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Abstract 

Mental health (MH) profoundly influences emotional, psychological, and social well-being throughout all 
life stages, impacting how individuals think, feel, and cope with stress. This study explores the relationship 
between academic life and MH among college students via a survey comprising 15 targeted questions 
addressing depressive symptoms. Most responses were binary, with some scaled to reflect symptom 
frequency. The analysis assessed question-wise response accuracy, revealing differences between boys’ and 
girls’ students “Yes” and “No” answers. Using five machine learning classifiers – Logistic Regression (LR), 
Support Vector Machines (SVM), K-Nearest Neighbors (KNN), Decision Trees (DT), and Naï ve Bayes (NB) – 
the study achieved notable prediction accuracies, with Logistic Regression attaining 92.4% accuracy for 
depression detection and SVM achieving 94.1% accuracy for anxiety recognition. These results underscore 
the feasibility of employing predictive models for early identification of MH issues in academic settings. 
This work highlights the importance of gender-specific insights in MH assessment, contributing to the 
development of targeted interventions aimed at improving student well-being and academic success. 
Keywords:Anxiety, College Students, Depression, Gender Differences, Mental Health, Machine Learning, 
Predictive Patterns 

 
1. Introduction 

Human beings are becoming more ambitious and eager to seize employment opportunities in today’s fast-
paced and competitive society. As a result, mental health (MH) conditions – including anxiety, depression, 
stress, irritability, and dissatisfaction – are increasingly recognized and prevalent. Depression is the most 
common MH condition worldwide, affecting approximately 300 million people. The World Health 
Organization (WHO) emphasizes the importance of overall well-being – both physical and mental – and 
highlights the need for effective learning algorithms to support accurate diagnosis. 
The identification of mental health (MH) disorders remains a significant challenge, particularly among 
college students who frequently encounter psychological difficulties during their academic pursuits. Upon 
obtaining essential qualifications and seeking future career opportunities, students often face monitoring 
financial pressures, which are further exacerbated by unpredictable economic conditions and global crises 
such as COVID-19 pandemic. These compounding factors significantly complicate the detection and 
effective management of MH issues. 
The Mental Health Questionnaire (MHQ) is an invaluable tool for diagnosing depression and related 
disorders. Comprising 15 items, the MHQ evaluates symptoms of depression, anxiety, and stress. Common 
manifestations included impaired concentration, restlessness, indecision, weight loss, feelings of 
worthlessness, decreased appetite, diminished interest in activities, guilt, irritability, helplessness, and 
suicidal ideation. Such symptoms profoundly impact academic performance and participation in 
extracurricular activities, underscoring the MHQ’s critical role in clinical assessment and support. 
Generally, college life presents numerous challenges that contribute to increased vulnerability to anxiety 
among students. A sample of 917 students participated in a study that employed anxiety screening 
instruments and looked at a variety of stressors. With a rate of 74%, the neural network shoed the highest 
accuracy among the various machine learning (ML) techniques used[1] 
In [2], the authors analysed depression, anxiety, and stress among first-year university students through a 
cross-sectional survey of approximately 9,479 participants using DASS-21 and academic records, 
employing non-parametric and correlational analyses to derive subgroup insights; however, the findings 
are constrained by potential response bias and the inability to establish causal relationships. 
The significant investigation was covered in [3], which utilized information from MH surveys and library 
records to examine the connection among university students’ reading habits and their propensity for 
depression. The study examined many text classification algorithms, which comprise KNN, SVM, and Naïve 
Bayes, comparing their processing times and accuracy over a range of sample sizes. Employing a 
polynomial model and the Naïve Bayes technique, a book classifier was created with an accuracy of 0.82. 
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The scientists employed both logistic regression and linear regression to create a psychological prediction 
model; under different error situations, logistic regression performed better. Ten students’ stress levels 
during tests were monitored and measured using wearable sensors in [4]. Applying several classification 
methods with Electro Cardio Gram (ECG) and Electro Dermal Activity (EDA) data as inputs, such as SVM, 
linear discriminant analysis, and KNN. The results showed a recognition accuracy ranging from 86% to 
91% for distinguishing among three states: relaxed, written exam, as well as oral exam. 
The research work in [5] aimed at identifying depression among Bangladesh under graduate students to 
refer those who were at risk to a psychiatrist. The researchers created a poll after consulting with 
academics, counselors, and psychologists to collect pertinent data. With accuracy and F-measure scores of 
around 75% and 60%, respectively, Random Forest outperformed the other algorithms under evaluation. 
Support Vector Machine (SVM) came in second. Interestingly, Random Forest scored better than the others 
in terms of recall, accuracy, and reducing false negatives. 
In [6], the authors predicted anxiety and depression among elderly patients using a 510-case OPD dataset 
assessed with HADS and WEKA-based feature selection with ten machine-learning classifiers and external 
validation on 110 cases, achieving high accuracy (Random Forest ≈91%) but being limited by an elderly-
specific sample, reliance on demographic predictors, and the absence of multicentric data. 
The study on the impact of COVID-19 on MSMEs in Pakistan[7] integrated an exploratory literature review 
with an online survey of 184 firms and descriptive statistical analysis to provide sector-specific policy 
insights, but was limited by a small convenience sample, lack of student focus, and restricted 
generalizability. 
In [8], the authors examined the mental health status of school-going adolescents in Northeast India 
through a cross-sectional, school-based survey, identifying the prevalence and patterns of psychological 
problems in this group. 
In [9], the authors carried out a systematic review of artificial intelligence applications in mental health 
using social media data, synthesizing the methodologies, use cases, and key challenges associated with 
detecting and addressing mental health issues online. 
In [10], the authors explored the association between smartphone addiction, stress, and depression among 
university students, finding that excessive smartphone use is significantly linked to higher stress levels and 
increased depressive symptoms. 
In [11], the authors analysed the prevalence and effects of depression, anxiety, and stress among first-year 
undergraduate students, highlighting the substantial mental health burden and the need for early detection 
and timely intervention strategies. 
In [12], the authors conducted a systematic review of the Patient Health Questionnaire-9 (PHQ-9) as a 
depression screening tool in primary care, evaluating its reliability, validity, and effectiveness in accurately 
identifying depressive symptoms across diverse patient populations. 
In [13], the authors examined the prevalence of emotional and behavioral problems among Bangladeshi 
adolescents, reporting a high burden of psychological difficulties and emphasizing the need for targeted 
mental health interventions. 
In [14], the authors assessed mental health, suicidality, and associated health and social indicators among 
college students across nine Indian states, uncovering widespread psychological distress and identifying 
key risk factors that underscore the need for comprehensive student mental health interventions. 
This paper’s structure is set up as follows: The research approach used for this study is described in depth 
in Section 2. The outcomes of using different categorization algorithms are shown in Section 3. Lastly, 
Section 4 provides the conclusion, offering a comprehensive summary of the research findings. 
 

2. Materials and Methods 
The research work was conducted in the Kamrup (Metro) district of Assam, India – one of the 35 districts 
in the state, located in North-Eastern India and administered by the Guwahati Metropolitan Development 
Authority. Three colleges within this district participated in the research. The main goal of present 
investigation was to access knowledge, attitudes, as well as MH concerns of college students. These 
institutions represent a diverse range of academic disciplines. 
Data for the study were collected through targeted group discussions with students and the development 
of questionnaires aimed at understanding their belief systems and mental well-being. A total of 156 student 
representatives from three different colleges were involved. Information was gathered on various aspects 
which might comprise MH care, family background, efforts for improving MH, and related factors. Objective 
of the investigations is to identify signs of depression and anxiety using five ML classifiers: DT, KNN, Logistic 
Regression, NB, and SVM, which are discussed here later in 2.1.3. 
The research was conducted on data collected through questionnaires from N=156 college students. The 
dataset is denoted as: 
𝐷 = {(𝑥𝑖 , 𝑦𝑖) | 𝑖 = 1,2, … , 𝑁}(1) 
where 𝑥𝑖𝜖ℝ𝑚  is the feature vector representing answers to 15 questionnaire items for student 𝑖, encoded 
numerically (e.g., values 0, 1, or 2), and 𝑦𝑖  is the target outcome (e.g., indicators of depression or anxiety). 
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Before training, the data was preprocessed to handle missing values and scale features. The dataset was 
then split into training and test sets, with proportions 80% and 20%, respectively. 

Five machine learning classifiers {𝑀𝑗}
𝑗=1

5
are applied for prediction: Decision Tree (DT), K-Nearest 

Neighbors (KNN), Logistic Regression (LR), Naive Bayes (NB), and Support Vector Machine (SVM). Each 
model 𝑀𝑗  learns a mapping: 

ℎ𝜃𝑗: ℝ𝑚 → {0,1}(2) 

parameterized by 𝜃𝑗 , such that for input 𝑥𝑖  the predicted label is: 

𝑦𝑖̂
(𝑗) = ℎ𝜃𝑗(𝑥𝑖)(3) 

The models optimize parameters 𝜃𝑗  by minimizing a loss function 𝐽𝑗(𝜃), e.g., logistic loss for LR or hinge 

loss for SVM: 

𝐽𝑗(𝜃𝑗) =
1

|𝐷𝑡𝑟𝑎𝑖𝑛|
∑ ℒ (𝑦𝑖 , ℎ𝜃𝑗(𝑥𝑖))(𝑥𝑖,𝑦𝑖)𝜖𝐷𝑡𝑟𝑎𝑖𝑛

+ 𝜆ℛ(𝜃𝑗)(4) 

where ℒ(. ) is the loss function and ℛ(. ) is a regularizer with regularization parameter 𝜆. 
Hyperparameter tuning is conducted through cross-validation to prevent overfitting and improve 
generalization. 
2.1 Proposed Model 
The proposed model follows the pipeline shown in Figure 1, comprising the following stages: 
1. Data Collection: Gathering questionnaire responses from students, forming dataset D. 
2. Preprocessing: Handling missing data, encoding categorical responses into numerical features {𝑥𝑖}. 
3. Feature Encoding: Mapping discrete responses into feature space𝑅𝑚 , using one-hot encoding. 

4. Model Training: Training classifiers 𝑀𝑗by minimizing 𝐽𝑗(𝜃𝑗) over training data. 

5. Model Prediction: For new student input x, the model outputs predicted mental health outcome 𝑦̂. 
6. Evaluation: Using metrics such as accuracy, precision, recall, and F1-scoreon test set predictions. 
The evaluation metrics used are: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
(5) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
(6) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
(7) 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
(8) 

where 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, 𝑎𝑛𝑑 𝐹𝑁denote counts of true positives, true negatives, false positives, and false 
negatives.The optimal model is selected based on these metrics, balancing predictive accuracy and 
reliability. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure1Block diagram of the proposed model. 
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The second part consisting of the paper body must be edited in single column format. Figures and tables 
should be located at the top or bottom of each page. 
2.1.2Questionnaire 
A total of 156 college students participated in research by completing a 150item questionnaire 
administered through Google Forms. After preprocessing data, it had been divided into training as well as 
testing sets for further analysis, with responses typically assigned numerical values ranging from 0 to 2. 
2.1.3Machine Learning (ML) Algorithms  
The present work focuses on enhancing accuracy of ML algorithms by fine-tuning key parameters. 
Parameter tuning is essential, as different data types and tasks demand tailored model configurations. The 
research involves applying ML techniques to a dataset divided into 80% training and 20% testing portions, 
with the goal of minimizing overfitting. The selection of algorithms was based on thorough research into 
their performance and accuracy. Once the optimal parameters are determined, the models will be applied 
to the dataset to ensure maximum effectiveness. 
A)Decision Tree (DT)  
A DT is a supervised learning method made up of decision nodes and leaves that divide data based on 
predetermined standards. Data is separated at decision nodes, and each branch leads to terminal nodes, 
also known as leaves, which provide the ultimate results [15]. 
B)K-Nearest Neighbor (KNN)  
Nonparametric algorithms, also known as feature similarity methods, make predictions based on the 
proximity of data points. Since these algorithms retain all training data, working with large datasets can 
lead to increased computational costs [16]. 
C) Logistic Regression (LR)  
An efficient supervised learning technique for handling binary classification issues is LR, which makes use 
of a sophisticated cost function derived from the sigmoid, or logistic, function [17]. 
D)Naïve Bayes (NB)  
Study uses a classifier based on conditional probability models called Gaussian NB, as well as a collection 
of classification algorithms based on Bayes’ theorem, all of which are based on the same fundamental idea 
[18]. 
E) Support Vector Machines (SVM)  
An approach that is frequently used for both classification and regression problems is SVM. Creating an 
ideal decision boundary, or hyperplane, in an n-dimensional space is how it effectively classifies fresh data 
points. The most important data points, called support vectors, are identified and used by SVM to form this 
hyperplane, which makes it a well-liked and successful option for predictive modeling [19]. 
2.2Concept Analysis 
The term “Mental Health” (MH) describes our social, psychological, as well as emotional health, which 
affects our thoughts, feelings, and actions. MH conditions affect mood, thought, and behavior. These include 
eating disorders, anxiety, schizophrenia, depression, and toxic behavioral patterns. A healthy mental state 
us marked by stable, efficient, and well-regulated emotions, reflecting a balanced interaction between the 
mind and body. Maintaining good MH is vital for preventing mental illnesses. 
The WHO defines MH as a condition of well-being in which people are aware of their potential, effectively 
handle daily stress, work efficiently, and make significant contributions to their communities. The rights of 
people with mental diseases are outlined in United Nations Convention on the Rights of Persons with 
Disabilities (UNCRPD), which also draws attention to the stigma that these people frequently face. 
UNCRPS’s approval by India presents a significant chance to update mental health legislation and better 
serve the needs of those with psychosocial disability. 
A person with a long-term physical, mental, intellectual, or sensory impairment that substantially limits 
their capacity to fully and effectively participate in society is considered to have a disability, according to 
the Rights of Persons with Disabilities Act of 2016. According to the MH care Act of 2017, mental illness is 
defined as a significant disease that affects thinking, emotion, perception, orientation, or memory and 
hinders behavior, judgement, reality recognition, and the ability to handle daily tasks. 
This Act guarantees that everyone has right to get government-funded MH therapy and medical care. 
Additionally, it protects the rights of those with mental illness, shielding them from cruel and humiliating 
treatment. Crucially, the Act decriminalizes attempted suicide and prioritizes recovery over penance. 
By substituting “mental illness” for “mentally unsound”, the Bhartiya Nagarik Suraksha Sanhita (BNSS) 
brings its definition into line with the MH care Act of 2017 [20]. The care of people with mental illness is 
governed by laws in majority of nations, including India. Furthermore, no one’s life or personal freedom 
may be taken away from them unless a legally mandated procedure is followed, as guaranteed by Article 
21 of the Indian Constitution [21]. 
2.3Data Analysis 
MH is a critical concern for college students, as conditions such as mental illness, anxiety, stress, and related 
challenges can significantly impact their early lives. These issues often arise from a range of contributing 
factors. According to the data, out of 156 respondents, 99 reported experiencing worry or stress due to past 
traumatic experiences, and 49 admitted to self-harming or having suicidal thoughts. Such mental states can 
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lead to serious antisocial behavior, often rooted in relationship difficulties, family problems, or unresolved 
past experiences. 
More severe MH conditions, particularly those involving suicidal ideation or self harm, typically require 
professional intervention and treatment. These cases are diagnosed by certified medical professionals and, 
if left untreated, may develop into chronic mental illnesses. Early identification and intervention are 
essential to prevent such escalation. 
Substance abuse is another major concern among college students and is often closely tied to MH struggles. 
Among the 156 respondents, 31 indicated that they use substances as a way to relax or feel happy. Although 
this represents a minority, even a small number of substance users can face serious long-term 
consequences and pose risks to themselves or others. Therefore, addressing these underlying issues is vital 
for promoting overall mental well-being in student populations. 
Social media sites like Facebook, Instagram, Twitter, and WhatsApp have a big impact on how teenagers 
and young people develop. These platforms often feature alcohol-related content that includes attractive 
visuals and persuasive messaging. While many students initially turn to substances like alcohol for 
relaxation, continued use can lead to harmful behavioral changes that extend into adulthood. These effects 
may include poor academic performance, unemployment, substance dependence, criminal behavior, 
heightened risk of MH disorders, and even suicide. 
A student’s academic performance, interpersonal connections, as well as general well-being are just a few 
of areas of their life that can be adversely affected by alcoholism. It often results in feelings of guilt, 
inadequacy, and dissatisfaction when personal or societal expectations are not met. Substance addiction 
can also strain family resources and contribute to MH challenges such as depression, developmental delays, 
emotional withdrawal, apathy, and other psychological issues. As such, addiction continues to be a major 
concern in the modern era. 
According to the study, 96 out of 156 respondents expressed concerns about family-related issues, with 60 
specifically worried about problems at home. These concerns are frequently linked to disrupted family 
dynamics, low income, domestic violence, traumatic life events, which might comprise death of loved one 
or divorce, and broader social challenges like poverty and unemployment. Additionally, 72 respondents 
believe that their family’s income affects their academic performance, and 47 reported concerns about 
financial instability—particularly stemming from inadequate family involvement—which may significantly 
influence the MH of young individuals.  
MH counselors support individuals dealing with fatigue, confusion, sadness, and other MH challenges by 
identifying the root causes of their distress, guiding them in addressing these issues, and developing a long-
term, personalized treatment plan. The study indicates that 51 respondents are interested in counseling, 
while 105 have not engaged with such services. Similarly, 51 respondents participate in yoga, meditation, 
or gym classes, suggesting limited integration between physical wellness practices and MHcare efforts.  
MH is fundamental human right, essential for overall well-being. Every individual, regardless of their 
geographic location, is entitled to highest attainable standard of MH. Recognizing it as universal right 
enables people to advocate for themselves and others in pursuit of mental wellness. Unfortunately, mental 
illness is often stigmatized as a sign of weakness, leading to the neglect of critical MH issues. 
Common signs of MH struggles encompass avoiding certain situations, self-harm, aggression toward others, 
or feeling persistently anxious or uneasy. MH goes beyond emotional and psychological stability—it 
involves the ability to employ one’s cognitive as well as emotional capacities to attain demands of daily life, 
moreover, contribute to society effectively. Table 2 presents the statistical analysis of responses, 
categorized by question-wise accuracy. To analyze the relationships between the response variables in our 
study, we applied the Karl Spearman rank correlation coefficient. This non-parametric measure evaluates 
the strength and direction of association between two ranked variables, making it appropriate for ordinal 
data collected from survey responses. 

𝜌 = 1 −
6 ∑ 𝑑𝑖

2

𝑛(𝑛2−1)
(9) 

where 𝑑𝑖  represents the difference between the ranks of each pair of observations, and 𝑛 is the total number 
of paired ranks [22]. 
This coefficient helped quantify correlations among various mental health indica tors across participant 
groups. The methodology ensured a robust, scale-independent assessment of monotonic relationships in 
the dataset, supporting accurate interpretation of symptom cooccurrences. 
 
Table 2Accuracy rate based on question-wise. 

Question Options Male Femal
e 

Do you often feel worry or stress out? Yes 58.73 66.67 
No 41.27 33.33 

Do you often remember or think about unpleasant 
experience that happened in the past? 

Yes 57.14 67.74 
No 42.86 32.26 

Have you ever harmed yourself in the past? Yes 50.79 26.88 
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No 61.90 73.12 
Have you used substances (alcohol, drugs, marijuana) to 
make yourself feel better? 

Yes 36.51 8.60 
No 63.49 91.40 

Would you like to get counselling about something that is 
bothering you? 

Yes 25.40 37.63 
No 74.60 62.37 

Are you worried about problems at home or your family? Yes 68.25 56.99 
No 31.75 43.01 

Have you ever seriously thought about killing yourself, 
made a plan or tried to kill yourself? 

Yes 17.46 21.51 
No 82.54 78.49 

How often do you get irritable, restless or anxious when you 
cannot play games as much as you want? 

Yes 15.87 15.05 
No 84.13 84.95 

Did you have any gap in your academic career? Yes 44.44 22.58 
No 55.56 77.42 

Do you ever feel that insufficient family income will effect 
on your academic performance? 

Yes 50.79 0.43 
No 49.21 0.57 

How often you felt anxious that many members in your 
family will affect your study? 

Yes 34.92 31.18 
No 65.08 68.82 

Are you engaged with any yoga or meditation or gym class? Yes 17.46 20.43 
No 82.54 79.57 

What type of device you are used in your mobile phone? Yes 80.95 73.12 
No 19.05 26.88 

How much time do you spend on social media per day? 0-2 hours 30.16 32.26 
2-4 hours 26.98 33.33 
4-6 hours 22.22 21.51 
> 6 hours 20.63 12.90 

What situations or interactions make you feel anxious? Financial problem 42.86 21.51 
Not enough sleep 17.46 11.83 
Social gatherings 19.05 22.58 
Arguments with 
people 12.70 34.41 
A messy home 7.94 9.68 

 
3. Results and Discussion 
From Table 2, the responses to the first 13 questions by boys’ and girls’ participants have been considered 
for analysis. Using the Karl Spearman Correlation Coefficient method as shown in equation 9, separate 
analyses were conducted for the “Yes” and “No” responses of boys’ and girls’ participants, with the 
corresponding correlation graphs presented in Figure 2 and 3 respectively. 

 
 
Figure2Correlation of Boys respondents. 
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Figure3Correlation of Girls respondents. 
 
The correlation graph illustrates the distribution or responses, with Boys (Yes) and Girls (Yes) represented 
in blue, and Boys (No) and Girls (No) shown in red. Each point on the line represents an observation, 
enabling a visual comparison of the variation in responses throughout the dataset. For boys’ respondents, 
the correlation coefficient is 𝑟 = −0.99, indicating a strong negative correlation between “Yes” and “No” 
responses. Similarly, for girls’ respondents, 𝑟 = −0.44, reflecting a moderate negative correlation between 
the two response types. 
We thoroughly cleaned and preprocessed the dataset employing Python libraries encompassing NumPy, 
Pandas, and Matplotlib for enhancing model accuracy. Several ML algorithms were applied, encompassing 
LR, SVM, KNN, DT, as well as NB. LR model achieved a 92.4% accuracy rate in diagnosing depression, while 
the SVM model reached a 94.1% accuracy rate in detecting anxiety. Hyperparameter tuning was also 
implemented to further optimize performance. Tables 3 and 4 present the model accuracy results 
categorized by parameters for depression and anxiety, respectively. 
 
Table 3Model with highest accuracy for depression 

Disease Algorithms Accuracy 
 
 
Depression 

Logistic 
Regression 

92.4% 

KNN 90.12% 
SVM 89.78% 
Decision Tree 86% 
Naïve Bayes 84.23% 

 
Table 4Model with highest accuracy for anxiety 

Disease Algorithms Accuracy 
 
 
Anxiety 

SVM 94.1% 
KNN 92.41% 
Logistic 
Regression 

91.81% 

Decision Tree 90% 
Naïve Bayes 88% 

 
Figures 4 and 5 respectively illustrate the highest accuracy rates achieved by the selected models in 
detecting depression and anxiety, as detailed in Tables 3 and 4. 
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Figure4Model achieving the highest accuracy in depression detection. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure5Model achieving the highest accuracy in anxiety detection. 
4. Conclusion  
It is believed that both diseases were accurately identified in this study. In the near future, this process can 
be expanded by incorporating a wider range of diseases and integrating multiple methods alongside 
questionnaire-based approaches. All classifiers used in the study achieved an accuracy rate of 84% or 
higher. To increase accuracy and dependability, future studies should make use of bigger and more 
complete datasets because the current one is so small. Although the dataset size has increased, it has been 
noted that the accuracy trend in the graph shows a negative trajectory, which may be a sign of issues like 
overfitting, a restricted model capacity, or the existence of noise and class imbalance in the supplemented 
data. 
 
5. Ethical Approval 
Not Applicable 
 
6. Declaration of Generative Ai and Ai-assisted Technologies 
Not Applicable 
 
7. Acknowledgement 
The authors gratefully acknowledge the participants who shared their data for the purpose of this research. 
 
7. Conflict of Interest 
The authors declare that they have no conflict of interest. 
 
8. Authors Contribution 
All authors have contributed significantly to the work and approved the final manuscript.  
 
9. References 
[1] Alharthi H. Predicting the level of generalized anxiety disorder of the coronavirus pandemic among 
college students using artificial intelligence technology. Proceedings of the 9th Distributed Computing and 
Applications for Business Engineering and Science. 2020; 218-221.  
http://doi.101.1109/DCABES60732.2020.00064 
[2] Cheung DK, Tam DKY, Tsang MH, Zhang DLW, Lit DSW. Depression, anxiety and stress in different 
subgroups of first-year university students from 4-year cohort data. Journal of Affective Disorders. 2020; 
274:305-314. http://doi.10.1016/JJAD.2020.05.041 
[3] Hou Y, Xu J, Huang Y, Ma X. A big data application to predict depression in the university based on the 
reading habits. Conference: 2016 3rd International Conference on Systems and Informatics (ICSAI 2016). 
2017; 1085-1089. http://doi.10.1109/ICSAI.2016.7811112 
[4] Hasanbasic A, Spahic M, Bosnjic D, Adzic HH, Mesic V, Jahic O. Recognition of stress levels among 
students with wearable sensors. Conference: 2018 18th International Symposium INFOTEH-JAHORINA 
(INFOTEH). 2019. http://doi.10.1109/INFOTEH.2019.8717754 
[5] Choudhury AA, Khan MRH, Nahim NZ, Tulon SR, Islam S, Chakrabarty A. Predicting depression in 
Bangladesh undergraduates using machine learning. In proceedings of the 2019 IEEE Region 10 
Symposium (TENSYMP 2019). 2019; 789-794. http://doi.10.1109/TENSYMP46218.2019.8971369 
[6] Sau A, Bhakta I. Predicting anxiety and depression in elderly patients using machine learning 
technology. Healthcare Technology Letters. 2017; 4(6):238-243. 
[7] Sharif M, Liu J, Ren W. Impact of COVID-19 pandemic on micro, small, and medium-sized enterprises in 
Pakistan. Research in Globalization. 2020; 2:100018. http://doi.10.1016/J.REDGLO.2020.100018 

http://doi.101.1109/DCABES60732.2020.00064
http://doi.10.1016/JJAD.2020.05.041
http://doi.10.1109/ICSAI.2016.7811112
http://doi.10.1109/INFOTEH.2019.8717754
http://doi.10.1109/TENSYMP46218.2019.8971369
http://doi.10.1016/J.REDGLO.2020.100018


Int. J. Adv. Sig. Img. Sci, Vol.12, No.1, 2026  

 

932 
 

[8] Harikrishnan U, Ali A, Sobhana H. Assessment of mental health status among school-going adolescents 
in North East India: a cross-sectional school-based survey. Asian Journal of Psychiatry. 2017; 30 (114-117). 
http://doi.org/10.1016/j.ajp.2017.08.021 
[9] Chen X, Genc Y. A systematic review of artificial intelligence and mental health in the context of social 
media. Proceedings of the Artificial Intelligence in HCL; Virtual. 2022; pp. 353-368. [Google Scholar] 
[10] Nadia OE, Juman MA, Reem BB, Danish AA, Muhammed AK. Smartphone addiction, stress, and 
depression among university students. Clinical Epidemiology and Global Health. 2023; 25(3):101487. 
http://doi.org/10.1016/j.cegh.2023.101487 
[11] Haruna U, Mohammed AR, Braimah M. Understanding the burden of depression, anxiety and stress 
among first-year undergraduate students. 2025; 25(1): 1-9. http://doi.org/10.1186/s12888-025-07069-8 
[12] Costantini L, Pasquarella C, Odone A, Colucci ME, Costanza A, Serafini G, et al. Screening for 
depression in primary care with patient health Questionnaire-9 (PHQ-9): a systematic review. J. Affect 
Disord. 2021; 279, 473-483.http://doi.org/10.1016/j.jad.2020.09.131 
[13] Al-Mamun F, Islam J, Muhit M, Mamun MA. Prevalence of emotional and behavioral problems among 
adolescents in Bangladesh. Soc. Psychiatry Epidemiology. 2024; 59(12): 2215-2225.  
http://doi.org/10.1007/s00127-024-02673-7 
[14] Cherian AV, Armstrong G, Ravindra RM. Mental health, suicidality, health and social indicators 
among college students across nine states in India. Indian Journal of Psychological Medicine. 
https://doi.org/10.1177/02537176241244775 
[15] Agarwal P, Mundaragi RS, Kohad RS, Allada R, and Bharadwaj SR. Predicting student depression 
using machine learning (Decision Tree, Logistic Regression, Random Forest). International Journal of 
Innovative Science and Research Technology. 2025; 10(1): 940-945. 
https://doi.org/10.5281/zenodo.14737958 
[16] Nuarini S, Fauziah S, Mayangky NA, and Nurfalah R. Comparison algorithm on machine learning for 
student mental health data — KNN among models used to predict student mental health conditions during 
and after the pandemic. Journal of Medical Informatics Technology (MedInfoTech). 2023;1(3): 81-85.  
https://doi.org/10.37034/medinftech.v1i3.18 
[17] Zhang L. A logistic regression modeling study of college students’ mental health status in predicting 
suicidal behavior. Applied Mathematics and Nonlinear Sciences. 2024; 9(1):1-14. 
https://doi.org/10.2478/amns-2024-2837 
[18] Torres Cruz F, Coaquira Flores EE, Condori Quispe SJ. Prediction of Depression Status in College 
Students Using a Naïve Bayes Classifier Based Machine Learning Model. 2023; 1-6. 
https://doi.org/10.48550/arXiv.2307.14371 
[19] Wijaya V, Rachmat N.Comparison of SVM, Random Forest, and Logistic Regression performance in 
student mental health screening. Journal of Electrical Engineering and Computer Sciences (JEECS). 2024; 
9(2): 173-184. 
[20] Prithivi R, Patil J. Mental health laws in India: A critical analysis. International Journal of Health 
Science. 2022; 6(S1):9775-9786. https://doi.org/10.53730/ijhs.v6nS1.7288 
[21] George DM. An analysis of legal provisions and regulatory mechanisms in ensuring student well-
being and mental well-being. Indian Journal of Legal Review. 2024; 4(1):324-329. 
[22] McClenaghan E. Spearman Rank Correlation. Technology Network, 2023.  
https://www.technologynetworks.com/tn/articles/spearman-rank-correlation-385744 
 
 

http://doi.org/10.1016/j.ajp.2017.08.021
http://doi.org/10.1016/j.cegh.2023.101487
http://doi.org/10.1186/s12888-025-07069-8
http://doi.org/10.1016/j.jad.2020.09.131
http://doi.org/10.1007/s00127-024-02673-7
https://doi.org/10.1177/02537176241244775
https://doi.org/10.5281/zenodo.14737958
https://medinftech.org/index.php/medinftech/article/view/18?utm_source=chatgpt.com
https://doi.org/10.37034/medinftech.v1i3.18
https://doi.org/10.2478/amns-2024-2837
https://doi.org/10.48550/arXiv.2307.14371
https://doi.org/10.53730/ijhs.v6nS1.7288
https://www.technologynetworks.com/tn/articles/spearman-rank-correlation-385744

