SHADSCA

Applied Data Science & Artificial Intelligence Symposium

Comparative Analysis of Machine Learning Models
for Depression Risk Prediction

Lakshani Dehiwala Liyanage
Department of Computer Science and Engineering
University of Moratuwa
Moratuwa, Sri Lanka
subhagya.22 @cse.mrt.ac.lk

Keywords—Depression Prediction, machine learning, classifi-
cation model, encoding techniques

I. INTRODUCTION

Depression, affecting 3.8% of the global population and
contributing to over 700,000 suicides annually [1], under-
scores the importance of early detection for effective in-
tervention. This study compares the performance of several
machine learning algorithms—Random Forest(RF), XGBClas-
sifier(XGB), LightGBM, and CatBoost—in predicting depres-
sion risk based on lifestyle and demographic factors [1]. The
models are evaluated using accuracy, precision, recall, F1-
score, and advanced techniques such as ROC curves, and
calibration plots. The findings aim to provide insights into
the potential of ML for early depression risk detection and
enhancing intervention strategies.

II. LITERATURE REVIEW

Several studies have explored machine learning for mental
health prediction, often relying on clinical assessments and
self-reported questionnaires, which may introduce biases. Ma-
chine learning models, including XGBoost, GBDT, RF, Cat-
Boost, and LightGBM, have shown effectiveness in predicting
depression risk [1]. Additionally, EEG data has been used for
depression detection, comparing different preprocessing and
classification approaches [2]. However, many studies rely on
specialized datasets, such as EEG recordings or social media
text, which are not always feasible in real-world healthcare
settings. Furthermore, prior research often focuses on a single
modeling approach rather than a comparative evaluation of
multiple classifiers on structured survey data [3]. Limited
attention has also been given to the impact of encoding meth-
ods on model performance. Addressing these gaps, this study
systematically compares various machine learning models and
encoding techniques for depression risk prediction using a
publicly available dataset.

https://doi.org/10.31705/ADScA1.2025.13

Uthayasanker Thayasivam
Department of Computer Science and Engineering
University of Moratuwa
Moratuwa, Sri Lanka
rtuthaya@cse.mrt.ac.lk

III. MATERIALS AND METHODS
A. Dataset

An anonymized dataset collected between January and
June 2023 includes 141,000 adults aged 18-60 from diverse
gender and socioeconomic backgrounds [8]. The self-reported
dataset includes lifestyle factors like work/study hours and is
imbalanced, with 18.1% are classified as at risk for depression.

B. Data Preprocessing

Missing values were imputed based on role: occupation-
related variables (e.g., Work Pressure) were median-imputed
for professionals and marked as -1 for students, while
education-related features (e.g., CGPA) followed the inverse
approach. Generic categorical variables were imputed with
’Unknown’, and numerical variables used median imputation.
High-cardinality categorical features were label-encoded, with
CatBoost evaluated using both label encoding and its native
categorical handling [5]. Tree-based models used unnormal-
ized numerical features due to their scale invariance.

C. Model Selection and Tuning

The models—RF, XGBoost (XGB), LightGBM, and Cat-
Boost—were tuned using Optuna for hyperparameters. Class
weights were applied to the minority class to address class
imbalance.

D. Evaluation Metrics

Model performance was evaluated using accuracy, precision,
recall, Fl-score, ROC curves, and calibration plots [6]. For
CatBoost, these metrics were compared for both encoding
methods to assess their impact on performance.

IV. RESULTS AND DISCUSSION

A. Model Performance Comparison

The performance of the CatBoost, XGB, LightGBM, and
RF models was evaluated using accuracy, precision, recall, F1-
scores and ROC-curves. For precision, recall, and F1-scores,
weighted averages were used to address class imbalance. The
accuracy scores for each model are summarized in Table 1.



TABLE I
MODEL PERFORMANCE COMPARISON WITH ENCODING METHODS

Have you ever had suicidal thoughts 7

Metrics Label Encoding Native Encoding
RF XGB | LGBM CB CB
Accuracy | 0.9374 | 0.9380 | 0.9378 | 0.9385 0.9404
Precision 0.94 0.94 0.94 0.94 0.94
Recall 0.94 0.94 0.94 0.94 0.94
F1-score 0.94 0.94 0.94 0.94 0.94

CatBoost outperformed the other models, achieving the
highest accuracy of 94.04%, largely due to its native handling
of categorical features. XGB and LightGBM also performed
well with accuracies of 93.8% and 93.78%, respectively. RF,
while competitive, lagged behind the boosting models in
accuracy, likely due to its inability to capture complex data
interactions as effectively.

B. ROC and Calibration Plots

Fig. 1 highlights CatBoost’s performance (AUC = 0.9766),
surpassing other models (avg. AUC = 0.974). It showed
slight advantages in the 0.1-0.2 FPR range, with a marginal
increase in TPR. CatBoost’s improved specificity and calibra-
tion, shown in calibration plots, make it ideal for clinical use
by reducing false positives and ensuring reliable risk estimates.

C. Feature Important Analysis

As presented in Fig. 2, SHAP analysis revealed that work
pressure, academic pressure, job/study satisfaction, and age
were the most influential factors in predicting depression
risk. Work and academic stress exhibited a strong positive
association with depression risk, whereas job/study satisfaction
had a protective effect. These findings are consistent with
existing mental health research [7].
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Fig. 1. ROC curves of the evaluated models, with AUC values indicating
classification performance.
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Fig. 2. Feature importance scores for the CatBoost model using native
categorical encoding. The top predictors of depression are ranked by their
mean SHAP values.

V. CONCLUSION

This study evaluated tree-based models for depression risk
prediction, with CatBoost (using native encoding) outper-
forming others due to its effective handling of categorical
features, robustness against overfitting, and efficient process-
ing of complex datasets [5]. Its well-calibrated probabilities
improve reliability in predicting depression risk. Feature im-
portance analysis identified key factors influencing depression,
providing insights for targeted interventions. Future research
could integrate additional data and clinical assessments to
enhance predictive accuracy and applicability in mental health
evaluation.
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