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Abstract:

Adolescent depression has become an important public health concern, particularly in relation to increasing digital media
exposure, lifestyle changes, and psychosocial pressure. This study proposes an explainable machine learning framework
for predicting depression risk among teenagers using social media usage, lifestyle behavior, and psychosocial indicators.
The dataset consisted of 1,200 records with 13 variables, including age, gender, daily social media hours, platform usage,
sleep hours, screen time before sleep, academic performance, physical activity, social interaction level, stress level, anxiety
level, addiction level, and depression label. The target variable was highly imbalanced, with 1,169 samples categorized as
non-depression and only 31 samples categorized as depression risk. Several machine learning models were evaluated,
including Logistic Regression, Random Forest, Support Vector Machine, and Gradient Boosting. The experiments
compared two feature settings, namely behavioral-only features and full features, combined with three imbalance handling
strategies: no imbalance treatment, class weighting, and SMOTE. Model performance was evaluated using accuracy,
precision, recall, F1-score, balanced accuracy, ROC-AUC, PR-AUC, Cohen’s Kappa, MAE, and RMSE. The results
showed that the full-feature setting substantially outperformed the behavioral-only setting. The best performance was
achieved by Random Forest using full features without imbalance handling, producing perfect classification results with
accuracy, precision, recall, F1-score, ROC-AUC, and PR-AUC of 1.0000. Permutation importance analysis identified sleep
hours, stress level, anxiety level, and daily social media hours as the most influential predictors. These findings indicate
that teenage depression risk in this dataset is strongly associated with sleep behavior and psychosocial conditions, in
addition to social media exposure. Although the model achieved excellent performance, the result should be interpreted
cautiously due to the small number of positive depression-risk samples and the possibility of highly separable label patterns.
Therefore, the proposed approach should be positioned as an early risk screening framework rather than a clinical diagnostic
tool.

Keywords: Adolescent Mental Health; Depression Risk Prediction; Explainable Machine Learning; Social Media Usage;
Imbalanced Classification; Health Informatics.

Dataset link: -

1. Introduction

Adolescent mental health has become an increasingly important public health concern, particularly as teenagers
experience rapid biological, emotional, social, and behavioral changes during a critical stage of development [1]. The
World Health Organization reports that approximately one in seven adolescents aged 1019 years experiences a mental

health condition, while depression and anxiety are among the leading causes of illness and disability in this age group.
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Untreated mental health problems during adolescence may continue into adulthood and affect educational

achievement, social relationships, physical health, and overall quality of life [2], [3].

At the same time, social media has become deeply embedded in teenagers’ daily lives [4]. Digital platforms provide
opportunities for communication, entertainment, learning, and social connection; however, excessive or problematic
use may also be associated with negative psychological outcomes. Recent data from the WHO Regional Office for
Europe showed that problematic social media use among adolescents increased from 7% in 2018 to 11% in 2022,
indicating growing concern about the relationship between digital behavior and adolescent well-being [5]. Several
studies have examined the association between social media use and symptoms of depression, anxiety, and
psychological distress among children and adolescents, but the findings remain complex and sometimes inconsistent
[6], [2]. Therefore, further investigation is needed to understand how social media behavior, sleep habits, stress,

anxiety, and lifestyle-related factors can be used to identify teenagers at potential risk of depression [7], [8].

Artificial intelligence and machine learning provide promising approaches for analyzing behavioral and
psychosocial data in health-related prediction tasks [9], [10]. In the context of adolescent mental health, machine
learning can support early risk screening by identifying hidden patterns in variables such as daily social media
duration, sleep hours, screen time before sleep, physical activity, stress level, anxiety level, addiction tendency, and
social interaction [11], [12]. Unlike traditional statistical analysis that often focuses on isolated associations, machine
learning models are able to learn complex relationships among multiple variables and generate predictive outputs that

may assist in early identification of vulnerable individuals.

However, depression risk prediction using behavioral datasets presents several methodological challenges. One
major issue is class imbalance, where the number of individuals labeled as at risk of depression is much smaller than
those labeled as not at risk. In such cases, conventional accuracy can be misleading because a model may achieve high
accuracy by predicting the majority class while failing to detect the minority class. Therefore, evaluation metrics such
as recall, F1-score, balanced accuracy, ROC-AUC, and precision-recall AUC are more appropriate for assessing model
performance in imbalanced mental health prediction tasks. In addition, model interpretability is also important because
predictions in the health domain should not only be accurate but also explainable. Recent studies on explainable
machine learning for mental health prediction emphasize that transparency is essential to increase trust and support

the responsible use of predictive models in health-related settings.

Based on these considerations, this study proposes an explainable machine learning approach for predicting
depression risk among teenagers using social media and lifestyle behavior data [13]. The dataset used in this study
contains 1,200 records with variables related to demographic characteristics, social media habits, sleep behavior,
academic performance, physical activity, social interaction, stress level, anxiety level, addiction level, and depression
label [14]. The target variable is highly imbalanced, with only a small proportion of samples labeled as depression
risk. Therefore, this study not only compares several machine learning models but also evaluates the effect of

imbalance handling strategies on prediction performance.
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The main contributions of this study are threefold. First, this study develops a machine learning framework for
early depression risk prediction among teenagers using behavioral and psychosocial indicators. Second, it evaluates
the influence of imbalance handling techniques on model performance, particularly in detecting the minority
depression-risk class. Third, it applies explainable analysis to identify the most influential factors contributing to
depression risk prediction. The results of this study are expected to contribute to Al-driven health informatics by

providing a data-driven approach for early mental health risk screening among teenagers.
2. Method
Research Design:

This study employed a quantitative experimental approach using machine learning to predict depression risk
among teenagers based on social media usage, lifestyle behavior, and psychosocial indicators [15]. The main objective
was to develop and evaluate predictive models capable of identifying teenagers who may be at risk of depression.
Since the target class in the dataset was highly imbalanced, this study also examined the effect of imbalance handling

strategies on model performance.

The overall research workflow consisted of six main stages: dataset preparation, exploratory data analysis, data
preprocessing, model development, imbalance handling, model evaluation, and explainability analysis. The proposed
workflow was designed not only to assess predictive performance but also to identify the most influential factors
contributing to depression risk prediction.

Data Description:

The dataset used in this study consisted of 1,200 records and 13 variables related to teenagers’ demographic
characteristics, social media behavior, lifestyle habits, psychosocial conditions, and depression label [16]. The target

variable was depression_label, which classified each sample into two classes: non-depression risk and depression risk.

The dataset contained no missing values and no duplicate records. However, the target class distribution was highly
imbalanced. There were 1,169 samples labeled as non-depression risk, representing 97.42% of the dataset, and only
31 samples labeled as depression risk, representing 2.58% of the dataset. This imbalance indicates that conventional
accuracy alone is not sufficient to evaluate model performance, because a model may achieve high accuracy while

failing to detect the minority depression-risk class.
The variables used in the dataset are presented in Table 1.

Table 1. Distribution of Depression Severity Labels

Variable Description
age Age of the teenager
gender Gender of the teenager
daily_social_media_hours Average daily social media usage duration
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Variable

Description

platform_usage

Most frequently used social media platform

sleep_hours

Average daily sleep duration

screen_time_before_sleep

Screen exposure before sleeping

academic_performance

Academic performance score

physical_activity

Level or duration of physical activity

social_interaction_level

Level of social interaction

stress_level

Self-reported stress level

anxiety _level

Self-reported anxiety level

addiction_level

Social media addiction tendency

depression_label

Target label for depression risk prediction

Feature Grouping:

To obtain a more meaningful analysis, this study divided the independent variables into two feature settings. The

first setting used behavioral and lifestyle-related features only, while the second setting used the complete feature set
by adding psychosocial indicators [17].

The behavioral-only feature setting consisted of age, gender, daily social media hours, platform usage, sleep hours,
screen time before sleep, academic performance, physical activity, and social interaction level. This setting was used
to evaluate whether behavioral and lifestyle indicators alone were sufficient to predict depression risk.

The full feature setting included all behavioral features and added stress level, anxiety level, and addiction level
[18]. This setting was used to evaluate whether psychosocial indicators could improve the model’s ability to detect

teenagers at risk of depression.

Table 2. Feature Settings Used in This Study

Featyre Included Variables
Setting
Behavioral age, gender, daily_social_media_hours, platform_usage, sleep_hours, screen_time_before_sleep,
Only academic_performance, physical_activity, social_interaction_level
Full Features Behavioral-only features plus stress_level, anxiety_level, and addiction_level

This feature grouping allowed the study to compare the predictive contribution of general behavioral indicators
and psychosocial indicators in depression risk prediction.
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Data Preprocessing:

Data preprocessing was conducted to ensure that all variables could be properly processed by machine learning
algorithms. The preprocessing stage included checking missing values, removing duplicate records, separating

features and target labels, encoding categorical variables, and scaling numerical variables.

Categorical variables, including gender, platform usage, and social interaction level, were
transformed using one-hot encoding. This transformation was necessary because machine learning models require
numerical input. Numerical variables, such as age, daily social media hours, sleep hours,
screen_time before sleep, academic performance, physical activity, stress level,
anxiety level, and addiction level, were standardized using standard scaling. Standardization was
applied to ensure that variables with different measurement ranges did not disproportionately influence distance-based

or gradient-based learning algorithms.

After preprocessing, the dataset was divided into training and testing sets using an 80:20 ratio. Stratified splitting
was applied to preserve the proportion of depression and non-depression classes in both subsets. This was important

because the dataset had a severe class imbalance.
Imbalance Handling Strategy:

Since the depression-risk class represented only 2.58% of the dataset, imbalance handling was an essential part of
the experimental design. Without proper imbalance handling, machine learning models may become biased toward

the majority class and fail to identify teenagers at risk of depression.

This study evaluated three imbalance handling strategies. The first strategy used the original dataset without any
imbalance treatment. This setting served as the baseline. The second strategy applied class weighting, where the
minority class was assigned a higher penalty during model training. This approach encouraged the model to pay more
attention to the depression-risk class. The third strategy applied the Synthetic Minority Oversampling Technique, or

SMOTE, to generate synthetic samples for the minority class in the training data.

SMOTE was applied only to the training data to prevent data leakage. The testing data remained unchanged to

ensure that model evaluation reflected real class distribution.

Table 3. Imbalance Handling Strategies

Strategy Description
Without imbalance handling Original training data were used without modification
Class weighting Higher weight was assigned to the minority depression-risk class
SMOTE Synthetic minority samples were generated in the training data
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Machine Learning Models:

Several machine learning algorithms were evaluated to compare their performance in depression risk prediction.
The selected models included Logistic Regression, Random Forest, Support VVector Machine with radial basis function
kernel, and Gradient Boosting [19]. These models were selected because they represent different learning
characteristics.

Logistic Regression was used as a baseline linear classifier. Random Forest was used as an ensemble tree-based
model capable of capturing nonlinear relationships among variables. Support Vector Machine was included because
of its ability to construct decision boundaries in high-dimensional feature spaces. Gradient Boosting was used as a
boosting-based ensemble method that sequentially improves weak learners.

Table 4. Machine Learning Models Used in This Study

Model Rationale (Alasan Pemilihan)
Logistic Regression Baseline linear classifier and interpretable model
Random Forest Ensemble model suitable for nonlinear feature relationships
Support Vector Machine Effective for complex decision boundaries
Gradient Boosting Boosting-based model for improving predictive performance

Each model was trained under different feature settings and imbalance handling strategies. This experimental
design enabled a comparative analysis of how feature selection and imbalance treatment affected the detection of
depression risk.

Threshold Tuning:

In binary classification, the default decision threshold is commonly set at 0.50. However, in imbalanced health
prediction tasks, this threshold may not be optimal because the model may produce low sensitivity toward the minority

class. Therefore, this study applied threshold tuning to improve the detection of depression-risk samples.

The threshold was selected using validation data by maximizing the F2-score. The F2-score gives more weight to
recall than precision, making it suitable for early mental health risk screening, where failing to identify at-risk

individuals may be more critical than producing some false-positive predictions.
The F2-score is defined as:

P (1 + 2%) x Precision X Recall
27 (22 x Precision) + Recall

By using F2-score for threshold selection, the model was optimized to prioritize recall for the depression-risk class.
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Model Evaluation:

Model performance was evaluated using several metrics, including accuracy, precision, recall, F1-score, balanced
accuracy, specificity, ROC-AUC, PR-AUC, Cohen’s Kappa, MAE, and RMSE. Since the dataset was highly
imbalanced, the main evaluation emphasis was placed on recall, F1-score, balanced accuracy, and PR-AUC rather

than accuracy alone.

Accuracy measures the overall proportion of correct predictions. However, in imbalanced datasets, accuracy may
be misleading because the model can obtain high accuracy by predicting most samples as the majority class. Therefore,
recall for the depression-risk class was considered important because it measures the model’s ability to correctly

identify teenagers at risk of depression.

Precision measures the proportion of predicted depression-risk cases that are actually positive. F1-score combines
precision and recall into a single metric. Balanced accuracy calculates the average of sensitivity and specificity,
making it more suitable for imbalanced datasets. ROC-AUC evaluates the model’s ability to distinguish between

classes across different thresholds, while PR-AUC is especially useful when the positive class is rare.

The confusion matrix was also used to examine the number of true positives, false positives, true negatives, and
false negatives. In the context of depression risk prediction, false negatives are particularly important because they

represent teenagers who are actually at risk but are not detected by the model.
Explainability Analysis:

To improve model interpretability, this study applied feature importance analysis using permutation importance
[19]. This method measures the decrease in model performance when the values of a specific feature are randomly

shuffled. A larger decrease indicates that the feature has a stronger contribution to model prediction.

Explainability analysis was conducted to identify the most influential behavioral and psychosocial factors
associated with depression risk prediction [20]. This step is important because machine learning models in healthcare-
related applications should not only provide predictive outputs but also offer understandable explanations. By
identifying influential features, the model can provide insights into whether variables such as social media duration,
sleep hours, stress level, anxiety level, addiction level, or physical activity contribute significantly to depression risk

prediction.
Experimental Workflow:

The experimental procedure in this study can be summarized as follows. First, the dataset was loaded and checked
for missing values, duplicate records, data types, and class distribution. Second, exploratory data analysis was
conducted to understand the characteristics of the dataset and the distribution of the target variable. Third, the dataset
was divided into behavioral-only and full-feature settings. Fourth, preprocessing was applied using standard scaling
for numerical variables and one-hot encoding for categorical variables. Fifth, the data were split into training and

testing sets using stratified sampling. Sixth, several machine learning models were trained using different imbalance

60



handling strategies. Seventh, model performance was evaluated using multiple metrics suitable for imbalanced binary
classification. Finally, explainability analysis was conducted to identify the most important features contributing to

depression risk prediction.

The proposed method is intended as an early risk screening approach and not as a replacement for clinical
diagnosis. The model output should be interpreted as a predictive indication of potential depression risk based on

behavioral and psychosocial patterns.
3. Result and Discussion
Class Distribution and Data Characteristics:

The dataset used in this study consisted of 1,200 records with two depression-risk classes. As shown in Figure 1,
the class distribution was highly imbalanced. The non-depression class contained 1,169 samples, representing 97.42%
of the dataset, while the depression-risk class contained only 31 samples, representing 2.58% of the dataset. This

indicates an imbalance ratio of approximately 37.7:1 between the majority and minority classes.

Table 5. Distribution of Depression Label

Depression Label Class Description Number of Samples Percentage
0 Non-depression 1.169 97.42%
1 Depression 31 2.58%
Total 1.2 100%

Distribution of Depression Label
1169

1200

1000

800

600

Number of Samples

400

200 1

31

Depression Label

Figure 1. Distribution of depression label.

The severe class imbalance in the dataset is an important methodological issue. If accuracy is used as the only

evaluation metric, a model may appear to perform well even when it fails to detect the minority depression-risk class.
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For example, a model that predicts all samples as non-depression could still achieve high accuracy because most
samples belong to the majority class. Therefore, this study emphasized recall, F1-score, balanced accuracy, ROC-

AUC, and PR-AUC to provide a more reliable assessment of model performance.
Descriptive Comparison Between Depression and Non-Depression Groups:

The descriptive statistics showed meaningful differences between teenagers labeled as non-depression and those
labeled as depression risk. Teenagers in the depression-risk group had higher average daily social media use, lower

average sleep duration, and higher stress and anxiety levels.

Table 6. Mean Values of Numerical Features by Depression Label

Feature Non-Depression Depression
Age 15.92 16.06
Daily social media hours 4.48 6.72
Sleep hours 6.49 4.76
Stress level 5.37 8.48
Anxiety level 5.56 8.61
Addiction level 5.57 5.32

The depression-risk group used social media for an average of 6.72 hours per day, compared with 4.48 hours in
the non-depression group. The same group also had lower average sleep duration, with 4.76 hours compared with 6.49
hours among non-depression samples. In addition, stress and anxiety levels were substantially higher in the
depression-risk group. These patterns suggest that depression risk in this dataset is more strongly associated with sleep

reduction, stress, anxiety, and social media exposure than with age, academic performance, or physical activity.

The correlation matrix in Figure 2 supports this descriptive pattern. The depression label showed a positive
correlation with daily social media hours, stress level, and anxiety level, while sleep hours showed a negative
correlation with depression label. Although the correlation values were not extremely high, the direction of the

relationship was consistent with the mean comparison in Table 6.
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Figure 2. Correlation matrix of numerical features.
Model Performance Based on Feature Setting and Imbalance Handling:

The experimental results showed a clear difference between the behavioral-only feature setting and the full-feature
setting. The behavioral-only setting produced relatively weak predictive performance, while the full-feature setting
produced substantially higher results. This indicates that psychosocial indicators, particularly stress level and anxiety
level, contributed strongly to depression-risk prediction.

Table 7. Average Model Performance by Feature Setting and Imbalance Handling Using Tuned Threshold

Feature Set Imbalance Method Accuracy Precision Recall F1-score ROC-AUC
Behavioral Only None 9,115 1,204 4,167 1,860 8,608
Behavioral Only SMOTE 9,198 1,728 5,417 2,570 9,014

Full Features None 9,927 9,167 7,917 8,333 9,966

Full Features SMOTE 9,917 8,929 7,917 8,205 9,959

The behavioral-only models had low PR-AUC values, ranging from 0.1508 to 0.1793. This means that social
media behavior and lifestyle variables alone were not sufficient to strongly distinguish depression-risk samples from
non-depression samples. Although imbalance handling improved recall, the precision and F1-score remained low in
the behavioral-only setting.

In contrast, the full-feature setting achieved much stronger performance. The average PR-AUC increased to 0.9208
without imbalance handling, 0.8950 with class weighting, and 0.9182 with SMOTE. This result indicates that the
inclusion of psychosocial variables, namely stress level, anxiety level, and addiction level, substantially improved
predictive performance.
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Best Model Performance:

The best-performing scenario was obtained using the full-feature setting with Random Forest without imbalance
handling and a tuned decision threshold. The model achieved perfect classification performance on the test set, with
accuracy, precision, recall, F1-score, balanced accuracy, ROC-AUC, PR-AUC, and Cohen’s Kappa all reaching
1.0000.

Table 8. Best Model Performance

Component

Result

Feature Setting

Full Features

Model

Random Forest

Imbalance Handling

None

Threshold Strategy Tuned by validation F2-score
Threshold 0.18
Accuracy 1.2000
Precision 1.2000

Recall 1.2000
F1-score 1.2000
Balanced Accuracy 1.2000
ROC-AUC 1.2000
PR-AUC 1.2000
Cohen’s Kappa 1.2000
MAE 0
RMSE 0

The confusion matrix in Figure 3 shows that the model correctly classified all 240 test samples. It identified 234
non-depression samples as non-depression and 6 depression-risk samples as depression risk. There were no false

positives and no false negatives.

Table 9. Confusion Matrix of the Best Model

Actual Class Predicted Non-Depression Predicted Depression
Non-Depression 234 0
Depression 0 6
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Best Model Confusion Matrix
Random Forest - None
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Figure 3. Confusion matrix of the best model.

The ROC curve and precision-recall curve further confirmed the best model’s discriminative ability. As shown in
Figure 4, the PR-AUC value reached 1.0000, indicating perfect precision-recall performance for the minority

depression-risk class. Similarly, Figure 5 shows an ROC-AUC of 1.0000, indicating complete separation between the
two classes in the test data.

Precision-Recall Curve - Random Forest - None

1.0 4

0.8 A

Precision
o
(=3}
|

b
'S
L

0.2 A

—— PR-AUC = 1.0000

0.0 1

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 4. Precision-recall curve of the best model.
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ROC Curve - Random Forest - None
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Figure 5. ROC curve of the best model.

However, this perfect performance should be interpreted carefully. The result suggests that the depression label in
this dataset may be highly separable based on the available features, particularly sleep hours, stress level, anxiety
level, and daily social media hours. Since the test set contained only 6 depression-risk samples, perfect performance
may also be influenced by the small number of positive test cases. Therefore, although the model achieved excellent
performance in this experiment, further validation using larger, real-world, and clinically verified datasets is necessary

before the model can be considered reliable for practical mental health screening.
Feature Importance Analysis:

Permutation importance was used to identify the most influential variables in the best-performing model. The
results showed that sleep hours had the highest contribution to model performance, followed by stress level, anxiety

level, and daily social media hours.

Table 10. Feature Importance Based on Permutation Importance

Rank Feature Importance Mean Importance Std

1 Sleep hours 7,526 1,016

2 Stress level 7,035 1,165

3 Anxiety level 5,772 1,601

4 Daily social media hours 4,998 810

5 Platform usage 0 0

6 Gender 0 0

7 Age 0 0
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Rank Feature Importance Mean Importance Std

8 Screen time before sleep 0 0
9 Physical activity 0 0
10 Academic performance 0 0
11 Social interaction level 0 0
12 Addiction level 0 0

Top Feature Importance Based on Permutation Importance

sleep_hours
stress_level
anxiety_level

daily_social_media_hours

physical_activity 1
academic_performance
platform_usage 1
gender 4

age 1

screen_time_before_sleep

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Mean Decrease in PR-AUC

Figure 6. Top feature importance based on permutation importance.

The feature importance results are consistent with the descriptive statistics. Teenagers labeled as depression risk
had lower sleep duration and higher stress and anxiety levels than those in the non-depression group. Daily social
media hours also contributed substantially to prediction, indicating that prolonged social media use was an important

behavioral indicator in the model.

Interestingly, several variables such as age, gender, platform usage, academic performance, physical activity,
screen time before sleep, social interaction level, and addiction level had zero importance in the best model. This does
not necessarily mean that these variables are irrelevant in all mental health contexts. Instead, it means that, within this
dataset and model configuration, these variables did not provide additional predictive value after the model had already

used sleep hours, stress level, anxiety level, and daily social media hours.
Discussion:

The findings of this study indicate that machine learning can effectively predict depression risk among teenagers

when behavioral and psychosocial indicators are used together. The comparison between behavioral-only and full-
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feature settings showed that social media and lifestyle variables alone produced limited predictive performance.

However, when stress level, anxiety level, and addiction level were added, model performance improved substantially.

This suggests that depression-risk prediction should not rely solely on social media usage duration. Although
teenagers in the depression-risk group had higher average daily social media use, the model’s strongest predictors
were sleep hours, stress level, anxiety level, and daily social media hours. Therefore, social media use should be

interpreted as part of a broader behavioral and psychosocial pattern rather than as a single causal factor.

The results also highlight the importance of using appropriate evaluation metrics in imbalanced mental health
prediction. The depression-risk class represented only 2.58% of the dataset. In such a condition, accuracy alone is
insufficient because it can hide poor detection of the minority class. PR-AUC, recall, F1-score, and balanced accuracy
provide more meaningful insights into the model’s ability to identify teenagers at risk of depression. The use of
threshold tuning based on F2-score was also useful because it prioritized recall, which is important in early risk

screening.

The role of imbalance handling was more visible in the behavioral-only setting. Class weighting and SMOTE
improved recall and F1-score compared with the baseline setting. However, in the full-feature setting, the difference
between imbalance handling methods became smaller because the added psychosocial variables made the classes

easier to distinguish. This indicates that feature quality had a stronger effect than resampling strategy in this dataset.

From an explainability perspective, the feature importance results provide practical insight into the main indicators
associated with depression-risk prediction. Sleep hours emerged as the most influential feature, followed by stress
level, anxiety level, and daily social media hours. This finding supports the idea that adolescent mental health

screening should consider sleep behavior and psychosocial conditions alongside digital behavior.

Nevertheless, several limitations should be acknowledged. First, the number of depression-risk samples was very
small, with only 31 positive cases in the entire dataset and 6 positive cases in the test set. Second, the perfect
performance of the best model suggests that the dataset may contain highly separable or rule-based label patterns.
Third, the dataset should not be interpreted as a substitute for clinical diagnosis because depression is a complex
mental health condition that requires professional assessment. Therefore, the model developed in this study should be

positioned as an early risk screening framework rather than a clinical diagnostic tool.

Overall, the results demonstrate that explainable machine learning can provide a useful framework for identifying
depression risk among teenagers using social media behavior, lifestyle patterns, and psychosocial indicators. The study
also shows that handling class imbalance and applying interpretable analysis are essential in developing responsible
Al-based mental health prediction systems.

4. Conclusion

This study developed an explainable machine learning framework for predicting depression risk among teenagers
using social media usage, lifestyle behavior, and psychosocial indicators. The dataset consisted of 1,200 records with

a highly imbalanced depression label, where only 31 samples, or 2.58%, were categorized as depression risk. This
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imbalance made the prediction task methodologically challenging and required evaluation metrics beyond accuracy,
such as recall, F1-score, balanced accuracy, ROC-AUC, and PR-AUC.

The experimental results showed that the full-feature setting, which combined behavioral, lifestyle, and
psychosocial variables, produced substantially better performance than the behavioral-only setting. The best-
performing model was Random Forest using full features without imbalance handling, which achieved perfect
performance on the test set, with accuracy, precision, recall, F1-score, ROC-AUC, and PR-AUC all reaching 1.0000.
The confusion matrix showed that all 234 non-depression samples and 6 depression-risk samples in the test set were
correctly classified.

Feature importance analysis revealed that sleep hours, stress level, anxiety level, and daily social media hours were
the most influential predictors of depression risk. Among these variables, sleep hours had the highest contribution,
followed by stress level and anxiety level. These findings indicate that depression risk among teenagers in this dataset
was not only associated with social media use but also strongly related to sleep behavior and psychosocial conditions.
Therefore, early mental health risk screening should consider multiple behavioral and psychological factors rather

than relying only on social media usage duration.

Although the proposed model achieved excellent performance, the results should be interpreted with caution. The
number of depression-risk samples was very small, and the perfect classification result may indicate that the dataset
contains highly separable or rule-based label patterns. Therefore, the model should not be considered a clinical
diagnostic tool. Instead, it should be positioned as an Al-based early risk screening framework that may support

preliminary identification of teenagers who require further attention or professional assessment.

Future research should validate the proposed approach using larger, more diverse, and clinically verified datasets.
Further studies may also explore deep learning models, longitudinal behavioral data, multimodal data sources, and
more advanced explainable Al techniques such as SHAP to improve interpretability and reliability. In addition,
collaboration with mental health professionals is necessary to ensure that Al-based depression risk prediction can be

developed responsibly and ethically for adolescent mental health support.
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