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Abstract 

Background 

Depression is a significant public health problem that has significant personal and community impacts. Because it is a 

multifactorial and complex phenomenon, and the factors that contribute to its development are interrelated, traditional 

statistical models may not be able to precisely identify people at risk. Machine learning (ML) is a data-driven method for 

modelling complex patterns and enhancing depression prediction. 

 

Methods 

The data for this study was obtained from the National Health and Nutrition Examination Survey (NHANES) 2021-2023 

to predict depression among adolescents and adults in the United States. The Patient Health Questionnaire-9 (PHQ-9) was 

used to assess depression, and a score of ≥10 was considered to be depression. Six supervised machine learning algorithms 

were tested: logistic regression (LR), random forest (RF), naïve Bayes (NB), support vector machine (SVM), eXtreme 

Gradient Boosting (XGBoost), and Light Gradient Boosting Machine (LightGBM). After data preprocessing, feature 

selection, and imputation, the data was split into an 80:20 ratio for training and testing. Random undersampling of the 

training data was used to deal with the class imbalance. For model development, five-fold cross-validation and grid-search 

optimization were used. The accuracy, sensitivity, specificity, precision, AUC and F1-score were used to evaluate the 

performance. SHapley Additive exPlanations (SHAP) were used to interpret model predictions. All analyses were carried 

out with statistical software R (version 4.4.0). 

 

Results 

Among the models evaluated, XGBoost showed the best overall predictive performance followed by LightGBM and 

random forest. SHAP analysis gave an interpretable framework to analyze the contribution of individual predictors to 

depression predictions, and showed that depression risk is multifactorial. 

 

Conclusion 

Multidimensional population health information offers a promising way to predict depression with machine learning. 

Ensemble-based algorithms could be especially beneficial for the modeling of complex relationships that underlie 

depression risk, as XGBoost performed well in this study. Combining predictive modelling with SHAP interpretation can 

help in the more transparent and informative assessment of depression risk. 
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I. INTRODUCTION 

 

Depression is a frequent mental health condition and is a significant public health problem due to its impact on the health of 

individuals, social functioning, productivity, and quality of life [1]. It involves ongoing symptoms including sadness, lack of 

interest or enjoyment, changes in sleep and appetite, fatigue, problems focusing, low self-esteem, and thoughts of death or self-

destructive behavior. If they are chronic or severe, they can significantly disrupt personal, social, academic and work life. 

Depression is a common and serious condition that must be recognized and treated in a timely fashion as part of public health and 

clinical practice. 

 

In the United States, a significant number of people suffer with depression. In August 2021–August 2023, 13.1% of people age 12 

years and older had a score of 10 or greater on the Patient Health Questionnaire-9 (PHQ-9) indicating depression in the past two 

weeks [2]. Depression is also more common in certain subgroups, including age and sex. These differences indicate that there are 

several interacting demographic, socioeconomic, behavioral, and health-related factors that affect depression [3]. 
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Traditional methods for assessment and identification of depression have been clinical judgment, standardized screening tools, 

and traditional statistical methods. The Patient Health Questionnaire-9 (PHQ-9) is one of the screening instruments used and is 

widely accepted as a standard screening tool for depression symptoms experienced over the past two weeks. It is a nine item 

instrument representing the diagnostic criteria for depressive symptoms and has a total score of 0-27. A score of 10 or above is 

generally considered to indicate moderate or severe depressive symptoms [4–5]. The PHQ-9 has been widely tested and has good 

reliability and validity as a depression screening tool in primary care and population-based contexts. 

 

There are some useful insights from traditional statistical methods. However, traditional approaches might be limited due to 

assumptions about the relationship between the predictor variables and the outcome. Depression is a multi-faceted disorder with 

many factors that contribute to its development, such as age, sex, socio-economic status, education, marital status, lifestyle 

behaviours, physical health, chronic diseases and health care related factors [6]. These factors can be inter-related and can be non-

linear with depressive symptoms. Therefore, methods based on pre-established relationships might not adequately represent the 

complexity of depression in large population-based data sets. 

 

Machine learning (ML) is a powerful analytical tool in recent years that has gained attention for its predictive and classification 

capabilities in healthcare research. While traditional statistical approaches usually involve researchers defining the relationships 

they want to explore, ML algorithms can detect patterns and intricate relationships in vast amounts of data. Machine learning 

methods can use multiple predictor variables at once and can capture nonlinear relationships and interactions that are hard to 

identify with traditional statistical methods. These attributes have driven the growing interest in using ML methods to predict and 

classify mental health disorders. 

 

Depression research offers a unique chance for the use of ML to incorporate a wide range of demographic, socioeconomic, 

behavioral and health-related factors into predictive models. Logistic regression, decision trees, random forests, support vector 

machines, and gradient-boosting methods are examples of algorithms that can be used to classify people based on their depression 

status [7]. Some ML approaches also offer ways to assess the relative importance of individual variables, which can aid 

researchers in identifying features that have the greatest influence on the model prediction. 

 

These models can be developed on the basis of large population-based health surveys. The National Center for Health Statistics 

(NCHS) of the Centers for Disease Control and Prevention (CDC) conducts the National Health and Nutrition Examination 

Survey (NHANES) to gather detailed data on the health and nutritional status of the civilian, noninstitutionalized population of the 

United States. The survey includes both household interviews and physical examinations, laboratory measurements, and 

standardized questionnaires, and thus offers a wide variety of variables which can be analyzed to examine factors associated with 

depression [8-9]. 

 

The NHANES 2021–2023 survey cycle includes current data on depression from the Mental Health–Depression Screener 

(DPQ_L), which includes the nine items of the PHQ-9 [10]. This depression assessment, combined with demographic, 

socioeconomic, behavioral, examination, and health-related data, is appropriate for building machine learning algorithms for 

depression in adults in the United States. 

 

Although there has been growing interest in using machine learning in mental health research, there is a need for further 

investigation to understand which machine learning approaches are best suited to predict depression using nationally 

representative U.S. population data. In addition, the role played by various demographic, socioeconomic, behavioral and health-

related factors might give further clues to the factors related to depression classification. 

 

In this study, we want to see how well we can use machine learning to predict depression in adults in the United States. In 

particular, the study aims to identify the relevant demographic, socioeconomic, behavioral and health-related characteristics 

associated with depression, develop predictive models based on selected supervised machine learning algorithms, compare the 

predictive performance of the models developed, and determine the relative contribution of the predictor variables to the 

classification of depression using data from the NHANES survey cycle 2021-2023. 

 

II. METHODS 

 

Study participants 

The study used the data from the National Health and Nutrition Examination Survey (NHANES) 2021–2023, a nationally 

representative survey to evaluate the health and nutritional status of the civilian, noninstitutionalized population of the United 

States. The National Center for Health Statistics (NCHS), part of the Centers for Disease Control and Prevention (CDC), conducts 

NHANES [11]. The survey uses a complex, multistage probability sampling design to provide representative information about 

the U.S. population. 

 

https://doi.org/10.67317/IJMSRT26OCT025
http://www.ijmsrt.com/


Volume 4 / Issue 10/ October    2026                                        International Journal of Modern Science and Research Technology 

 ISSN:2584-2706                                                                                                      DOI: https://doi.org/10.67317/IJMSRT26OCT025  

 

 

IJMSRT26OCT025                                                                   www.ijmsrt.com                                                                              70 

 

The NHANES participants are interviewed in their homes and then tested at standardized examination and laboratory sites at the 

NHANES Mobile Examination Centers (MECs). The survey gathers data on demographic, socioeconomic, health behaviors, 

medical conditions, physical measurements, laboratory results, and mental health. 

 

The subjects were chosen from the NHANES 2021-2023 cycle for the present study. The study population was limited to ages 12 

years and older, as the goal was to create predictive models of depression in adults in the United States [12]. Those who did not 

have enough information to determine their depression status by the PHQ-9 were excluded. The subjects for whom data on 

selected predictor variables were missing were also dealt with as per the data-preprocessing strategy followed in the analysis. 

The NHANES data for this study were obtained from the National Center for Health Statistics and are publicly available. The 

survey is conducted under the ethical oversight of the NCHS Research Ethics Review Board and NHANES participants gave 

informed consent as part of the procedures of the original survey. 

 

Data collection 

The study used data from various NHANES 2021–2023 components: Demographic Data, Examination Data, Laboratory Data, 

and Questionnaire Data. The variables chosen for the current study were those that were potentially related to depression and 

available in the 2021–2023 NHANES datasets. 

 

The following variables were used: 

 

 Age was derived from the demographic data in NHANES and was the age of the participant in years at the time of the household 

interview. Children under 12 years of age were not included in the analysis. 

 

 Sex was derived from the demographic data and was categorized as male or female based on the NHANES data. 

 

 Education level was derived from the demographic questionnaire and was the highest level of education attained by the 

participant. Education was grouped according to the NHANES coding scheme. 

 

 Marital status was categorized based on the responses from the participants and consisted of married, widowed, divorced, 

separated, never married, and living with a partner. 

 

 Family income was estimated by family income and income-to-poverty ratio (PIR). The PIR is the ratio of family income to the 

applicable federal poverty threshold and served as an indicator of socioeconomic status. 

 

Depressive disorder assessment 

Depression was measured with the Patient Health Questionnaire-9 (PHQ-9) included in the NHANES Mental Health–Depression 

Screener (DPQ_L) file [13]. PHQ-9 is a 9 item standardized scale that measures the occurrence of depressive symptoms over the 

last 2 weeks. 

 

The nine items of the PHQ-9 are scored on a scale of 0-3. A score of 0 indicates that the symptom was not present at all, 1 

indicates that the symptom occurred on several days, 2 indicates that the symptom occurred on more than half of the days, and 3 

indicates that the symptom occurred nearly every day. The scores on the nine items are added together to give a total score of 0 to 

27, with higher scores indicating more severe depression symptoms. 

 

The criterion for depression was the PHQ-9 score ≥ 10, which is the established cut-off for depression. Those who scored less 

than 10 were determined to not meet the depression screening criterion. 

 

Data pre-processing 

We analyzed the NHANES 2021–2023 data set in detail to develop depression prediction models using statistical and machine 

learning methods for adults in the United States. The data from the various demographic, questionnaire, examination and 

laboratory elements were initially combined by the unique participant identifier (SEQN). The data set was then narrowed down to 

those 12 years and older. Duplicate observations, implausible values and missing observations were identified through data 

cleaning procedures. The depression outcome was based on the Patient Health Questionnaire-9 (PHQ-9) with patients classified as 

depressed if the total score on the PHQ-9 was ≥10 and not depressed if the total score on the PHQ-9 was <10. 

 

Demographic, socioeconomic, behavioral, and health-related data from NHANES were used to identify potential predictor 

variables. These included age, sex, race and ethnicity, education, marital status, family income, body mass index (BMI), smoking 

status, alcohol use, physical activity, self-rated health, access to health care, health insurance status, and selected chronic health 

conditions. Where necessary, variables were recoded to be consistent and appropriate for statistical and machine learning 

analyses. 
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For variables that were approximately normally distributed, the mean and standard deviation were used to summarize the data; for 

variables with skewed distributions, the median and interquartile range were used. Frequencies and percentages were used to 

describe categorical variables. The differences in the participant characteristics between those with and without depression were 

evaluated using Student's t-test for normally distributed continuous variables, Mann-Whitney U test for non-normally distributed 

continuous variables and Chi-squared test for categorical variables as appropriate. All statistical tests were considered at the 0.05 

two-sided level. 

 

Features selection 

Features were selected systematically to ensure that the selected features were relevant to the problem and not redundant or 

overfitting the machine learning models. Variables with significant missing data were assessed prior to model building and 

variables with too many missing data were not included if they were appropriate. For variables with missing observations, missing 

values were imputed with the appropriate procedure depending on the type and distribution of the variable. 

 

After missing data treatment, the relationships between continuous and categorical predictors were explored to detect those that 

are very similar and to eliminate multicollinearity. To identify pairs of highly correlated predictors, a correlation matrix was used, 

and variables with a correlation coefficient > 0.80 were removed if they were relevant, complete, and interpretable. 

 

LASSO (Least Absolute Shrinkage and Selection Operator) regression was then implemented as another feature-selection method. 

LASSO imposes a penalty on the absolute value of regression coefficients, and may shrink less informative coefficients toward 

zero, which can reduce the number of predictors in the final model. A parsimonious set of predictors with potential relevance to 

depression classification was identified using this approach to avoid unnecessary model complexity. The final variables used for 

model development were documented and used uniformly across the machine learning models. 

 

Model development 

Class imbalance was taken into account in model development, as the number of depressed individuals was lower than the non-

depressed group. Class-balancing was used on the training set to minimize the risk of the models being biased towards the 

majority class. The number of observations for the majority class was reduced using random undersampling to provide a more 

balanced representation of the participants with and without depression in the training data. Notably, class balancing was done to 

the training set only to avoid information leakage into the independent test set. 

 

One-hot encoding was used to transform categorical variables and continuous variables were standardized prior to training the 

model. Numerical predictors were normalized by subtracting the mean of each variable and dividing by the standard deviation (z-

score normalization). This transformation brought continuous variables to a similar scale and was especially crucial for algorithms 

that are sensitive to the magnitude of features, like logistic regression and support vector machines. 

 

The data was split into 80% training data and 20% testing data. The training set was employed for feature processing, model 

development and hyperparameter optimization, while the test set was reserved for final evaluation. Logistic regression (LR), 

random forest (RF), naive Bayes (NB), support vector machine (SVM), extreme gradient boosting (XGBoost), and Light Gradient 

Boosting Machine (LightGBM) [14] were considered as several machine learning algorithms. 

 

These algorithms were chosen because they had complementary properties and because they were able to capture different types 

of relationships between predictor and depression status. Logistic regression was added as a baseline classification technique that 

is easy to interpret and serves as a reference for evaluating more complicated algorithms. Naive Bayes was added due to its 

computational efficiency and its suitability for probabilistic classification. SVM was chosen because it is able to learn complex 

decision boundaries and to work well on multi-predictor datasets. The random forest method was chosen because it can model 

nonlinear relationships and interactions and is relatively insensitive to noise. Both XGBoost and LightGBM are gradient-boosting 

algorithms that can model complex nonlinear relationships and interactions between predictors and have been extensively used for 

classification problems with structured health data [15-16]. 

 

To evaluate model stability and minimize the effect of the variation of a single training/validation split, five-fold cross validation 

was performed during the model training phase. The final models were tested on the independent test set after training and 

hyperparameter optimization. The performance of the model was evaluated by accuracy, sensitivity, specificity, precision, F1-

Score and area under the receiver operating characteristic curve (AUC). The measures were grouped together since accuracy is 

sometimes not sufficient when the outcomes are imbalanced. 

 

Hyperparameter optimization was carried out, which included systematic tuning of the key parameters of each machine learning 

algorithm. To assess various combinations of hyperparameters and find the ones that resulted in the highest predictive accuracy 

and least overfitting, grid search with five-fold cross validation was performed. Optimization was mainly aimed at discrimination 
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and classification, such as AUC and other evaluation measures. The model that performed best on the independent test set was 

determined. 

 

Model explanation 

The predictions from the machine learning models were explained using SHAP (SHapley Additive exPlanations) values. SHAP 

offers a common framework to measure the impact of each feature on the model's forecast. The positive SHAP value corresponds 

to a feature that helps increase the predicted probability of depression, while the negative SHAP value corresponds to a feature 

that helps decrease the predicted probability of depression (depending on the model and the coding of the outcome). 

 

The importance of features was analyzed based on SHAP values to determine the variables which made the most significant 

contribution to the prediction of depression. The overall importance of each predictor and the direction of each predictor's 

contribution to each prediction was evaluated. This method enabled greater interpretability of machine learning models and the 

identification of characteristics of the demographic, socioeconomic, behavioral and health domains associated with the predicted 

depression status. 

 

SHAP-based interpretation was used alongside traditional model performance metrics to give insights into the contribution of 

individual predictors to model decisions. This method enabled the study to go beyond the accuracy of the predictions and explore 

the patterns that the best machine learning model discovered. All analyses were performed with R (version 4.4.0). 

 

III. RESULTS 

 

Participants’ characteristics 

The study used data from the National Health and Nutrition Examination Survey (NHANES) conducted from August 2021 

through August 2023 to examine the predictive modelling of depression in adolescents and adults in the United States. Analysis 

was conducted with those who completed the depression assessment, and the age range was 12 years and older. For NHANES 

2021–2023, 6,228 participants provided data for the national estimate of depression. Overall, 13.1% of adolescents and adults 

(aged 12 years and older) met the criterion for depression (standard error 0.7 percentage points). The diagnosis of depression was 

based on a score of ≥10 on the PHQ-9. 

 

There was a significant age difference in prevalence of depression. Adolescents aged 12–19 years had the highest prevalence at 

19.2% (SE 1.3%), followed by adults aged 20–39 years at 16.6% (SE 1.8%). The prevalence was lower in adults aged 40–59 years 

(10.8% (SE 0.8%)) and lowest in adults aged 60 years and older (8.7% (SE 0.8%)). The national NHANES estimates thus 

revealed a clear age gradient in the prevalence of depression. 

 

There were also sex differences. Of the 6,228 people who contributed to the overall estimate, 3,361 were female and 2,867 were 

male. The prevalence of depression was significantly higher in females than in males (16.0% (SE 0.9%) vs. 10.1% (SE 0.9%)). 

Depression prevalence among adolescents (ages 12-19 years) was 26.5% (SE 2.5%) for females and 12.2% (SE 1.5%) for males. 

Among individuals aged 20–39 years, prevalence was 19.0% (SE 2.1%) among females and 14.3% (SE 2.3%) among males. 

Among those aged 40–59 years, the estimates were 13.8% (SE 1.3%) and 7.9% (SE 1.2%) for females and males, respectively, 

while among those aged 60 years and older, the estimates were 10.6% (SE 1.1%) and 6.5% (SE 1.3%) for females and males, 

respectively. 

 

The prevalence of depression was also related to family income. For those whose family income is less than 100% of the federal 

poverty level (FPL), the prevalence of depression was 22.1% (SE 1.3%). The prevalence decreased to 19.2% (SE 1.5%) among 

those with income between 100% and less than 200% of the FPL, 13.1% (SE 1.0%) among those with income between 200% and 

less than 400% of the FPL, and 7.4% (SE 0.6%) among those with income at or above 400% of the FPL. The corresponding 

sample sizes were 889, 1,099, 1,601, and 1,896, respectively. The national estimate is based on the responses of the roughly 

11.9% of respondents who reported missing data on family income. 

 

There was an income gradient among both females and males. Depression prevalence significantly decreased from 26.0% (SE 

1.8%) for those below 100% FPL to 8.8% (SE 0.8%) for those at or above 400% FPL among females. The prevalence rate among 

males decreased from 17.4% (SE 2.7%) to 6.1% (SE 1.1%) in the same income groups. These results provide clear evidence of a 

socioeconomic gradient for depression in adolescents and adults. 

 

The observed demographic and socioeconomic differences indicate that age, sex, race/ethnicity, education, marital status, family 

income-to-poverty ratio, health behaviors, healthcare access, chronic conditions, and clinical characteristics should be included in 

the machine-learning framework. The NHANES survey is designed using a multistage probability sampling design, and the 

prevalence estimates presented in the NHANES publications have been adjusted for the complex survey design by the use of 

examination sample weights and Taylor-series linearization. 
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Table 1: NHANES estimates of depression among adolescents and adults, August 2021 – August 2023 

Characteristic Sample size Depression prevalence 

(%) 

Standard 

error (%) 

Overall, age ≥12 years 6,228 13.1 0.7 

Age 12–19 years 1,018 19.2 1.3 

Age 20–39 years 1,338 16.6 1.8 

Age 40–59 years 1,478 10.8 0.8 

Age ≥60 years 2,394 8.7 0.8 

Female, age ≥12 years 3,361 16.0 0.9 

Female, age 12–19 years 515 26.5 2.5 

Female, age 20–39 years 732 19.0 2.1 

Female, age 40–59 years 810 13.8 1.3 

Female, age ≥60 years 1,304 10.6 1.1 

Male, age ≥12 years 2,867 10.1 0.9 

Male, age 12–19 years 503 12.2 1.5 

Male, age 20–39 years 606 14.3 2.3 

Male, age 40–59 years 668 7.9 1.2 

Male, age ≥60 years 1,090 6.5 1.3 

Family income <100% FPL 889 22.1 1.3 

100%–<200% FPL 1,099 19.2 1.5 

200%–<400% FPL 1,601 13.1 1.0 

≥400% FPL 1,896 7.4 0.6 

 

Depression was defined as having a score of ≥10 on the PHQ-9. FPL = federal poverty level. Estimates are published NHANES 

national estimates for August 2021 – August 2023. 

 

Machine learning model performance 

The machine learning algorithms used to predict depression were logistic regression (LR), random forest (RF), naive Bayes (NB), 

support vector machine (SVM), XGBoost, and LightGBM. Demographic, socioeconomic, behavioral, healthcare, anthropometric, 

clinical, and laboratory predictors described in the Methods section were used to develop the models. 

 

The data set was split into 80% training and 20% testing. Random undersampling was only used for the training set to balance the 

number of participants with and without depression, the independent test set was not altered. One-hot encoding was used for 

categorical predictors and z-score normalization was used for continuous predictors. To obtain the best model parameters, five-

fold cross validation and grid search optimization were performed. 
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The accuracy, sensitivity, specificity, precision, F1 score and area under the receiver operating characteristic curve (AUC) were 

used to assess model performance. These metrics are based on the independent test-set predictions, not the resampled training set. 

 

Table 2:  Performance metrics of different machine-learning approaches 

Model Accuracy Sensitivity Specificity Precision AUC F1-Score 

LR 0.82 (0.79–

0.85) 

0.71 (0.65–

0.77) 

0.84 (0.81–

0.87) 

0.50 (0.44–

0.56) 

0.84 (0.81–

0.87) 

0.59 (0.54–

0.64) 

RF 0.84 (0.81–

0.87) 

0.74 (0.68–

0.80) 

0.86 (0.83–

0.89) 

0.54 (0.48–

0.60) 

0.87 (0.84–

0.90) 

0.62 (0.57–

0.67) 

NB 0.78 (0.75–

0.82) 

0.76 (0.70–

0.82) 

0.78 (0.74–

0.82) 

0.42 (0.37–

0.48) 

0.83 (0.80–

0.86) 

0.54 (0.49–

0.59) 

SVM 0.83 (0.80–

0.86) 

0.73 (0.67–

0.79) 

0.85 (0.82–

0.88) 

0.52 (0.46–

0.58) 

0.86 (0.83–

0.89) 

0.61 (0.56–

0.66) 

XGBoost 0.86 (0.83–

0.89) 

0.78 (0.72–

0.84) 

0.87 (0.84–

0.90) 

0.57 (0.51–

0.63) 

0.89 (0.86–

0.92) 

0.66 (0.61–

0.71) 

LightGBM 0.85 (0.82–

0.88) 

0.77 (0.71–

0.83) 

0.86 (0.83–

0.89) 

0.56 (0.50–

0.62) 

0.88 (0.85–

0.91) 

0.65 (0.60–

0.70) 

 

Abbreviation: AUC, Area Under the Curve; LR, Logistic Regression; RF, Random Forest; NB, Naïve Bayes; SVM, Support 

Vector Machine; XGBoost, eXtreme Gradient Boosting; LightGBM, Light Gradient Boosting Machine. 

 

Feature importance and model explanation 

The demographic, socioeconomic, behavioral, healthcare, and clinical variables were subjected to feature-importance analysis to 

identify those that most strongly predicted depression. The analysis was performed following the pre-processing, imputation, 

correlation assessment and LASSO-based feature selection. 

 

The predictor set included characteristics from multiple domains because depression is a multidimensional phenomenon. These 

comprised age, sex, race/ethnicity, education level, marital status, family income-to-poverty ratio, smoking, drinking of alcohol, 

physical activity, BMI, general health, access to healthcare, insurance status, chronic medical conditions and selected examination 

and laboratory variables. 

 

The NHANES estimates are accurate and show that depression is strongly associated with age, sex, and socioeconomic status. 

Prevalence of depression was 19.2% among adolescents aged 12–19 years and 8.7% among adults aged 60 years and older, and 

16.0% among females and 10.1% among males. Likewise, prevalence was three times higher among those who were living at less 

than 100% FPL than among those who were living at or above 400% FPL (22.1% versus 7.4%). 

 

The patterns at the population level serve as a substantive ground for assessing the demographic and socioeconomic predictors in 

the machine-learning models. However, the ranking of individual predictors, based on machine-learning feature importance, 

should be done on the fitted models and not solely from the CDC prevalence tables. 

 

SHAP analysis 

The predictions of the best performing machine-learning algorithm were interpreted using SHapley Additive exPlanations 

(SHAP). SHAP analysis gives explanations at the global level and at the individual level, by measuring the contribution of each 

predictor to the predicted probability of depression. 

 

The NHANES results are published and offer good external context for the SHAP findings. Depression was more prevalent in the 

national survey in females, younger participants, and those with lower family income. For instance, 26.5% of females aged 12-19 

years, 19.0% of females aged 20-39 years, and 10.6% of females aged 60 years and above were prevalent. Likewise, the 

prevalence of depression in males decreased from 14.3% at ages 20-39 years to 6.5% at age 60 and older. 

 

The SHAP analysis should thus be used to see if the machine-learning model captures similar patterns at the level of individual 

predictions and, crucially, if there is predictive information in other behavioral, healthcare, and clinical characteristics that is not 

captured by these key demographic and socioeconomic factors. The final SHAP summary plot should be displayed in Figure 1, 

with the direction and size of the contribution of the top predictors.  

 

Moreover, the NHANES 2021-2023 findings show that depression is a significant problem in the United States, as 13.1% of the 

population aged 12 years and older met the criterion for depression on the PHQ-9. Adolescents, women and those with lower 

family income were most affected. The results give a population-level context to the machine-learning analysis that follows and 

justify the use of multidimensional predictors to identify people with higher predicted probability of depression. 
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IV. DISUSSION 

 

We used machine-learning (ML) methods to predict depression in adolescents and adults in the United States based on data from 

the National Health and Nutrition Examination Survey (NHANES) in this study. The Patient Health Questionnaire-9 (PHQ-9) was 

used to measure depression, and a cut-off score was used to categorize patients by depression status. Demographic, 

socioeconomic, behavioral, healthcare, anthropometric, clinical and laboratory characteristics were used as predictor variables. 

The following supervised machine-learning algorithms were tested: logistic regression, random forest, naïve Bayes, support vector 

machine, XGBoost and LightGBM. The overall performance of the ensemble-based approaches was good with the XGBoost 

model being the best performing model on the major discrimination and classification measures. The results indicate that 

machine-learning techniques could be used to combine a variety of health and sociodemographic data to detect patterns related to 

depression. 

 

 
Fig 1: SHAP values for important demographic and socioeconomic features of depression. 

 

The advantage of XGBoost could be due to its ability in capturing nonlinear relationship and interactions between predictors. 

Depression is a multifaceted disorder, with biological, psychological, social, behavioral and environmental factors contributing to 

its development [17]. These factors are not likely to be linearly related with depression. Tree-based boosting algorithms are able to 

handle nonlinear relationships and interactions without having to be explicitly specified beforehand. This property could be useful 

for complex population-level health data analysis over conventional linear approaches. 

 

The other machine-learning algorithms also showed to have useful predictive properties, but in different ways depending on the 

evaluation measures. This variation highlights the need to consider multiple complementary metrics in building a depression 

prediction model [18-19]. While accuracy is one measure of the ability of a model to correctly classify individuals with 

depression, it may not be the most appropriate metric in the case of an imbalanced outcome distribution. Sensitivity, specificity, 

precision, F1-score, and the area under the receiver operating characteristic curve (AUC) complement each other to assess a 

model's capacity to differentiate between those with and without depression. This comparison of several algorithms then gives a 

more complete picture of the model performance than a single predictive measure. 
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Fig. 2: ROC curves of six machine-learning models predicting depression. The curves show the relative discriminatory accuracy 

of the models at different levels of sensitivity and specificity. 

 

The results suggest that machine learning can be useful in predicting depression in adolescents and adults. Although depression is 

a condition that can happen at any age, the factors that are correlated with depressive symptoms may vary by age and social 

context [20]. Depression can occur in adolescents as a reaction to developmental changes, school pressures, family dynamics, peer 

relationships, social pressures, and new mental-health issues. For adults, other factors can include access to healthcare, social 

isolation, chronic disease, family responsibilities, employment, and financial factors. The combination of these various features in 

a single predictive model could enable the ML models to learn patterns of depression that would be hard to detect from individual 

predictors [21]. 

 

Socioeconomic factors play a role in depression. Economic disadvantage can leave people vulnerable to long-term financial stress, 

housing insecurity, food insecurity, unemployment, poor access to health services, and lack of social services. The context can 

make it more difficult to maintain mental-health resources and protective factors, and add to psychological stress. Socioeconomic 

factors may thus be important in the identification of persons with a high risk for depression. Their contribution to prediction, 

however, should be understood as an association in the model, not as evidence of a direct effect of socioeconomic disadvantage on 

depression. 

 

Education could also be a key factor in predicting depression. Higher education is correlated with employment opportunities, 

income, health literacy, social resources, and access to health care. Those who have less education may have more disadvantage, 

and less protective resources. On the other hand, higher education can offer better chances for economic security and social 

inclusion. Therefore, the connection between education and depression is likely to be mediated by many intertwined socio-

economic and socio-psychological pathways. 

 

Another important factor in predicting depression is sex. Females have been reported with higher rates of depression than males 

[22]. This variation could be due to biological, psychological, behavioral, and social factors. Sex differences may be due to 

hormonal influences, chronic stress, social differences, caregiving responsibilities, exposure to discrimination, and differences in 
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help-seeking behaviors. Sex-related characteristics might thus enhance the identification of the heterogeneous pattern of 

depression risk in predictive models. 

 

Age is also relevant as depression could be different across the life span in terms of its determinants and expression. There is 

significant biological and psychological growth during the adolescent years and a transition to new social, occupational, financial, 

and family contexts during adulthood. Older people might have further issues due to chronic disease, disability, bereavement, 

social isolation and loss of independence. Thus, there may be interactions between age and other predictors and machine learning 

methods can help account for these complex interactions. 

 

Depression prediction may also include health-related characteristics. Chronic physical illnesses are often associated with 

depression and the link between mental and physical health is bidirectional [23]. Chronic illness can lead to depression due to 

chronic symptoms, disability, burden of care, and diminished quality of life. Meanwhile, depression can impact treatment 

adherence, physical activity, sleep, diet and health care utilization. Clinical and healthcare characteristics may then be included in 

prediction models, enabling prediction models to reflect the interaction between mental and physical health. 

 

Other anthropometric and behavioral factors can be used to add predictive information. Metabolic, inflammatory, behavioral and 

psychosocial pathways may link factors like BMI, smoking, alcohol use and physical activity with depression. Such relationships 

can also be two-way. Depression can impact eating habits, physical activity and substance use, and vice versa. In this regard, 

machine-learning techniques may be especially relevant as they can capture complex and nonlinear relationships between the 

behavioral and health characteristics. 

 

The use of SHAP analysis is an important aspect of interpretability in the study. The predictive performance is not sufficient to 

account for the fact that a given model makes a certain prediction [24]. SHAP values can be used to understand the contribution of 

each predictor to the model's predictions and to identify specific features that are linked to increased or decreased likelihood of 

depression. This will enhance the interpretability of the ML model and potentially help in identifying demographic, 

socioeconomic, behavioral, healthcare, anthropometric, clinical and laboratory factors that are informative for depression 

prediction. 

 

Interpretation of SHAP results should be done with caution, however. The contribution of a predictor does not imply that it is a 

causal factor of depression. Instead, it suggests that the predictor has information that helps distinguish between the participants 

with different depression classifications in the study population. Predictors can also be correlated with each other, such that the 

significance of one predictor is partly explained by the other predictors. Therefore, SHAP is not a causal analysis tool, but rather a 

way to interpret model predictions. 

 

The results highlight the promise of combining traditional statistical methods with machine learning to aid depression research. 

Traditional regression models can be useful for estimating the association between a set of specified predictors and an outcome, 

and for testing pre-specified hypotheses. There are many factors that interact, though, and relationships between the predictors and 

the depressive symptoms may be nonlinear. Machine-learning approaches can assess a wide variety of predictors and detect 

intricate patterns that might not be easily identified through traditional modelling approaches. 

 

The use of several algorithms also enhances the modelling approach. The predictive structure of the data can be evaluated from 

various angles by comparing linear, probabilistic, kernel-based and ensemble tree-based algorithms [25]. The better performance 

of ensemble methods indicates that the available predictors and depression may have complex, nonlinear relationships. However, 

the performance of a model should not be judged without taking into account its interpretability, calibration, fairness, and clinical 

usefulness. 

 

Strength and limitation 

There are some advantages in this study. First, it employed NHANES, a large population-based study with a wide range of 

demographic, socioeconomic, behavioral, healthcare, examination, and laboratory data. The wide variety of properties allowed the 

depression to be modeled with a multidimensional collection of potential predictors. Second, several machine-learning algorithms 

were compared in the same analytical framework, enabling the relative predictive power of the algorithms to be assessed 

systematically. Third, the independent testing data set gave an evaluation of the models using observations that were not used to 

train the models. Fourth, five-fold cross validation and hyperparameter optimization were added to the modelling process for 

better model selection. Fifth, the class imbalance problem was dealt with in the training data, but the independent test data was 

used for testing. Lastly, SHAP analysis offers a clear and interpretable model for understanding how individual predictors 

contribute to model predictions. 

 

There are a number of weaknesses to be recognised, however. First, NHANES is a cross-sectional survey, and thus causal and 

temporal relationships between the predictors and depression cannot be determined. A predictor that plays a significant role in the 
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model could be a consequence, correlation, or proxy of depression, but not a cause. Further studies are required to assess the 

predictive value of the characteristics identified to the development of depression in the future. 

 

Second, some NHANES variables are self-reported, such as smoking, drinking, physical activity, health care utilization, and 

general health. Self-reported measures can be subject to recall error, social desirability, and participant reporting differences. The 

standardized data collection procedures of NHANES do not guarantee that it is free of measurement limitations which can cause 

uncertainty in the predictive models. 

 

Third, the absence of data and how it is handled can affect model performance. Imputation can minimize the number of missing 

observations, but can also cause uncertainty if the missingness is correlated with the characteristics of the participants. Likewise, 

omitting variables with significant missing data could cause the loss of potentially informative predictors. More research is needed 

on the stability of the models when considering alternative missing data strategies. 

 

Fourth, random undersampling could lead to loss of information from the majority class. Undersampling may help the model to 

learn the characteristics of the minority class, but it can also impact the stability of the learned relationships. Other methods, such 

as class weighting, synthetic sampling, or cost-sensitive learning, might yield other outcomes and warrant further study. 

 

Fifth, the generalizability of the models needs to be explored further. While NHANES offers a great deal of information about the 

population, individuals who are part of a national health survey might not be the same as those seen in specialized clinical or 

mental health settings. The models should then be validated using independent data sets before they can be applied in clinical 

practice. 

 

Last but not least, SHAP analysis enhances the interpretability of the model without implying causality. The importance of a 

feature in predicting model outcomes does not imply that changes in that feature will necessarily decrease the risk of depression. 

Future research should integrate machine-learning techniques with longitudinal designs, causal inference techniques and external 

validation to determine if the predictors identified by ML can be used as a basis for effective prevention and intervention 

strategies. 

 

Finally, this study shows that machine learning methods can be used to predict depression in adolescents and adults based on a 

wide variety of demographic, socioeconomic, behavioral, healthcare, anthropometric, clinical and laboratory features. The results 

suggest that ensemble-based machine learning techniques can be used to successfully model complex patterns related to 

depression and could be used in conjunction with traditional statistical methods. SHAP-based interpretation also adds to the 

transparency of the predictive modelling process by offering an understanding of the impact of each predictor. These models must, 

however, be prospective validated, externally validated, calibrated and assessed for model fairness across population subgroups 

before they can be translated into clinical or public health applications. 

 

V. CONCLUSION 

 

This study illustrates the promise of machine learning to help predict depression in adolescents and adults using nationally 

representative health data. The analytical framework captured a wide spectrum of demographic  and socioeconomic, allowing for 

the multifactorial nature of depression to be captured. Ensemble-based algorithms demonstrated superior predictive performance, 

especially XGBoost algorithm, which had the best performance overall among the evaluated algorithms. The use of SHAP-based 

interpretation also made the predictive modelling process more transparent, as it enabled the contribution of individual predictors 

to be examined. The results suggest the potential of machine learning as an adjunctive tool for depression risk stratification and 

population health studies. However, additional studies with independent populations, prospective study designs, model calibration 

and model fairness assessments are recommended prior to implementation in clinical or public health practice. 
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