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Abstract

Background and Aims: Mental health problem is a rising public health concern.

People of all ages, specially Bangladeshi university students, are more affected by

this burden. Thus, the objective of the study was to use tree‐based machine learning

(ML) models to identify major risk factors and predict anxiety, depression, and

insomnia in university students.

Methods: A social media‐based cross‐sectional survey was employed for data

collection. We used Generalized Anxiety Disorder (GAD‐7), Patient Health

Questionnaire (PHQ‐9) and Insomnia Severity Index (ISI‐7) scale for measuring

students' anxiety, depression and insomnia problems. The tree‐based supervised

decision tree (DT), random forest (RF) and robust eXtreme Gradient Boosting

(XGBoost) ML algorithms were used to build the prediction models and their

predictive performance was evaluated using confusion matrix and receiver operating

characteristic (ROC) curves.

Results: Of the 1250 students surveyed, 64.7% were male and 35.3% were female.

The students' ages ranged from 18 to 26 years old, with an average age of 22.24

years (SD = 1.30). Majority of the students (72.6%) were from rural areas and social

media addicted (56.6%). Almost 83.3% of the students had moderate to severe

anxiety, 84.7% had moderate to severe depression and 76.5% had moderate to

severe insomnia problems. Students' social media addiction, age, academic

performance, smoking status, monthly family income and morningness‐

eveningness are the main risk factors of anxiety, depression and insomnia. The

highest predictive performance was observed from the XGBoost model for anxiety,

depression and insomnia.

Conclusion: The study findings offer valuable insights for stakeholders, families and

policymakers enabling a more profound comprehension of the pressing mental

health disorders. This understanding can guide the formulation of improved policy

strategies, initiatives for mental health promotion, and the development of effective
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counseling services within university campus. Additionally, our proposed model

might play a critical role in diagnosing and predicting mental health problems among

Bangladeshi university students and similar settings.
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1 | INTRODUCTION

The most important aspect of human health is mental well‐being.

Different mental disorders among university students are one of the

serious rising public health threats particularly in Bangladesh.1,2

Transitioning from their higher secondary school to university life,

students may experience several challenges in their admission test

and new academic environments, such as mess/hostel life, difficulties

in study, poor time maintenance, poor diet, financial burden,

complicated relationships and many more.3–5 These challenges,

pivotal for individual and professional development, frequently put

students under emotional and mental strain which can exacerbate

their levels of anxiety, depression, insomnia, and other mental health

problems.3

The three most prevalent global mental health disorders are

anxiety, depression and insomnia, which are the main determinants of

disability and a significant portion of the total burden of diseases.6

According to estimates, 5% of the adults worldwide experience

depression,7 while anxiety affects 4.6% of males and 2.6% of

females.8 In Bangladesh, the intensity of mental health problems

among students has been extensively investigated and the findings

highlight that these issues are common, with rates of depression and

anxiety reaching as high as 54.3% and 64.8%, respectively.9–12 On

the other hand, insomnia has become a rising global health threat

among university students, especially in South Asia. A previous study

revealed that the pooled prevalence rate of insomnia among

university students in South Asian countries was 52.1%.13

Exploring the sociodemographic and socioeconomic factors

influencing students mental health is crucial. Age, gender, marital

status, place of residence, educational level, monthly family income

and addiction to social media platforms (e.g., Facebook, YouTube,

Instagram, etc.) can significantly influence on their mental health.14,15

While several statistical techniques16–18 have been used in prior

studies to examine these links,19–22 the evaluation of insomnia

among Bangladeshi university students remains unexplored. On the

other hand, machine learning (ML) models are more robust and

efficient for the prediction and classification problem.23–27 The ML

models performed admirably in many previous studies, such as

dengue,24,28–31 COVID‐1926,32–36 and many other diseases and

achieved high accuracy. However, the application of ML models for

predicting anxiety, depression and insomnia is scanty.37,38 Predicting

specific clinical outcomes using a variety of factors is the overall goal

of ML in the field of healthcare.39,40 Healthcare is one area where ML

has enormous promise. Almost all clinical specialties have reported

using ML‐based technologies to diagnose and predict at or beyond

the human level.41 Therefore, this study was designed to find the risk

factors and predict the anxiety, depression and insomnia among

university students in Bangladesh using the tree‐based ML models.

Our study findings will help the decision makers and communities

better understand and avert this grave danger through improved

decision‐making techniques and community settings.

2 | MATERIALS AND METHODS

2.1 | Study participants and data collection

We conducted a cross‐sectional study using social media using

convenience sampling among Bangladeshi university students from

November to December 2022. The required sample size for the

analysis was computed using Cochran's formula38 after considering

the acceptable margin of error, d = 0.02 with 95% confidence interval

and p = 0.846 (since 84.6% response rate in our pilot study). The

mathematical expression of Cochran's formula is as follows:

n
z p p

d
=

(1 − )α/2
2

2
(1)

Therefore, the required size of the sample was found,

n = 1251.24 ≈ 1250. As a result, 1250 participants' data were

gathered from 24 universities comprising 20 public and 4 private

institutions (Supporting Information 1: Table 1) utilizing a well‐

designed Google form.42 All students gave their informed permission

before participating in the study. The questionnaire used in the study

was interpreted into the local language, “Bangla,” by the researcher,

reviewed and checked its validity for cultural relevance. The

questionnaire consisted of a total of 43 items, which split into six

sections: (i) sociodemographics, (ii) Bergen Social Media Addiction

Scale (BSMAS), (iii) Morningness‐eveningness, (iv) Generalized Anxiety

Disorder‐7 (GAD‐7), (v) Patient Health Questionnaire‐9 (PHQ‐9) and

(vi) Insomnia Severity Index‐7 (ISI‐7) (Supporting Information 2). A pilot

study is a small‐sized preliminary inquiry carried out before the major

study project. It is used to evaluate and improve the protocols,

techniques for collecting data, and any required instruments, such as

questionnaires or surveys.43 The questionnaire was pretested through

a pilot study with 50 participants and the validity was measured by

Cronbach's α value. The pilot study confirmed that the pooled
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Cronbach's α value of the sociodemographic, social media addiction,

morningness‐eveningness, anxiety, depression and insomnia was

0.901 (Supporting Information 1: Table S2).

2.2 | Sociodemographic information

The sociodemographic data collected contains the student's age, sex,

education level, place of residence, birthplace, monthly family

income, academic performance, smoking status, and marital status.

The education level was split into two categories: undergraduate and

graduate. The place of residence was categorized as campus and on

campus. Birthplace was divided into rural and urban categories. This

study labeled the families as upper class, with a monthly income of

20,000 BDT or more. Middle‐class families were those having

monthly income ranges between 10,000–20,000 BDT and monthly

income less than 10,000 BDT were considered as lower class. We

labeled the students' academic performance as good; those with a

CGPA greater than or equal to 3.50 and the CGPA of less than 3.5 as

poor. Smokers and non‐smokers categorized smoking status. Marital

status was classified as married and unmarried. The acceptable

Cronbach's α was found to be 0.725.

2.3 | BSMAS

This study applied the BSMAS to evaluate the experiences with social

media addiction among university students over the past year.44 Six

questions on the BSMAS highlight the fundamental aspects of

addiction, including salience, mood‐altering behaviors, endurance,

abstinence, disagreement, and recurrence. Each question asks about

situations that occurred over the previous 12 months, and responses

are graded on a 5‐point Likert scale of 1, indicating very rarely and 5

showing very often, with scores hovering from 6 to 30. A higher

score indicates the chance of being addicted to social media. A cutoff

BSMAS score of 19 or greater indicates the likelihood of developing

social media addiction.45 Earlier studies revealed that the BSMAS has

demonstrated strong validity and reliability46,47 and in our research,

we found that Cronbach's α was excellent (0.906).

2.4 | Morningness‐eveningness

The term “morningness‐eveningness” describes the unique variations

in nocturnal preferences, activity‐related sleep‐wake patterns, and

attentiveness in the morning and evening.48 The morningness‐

eveningness of the university students was evaluated using the

Spanish version of the reduced scale of the Morningness‐

Eveningness Questionnaire (rMEQ).49 The Spanish rMEQ is a

trustworthy scale with great sensitivity when categorizing subjects.

It has five attributes, including daily physical activity and preference

for being awake or asleep. The direct cutoff score is used to

determine the type of students, with values of 4−11 designating an

evening type (ET), 12−17 a neutral type (NT), and 18−25 a morning

type (MT). The acceptable Cronbach's α was found to be 0.752.

2.5 | GAD‐7

GAD‐7 consists of seven questions that are used to measure the

intensity of anxiety among people. Each question contains four

criteria that are scored as 0, 1, 2, and 3, respectively: “not at all,”

“several days,” “more than half the days,” and “nearly every day.”50,51

Since each of the 7 items is graded from 0 to 3, the GAD‐7 scale

score hovers from 0 to 21. Based on scores of 0–4, 5–9, 10–14, and

15–21, the corresponding anxiety level was minimal, mild, moderate,

and severe. This study used a cutoff score ≥ 10 as the presence of

anxiety.51 The measure's validity was determined using Cronbach's α

value and was found to be excellent (0.956). The GAD‐7 is a well‐

established questionnaire for assessing anxiety problems and prior

studies conducted in Bangladesh have yielded satisfactory internal

consistency for anxiety.52,53

2.6 | PHQ‐9

The PHQ‐9 is a scalable instrument for evaluating the presence of

depression.54 It is a 9‐item depression questionnaire with four criteria for

each question, “not at all,” “several days,” “more than half the days,” and

“nearly every day,” each of which is scored as 0, 1, 2, and 3,

respectively.55 Since each of the 9 items is graded from 0 to 3, the

PHQ‐9 scale score hovers from 0 to 27. A required cut‐off point of 10

and above represents the presence of depression.55 Based on the scores

of 0–4, 5–9, 10–14, 15–19, and 20–27, the corresponding level of

depression was minimal, mild, moderate, moderately severe, and severe.

In our study, we used a cutoff score≥10 as the presence of depression

among the students56 and Cronbach's α was found to be excellent

(0.943). The PHQ‐9 is a widely used tool for evaluating depression

problems, and previous studies conducted in Bangladesh have yielded

acceptable internal consistency results for depression.52,57

2.7 | ISI‐7

The ISI‐7 is made up of seven items that assess (a) the intensity of

falling asleep, (b) staying asleep, (c) waking up early in the morning

(terminal), (d) contentment with the present sleep pattern, (e)

disruption of day‐to‐day activities, (f) observable impairment attrib-

utable to the sleep problem, and (g) degree of discomfort brought on

by the sleep problem by the sleep problem. Each question is

evaluated on a 5‐point Likert scale.58,59 Since each of the 9 items is a

5‐point Likert scale scored from 0 to 4, the ISI‐7 scale score ranges

from 0 to 28. A required cut‐off point of 8 and above represents the

presence of insomnia. The categorized levels of insomnia are No

clinically significant Insomnia, Subthreshold insomnia, Clinical insom-

nia (moderate severity), and Clinical insomnia (severe) based on the
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scores 0−7, 8−14,15−21, and 22−28, respectively.60 This study used

a cutoff score of >7 as the presence of insomnia among the

students.61 The Cronbach's α values indicate that the questionnaire is

reliable (0.959).

2.8 | Model selection and parameter tuning

The eXtreme Gradient Boosting (XGBoost) is a data‐driven ML technique

commonly used in regression and classification problems. It is an

optimized implementation of the gradient boosting (GB) technique, which

uses decision trees (DT). It was first established by ChenTianqi and Carlos

Gestrin.62 The Distributed ML Community (DMLC) includes XGboost as a

package. The GB uses additive modeling that is stage‐wise.63 The

XGBoost algorithm uses splits, that is, follows the iterative process of

selecting features that classify the data best into two groups. The model

can classify data and achieve high accuracy without requiring preproces-

sing and feature engineering. ML models can be trained for robust

performance using various training and testing methods, including hold‐

out, k‐fold cross‐validation (cv), and so on.64 In a k‐fold cv technique, the

sample set is split into several partitions (splits) equal in size at random,

where k represents the number of folds. For 10‐fold cv, the data sets are

divided into 10 samples. In this case, nine samples are utilized as training

data, while the final sample is employed as test data. The results are then

summarized by their average.65 To remove overfitting or underfitting

issues and to assess how well the model generalizes to the data, this

study employed the robust k‐fold cv technique. We applied a 10‐fold cv

procedure for the training data sets to accomplish this process. The

predictive accuracy ofMLmodels can be improved by tuning their several

hyperparameters. Regarding statistics, hyperparameter tuning provides an

overview of how a model performs and contrasts it with earlier

pictures.66 The tree‐based XGBoost model contains several hyperpara-

meters such as min_child_weight, max_depth, eta, gamma, etc. The

performance of the model can be improved by tuning these parameters.

Most of these parameters are specific to ML and rely on its nature, while

others regulate how well the boosting algorithm performs.67 Gamma is

essential in keeping the model from overfitting and handling the cost

function's regularization portion. In contrast, eta holds how quickly the

model picks up on the patterns in the data. To manage the L2

regularizations on weights, lambda is adjusted throughout the cv. Another

hyperparameter, min child weight, is crucial for preventing any possible

feature interactions that might lead to overfitting.67,68 In this study, we

applied the grid search method for hyperparameter optimization and

calculated the classification accuracy of the models. The details of the ML

model building are shown in Supplement (Supporting Information 1:

Tables S3‐S7).

2.9 | Evaluation metrics

We assess the effectiveness of the suggested approach by using

assessment criteria including classification accuracy, sensitivity

measure, specificity, recall, precision and area under the receiver

operating characteristics AUC (ROC) curves. The proportion of

individuals correctly identified overall is known as accuracy.

Sensitivity is the percentage of individuals who test positive and

have the disease.38 The mathematical formulation of these metrics is

as follows:

Accuracy =
∑TP + ∑TN

∑TP + ∑TN + ∑FP + ∑FN
(2)

Sensitivity = Recall =
∑TP

∑TP + ∑FN
(3)

Specificity =
∑TN

∑TN + ∑FP
(4)

Precision =
∑TP

∑TP + ∑FP
(5)

The ROC curve represents the True Positive Rate versus False

Positive Rate in a plot at various categorization thresholds.

TPR =
∑TP

∑TP + ∑FN
(6)

FPR =
∑FP

∑TN + ∑FP
(7)

AUC represents the Area under the ROC curve. The AUC = 1

value indicates that the anomaly classifier is excellent compared to

the AUC of 0.5, which means that the model's result is worse than a

random guess.69

2.10 | Data analysis

After preprocessing and coding the explanatory features, the final data

were split into training and test data. We used three tree‐based ML

models, including supervised DT model, random forest (RF), and the

ensemble XGBoost for modeling the training data and the test data were

applied to evaluate the predictive performance of the models. Finally,

using the best model, the risk factors were identified (Figure 1). The

performance was assessed using the model evaluation metrics, including

classification accuracy, sensitivity measure, specificity, recall, precision,

and the AUC (Area Under the ROC Curve). All the summary analyses

were generated using the IBM SPSS Statistics (Version 25.0).70 The tree‐

based ML models were developed using RStudio (Version 4.2.1).71 The

“ggplot2” package was used for graphical visualizations.

3 | RESULTS

3.1 | Assessment of anxiety

Among the 1250 participants, 64.7% of the students were male and

35.3% were female, with an average age of 22.24 years (SD = 1.30)

4 of 14 | CHOWDHURY ET AL.



ranging from 18 to 26. The majority of the students were

undergraduates (96.9%), from the lower class (59%), came from a

rural site (72.6%) and more than half of them were social media

addicted (56.6%) and MT (52.4%). The incidence rate of anxiety

among the students was 83.3%, with no significant gender differ-

ences. Anxious students were significantly more likely to be

undergraduate, unmarried, from off‐campus, had lower family

income, poor academic performance, nonsmoker, social media

addicted and MT than nonanxious students (Table 1).

3.2 | Assessment of depression

Almost 84.7% of the students experienced moderate to severe

depression with a significant gender difference. Depressed students

were significantly more likely to be male, unmarried, from off campus,

came from rural sites, had lower family income, poor academic

performance, social media addiction and MT than nondepressed

students (Table 2).

3.3 | Assessment of insomnia

The incidence of moderate to severe insomnia among university

students was 76.5%, with significant gender differences. Students

having mild to severe insomnia were significantly more likely to be

male, undergraduates, unmarried, from off campus, came from rural

sites, had lower family income, poor academic performance,

nonsmoker, social media addicted, and MT than those students

having no insomnia (Table 3).

3.4 | ML model interpretation

The three tree‐based ML models (DT, RF, and XGBoost) were fitted

and their performance was presented in Figure 2. The assessed

performance revealed that the XGBoost model is more efficient

compared to DT and RF at predicting anxiety disorder, depression

disorder and insomnia among Bangladeshi university students. For

example, the XGBoost provided 86% accurate prediction for anxiety

(accuracy = 0.86) and 96% of the cases of positivity that were

anticipated to be positive (sensitivity = 0.96), 84% accurate prediction

for depression (accuracy = 0.84) and 93% of the cases of positivity

that were anticipated to be positive (sensitivity = 0.93), as well as

81% of the accurate prediction of insomnia (accuracy = 0.81) and

87% of the cases of positivity that were anticipated to be positive

(sensitivity = 0.87).

For predicting the depression, anxiety and insomnia among

Bangladeshi university students during November to December

2022, the AUC measure of DT, RF and XGBoost models was

estimated. The estimated AUC values were 0.79, 0.87, 0.94 (for

anxiety), 0.86, 0.86, 0.88 (for depression) and 0.82, 0.86, 0.89 (for

insomnia) respectively. Hence, the XGBoost model performed better

than the DT and RF model in predicting anxiety, depression and

insomnia (Figure 3).

Figure 4 reveals that using the XGBoost model as best, the 10

features among the 11 surveyed features were selected for

anticipating depression, anxiety and insomnia among Bangladeshi

university students. Students' social media addiction, age, academic

performance and smoking status were the main determinants and

marital status, education level, monthly family income and

morningness‐eveningness were the tentative features for predicting

F IGURE 1 The framework of tree‐based methods for predicting mental health problems. DT, decision tree; MHP, mental health problem; RF,
random forest; XGBoost, ensemble eXtreme Gradient Boosting.
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anxiety. On the other hand, social media addiction, age, monthly

family income, morningness‐eveningness and academic performance

were the main determinants and marital status, sex, education level,

birthplace and place of residence were the tentative features of

predicting depression, and insomnia among university students in

Bangladesh (Figure 4).

4 | DISCUSSION

Mental health illness is a severe global health burden and university

students in Bangladesh are primarily vulnerable to this disease.

Students' health and academic activities are severely disrupted due to

this burden.72–74 Therefore, mental health problems among

TABLE 1 Frequency distribution of sociodemographic, social media addiction, morningness‐eveningness, and their association with anxiety
among 1250 university students in Bangladesh during November to December 2022.

Yes (n = 1042; 83.3%) No Total
Variables n % (95% CI) n % (95% CI) N (%) χ2 p Value

Sex

Male 665 63.8 (60.9‐66.7) 144 69.2 (62.7‐75.2) 809 (64.7) 0.136 0.153

Female 377 36.2 (33.3‐39.1) 64 30.8 (24.8‐37.3) 441 (35.3)

Education level

Undergraduate 1018 97.7 (96.6‐98.5) 193 92.8 (88.7‐95.7) 1211 (96.9) 13.819 <0.01*

Graduate 24 2.3 (1.5‐3.4) 15 7.2 (4.3‐11.3) 39 (3.1)

Marital status

Married 476 45.7 (42.7‐48.7) 9 4.3 (2.2‐7.7) 485 (38.8) 124.877 <0.01*

Unmarried 566 54.3 (51.3‐57.3) 199 95.7 (92.3‐97.8) 765 (61.2)

Place of residence

Off‐campus 956 91.7 (90.0‐93.3) 171 82.2 (76.6‐86.9) 1127 (90.2) 17.769 <0.01*

On campus 86 8.3 (6.7‐10.0) 37 17.8 (13.1‐23.4) 123 (9.8)

Birthplace

Rural 758 72.7 (70.0‐75.4) 150 72.1 (65.7‐77.9) 908 (72.6) 0.035 0.865

Urban 284 27.3 (24.6‐30.0) 58 27.9 (22.1‐34.3) 342 (27.4)

Monthly family Income (BDT)

Lower 658 63.1 (60.2‐66.0) 80 38.5 (32.0‐45.2) 738 (59) 45.291

Middle 263 25.2 (22.7‐27.9) 81 38.9 (32.5‐45.7) 344 (27.5) <0.01*

Upper 121 11.6 (9.8‐13.7) 47 22.6 (17.3‐28.6) 168 (13.4)

Academic performance

Poor 598 57.4 (54.4‐60.4) 20 9.6 (6.2‐14.2) 618 (49.4) 158.315 <0.01*

Good 444 42.6 (39.6‐45.6) 188 90.4 (85.8‐93.8) 632 (50.6)

Smoking status

No 1019 97.8 (96.8‐98.6) 172 82.7 (77.1‐87.4) 1191 (95.3) 87.913 <0.01*

Yes 23 2.2 (1.4‐3.2) 36 17.3 (12.6‐22.9) 59 (4.7)

Social media addiction

No 367 35.2 (32.4‐38.2) 176 84.6 (79.2‐89.0) 543 (43.4) 172.180 <0.01*

Yes 675 64.8 (61.8‐67.6) 32 15.4 (11.0‐20.8) 707 (56.6)

Morningness‐eveningness

Evening type 260 25.0 (22.4‐27.6) 26 12.5 (8.5‐17.5) 286 (22.9) 51.867

Neutral 218 20.9 (18.5‐23.5) 91 43.8 (37.1‐50.5) 309 (24.7) <0.01*

Morning type 564 54.1 (51.1‐57.1) 91 43.8 (37.1‐50.5) 655 (52.4)

Note: Asterisk (*) indicates the statistically significant at 0.05 level.

Abbreviations: BDT, Bangladeshi Taka; χ2, Chi‐square.

6 of 14 | CHOWDHURY ET AL.



university students have become a severe concern to policymakers

and university campus health professionals across the globe.75–77

That's why this study was designed to predict depression, anxiety,

and insomnia among Bangladeshi university students.

This study found the highest prevalence rate of anxiety (83.3%),

depression (84.7%) and insomnia (76.5%) among university students

compared to the earlier surveyed studies conducted in Bangladesh.9–11

One major determinant behind these high incidences of anxiety,

depression and insomnia can be attributed to social media addiction

(e.g., Facebook, YouTube, Instagram, etc.), as indicated in our study, since

increased social media usage may lead to sleep problems, lack of exercise,

and peer pressure. This findings aligns with some previous studies.78,79

TABLE 2 Frequency distribution of socio‐demographic, social media addiction, morningness‐eveningness and their association with
depression among 1250 university students in Bangladesh during November to December 2022.

Yes (n = 1059; 84.7%) No Total
Variables n % (95% CI) n % (95% CI) N (%) χ2 p Value

Sex

Male 699 66.0 (63.1‐68.8) 110 57.6 (50.5‐64.4) 809 (64.7) 5.017 <0.01*

Female 360 34.0 (31.2‐36.9) 81 42.4 (35.6‐49.5) 441 (35.3)

Education level

Undergraduate 1030 97.3 (96.1‐98.1) 181 94.8 (90.9‐97.3) 1211 (96.9) 3.338 0.07

Graduate 29 2.7 (1.9‐3.9) 10 5.2 (2.7‐9.1) 39 (3.1)

Marital status

Married 480 45.3 (42.3‐48.3) 5 2.6 (1.0‐5.6) 485 (38.8) 124.295 <0.01*

Unmarried 579 54.7 (51.7‐57.7) 186 97.4 (94.4‐99.0) 765 (61.2)

Place of residence

Off campus 968 91.4 (89.6‐93.0) 159 83.2 (77.5‐88.0) 1127 (90.2) 12.148 <0.01*

On campus 91 8.6 (7.0‐10.4) 32 16.8 (12.0‐22.5) 123 (9.8)

Birthplace

Rural 783 73.9 (71.2‐76.5) 125 65.4 (58.5‐71.9) 908 (72.6) 5.872 <0.01*

Urban 276 26.1 (23.5‐28.8) 66 34.6 (28.1‐41.5) 342 (27.4)

Monthly family Income (BDT)

Lower 680 64.2 (61.3‐67.1) 58 30.4 (24.2‐37.1) 738 (59) 82.643 <0.01*

Middle 264 24.4 (22.4‐27.6) 80 41.9 (35.1‐49.0) 344 (27.5)

Upper 115 10.9 (9.1‐12.8) 53 27.7 (21.8‐34.4) 168 (13.4)

Academic performance

Poor 602 56.8 (53.8‐59.8) 16 8.4 (5.1‐12.9) 618 (49.4) 152.077 <0.01*

Good 457 43.2 (40.2‐46.2) 175 91.6 (87.1‐94.9) 632 (50.6)

Smoking status

No 1010 95.4 (94.0‐96.5) 181 94.8 (90.9‐97.3) 1191 (95.3) 0.133 0.711

Yes 49 4.6 (3.5‐6.0) 10 5.2 (2.7‐9.1) 59 (4.7)

Social media addiction

No 365 34.5 (31.6‐37.4) 178 93.2 (89.0‐96.1) 543 (43.4) 227.143 <0.01*

Yes 694 65.5 (62.6‐68.4) 13 6.8 (3.9‐11.0) 707 (56.6)

Morningness‐eveningness

Evening type 260 24.6 (22.0‐27.2) 26 13.6 (9.3‐19.0) 286 (22.9) 36.058

Neutral 230 21.7 (19.3‐24.3) 79 41.4 (34.6‐48.4) 309 (24.7) <0.01*

Morning type 569 53.7 (50.7‐56.7) 86 45.0 (38.1‐52.1) 655 (52.4)

Note: Asterisk (*) indicates the statistically significant at 0.05 level.

Abbreviations: BDT, Bangladeshi Taka; χ2, Chi‐square.
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Another major reason for the high incidence of anxiety among students

can be attributed to poor academic performance, as indicated in our

study, since it may lead to increased worrying and emotional distress.80

Although poor academic performance contributed as a leading determi-

nant for anxiety in our study, it was not as major for insomnia due to the

intricate interplay of various factors. Moreover, this study identified no

significant gender disparities in anxiety, which is consistent with similar

earlier investigation carried out in Bangladesh.11 Conversely, the second

major risk factor for the high incidence of depression among students can

be attributed to age, due to the developmental difficulties and challenges

TABLE 3 Frequency distribution of socio‐demographic, social media addiction, morningness‐eveningness, and their association with
insomnia among 1250 university students in Bangladesh during November to December 2022.

Yes (n = 957; 76.5%) No Total
Variables n % (95% CI) n % (95% CI) N (%) χ2 p Value

Sex

Male 635 66.4 (63.3‐69.3) 174 59.4 (53.7‐64.9) 809 (64.7) 4.769 <0.01*

Female 322 33.6 (30.7‐36.7) 119 40.6 (35.1‐46.3) 441 (35.3)

Education level

Undergraduate 940 98.2 (97.2‐98.9) 271 92.5 (89.1‐95.1) 1211 (96.9) 24.385 <0.01*

Graduate 17 1.8 (1.1‐2.8) 22 7.5 (4.9‐10.9) 39 (3.1)

Marital status

Married 474 49.5 (46.4‐52.7) 11 3.8 (2.0‐6.4) 485 (38.8) 197.949 <0.01*

Unmarried 483 50.5 (47.3‐53.6) 282 96.2 (93.6‐98.0) 765 (61.2)

Place of residence

Off campus 880 92.0 (90.1‐93.6) 247 84.3 (79.8‐88.1) 1127 (90.2) 14.812 <0.01*

On campus 77 8.0 (6.4‐9.9) 46 15.7 (11.9‐20.2) 123 (9.8)

Birthplace

Rural 715 74.7 (71.9‐77.4) 193 65.9 (60.3‐71.3) 908 (72.6) 8.825 <0.01*

Urban 242 25.3 (22.6‐28.1) 100 34.1 (28.9‐39.7) 342 (27.4)

Monthly family Income (BDT)

Lower 657 68.7 (65.7‐71.5) 81 27.6 (22.8‐33.0) 738 (59) 172.994 <0.01*

Middle 183 19.1 (16.7‐21.7) 161 54.9 (49.2‐60.6) 344 (27.5)

Upper 117 12.2 (10.3‐14.4) 51 17.4 (13.4‐22.1) 168 (13.4)

Academic performance

Poor 595 62.2 (59.1‐65.2) 23 7.8 (5.2‐11.3) 618 (49.4) 264.827 <0.01*

Good 362 37.8 (34.8‐40.9) 270 92.2 (88.7‐94.8) 632 (50.6)

Smoking status

No 918 95.9 (94.5‐97.0) 273 93.2 (89.9‐95.6) 1191 (95.3) 4.774 <0.01*

Yes 39 4.1 (3.0‐5.5) 20 6.8 (4.4‐10.1) 59 (4.7)

Social media addiction

No 293 30.6 (27.8‐33.6) 250 85.3 (80.9‐89.0) 543 (43.4) 273.255 <0.01*

Yes 664 69.4 (66.4‐72.2) 43 14.7 (11.0‐19.1) 707 (56.6)

Morningness‐eveningness

Evening type 258 27.0 (24.2‐29.8) 28 9.6 (6.6‐13.3) 286 (22.9) 74.950

Neutral 187 19.5 (17.1‐22.1) 122 41.6 (36.1‐47.3) 309 (24.7) <0.01*

Morning type 512 53.5 (50.3‐56.6) 143 48.8 (43.1‐54.5) 655 (52.4)

Note: Asterisk (*) indicates the statistically significant at 0.05 level.

Abbreviations: BDT, Bangladeshi Taka; χ2, Chi‐square.
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younger students face in adapting to university life. This finding aligns

with a similar previous study.81 Age also plays a crucial role in insomnia

since younger people—especially university students—often go through

major life transitions, have higher stress levels, and have unpredictable

schedules, all of which can cause sleep disorders by interfering with sleep

rhythms and routines. This finding aligns with previous related study.82

Our study found that majority of the students came from lower income

families. Lower family income can be attributed to another major

determinant for depression and insomnia as it can lead to financial

hardship, limited access to healthcare, difficult living situations, emotional

distress and poor nutrition.83 Different people have different biological

cycles and prefer the morning or evening for work. The MT always

prefers the morning hour and the ET prefers the evening hour to

accomplish their work.84 In our research, we found that the majority of

the students (52.4%) were MT and had a significant association with

depression and insomnia, which is consistent with previous studies.85,86

According to earlier studies, the incidence and seriousness of mental

health issues are rising problems.87 In addition to increasing the risk of

suicide actions, mental health issues can cause significant psychological

distress.72 It is, therefore, crucial to comprehend this potentially

vulnerable population and provide appropriate, efficient, accessible

counseling and support.

We evaluated the predictive performance of three tree‐based

ML algorithms, for example, DT model, RF and ensemble XGBoost to

predict mental health outcomes among university students in

Bangladesh. The XGBoost model performed best in predicting

anxiety, depression, and insomnia among the university students

for exhibiting higher prediction accuracy, that is, 86% accuracy and

96% sensitivity and 94% of AUC for anxiety, 84% accuracy, 93%

sensitivity, and 88% of AUC for depression as well as 81% accuracy,

87% sensitivity and 89% of AUC for insomnia. These findings

demonstrate how ML can effectively detect and predict mental

health issues in students, providing stakeholders and policymakers

with a valuable tool.

The study findings elucidate that various factors, including students'

social media addiction, age, academic performance, monthly family

F IGURE 2 Performance evaluation with different metrics of the tree‐based models that predict (A) anxiety, (B) depression, and (C) insomnia
among Bangladeshi university students during November to December 2022.

F IGURE 3 ROC curve to predict (A) anxiety, (B) depression, and (C) insomnia among university students in Bangladesh during November to
December 2022. ROC, receiver operating characteristics.
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income, morningness‐eveningness, marital status, sex, education level,

and birthplace, were identified as significant contributors to their levels of

anxiety, depression, and insomnia. The predictive accuracy of these

determinants was demonstrated through the application of the XGBoost

model, showcasing its superior performance compared to other models.

Concurrently, conventional statistical analysis, such as the chi‐square test,

reinforced the role of these factors as statistically significant correlates.

However, it is essential to clarify that the term “main determinants” refers

to the variables incorporated into the model rather than an exhaustive list

of all possible determinants of poor mental health. The intention was to

assess the predictive capacity of the chosen variables within the context

of the study, acknowledging that other unexamined factors may also

influence mental health outcomes among university students. Regarding

the uniqueness of the findings, the study contributes by emphasizing the

efficacy of the XGBoost model in identifying and predicting mental health

outcomes, thereby providing a nuanced understanding of the role of

various socio‐demographic and personal factors. However, it is duly

noted that the identified determinants align with existing literature on

contributors to poor mental health. The focus on ML models aims to

underscore the methodological advancements and precision achieved in

predicting mental health outcomes, rather than introducing entirely novel

determinants.

5 | LIMITATIONS

The study has certain limitations that should be acknowledged to

provide a more comprehensive understanding of its scope and

potential implications. Firstly, the sample size was not suffiecient

enough and universities were not categorized based on provincial or

national targeting.

Moreover, it is essential to acknowledge that the study

exclusively employed tree‐based ML models and did not explore

other methodological approaches. For instance, the decision to have

a single person translate existing measures may introduce potential

biases in the interpretation of mental health indicators. This choice

could impact the validity and reliability of the collected data, serving

as a limitation in the study's overall design.

Additionally, the study's cross‐sectional nature is a noteworthy

limitation that warrants discussion. The use of a cross‐sectional

design restricts our ability to establish causality between partici-

pant characteristics and the assessed mental health outcomes. It is

crucial to recognize that the observed associations do not imply a

cause‐and‐effect relationship, and other temporal factors or

confounding variables may contribute to the identified patterns.

This limitation underscores the need for caution in drawing

definitive conclusions about the directionality of the relationships

observed in this study.

Furthermore, the exclusion of chronic diseases, such as heart

disease, diabetes, hypertension, and arthritis, from the investigation

poses another limitation. These health conditions are known to exert

significant influences on mental health, and their omission restricts

the holistic understanding of the interplay between physical and

mental well‐being among university students. Future studies should

consider incorporating a broader spectrum of psychological disorders

and chronic diseases, employing diverse methodologies, and address-

ing potential translation biases to enhance the robustness and

applicability of findings in this field.

F IGURE 4 Important features selection using the XGBoost model. (A) Anxiety, (B) depression, and (C) insomnia.
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6 | RECOMMENDATION

This study found a high prevalence of anxiety, depression and

insomnia among Bangladeshi university students. Therefore, consid-

ering the high prevalence of anxiety, depression and insomnia among

university students, mental health interventions such as mental

health promotion and the establishment of efficient university

counseling facilities are recommended to reduce the grave danger

of this disease. In addition, educating students on the significance of

leading a balanced lifestyle that includes enough sleep, a healthy diet,

and regular exercise can be another effective technique. Further-

more, creating a conducive learning ambiance and educating parents,

teachers, and administrators about the value of mental health are

crucial. To further promote a comprehensive approach to pupil well‐

being, parents should be included in mental health awareness

campaigns, faculty and staff can receive mental health training, and

open communication can be encouraged.

7 | CONCLUSION

This study extends to the mounting evidence that Bangladeshi

university students experience elevated levels of anxiety, depression,

and insomnia. In contrast with previous research, this study

discovered a high incidence of mental health disorders (e.g.,

depression, anxiety, and insomnia). It highlighted a variety of risk

variables, including social media addiction, age, academic perform-

ance, smoking status, monthly family income and morningness‐

eveningness, that are strongly linked to these disorders. Moreover,

the XGBoost ML model was found to do better over the DT and RF.

Our proposed model and study findings can assist stakeholders,

families, and policymakers in better understanding and averting this

crisis through improved policy‐making strategies. In addition, the ML

based prediction model can enhance the digital healthcare system

and mental health conditions by allowing more precise diagnoses,

individualized treatment plans, predictive analytics and remote

tracking.
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