory status was determined by stan-

dard z-scores for the AVLT scores, which were calculated based on the

respectivemean and SDof test scores. The composite z-score formem-

ory function was constructed by averaging the z-scores for each test in

the AVLT.

These cognitive outcomes were assessed at the baseline period and

further measured during the follow-up period to capture cognitive

changes. As MoCA offers better sensitivity and broader assessment

across cognitive domains,35 theMoCAwas chosen as the primary out-

come for EWAS analysis, whereas MMSE and AVLT scores were also

applied to confirm the robustness of results.

2.4 Quality assurance and control

To minimize recall bias and subjective inaccuracies, we established a

comprehensive quality control process throughout the study. During

the questionnaire development phase, to enhance the accuracy of the

survey, standardized scales (Activities of Daily Living scale and GDS-

30) were used to assess ADLs and psychological factors. For dietary

assessments, to avoid inaccuracies in estimating intake, we prepared

food models to help participants precisely measure their food con-

sumption. In addition, before surveys, participants were informed to

bring their medical records to assist in verifying their personal med-

ication and disease history. We aimed to ensure the accuracy of our

study by using tools and records that were as objective as possible.

Furthermore, standard operating procedures (SOPs) were applied for

information collection and cognitive measurements. Before the begin-

ning of the survey, all investigators received standardized investigation

training. A minimum of six investigators were required to participate

at each survey site, and changes of investigators midway through the

process were avoided to the extent possible. The sampled partici-

pants were notified in advance and asked to make reasonable agenda

arrangements to participate in the survey. During the survey, investiga-

torswere asked toquestion theparticipantsmeticulously and carefully,
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especially in the cognitive measurement section, which was required

to be conducted in strict accordance with the guidelines formulated

by the project team. After the survey was completed, data verification

teams were set up at local survey sites and at the provincial level to

ensure the completeness and accuracy of the data. Overall, thesemea-

sures were favorable for maintaining a relatively low rate of missing

data (the overall rate<3%).

2.5 Statistical analyses

To analyze the relative effects of all available exposures, variables

with more than one level were included in the analysis. Data on the

remaining 207 exposure factors, measured or derived at baseline,

were then collected (Table S2). Unordered categorical variables (e.g.,

sleep duration: short, optimal, long) were dummy-coded into dichoto-

mous variables (sleep duration/optimal, sleep duration/long), whereas

ordinal variables with a logical order (e.g., household income: <1000,

1000–3999, 4000–7999, ≥8000 CNY/moth) were treated as continu-

ous variables. Baseline characteristics of the cohort were summarized

as percentages for categorical variables, and as means (SDs) andmedi-

ans (interquartile ranges [IQRs]) for continuous variables. Data were

assumed to be missing at random and were imputed using multiple

imputation by chained equations, with 5 imputed datasets and 10

iterations. A predictive mean matching model was specified for each

variable, and final missing values were imputed using the mode for

categorical features and the mean for numerical features.36,37 To deal

with multiple testing issues, the false discovery rate (FDR) procedure

was applied to calculate pFDR value (q value), with significance set to

α= 0.05 (two-sided). Analyses were performed using R version 4.1.2.

2.6 Exposure factor identification and domain
construction

2.6.1 ML analysis to identify the contribution of
exposure factors on global cognitive function

To identify potential factors influencing baseline cognitive scores, we

predicted MoCA scores using gradient-boosting decision trees based

on the extreme Gradient Boosting (XGBoost) algorithm.38 XGBoost

was an ensemble ML algorithm with a gradient-boosting framework

and showed superior performance compared to other ML models

in terms of neurological disease.39 The XGBoost models were opti-

mized through fivefold cross-validation and evaluated using rootmean

square error (RMSE) to predict MoCA levels in the left-out group

(model construction details are reported in Supplementary Methods).

In In addition,we calculated the explained variance (EV) values for each

exposure domain separately to estimate their relative contributions to

cognitive function. To address the challenge of interpreting ML mod-

els, SHapley Additive exPlanation (SHAP) analysis was used to rank

the importanceof input features andovercome the “black-box” issue.40

SHAP values were used to interpret our XGBoost and objectively eval-

uate the factors influencing MoCA scores in participants (more details

are included in SupplementaryMethods).

2.6.2 Protective cognitive exposure score
construction for each domain

Least absolute shrinkage and selection operator (LASSO) has been

usedwidely for simultaneous estimation and consistent variable selec-

tion in field of cognitive outcomes.41 In our study, LASSO regression

was used to ensure model simplicity and minimize overfitting during

training. LASSO, proposed by Tibshirani,42 shrinks the coefficients of

variables considered unimportant to zero. To select the optimal hyper-

parameter λ for the LASSO regression model, we employed the glmnet

package in R. Specifically, we used the cv.glmnet function to perform

10-fold cross-validation. We set the regularization of LASSO regres-

sion as 1 standard error to achieve the most concise model.43 In this

process, 207 variables were included in LASSO model, and variables

with coefficients reduced to zero were removed from further analy-

sis. The variables selected were further divided into seven domains:

SES, DM, diet, ADLs, medical history, physical activities, and psychoso-

cial factors. Protective cognitive exposure scores for eachdomainwere

generated based on the β coefficients of each standardized variable in
the LASSO models.44 The standardized variables were multiplied by

the β coefficients, summed, anddividedby the sumof the β coefficients.
Higher protective cognitive exposure domain scores indicated higher

MoCA scores. We then assessed the association of each domain score

with MoCA scores in the baseline population using linear regression

models. To further validate the consistency and performance of the

LASSOmodel, we recalculated theRMSEandEVof theXGBoostmodel

using the selected variables (concise model) and compared the perfor-

mance with the original XGBoost model using all available variables

(full model).

2.7 The association of exposure domains and
longitudinal cognitive change

2.7.1 Individual domain contribution

After the exposure domains were identified based on train data dur-

ing the baseline period, the longitudinal cognitive change was further

evaluated to validate the above findings. The longitudinal association

between different domain scores and cognitive function was analyzed

using linearmixed-effects models, which incorporated survey time and

a random intercept at the individual level to examine the relation-

ships between each domain and MoCA scores. As random intercept

was included, effect sizes from the linear mixed model indicated each

domain’s impact on cognitive function, with positive values showing

improvement and negative values indicating decline, adjusted for indi-

vidual variability. Moreover, alternative measures of global cognition

(MMSE) and memory function (composite z-score of the AVLT) were

also evaluated using the same linear mixed-effects models.
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2.7.2 Phenotypic clustering for joint contribution

To identify clusters of participants with similar multidomain charac-

teristics and further find the high-risk subpopulation, we performed

an unsupervised k-means clustering analysis on the longitudinal data

(n = 1083) to identify distinct exposure phenotypes. The number of

clusters (k)wasprespecifiedusing theelbowmethodand the silhouette

method, which compare measures of cluster cohesion and separation

for different choices of k.45 Once the optimal number of phenotypes

was determined, patterns of exposure variables were visualized in

ranked plots by the mean standardized difference between pheno-

type pairs,46 and domain scores were visualized using radar charts

for each phenotype. The longitudinal associations between different

phenotypes and cognitive outcomes were also assessed using linear

mixed-effects models adjusted to the same covariates as individual

domain analyses.

2.7.3 Monte Carlo simulation for population
cognitive benefits

To better understand the implications of phenotypes for public cogni-

tive health and policy programs, we conducted Monte Carlo simula-

tions to generate a series of phenotype scenarios. Under each scenario,

we simulated the same sample size population (1083 participants for

10,000 iterations) and ensured that the proportion of phenotypes in

the baseline population remained consist with the original data. Next,

for each scenario, we assumed that the public and policy interventions

on phenotypes occurred by increasing the proportion of participants

in specific phenotypes during the follow-up period and decreasing the

proportion of participants in other phenotypes to compensate. In each

simulated population, cognitive changes were estimated according to

the effects calculated in the original cohort and phenotypes. Based on

this assignment, the difference in cognitive scores between the original

cohort and simulated intervention scenarios was analyzed using the t-

test or Wilcoxon test according to data distribution. For a given trial,

if the test was not significant at the 0.05 level, we concluded no ben-

efit from the intervention. However, if the p-value was significant at

the .05 level, the superiority or inferioritywas determined by the direc-

tion of the cognitive scores. The differences in cognitive scores were

calculated based on an average of 10,000 simulations.46 This approach

explored the heterogeneity of cognitive effects based on the frequency

distributions of these phenotypes.We assessed how population cogni-

tive health could change with alterations in the relative distribution of

the identified phenotypes.

2.8 Sensitivity analyses

We conducted several additional sensitivity analyses to evaluate the

robustness of our findings. First, to further investigate the interac-

tion effects between multidomain factors on longitudinal cognitive

change, interaction terms between each pair of domains were added

individually to the original linear mixed-effects models to assess

their statistical significance. Significant interaction terms were then

included together in a model. The final model incorporated all statis-

tically significant interaction terms to evaluate the interaction effects

of multiple domains on longitudinal cognitive change. Second, another

method for handling missing data was applied. Participants at base-

line with missing data for key variables (36 variables used to calculate

exposure domain scores) were excluded, and a new dataset was con-

structed. This updated dataset was used to reassess the association

between exposure domains and longitudinal cognitive changes. The

simulation trialswere then reanalyzed to confirm the robustness of the

findings.

3 RESULTS

3.1 Participants characteristics

The mean age of the participants was 67.3 years (SD 7.27 years), and

85.46% completed high school or a lower level of education; 72.76% of

the participants lived in a rural region, and over half of them (59.11%)

had household incomes between 1000 and 3999 Chinese yuan per

month. Table S3 shows the detailed characteristics of the exposure

variables (36 variables selected in LASSO).

3.2 Identification of individual variables affecting
global cognitive function

To better understand and identify which variables (Table S2) affect

global cognitive function the most, we used XGBoost models (full

model) and assessed the influence of how individual variables drive

MoCA-predicting models using SHAP analysis. The variables were

ranked by importance, and SHAP values were shown for the top 40

features. The SHAP summary dot plot (Figure S1) highlights the contri-

bution of various factors toMoCA scores based onmean SHAP values.

Variables related to SES—including educational level, living region, and

household income—were found to have the greatest effect on MoCA

scores. Next, ADL-related variables such as difficulty in managing

transportation, heavy housekeeping, and using the telephone, also had

a strong impact. Meanwhile, other domains also affected this model

outcome, includingDMs (e.g., age), dietary factors (e.g., green leafy veg-

etables), medical history (e.g., number of bowel movements per day),

physical activities (e.g., sedentary activity/watch the e-video), and psy-

chosocial factors (e.g., enjoyment of life last week/yes). In addition, the

SHAP summary dot plot also visually represented the direction of each

variable’s influence onMoCA scores, such as higher educational attain-

ment, living in an urban area, no difficulty in managing transport, and

higher household income appeared to increaseMoCA scores.

To reduce model complexity and dependency on multiple variables,

we also constructed LASSO models to predict MoCA scores using all

available variables. Of 207 risk factors, 36 were significantly associ-

ated with global cognitive function (Table S4 and Figure S2). Of these,

25 factors were detrimental to cognitive scores, whereas 11were pro-

tective. Among the top factors, fivewere beneficial to cognitive scores:



8 of 17 WU ET AL.

F IGURE 2 Contribution rank of variables and domain components. (A) SHAP summary dot plot illustrates the impact onmodel output (SHAP
values) for the whole population during the baseline period (N= 1142). TheMoCA scores increase with the SHAP values of the features. Each dot
represents a participant’s SHAP value for a specific variable, with colors indicating the actual variable values: higher values are shown in purple,
and lower values in orange. Dots are stacked vertically to reflect density. The figure displays SHAP values for concise model. (B) Explained variance
of predictedMoCA scores was determined by XGBoost algorithms after fivefold cross-validation in the left-out group. These were trained
exclusively on variables from each domain component (see Table S3 for variables included in each group) or the concise model (all selected 36
variables). (C) The longitudinal association of protective cognitive exposure scores with global cognitive function andmemory function was
analyzed using a linearmixed-effects model. ADLs, activities of daily living; DM, demographic factors; MoCA,Montreal Cognitive Assessment; SES,
socioeconomic status; SHAP, SHapley Additive exPlanation; XGBoost, extremeGradient Boosting.

educational level, household income, enjoyment of life last week/yes,

green leafy vegetables, and mental clarity as usual last week/yes,

whereas three were harmful to cognitive scores: difficulty in managing

transportation, living region/rural, and difficulty in using the telephone.

Detailed information on all selected factors is provided in Table S3. To

validate the effectiveness of the LASSOmodel in variable selection, we

assessed the goodness of fit for the XGBoost model (concise model)

by including only the 36 selected variables. Similar performances were

observed between the full model (all 207 variables) and concise model

(Table S5). SHAP analyses also supported the variable selection results,

as the selected variables consistentlymade significant contributions to

model predictions in both the full model (Figure S1) and the concise

model (Figure 2A).

3.3 Relative individual contributions of domains
to cognitive function

After constructing protective cognitive exposure scores, we evaluated

the contribution of each domain component to cognitive function. In

baseline participants, all seven favorable domain scores significantly

improved cognitive function: SES (β = 3.58, 95% confidence interval

[CI] = 3.19 to 3.97), medical history (β = 2.79, 95% CI = 2.10 to 3.48),

psychosocial factors (β = 1.68, 95% CI = 1.24 to 2.12), ADLs (β = 1.66,

95% CI = 1.30 to 2.02), DM (β = 1.05, 95% CI = 0.55 to 1.55), diet

(β = 0.70, 95% CI = 0.32 to 1.08), and physical activities (β = 0.54,

95% CI = 0.16 to 0.92) (Table S6). We used fivefold cross-validation

to predict the EV of each domain group or the whole model on MoCA

scores in the left-out baseline participants (Figure 2B). SES was the

best predictor (EV = 38.59%), followed by ADLs (explaining 15.90%

of global cognition scores). Diet, DM, and psychosocial factors each

contributed significantly, explaining ≈12% of the variance. Physical

activities (EV 4.93%) and medical history (EV 10.78%) exhibited the

lowest predictive power (Table S5 for specific model parameters).

3.4 The longitudinal association of domains with
cognitive function

We used linear mixed-effects models to analyze the impact of domain

components on the longitudinal changes in cognitive function con-

sistent with findings during baseline period. The results showed that
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higher SES had the strongest positive effect onMoCA scores (β= 2.91,

95% CI = 2.61 to 3.21, p < 0.0001, q < 0.0001), followed by better

medical health status (β = 2.2, 95% CI = 1.60 to 2.79, p < 0.0001,

q < 0.0001), good ADL ability (β = 1.88, 95% CI = 1.61 to 2.15,

p < 0.0001, q < 0.0001), positive psychosocial status (β = 1.61, 95%

CI = 1.27 to 1.95, p < 0.0001, q < 0.0001), suitable diet (β = 1.23, 95%

CI= 0.94 to 1.51, p< 0.0001, q< 0.0001), favorable demographic char-

acteristics (β = 0.87, 95% CI = 0.47 to 1.27, p < 0.0001, q < 0.0001),

and active physical exercise (β = 0.27, 95% CI = 0 to 0.54, p = 0.0497,

q= 0.0497) (Figure 2C).

Similar findings were observed when analyzing MMSE scores, with

participants exhibiting favorable domain components scoring higher

than those without (all q’s ≤ 0.0001). Furthermore, we analyzed the

association between domain components and memory performance.

Our results also demonstrated the positive impact of domain com-

ponents on memory function. Notably, diet played an important role

for cognitive function (β = 0.28, 95% CI = 0.23 to 0.33, p < 0.0001,

q < 0.0001), whereas physical activity was the only domain that had a

negative effect (Figure 2C).

3.5 Specific phenotypes of identified domains and
factors among populations

In the cluster analysis, four phenotypes were identified as the most

optimal to represent the cohort data (Figure S3). These phenotypes,

with distinctive patterns of domain features and the summary statis-

tics, are presented in Figure 3. Phenotypes 1 and 2 were considered

favorable due to their relatively high protective cognitive exposure

domain scores, whereas Phenotypes 3 and 4 were categorized as

middle and unfavorable, respectively, based on their relatively lower

domain scores. Post hoc analysis of the phenotypes revealed that Phe-

notype 1, comprising 87 participants (8.03%), was characterized by

high SES, active physical activities, and good ADL ability, along with

intermediate-high levels of demographic, dietary, and psychosocial sta-

tus. Phenotype 2wasmarked by a high level of diet, high SES, and good

ADL ability but low physical activity levels, with intermediate-high

levels of demographic andpsychosocial status.Nearlyhalf of thepartic-

ipants in Phenotype 3 had goodADL ability but lowSES,withmoderate

levels of demographic, dietary, and psychosocial status. Phenotype 4,

which included about 10% of the participants, was characterized by

impaired ADL ability and moderate dietary status, along with low lev-

els of demographic, dietary, psychosocial status, and physical activity

(Table 1).

When the variables were ranked by the standardized mean dif-

ference between phenotypes, participants in Phenotype 1 had higher

physical activities, especially in leisure and social contact time, includ-

ing online chatting, watching e-videos, and internet browsing. Partic-

ipants in Phenotype 2 had a healthier diet and were more likely to

consume green leafy vegetables and fish. In addition, participants in

Phenotypes1and2hadhigher SES (includinghigher educational levels,

higher household income, and urban residence) compared to those in

Phenotypes 3 and 4. Participants in Phenotype 4 exhibited the poorest

ADL ability, particularly in managing transportation and using the tele-

phone (Figure 3B). Therefore, four phenotypes were characterized by

having high/low levels of distinctive exposure pattern compared with

other phenotypes. There were “active leisure/social activities” (Phe-

notype 1) and “superior diet” (Phenotype 2), whereas people in “low

SES” (Phenotype 3) and “unfavorable lifestyle” (Phenotype 4) needed

attention and further intervention.

3.6 Association of phenotypes with cognitive
outcomes

The cognitive outcomes for all identified phenotypes were analyzed

and are presented in Table 1 and Table 2. In this cohort, “active

leisure/social activities” and “superior diet” dominated phenotypes

exhibited the best cognitive outcomes with the highest MoCA scores

(24.5 to 25), MMSE scores (28), and AVLT scores (0.02 to 0.03). In lon-

gitudinal analyses of global cognition scores, compared to the “superior

diet” dominated phenotype, participants in the “active leisure/social

activities” dominated phenotype did not show differences in MoCA

andMMSEscores.However, thosewith “active leisure/social activities”

experienced significantly worse memory function outcomes (ALVT

scores, β = −0.18, 95% CI = −0.34 to −0.03, p = 0.0175, q = 0.0175).

The participants in “lowSES” (vs “superior diet”) were observed to have

significantly lower scores of all cognitive outcome including MoCA

scores (β = −4.95, 95% CI = −5.51 to −4.40, p < 0.0001, q < 0.0001),

MMSE scores (β = −3.33, 95% CI = −3.81 to −2.86, p < 0.0001,

q < 0.0001), and AVLT scores (β = −0.49, 95% CI = −0.58 to −0.40,
p < 0.0001, q < 0.0001). The “unfavorable lifestyle” dominated phe-

notype was associated with the poorest cognitive outcomes, showing

the largest deficits in MoCA (β = −10.70, 95% CI = −11.58 to −9.83,
p < 0.0001, q < 0.0001), MMSE (β = −8.22, 95% CI = −8.96 to −7.47,
p< 0.0001, q< 0.0001), andAVLT (β=−0.87, 95%CI=−1.01 to−0.73,
p < 0.0001, q < 0.0001), compared to the “superior diet” dominated

phenotype.

3.7 Monte Carlo simulation for cognitive function
improvement

The “active leisure/social activities” and “superior diet” dominated

phenotypes had relatively higher domain scores and better cognitive

outcomes, offeringmore cognitive benefits compared to “low SES” and

“unfavorable lifestyle.” A Monte Carlo simulation was performed to

analyze the impact on cognitive function in the total population, assum-

ing that some interventions took effect by varying the proportion of

phenotypes during the follow-up period. The results are presented in

Figure 4 and Figure S4. In the simulated phenotype distribution, the

chance of finding benefit increased as the proportion of participants in

“active leisure/social activities” and “superior diet” dominated pheno-

types rose. For global cognition, when the proportion of Phenotype 1

increased by 10% (scenario 3), there was a 67.52% chance of observ-

ing a benefit, with the average MoCA score of the total population
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F IGURE 3 The characteristic distribution of domain components by phenotype for the longitudinal cohort. (A) The radar chart shows domain
components by phenotype. Each panel corresponds to a phenotype, with each bar showing themedian value of a domain factor for all participants
in that phenotype. The concentric circles represent theminimum, 25th, 50th, and 75th percentiles, andmaximum in the whole sample, with the
median shown in a darker color. The height and color of the bars represent themedian level of each risk factor, positioned relative to the
distribution in the whole population, ensuring a common scale across all phenotypes. (B) The comparison of variables between phenotypes. In all
panels, the variables are standardized so that all means are scaled to 0 and SDs to 1. A value of 1 for the standardized variable (x-axis) signifies that
themean value for the phenotypewas 1 SD higher than themean value for both phenotypes shown in the graph as awhole. SD, standard deviation.

rising by 0.97 points compared to the original distribution. When Phe-

notype 1 increased by one-fourth of the total population (Scenario 4:

+25%, proportion= 33%), the probability of benefit reached 100%and

the average MoCA score would increase by 1.82. When Phenotype 1

constituted the majority of the population (scenario 5: +50%, propor-
tion = 58%), the average cognitive scores improved by 2.28 points.

Similar trends were observed in MMSE and AVLT outcomes, where

average scores increased by 1.09 and 0.30 points, respectively, as Phe-

notype 1 increased to the same extent (+25%). When Phenotype 2

increased by the same proportion (scenario 5: +25%), the chance of

finding cognitive benefit also increased to 100%. The average cogni-

tive scores improved by 2.08 points in MoCA, 1.06 points in MMSE,
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TABLE 1 Phenotypes characteristics of the studied population.

Phenotype 1 Phenotype 2 Phenotype 3 Phenotype 4 p-value q valuea

Survey period (%) <0.0001 <0.0001

Baseline 87 (8.03) 272 (25.12) 611 (56.42) 113 (10.43)

Follow-up 87 (8.03) 428 (39.52) 459 (42.38) 109 (10.06)

Cognitive outcome

MoCA scores 24.5 (20, 28) 25 (20, 29) 19 (14, 23) 12 (8, 16) <0.0001 <0.0001

MMSE scores 28 (24, 30) 28 (24, 30) 24 (20, 27) 18 (14, 22) <0.0001 <0.0001

AVLT scores 0.02 (−0.46, 0.71) −0.03 (−0.53, 0.99) −0.31 (−0.71, 0.2) −0.71 (−0.96,−0.29) <0.0001 <0.0001

Domain component

SES 0.30 (−0.05, 0.79) 0.78 (0.30, 1.14) −0.42 (−0.79,−0.06) −0.78 (−1.14,−0.41) <0.0001 <0.0001

ADL 0.34 (0.34, 0.34) 0.34 (0.34, 0.34) 0.34 (0.34, 0.34) −1.94 (−2.76,−1.39) <0.0001 <0.0001

Diet 0.14 (−0.39, 0.55) 0.97 (0.55, 1.5) −0.39 (−0.81, 0.14) −0.39 (−0.81, 0.14) <0.0001 <0.0001

DM 0.30 (−0.07, 0.74) 0.21 (−0.18, 0.53) −0.05 (−0.42, 0.28) −0.29 (−0.72, 0.09) <0.0001 <0.0001

Psychosocial factors 0.16 (−0.21, 0.74) 0.46 (−0.21, 0.74) 0.07 (−0.78, 0.74) −0.41 (−0.78, 0.16) <0.0001 <0.0001

Medical history 0.11 (0.08, 0.11) 0.11 (0.11, 0.11) 0.11 (−0.01, 0.11) 0.11 (−0.36, 0.11) <0.0001 <0.0001

Physical activities 1.84 (1.49, 2.42) −0.31 (−0.49,−0.04) −0.08 (−0.40, 0.01) −0.09 (−0.40, 0.01) <0.0001 <0.0001

Abbreviations: ADLs, activities of daily living; AVLT, AuditoryVerbal Learning Test;DM, demographic factors;MoCA,Montreal CognitiveAssessment;MMSE,

Mini-Mental State Examination; SES, socioeconomic status.
aq values were calculated using the false discovery rate (FDR) procedure.

TABLE 2 The longitudinal association of phenotypes with global cognitive function andmemory function using linear mixed-effects model.

MoCA scores MMSE scores AVLT scores

β (95%CI) p-value q valuea β (95%CI) p-value q valuea β (95%CI) p-value q valuea

Phenotype 1 −0.45 (−1.37, 0.48) 0.3458 0.3458 0.1 (−0.69, 0.89) 0.8003 0.8003 −0.18 (−0.34,−0.03) 0.0175 0.0175

Phenotype 2 – – – – – – – – –

Phenotype 3 −4.95 (−5.51,−4.40) <0.0001 <0.0001 −3.33 (−3.81,−2.86) <0.0001 <0.0001 −0.49 (−0.58,−0.40) <0.0001 <0.0001

Phenotype 4 −10.70 (−11.58,−9.83) <0.0001 <0.0001 −8.22 (−8.96,−7.47) <0.0001 <0.0001 −0.87 (−1.01,−0.73) <0.0001 <0.0001

Abbreviations: AVLT, Auditory Verbal Learning Test; CI, confidence interval; FDR, false discovery rate; MoCA,Montreal Cognitive Assessment; MMSE,Mini-

Mental State Examination.
aq values were calculated using the false discovery rate (FDR) procedure.

and 0.48 points in AVLT. Conversely, increasing the proportion of par-

ticipants in Phenotypes 3 and 4 was significantly detrimental to all

cognitive outcomes.

3.8 Sensitivity analyses

The results of the sensitivity analyses are presented in the Supplemen-

tary Material. The first sensitivity analysis was conducted to assess

the interaction effects of multidomain factors on cognitive function

(Table S7). All domains were found to be positively associated with

cognitive scores, other than physical activity for memory. The analy-

sis further revealed several significant negative interactions between

domains. ForMoCAscores, negative interactioneffectswere identified

between SES and diet (β=−0.51, 95%CI=−0.83 to−0.18, p= 0.0021,

q = 0.0023), ADLs and physical activities (β = −0.56, 95% CI = −0.99
to −0.13, p = 0.0113, q = 0.0113), and diet and physical activities

(β = −0.53, 95% CI = −0.87 to −0.20, p = 0.0016, q = 0.0020). Similar

trendswereobserved forMMSEscores,with significant negative inter-

actions between SES and diet, ADLs and physical activities, and SES

and DM (all p’s < 0.05, q < 0.05). For AVLT scores, additional interac-

tions between diet and psychosocial factors (β= 0.27, 95%CI= 0.20 to

0.34, p < 0.0001, q < 0.0001) and DM and physical activities (β = 0.14,

95%CI=0.05 to 0.23, p=0.0016, q=0.0021)were identified. Further-

more, a different strategy for handling missing data was implemented

to test the robustness of assumptions regarding themissing datamech-

anism. The results from the analysis of longitudinal effects between

exposure domains, phenotypes, and cognitive functionwere consistent

with findings from datasets imputed using multiple imputation (see

Figure S5 and Table S8). Although statistically significant associations

between psychosocial status and Phenotype 1 with AVLT scores were

not observed (p > 0.05), the direction of the associations remained

consistent. Simulation trials were reanalyzed, further confirming the

robustness of these findings (see Figures S6 and S7).
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F IGURE 4 Monte Carlo simulation ofMoCA score changes with varying phenotypic frequencies in the total population. In this cohort, the
actual distribution of the data in the given phenotypes and the legend for harms, benefits, and neutral effects usingMonte Carlo simulation
analysis are presented in A. Each simulationwas conductedwith 10,000 iterations using sampling with replacement. TheMoCA scores analyzed by
changing the phenotype distributions of the data are presented in B (Phenotype 1), C (Phenotype 2), D (Phenotype 3), and E (Phenotype 4). MoCA,
Montreal Cognitive Assessment.
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4 DISCUSSION

As cognitive function was influenced by multifactorial characteristics,

we conducted an EWAS study design that innovatively incorporated

exposure factors that were as comprehensive as possible, covering

seven domains: SES, DM, diet, ADLs, medical history, physical activi-

ties, and psychosocial factors. The 36 of 207 exposure factors were

selected and their relative contributions were further assessed by ML

models. The rationality of 36 variables affecting cognitive function has

been reported in previous studies (Table S9). Improved profiles in these

seven domains independently enhanced global cognitive scores.More-

over, we conducted a cluster analysis to explore the joint phenotypes

across domains. By promoting more favorable exposure patterns to

dominate the majority of the population, the overall cognitive function

of the population will be improved.

Previous studies have concentrated primarily on the individual

effects of specific factors, such as diet20 and sleep duration.11 Few

studies have collected multiple lifestyle factors on cognitive function

simultaneously,47 making it challenging to compare the relative contri-

butions of different factors to cognitive decline. Our cluster analysis

indicated that participants who maintained healthier exposure pat-

terns (“active leisure/social activities” and “superior diet” dominated

phenotypes) experienced significant cognitive benefits compared to

those with less healthy patterns. This information could not only help

people develop favorable lifestyles but also provide suggestions for the

intervention policy from the perspective of government and society.

SES emerged as the best predictor for cognitive scores, whereas

education level was a more critical indicator than other factors within

the SES domain (Figure 2A). A range of complex andmultifaceted path-

ways were reported between SES and cognition function. Research

indicates that SES is associated with brain structures, which mediate

cognitive skills such as executive processing and language skills.48 In

addition, individuals from lower socioeconomic backgrounds are more

frequently exposed to social and environmental stressors, including

overcrowding, crime, noise pollution, and discrimination. These stres-

sors significantly contribute to negative psychological outcomes.49 SES

also impacts cognitive abilities indirectly through factors such as edu-

cational attainment, household spending, and social engagement.50

Given that SES ismore likely to bemodified at the community level, it is

imperative for governments and public institutions to focus on improv-

ing socioeconomic conditions. Especially in lowermiddle-incomeareas,

the socioeconomic inequalities were more pronounced than in high-

income areas. Some socioeconomic interventions are recommended

including improving the level of education and implementing resource

redistribution measures toward less-advantaged populations (e.g.,

affordable housing, taxes, and social security).51

Exposure factors associated with the ADL domain also played a sig-

nificant role in cognitive function. Previous studies have found that

cognitive decline is closely linked to reductions in daily tasks essen-

tial for independent living.52,53 In line with previous studies,54 our

analysis revealed that the MoCA score had a stronger association

with IADL items, particularly in managing transportation, housekeep-

ing, and using the telephone. These performance declines may stem

from a reduction in cognitive capacity, limiting both the range of tasks

individuals can complete and the skills they can apply to these tasks.

Diet is widely recognized as an important lifestyle intervention for

public health. In our analysis, diet significantly contributed to cogni-

tive function; similar to findings by Jia et al.,33 diet domain acted the

strongest association with longitudinal memory change. Consistent

with previous studies, our EWAS study indicated that consuming the

fish and green leafy vegetables components of the MIND Diet proved

more effective in enhancing cognitive function,which is potentially due

to the high content of essential nutrients (e.g., n-3 long-chain polyun-

saturated fatty acids and low-molecular-weight peptides) and their

anti-inflammatory properties.55–57

Our results indicated that physical activities hadmultiple effects on

cognitive function. Although higher physical activity scores were asso-

ciated with better global cognitive function (as measured by MoCA

and MMSE), they were also linked to worse memory function. The

identified exposure factors (online chat, watch the e-video, and inter-

net browsing) in physical activities are generally considered leisure

and social activities, which have been associated with a lower risk of

cognitive impairment,47,58 potentially due to increased interpersonal

communication, which enhances social support59 and self-perceived

emotional support.60 However, the negative association with memory

function warrants attention. Activities with an energy expenditure of

1.5 metabolic equivalents while sitting or reclining are classified as

sedentary behaviors according to previous studies.61 The observed

memory decline may be attributed to reduced cerebral blood flow62

and increased levels of inflammatory cytokines63 caused by prolonged

sedentary behaviors.

Psychological factors are increasingly recognized for their impact on

cognitive processes.64 A cohort study in Korea reported that psycho-

logical resilience was positively related to global cognitive function.65

Research has shown that timely implementation of depression inter-

vention strategies can reduce the risk of dementia.66 Therefore,

appropriate psychological interventions may not only improve mental

health but also enhance cognitive function.

As the exposure factors and domains were identified, it is necessary

to pinpoint that evaluating a single factor’s contributions, without con-

sidering other exposure factors, may overlook potential joint effects,

especially when multiple exposure factors are causally linked. Some

potential interaction effects had been identified in multidomain fac-

tors, which highlighted the complexity of multidomain influences on

cognition. For example, the interaction of SES with other domains was

identified, whereas previous studies have reported the joint associa-

tion between SES and lifestyle factors.67 According to the nutrition

transition hypothesis, increasing wealth is frequently linked to shifts in

dietary and physical activity patterns.68 However, the complex mech-

anisms underlying the relationships between lifestyle factors, SES,

and cognitive function remain insufficiently understood. Moreover,

consistent with previous findings,69 the negative interaction effects

were commonly observed in all cognitive outcomes and suggested

that stronger cognitive improvements occurred when domain scores

were relatively low. This indicated that individuals with lower scores

across multiple domains were likely to benefit more from targeted
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interventions. These findings underscored the importance of prioritiz-

ing interventions for individuals with worse exposure phenotypes to

maximize cognitive benefits.

Here, we conducted a cluster analysis to define the joint dis-

tribution of exposure domains and the simulation results indicated

that participants with favorable combinations of domains experienced

greater cognitive benefits. When Phenotypes 1 and 2 increased by

25%, compared to the original scenario, the average population scores

increased by 1.82–2.08 points on the MoCA and 1.09–1.06 points on

the MMSE. These improvements in cognitive scores are considered

clinically significant.70 These findings provide further evidence sup-

porting the implementation ofmultidomain interventions for cognitive

health by transferring more people with unfavorable phenotypes into

healthy exposure patterns.

By examining the differences in characteristics between phenotype

pairs (Figure 3B), significant discrepancies were observed between

the unfavorable phenotype (Phenotype 4) and the favorable pheno-

types (Phenotypes 1 and 2) across domains such as ADLs, SES, diet,

and physical activity. Because ADL ability and financial status are chal-

lenging to modify, greater emphasis should be placed on factors that

are more easily influenced. Practical, multidomain interventions could

focus on improving education levels, increasing the consumption of

green leafy vegetables and fish, and promoting active leisure and social

engagement. In addition, due to the interconnected nature of these

factors, interventions targeting modifiable behaviors may also indi-

rectly improve less modifiable ones. For example, cognitive decline

in individuals with lower incomes can be attenuated if they have a

healthy lifestyle.71 Similarly, enhancing education levelsmay build cog-

nitive reserve, making individuals more resilient to the effects of brain

aging and related pathologies.72 Therefore, some precise and targeted

interventions were recommended for individuals with unfavorable

phenotypes.

This study has several strengths. First, this is the first EWAS study

combiningML technology to integrate exposure information on such a

large scale and systematically and comprehensively identify the expo-

sure factors related to cognitive function. Second, the diversity of

variables also allowed us to identify relatively complete exposure pat-

terns and better explore the individual and joint contributions of the

multiplexed exposure factors to cognitive function. Finally, this cohort

study captures the longitudinal fluctuation of cognitive function and

exposure domains that further infer the cognitive benefits for the

population through simulation trials.

However, there are still some limitations. First, the assessments of

factors in this study were based on self-reports, and genetic informa-

tion was not available. Nonetheless, a previous cohort36 and cross-

sectional73 study found that the association of lifestyle profiles with

dementia and cognitive function remained largely unchanged regard-

less ofwhether genetic risk factorswere included. Thismay be because

the variance attributed to genetic factors was largely accounted for by

other exposure domains.2 Second, the relatively short follow-up period

limited our ability to explore cognitive-related clinical endpoints, thus

longitudinal studies with long follow-ups are recommended. However,

multiple cognitive tests, including MoCA, MMSE, and AVLT, are widely

recognized as effective tools for assessing cognition. We utilized

these tests to represent cognitive conditions to the greatest extent

possible. Third, due to the data availability, the scope of the exposure

domain may not have been fully represented by existing exposure

factors. Further EWAS studies collecting more comprehensive expo-

sure information should be conducted to facilitate a more extensive

investigation. Fourth, although the exposure variables were derived

from objective and quantifiable components of the questionnaire, the

biases arising from the biases of self-reports and questionnaires can

lead to exposure misclassification and distort the association between

exposure and outcomes in the study. More objective assessment

methods, such as physical activity measured by accelerometers,74

should be applied in future studies. Fifth, simulation trials are con-

ducted using existing data, and their predictive accuracy is limited by

potential unmeasured confounding factors and the complex dynamics

of phenotype transitions. More comprehensive data collection and

developing advanced models should be considered to address these

limitations.

In conclusion, cognitive function was associated with multidomain

exposure factors. The SES and diet domains were found to have the

strongest association with longitudinal cognitive function andmemory

change. The phenotype analysis and simulation trials highlight that the

priority of interventions for subpopulationswith the unfavorable expo-

sure phenotype could bring greater cognitive benefits, especially when

health costs were considered.
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ing Information section at the end of this article.
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