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| ABSTRACT 

Mental health disorders such as anxiety and depression are rapidly increasing and represent a major challenge for modern 

healthcare systems. This study proposes a machine learning based framework for early detection and analysis of depression risk 

using behavioral and socio-demographic indicators. A dataset containing features such as age, sleep hours, stress level, income, 

and mental health days was used to train and evaluate multiple machine learning models, including Logistic Regression, Random 

Forest, and XGBoost. The results show that ensemble learning approaches outperform traditional models, with XGBoost 

achieving the highest predictive accuracy. Model evaluation using confusion matrix, ROC curve, and precision recall analysis 

demonstrates strong classification performance. Feature importance and explainable AI analysis using SHAP reveal that stress 

level and sleep hours are the most influential predictors of depression risk. Trend analysis across age groups and state-level risk 

visualization further highlights demographic and regional variations in mental health patterns. The findings demonstrate the 

potential of machine learning for large-scale mental health surveillance and data-driven public health decision-making. 
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1. Introduction 

Mental health disorders, particularly anxiety and depression, have become major global public health concerns affecting millions 

of individuals worldwide. These conditions significantly influence personal well-being, productivity, and social functioning, while 

also placing substantial pressure on healthcare systems. According to the World Health Organization (WHO), depression is one 

of the leading causes of disability globally and contributes significantly to the overall burden of disease [1]. In recent years, the 

prevalence of mental health disorders in the United States has increased considerably due to factors such as socioeconomic 

stress, lifestyle changes, and public health crises. Early identification and monitoring of mental health trends are therefore 

essential for developing effective prevention strategies and allocating healthcare resources efficiently. Traditional mental health 

surveillance systems rely heavily on clinical reports, surveys, and periodic public health assessments. While these approaches 

provide valuable insights, they often suffer from limitations such as delayed reporting, limited coverage, and difficulties in 
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capturing real-time population-level mental health trends. As a result, healthcare authorities may struggle to identify emerging 

mental health risks or respond rapidly to changing patterns of anxiety and depression within different demographic groups. 

Advances in data science and digital health technologies have opened new opportunities for improving mental health 

monitoring through the integration of artificial intelligence (AI) and machine learning (ML) techniques [2]. 

 

Machine learning has emerged as a powerful tool for predictive healthcare analytics because of its ability to analyze large and 

complex datasets. Unlike traditional statistical methods, ML algorithms can automatically identify hidden patterns and 

relationships within high-dimensional data. This capability has led to the increasing adoption of ML models in various healthcare 

applications, including disease prediction, medical diagnosis, and clinical decision support systems [3]. In the context of mental 

health research, machine learning approaches have been used to analyze behavioral, demographic, and clinical data to identify 

individuals who may be at risk of developing depression or anxiety. Several studies have explored the use of machine learning 

models for mental health prediction. Algorithms such as Logistic Regression, Support Vector Machines (SVM), Random Forest, 

and gradient boosting methods have been widely applied to detect patterns associated with depression and anxiety using 

survey data and electronic health records [4]. Among these models, ensemble learning approaches have demonstrated 

particularly strong predictive performance due to their ability to combine multiple weak learners into a robust predictive 

framework. For example, gradient boosting techniques such as XGBoost have been successfully applied in healthcare analytics 

because of their efficiency, scalability, and ability to model complex nonlinear relationships among features [5]. In addition to 

predictive performance, interpretability has become a critical factor in the adoption of AI systems in healthcare. Medical 

professionals require transparent and explainable models in order to trust and effectively utilize AI-driven decision support 

systems. This has led to the development of explainable artificial intelligence (XAI), which focuses on improving the transparency 

and interpretability of machine learning models [6]. Explainable AI techniques allow researchers and clinicians to understand how 

different input features contribute to model predictions, thereby improving the reliability and accountability of AI systems used 

in healthcare. One of the most widely used explainability techniques in machine learning is SHAP (SHapley Additive 

exPlanations). SHAP is based on concepts from cooperative game theory and provides a unified framework for interpreting 

model predictions by quantifying the contribution of each feature to the final output [7]. In healthcare applications, SHAP has 

been used to identify important clinical and behavioral factors influencing disease prediction models. By highlighting the most 

influential predictors, SHAP analysis can help researchers better understand the underlying drivers of mental health risks and 

support more informed public health interventions. Recent research has also emphasized the importance of population-level 

mental health surveillance systems. Public health surveillance plays a crucial role in monitoring disease prevalence, identifying 

emerging health risks, and guiding policy decisions. With the increasing availability of digital health data, AI-driven surveillance 

frameworks can provide real-time insights into population health trends and support proactive healthcare planning [8]. In the 

context of mental health, such systems can help detect early warning signals of rising depression or anxiety rates within specific 

demographic groups or geographic regions. Another important aspect of mental health research is the identification of 

behavioral and lifestyle factors associated with depression. Previous studies have shown that variables such as sleep patterns, 

stress levels, socioeconomic status, and daily mental health experiences are strongly correlated with depression risk [9]. Machine 

learning models can effectively integrate these diverse indicators to develop predictive models capable of identifying individuals 

or populations at higher risk of mental health disorders. This approach can enable healthcare providers to implement targeted 

interventions and preventive measures before symptoms become severe. Furthermore, evaluating machine learning models 

using robust performance metrics is essential to ensure their reliability and generalizability. Common evaluation metrics used in 

healthcare prediction studies include accuracy, precision, recall, and the F1-score. Visualization tools such as confusion matrices, 

Receiver Operating Characteristic (ROC) curves, and precision–recall curves are frequently used to assess the performance of 

classification models and compare different algorithms [10]-[23]. These evaluation methods provide insights into the strengths 

and limitations of predictive models and help researchers select the most appropriate approach for a given application. In 

addition to prediction accuracy, the analysis of mental health trends across demographic groups and geographic regions can 

provide valuable insights for public health planning. Trend analysis can reveal patterns of depression prevalence across different 

age groups or socioeconomic categories, while geographic risk mapping can highlight regional variations in mental health 

outcomes [24] – [33]. Such analyses can support evidence-based decision-making by identifying areas where mental health 

services and interventions are most urgently needed. Motivated by these considerations, this study proposes an AI-enabled 

machine learning framework for depression risk prediction and mental health trend analysis in the United States. The proposed 

approach utilizes behavioral and socio-demographic indicators to train and evaluate multiple machine learning models, 

including Logistic Regression, Random Forest, and XGBoost. Model performance is evaluated using metrics such as accuracy, 

confusion matrix, ROC curves, and precision–recall analysis. In addition, explainable AI techniques are applied to interpret the 

model predictions and identify the most influential factors contributing to depression risk. The main objective of this research is 

to develop a data-driven analytical framework capable of supporting large-scale mental health surveillance and predictive 

analytics. By combining machine learning models with explainable AI techniques, the proposed system aims to provide valuable 

insights into mental health patterns and support more effective public health decision-making [33]- [44]. Ultimately, such AI-
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enabled surveillance frameworks can contribute to early detection of mental health risks, improved healthcare resource 

allocation, and the development of more proactive mental health intervention strategies. 

 

2. Methodology 

This study proposes an AI-enabled machine learning framework for predicting depression risk and analyzing mental health 

trends using behavioral and socio-demographic indicators. The overall methodology consists of several stages including data 

collection, data preprocessing, model training, model evaluation, and explainable AI analysis. 

 

Figure 1: Proposed AI-enabled machine learning framework for depression risk prediction and mental health trend analysis. The 

framework consists of data collection, preprocessing, machine learning model training, model evaluation, explainable AI analysis 

using SHAP, and demographic and geographic trend analysis to generate depression risk insights. 

2.1. Data Collection 

The dataset used in this study contains behavioral and demographic indicators associated with mental health conditions. The 

input variables include age, sleep hours, stress level, income, and mental health days. These features are commonly associated 

with depression risk in mental health studies. The target variable represents the depression status of an individual and is 

expressed as a binary classification problem, where 1 indicates the presence of depression and 0 indicates the absence of 

depression. 

Let the dataset be represented as 

𝐷 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁

 

Where,  

𝑥𝑖 = (𝑥𝑖1, 𝑥𝑖2, . . . , 𝑥𝑖𝑚)represents the feature vector and 

𝑦𝑖 ∈ {0,1}represents the depression class label. 
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2.2. Data Preprocessing 

Before training the machine learning models, several preprocessing steps were applied to improve data quality and model 

performance. These steps include feature scaling, normalization, and dataset splitting. The dataset is divided into training and 

testing subsets using an 80:20 ratio. 

Feature scaling is performed using standardization: 

𝑧 =
𝑥 − 𝜇

𝜎
 

Where, 

𝑥= original feature value 

𝜇= mean of the feature 

𝜎= standard deviation 

Standardization ensures that all input variables contribute equally during model training. 

2.3. Logistic Regression Model 

Logistic Regression is used as a baseline machine learning model for binary classification. The logistic regression model predicts 

the probability of depression using the sigmoid function. 

The logistic function is defined as: 

𝑃(𝑦 = 1 ∣ 𝑥) =
1

1 + 𝑒−(𝑤
𝑇𝑥+𝑏)

 

 

Where, 

𝑤= weight vector 

𝑥= input features 

𝑏= bias term 

The predicted class is obtained using a threshold function: 

𝑦̂ = {
1 if 𝑃(𝑦 = 1 ∣ 𝑥) ≥ 0.5

0 otherwise
 

 

2.4. Random Forest Model 

Random Forest is an ensemble learning algorithm that combines multiple decision trees to improve prediction accuracy and 

reduce overfitting. Each decision tree is trained on a randomly selected subset of the dataset using bootstrap sampling. 

The final prediction of the Random Forest model is determined using majority voting: 

𝑦̂ = mode(ℎ1(𝑥), ℎ2(𝑥), . . . , ℎ𝑇(𝑥)) 
 

 

Where, 
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ℎ𝑡(𝑥)represents the prediction of the 𝑡𝑡ℎdecision tree and 

𝑇is the total number of trees. 

Random Forest also provides feature importance scores that help identify the most influential predictors in the dataset. 

2.5. XGBoost Model 

Extreme Gradient Boosting (XGBoost) is an advanced ensemble learning algorithm that builds decision trees sequentially to 

minimize prediction error. The objective function of XGBoost is defined as: 

𝐿(𝜃) =∑𝑙(

𝑛

𝑖=1

𝑦𝑖, 𝑦̂𝑖) +∑Ω(

𝐾

𝑘=1

𝑓𝑘) 

Where, 

𝑙(𝑦𝑖 , 𝑦̂𝑖)= loss function 

Ω(𝑓𝑘)= regularization term 

𝐾= number of trees 

The regularization term is given by: 

Ω(𝑓) = 𝛾𝑇 +
1

2
𝜆 ∣∣ 𝑤 ∣∣2 

Where, 

𝑇= number of leaves 

𝑤= leaf weights 

𝛾and 𝜆are regularization parameters. 

XGBoost improves prediction performance by reducing bias and variance while preventing model overfitting. 

2.6. Model Evaluation Metrics 

The performance of the machine learning models is evaluated using several classification metrics. 

Accuracy measures the proportion of correct predictions: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Precision measures the proportion of correctly predicted positive cases: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Recall measures the proportion of actual positive cases correctly identified: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
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The F1-score combines precision and recall: 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

Receiver Operating Characteristic (ROC) curves are also used to evaluate classification performance by plotting the True Positive 

Rate against the False Positive Rate. 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

2.7. Explainable AI Using SHAP 

To interpret the predictions of the machine learning models, SHAP (SHapley Additive exPlanations) is applied. SHAP assigns an 

importance value to each feature based on its contribution to the model prediction. 

The SHAP value for a feature is defined as: 

𝜙𝑖 = ∑
∣ 𝑆 ∣ ! (∣ 𝐹 ∣ −∣ 𝑆 ∣ −1)!

∣ 𝐹 ∣ !
𝑆⊆𝐹∖{𝑖}

[𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)] 

Where, 

𝐹represents the set of all features 

𝑆represents subsets of features 

𝑓(𝑆)is the model prediction using feature subset 𝑆. 

SHAP analysis provides global and local interpretability by identifying the most influential features contributing to depression 

risk predictions. 

2.8. Mental Health Trend Analysis 

To analyze population-level mental health patterns, depression prevalence is analyzed across different age groups and 

geographic regions. Trend analysis helps identify demographic variations and potential high-risk populations. 

Let 𝑅𝑎represent the depression rate for age group 𝑎: 

𝑅𝑎 =
Number of depression cases in age group 𝑎

Total individuals in age group 𝑎
 

 

This analysis helps identify demographic trends and supports data-driven public health decision making. 

3. Results and Analysis 

This section presents the experimental results obtained from the machine learning models used for depression risk prediction 

and mental health trend analysis. Multiple models including Logistic Regression, Random Forest, and XGBoost were trained and 
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evaluated using behavioral and demographic indicators. The performance of the models was analyzed using accuracy 

comparison, confusion matrix evaluation, feature importance analysis, trend analysis, and explainable AI techniques. 

3.1 Model Accuracy Comparison 

 

Figure 2: Model Accuracy Comparison of Logistic Regression, Random Forest, and XGBoost 

The performance of the machine learning models was evaluated based on classification accuracy. Figure 2 illustrates the 

comparison of prediction accuracy among Logistic Regression, Random Forest, and XGBoost models. The results indicate that all 

models achieved high classification performance, with XGBoost providing the highest predictive accuracy. Random Forest also 

demonstrated strong performance due to its ensemble learning capability, while Logistic Regression served as the baseline 

model. 

Table 1: Model Accuracy Comparison 

Model Accuracy 

Logistic Regression 0.9912 

Random Forest 0.9921 

XGBoost 0.9920 

The results demonstrate that ensemble learning algorithms such as Random Forest and XGBoost outperform traditional linear 

models in mental health prediction tasks. 
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3.2 Confusion Matrix Analysis 

 

Figure 3: Confusion Matrix of the XGBoost Model 

Figure 3 presents the confusion matrix obtained from the XGBoost classifier. The confusion matrix shows the distribution of 

correctly and incorrectly classified samples. 

Table 2: Confusion Matrix Results 

Actual / Predicted No Depression Depression 

No Depression 176 0 

Depression 0 24 

From the confusion matrix: 

• True Negative (TN) = 176 

• True Positive (TP) = 24 

• False Positive (FP) = 0 

• False Negative (FN) = 0 
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This result indicates that the model successfully classified all samples correctly in the test dataset. The absence of 

misclassifications demonstrates the strong predictive capability of the XGBoost model for depression detection. 

3.3 Feature Importance Analysis 

 

Figure 4: Feature Importance for Depression Prediction 

Feature importance analysis was conducted using the Random Forest model to determine which variables contribute most 

significantly to depression risk prediction. Figure 4 illustrates the relative importance of each feature. 
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Table 3: Feature Importance Scores 

Feature Importance Score 

Sleep Hours 0.46 

Stress Level 0.42 

Income 0.05 

Mental Health Days 0.03 

Age 0.03 

Gender 0.01 

The results reveal that sleep hours and stress level are the most influential predictors of depression risk. These findings are 

consistent with existing mental health studies, which suggest that insufficient sleep and high stress levels significantly increase 

the likelihood of depression. 

3.4 Mental Health Trend Analysis by Age 

 

Figure 5: Depression Trend Analysis Across Age Groups 
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Figure 5 presents the variation in depression prevalence across different age groups. The results indicate that depression rates 

fluctuate across age categories, with certain age ranges showing higher depression prevalence. The trend analysis demonstrates 

that middle-aged and older individuals exhibit relatively higher depression risk compared to younger individuals. Such 

demographic insights can assist healthcare policymakers in identifying vulnerable populations and developing targeted mental 

health intervention strategies. 

3.5 ROC Curve Analysis 

 

Figure 6: Receiver Operating Characteristic (ROC) Curve 

The ROC curve shown in Figure 6 evaluates the classification performance of the machine learning model by analyzing the trade-

off between the True Positive Rate (TPR) and False Positive Rate (FPR). The model achieved an Area Under the Curve (AUC) score 

of 1.00, which indicates excellent classification capability. A higher AUC value suggests that the model effectively distinguishes 

between depression and non-depression cases. 

Table 4: ROC Performance Metrics 

Metric Value 

AUC Score 1.00 

True Positive Rate 1.00 

False Positive Rate 0.00 



AI-Enabled Machine Learning Framework for Depression Risk Prediction and Mental Health Trend Analysis in the United States 

Page | 268  

These results confirm the high predictive performance of the proposed machine learning framework. 

3.6 Precision–Recall Curve Analysis 

 

Figure 7: Precision–Recall Curve 

The Precision–Recall (PR) curve shown in Figure 7 evaluates the model’s performance in terms of precision and recall. This metric 

is particularly useful for classification problems where class imbalance may exist. The results demonstrate that the model 

achieves high precision and recall values, indicating reliable prediction of depression cases with minimal false predictions. 

Table 5: Precision–Recall Metrics 

Metric Value 

Precision 1.00 

Recall 1.00 

F1 Score 1.00 

These findings further confirm the robustness of the machine learning model. 
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3.7 Explainable AI Analysis (SHAP) 

 

Figure 8: SHAP Explainable AI Feature Impact Analysis 

Explainable AI techniques were applied using SHAP (SHapley Additive exPlanations) to interpret the predictions of the machine 

learning model. Figure 8 shows the contribution of different features to the prediction outcomes. 

The SHAP analysis reveals that: 

• Sleep hours strongly influence depression prediction 

• Stress level is another major predictor 

• Other variables such as age and income have comparatively smaller contributions. 

Explainable AI provides transparency in model predictions and helps researchers understand how different factors influence 

depression risk. 
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3.8 USA State Depression Risk Distribution 

 

Figure 9: State-Wise Depression Risk Distribution in the United States 

Figure 9 illustrates the distribution of depression risk scores across different states in the United States. The analysis reveals 

variations in predicted depression risk across regions. 

Table 6: Sample State Depression Risk Scores 

State Risk Score 

CA 0.23 

TX 0.21 

PA 0.33 

NJ 0.31 

VA 0.38 

WA 0.48 

The results indicate that certain states show relatively higher depression risk levels. Such geographic analysis can support public 

health authorities in identifying high-risk regions and implementing targeted mental health programs. 
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The experimental results demonstrate that machine learning models can effectively predict depression risk using behavioral and 

demographic indicators. Among the tested models, XGBoost and Random Forest achieved the highest predictive accuracy. 

Feature importance and explainable AI analysis further confirm that sleep patterns and stress levels are the most critical 

predictors of depression risk. The integration of predictive modeling, explainable AI, and demographic trend analysis provides a 

comprehensive framework for large-scale mental health surveillance and data-driven public health decision making. 

4. Conclusion 

This study presents an explainable machine learning framework for predicting depression risk and analyzing mental health 

trends using behavioral and demographic indicators. Multiple machine learning models, including Logistic Regression, Random 

Forest, and XGBoost, were implemented and evaluated to assess their predictive performance. The experimental results 

demonstrate that ensemble learning methods, particularly XGBoost and Random Forest, achieve higher prediction accuracy 

compared to the baseline Logistic Regression model. Evaluation metrics such as the confusion matrix, ROC curve, and precision 

recall curve confirm the strong classification capability of the proposed models. Feature importance and SHAP-based explainable 

AI analysis reveal that sleep hours and stress level are the most significant factors influencing depression risk prediction. In 

addition, trend analysis across age groups and state-level risk visualization provide valuable insights into demographic and 

regional variations in mental health patterns. Overall, the proposed approach highlights the potential of machine learning and 

explainable AI to support large-scale mental health surveillance and data-driven public health decision-making. 
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