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Abstract. This study conducts an exploratory data analysis combined with machine learning techniques to identify 

early signs of student depression. We investigated various factors affecting mental health among students, 

including sleep duration, dietary patterns, history of suicidal thoughts, family history of mental illness, and their 

relationships with depression across age groups and academic pressure. The study also examined the influence of 

gender on academic stress levels. Three machine learning models such as Random Forest, Support Vector 

Machine (SVM), and K-Nearest Neighbors (KNN) were utilized to predict depression. The performance of these 

models was evaluated, achieving accuracy rates of 84.97% for Random Forest, 84.85% for SVM, and 81.16% for 

KNN. The findings highlight the effectiveness of these models in predicting student depression and underscore 

the importance of targeted mental health interventions based on key factors influencing mental health among 

students. 

Keywords Exploratory Data Analysis, Student Depression, Machine Learning, Random Forest, Academic 

Pressure 

 

 

1. INTRODUCTION 

The prevalence of mental health issues among students is a growing concern 

globally, impacting academic performance and overall well-being. Depression, in 

particular, is a prevalent mental health disorder among students, often going undiagnosed 

until it reaches a critical stage. Early detection is crucial to providing timely interventions 

that can prevent the progression of depression and mitigate its impact on students’ lives. 

This study seeks to address this issue by employing exploratory data analysis (EDA) 

combined with machine learning techniques to predict early signs of depression among 

students. 

Exploratory data analysis is a powerful tool for understanding complex data 

patterns and relationships. By examining various factors influencing mental health—such 

as sleep duration, dietary patterns, history of suicidal thoughts, and family history of 

mental illness—we can gain valuable insights into how these variables contribute to 

depression. Additionally, the study explores the impact of academic pressure and age, 

recognizing that these factors significantly influence mental health among students. The 

inclusion of gender as a variable further enhances the understanding of academic stress 
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and its differential impact across genders. 

Machine learning offers a robust approach to predict and manage mental health 

issues. This study employs three widely used machine learning models: Random Forest, 

Support Vector Machine (SVM), and K-Nearest Neighbors (KNN). These models are 

chosen for their ability to handle diverse data types and their effectiveness in classification 

tasks. The performance of these models is evaluated based on their accuracy in predicting 

depression, providing a comprehensive assessment of their utility in mental health 

interventions. 

The findings of this study have significant implications for educators, 

policymakers, and mental health practitioners. By identifying key factors influencing 

student depression, this research contributes to the development of targeted strategies for 

early detection and intervention. Moreover, it highlights the potential of machine learning 

to enhance mental health services and support systems within educational institutions, 

paving the way for more personalized and proactive mental health care for students. 

In summary, this research provides a novel approach to understanding and 

predicting student depression using EDA and machine learning. It aims to fill the gap in 

existing literature by exploring the complex interplay between various risk factors and 

depression, and by demonstrating the practical applications of machine learning in the 

realm of student mental health. 

 

 

2. LITERATURE REVIEW 

The literature on student mental health, particularly depression, has grown 

significantly in recent years, reflecting a growing awareness of its impact on academic 

and personal life. Several studies have explored the risk factors associated with depression 

among students, emphasizing the importance of early detection and intervention. 

Depression among students is influenced by a variety of factors including sleep patterns, 

dietary habits, and the presence of suicidal thoughts or a family history of mental illness. 

Understanding these contributing factors is crucial for developing effective prevention 

and intervention strategies. 

Sleep duration is one of the most frequently cited risk factors for depression among 

students. Poor sleep quality and insufficient sleep are associated with an increased risk of 

depressive symptoms. Dietary patterns, such as high sugar intake and low nutrient diets, 
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are also linked to poor mental health outcomes. These lifestyle factors can influence mood 

and cognitive functioning, making them important considerations in understanding 

student depression. 

The history of suicidal thoughts is another significant predictor of student 

depression. Studies have shown that students with a history of suicidal ideation are at a 

higher risk for clinical depression. Additionally, family history of mental illness can 

contribute to increased vulnerability, suggesting a genetic or environmental predisposition 

to depression. These factors highlight the multifaceted nature of depression among 

students and the need for comprehensive assessments to identify those at risk. 

Academic pressure is also a key determinant of student mental health. High 

academic demands and stress related to performance and future prospects can contribute 

significantly to the onset of depressive symptoms. The role of gender in academic stress 

has been increasingly recognized, with studies suggesting that female students may 

experience higher levels of stress and depressive symptoms compared to their male 

counterparts. Understanding these differences is crucial for tailoring interventions that 

address the specific needs of different student groups. 

Recent advancements in machine learning have provided new tools for predicting 

and managing mental health issues among students. Machine learning models such as 

Random Forest, Support Vector Machine (SVM), and K-Nearest Neighbors (KNN) have 

shown promise in classifying mental health risks based on various predictors. These 

models can handle complex, multidimensional data and provide accurate predictions of 

student depression. The ability of these models to integrate multiple factors affecting 

depression makes them valuable for developing early warning systems in educational 

settings. 

Despite the promising results, there are limitations in the current literature. Many 

studies focus on single risk factors or small sample sizes, which may not fully capture the 

complexities of student depression. Additionally, the impact of interventions based on 

predictive models needs further exploration to establish their effectiveness in real-world 

settings. This study aims to address these gaps by conducting a comprehensive analysis 

of multiple risk factors and evaluating the effectiveness of different machine learning 

models in predicting student depression. 
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This study contributes to the existing knowledge by exploring a broader range of 

predictors and utilizing advanced machine learning models to predict depression among 

students. The findings provide valuable insights into the development of targeted 

interventions and the implementation of effective mental health strategies in educational 

settings. 

 

3. METHODS 

The methods section outlines the steps followed in executing the study and provides 

a brief justification for the research methods used. This section should contain sufficient 

detail to allow the reader to evaluate the appropriateness of your methods and the 

reliability and validity of your findings. Additionally, the information should enable 

experienced researchers to replicate your study. 

A. Data Preprocessing 

The dataset was examined for missing values to ensure data completeness 

and integrity. A null value check was performed for all features, and rows with 

missing data were removed to prevent biases or inconsistencies during model 

training. The equation used for null value detection is: 

 

To assess relationships among numerical variables, a correlation matrix was 

generated using Pearson's correlation coefficient. This step aimed to identify 

potential multicollinearity and explore underlying associations between features, 

particularly those related to depression. The correlation coefficient is calculated as: 

 

This analysis helped prioritize features based on their influence on depression 

outcomes. 

Data normalization was applied to ensure that all numerical features were 

scaled to a standard range. This step prevents models from being biased towards 

features with larger magnitudes. The StandardScaler was employed, transforming 

data as follows: 
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Where 𝑍 is the normalized value, 𝑋 is the original feature value, 𝜇 is the mean, 

and 𝜎is the standard deviation. 

 

B. Model Development and Training 

Random Forest, an ensemble learning method, constructs multiple decision 

trees and aggregates their predictions, where each tree votes and the majority class 

is selected. 

 

Random Forest's robustness to overfitting and ability to handle non-linear 

relationships made it suitable for this study. 

Similarly, SVM separates classes by maximizing the margin between them, 

and for non-linear data, a Radial Basis Function (RBF) kernel is used to solve the 

optimization problem. 

 

subject to: 
  

 

where 𝑤 is the weight vector, 𝑏 is the bias, 𝜉 are slack variables, and 𝐶 is the penalty 

parameter controlling the trade-off between margin size and misclassification. 

In contrast, KNN predicts the class of a sample by considering the majority 

class among its k-nearest neighbors, with the distance between data points computed 

using the Euclidean distance. 

 

KNN's simplicity and effectiveness in capturing local patterns complemented the 

other models. 
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C. Model Evaluation 

 

The dataset was divided into training (80%) and testing (20%) subsets. Feature 

normalization was applied to ensure uniform scaling for all models. The 

performance of each model was evaluated using accuracy as the primary metric: 

 

where 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, 𝐹𝑁 represent true positives, true negatives, false positives, 

and false negatives, respectively. A confusion matrix was used to visualize prediction 

performance, and accuracy results were ranked from highest to lowest to determine 

the best-performing model. 

 

4. RESULTS 

In this section, the results of the exploratory data analysis (EDA) and machine 

learning models are presented to identify early signs of student depression. The EDA 

provided a comprehensive overview of factors influencing student mental health, 

including sleep duration, dietary habits, history of suicidal thoughts, and family history 

of mental illness. Figure 1 illustrates the distribution of sleep durations among students, 

showing a majority who reported sleeping 7-8 hours per night, followed by those who 

slept less than 5 hours. This distribution highlights the potential impact of inadequate 

sleep on depression, suggesting that students with less sleep may be at a higher risk of 

experiencing depressive symptoms. Conversely, those who slept more than 8 hours were 

relatively less affected. 

 

Figure 1. Sleep Duration 
 

Figure 2 shows the distribution of dietary habits among students. A significant 
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portion of students (37%) reported having unhealthy dietary habits, while 35.6% 

followed moderate diets. These findings indicate that dietary patterns are a crucial factor 

in mental health, with an unhealthy diet potentially exacerbating depressive symptoms. 

 

Figure 2. Dietary Patterns 

Table 1 presents the history of suicidal thoughts among students, with 63.28% 

reporting such thoughts. This finding is alarming, as a history of suicidal thoughts is a 

significant predictor of depression. The high percentage highlights the urgent need for 

mental health interventions targeting this demographic. Table 2 provides data on the 

family history of mental illness, showing that 48.40% of students had a family history 

of mental illness. This suggests a genetic predisposition to depression, reinforcing the 

importance of considering familial mental health history in preventive measures. 

Table 1. History of Suicidal Thoughts 
 

History of Suicidal Thoughts Percentage 

Yes 63.28% 

No 36.72% 

Table 2. Family History of Mental Illness 

 

Family History of Mental Illness Percentage 

Yes 48.40% 

No 51.50% 

The distribution of age versus academic pressure in relation to depression is shown 

in Figure 3. It reveals a notable increase in depression rates with age, particularly among 

students aged 20 to 25. Higher academic pressures were significantly associated with 

increased depression rates in this age group, indicating that older students face more 

stress which may trigger depressive symptoms. These findings underscore the need for 

targeted mental health support and interventions focused on older students to mitigate 
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academic pressure. 

 

 

Figure 3. Distribution of Age and Academic Pressure Impact on Depression. 

 

Descriptive statistics for academic pressure based on depression status are 

presented in Figure 4. The data shows a clear disparity in academic pressures between 

students with depression and those without. Students with depression reported higher 

academic pressures, with a mean score of 3.12 compared to 2.48 for non-depressed 

students. This significant difference highlights the role of academic demands as a critical 

factor influencing depression, suggesting the necessity of interventions aimed at 

managing academic stress. 

 

 

Figure 4. Descriptive Statistics for Academic Pressure Based on Depression Status. 
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Figure 5 explores the interaction between gender and academic pressure. It reveals 

that female students reported higher academic pressures (mean 3.18) compared to male 

students (mean 3.11), which was significantly associated with higher rates of depression 

among females. This finding indicates that gender plays a crucial role in how academic 

pressures affect mental health, emphasizing the importance of gender-sensitive 

approaches to mental health interventions. 

 

Figure 5. Interaction Between Gender and Academic Pressure and Its Association with 

Depression. 

In terms of predictive modeling, three machine learning models – Random Forest, 

Support Vector Machine (SVM), and K-Nearest Neighbors (KNN) – were utilized to 

predict student depression based on the identified factors. The results demonstrated high 

predictive accuracy across all models, with Random Forest achieving the highest 

accuracy rate of 84.97%, followed closely by SVM at 84.85%, and KNN at 81.16%. 

These results validate the effectiveness of these models in predicting student depression, 

providing a robust tool for identifying at-risk students early and facilitating timely 

interventions. 

The results of this study emphasize the complex interplay between demographic 

factors, academic pressures, and mental health. The high accuracy of the machine 

learning models underscores the importance of using data-driven approaches to 

understand and address depression in students. These findings advocate for the 

integration of targeted mental health interventions within educational settings to 

mitigate the risk of depression among students. 
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5. DISCUSSION 

The findings from the exploratory data analysis (EDA) and machine learning 

models presented in the previous section provide valuable insights into the factors 

influencing student depression. The results indicate a significant relationship between 

sleep duration, dietary habits, history of suicidal thoughts, family history of mental 

illness, and academic pressures with depression among students. Figure 1 and Figure 2 

demonstrate that inadequate sleep and unhealthy dietary habits are strongly linked to 

higher rates of depression. Students who reported sleeping less than 5 hours or having 

an unhealthy diet were at greater risk of depressive symptoms, underscoring the critical 

role of lifestyle factors in mental health. These results align with existing literature, 

which associates poor sleep quality and unhealthy diets with increased vulnerability to 

depression. 

Tables 1 and 2 further illustrate the profound impact of a history of suicidal 

thoughts and a family history of mental illness on student depression. The high 

percentage of students reporting suicidal thoughts (63.28%) and a family history of 

mental illness (48.40%) emphasizes the genetic and psychological predispositions 

contributing to depression. These findings highlight the need for comprehensive mental 

health screening and preventive interventions targeted at students with these risk factors. 

The inclusion of family history in mental health assessments could help identify students 

at higher risk and tailor preventive measures accordingly. 

The distribution of age versus academic pressure in Figure 3 reveals a notable 

increase in depressive symptoms with age, particularly among students aged 20 to 25. 

This age group faces higher academic demands, leading to increased stress levels and a 

higher incidence of depression. These findings suggest that older students may benefit 

from interventions that address academic pressures directly, such as counseling services, 

stress management programs, and academic support. The results align with previous 

research indicating that academic stress is a significant predictor of depression in college 

students. 

Figure 4 demonstrates a clear distinction in academic pressures between students 

with and without depression. Students with depressive symptoms reported higher 

academic pressures compared to their non-depressed counterparts. This finding 

highlights the need for targeted interventions aimed at reducing academic stress for at-
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risk students. By addressing the root causes of academic pressure, educational 

institutions can play a crucial role in mitigating depression among their students. 

Gender differences in academic pressure, as shown in Figure 5, further complicate 

the landscape of student mental health. The higher academic pressures reported by female 

students (mean 3.18) compared to male students (mean 3.11) underscore the gendered 

experiences of academic stress. These findings suggest that mental health interventions 

should be gender-sensitive, addressing the unique stressors faced by each gender. This 

could involve creating more supportive environments that acknowledge and mitigate 

gender-specific academic pressures, such as gender-targeted counseling services and 

workshops. 

The machine learning models, including Random Forest, SVM, and KNN, 

demonstrated high predictive accuracy in identifying student depression, with Random 

Forest performing the best at 84.97%. These results validate the utility of data-driven 

approaches in detecting early signs of depression, providing a valuable tool for educators 

and mental health professionals. The high accuracy rates also indicate the robustness of 

these models in handling diverse datasets, which can be further refined for personalized 

mental health interventions. 

The study underscores the multifaceted nature of student depression and the 

importance of integrated, data-driven approaches to mental health interventions. The 

findings advocate for the inclusion of mental health assessments in educational settings 

to identify at-risk students early and provide timely interventions. By addressing factors 

such as sleep, diet, family history, academic pressures, and gender differences, 

educational institutions can play a pivotal role in supporting student mental health. Future 

research should explore more refined models and targeted interventions that consider 

the complex interplay of these factors to enhance mental health outcomes among 

students. 

 

6. CONCLUSION 

The results of this study underscore the significant impact of various factors on 

student depression. Our exploratory data analysis and machine learning models have 

demonstrated that factors such as sleep duration, dietary patterns, history of suicidal 

thoughts, family history of mental illness, and academic pressure are closely linked to 
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mental health outcomes among students. The high accuracy rates of the Random Forest 

and SVM models highlight their potential utility in early detection and intervention 

strategies for student depression. Moreover, the findings reveal that female students 

experience higher levels of academic pressure and are at greater risk of depression 

compared to their male counterparts, which calls for gender-sensitive mental health 

interventions in educational settings. These insights can inform the development of 

tailored mental health programs and policies aimed at alleviating academic stress and 

promoting student well-being. 

 

 

7. LIMITATION 

While this study provides valuable insights into the predictors of student 

depression, it is not without limitations. One key limitation is the reliance on self-reported 

data, which may introduce biases such as social desirability bias. Additionally, the cross- 

sectional nature of the study design limits causal inferences regarding the relationships 

between academic pressure, mental health, and other factors. The sample may not be fully 

representative of the broader student population, potentially limiting the 

generalizability of the findings. Future research should consider longitudinal designs to 

track changes in mental health over time and include a more diverse sample to enhance 

the external validity of the results. Despite these limitations, the study provides a 

valuable foundation for further research into targeted mental health interventions for 

students. 
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