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ABSTRACT: Subjective cognitive decline (SCD) is a frequent early symptom of Alzheimer’s disease and other dementias. This 
study used national survey data and machine learning to identify factors linked to SCD. Adults aged ≥45 years who completed 
the 2022 Behavioral Risk Factor Surveillance System cognitive decline module were included (n=62,743). The outcome was a yes/
no report of worsening confusion or memory loss. Thirty-seven variables were selected from multiple domains and analyzed using 
four models: least absolute shrinkage and selection operator (LASSO), random forest (RF), extreme gradient boosting (XGB), 
and artificial neural network (ANN). A total of 11.0% of respondents reported SCD. Model accuracy was 0.818–0.834, and the 
area under the receiver operating characteristic curve (AUROC) ranged from 0.751 to 0.755. Aggregated feature importance 
ranked depression highest, followed by chronic obstructive pulmonary disease, lack of emotional support, unemployment, arthritis, 
stroke, low income, no physical activity, chronic heart disease, and short sleep duration. Logistic regression confirmed these 
associations, with depression showing an odds ratio of 2.46 (95% CI 2.23–2.72). SCD was associated with several modifiable 
factors. Interventions addressing mental health, chronic disease management, social support, and adequate sleep may reduce the 
risk and the burden of cognitive decline.  

KEYWORDS: Medical and Health Sciences, Public Health, Subjective Cognitive Decline, Depression, Chronic Diseases and 
Social Support.

�   Introduction
Subjective cognitive decline (SCD), a frequent early symptom 

of Alzheimer’s disease (AD) and other dementias, is reported 
by 9.6% of adults aged ≥45 years in the United States.1 SCD is 
defined as a self-reported observation of worsening confusion 
or memory loss and is usually identified by the Subjective Cog-
nitive Disorder Questionnaire (SCD-Q). While the incidence 
of SCD is on a steady rise among older adults, the number 
of individuals who experience age-associated cognitive decline 
is expected to grow. The estimated lifetime risk of AD for a 
45-year-old is currently 19.5% for women and 10.3% for men.2 
In 2023, the national cost for Alzheimer's and other dementias 
was an estimated $345 billion, and this figure is projected to 
rise to nearly $1 trillion by 2050, as stated in the Alzheimer's 
Association's 2023 Facts and Figures report.3 In addition to 
the financial burden, the disease places a significant amount 
of emotional and physical distress on caregivers.4 Given such 
profound impact of cognitive diseases on individuals and their 
families, there is an urgent need to identify modifiable risk 
factors that could lead to better prevention and management 
strategies.

A series of studies have analyzed national survey data, such 
as the National Health and Nutrition Examination Survey 
(NHANES) and the Behavioral Risk Factor Surveillance Sys-
tem (BRFSS), to investigate the predictors of cognitive decline. 
A past NHANES study suggested that certain dietary factors, 
such as an anti-inflammatory diet like the Mediterranean diet, 
could have a positive impact on cognitive performance.5 Re-
search using BRFSS data has identified multiple modifiable 
factors associated with SCD; state-level analyses revealed that 

poverty, diabetes, and hypertension were strongly correlated 
with SCD and functional impairments.6 Smoking also showed 
a graded association with SCD, with the highest prevalence in 
current smokers compared to never smokers.7 Sleep problems, 
particularly comorbid insomnia and sleep apnea, were related 
to almost double the odds of SCD compared to healthy sleep 
patterns.8 Additionally, insufficient social and emotional sup-
port was associated with a higher prevalence of SCD.9 These 
findings demonstrate the value of BRFSS data for identifying 
modifiable risk factors at a population level; however, the pre-
vious studies were limited by outdated datasets and a narrow 
focus on specific factors rather than a comprehensive evalua-
tion of a wide range of potential predictors.

In the past decade, machine learning techniques have pro-
vided new analytic ways for large-scale survey datasets, such 
as NHANES and BRFSS, which enable the identification of 
complex relationships and the discovery of unexpected predic-
tors in the field of epidemiology. By leveraging methods such as 
clustering, predictive modeling, and feature selection, machine 
learning can process high-dimensional data and reveal nuanced 
patterns often missed by traditional statistical approaches.10 
This capability is particularly valuable in exploring the interac-
tions between socioeconomic, behavioral, and medical factors 
and their collective impact on cognitive health, which can lead 
to more tailored and effective interventions.11

Our study sought to apply various machine learning al-
gorithms to identify risk factors associated with SCD, using 
data from the 2022 BRFSS. The findings of this research were 
intended to guide interventions and help reduce the burden 
of cognitive decline on society as well as individuals and fam-
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ilies. To achieve this, we selected a broad range of variables 
from multiple domains and applied different machine learning 
algorithms to determine the factors linked to SCD. Feature 
importance was calculated for each algorithm, and the scores 
were combined to identify variables that were consistently sig-
nificant across all models.

�   Methods
Study population:
The BRFSS is a nationwide, population-based survey that 

includes a large sample size and collects a wide range of de-
mographic, socioeconomic, and health-related data. Among 
the most recent publicly available BRFSS datasets, the 2022 
BRFSS provides the widest coverage of non-clinical risk fac-
tors, including socioeconomic indicators and health-related 
behavioral factors. Therefore, it was selected for this study to 
examine the associations between memory loss and modifi-
able, non-clinical risk factors among U.S. adults. In the 2022 
BRFSS dataset (n = 445,133), only adults aged 45 years and 
older (n = 311,176) were eligible for the Cognitive Decline 
Module. Among these respondents, adults who answered ei-
ther “yes” or “no” to the question, “During the past 12 months, 
have you experienced confusion or memory loss that is happening 
more often or is getting worse?” were included in this analysis. 
The final study population consisted of 62,743 adults.

Variable selection:
In the study, the outcome variable, SCD, was a binary de-

pendent variable determined through a yes/no response to the 
CMEMLOS questionnaire item. During the variable selec-
tion process, we excluded variables that were directly related to 
sampling methods, inherently sex-specific (e.g., mammogra-
phy, prostate-specific antigen testing), consequential to SCD 
(e.g., decision-making difficulties and self-reported health 
status), or derived or overlapping variables of other variables 
under consideration. As a result, a total of 37 variables were 
selected. These variables were classified into six categories 
(1) Demographic variables: sex (male or female), age groups 
(45–65 or 65+), race (non-Hispanic white or others), living ar-
rangements (living alone or together), marital status (married, 
separated/divorced/deceased, and unmarried), veteran status, 
and living with children; (2) socioeconomic variables: income 
levels (<35,000, 35,000-70,000, or 70,000+), educational lev-
el (graduated college, some college, high school or less than 
high school), housing type (own or rent), and current employ-
ment status; (3) medical condition variables: the presence of 
chronic diseases such as asthma, chronic obstructive pulmo-
nary disease (COPD), chronic kidney disease, cancer, stroke, 
coronary artery disease/myocardial infarction, diabetes, arthri-
tis, depression, tooth loss, and obesity (body mass index > 25); 
(4) accessibility to medical care variables: having a personal 
medical care provider, health insurance, and doctor visit in the 
preceding year; (5) health-related behavioral variables: heavy 
drinking (more than 14 drinks per week for males and more 
than 7 drinks per week for females), smoking status (never 
smoker, former smoker or current smoker), flu vaccination, 
frequency of intended physical activity in the past 30 days, and 

sleep duration; and (6) social and emotional well-being vari-
ables: presence of adverse childhood experiences, frequency of 
feeling socially isolated (always/usually or sometimes/never), 
and the availability of social and emotional support (always/
usually or sometimes/never).

Data preprocessing:
To address multicollinearity, predictors were evaluated using 

the variance inflation factor (VIF). Variables with VIF values 
greater than 10 were removed iteratively. Missing data was 
handled using multivariate imputation by chained equations 
(MICE), which imputes missing values while accounting for 
relationships between variables.12 Variables with more than 
20% missing responses were excluded from imputation to 
reduce bias.13 In this process, three variables were excluded: 
living with children (high multicollinearity), frequency of 
feeling isolated, and COVID-19 vaccination status (high pro-
portion of missing responses).

Machine learning models and feature importance aggrega-
tion:

Four advanced machine learning models were used to eval-
uate predictors and determine their importance. These models 
included least absolute shrinkage and selection operator (LAS-
SO) regression, a random forest classifier (RF), an extreme 
gradient boosting algorithm (XGB), and an artificial neural 
network (ANN). LASSO is a linear model with L1 regular-
ization that selects features by shrinking irrelevant coefficients 
to zero.14 Both XGB and RF are tree-based models capable 
of exploring non-linear relationships. XGB uses boosting, a 
sequential process where trees are constructed to correct errors 
from previous ones,15 whereas RF uses bagging. In this par-
allel process, multiple decision trees are independently built 
on bootstrapped subsets of the data.16 ANN is a nonlinear 
model composed of interconnected layers of neurons that can 
learn complex patterns.17 Each model was trained and vali-
dated using a 5-fold stratified cross-validation procedure to 
ensure robustness and reduce overfitting. Model performance 
was evaluated using accuracy, area under the receiver operating 
characteristic curve (AUROC), and F-1 score.

Feature importance was primarily calculated using mod-
el-specific methods if available intrinsically. For LASSO, the 
absolute values of the coefficients were used, as it performs 
variable selection by shrinking irrelevant coefficients to zero. 
In XGB and RF, split-based metrics were applied, with gain 
used for XGB and mean decrease in impurity for RF, to eval-
uate how features improved model splits. In contrast to the 
other three algorithms, ANN lacks internal measures of fea-
ture importance; therefore, permutation-based importance 
scores were calculated to measure the effect of each feature on 
model performance.18 To ensure comparability, the importance 
scores were normalized by dividing each score by the total 
importance within each model. Then the normalized scores 
were summed across models to produce aggregated feature 
importances to identify variables consistently important across 
models. Additionally, to provide an interpretable measure of 
the relationships between predictors and the outcome (i.e., 
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SCD), the ten most significant predictors identified through 
machine learning were further evaluated using logistic regres-
sion and presented as odds ratios (ORs) with 95% confidence 
intervals (CIs).

Statistical analysis:
All analyses were conducted using Python (version 3.10.11). 

Data preprocessing was performed using pandas (version 
2.2.3) and NumPy (version 1.25.2). LASSO and RF were 
implemented using scikit-learn (version 1.7.2). XGB was 
implemented using XGBoost (version 3.1.3), and ANN was 
implemented using PyTorch (version 2.4.1). GLM analyses 
were performed using statsmodels (version 0.14.3). A P-value 
of less than 0.05 was considered statistically significant.

�   Results 
Study population characteristics:
The study included 62,743 adults aged 45 years and older, 

representing 14.1% of survey respondents. Among them, 6,912 
(11.0%) reported SCD. Compared with adults without SCD, 
those with SCD were more likely to be aged ≥65 years, non-
White or Hispanic, unmarried, veterans, and living alone (all 
p<0.001; Table 1). They had lower income, lower educational 
attainment, lower home ownership, and higher unemployment 
(p<0.001). Depression (43.7% vs. 16.5%), asthma, chronic ob-
structive pulmonary disease, chronic kidney disease, cancer, 
coronary heart disease, stroke, diabetes, and arthritis were 
more prevalent in the SCD group. In contrast, obesity showed 
no significant difference (p=0.379). Adults with SCD were 
less likely to report having a personal healthcare provider or 
health insurance and more likely to have shorter sleep dura-
tion, lower physical activity, and current smoking (all p<0.001). 
Adverse childhood experiences, lack of emotional support, and 
frequent social isolation were also more common in the SCD 
group (all p<0.01).

Performance of the prediction model:
The performance of the four machine learning models was 

evaluated for predicting SCD using accuracy, AUROC, and 
F1-score (Table 2). Overall, model performance was compa-
rable across algorithms. Accuracy ranged from 0.818 to 0.834, 
and AUROC values ranged from 0.751 to 0.757. F1-scores 
were similar across models, ranging from 0.359 to 0.363.

Identif ication of signif icant predictors across all models:
Figure 1 shows both consistent and model-specific patterns 

in variable importance measures. Depression was the most 
important predictor, ranked first across all models. Lack of 
emotional support and unemployment were also consistent-
ly ranked among the top five across models. Arthritis, stroke, 
low income, and no physical activity were generally ranked 
within the top 10, indicating their relevance across multiple 
approaches. Some variables displayed model-specific differ-
ences. For example, COPD was ranked second in XGB and 
RF but had lower importance in LASSO (rank 17) and ANN 
(rank 14). Similarly, short sleep duration was ranked 9–10 in 
XGB and RF but lower in LASSO and ANN (ranks 19 and 
10). Variables such as no flu vaccination, no health insurance, 
and heavy alcohol consumption were consistently among the 
least important predictors across all models.

The aggregated feature importance analysis identified 
depression as the most important variable, with a higher im-
portance score (0.7625) compared to other variables (Figure 
2). COPD, lack of emotional support, unemployment, and 
arthritis were among the top five variables, with scores rang-
ing from 0.2200 to 0.3127. Other predictors in the top 10 
included stroke, low income, no physical activity, heart disease, 
and short sleep duration, with scores ranging from 0.1065 to 
0.1854.
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decline (SCD). Adults with SCD had a higher prevalence of depression and 
multiple chronic diseases, along with socioeconomic disadvantage and lower 
levels of protective health behaviors.
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�   Discussion 
Main Findings:
This study analyzed predictors of subjective cognitive de-

cline (SCD) among adults aged 45 years and older using the 
2022 BRFSS. The prevalence of SCD was 11.0%, similar to 
prior BRFSS reports.19 Depression was the most significant 
predictor. Other significant predictors included lack of emo-
tional support, COPD, arthritis, unemployment, stroke, low 
income, no physical activity, chronic heart disease, and short 
sleep duration.

Depression and Dementia Risk:
A series of large population-based studies has demonstrat-

ed that depression significantly increases the risk of cognitive 
decline and dementia.20-22 Additionally, each episode of depres-
sion is associated with an increased risk of all types of dementia, 
with a 14% increase per episode.23 Multiple biological mech-
anisms are known to link depression to dementia, including 
steroid and neurotransmitter dysregulation, hippocampal atro-
phy, inflammation, increased deposition of beta-amyloid, and 
cerebrovascular changes.24,25 Animal and human studies have 
suggested that antidepressant medication may reduce dementia 
risk by attenuating hippocampal structural damage, enhancing 
neuroplasticity, and reducing amyloid and tau pathology.26 
Depression should therefore be considered an important mod-
ifiable risk factor in strategies to prevent or delay dementia.

Data are presented as means with 95% confidence intervals 
in parentheses.

Abbreviations: AUROC, area under the receiver operating 
curve; LASSO, least absolute shrinkage and selection opera-
tor; XGB, extreme gradient boosting algorithm; RF, random 
forest; ANN, artificial neural network.

Conf irmation of signif icant predictors using logistic regres-
sion:

Logistic regression was conducted to evaluate the association 
between the top 10 variables identified through aggregat-
ed feature importance and SCD (Table 3). Depression was 
the strongest predictor (OR: 2.461; 95% CI: 2.229–2.717). 
Lack of emotional support (1.936; 1.773–2.114) and stroke 
(1.698; 1.556–1.854) also showed strong associations. COPD, 
arthritis, unemployment, and chronic heart disease showed 
moderate associations with ORs ranging from 1.289 to 1.516, 
all statistically significant (p<0.001). Low income, no physi-
cal activity, and short sleep duration were also significant, with 
smaller effect sizes (OR, 1.119–1.361).
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Table 2: Comparison of performance to predict subjective cognitive decline 
among the four machine-learning models. All four models demonstrated 
comparable predictive performance, indicating stable and reliable identification 
of factors associated with subjective cognitive decline.

Table 3: Odds ratios estimated by logistic regression for the top 10 predictors 
identified by aggregated feature importance. These results indicate that the 
highest-importance factors identified by the machine-learning models were 
statistically significant predictors of subjective cognitive decline.

Figure 1: Variable importance ranks across models. Several factors, such as 
depression and lack of emotional support, maintained high importance across 
all models, whereas others varied substantially among models. This pattern 
indicates both shared and model-specific determinants of subjective cognitive 
decline. Darker red indicates higher importance (lower rank), and darker 
blue indicates lower importance (higher rank). COPD = chronic obstructive 
pulmonary disease; LASSO = least absolute shrinkage and selection operator; 
XGB = extreme gradient boosting algorithm; RF = random forest; ANN = 
artificial neural network.

Figure 2: Top 10 variables by aggregated feature importance across the four 
advanced machine-learning models. Depression showed the highest overall 
importance, followed by COPD, lack of emotional support, unemployment, 
and arthritis. Stroke, low income, no physical activity, chronic heart disease, 
and short sleep duration also ranked among the top ten. COPD = chronic 
obstructive pulmonary disease; LASSO = least absolute shrinkage and 
selection operator; XGB = extreme gradient boosting algorithm; RF = random 
forest; ANN = artificial neural network.
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ty Over-sampling Technique combined with Tomek Links 
(SMOTE-Tomek) are often used in previous studies to ad-
dress imbalance by generating synthetic minority samples.37 
While these methods can enhance predictive performance, 
they may also distort the original associations between vari-
ables and outcomes, which was a central concern in this study.38 
Our primary aim was not to optimize model performance but 
to identify and evaluate predictors of SCD. To this end, we 
aggregated feature importance scores across models, which 
helped reduce bias inherent to any single method and provid-
ed more robust rankings of predictors. This approach also has 
limitations, as normalization and aggregation may dilute mod-
el-specific signals and obscure predictors that are important in 
one model but not in others. In some cases, consensus across 
models may overemphasize shared predictors while underrep-
resenting unique insights from individual models.

Limitations:
This study has several limitations. The cross-section-

al design of the BRFSS limits causal inference. Reliance on 
self-reported measures of both SCD and predictor variables 
may also introduce recall bias. Excluding variables with a high 
proportion of missing responses, such as adverse childhood ex-
periences, may have reduced the scope of the analysis. Future 
research should use longitudinal designs to clarify causal path-
ways and validate these findings.

�   Conclusion 
In this study, we identified key predictors of SCD us-

ing machine learning models applied to 2022 BRFSS data. 
Depression was the most consistent risk factor, and chronic 
medical conditions, inadequate emotional support, and insuf-
ficient sleep were also significant contributors, indicating the 
multifactorial nature of SCD. These results clarify the asso-
ciations between multiple predictors and SCD. Combining 
statistical approaches with machine learning may improve the 
interpretability of large survey data and inform public health 
strategies.
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