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Background: Early diagnosis of Alzheimer’s disease and related dementias (AD/ADRD) is critical but often
constrained by limited access to fluid and imaging biomarkers, particularly in low-resource settings.

Objective: To develop and evaluate a predictive model for cognitive decline using survey-based data, with
attention to model interpretability and fairness.

Methods: Using data from the Mexican Health and Aging Study (MHAS), a nationally representative longitudinal
survey of adults aged 50 and older (N = 4095), we developed a machine learning model to predict future
cognitive scores. The model was trained on survey data from 2003 to 2012, encompassing demographic, lifestyle,
and social determinants of health (SDoH) variables. A stacked ensemble approach combined five base mod-
els—Random Forest, LightGBM, XGBoost, Lasso, and K-Nearest Neighbors—with a Ridge regression meta-model.
Results: The model achieved a root-mean-square error (RMSE) of 39.25 (95 % CI: 38.12-40.52), representing
10.2 % of the cognitive score range, on a 20 % held-out test set. Features influencing predictions, included
education level, age, reading behavior, floor material, mother’s education level, social activity frequency, the
interaction between the number of living children and age, and overall engagement in activities. Fairness ana-
lyses revealed model biases in underrepresented subgroups within the dataset, such as individuals with 7-9 years
of education.

Discussion: These findings highlight the potential of using accessible, low-cost SDoH survey data for predicting
risk of cognitive decline in aging populations. They also underscore the importance of incorporating fairness
metrics into predictive modeling pipelines to ensure equitable performance across diverse groups.

1. Introduction

Cognitive decline is a critical public health concern affecting aging
populations worldwide. Conditions such as Alzheimer’s disease and
related dementias (AD/ADRD) pose significant burdens on individuals,
families, and healthcare systems [1]. Early detection of dementia allows
for timely interventions and care strategies that can alleviate symptoms
and enhance the well-being of both those affected and their families [2,
3]. However, identifying who should undergo further cognitive evalu-
ation remains challenging. Simple screening tools are often underutil-
ized, and more definitive diagnostic methods, such as neuroimaging or
fluid biomarkers [4], are expensive and typically reserved for
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individuals already showing clinical symptoms. Access to these bio-
markers is even more limited in low-resource settings due to structural
barriers and socioeconomic disparities.

Given these limitations in current diagnostic approaches, researchers
have increasingly turned to machine learning methods to improve early
detection of cognitive decline [5-7]. However, most of these models rely
heavily on healthcare records or biomarker data. In parallel, emerging
evidence has highlighted the importance of health (SDoH) factors—such
as education, economic conditions, and social interaction—in influ-
encing late-life cognitive outcomes [8,9]. For example, lower education
is associated with cognition in later life [10]. Social engagement is
another important factor that plays a protective role in cognitive health,
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and frequent social interactions have been associated with a slower rate
of cognitive decline [11]. The Mexican Health and Aging Study (MHAS)
[12] and Mex-Cog [13], which collect data on health, demographics,
socioeconomic status, disability/functionality/frailty, social/family
support and cognition, provides a valuable resource for examining the
impact of SDoH on cognition [14-25]. For example, studies using MHAS
demonstrated that educational attainment predicts cognitive perfor-
mance [22]; spousal and offspring education are associated with
cognition [21,24]; and cognitive benefits of education may vary by
gender and cohort over time [23]. Others have demonstrated social
interaction interdependence on cognition among couples [20], and that
social isolation—such as having an adult child migrate to the U.S.—was
linked to steeper memory decline among older adults, especially women
[14].

In this study, we developed a model to predict cognitive function
using SDoH data from MHAS [12]. Our approach uses a stacking
ensemble of machine learning models trained exclusively on
survey-based data (encompassing demographics, economic status,
health history, lifestyle, and social interaction) collected in 2003 and
2012 to predict cognition in 2016 and 2021. Additionally, we analyzed
model interpretability and fairness, leveraging SHapley Additive ex-
Planations (SHAP)[26] values for explainability and conducting sub-
group bias analyses to assess predictive equity.

2. Methods
2.1. Dataset

This study used a subset of the MHAS [12] dataset released by the
DrivenData [27] PREPARE Challenge (Pioneering Research for Early
Prediction of Alzheimer's and Related Dementias EUREKA Challenge)
Social Determinants Track. The MHAS data were originally collected
through in-person interviews conducted by trained interviewers across
multiple waves. In this study, we were provided with data from the 2003
and 2012 waves. It covered a wide range of topics related to health,
aging, and social and economic circumstances, including income,
employment, and lifestyle factors (see Supplementary Table 1 for full list
of variables). These variables served as the raw input features in our
model.

The outcome variable was a composite cognitive function score
assessed in 2016 and 2021 as part of the MHAS Cognitive Aging
Ancillary Study (Mex-Cog) [13]. This score, ranging up to a maximum of
384, was derived from detailed in-person cognitive assessments, with
higher values indicating better cognitive performance. The goal of the
model was to predict future cognitive performance 4 and 9 years into the
future, based on social, demographic, and health-related data collected
in 2003 and 2012.

2.2. Data preprocessing and feature engineering

To prepare the dataset for modeling, we conducted data cleaning,
feature encoding, and the creation of additional variables that capture
individual changes and summary metrics. This step aimed to enhance
data quality and represent domain-relevant features for machine
learning models.

We first cleaned and processed the data to ensure it was suitable for
modeling. Nine variables were removed due to having >70 % missing
data. These included employment-related variables (e.g., job end year
and reason), and U.S. migration variables (e.g., year of first migration,
total years in the U.S., job type in the U.S., and residency status), pri-
marily from the 2012 interview. For the remaining missing data, we
used mean, median, or mode imputation based on the feature type.
Categorical variables were encoded into numeric form. Binary variables
(e.g., sex) were encoded as 0 or 1, and ordinal variables (e.g., flooring
type: Wood/Mosaic, Concrete, Mud) were assigned increasing integers
to reflect relative costs. We also created indicators for age in 2012 (e.g.,

The Journal of Aging Research & Lifestyle 15 (2026) 100056

over 60, 70, or 80). Additionally, we calculated differences between
2003 and 2012 features to reflect individual changes over time. These
differences were computed only for numeric and ordinal variables. To
identify significant interaction terms, we tested all possible feature pairs
using Ordinary Least Squares (OLS) regression and selected significant
interaction terms based on the following criteria: p-value < 0.01, ab-
solute B coefficient > 0.5, and R-squared value > 0.2.

Additionally, we created summary features. 1) ADL: We summed
difficulties (e.g., eating, bathing) and added binary indicators for any
difficulty. 2) Emotional well-being: We counted positive (e.g., happy,
energetic) and negative emotions (sad, tired, etc.), then calculated
emotional scores and binary flags for each year. 3) Activity engagement:
We computed a total activity score in 2012 from participation in
reading, sewing, games, TV watching, housework, and communication.
Details of engineered summary features are listed in Supplementary
Table 2. The year of cognitive assessment (2016 or 2021) was also
included as a feature in both the base models and the meta-model to
account for time-related changes in cognitive outcomes. Cognitive
scores from both 2016 and 2021 were modeled jointly in a single pooled
dataset, with the year variable allowing the model to distinguish be-
tween the two assessment waves. The dataset was split into 80 % for
training and 20 % for the held-out test set. This comprehensive feature
engineering ensured that both static and dynamic aspects of aging were
captured prior to training the prediction models.

2.3. Machine learning and statistical analysis

After data preprocessing, a two-layer stacking ensemble modeling
approach was employed (Fig. 1). The first layer consisted of LightGBM
[28], XGBoost [29], Random Forest, Lasso regression, and multiple
K-Nearest Neighbors (KNN) models trained on different feature group-
ings and two t-SNE embeddings.

LightGBM and XGBoost are gradient boosting decision tree models

well-suited for handling high-dimensional, tabular data with com-

plex interactions.

e Random Forest is a bagging-based ensemble method that provides

robust predictions and helps reduce overfitting.

Lasso regression, a linear model with L1 regularization, was included

for its ability to perform automatic feature selection and capture

interpretable linear relationships.

e K-Nearest Neighbors (KNN) is a non-parametric algorithm that cap-
tures localized, non-linear patterns in the data.

e t-SNE a nonlinear dimensionality-reduction method for high-

dimensional data was to capture latent variables in the data.

This integration of both linear and non-linear models handles mixed
variable types and is robust to overfitting. LightGBM and XGBoost were
trained using a 5-fold cross-validation approach, with hyperparameters
optimized through the Hyperopt library [30]. To improve the model’s
generalizability and reduce potential biases towards training set,
instance weights were used during training LightGBM and XGBoost.
These weights were derived by training a logistic regression classifier to
distinguish between the training and test datasets based on variables and
then using the predicted probabilities as instance weights. For Random
Forest, hyperparameter tuning was performed using grid search with
5-fold cross-validation to find a best combination of hyperparameters.
For Lasso regression, we used grid search to find best regularization
strength (alpha) with 5-fold cross-validation. We used KNNs configured
with various values of K (K = 2, 4, 8, 16, 32, 64) for all features to
explore non-linear patterns in the data. Additionally, we grouped fea-
tures into nine non-overlapping categories—demographic, health status,
mental health, diagnosis history, lifestyle, wealth, healthcare use, de-
cision making, and life changing—and generated separate KNN outputs
for each category, see category details in Supplementary Table 1. Based
on the cross-validation results during training, we determined that four
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Fig. 1. Architecture of the Stacking Ensemble Model. The first layer consists of a collection of base models, which capture both linear and non-linear patterns in the

training data.

categories—demographic, decision making, wealth, and lifestyle varia-
bles—provided improvements to the second-layer ensemble model’s
performance. Two components derived from t-Distributed Stochastic
Neighbor Embedding (t-SNE) [31] embeddings were utilized as features
to capture latent patterns in the high-dimensional feature space. We also
explored other dimensionality reduction techniques, such as Principal
Components Analysis (PCA) and Uniform Manifold Approximation and
Projection (UMAP) [32]. However, these techniques did not yield im-
provements in model performance and were not included in the final
approach.

The predictions from the Level 1 models were combined into a new
training set, which serves as input for the second-level model. The Level
2 model further refines predictions by combining outputs from the base
models, ultimately generating the final composite score predictions. The
second layer was a Ridge regression model (a regularized linear
regression method that shrinks coefficients to prevent overfitting)
integrating predictions from the base models, two t-SNE embeddings,
and the year of composite score (2016 or 2021). We performed a grid
search with five-fold cross-validation to determine the optimal alpha for
the Ridge model, testing values over a logarithmic range (10 to 10?).
Specifically, the training set was resampled with replacement to create
50 bootstrap samples, and a Ridge model was trained on each sample.
For each test data point, predictions were generated from all 50 models
and then averaged to produce the final prediction, ensuring greater
robustness and reducing variability in the results. We also experimented
with using a LightGBM regressor as the meta-model with hyper-
parameter tuning. Despite achieving very low RMSE during training, the
model performed poorly on the held-out test set, suggesting that the
LightGBM meta-model was prone to overfitting. This reinforced our
choice of Ridge regression as a more stable and generalizable meta-
learner.

For all models requiring hyperparameter tuning, LightGBM,
XGBoost, Random Forest, Lasso regression in the first layer, and Ridge
regression as the ensemble model, root-mean-square deviation (RMSE)
was used as the metric to select the best hyperparameters, ensuring
consistent evaluation and optimal performance across different models.
The full search space and the selected hyperparameters for each model
are summarized in Supplementary Table 3. To estimate uncertainty, we
computed the 95 % confidence interval using 1000 bootstrap resamples
from the held-out test set.

Robustness analyses were conducted by permuting top ten features
with the highest SHAP values of LightGBM model to test the model’s
stability and identify its reliance on specific inputs. The impact of these
changes on model performance, measured by RMSE on held-out test
data, provided insights into feature importance and resilience to minor
variations in data.

2.4. Error and bias analysis

We conducted error analysis by examining a scatter plot of residuals
(true values minus predicted values) against the predicted composite
score to assess whether the prediction errors were randomly distributed.
We visualized the distributions of residuals for years of 2016 and 2021 to
compare model performance and conducted a t-test on the predicted
scores between the two years to assess whether prediction accuracy
differed significantly across timepoints. We then used an OLS regression
model to examine the relationship between residuals and the top six
features selected from the top SHAP-ranked features of LightGBM
model. The model was fitted with these features as independent vari-
ables and the residuals as the dependent variable. This analysis aimed to
assess whether a specific feature systematically influenced the magni-
tude or direction of the model’s prediction errors.

For bias analysis, we first compared the predicted composite scores
against the true scores across subgroups defined by six key features. By
plotting score distributions and conducting paired t-tests, we identified
subgroups with significant differences between predicted and actual
scores.

3. Results

In this section we report descriptive characteristics of the study
population; model performance and interpretability; as well as model
error and bias analysis. Model evaluation focused on RMSE on a held-out
test set, feature importance, systematic errors, and subgroup-level bia-
ses. These results demonstrate the effectiveness and fairness of our
modeling approach across a range of subpopulations.

3.1. Participants

The final analytic sample (n = 4095) was derived from MHAS par-
ticipants who completed surveys in both 2003 and 2012 and had valid
cognitive scores in 2016 or 2021. The characteristics of the dataset are
summarized in Table 1. Females accounted for 57.7 % (n = 2364) of the
dataset, and individuals aged 60-69 years comprised the largest age
group, representing 42.3 % (n = 1734). The majority of participants
were married or in a civil union, making up 65.1 % (n = 2264) of the
total sample. Regarding educational level, individuals with six or fewer
years of schooling formed the majority, accounting for 70.2 % (n =
2875) of the dataset.

3.2. Model performance and feature importance

To predict future cognition, we tested the various models on the on
the held-out test set (n = 819), representing 20 % of the full dataset. The
ensemble model (see Fig. 1) achieved the best performance, with RMSE
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Table 1

Demographic and Socioeconomic Characteristics of the MHAS Dataset.
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of 39.25 (95 % CI: 38.12-40.52), compared to individual base models
(Fig. 2a). This level of error (39 points) represents approximately 10 %
on the 384-point scale, indicating that the model can capture broad

Characteristics Total Train set Test set
Sex, n (%) cognitive trends. Each base model was evaluated separately, with
,n (% - . -
Male 1731 (42.3) 1401 (42.8) 330 (40.3) RMSEs ranging from 39.49 (LightGBM) to 64.17 (KNN of decision-
Female 2364 (57.7) 1875 (57.2) 489 (59.7) making features). While the ensemble model’s improvement over
Age group, n (%) LightGBM was modest, the stacked approach enhanced robustness
<=49 6 (0.15) 6(0.2) 0(0.0) through model averaging and helped mitigate overfitting, as evidenced
50-59 1163 (28.4) 946 (28.9) 217.(26.5) by stability in permutation-based sensitivity analyses. LightGBM alone
60 - 69 1734 (42.3) 1374 (41.9) 360 (44.0) y y In p ¢ ty analyses. Lig!
70 - 79 857 (20.9) 686 (20.9) 171 (20.9) may be preferable for simpler, resource-constrained settings, but the
>= 80 219 (5.3) 174 (5.3) 45 (5.5) ensemble framework offers greater resilience and flexibility for future
Unknown 116 (2.8) 90 (2.7) 26 (3.2) extensions. We also evaluated the contribution of each base model to the
Marriage Status, n ( %) ensemble model using SHAP analysis. The top 10 base models influ-
Married 2664 (65.1) 2137 (65.2) 527 (64.3) . . - .
Divorced 344 (8.4) 280 (8.5) 64 (7.8) encing the ensemble predictions are shown in Fig. 2b The LightGBM
Widowed 779 (19.0) 614 (18.7) 165 (20.1) displayed the highest absolute SHAP values, which aligns with its in-
Single 194 (4.7) 156 (4.8) 38 (4.6) dividual performance achieving the lowest RMSE among the base
Unknown 114 (2.8) 89 (2.7) 25 (3.1) models.
Educational level, n ( %) . . . . i .
None 726 (17.7) 556 (17.0) 170 (20.8) Using SHAP anal}/sw on' the LightGBM mf)d?l, we 1.der1t1ﬁe'd six fea-
1-5 years 1327 (32.4) 1111 (33.9) 216 (26.4) tures that had the highest influence on predictions (Fig. 2c), including
6 years 822 (20.1) 636 (19.4) 186 (22.7) education level, age, reading behavior, floor material (as a proxy for
7-9 years 658 (16.1) 515 (15.7) 143 (17.5) economic status), mother’s education level, and social activity fre-
10+ years 436 (10.6) 358 (10.9) 78 (9.5 quency. Many of these variables align with established SDoH domains.
Unknown 126 (3.1) 100 (3.1) 26 (3.2) . . .
For example, education level and mother’s education reflect Education
Access and Quality; floor material serves as a proxy for Economic
a Ensemble b LightGBM
LightGBM
XGBoost XGBoost
Lasso KNN 32
RF g -
KNN_Demographics 5 KNN_64
KNN_32 o Lasso
KNN_16 £
KNN 64 — KNN_38
KNN_8 2 KNN_Wealth
KNN 4 2 - )
KNN_Lifestyle KNN_ Demographics
KNN_Wealth year
KNN 2
KNN_Decision Making KNN_4 1.0
40 50 60 70 80 0 5 10 15 20
RMSE Mean ABS SHAP Value
c d
High
2012 EDU _..* @ Ensemble Model
2003 N Children*2012 Age csal> idu
= 2012 Activities .. .ge
g 2012 A . Activities
(5] g .
= 'g = 2 N Children*Age
oo Reading L J > 5 .
2 fl erial e = Reading
S oor matenia § £  Floor Material
- =
z 2012 > 70 y.o. >70y.0.
7 Mother EDU Mother Edu
Year Year
2012 Social freq. Social freq.
T T y Low
—20 0 20 36 38 40 42 44 46

SHAP value (impact on model output)

RMSE After Permutation

Fig. 2. Model Performance Analysis. (a) Comparison of RMSE for the ensemble model and individual base models, the ensemble model achieves the lowest RMSE.
(b) Mean absolute SHAP values of Level 1 model predictions, LightGBM and XGBoost exhibit the highest SHAP values. (c) Top 10 features influencing the LightGBM
model predictions as shown by SHAP summary plot. Features are ranked by importance, with education level being the most influential. (d) Impact of feature
permutation on model performance as measured by RMSE. Each subsequent bar shows the RMSE after permuting one of the top features identified through SHAP
analysis. Permuting education level caused the largest increase in RMSE, followed by feature of age. RF = Random Forrest; y.o. = years old; Social freq. = Social
frequency; EDU = Education.
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Stability; and social activity frequency map to Social and Community
Context, as defined by the SDoH constructs in Healthy People 2030[33].
Among the top-ranked engineered features were the interaction between
the number of living children and age, an overall activity engagement,
and whether individuals were over 70 years old in 2012. The year of
cognitive assessment (2016 or 2021) is also one of the top 10 features of
LightGBM model.

Next, the robustness analysis revealed that permuting the features of
education level and age caused a noticeable increase in RMSE (Fig. 2d).
This indicates that our model relies heavily on these features to make
accurate predictions. The reliance on these features underscores their
importance in predicting the composite cognition score but also high-
lights the potential risk of overfitting if these features are not well-
represented or balanced across subpopulations in the dataset.

3.3. Error analysis

Next, we examined if there were systematic errors in the model by
analyzing the distribution of residuals against predicted values,
comparing results across two cognitive testing years, and evaluating
correlations with key features.

Since the residuals appear randomly distributed around the hori-
zontal axis (Fig. 3a), the model does not exhibit systematic error trends
in its prediction. The spread of residuals is slightly larger for 2021
compared to 2016 (Fig. 3b), suggesting that the model error tends to
increase with extension of the prediction timeline. The median residual
for 2016 is slightly higher than that for 2021, indicating greater mean
prediction error in 2016. This may be attributable to the larger number
of training data points available for 2021—approximately twice as many
as for 2016. A t-test comparing predicted scores between the two years
showed a statistically significant difference (t = 2.207, p = 0.03), sug-
gesting that year-related differences in data availability or distribution
may have influenced model predictions.

To assess whether systematic errors were associated with specific
features, we selected six SDoH variables from the top six SDoH SHAP-
ranked features of the LightGBM model, then conducted a regression
using these features as independent variables and the residuals as the
dependent variable. The results revealed that these features explained
only a minimal proportion of the variance in residuals (R*> = 0.008),
indicating that the residuals were not strongly related to these variables.
None of the features demonstrated a statistically significant relationship
with the residuals, suggesting that the model’s errors are not strongly
biased toward any of these SDoH features. However, a few features had
relatively larger coefficients—for instance, individuals who reported a
reading habit (coefficient = 2.10, p = 0.427) or had higher maternal
education levels (coefficient = 1.27, p = 0.473) tended to have slightly
higher residuals, though these associations were not statistically
significant.

o

Residuals

50 100 150 200 250

Predicted Values
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3.4. Bias analysis

Next, we examined potential prediction bias across various sub-
groups by plotting the distributions of true and predicted cognitive
scores and performing paired t-tests for the top six model features
(Fig. 4). The results revealed significant discrepancies in two subgroups:
the model underpredicted scores for individuals with 7-9 years of ed-
ucation and social activity level of 4-8 times per month.

Further, we examined the distribution of the subgroups within the
dataset. Individuals with 7-9 years of education represented 16.1 % (n =
658). Individuals with fewer than six years of education made up 70.2 %
(n = 2875) of the sample, indicating that the model was trained pri-
marily on individuals with education levels lower than 7 years. This
imbalance likely contributed to the model’s tendency to underpredict
cognitive scores in individuals with higher education. Similarly, social
activity levels were concentrated at the extremes: 22.6 % (n = 926) of
participants reported engaging in social activities almost every day,
while 45.4 % (n = 1861) reported never doing so. In contrast, middle-
frequency subgroups were rare—only 5.0 % (n = 207) reported
engaging 4-8 times per month. These findings suggest that model biases
likely stem from the underrepresentation of the two subgroups in the
modeling dataset: individuals with 7-9 years of education and those
engaging in social activities 4-8 times per month. This underrepresen-
tation may result from overly granular survey categories or limited
recruitment, both of which could reduce generalizability and contribute
to biased performance.

4. Discussion

In this study, we developed an ensemble machine learning model to
predict cognitive scores using demographics, health history, lifestyle
behaviors, and social determinants of health variables from the MHAS
cohort. The model achieved an RMSE of 39.25 on a held-out test set,
indicating strong performance in capturing population-level cognitive
trends. Through SHAP-based interpretability, we identified six features
influencing predictions, including education level, age, reading
behavior, floor material, mother’s education level, and social activity
frequency, as well as three engineered features: the interaction between
the number of living children and age, an overall activity engagement,
and whether individuals were over 70 years old in 2012. These findings
offer practical public health insights. The identified predictors may
inform risk stratification and support low-cost, community-level in-
terventions. For instance, individuals with low educational attainment
or limited engagement in daily activities—both associated with lower
predicted cognitive scores—could be prioritized for early screening or
cognitive stimulation programs. Moreover, economic indicators, such as
floor material, may help policymakers identify underserved commu-
nities with structural disadvantages, including healthcare access.

b 0. _° —F
501
£ o -
3
[72]
S 501
—100 1 o —
o (o]
~150 1 ° 8
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Fig. 3. Model Evaluation: Residual Patterns. (a) Residuals vs. predicted values: the residuals are randomly scattered around zero, indicating that the model does not
exhibit systematic bias across the range of predicted values. (b) Residuals by year (2016 vs. 2021): there is increased variability in model predictions for 2021. The

model tends to underestimate true composite scores more often for 2016.
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Fig. 4. Model Evaluation: Bias Analysis. The model significantly underpredicts composite scores for two underrepresented subgroups: individuals with 7-9 years of

education and those who engage in social activities 4-8 times per month.

This work contributes to growing efforts to tailor health research to
populations historically underrepresented in studies of cognitive
decline. Our findings align with several recent studies that applied
machine learning to predict cognitive outcomes using SDoH. Kindo et al.
used MHAS and Mex-Cog data to forecast cognitive decline with tree-
based models, also identifying education and social engagement as
influential predictors [34]. Poudel et al. demonstrated that sociodemo-
graphic factors alone could effectively predict cognitive status in an
Australian cohort [35], and Singh et al. found that psychosocial and
economic factors were more predictive of cognitive function than
physical activity or environmental measures in Canadian older adults
[36]. Building on this work, our stacking ensemble framework offers a
generalizable and interpretable model tailored to the Mexican aging
population. Notably, it extends prior approaches by predicting contin-
uous cognitive scores for greater granularity and by incorporating
fairness-aware analyses to evaluate equity across subgroups.

Recent studies have raised concerns about algorithmic bias in pre-
dictive models, where underrepresented subgroups may receive sys-
tematically inaccurate predictions due to imbalanced training data or
overlooked contextual factors [37-39]. Our model evaluation revealed
prediction biases in two subgroups: individuals with 7-9 years of edu-
cation and social activity levels of 4-8 times per month. Both were
systematically underpredicted (predicted with lower cognitive score
than actual). To mitigate these disparities, we explored three data
augmentation strategies: (1) replicating existing data with slight per-
turbations, (2) duplicating samples from underrepresented subgroups
two or three times, and (3) increasing the instance weights of individuals
in underrepresented subgroups during training. Despite these mitigation
efforts, disparities in prediction accuracy remained for the affected

subgroups, highlighting issues with subgroup representation within the
training data. Future research may benefit from implementing more
targeted methodological strategies (e.g., subgroup-specific calibration,
adversarial debiasing, or transfer learning) to enhance fairness and
predictive equity across educational and social engagement strata.

Our study has several limitations. First, since the model learns from
patterns in the training dataset, it may reinforce dataset imbalances,
leading to systematic biases for underrepresented subgroups. To address
this, future implementations should include uncertainty measures, such
as confidence intervals, to signal when predictions are less reliable,
especially for these subgroups. Second, the MHAS waves design intro-
duced some limitations. The lack of data collection between 2003 and
2012 reduced temporal resolution, while the 2012 replenishment sam-
ple (absent in 2003) may have introduced cohort effects. Third,
including the cognitive assessment year (2016 or 2021) as a predictor
constrains the model’s ability to predict risk over different time periods.
Future work could develop separate models for short- and long-term risk
predictions. Lastly, our selection of SDoH variables was guided by data
availability in MHAS rather than formal frameworks such as Healthy
People 2030[33]. Future work could enhance conceptual rigor by
mapping predictors to established SDoH domains. Predictive perfor-
mance may also be improved by incorporating additional modalities,
such as physical function, healthcare utilization, and/or biomarker data.

Overall, this work demonstrates that demographics, lifestyle, and
social determinants of health data, combined with machine learning,
can help identify individuals at risk of cognitive decline—offering a
scalable and efficient alternative to traditional screening. These data are
easy to collect through surveys or phone interviews and provide a cost-
effective, participant-friendly option, especially in settings with limited
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access to specialized clinics or advanced biomarker testing.
Fundings

We acknowledge funding from NIA P30 AG062421 (Das, Ritchie,
Blacker, Vranceanu). This research uses data from the Mexican Health
and Aging Study (MHAS), which is partly sponsored by the National
Institutes of Health/National Institute on Aging (grant number NIH
R0O1AG018016) in the United States and the Instituto Nacional de
Estadistica y Geografia (INEGI) in Mexico. The authors are grateful to
the MHAS research team and participants.

Data statement

This research uses de-identified secondary data from the Mexican
Health and Aging Study (MHAS), which is publicly available. As such,
participant consent was obtained during the original data collection, and
additional consent was not required for this research.

Declaration of the use of generative Al and Al-assisted
technologies

During the preparation of this work, the authors used OpenAl’s
ChatGPT to assist with language. After using this tool, the authors
reviewed and edited the content as needed and take full responsibility
for the content of the publication.

CRediT authorship contribution statement

Yingnan He: Writing — original draft, Visualization, Methodology,
Formal analysis, Data curation. Yu Leng: Writing — review & editing,
Visualization. Ana-Maria Vranceanu: Writing — review & editing.
Christine S. Ritchie: Writing — review & editing. Deborah Blacker:
Writing — review & editing. Sudeshna Das: Writing — review & editing,
Supervision, Resources, Funding acquisition, Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgement

This study used data from the PREPARE Challenge (Pioneering
Research for Early Prediction of Alzheimer's and Related Dementias
EUREKA Challenge)—Phase 2, Social Determinants Track, hosted by
DrivenData and sponsored by the Natiaonal Institute on Aging (NIA).
The authors are grateful to the MHAS research team and participants, as
well as the DrivenData PREPARE Challenge.

Supplementary materials

Supplementary material associated with this article can be found, in
the online version, at doi:10.1016/j.jarlif.2025.100056.

References

[1] Association As. 2015 Alzheimer's disease facts and figures. Alzheimer's Dement
2015;11(3):332-84.

[2] Borson S, Frank L, Bayley PJ, Boustani M, Dean M, Lin PJ, et al. Improving
dementia care: the role of screening and detection of cognitive impairment.
Alzheimers Dement 2013;9(2):151-9.

[3] Robinson L, Tang E, Taylor JP. Dementia: timely diagnosis and early intervention.
BMJ 2015;350:h3029.

[4] Jack Jr CR, Andrews JS, Beach TG, Buracchio T, Dunn B, Graf A, et al. Revised
criteria for diagnosis and staging of Alzheimer's disease: alzheimer's Association
Workgroup. Alzheimers Dement 2024;20(8):5143-69.

[5]

[6]

[71

[8]

[91

[10]
[11]
[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]
[31]
[32]

[33]

[34]

[35]

The Journal of Aging Research & Lifestyle 15 (2026) 100056

Li W, Zeng L, Yuan S, Shang Y, Zhuang W, Chen Z, et al. Machine learning for the
prediction of cognitive impairment in older adults. Front Neurosci 2023;17:
1158141.

Leng Y, He Y, Amini S, Magdamo C, Paschalidis I, Mukerji SS, et al. A GPT-4o0-
powered framework for identifying cognitive impairment stages in electronic
health records. NPJ Digit Med 2025;8(1):401.

Mmadumbu AC, Saeed F, Ghaleb F, Qasem SN. Early detection of Alzheimer's
disease using deep learning methods. Alzheimers Dement 2025;21(5):e70175.
Adkins-Jackson PB, George KM, Besser LM, Hyun J, Lamar M, Hill-Jarrett TG, et al.
The structural and social determinants of Alzheimer's disease related dementias.
Alzheimers Dement 2023;19(7):3171-85.

Yang Z-G, Sun X, Han X, Wang X, Wang L. Relationship between social
determinants of health and cognitive performance in an older American
population: a cross-sectional NHANES study. BMC Geriatr 2025;25(1):25.
Fletcher J, Topping M, Zheng F, Lu Q. The effects of education on cognition in
older age: evidence from genotyped siblings. Soc Sci Med 2021;280:114044.
James BD, Wilson RS, Barnes LL, Bennett DA. Late-life social activity and cognitive
decline in old age. J Int Neuropsychol Soc 2011;17(6):998-1005.

Wong R, Michaels-Obregon A, Palloni A. Cohort Profile: the Mexican Health and
Aging Study (MHAS). Int J Epidemiol 2017;46(2):e2.

Mejia-Arango S, Nevarez R, Michaels-Obregon A, Trejo-Valdivia B, Mendoza-
Alvarado LR, Sosa-Ortiz AL, et al. The Mexican Cognitive aging Ancillary Study
(Mex-Cog): study design and methods. Arch Gerontol Geriatr 2020;91:104210.
Torres JM, Sofrygin O, Rudolph KE, Haan MN, Wong R, Glymour MM. US
migration status of adult children and cognitive decline among older parents who
remain in Mexico. Am J Epidemiol 2020;189(8):761-9.

Torres JM, Yahirun JJ, Sheehan C, Ma M, Saenz J. Adult child socio-economic
status disadvantage and cognitive decline among older parents in Mexico. Soc Sci
Med 2021;279:113910.

Goncalves NG, Avila JC, Bertola L, Obregon AM, Ferri CP, Wong R, et al. Education
and cognitive function among older adults in Brazil and Mexico. Alzheimers
Dement (Amst) 2023;15(3):€12470.

Bloomberg M, Dugravot A, Sommerlad A, Kivimaki M, Singh-Manoux A, Sabia S.
Comparison of sex differences in cognitive function in older adults between high-
and middle-income countries and the role of education: a population-based
multicohort study. Age Ageing 2023;52(2).

Veeranki SP, Downer B, Jupiter D, Wong R. Arthritis and risk of cognitive and
functional impairment in older Mexican adults. J Aging Health 2017;29(3):454-73.
Downer B, Kumar A, Mehta H, Al Snih S, Wong R. The effect of undiagnosed
diabetes on the association between self-reported diabetes and cognitive
impairment among older Mexican adults. Am J Alzheimers Dis Other Demen 2016;
31(7):564-9.

Howrey B, Avila JC, Downer B, Wong R. Social engagement and cognitive function
of older adults in Mexico and the United States: how universal is the
interdependence in couples? J Gerontol B Psychol Sci Soc Sci 2021;76(Suppl 1):
S41-50.

Ma M, Yahirun J, Saenz J, Sheehan C. Offspring educational attainment and older
parents. Cogn Mex Demogr 2021;58(1):75-109.

Zeki Al Hazzouri A, Haan MN, Galea S, Aiello AE. Life-course exposure to early
socioeconomic environment, education in relation to late-life cognitive function
among older Mexicans and Mexican Americans. J Aging Health 2011;23(7):
1027-49.

Diaz-Venegas C, Samper-Ternent R, Michaels-Obregon A, Wong R. The effect of
educational attainment on cognition of older adults: results from the Mexican
Health and Aging Study 2001 and 2012. Aging Ment Health 2019;23(11):1586-94.
Saenz JL, Beam CR, Zelinski EM. The Association Between Spousal Education and
Cognitive Ability among older Mexican adults. J Gerontol B Psychol Sci Soc Sci
2020;75(7):e129-ee40.

Lopez A, Sheehan CM, Saenz J, Quashie NT, Farina MP. Does the association
between educational attainment and cognition differ between indigenous language
speakers and non-indigenous language speakers in Mexico? J Aging Health 2025:
8982643251362382.

Lundberg S. A unified approach to interpreting model predictions. arXiv preprint
arXiv:170507874. 2017.

Bull P., Slavitt I., Lipstein G. Harnessing the power of the crowd to increase
capacity for data science in the social sector. arXiv preprint arXiv:160607781.
2016.

Ke G, Meng Q, Finley T, Wang T, Chen W, Ma W, et al. Lightgbm: a highly efficient
gradient boosting decision tree. Adv Neural Inf Process Syst 2017;30.

Chen T, Guestrin C. Xgboost: a scalable tree boosting system. In: Proceedings of the
22nd acm sigkdd international conference on knowledge discovery and data
mining; 2016.

Bergstra J., Yamins D., Cox D.D. Making a science of model search. arXiv preprint
arXiv:12095111. 2012.

Van der Maaten L., Hinton G. Visualizing data using t-SNE. J Mach Learn Res.
2008;9(11).

Mclnnes L., Healy J., Melville J. Umap: uniform manifold approximation and
projection for dimension reduction. arXiv preprint arXiv:180203426. 2018.
Office of Disease Prevention and Health Promotion. Healthy People 2030 2025
Available from: https://odphp.health.gov/healthypeople. Accessed 30 November
2025.

Kindo B., Restar A., Tran A. Early prediction of Alzheimer's and related dementias:
a machine learning approach utilizing social determinants of health data. arXiv
preprint arXiv:250316560. 2025.

Poudel GR, Barnett A, Akram M, Martino E, Knibbs LD, Anstey KJ, et al. Machine
learning for prediction of cognitive health in adults using sociodemographic,


https://doi.org/10.1016/j.jarlif.2025.100056
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0001
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0001
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0002
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0002
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0002
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0003
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0003
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0004
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0004
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0004
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0005
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0005
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0005
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0006
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0006
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0006
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0007
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0007
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0008
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0008
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0008
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0009
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0009
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0009
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0010
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0010
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0011
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0011
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0012
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0012
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0013
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0013
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0013
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0014
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0014
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0014
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0015
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0015
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0015
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0016
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0016
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0016
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0017
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0017
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0017
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0017
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0018
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0018
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0019
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0019
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0019
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0019
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0020
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0020
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0020
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0020
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0021
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0021
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0022
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0022
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0022
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0022
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0023
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0023
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0023
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0024
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0024
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0024
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0025
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0025
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0025
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0025
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0028
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0028
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0029
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0029
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0029
https://odphp.health.gov/healthypeople
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0035
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0035

Y. He et al.

[36]

neighbourhood environmental, and lifestyle factors. Int J Env Res Public Health
2022;19(17).

Singh S, Zhong S, Rogers K, Hachinski V, Frisbee S. Prioritizing determinants of
cognitive function in healthy middle-aged and older adults: insights from a

machine learning regression approach in the Canadian longitudinal study on aging.

Front Public Health 2023;11:1290064.

The Journal of Aging Research & Lifestyle 15 (2026) 100056

[37] Yuan C, Linn KA, Hubbard RA. Algorithmic fairness of machine learning models for
Alzheimer Disease progression. JAMA Netw Open 2023;6(11):e2342203.

[38] Cross JL, Choma MA, Onofrey JA. Bias in medical AlL: implications for clinical
decision-making. PLOS Digit Health 2024;3(11):e0000651.

[39] Franklin G, Stephens R, Piracha M, Tiosano S, Lehouillier F, Koppel R, et al. The
sociodemographic biases in machine learning algorithms: a biomedical informatics
perspective. Life (Basel) 2024;14(6).


http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0035
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0035
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0036
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0036
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0036
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0036
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0037
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0037
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0038
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0038
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0039
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0039
http://refhub.elsevier.com/S2534-773X(25)00056-4/sbref0039

	A predictive model for cognitive decline using social determinants of health
	1 Introduction
	2 Methods
	2.1 Dataset
	2.2 Data preprocessing and feature engineering
	2.3 Machine learning and statistical analysis
	2.4 Error and bias analysis

	3 Results
	3.1 Participants
	3.2 Model performance and feature importance
	3.3 Error analysis
	3.4 Bias analysis

	4 Discussion
	Fundings
	Data statement
	Declaration of the use of generative AI and AI-assisted technologies
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgement
	Supplementary materials
	References


