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Abstract

Depression is a well-known health issue and is the third leading cause of disability, following cardiac
and respiratory problems. Several research findings indicate that university students are particularly
prone to depression, despite being considered a relatively privileged group. However, the recorded
prevalence rates show significant variability across different settings, which can negatively impact
their academic performance, social relationships, and overall lifestyle. To address this, a machine
learning model has been developed using various algorithms to train and predict depression in
students based on relevant parameters. The algorithm with the highest accuracy has been proposed
for this prediction task.
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1. Introduction

There has been increasing interest in the topic, and findings from various studies consistently
conclude that the level of depression among college students is alarmingly high and cannot be
overlooked[1]. It often leads to increased cases of social and academic difficulties, as well as suicide.
Students undergoing the transitional stage from adolescence to adulthood may experience significant
stress due to academic pressure, the desire to fit in, and concerns about future planning. Several
factors contribute to students' mental health[2]. In our study, responses related to the social
construction of failure were found to be significantly positively correlated with depressive moods.
Stress also plays a critical role in the onset of depression; the transition from childhood to adulthood
is inherently stressful, compounded by peer pressure, academic expectations, and future
uncertainties[3,4].

It is natural for students to occasionally feel sad, angry, moody, or even all three at once.
However, when such negative moods persist for weeks, months, or even years, and hinder a student's
ability to study effectively, it may indicate the presence of clinical depression[5]. This study confirms
that students are not exempt from depression; rather, it often exists in a form that goes undetected or
untreated [11]. The structure and flow of this study are illustrated in Figure 1, which outlines the key
components and methodology of the paper.
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Figure 1. Overall flow of the study.

2. Literature Review

Depression among students is rising rapidly, making it one of the most prevalent mental health
conditions globally [12]. It affects students” academic achievements, social interactions, behavior, and
overall daily life functioning [13]. Depression is now recognized as one of the most emerging
psychological disorders among university students, as supported by studies such as those by
Lyubomirsky et al. (2003) and Vredenburg et al. (1988). Epidemiological findings further emphasize
that depression is a multifaceted disorder, contributing to dysfunction in interpersonal, social, and
occupational domains [14].

The essence of depression lies in the absence of positive emotions and is often accompanied by
disrupted sleep patterns, poor appetite, difficulty concentrating, anxiety, and insomnia [14]. A study
published in the Journal of the American Medical Association reveals that the prevalence of
depression among college and university students is alarmingly high, with at least one in three
students experiencing severe depressive symptoms [1]. According to this study, university campuses
urgently require comprehensive mental health support systems, including workshops and
counseling sessions, as depression remains a hidden yet deadly condition [15].

If left untreated, depression can lead to serious and dangerous consequences in both students’
personal and professional lives. Academic pressure plays a significant role, as students often place
high expectations on themselves, while also facing pressure from family members[16-18]. This can
result in feelings of loneliness, anxiety, and helplessness. Several factors contribute to depression
among students, including cultural, environmental, biological, and lifestyle-related elements [6].

From a biological perspective, genetic predisposition and neurochemical imbalances can
significantly increase the risk of depression [6]. Additionally, personality traits such as low self-
esteem or introversion can isolate students from social support systems. Many students also engage
in social comparison on platforms like Instagram or TikTok, further affecting their self-worth.
Environmental factors, such as academic overload, conflicts with peers, and bullying, also contribute
substantially to the worsening of students’ mental health [4], [10]. Unhealthy lifestyle choices such as
poor diet, irregular sleep (less than 6-8 hours), and lack of physical activity further exacerbate the
condition, particularly during high-stress academic periods. The COVID-19 pandemic, which began
in 2020, has significantly worsened these issues, with depression and anxiety rates among students
increasing dramatically worldwide [1]-[4].
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Recent advancements in machine learning offer promising tools for early detection and
prediction of student depression. These models can analyze complex and large datasets with high
accuracy, identifying at-risk individuals with significant precision [5], [7], [8], [9], [11]. Some studies
have also explored the use of biomarkers, such as cortisol levels, to detect stress and depression at
early stages [10]. Till to date, no pharmaceutical treatment has been universally effective for
addressing depression among college and university students [6].

Precautionary measures can help reduce the risk of depression. These include maintaining a
healthy lifestyle, engaging in regular physical activity, eating nutritious food, and ensuring adequate
sleep[19-22]. Moreover, financial stress, family pressure, and lack of emotional support must also be
addressed within university frameworks [6], [13].

Effective intervention requires continued research to identify root causes and develop tailored
solutions. Universities must provide dedicated support systems to help students manage their mental
health proactively. As illustrated in Figure 1, the flow of the study includes the identification of risk
factors, data collection, analysis through machine learning models, and interpretation of the results.

3. Proposed Methodology

Depression, as a mental health condition, has been widely studied and modeled using machine
learning techniques. In this study, a machine learning-based algorithm is developed to predict the
likelihood of depression among students. The implementation is carried out using the RapidMiner
platform, which enables efficient handling of data preprocessing, model training, and evaluation. The
proposed methodology involves systematic workflow comprising data preprocessing (handling
missing values), feature optimization, and classification using various machine learning algorithms.
The key classifiers used in this research include KNN, Naive Bayes, Random Forest, and Decision
Tree algorithms. Figure 2 shows the training dataset being clustered into two groups within the
feature space during the initial phase of the model development.
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Figure 2. Feature space clustering of training dataset into Group 1 and Group 2 during initial training.

3.1. Framework

The proposed framework includes all essential steps of supervised machine learning, beginning
with data cleaning and preprocessing, followed by optimization, training, and testing. Each operation
is designed to improve the model’s prediction accuracy by selecting relevant features and discarding
noisy or irrelevant ones.
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3.2. Dataset Description

The dataset used in this study is publicly available on Kaggle and is tailored to analyze and
predict depression among students. It includes features such as:

1) Demographics: age, gender, academic grade

2) Lifestyle factors: sleep habits, physical activity, and social life

3) Clinical history: past mental health conditions

4) Survey scores: results from standardized depression questionnaires

These attributes allow for a comprehensive analysis of factors associated with depression in the
student population. Figure 3. illustrates dataset attributes used for depression prediction, including
demographics, lifestyle, and clinical history.
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Figure 3. Dataset Attributes.

3.3. Handling Missing Values

Missing values in the dataset were handled using the "Replace Missing Values" operator in
RapidMiner Studio. Suitable substitute values were used to fill in gaps, ensuring consistency and
reliability in subsequent modeling phases[23-27].

3.4. Optimization and Feature Selection

After handling missing values, feature selection and optimization were performed using the
"Optimize Selection" operator. This process removes irrelevant features and improves the model's
performance and training efficiency. The dataset was then divided into two subsets:

a) Training set (70%) for model learning

b) Testing set (30%) for model evaluation
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Figure 4. Class distribution of student depression cases showing 305 confirmed and 259 discarded cases among

564 total instances.

This classification highlights the imbalanced nature of the dataset. While the dataset identifies
305 "Yes" (confirmed) cases and 259 "No" (discarded) cases, the source of confirmation or criteria used
remains unclear, as such metadata is not publicly available. Figure 5 shows the optimization process
in RapidMiner: Operators for preprocessing, selection, classification, and evaluation.
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Figure 6. Sample Rapid Miner Workflow.

Operators such as Split Data, Apply Model, and Performance were used. The Split Data operator
partitions the dataset into training and testing subsets. The Apply Model operator applies the trained
model, and the Performance operator evaluates metrics such as accuracy, precision, and recall. The
accuracy for each classifier was calculated, and the one yielding the highest predictive performance
was selected for final implementation. Accuracy is defined as the ratio of correctly predicted instances
to the total number of predictions made.

4. Results

This section presents the results obtained by applying various machine learning algorithms to
predict depression among students. The evaluation primarily focuses on the accuracy of each
algorithm, and the confusion matrix for the highest-performing model is also discussed.
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To determine the best-performing algorithm, the accuracy of each classifier was computed and
compared. The results clearly indicate that the Decision Tree algorithm achieved the highest
prediction accuracy among all tested models. Once the highest accuracy model was identified, a
confusion matrix was generated to further assess its performance. Figure 7 shows the accuracy
comparison.
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Figure 7. Accuracy of Algorithm.

In the above figure it is quite observable that the Decision tree algorithm recorded the highest
accuracy percentage among the classifiers. The number of accurate results which can be achieved by
using various algorithms has been summarized below. From this chart, it is stated that the highest
algorithm accuracy has been provided by the decision tree altogether 75.17%. For boundaries of
decision that are complex decision tree algorithm models such as student depression
interconnectivity of features such as (sleep duration, study satisfaction and work duration) do not
present simple linear relations. Tree is making split decisions, and the maxims of decision might be
based on several features and that results to high accuracy because delicate relationships are
preserved. The confusion matrix which is produced by decision tree algorithm is shown Table 1.

Table 1. Confusion matrix for Decision Tree classifier with precision and recall values.

True: Yes True: No Class Precision
Predicted: Yes 429 116 78.72%
Predicted: No 97 216 69.01%
Class Recall 81.56% 65.06%

5. Conclusion

Multiple supervised learning algorithms were evaluated for the classification task, and the
results are presented through comparative analysis. Among all applied models, the Decision Tree
algorithm achieved the highest accuracy of 75.17%, followed closely by Random Forest with 74.94%.
In contrast, Naive Bayes and KNN recorded lower accuracies 61.42% and 38.68%, respectively, in the
initial fold. These findings highlight the superior performance of tree-based models for this
classification task. Future work may involve testing these models on additional datasets to further
validate their generalizability.
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