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Abstract 

Depression is a growing global health concern, particularly among adolescents and university students. Despite the 

availability of standardized assessments, delays in early detection remain a major barrier to effective treatment. 

Digital behavioral data holds considerable potential for mental health assessment, but its utilization remains limited 

due to the absence of integrated and interpretable computational models. This study presents an interpretable machine 

learning framework for classifying depression risk using multi-domain behavioral features extracted from simulated 

digital life datasets. Three public datasets were integrated and mapped to five psychological clusters based on DSM-

5 criteria: self-regulation, negative affect, cognitive strain, comparison and avoidance, and sleep disturbance. Two 

ensemble classifiers, Random Forest and XGBoost, were applied and evaluated using 10-fold stratified cross-

validation. Depression risk was categorized into three levels: Low, Medium, and High. The Random Forest model 

achieved the highest accuracy (81%) and macro-averaged F1-score (0.81), showing strong performance especially in 

identifying transitional Medium-risk users. To enhance transparency, both global and local model interpretations 

were performed using SHapley Additive exPlanations (SHAP). Results revealed that digital stressors such as 

excessive screen time and disrupted sleep patterns were prominent in high-risk classifications, while mood stability 

and mindfulness were protective factors in low-risk groups. The proposed framework offers a scalable and 

explainable for early depression screening by integrating psychological theory with artificial intelligence methods. 

The findings contribute to the field of behavioral informatics by demonstrating the practical value of interpretable 

models in enhancing the reliability, transparency, and applicability of digital mental health systems and personalized 

behavioral monitoring. 
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1. INTRODUCTION 

Depression has emerged as a major global mental health concern, affecting over 280 million 

people and ranking among the leading causes of disability worldwide [1]. In Indonesia, mental health 

issues are increasingly prevalent, with over 500,000 depression cases reported in 2022, predominantly 

among adolescents and university students [2]. Delays in screening and diagnosis often exacerbate 

symptoms and reduce treatment efficacy. This situation underscores the need for early, proactive, and 

scalable mental health risk detection strategies. 

With the growing integration of digital technologies in daily life, digital behavioral patterns such 

as excessive screen time, social media usage, sleep disruption, physical inactivity, and impulsive 

browsing are increasingly linked to psychological distress [3], [4]. These patterns can be captured 

passively through device usage logs or behavioral surveys, making them attractive data sources for 

machine learning (ML) models aimed at predicting mental health risk levels. However, most prior 
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research either focused on single-domain features or applied black-box models lacking transparency, 

raising challenges in real-world clinical or public health applications [5]. 

Depression is a multidimensional condition influenced by overlapping factors such as cognitive 

fatigue, negative affect, low self-control, and disrupted circadian rhythms [6], [7]. This study draws 

from the Diagnostic and Statistical Manual of Mental Disorders-Fifth Edition (DSM-5) classification to 

group symptoms into five psychological clusters: self-regulation, negative affect, cognitive strain, 

comparison and avoidance, and sleep disturbance [8]. Accurately modeling this complexity requires not 

only integrating features across domains but also ensuring interpretability to enable trust and actionable 

insights from the predictions, as outlined in several recent works summarized in Table 1 Related Studies. 

 

Table 1. Comparison of Related Studies  

No Authors (Year) Data & Modality Method or Model 
Findings & 

Limitations 

1 Asare et al. (2021) 

[9] 

Smartphone 

sensors (sleep, 

screen time) 

RF, SHAP, 

hyperparameter 

tuning 

Accuracy 85%; sleep 

duration & social 

interaction most 

influential. 

2 Imans et al. (2024) 

[10] 

Behavioral & 

demographic data 

Gradient Boosting, 

RF, SHAP 

Accuracy >90%; 

interpretable via 

SHAP; focused on 

severity. 

3 Amirhosseini et al. 

(2024) [11] 

Text, metadata, 

user activity 

(multimodal) 

RF, SVM RF outperformed; 

emphasized 

personalization of 

prediction. 

4 Liu & Shi (2022) 

[12] 

Social media 

posts 

Chi-Square, Info 

Gain, RF 

Affective & temporal 

features are key; 

ensemble performed 

best. 

5 Li & Xiao (2025) 

[13] 

Text + behavioral 

features from 

social media 

Transformer w/ 

Cross-Attention 

Accuracy 94.95%, 

F1-score 94.69%; 

integrated multi-

source signals. 

 

While previous research in digital mental health has applied machine learning techniques, many 

have been limited to single-domain features or relied on black-box models with limited interpretability. 

This study addresses these limitations by proposing a multi-domain behavioral fusion framework 

integrated with explainable ensemble learning. Leveraging DSM-5-based clustering and SHAP 

interpretation, the research advances behavioral informatics through the development of transparent and 

Interpretable AI systems for mental health risk screening. 

This study proposes a classification framework that fuses multi-domain digital behavioral features 

and maps them into psychological clusters aligned with DSM-5 depression indicators. Using three 

public-simulated datasets, features are engineered, merged, and labeled into three mental health 

categories: non-depressed, mildly depressed, and severely depressed. Random Forest and XGBoost are 

employed for classification, with SHAP used to generate global and local explanations of feature 

contributions. 

https://jutif.if.unsoed.ac.id/
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The contributions of this research are threefold: (1) constructing a structured digital behavior 

fusion dataset aligned with DSM-5-based clusters, (2) building interpretable ensemble classifiers for 

depression risk classification, and (3) visualizing feature impact using SHAP to support transparent 

model understanding. This framework presents a scalable, explainable, and domain-aware approach to 

mental health screening using behavioral data, bridging psychological theory with AI for real-world 

impact. 

2. METHOD 

This study adopts a structured experimental framework to classify depression risk based on 

behavioral indicators captured from digital life. The approach integrates multiple simulated datasets, 

applies feature-level fusion and psychological clustering based on DSM-5, and employs explainable 

machine learning (Random Forest and XGBoost with SHAP) for both prediction and interpretation. 

The end-to-end process consists of five primary phases: data collection and merging, pre-

processing and labelling, model training with 10-fold stratified validation, performance evaluation, and 

SHAP-based feature attribution. The complete framework which is illustrated in the research workflow 

shown in Figure 1. 

. 

Figure 1. Research framework 

1.1. Data Collection 

Three publicly available simulated datasets were sourced from Kaggle to represent diverse 

dimensions of digital behavior associated with mental health. These datasets were selected to support 

the goal of building a multi-domain behavioral classification framework for depression risk. 

The datasets are: 

a. Impact of Screen Time on Mental Health: Captures behavioral variables such as daily screen 

exposure, sleep quality, stress, and mood ratings [14]. 

b. Social Media Menace: Focuses on impulsive social media use, self-control, and digital addiction 

behaviors [15]. 

https://jutif.if.unsoed.ac.id/
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c. Social Media and Mental Health: Includes survey-based data containing demographic 

information, PHQ-9 depression scores, and behavioral self-assessments [16]. 

Combined, these datasets provide complementary insights into individual behavioral tendencies 

that may indicate mental health risk. 

1.2. Data Integration 

To construct a unified behavioral matrix, a feature-level fusion strategy was carried out in four 

main stages: 

a. Data Standardization: Standardized user identifiers and harmonized feature names across all 

datasets to ensure consistency and clarity. 

b. Psychological Feature Mapping: Categorized behavioral indicators into five psychological 

clusters based on DSM-5 such as self-regulation, negative affect, cognitive strain, comparison 

and avoidance, and sleep disturbance [8]. 

c. Feature-Level Fusion: Integrated features across datasets using the standardized user ID as a key 

to align individual records. 

Generated a final behavioral dataset comprising 24 attributes that represent multidomain patterns 

associated with depression risk. This integrated matrix served as the foundation for interpretable and 

comprehensive machine learning modeling. This fused dataset enabled comprehensive and interpretable 

modeling of depression risk using machine learning. 

1.3. Preprocessing  

The preprocessing phase involved several key steps to prepare the dataset for model training. 

First, categorical features were transformed into numerical format using label encoding to ensure 

compatibility with tree-based algorithms. Then, class labels for depression risk were constructed based 

on PHQ-9 scores and categorized into Low, Medium, and High risk levels [17], [18]. Due to initial class 

imbalance, an oversampling technique was applied to equalize the distribution across all three classes. 

Finally, all numerical features were normalized using Z-score standardization to stabilize variance and 

eliminate scale bias during model training. 

1.4. Model Development and Validation 

The selection of Random Forest and XGBoost was based on their reliability in handling 

multidimensional structured data and strong performance in previous studies [19], [20], which aligns 

with the objectives of this study. 

Two ensemble-based classifiers were selected:  

a. Random Forest (RF): Uses bagging to construct multiple decision trees; robust to overfitting [21], 

[22]. 

b. XGBoost (Extreme Gradient Boosting): A boosting-based model that introduces regularization 

and weighted updates for performance improvement [23], [24]. 

Model development was implemented in Python using Scikit-Learn and XGBoost within Google 

Colaboratory. The dataset was evaluated using Stratified K-Fold Cross Validation (K=10), which 

maintains label proportions across folds [25]. In each fold, 90% of data was used for training and 10% 

for testing. 

1.5. Performance Metrics 

To evaluate the effectiveness of the classification models, this study employed four standard 

performance metrics: 

a. Accuracy: The ratio of correct predictions to the total number of predictions. 

https://jutif.if.unsoed.ac.id/
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b. Precision: The proportion of true positives among all predicted positives, reflecting model 

exactness. 

c. Recall: The proportion of true positives among all actual positives, indicating model 

sensitivity. 

d. F1-Score: The harmonic mean of precision and recall, providing a balanced measure 

between the two. 

All metrics were calculated using macro-averaging to ensure fair evaluation across the 

three depression risk classes (Low, Medium, High). Additionally, confusion matrices were 

constructed for each fold to capture detailed misclassification patterns and support class-level 

performance analysis [26]. 

1.6. Explainability Using SHAP 

To enhance interpretability, SHAP (SHapley Additive exPlanations) was employed [5], [27]. This 

method assigns a contribution value to each feature in a prediction based on cooperative game theory 

(Shapley values). It provides both: 

a. Global explanation: Summary plots to visualize average importance per feature across the dataset. 

b. Local explanation: Individual bar plots to identify dominant factors influencing single-user 

predictions. 

This dual-level interpretability is particularly essential in mental health applications, where trust, 

accountability, and actionable insights are critical for ethically deploying AI-driven risk assessments 

(Explainable artificial intelligence for mental health through transparency and interpretability for 

understandability). 

3. RESULT 

This section presents the outcomes of the experimental workflow, including classification 

performance metrics, confusion matrix analysis, and model explainability using SHAP. Two ensemble 

models, Random Forest and XGBoost, were trained and evaluated to categorize users into three levels 

of depression risk. The performance of each model is quantitatively assessed through accuracy, 

precision, recall, and F1-score. Additionally, to ensure interpretability and transparency in prediction, 

both global and local SHAP analyses were conducted to examine how different behavioral features 

influence model decisions at population and individual levels. 

3.1. Data Collection 

This study utilized three publicly available simulated datasets from Kaggle, each representing 

distinct dimensions of digital behavior relevant to mental health analysis: 

a. Impact of Screen Time on Mental Health (ddmh.csv): Comprising 2,000 entries and 25 attributes, 

this dataset captures behavioral patterns related to screen time, sleep quality, productivity, and 

stress. It explores correlations between screen exposure and psychological symptoms such as 

anxiety and stress. 

b. Social Media Menace (twosm.csv): Containing 1,000 entries and 31 attributes, this dataset 

focuses on maladaptive social media behaviors, including impulsivity, low self-control, and 

digital addiction. It was designed to evaluate the psychological impact of excessive social media 

use. 

c. Social Media and Mental Health (ssmh.csv): This survey-based dataset consists of 481 entries 

and 21 attributes, including demographic data, social media usage patterns, and psychological 

https://jutif.if.unsoed.ac.id/
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self-assessment metrics. It includes PHQ-9 scores, serving as a standardized indicator of 

depression and anxiety symptoms. 

3.2. Data Integration  

A feature-level fusion strategy was employed to integrate the three source datasets into a unified 

behavioral matrix consisting of 24 attributes associated with depression risk. This fused dataset serves 

as the foundation for interpretable and multidomain machine learning modeling. 

The features span key behavioral domains including screen time, self-control, emotional 

regulation, sleep quality, attention span, and social comparison capturing the complex relationship 

between digital behavior and mental health. 

All variables were standardized, renamed, and harmonized across datasets, resulting in a 

structured mix of numerical features (e.g., scroll_rate, mood_rating, sleep_duration_hours) and 

categorical indicators (e.g., self_control, sleep_quality, validation_seeking) suitable for tree-based 

ensemble training. A detailed list of features, including their data types and original sources, is presented 

in Table 2. 

 

Table 2. List of Features in the Combined Dataset 

Dataset Source Features Data Type 

Impact of Screen Time on 

Mental Health 

user_id Nominal (Unique ID) 

daily_screen_time_hours Numerical (hours/day) 

social_media_hours Numerical (hours/day) 

sleep_quality Categorical (good/poor/average) 

stress_level Numerical (scale 1–10) 

weekly_depression_score Numerical (PHQ-9 scale) 

mood_rating Numerical (scale 1–10) 

sleep_duration_hours Numerical (hours/night) 

mindfulness_minutes_per_day Numerical (minutes/day) 

physical_activity_hours_per_week Numerical (hours/week) 

Social Media Menace 

total_screen_time Numerical (hours/day) 

scroll_rate Numerical (scrolls/minute) 

addiction Categorical (low/medium/high) 

self_control Categorical (low/medium/high) 

productivity_loss Numerical (hours/day) 

Social Media and Mental 

Health 

distracted Categorical (yes/no) 

restless Categorical (yes/no) 

easily_distracted Categorical (yes/no) 

worries Categorical (yes/no) 

concentration_difficulty Categorical (yes/no) 

comparison_freq Numerical (frequency scale) 

comparison_feeling 
Categorical 

(positive/neutral/negative) 

validation_seeking Categorical (yes/no) 

feeling_down Categorical (yes/no) 

sleep_issues Categorical (yes/no) 

interest_fluctuation Categorical (yes/no) 

3.3. Preprocessing 

With the dataset fully preprocessed, including categorical encoding, class creation, class 

balancing, and normalization, the data was ready for model training. These preprocessing steps ensured 

https://jutif.if.unsoed.ac.id/
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that the input matrix was both statistically stable and structurally compatible with ensemble learning 

algorithms. The next phase focused on evaluating the classification performance of the selected models 

using stratified cross-validation and standard evaluation metrics. 

3.3.1. Feature Transformation 

Categorical features were transformed into numerical format using label encoding, ensuring 

model compatibility while preserving ordinal semantics. Table 3 shows the mapping from original 

categories to encoded values. 

 

Table 3. Categorical Feature Transformation Results 

Features 
Category Values (Before 

Encoding) 

Encoded Values (After 

Encoding) 

sleep_quality poor, average, good 0,1,2 

addiction low, medium, high 0,1,2 

self_control low, medium, high 0,1,2 

distracted no, yes 0, 1 

restless no, yes 0, 1 

easily_distracted no, yes 0, 1 

worries no, yes 0, 1 

concentration_difficulty no, yes 0, 1 

comparison_feeling negative, neutral, positive 0,1,2 

validation_seeking no, yes 0, 1 

feeling_down no, yes 0, 1 

sleep_issues no, yes 0, 1 

interest_fluctuation no, yes 0, 1 

 

3.3.2. Class Labeling and Balancing 

The target variable (depression_risk) was derived from PHQ-9 scores using APA clinical 

thresholds and categorized into Low, Medium, and High risk classes. However, initial label distribution 

was imbalanced, potentially introducing bias in model training. To address this, oversampling was 

employed to equalize the number of observations across all classes. The distribution before and after 

balancing is presented in Table 4. 

 

Table 4. Class Distribution Before and After Balancing 

Depression Risk 
Number of Observations (Before 

Balancing) 

Number of Observations (After 

Balancing) 

Low 92 92 

Medium 51 92 

High 34 92 

 

3.3.3. Normalization  

The The final preprocessing step involved normalizing all numerical features using Z-score 

standardization, which transforms each variable to have a mean of 0 and a standard deviation of 1. 

Although tree-based algorithms are generally robust to feature scaling, normalization was applied to 

reduce the influence of features with large numerical ranges and ensure consistent model behavior. An 

example of raw vs normalized data is shown in Table 5. 

 

https://jutif.if.unsoed.ac.id/
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Table 5. Sample Data Before and After Normalization 

user_id Feature Raw Value Normalized Value 

user_305 total_screen_time 5.3 0.19 

user_305 scroll_rate 21.7 -1.35 

user_305 self_control 2 0.49 

user_305 sleep_quality 2 1.24 

 

3.4. Classification Performance 

To evaluate the effectiveness of the proposed framework, two ensemble-based classifiers, 

Random Forest (RF) and XGBoost (XGB), were trained and validated using 10-fold Stratified Cross-

Validation, ensuring consistent class distribution across each fold. Model performance was assessed 

using four standard evaluation metrics: Accuracy, Precision, Recall, and F1-Score, all computed using 

macro-averaging to accommodate multi-class classification. The classification results are presented in 

Table 6 across three depression risk levels Low, Medium, and High. 

 

Table 6. Classification Metrics for Random Forest and XGBoost 

Class Metric Random Forest XGBoost 

Low 

Precision 0.77 0.77 

Recall 0.80 0.78 

F1-Score 0.78 0.78 

Medium 

Precision 0.86 0.84 

Recall 0.80 0.78 

F1-Score 0.83 0.81 

High 

Precision 0.81 0.79 

Recall 0.83 0.83 

F1-Score 0.82 0.81 

Overall 
Accuracy 0.81 0.80 

Macro Avg 0.81 0.80 

 

The Random Forest model slightly outperformed XGBoost, particularly in the Medium risk class, 

which is often more difficult to distinguish due to its overlap with both Low and High categories. This 

performance distinction suggests RF’s higher robustness in identifying transitional mental states. 

3.4.1. Confusion Matrix Analysis 

To further analyze misclassification patterns, a global confusion matrix was constructed by 

aggregating predictions from all 10 folds. The results are shown in Table 7. 

Table 7. Confusion Matrix for Random Forest and XGBoost 

Model Class Correct Misclassified (To) 

Random Forest 

Low 144 Medium (16), High (21) 

Medium 145 Low (21), High (15) 

High 151 Low (22), Medium (8) 

XGBoost 

Low 142 Medium (15), High (24) 

Medium 142 Low (23), High (16) 

High 150 Low (19), Medium (12) 
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3.4.2. Global Feature Attribution with SHAP 

To understand the impact of each feature on the model's decision-making process, SHAP 

summary plots were generated for each risk class (Low, Medium, High). These plots illustrate the mean 

absolute SHAP value of each feature, ranked by their overall contribution to predictions. 

In the Low Risk class, the SHAP summary plot (Figure 2) the most impactful features were 

mood_rating, mindfulness_minutes_per_day, and self_control, all contributing negatively to the 

model’s output score as shown in Figure 2. This indicates that users who maintain a positive emotional 

state, engage regularly in mindfulness practices, and exhibit strong self-regulation are consistently 

classified with low depression risk. These findings align with established protective psychological 

factors such as emotional stability, self-awareness, and behavioral discipline [5], [28]. 

 

  
Figure 2. Global Summary Plot – Low 

Risk Depression Class (Random Forest) 

Figure 3. Global Summary Plot – Medium 

Risk Depression Class (Random Forest) 

 

In the Medium Risk class, the SHAP summary plot highlights sleep_issues, social_media_hours, 

and total_screen_time, all of which contributed positively to the predicted risk. These attributes reflect 

the early signs of digital fatigue and mild cognitive strain that characterize moderate depressive 

tendencies. Conversely, features like physical_activity_hours_per_week exerted a negative SHAP 

influence, suggesting that regular physical activity may help buffer stress-related impacts [29]. These 

findings are illustrated in Figure 3. 

In the High Risk category, the SHAP summary plot identifies scroll_rate, total_ screen_time, and 

sleep_duration_hours displayed strong positive SHAP values, identifying them as critical contributors 

to high-risk classification. Other significant drivers included comparison_freq and worries, reinforcing 

the psychological patterns of emotional instability, disrupted sleep, and compulsive digital engagement 

that are often associated with severe depression [30]. These findings are illustrated in Figure 4. 

https://jutif.if.unsoed.ac.id/
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Figure 4. Global Summary Plot – High Risk Depression Class (Random Forest) 

 

3.5. Local SHAP Analysis (Individual-Level) 

In addition to global attribution, individual SHAP bar plots were generated to examine 

personalized feature influence for one representative user per class. These plots show how individual 

feature values positively or negatively affect the predicted outcome. 

In the Low Risk case, the SHAP bar plot shows that mood_rating, mindfulness_ minutes_per_day, 

and self_control had the most significant negative SHAP values, meaning they reduced the model’s 

output probability toward the depressive classes. These insights align with recent evidence showing that 

trait mindfulness and self-regulation enhance emotional well-being and reduce susceptibility to 

depressive symptoms, thereby reinforcing the observed negative SHAP contributions of these features 

in low-risk subjects [31]. These findings are illustrated in Figure 5. 

 

 
Figure 5. Local Explanation Bar Plot - Low Risk Depression Class (Random Forest) 

https://jutif.if.unsoed.ac.id/
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For the Medium Risk user, the SHAP bar plot reveals that sleep_issues, social_media_hours, and 

total_screen_time contributed positively to the predicted risk, while mindfulness_minutes_per_day and 

physical_activity_hours_per_week exerted modest negative influence. This mixed contribution reflects 

a transitional risk profile, where protective and risk features co-occur, resulting in a moderate 

classification. Prior work using SHAP shows similar patterns: sleep disruption and diminished physical 

activity are among the strongest contributors to elevated mental health risk, supporting the role of these 

behavioral features in intermediate risk stratification [32]. These findings are illustrated in Figure 6. 

 

 

Figure 6. Local Explanation Bar Plot – Medium Risk Depression Class (Random Forest) 

 

In the High Risk case, the SHAP bar plot highlights scroll_rate, sleep_duration_hours, and 

comparison_freq as strong positive contributors to risk prediction. These features align with previous 

findings that extended screen engagement and disrupted sleep patterns are primary behavioral signals 

associated with elevated depression risk, while social comparison further intensifies this signal. The 

minimal SHAP contribution from self-regulatory indicators corresponds to a diminished role of internal 

protective factors in high-risk individuals. This interpretation is supported by recent studies 

demonstrating that sleep duration and variability are dominant predictors for depression-related 

outcomes [33] and that screen-derived behavioral markers such as device usage patterns serve as critical 

risk indicators in mental health sensing models [34]. These findings are illustrated in Figure 7. 

 

 

Figure 7. Local Explanation Bar Plot – High Risk Depression Class (Random Forest) 
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These localized SHAP explanations demonstrate the model’s capacity to deliver not only accurate 

but also interpretable predictions tailored to individual users. This level of explainability is crucial for 

the deployment of AI in sensitive domains such as mental health monitoring, where trust, transparency, 

and actionable feedback are essential [35]. 

4. DISCUSSIONS 

The results demonstrate the effectiveness of feature-level fusion in integrating multidomain 

digital behaviors such as screen time, emotional regulation, and sleep patterns into a cohesive framework 

for depression risk classification. Among the two ensemble models evaluated, Random Forest (RF) 

showed the best performance, achieving 81% accuracy and macro-averaged F1-score. It was particularly 

effective in classifying Medium-risk users, a group that is often difficult to distinguish due to 

overlapping behavioral traits. 

These findings validate the hypothesis that passive digital indicators like scroll rate, sleep issues, 

and total screen time are highly predictive of mental health status. SHAP-based interpretation confirmed 

this, showing that mood rating, mindfulness duration, and self-control were dominant protective factors 

in the Low-risk group. Conversely, features such as sleep duration, comparison frequency, and 

compulsive scrolling were strong contributors to High-risk classifications. These patterns align with 

existing literature on digital fatigue, poor sleep quality, and emotional dysregulation. 

The model’s behavior is consistent with previous research by Asare et al. [9] and Imans et al. 

[10], who emphasized the importance of interpretable ensemble models in mental health prediction. 

SHAP not only enhances transparency but also provides actionable insights that can support 

personalized digital interventions. 

This study contributes to behavioral informatics by demonstrating how explainable AI can be 

applied to psychological risk modeling. The integration of DSM-5-based psychological clustering, 

feature-level fusion, and interpretable ensemble methods offers a reproducible and scalable framework 

for ethical algorithmic decision-making in mental health contexts. 

Despite its strengths, the study has limitations. The use of simulated datasets may not fully capture 

the complexity of real-world behavior, and SHAP only reveals correlations, not causation. Future 

research should validate this approach using clinical or real-world data, with additional inputs such as 

biometrics, self-reported mood journals, and longitudinal tracking to improve robustness and 

generalizability. 

5. CONCLUSION 

This study presents an interpretable machine learning framework for classifying depression risk 

based on multidomain digital behavior. By fusing behavioral features related to screen time, sleep 

quality, social media usage, and emotional regulation, the model successfully categorized users into 

three levels of depression risk: Low, Medium, and High. Among the two classifiers evaluated, Random 

Forest achieved the highest performance, particularly in identifying Medium risk users. The integration 

of SHAP for global and local interpretability revealed that features such as mood_rating, self_control, 

and mindfulness_minutes_per_day were strong protective indicators, while scroll_rate, 

sleep_duration_hours, and comparison_freq were key contributors to elevated risk. 

These findings underscore the feasibility of using digital behavioral data for early mental health 

screening and highlight the importance of explainability in sensitive domains like psychological 

diagnostics. From a computer science perspective, this research contributes to the advancement of 

interpretable artificial intelligence (XAI) by applying explainable ensemble learning to real-world 

psychological modeling. It demonstrates a practical and ethical framework for behavioral informatics, 

supporting decision transparency in AI-driven health technologies. 
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Future work should explore the integration of this framework into mobile applications or digital 

platforms for real-time mental health monitoring. In addition, investigating alternative explainability 

methods (e.g., LIME, counterfactuals), expanding the behavioral feature set, or incorporating temporal 

modeling with sequence-based architectures such as LSTM may further improve both prediction 

accuracy and interpretability in real-world deployment. 
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