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Abstract—Early identification of depression risk among students is increasingly important for educational institutions because
mental health problems may affect academic engagement, well-being, and learning continuity. This study aims to compare TabNet
and CatBoost in predicting student depression risk and to examine their explainability in identifying influential predictors from
structured tabular data. The dataset used in this study consists of student-related variables covering personal characteristics,
academic conditions, psychological indicators, and lifestyle factors. The experimental procedure included data cleaning, missing
value treatment, categorical feature transformation, feature scaling, model training, testing, and interpretation. Model performance
was assessed using accuracy, precision, recall, F1-score, and ROC-AUC. Meanwhile, model explainability was examined through
attention-based feature importance for TabNet and SHAP-based interpretation for CatBoost. The experimental results indicate that
CatBoost produced better overall classification performance, achieving 84.54% accuracy compared with 83.44% for TabNet.
CatBoost also obtained higher precision, F1-score, and ROC-AUC values. In contrast, TabNet showed slightly better recall,
suggesting stronger sensitivity in detecting students classified as at risk. The interpretation results show that suicidal thoughts,
financial stress, academic pressure, sleep duration, study satisfaction, dietary habits, and workload-related variables were
consistently relevant to the prediction process. These findings indicate that model selection for student depression prediction should
consider not only accuracy, but also sensitivity and interpretability.
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1. INTRODUCTION

Student depression has become a critical issue in educational environments because depressive symptoms may impair
psychological well-being, reduce academic performance, weaken learning motivation, disrupt social interaction, and
affect students’ long-term educational development [1], [2]. University students are frequently exposed to multiple
sources of pressure, including academic workload, financial constraints, family expectations, lifestyle changes, and
uncertainty regarding future careers, which may increase their vulnerability to depression [1], [3]. Previous studies
have also shown that students’ mental health conditions became more complex during and after the COVID-19
pandemic, as changes in learning environments, limited social interaction, and prolonged psychological distress
disrupted students’ academic and social adaptation processes [4], [5], [6]. Therefore, student depression should not be
viewed merely as an individual psychological problem, but also as an institutional issue that requires early
identification, systematic monitoring, and data-informed support mechanisms.

Traditional depression assessment commonly relies on clinical interviews, psychological screening
instruments, and self-reported questionnaires. These approaches remain important in counseling and clinical practice
because they allow direct evaluation of psychological symptoms and individual experiences. However, their
implementation as institutional monitoring mechanisms may face several limitations. Self-reported instruments can
be influenced by response bias, social stigma, delayed disclosure, and students’ reluctance to report sensitive
psychological conditions [7], [8]. In addition, conventional screening procedures are often conducted periodically
rather than continuously, making it difficult for educational institutions to identify risk patterns at an early stage. From
an information technology perspective, these limitations indicate the need for data-driven decision support systems
that can assist early screening by identifying depression risk patterns from structured student-related data. Such
systems are not intended to replace professional diagnosis, but they may support counselors, academic advisors, and
institutional decision-makers in prioritizing preventive interventions. Machine learning has gained increasing attention
in mental health analytics because it can model complex and non-linear relationships among demographic, academic,
psychological, and lifestyle-related variables.

In student depression prediction, machine learning models can process multiple indicators simultaneously and
produce risk estimations that may support early warning mechanisms. Prior research has demonstrated that machine
learning approaches can be applied to depression prediction and mental health-related classification tasks using
structured data, survey-based variables, and heterogeneous behavioral indicators [9], [10], [11]. Recent studies have
also emphasized the relevance of explainable and machine learning-based approaches in depression-risk prediction,
particularly in health-related contexts where predictive reliability and model transparency are both required [12], [13].
In addition, previous works using XLNet and transformer-based sentiment analysis have shown that advanced learning
architectures are effective for classification tasks involving complex digital data [14], [15].
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However, unlike those studies that focused on textual classification and sentiment analysis, the present study
emphasizes explainable tabular prediction by comparing TabNet and CatBoost in student depression prediction. These
studies indicate that predictive modeling has the potential to complement conventional assessment by providing
scalable and data-informed insights. Nevertheless, the use of machine learning in mental health contexts also
introduces important methodological and ethical challenges. High predictive performance alone is not sufficient
because depression prediction involves sensitive human-centered decisions that require transparency, accountability,
and interpretability.

Interpretability constitutes an essential requirement in educational decision support systems because predictive
outputs must be understandable to the stakeholders involved in follow-up actions. In student depression prediction,
the model should not merely assign a risk category, but should also indicate the variables that shape the prediction.
When this explanatory information is absent, machine learning models may be perceived as opaque systems, which
can reduce trust among educators, counselors, and institutional decision-makers. Explainable machine learning
responds to this concern by enabling the analysis of model behavior and feature contribution. For structured student
data, interpretability is particularly important because depression-related predictions may reflect the combined
influence of academic pressure, study satisfaction, financial stress, suicidal thoughts, sleep duration, dietary habits,
and family history of mental illness. Accordingly, model selection should consider not only classification
performance, but also the ability of the model to generate interpretable and actionable explanations.

TabNet is one of the machine learning models designed specifically for structured tabular data. It uses a
sequential attention mechanism that enables adaptive feature selection during the decision-making process [16].
Unlike conventional deep neural networks that often require additional post-hoc interpretation techniques, TabNet
provides built-in interpretability through attention-based feature masks. These feature masks allow the model to
indicate which input variables receive greater attention across decision steps. Previous studies have shown that TabNet
can achieve competitive performance in structured prediction tasks while maintaining interpretable feature selection
behavior [16], [17]. This characteristic makes TabNet relevant for student depression prediction because the model
can identify influential variables while preserving a certain level of transparency in its internal decision process.

CatBoost is another strong model for structured tabular prediction. It is a gradient boosting algorithm designed
to handle categorical variables effectively and reduce prediction bias through ordered boosting [18]. CatBoost has
been widely used in heterogeneous tabular data problems because of its robustness, strong predictive performance,
and ability to capture non-linear feature interactions. In health-related predictive modeling, CatBoost has demonstrated
reliable performance in classification tasks involving clinical, behavioral, and psychological variables [10], [13].
Although CatBoost does not provide an attention mechanism similar to TabNet, it can be interpreted using post-hoc
explanation techniques such as Shapley Additive Explanations, commonly known as SHAP [19], [20]. SHAP provides
a theoretically grounded approach to estimate the contribution of each feature to model predictions, making it useful
for interpreting complex ensemble models in decision support applications.

Despite the growing number of studies applying machine learning to depression prediction, several research
gaps remain. First, many previous studies primarily emphasize classification performance and treat interpretability as
an additional or secondary component. This creates a limitation because predictive accuracy does not necessarily
guarantee practical usability in sensitive domains such as student mental health. Second, existing studies often evaluate
individual machine learning models without sufficiently comparing how different explainability mechanisms
influence model selection. Third, comparative studies involving TabNet and CatBoost in explainable student
depression prediction remain limited, although both models are highly relevant for structured tabular data. TabNet
offers built-in attention-based interpretability, while CatBoost offers strong predictive performance supported by
SHAP-based explanation. Comparing these two models can provide useful insights into the trade-off between
predictive accuracy and interpretability in educational decision support systems.

Based on these gaps, this study compares TabNet and CatBoost for explainable student depression prediction
using a structured tabular dataset containing demographic, academic, psychological, and lifestyle-related attributes.
The comparison is conducted under the same experimental setting to ensure a fair evaluation of both models.
Predictive performance is assessed using accuracy, precision, recall, F1-score, and ROC-AUC, while interpretability
is analyzed using TabNet attention-based feature importance and CatBoost SHAP values. This study aims to examine
how both models perform in predicting student depression risk, identify influential predictors produced by different
explainability mechanisms, and provide system-oriented recommendations for selecting machine learning models in
educational mental health decision support systems.

Based on this objective, the main contributions of this study are threefold. First, this study provides a
comparative evaluation of TabNet and CatBoost for student depression prediction using structured tabular data.
Second, this study analyzes the interpretability behavior of both models by comparing attention-based feature
importance and SHAP-based explanation. Third, this study offers practical insights for the development of explainable
machine learning-based decision support systems in educational environments, where predictive reliability,
transparency, and responsible use must be considered together. Considering the urgency of early depression risk
identification among students, this study positions comparative model evaluation as a way to examine how predictive
accuracy, sensitivity to at-risk students, and interpretable outputs can be balanced in data-informed screening.
Therefore, this research not only contributes to the technical comparison of two machine learning models, but also
demonstrates how explainable prediction can support responsible decision-making in educational mental health
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contexts. This approach supports early screening while keeping model predictions interpretable for educational
decision-making.

2. RESEARCH METHODOLOGY
2.1 Research Stages

This study employed a comparative experimental research design to evaluate the predictive performance and
explainability of TabNet and CatBoost in student depression prediction. The research was conducted using a structured
machine learning workflow consisting of five main stages: dataset preparation, data preprocessing, model
development, performance evaluation, and explainability analysis. These stages were designed to ensure that both
models were evaluated under comparable experimental conditions and that the resulting findings could provide
reliable insights into the relationship between predictive accuracy and interpretability.

The first stage was dataset preparation, in which a publicly available student depression dataset was selected
as the empirical basis of the study. The dataset contains student-related attributes representing demographic, academic,
psychological, and lifestyle-related conditions. The second stage was data preprocessing, which included missing
value treatment, categorical feature transformation, numerical feature scaling, and train-test data splitting. The third
stage was model development, where TabNet and CatBoost were trained using the same preprocessed dataset. The
fourth stage was model evaluation, in which both models were assessed using accuracy, precision, recall, F1-score,
and ROC-AUC. The fifth stage was explainability analysis, where TabNet attention-based feature importance and
CatBoost SHAP values were analyzed to identify influential predictors of student depression risk. To provide a clearer
overview of the experimental procedure, the research stages are visualized in Figure 1. The figure illustrates the
sequential process from dataset preparation to explainability analysis, showing how both TabNet and CatBoost were
evaluated under the same experimental workflow.

Input Dataset

» Data Preprocessing > Data Encoding > Train-Test Split
L 4
Model Evaluation | Model Training
Comparative Analysis
TabMet Training CatBoost Training
Explainability Analysis|«

¥
Ssytem-Oriented
Recomendation

Figure 1. Research Stages for Explainable Student Depression Prediction

The workflow begins with the input dataset and proceeds through preprocessing, model training, performance
evaluation, and interpretability analysis. This sequential design allows the study to compare not only classification
results but also the explanatory behavior of each model. Therefore, the methodology supports a balanced evaluation
of predictive performance and explainability, which is essential in student mental health decision support systems.

2.2 Dataset and Data Preprocessing

The dataset employed in this study was sourced from a publicly available benchmark dataset on student depression
[21]. It is presented in a structured tabular format and comprises several categories of student-related variables, namely
demographic characteristics, academic indicators, psychological conditions, and lifestyle factors. The demographic
variables cover age, gender, and geographic information, while the academic indicators include academic pressure,
study satisfaction, cumulative academic performance, and study or work duration. The psychological and lifestyle-
related variables consist of suicidal thoughts, family history of mental illness, sleep duration, dietary habits, and
financial stress. The outcome variable is depression status, which is formulated as a binary classification target. In this
study, label 1 represents students who show depressive symptoms, whereas label 0 represents students without such
symptoms.

Prior to model development, preprocessing was conducted to enhance data quality and maintain consistency
throughout the experimental workflow. Missing values in numerical attributes were treated using median imputation,
as the median is more robust against extreme values than the mean. Meanwhile, missing values in categorical attributes
were filled using the mode, which corresponds to the most frequently occurring category in each variable. This strategy
was adopted to retain the overall distributional characteristics of the dataset while minimizing potential information
loss from incomplete records.
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Furthermore, categorical attributes were transformed into numerical representations using one-hot encoding to
ensure compatibility with the modeling pipeline. The first category was omitted during encoding to reduce redundancy
and minimize the possibility of multicollinearity among generated features. Numerical attributes were then
standardized using z-score normalization to ensure that all numerical features were represented on a comparable scale.
This standardization was particularly relevant for TabNet because neural network-based models can be affected by
differences in feature magnitude during training. After the preprocessing stage, the dataset was split into training and
testing subsets using an 80:20 proportion. Stratified sampling was applied to preserve the class distribution in both
subsets, thereby supporting a fairer and less biased evaluation process.

2.3 Model Development

TabNet and CatBoost were developed and compared as the main algorithms for explainable student depression
prediction. Both models were selected because they represent different approaches to tabular data classification, where
TabNet uses an attention-based deep learning architecture and CatBoost applies a gradient boosting approach for
structured and categorical data. TabNet was developed using an attentive interpretable tabular learning architecture
[16]. The TabNet architecture was configured with 16-dimensional decision and attention layers and five decision
steps to support sequential feature selection during prediction. Sparse regularization of 10* was applied to encourage
focused feature utilization, while the Adam optimizer with a learning rate of 0.02 was used during model training. A
batch size of 1024 and a virtual batch size of 128 were applied to support training stability and computational
efficiency.

CatBoost was developed as a gradient boosting model that is effective for structured tabular data and
categorical feature representation [18]. For CatBoost, the main configuration consisted of 200 boosting iterations, a
tree depth of six, a learning rate of 0.1, and Logloss as the objective function for binary classification. The number of
iterations and tree depth were selected to allow the model to capture non-linear feature interactions while controlling
excessive model complexity. Overall, these configurations were used to ensure that both models were evaluated under
comparable experimental conditions in terms of predictive performance, generalization capability, and interpretability
analysis. Table 1 summarizes the main model configurations used in this study.

Table 1. Model Configuration for TabNet and CatBoost

Model Main Configuration
TabNet  Decision dimension = 16; attention dimension = 16; decision steps = 5; sparse regularization = 10™;
learning rate = 0.02; batch size = 1024; virtual batch size = 128
CatBoost Iterations = 200; depth = 6; learning rate = 0.1; loss function = Logloss

2.4 Model Evaluation and Explainability Analysis

Each model was evaluated using accuracy, precision, recall, F1-score, and ROC-AUC. Accuracy represents the overall
correctness of predictions on the test set. Precision shows the reliability of positive depression-risk predictions, while
recall indicates the ability of the model to identify actual positive cases. The F1-score was used to summarize the
balance between precision and recall, especially when false positive and false negative errors must be considered
together. ROC-AUC was included to assess the discriminative capability of the model across different classification
thresholds. The evaluation metrics used in this study are shown in Equations (1)—(4).

(TP +TN)

Accuracy = o T ) @
.. _ TP

Precision = YD) (2)

Recall = ——— 3)
(TP + FN)

Flscore = 2x (Precision X Recall) (4)

(Precision + Recall)

In these equations, TP represents true positive, TN represents true negative, FP represents false positive, and
FN represents false negative. In the context of student depression prediction, recall is particularly important because
false negatives may cause students at risk to remain unidentified. However, precision and F1-score are also relevant
because institutional decision support systems should avoid excessive false alarms that may reduce trust in the system.

Explainability analysis was conducted using two model-specific approaches. For TabNet, feature importance
was obtained from its attention-based feature masks [16]. These masks indicate which features receive greater
attention during the prediction process, thereby providing insight into the internal feature selection behavior of the
model. For CatBoost, interpretability was analyzed using SHAP values [13], [19], [20]. SHAP quantifies the
contribution of each feature to the model’s prediction and enables the identification of variables that increase or
decrease depression risk classification. By comparing TabNet feature importance and CatBoost SHAP values, this
study examines whether both models consistently identify similar influential predictors and how their interpretability
mechanisms differ.
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This methodological design allows the study to evaluate TabNet and CatBoost from two complementary
perspectives: predictive performance and explainability. The results of this evaluation are presented and discussed in
the following section.

3. RESULT AND DISCUSSION

This section presents the experimental results and discussion of the two algorithms compared in this study, TabNet
and CatBoost, for explainable student depression prediction. Both algorithms were evaluated using the same testing
dataset and the same performance metrics, including accuracy, precision, recall, F1-score, and ROC-AUC. In addition,
their explainability mechanisms were analyzed through TabNet attention-based feature importance and CatBoost
SHAP interpretation. The discussion covers model performance, feature importance analysis, SHAP-based
interpretation, and comparative implications for educational decision support systems.

3.1 Model Performance Evaluation

The performance evaluation was conducted using the held-out test dataset after the preprocessing and training stages.
Both TabNet and CatBoost were evaluated under the same experimental setting to ensure that the comparison reflected
model capability rather than differences in data preparation. The performance results are presented in Table 2.

Table 2. Performance Comparison between TabNet and CatBoost

Model  Accuracy Precision Recall F1-Score ROC-AUC
TabNet 0.8344 0.8405  0.8853  0.8623 0.8239
CatBoost  0.8454 0.8576  0.8825  0.8699 0.8377

As shown in Table 2, CatBoost achieved an accuracy of 0.8454, while TabNet achieved an accuracy of 0.8344.
This result indicates that CatBoost produced a slightly higher proportion of correct predictions on the test data. The
difference in accuracy is 0.0110, or approximately 1.10 percentage points. Although this difference is not large, it
suggests that CatBoost was more stable in classifying both depressed and non-depressed student cases under the given
experimental condition. This finding is consistent with previous studies showing that CatBoost performs strongly on
structured tabular data due to its gradient boosting mechanism, ordered boosting strategy, and robustness in handling
heterogeneous feature interactions [18].

CatBoost also achieved higher precision than TabNet, with a score of 0.8576 compared to 0.8405. Precision is
important because it indicates how reliable the model is when predicting a student as being at risk of depression. A
higher precision value means that among the students predicted as positive cases, a larger proportion were actually
positive. In institutional decision support systems, precision is relevant because excessive false positive predictions
may create unnecessary follow-up burdens for counselors, academic advisors, or student support units. Therefore, the
higher precision achieved by CatBoost indicates its advantage in producing more reliable positive predictions.

In terms of recall, TabNet obtained a slightly higher value of 0.8853 compared to CatBoost with 0.8825.
Although the difference is small, this result is meaningful in the context of early depression screening. Recall measures
the model’s ability to correctly identify students who are actually at risk. In mental health-related prediction, false
negatives are particularly important because students who are truly at risk but classified as not at risk may not receive
timely support. Therefore, TabNet’s slightly higher recall suggests that its attention-based architecture may be more
sensitive in detecting positive depression-risk cases. However, this advantage should be interpreted carefully because
the difference between both models is marginal.

The Fl-score results show that CatBoost achieved 0.8699, while TabNet achieved 0.8623. Since F1-score
combines precision and recall, this result indicates that CatBoost provided a slightly better balance between correctly
identifying positive cases and reducing false positive predictions. This finding is also supported by the ROC-AUC
result, where CatBoost achieved 0.8377 compared to TabNet’s 0.8239. ROC-AUC measures the model’s
discriminative ability across classification thresholds. The higher ROC-AUC score of CatBoost indicates that it was
slightly better at distinguishing between students with and without depressive symptoms.

Overall, both models demonstrated strong classification capability. CatBoost showed better performance in
accuracy, precision, F1-score, and ROC-AUC, while TabNet achieved slightly better recall. This pattern suggests that
CatBoost may be more suitable when the system prioritizes balanced predictive performance, whereas TabNet may
be considered when sensitivity to at-risk students is the primary concern. However, the small performance gap also
indicates that model selection should not be based solely on numerical metrics. In explainable student depression
prediction, interpretability and usability must also be considered, particularly because predictions may influence
institutional intervention decisions.

3.2 TabNet Feature Importance Analysis

TabNet provides interpretability through its attention-based feature selection mechanism. Unlike conventional deep
neural networks that often require post-hoc explanation methods, TabNet generates feature masks that indicate which
input variables receive greater attention during the prediction process [16]. This mechanism enables the model to
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select relevant features sequentially across decision steps. In this study, TabNet feature importance was used to
identify variables that contributed most strongly to student depression prediction.

Top 10 TabNet Feature Importance

Have you ever had suicidal thoughts 7_Yes 4

Financial Stress

Academic Pressure

Age 1

Profession_Entrepreneur

Features

City_Visakhapatnam A

Degree M.Ed

City_Kibara

City_Bangalore

Degree MBA

0.00 0.05 010 0.15 0.20 0.25
Feature Importance

Figure 2. Top 10 TabNet Feature Importance

Based on the TabNet feature importance analysis shown in Figure 2, several variables emerged as important
predictors of student depression risk. The most influential features included suicidal thoughts, financial stress,
academic pressure, and sleep duration. These variables reflect psychological, socioeconomic, academic, and lifestyle-
related dimensions of student mental health. The presence of suicidal thoughts as a dominant feature is clinically and
conceptually reasonable because suicidal ideation is closely associated with severe psychological distress and
depressive symptoms. In a predictive modeling context, this variable provides a strong signal for identifying students
who may require urgent attention.

Financial stress also appeared as an important predictor. This finding supports the argument that socioeconomic
pressure can affect students’ psychological well-being. Students who experience financial difficulty may face
additional burdens related to tuition fees, living costs, family expectations, or the need to work while studying. Such
conditions can increase emotional stress and reduce learning focus. Academic pressure was also identified as an
influential variable, indicating that educational demands, workload, performance expectations, and study-related
anxiety may contribute to depression risk. This aligns with previous findings showing that academic and family stress
can significantly affect students’ depression levels and academic performance [1].

Sleep duration was another important feature identified by TabNet. This finding is relevant because sleep
patterns are closely related to psychological well-being, emotional regulation, concentration, and academic
functioning. Inadequate or irregular sleep may increase vulnerability to depressive symptoms, while depression itself
may also disrupt sleep quality. The identification of sleep duration as an influential predictor indicates that lifestyle-
related factors should not be ignored in student mental health analytics. Student depression prediction should therefore
be understood as a multidimensional problem involving psychological, academic, socioeconomic, and behavioral
factors.

The attention-based explanation produced by TabNet is valuable because it provides a direct interpretation of
feature relevance from the model’s internal decision process. This characteristic makes TabNet attractive for
applications requiring transparent feature selection. In an educational decision support system, attention-based feature
importance can help stakeholders understand which factors are considered important by the model. For example, if
the model emphasizes academic pressure and sleep duration, institutions may consider strengthening academic
counseling, workload monitoring, time management programs, or student well-being campaigns. However, attention-
based importance should not be interpreted as causal evidence. It indicates model-based relevance, not direct causal
influence. Therefore, the findings should be used as decision support information rather than definitive clinical
conclusions.

3.3 CatBoost SHAP Analysis

CatBoost interpretability was analyzed using SHAP values. SHAP provides a post-hoc explanation approach based
on Shapley values, which estimate the contribution of each feature to the model’s prediction [19], [20]. Unlike simple
feature importance measures, SHAP can explain both the magnitude and direction of feature influence. This makes it
useful for interpreting complex ensemble models such as CatBoost, especially in decision support contexts where
stakeholders need to understand why a model produces a certain prediction.
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Figure 3. SHAP Summary Plot of CatBoost Model

As shown in Figure 3, the SHAP analysis identified several influential predictors, including suicidal thoughts,
financial stress, study satisfaction, dietary habits, sleep duration, and workload-related variables. Similar to TabNet,
CatBoost highlighted suicidal thoughts and financial stress as major contributors to depression prediction. This
consistency strengthens the reliability of the findings because both models, despite using different learning
mechanisms, identified similar psychological and socioeconomic factors as important. Such convergence indicates
that these variables contain strong predictive information in the dataset. The SHAP analysis also provided more
granular insights into lifestyle and academic-related predictors. Study satisfaction appeared as an influential variable,
suggesting that students’ subjective evaluation of their academic experience may be related to depression risk. Lower
study satisfaction may reflect academic disengagement, dissatisfaction with learning environments, perceived lack of
achievement, or mismatch between expectations and actual academic experience. Dietary habits were also highlighted,
indicating that lifestyle patterns may contribute to the model’s prediction. Although dietary habits should not be
interpreted as a standalone determinant of depression, their appearance in the SHAP analysis suggests that behavioral
patterns may interact with psychological and academic variables in predicting depression risk.

Workload-related variables also contributed to CatBoost predictions. Students with excessive work or study
hours may experience fatigue, reduced rest time, and increased stress. This finding is relevant in contexts where
students may combine academic responsibilities with part-time work or family obligations. CatBoost’s ability to
capture such variables demonstrates its strength in modeling non-linear relationships among heterogeneous features.
Since gradient boosting models build sequential decision trees, they can capture feature interactions that may not be
easily represented by simpler linear models.

Compared to TabNet’s attention-based explanation, SHAP analysis offers a more detailed view of feature
contribution. While TabNet identifies which features receive attention during model decision-making, SHAP explains
how each feature contributes to increasing or decreasing predicted risk. This distinction is important. TabNet provides
built-in interpretability through its architecture, whereas CatBoost relies on post-hoc explanation after the model is
trained. In practical terms, TabNet may be easier to justify as an inherently interpretable model, while CatBoost may
provide richer explanation outputs through SHAP visualization. Therefore, the choice between both models depends
not only on prediction performance but also on the type of explanation required by the decision support system.

3.4 Comparative Discussion

The comparative results indicate that CatBoost and TabNet offer different strengths in explainable student depression
prediction. CatBoost achieved slightly higher accuracy, precision, F1-score, and ROC-AUC, suggesting better overall
predictive performance. This result is consistent with the general strength of gradient boosting methods in structured
tabular data analysis. CatBoost can model complex feature interactions effectively and has been shown to perform
well in heterogeneous datasets [13], [18]. Its performance advantage in this study may be explained by the nature of
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the dataset, which consists of structured survey-based variables, categorical attributes, and mixed psychological,
academic, and lifestyle indicators.

TabNet, although slightly lower in overall performance, achieved higher recall. In student depression
prediction, this is an important result because recall reflects sensitivity in identifying at-risk students. If the objective
of a system is early screening, a model with higher recall may be preferable because it reduces the likelihood of
missing students who may need support. However, higher recall should be balanced with precision to avoid generating
excessive false positives. In educational institutions, false positives may lead to unnecessary follow-up, increased
workload for counselors, and possible anxiety if risk communication is not handled carefully. Therefore, a model
should be evaluated not only based on one metric but also based on the institutional purpose of deployment.

From the interpretability perspective, TabNet and CatBoost also differ. TabNet provides built-in
interpretability through attention-based feature importance. This is useful when a system designer wants a model
whose explanation is embedded in the learning architecture. CatBoost, in contrast, provides strong predictive
performance and can be explained using SHAP. SHAP-based explanation offers more detailed information regarding
feature contribution but requires an additional post-hoc analysis layer. This difference reflects an important design
consideration in explainable machine learning. Built-in interpretability may be simpler to communicate, while post-
hoc explainability may provide more flexible and granular interpretation.

The feature importance results from both models show substantial convergence. Suicidal thoughts and financial
stress consistently appeared as influential predictors. Academic pressure, sleep duration, study satisfaction, dietary
habits, and workload also contributed to depression prediction. These findings indicate that student depression risk is
not shaped by a single factor, but by the interaction of psychological, academic, socioeconomic, and lifestyle-related
conditions. This multidimensional nature supports the need for holistic student support systems. Educational
institutions should not interpret machine learning output only as a classification result, but as an opportunity to identify
patterns that may inform preventive programs, counseling priorities, and academic policy interventions.

Compared with previous studies, the findings of this study support the relevance of machine learning for
depression prediction and mental health-related decision support. Prior studies have demonstrated that machine
learning models can be used to identify depression risk based on structured data and behavioral indicators [9], [10],
[11]. This study extends previous work by focusing not only on predictive performance but also on explainability
comparison between two different tabular learning paradigms. The comparison between TabNet and CatBoost
provides additional insight into how different explanation mechanisms may influence model selection. Rather than
treating accuracy as the only indicator of model quality, this study emphasizes the balance between performance,
sensitivity, interpretability, and system usability.

The results also have practical implications for the design of student mental health decision support systems.
If the primary objective is to maximize balanced classification performance, CatBoost may be a stronger option
because it achieved higher accuracy, precision, F1-score, and ROC-AUC. If the system prioritizes sensitivity and
built-in interpretability, TabNet may be considered because it achieved slightly higher recall and provides attention-
based feature importance. In some cases, a hybrid strategy may also be useful. For example, CatBoost can be used as
the main predictive model because of its stronger overall performance, while TabNet can be used as a complementary
model to validate whether similar features are selected through attention mechanisms. Such a strategy may improve
confidence in model interpretation.

Nevertheless, several limitations should be considered when interpreting the results. First, the dataset used in
this study is a structured public dataset, which may not fully represent the complexity of student mental health
conditions across different institutions, countries, or cultural contexts. Second, the prediction task is based on static
tabular data, whereas depression risk may change over time due to academic cycles, personal events, social conditions,
or institutional support. Third, although feature importance and SHAP analysis provide useful interpretability, they
do not establish causal relationships. A feature identified as important by the model does not necessarily cause
depression; it only indicates predictive relevance within the dataset. Fourth, the use of machine learning for mental
health-related prediction requires careful ethical consideration, particularly regarding privacy, data security, fairness,
and responsible communication of risk scores.

Based on these considerations, the results of this study should be viewed as a contribution to explainable
machine learning evaluation rather than a clinical diagnostic framework. The proposed comparison provides evidence
that both TabNet and CatBoost can support student depression prediction, but their deployment in real-world
educational settings should involve counselors, psychologists, data governance teams, and institutional policymakers.
Machine learning predictions should be used as supporting information for early screening and prevention, not as a
substitute for professional assessment. Future studies should validate the findings using longitudinal datasets,
institution-specific student records, and multimodal data sources such as academic performance trajectories, learning
management system activity, and behavioral indicators. Further research may also explore ensemble or hybrid
explainable learning frameworks that combine the predictive strength of CatBoost with the inherent interpretability
of TabNet.

Overall, the findings demonstrate that CatBoost provides slightly stronger predictive performance, while
TabNet offers competitive performance with attention-based interpretability and slightly higher recall. The consistent
identification of suicidal thoughts, financial stress, academic pressure, sleep duration, study satisfaction, dietary habits,
and workload as influential predictors indicates that explainable machine learning can provide meaningful insights
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into student depression risk. Therefore, the main value of this study lies not only in comparing two algorithms, but
also in showing how predictive models can be interpreted and positioned responsibly within educational decision
support systems.

4. CONCLUSION

This study concludes that TabNet and CatBoost are both applicable for explainable student depression prediction
using structured tabular data, but they offer different strengths in predictive performance and interpretability. CatBoost
showed stronger overall classification performance by achieving higher accuracy, precision, F1-score, and ROC-
AUC, with an accuracy of 84.54% compared to 83.44% for TabNet, indicating its advantage when balanced predictive
reliability is prioritized. However, TabNet achieved slightly higher recall, suggesting better sensitivity in identifying
students at risk of depression, which is important for early screening contexts where false negatives should be
minimized. The explainability analysis showed that suicidal thoughts, financial stress, academic pressure, sleep
duration, study satisfaction, dietary habits, and workload-related variables were consistently relevant predictors,
confirming that student depression risk is influenced by psychological, academic, socioeconomic, and lifestyle-related
factors. These findings indicate that CatBoost may be more suitable for decision support systems requiring stronger
overall performance, while TabNet may be considered when built-in interpretability and higher sensitivity are needed.
Nevertheless, the findings should be interpreted as decision-support evidence rather than clinical diagnosis because
the study used a static public dataset and did not capture longitudinal or institution-specific mental health dynamics.
Future studies should validate the models using longitudinal, institutional, and multimodal student data while
addressing privacy, fairness, and responsible deployment in educational mental health screening systems.
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