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Abstract: - Concern over mental health issues among students has in- creased in the last few years. Academic stress, fears about the future, 

and social constraints can all negatively impact students’ well-being. Early detection is necessary for effective support and intervention for 

mental health issues. Even though mental health is crucial for well-being, in countries like Bangladesh, where there are few community 

care facilities for psychiatric patients and the government only devotes 0.44% of the total health budget to mental health, it is not adequately 

re- searched and recognized as a serious public health concern. Furthermore, the fact that less than 0.11% of people have free access to 

psychotropic medicine suggests that there is a severe lack of mental health services. In this age of technology and data-driven decision-

making, machine learning has emerged as a practical method for assessing and categorizing the mental health conditions of pupils. This 

research investigates the development of a predictive model that categorizes student mental health into three groups: ”At Risk,” ”Healthy,” 

and ”Distressed” By utilizing machine learning for student mental health assessments, educational institutions and healthcare practitioners 

may tackle these problems in a whole new way, which will benefit students’ overall wellbeing. 
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I. INTRODUCTION 

In Bangladesh, the issue of student mental health has received a lot of attention lately. Due to its vibrant culture and 

rapidly growing education sector, this South Asian nation is home to a large and diverse student population. 

Bangladesh’s educational system is becoming more expansive and competitive, which presents a number of 

challenges for students to conquer and could be detrimental to their mental health. Bangladeshi students encounter 

numerous obstacles as a result of the confluence of societal norms, financial constraints, and the pursuit of academic 

excellence. The educational system is highly competitive, and students often feel a great deal of stress about their 

academics, especially before big exams like the Higher Secondary Certificate (HSC) and university entrance exams. 

In addition to the challenges that come with becoming an adult, social and familial expectations for success can 

cause anxiety and depression in students. In Bangladesh, receiving treatment for mental health issues is highly 

stigmatized, and access to mental health care is routinely restricted. Because of this stigma, students could be 

discouraged from asking for help when they most need it. In light of these challenges, classifying and predicting 

students’ mental health using machine learning can offer a unique perspective. Using data-driven methods, like the 

machine learning models covered in this paper, can give a more complete view of the state of mental health in 

educational institutions. The goal of this project is to develop a machine learning model that can predict and classify 

the mental health of students into three distinct stages: “At Risk,” ”Healthy,” and “Distressed.” This strategy aims 

to provide medical professionals and educational institutions with the early warning system they need to intervene 

before mental health issues worsen. 

Creating a culturally relevant early intervention approach is the aim, in addition to assessing the mental health of 

the students. This study can improve the general strategy for student welfare by developing prediction models to 

the specific local context and taking into account the particular difficulties faced by students. Through the use of 

machine learning to predict and classify mental health disorders, we can provide support before issues worsen, 

reducing the burden on students and the educational institutions they attend. Furthermore, this research can help 
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develop targeted interventions and support services by offering a more detailed understanding of the factors 

influencing students’ mental health. This discovery has implications for public health as well because it addresses 

a critical issue for the health of future generations. By addressing student mental health, we may be able to reduce 

the long-term burden on healthcare providers and society at large. 

II. RELATED WORKS 

There has been many studies and researches where people have been predicting mental health problems like 

depression and anxiety using the algorithms of machine learning, like decision tree, support vector machine, random 

forest and convolution neural network for the collection and classification of data from blog posts. Chung et al. 

(2023) wanted to empirically assess several well-known machine learning techniques, both from a single classifier 

approach and an ensemble ma- chine learning strategy, in order to categorize and forecast mental health difficulties 

based on a given data set. The data set contains the questionnaire responses from the Open Sourcing Mental Illness 

(OSMI) survey. This study looked at various machine learning methods, such as Support Vector Machine, Gradient 

Boosting, Neural Networks, K-Nearest Neighbors, Logistic Regression, and an ensemble approach that 

incorporated these algorithms. Furthermore, analyses were conducted using two more recent machine learning 

methods: Extreme Gradient Boosting and Deep Neural Networks. Gradient Boosting surpassed Neural Networks, 

which came in second with 88.00% overall accuracy, with an overall accuracy of 88.80%. Deep Neural Networks 

and Extreme Gradient Boosting followed at 86.40% and 87.20%, respectively. The ensemble classifier received 

85.60%, whereas the other classifiers had scores between 82.40 and 84.00%. Furthermore, it was demonstrated that 

every machine learning method that was looked at in this article could produce prediction results that were more 

accurate than 80%. 

The focus of Jage et al. (2023) research was on predicting mental health using deep learning methods and support 

vector machines. Support vector machines are utilized to solve the current problem, while various machine learning 

and deep learning techniques help to overcome these contemporary challenges. Support Vector Machines (SVM) 

outperforms other machine learning methods in terms of accuracy when predicting mental illness. Jain et al. (2021) 

recommended using a number of machine learning techniques, including logistic regression, naive bayes classifier, 

support vector ma- chines, decision trees, and K-nearest neighbor classifier, to ascertain the mental health condition 

of a target population. Initially, unsupervised learning methods were used for the target group’s survey responses. 

The labels generated as a result of clustering were validated by calculating the Mean Opinion Score. After then, in 

order to predict a person’s mental health, classifiers were built utilizing these cluster labels. A wide range of 

demographics were included in the target categories, such as high school students, college students, and working 

professionals. The paper examines how the previously mentioned machine learning algorithms are applied to the 

target demographics and makes recommendations for future research directions. 

A variety of significant and well-known machine learning algorithms, including k-Nearest Neighbors (kNN), 

Random Forests (RF), Support Vector Ma- chines (SVM), and Linear Discriminant Analysis (LDA), were the 

subject of a 2021 study by Sahlan et al. The authors assessed many criteria in terms of generalization errors at 

different levels, including the number of features, training sample size, biological variation, experimental variation, 

effect size, replication, and correlation between features. They were able to accomplish this because to massively 

parallel processing on potent supercomputers. In terms of average generalization errors and stability (precision) of 

error estimations, LDA was determined to be the best technique for fewer correlated characteristics, which are 

defined as features that don’t surpass roughly half the sample size. As the feature set grows, SVM (with RBF kernel) 

outperforms LDA, RF, and kNN by a significant margin, provided that the sample size is at least 20.As the number 

of features increases, kNN performs better than LDA and RF, unless the effect sizes are too small or the data 

variability is too great. It was found that when the data were more variable and had smaller impact sizes, RF 

outperformed just kNN in a number of scenarios. Furthermore, in these conditions, RF produces more precise error 

estimates than kNN and LDA. 

In order to predict the state of student well-being, Laijawala et al. (2020) used a variety of machine learning 

algorithms based on information on university students’ entrepreneurial ability. The findings show that a student’s 

gender and major selection have a big influence on their overall wellbeing. With accuracy and F1-scores of 0.64 

and 0.61, decision trees outperform KNN and SVM. Shafiee et al. (2020) developed a model that constructed 

expectation models using eight widely used machine learning calculation techniques: decision tree (DT), random 

forest (RF), support vector machine (SVM), naive Bayes (NB), logistic regression (LR), xGBoost (XGB), gradient 

boosting classifier (GBC), and artificial neural network (ANN). The model utilized a large dataset (1429 individual 
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surveys). This led to accurate and fruitful dynamics. Various models and approaches have been employed in this 

study to acquire a clear and accurate image. The ultimate result of employing Support Vector Machine (SVM) was 

87.38 percent. Srividya et al. (2018) selected five machine learning techniques and assessed each one’s accuracy in 

recognizing mental health issues using a variety of ac- curacy metrics. The five machine learning techniques are 

Stacking, Random Forest, Decision Tree Classifier, K-NN Classifier, and Logistic Regression. We were able to 

ascertain which stacking technique-based prediction approach was the most accurate, with an accuracy of 81.75%, 

after comparing and utilizing several strategies. Khan et al. (2018) examined a method of classification for 

forecasting mental illnesses. The authors examined the datasets of 466 patients with mental diseases in order to 

determine the relationship between features and diagnosis. To diagnose mental health illnesses, they used three 

machine learning algorithms: Random forest, SVM, and K-nearest neighbor. Next, a comparison was made between 

the aforementioned algorithms’ performances based on different accuracy standards. The studies’ findings 

demonstrate that Random Forest performs better than the other algorithms. Using machine learning algorithms, 

Dobson et al. (2016) concentrated on classifying pupils with a range of mental health issues, such as stress, 

depression, and anxiety. Various techniques are used, including logistic regression, Naıve Bayes, decision trees, 

neural networks, and support vector machines. The most accurate models for stress, depression, and anxiety are 

decision trees, neural networks, and support vector machines, in that order. The decision tree model had the highest 

accuracy, at 84.44%. The objective of this research paper is to help people understand about their problems and 

give doctors an overview into their patient’s psyche. All of this could only be possible when we use models with 

the most accuracy. 

III. METHODOLOGY 

The experimental technique has five primary phases: planning and background analysis, data collecting, data pre-

processing, model implementation, and performance evaluation. To develop a mental health prediction model for 

students, these steps are carefully completed. 150 students’ responses to surveys are gathered, processed, encoded, 

and prepared for analysis. Using machine learning techniques, the model is trained and evaluated to find out how 

well it categorizes students into various mental health disorders. The study emphasizes the significance of model 

correctness, interpretability, and practical value in addressing students’ mental health issues. 

 

 
Figure 1. Working Methodology 

The primary objective of this research is to develop a prediction model for student mental health assessments. 

Developing a model that can accurately categorize students into different mental health disorders is the aim. 

Specifically, the model will be used to categorize students as “Healthy” “At Risk,” or “Distressed”. 

 

3.1 Data Collecting 

The dataset for this study was compiled from surveys that 150 Bangladeshi students completed. Six primary 

categories are used to collect data: Academics, medical-history, Psychological, Social, Demographics, Lifestyle 
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and Health Behavior. There are a total of 32 attributes, each of which highlights a distinct aspect of the students’ 

lives. One of these traits serves as the objective variable and stands in for the mental well-being of the students. The 

data collection method was done very carefully to ensure accuracy and representatives. Participants’ consent and 

privacy were given top priority during the data gathering process, and survey results were carefully documented. 

 

3.2 Data Preprocessing 

The data preprocessing is crucial to ensuring that the dataset is ready for analysis and modeling. This typically 

involves processing missing data, managing outliers, scaling numerical characteristics, and classifying categorical 

variables. But it’s crucial to remember that this study’s dataset was exceptionally clean and comprehensive. Since 

everyone who participated in the survey had to answer all of the questions, there were neither missing nor null 

values. As a result, handling missing data required less data preprocessing, enabling the data to be utilized straight 

away for the ensuing steps of analysis and modeling. In order to convert categorical variables into a numerical 

format suitable for machine learning, data encoding was a critical step in the data preprocessing procedure in this 

study. Figure 1 of Separate types of category data were managed using two separate encoding techniques: 

 
Figure 1:Class Label Status of Collected Data 

Label Encoding: “Self-efficacy, self-esteem, gender, academic performance, attendance, engagement in studies, 

stress levels, Depression, PTSD, eating disorders, OCD, mood disorders, alcohol and drug abuse, and mental health 

are among the conditions that need to be addressed. Label encoding was chosen for these attributes because they 

display an ordinal connection in which one category can be thought of as ”higher” or ”worse” than another. 

 

One-Hot Encoding: Encoding: ’Ethnicity,’ ’Sexual Orientation,’ ’Country,’ ’City,’ ’Department,’ ’Relationship 

Status, ”Personality Traits,’ ’Coping Styles,’ ’Social Interaction,’ ’Peer Support,’ ’Physical Activity,’ ’Proper 

Sleep,’ ’Screen Time,’ ’Screen Time Focus,’ ’Professional Help,’ and ’Stress Source.’ One-hot encoding creates 

binary columns for each category to guarantee that there isn’t any implied hierarchical link between them. The dual 

encoding approach was chosen to make sure the dataset was appropriately prepared for the upcoming stages of the 

study and implementation of machine learning models. It maintains the in- dependence of some attributes while 

maintaining the meaningful order in others. 

 

3.3 Model Implementation 

To ensure the best possible working of machine learning algorithms it needs to work with some key parameters. 

Each and every task requires a different model based on the type of data and work is being dealt with. Hence, it is 

crucial to adjust the model’s parameters to increase its utility and accuracy. In our work in Figure 2, we have tried 

to ensure to tune all the models with adequate parameter values and plump for the foremost value for our models. 

We outline how machine learning techniques can be used to identify student Mental Health. The five techniques 

that we will look at are decision trees, logistic regression, K-Nearest Neighbors (KNN), linear regression, and naive 

Bayes. 
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Figure 2. Framework of Model Implementation 

Linear Regression: The objective of linear regression is to establish a linear relationship between the independent 

variable(s) and the dependent variable, “Mental Health”. 

MentalHealth = 0 + β0 + β1X1 + β2X2 + . . . + βnXn            (1) 

I. Mental Health: The dependent variable representing the stage of Mental health. 

II. B0: The intercept term. 

III. B1,B2,Bn: The independent variables’ coefficients. 

IV. X1,X2,Xn: The independent variables like academic success, stress levels, etc. 

Student Mental health can be predicted using linear regression by simulating the linear correlations between 

numerous variables, such as academic performance, stress levels, and self-esteem. The coefficients, or B values, 

show the strength and direction of these relationships. 

Logistic regression: Logistic regression models the probability that an event (in this case,Mental Health) will occur 

using a logistic function: 

P (MentalHealth) =
1

1+𝑒−𝛽0 +𝛽1 𝑋1 +𝛽2𝑋2 +...+𝛽𝑛𝑋𝑛
 

 

(2) 

I. P(Mental Health): Indicates the probability of depression risk. 

II. Mental Health: The dependent variable representing the stage of Mental health. 

III. B0: The intercept term. 

IV. B1,B2,Bn: The independent variables’coefficients. 

V. X1,X2,Xn: The independent variables like academic success, stress levels, etc. 

Using categorization, such as estimating the probability that a student will experience distressed or healthy mental 

health based on a number of factors, logistic regression can be used. It provides probabilities that which class of 

mental health may occur. 

 

K-Nearest Neighbors (KNN): KNN lacks a particular equation, unlike lo- gistic or linear regression. Data points 

are classified according to the majority class among their K nearest neighbors, which is the basic concept of how it 

operates.KNN can be used to forecast student mental health by taking into consideration the mental health status of 

students with similar characteristics (features).Instead of a mathematical computation, it depends on the proximity 

of data points in a feature space. 

A = (a1, a2, . . . , an)  and  B = (b1, b2, . . . , bn) 

(3) 

d = √∑
(𝑎𝑖−𝑏𝑖)2

𝑅𝑖
2

𝑛
𝑖=1 = √

(𝑎1−𝑏1)2

𝑅1
2 + 

(𝑎2−𝑏2)2

𝑅2
2 + ⋯ +  

(𝑎𝑛−𝑏𝑛)2

𝑅𝑛
2  

(4) 

Decision Tree: Decision Trees are represented as a structure with nodes, branches, and leaves. Each node represents 

a choice based on an attribute, and each leaf node represents a class label (Healthy,At risk or Distressed).Decision 

trees can be used to predict student mental health by recursively segmenting the dataset depending on variables like 
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stress levels, academic performance, and other char- acteristics. As a result, a tree that forecasts mental health states 

is produced. 

Gini(P) = ∑ 𝑃𝑖 (1 −  𝑃𝑖) = 1 −  ∑ (𝑝𝑖)
2𝑛

𝑖=1
𝑛
𝑖=1  

(5) 

Naive Bayes: Naive Bayes uses Bayes’ theorem to calculate the likelihood of a specific class (Healthy,At risk or 

Distressed) given the values of multiple inde- pendent factors. 

P (DistressedX1, X2, ..., Xn) =
𝑝(𝑋1𝐷𝑖𝑠𝑡𝑟𝑒𝑠𝑠𝑒𝑑)𝑃 (𝑋2𝐷𝑖𝑠𝑡𝑟𝑒𝑠𝑠𝑒𝑑)…𝑃(𝑋𝑛𝐷𝑖𝑠𝑡𝑟𝑒𝑠𝑠𝑒𝑑)

𝑃(𝑋1)𝑃(𝑋2)…𝑃(𝑋𝑛)
 

(6) 

I. P(Distressed—X1, X2, Xn): The probability of distressed risk on the given values of the independent variables. 

II. P(Xi—Distressed):The probability that Distressed will be experienced given a value of the i’th independent 

variable. 

III. P(Distressed): The prior probability of Distressed. 

Naive Bayes can be used to predict student Mental health by estimating the chance of distress based on the values 

of multiple independent parameters, such as personality traits, relationship status, and stress levels  

IV. EXPERIMENTAL RESULT ANALYSIS 

The table 1 displays the accuracy with which different machine learning approaches forecast and classify students’ 

mental health. The accuracy scores show how well each approach does at correctly categorizing students into 

the”Healthy,” ”At Risk,” and ”Distressed” groups. A fundamental metric of a machine learning model’s accuracy 

is how well it predicts the target variable on a held-out test set. In this case, the accuracy of each model was 

calculated as the number of accurate predictions divided by the total number of predictions. 

Table 1. Predictive Model Metrics 

Method Accuracy 

Linear Regression 66.54 
Logistic Regression 72.13 

KNN 80.0 
Decision Tree 93.03 

Naive Bayes 84.33 
Random Forest 96.66 

ExtraTreesClassifier 90.00 

 

Linear Regression provides the relationship between one or more predictor variables and a continuous target 

variable is done through supervised learning with linear regression.  

 Table 2. Train and Testing R-Score 

Algorithm Name Training R^2 score Testing R^2 score 

Linear Regression 1.0 .5525 

Logistic Regression 1.0 0.7212 

KNeighborsRegressor 0.3055 0.1317 

DecisionTreeRegressor 1.0 1.0 

GaussianNB 0.8356 0.6167 

RandomForestClassifier 1.0 0.7212 

ExtratreeClassifier 1.0 0.7212 

 

In predicting student mental health using various machine learning algorithms, the performance of these models 

can be assessed through their training and test R² scores in Table 2. Linear Regression achieves a perfect R² score 

of 1.0 on training data, but its test R² drops significantly to 0.5525, indicating possible over fitting. Logistic 

Regression and RandomForestClassifier both exhibit perfect performance on training data with a 1.0 R², and 

maintain reasonable generalization on test data with scores of 0.7212, suggesting better robustness. The 

KNeighborsRegressor, however, performs poorly on both training (0.3055) and test data (0.1317), indicating it's 

not well-suited for this prediction task.  
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Figure 3. Graphical Representation of Confusion Matrix 

DecisionTreeRegressor perfectly fits both training and test sets with 1.0 R², though this may suggest over fitting 

due to its ability to memorize the training data. GaussianNB shows decent performance with training and test scores 

of 0.8356 and 0.6167, respectively, demonstrating reasonable generalization. The ExtratreeClassifier, similar to 

Logistic Regression and RandomForestClassifier, maintains a perfect training score but a lower test score (0.7212), 

showing it can generalize relatively well to unseen data. 

Table 3. Predictive Model Metrics 

Model Name Actual Result Predicted Result 

Logistic Regression 0 0 1 2 1 2 2 2 0 1 0 1 0 22 
1 2 0 2 0 0 1 1 1 1 

0 0 2 2 1 2 2 2 0 1 0 2 0 22 
1 2 0 2 0 0 2 1 2 1 

KNN 0 0 1 2 1 2 2 2 0 1 0 1 0 22 
1 2 0 2 0 0 1 1 1 1 

0 0 2 2 1 2 2 2 0 1 0 2 0 22 
1 2 0 2 0 0 2 1 2 1 

Decision Tree 0 0 1 2 1 2 2 2 0 1 0 1 0 22 
1 2 0 2 0 0 1 1 1 1 

0 0 2 2 2 2 0 2 2 2 0 2 0 22 
2 2 0 2 0 0 2 2 2 2 

Random Forest 0 0 1 2 1 2 2 2 0 1 0 1 0 22 
1 2 0 2 0 0 1 1 1 1 

0 0 2 2 1 2 2 2 0 1 0 2 0 22 
2 2 0 2 1 0 2 2 2 2 

Naive Bayes 0 0 1 2 1 2 2 2 0 1 0 1 0 22 
1 2 0 2 0 0 1 1 1 1 

0 0 2 2 2 2 2 2 0 2 0 2 0 22 
0 2 0 2 0 0 2 0 2 2 

Linear Regression 0 0 1 2 1 2 2 2 0 1 0 1 0 22 
1 2 0 2 0 0 1 1 1 1 

0 0 2 2 2 2 2 2 0 2 0 2 0 22 
0 2 0 2 0 0 2 0 2 2 

The accuracy scores in Figure 4 provide valuable insights into how effectively each method classifies students’ 

mental health. The Random Forest model is the most accurate option for this task out of all the approaches tested 

where accuracy is 96.66%. This suggests that, for this particular prediction model, the Random Forest model is the 
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best method of action because it does a remarkable job of accurately classifying students into the ”Healthy,” ”At 

Risk,” and ”Distressed” categories. 

 
Figure 4. Graphical Representation of Applied Model 

 

The accuracy scores provide valuable insights into how effectively each method classifies students’ mental health. 

The Random Forest model is the most accurate option for this task out of all the approaches tested where accuracy 

is 96.66%. This suggests that, for this particular prediction model, the Random Forest model is the best method of 

action because it does a remarkable job of accurately classifying students into the ”Healthy,” ”At Risk,” and 

”Distressed” categories. 

The ROC curves in Figure 5 compare the performance of several machine learning models—ExtraTreesClassifier, 

BernoulliNB, RandomForestClassifier, Bagging Classifier, and KNeighborsClassifier—in predicting student 

mental health categories: "At Risk," "Healthy," and "Distressed." The AUC for the "At Risk" group (labeled as 

"Not Accepted") is consistently 1.0 across all models, demonstrating perfect classification. For the "Healthy" group 

("Accepted"), the AUCs vary, with ExtraTreesClassifier showing strong performance at 0.92, while Bagging 

Classifier achieves 1.0, and KNeighborsClassifier drops slightly to 0.90. The "Distressed" category ("May Be") 

sees the most variability, with AUCs ranging from 0.89 to 0.98, indicating slightly lower, but still solid 

classification. Overall, the Bagging Classifier excels across all categories, while the KNeighborsClassifier has a 

slight dip in performance for "Healthy" and "At Risk" students. BernoulliNB stands out for offering the most 

balanced classification across all groups. 

In predicting student mental health using machine learning approaches, several key factors stand out. Post-

Traumatic Stress Disorder (PTSD) and mood disorders, such as bipolar disorder, can significantly affect a student’s 

emotional and cognitive well-being, leading to challenges in managing stress and academic pressure. Sleep quality 

is another critical indicator, as inadequate or poor sleep can exacerbate symptoms of mental health disorders, 

contributing to issues like anxiety and depression. Depression itself is a prevalent mental health concern among 

students, often influencing motivation, social interactions, and academic performance. Age is also a relevant factor, 

as mental health challenges may vary across different stages of adolescence and adulthood, impacting how students 

cope with their environment and stressors. Understanding the interplay of these factors allows for more accurate 

and nuanced predictions of student mental health outcomes through machine learning models. 
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Figure 5.Roc Curve of Applied Algorithm 

V. CONCLUSION 

In conclusion, this study has laid the groundwork for Bangladeshi students’ mental health to be predicted. Using a 

dataset of survey responses, machine learning algorithms have created a promising model that might be used to 

categorize students into three different mental health states: ”Healthy,” ”At Risk,” and ”Distressed “It is crucial to 

emphasize how this method can assist students who are experiencing mental health problems in a timely way, even 

with the small sample size. This study is just the beginning, underscoring the need for additional investigation, 

better models, and continued data collection. This study is a major step forward in the ongoing effort to have a 

complete understanding of Bangladeshi students’ mental health. 

VI. LIMITATION AND FUTURE WORK 

There are some significant limitations to be aware of, even if this study offers relevant information on forecasting 

students’ mental health. One of these is the extremely tiny dataset consisting of only 150 survey responses, which 

may limit the model’s applicability in other contexts. Furthermore, there’s a possibility that response bias will be 

created because the data is dependent on self- reporting, which would diminish the validity of mental health 

assessments. To further enhance the model’s reliability, further studies ought to endeavor to augment the dataset’s 

magnitude and incorporate diverse data sources. Future studies in this field should primarily concentrate on the 

limits that have been dis- covered. This necessitates the exploration of strategies for minimizing response bias and 

larger-scale data collection projects in order to strengthen the model’s robustness. Further investigation may focus 

on developing increasingly extensive machine learning models and integrating relevant variables. Studies with 

long-term planning have the advantage of being able to track changes in mental health over time and offer an in-

depth understanding of the changing mental health of Bangladeshi students. 
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