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Background: Sleep disruptions among prospective university students are increasingly recognized for their potential ramifications on 
academic achievement and psychological well-being. But, information regarding sleep issues among students preparing for university 
entrance exams is unknown. Thus, this study aimed to investigate the prevalence and factors associated with sleep duration and 
insomnia among university entrance test-takers in Bangladesh, utilizing both traditional statistical analyses and advanced geographic 
information system and machine learning techniques for enhanced predictive capability.
Methods: A cross-sectional study was conducted in June 2023 among 1496 entrance test-takers at Jahangirnagar University, Dhaka. 
Structured questionnaires collected data on demographics, academic information, and mental health assessments. Statistical analyses, 
including chi-square tests and logistic regression, were performed using SPSS, while machine learning models were applied using 
Python and Google Colab.
Results: Approximately 62.9% of participants reported abnormal sleep duration (<7 hours/night or >9 hours/night), with 25.5% 
experiencing insomnia. Females and those dissatisfied with mock tests were more likely to report abnormal sleep duration, while 
repeat test-takers, those with unsatisfactory mock test results, or anxiety symptoms had a higher risk of insomnia. Machine learning 
identified satisfaction with previous mock tests as the most significant predictor of sleep disturbances, while higher secondary school 
certificate GPA had the least influence. The CatBoost model achieved maximum accuracy rates of 61.27% and 73.46%, respectively, 
for predicting sleep duration and insomnia, with low log loss values indicating robust predictive performance. Geographic analysis 
revealed regional variations in sleep disturbances, with higher insomnia prevalence in some southern districts and abnormal sleep 
duration in northern and eastern districts.
Conclusion: Sleep disturbances are prevalent among prospective university students and are associated with various factors including 
gender, test-taking status, mock test satisfaction, and anxiety. Targeted interventions, including sleep education and psychological 
support, hold promise in ameliorating sleep health and overall well-being among students, potentially enhancing entrance test 
performance.
Keywords: sleep disturbances, abnormal sleep duration, insomnia, university entrance exams, mental health

Introduction
Sleep is a fundamental component of health and well-being, and is critically important for cognitive functioning, emotional 
regulation, and overall physical health.1 Abnormal sleep duration, defined as either short (less than 7 hours/night) or long 
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(more than 9 hours/night) sleep, has been repeatedly associated with significant adverse effects on health-related quality of 
life.2–9 Altered sleep patterns in adolescents and young adults are frequent, multifactorial, and entail disturbed appetite and 
physical activity that promote the risk of obesity along with emotional challenges and enhanced risk of depression, mood 
and psychiatric disorders.10–18

University entrance exams are extremely competitive in most countries, are often marked by intense study schedules 
and heightened stress levels, and consequently may lead to alterations in sleep patterns, and frequently induce the 
emergence of insomnia.19 In a highly competitive educational environment, students are subjected to immense pressure 
in their aspirations to perform well on these exams. This pressure is further ignited by societal expectations and the high 
lifelong stakes associated with securing admission to prestigious academic institutions. Consequently, students will often 
opt for extending study duration at the expense curtailing sleep. Notably, poor sleep quality, irregular sleep schedules or 
insufficient sleep are associated with an increased risk of mental health issues, including anxiety and depression, which 
are frequently encountered among students facing academic pressures.19

In Bangladesh, evidence related to sleep-related problems among students preparing for university entrance exams 
remains under-explored. However, mental health problems, including suicide, burnout, digital addiction have all been 
evaluated.20–23 Studies focused on sleep characteristics in university students in Bangladesh are scarce. For example, 
a study conducted among 332 university students reported a prevalence of 66.6% poor sleep quality, with students 
sleeping less than 7 hours nightly having poorer sleep quality compared to those sleeping more 7 hours per night.24 In 
another study in which 450 undergraduate students were surveyed, 58.4% were poor sleepers and 26.2% had sleep 
disturbances, with cigarette smokers having significantly poorer sleep quality.25 However, none of these studies 
specifically assess insomnia and sleep duration in the period of preparation for prospective university students who are 
attending entrance tests.

Moreover, the use of advanced analytical techniques such as Geographic Information Systems (GIS) and machine 
learning has been limited in this area of research. GIS and machine learning offer powerful tools for identifying and 
analyzing both spatial and non-spatial factors influencing sleep disturbances, providing a more comprehensive under-
standing of the issue. GIS can be utilized to map the spatial distribution of insomnia, revealing regional patterns and 
potential environmental influences. Machine learning, on the other hand, can handle large datasets to identify complex, 
non-linear relationships between various predictors and sleep outcomes, enhancing the accuracy and robustness of 
predictive models.

This study aims to address these gaps by (i) investigating the prevalence of insomnia and sleep duration issues among 
prospective university students in Bangladesh; (ii) identifying factors associated with these sleep disturbances using 
advanced analytical techniques; (iii) employing GIS to map the spatial distribution of insomnia and sleep duration, 
revealing regional patterns; and (iv) utilizing machine learning to identify significant predictors of sleep disturbances and 
enhance predictive accuracy. Thus, this comprehensive approach will provide valuable insights into the determinants of 
sleep health in this population and inform the development of effective interventions and policies to support students 
during this critical period.

Methods
Study Design, Participants and Procedures
A cross-sectional study was carried out among entrance test-takers at Jahangirnagar University, Dhaka, Bangladesh, in 
June 2023. Data were collected using a convenience sampling technique, targeting participants who resided in the 
university dormitories during the entrance test period. Data collection was conducted by a trained research team with 
prior experience in similar studies, ensuring reliability and consistency in the data-gathering process.

Measures
Sociodemographic and Admission-Related Factors
The study collected information related to sex, permanent residence (rural vs urban), and family type (nuclear vs joint). 
Besides, information related to the admission test included whether they were taking the test for the first time or were 
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repeat test-takers. Data were gathered on their Grade Point Average (GPA) in the Secondary School Certificate (SSC) and 
Higher Secondary School Certificate (HSC), their satisfaction with mock tests during admission test preparation, and 
whether they were coached for the test by a professional or attended a coaching center. Additionally, their high school 
background (Science, Arts, and Commerce) was documented. Information on mental health problems was also collected 
(see below).

Anxiety (Generalized Anxiety Disorder)
Anxiety was assessed using the seven items of Generalized Anxiety Disorder (GAD-7).26 Participants responded to the items 
based on the experience of the past two weeks on a four-point Likert scale (0 = not at all, 1 = several days, 2 = more than half of the 
days, and 3 = nearly every day). A total score ranging from 0 to 21, with a score of 10 or higher indicated anxiety among 
participants.26

Sleep Duration
Sleep duration was estimated based on the report and the National Sleep Foundation guidelines to define normal and 
abnormal sleep duration were used. According to the expert panel, 7 to 9 hours of sleep per night is considered normal 
for youth and young adults. Accordingly, sleeping less than 7 hours per night (short sleep duration) or more than 9 hours 
per night (long sleep duration) were categorized as abnormal sleep duration.2

Insomnia
Insomnia was evaluated using the two-item Insomnia Severity Index (ISI-2).27 Participants responded to the items based 
on their experiences over the past two weeks on a five-point Likert scale (0=not at all to 4= very much). A total score 
ranging from 0 to 8 was calculated, with a score of 6 or higher indicating the presence of insomnia among participants.

Machine Learning Models
K-Nearest Neighbors (KNN)
An instance-based learning technique termed K-Nearest Neighbors (KNN) is predicated on delaying computation until 
after classification. Regression and classification tasks are carried out by locally approximating functions in this non- 
parametric method. KNN finds the K training examples in the feature space that are closest to the object for classification. 
A majority vote among the object’s K closest neighbors determines the object’s class membership; K is usually a modest 
positive number. The item is placed in the class of its single closest neighbor when K = 1.28

Random Forest (RF)
Renowned for its resilience in addressing classification and regression issues, Random Forest is an ensemble learning 
methodology. This approach entails building a large number of decision trees during training, from which the mean 
prediction (in the case of regression) or the mode of the classes (in the case of classification) is obtained. By bagging 
training models using a variety of subsets of the training data Random Forests reduce overfitting in decision trees and 
improve prediction accuracy. As a result, the diverse forest of trees yields a more reliable and comprehensive model.29

Support Vector Machine (SVM)
A reliable supervised learning approach that is mostly employed for classification problems is called Support Vector 
Machine (SVM). It functions by determining the best hyperplane to maximally divide various class memberships in 
a dataset. Support vectors data points that are closest to the decision boundary are used by SVM to improve classification 
accuracy. The kernel trick adds to its versatility by making it possible to handle nonlinear data effectively.30

Gradient Boosting Machines (GBM)
Gradient Boosting Machines (GBM) are a potent ensemble machine learning technology that build a strong learner by 
adding weak learners (usually decision trees) one after the other. This increases predicted accuracy. This strategy 
continuously focuses on areas where prior models underperformed by utilizing gradient descent to minimize the loss 
function. For a variety of predictive applications, GBMs are adaptable and efficient, although careful hyperparameter 
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adjustment is needed to avoid overfitting and control computing demands. Their capacity to handle complicated, 
nonlinear data efficiently makes them widely utilized in a variety of sectors.31

Categorical Boosting (CatBoost)
CatBoost is a state-of-the-art machine learning technique that excels at managing data with categories. Decision tree gradient 
boosting is the main topic. Yandex created CatBoost, a novel technique that reduces typical problems with categorical data 
without requiring a large amount of pre-processing. In order to accomplish this, it combines one-hot encoding with an innovative 
algorithmic method that raises prediction accuracy while lowering overfitting. CatBoost is widely recognized for its effectiveness 
and expandability, rendering it an immensely beneficial instrument for numerous uses, including predictive modeling and 
recommendation systems. In the emerging field of machine learning, the method is significant because to its well-documented 
contribution to improving model performance, especially in datasets with strong categorical characteristics.32

Gradient Boosting (XGBoost)
XGBoost is a significant advancement in ensemble machine learning approaches as it outperforms classic gradient-boosting with 
its gradient-boosting architecture. The breakthroughs in algorithmic design and systems optimization that this methodology 
offers make it noteworthy. By learning from the mistakes made by earlier trees, it enables the sequential construction of decision 
trees, hence lowering errors.33 Because of its methodical approach to improving speed and performance and its deft handling of 
large-scale data, XGBoost is a breakthrough in predictive modeling that beats its GBM predecessors in terms of accuracy.31

Ethics Statement
The study adhered to the guidelines provided in the Helsinki Declaration, as well as approved by the CHINTA Research 
Bangladesh [ref: chinta/2023/5]. Before initiating data collection, the purposes and objectives of the study were briefed to 
the participants. They were assured about the confidentiality of their data throughout the research process as well as their 
right to withdraw from participation at any point of the time. There were no participants under the age of 18, and written 
informed consent was required for participating in the study.

Statistical Analysis
Data were initially entered into Google Forms and subsequently analyzed using the IBM SPSS Statistics for Windows 
version 25.0, Armonk, NY: IBM Corp, USA. Frequencies and percentages were calculated for categorical variables, 
while chi-square tests were utilized to measure the association between the study variables and sleep duration and 
insomnia. To further explore relationships, a logistic regression model was developed, incorporating all covariates used 
in the study, with sleep duration and insomnia as the outcome variables. Model fit was assessed using the Hosmer- 
Lemeshow significant criteria, where a non-significant value indicated adequate model fit. In addition, Python was 
employed to apply machine learning models to the data. Google Colab served as the platform for analysis. Supervised 
classification algorithms, including K-Nearest Neighbor (KNN), Random Forest (RF), Support Vector Machine (SVM), 
Gradient Boosting Machines (GBM), Extreme Gradient Boosting (XGBoost), and Categorical Boosting (CatBoost), were 
utilized to classify the learning outcomes of sleep duration and insomnia. For all statistical tests, a two-tailed significance 
level of p<0.05 was set, with a 95% confidence interval.

Results
Characteristics of the Participants
A total of 1496 participants completed the survey and were included in the final analysis. Table 1 reports the distribution 
characteristics of the cohort. Most of the participants were females (56.7%), resided in rural areas (68.1%), and were 
from a nuclear family (82.2%). Regarding admission-related variables, 63% were first-time test-takers, had a high GPA, 
77.2% were coached by a professional or were being trained in a coaching center, 36.5% were satisfied with their 
previous mock tests, and 70.2% were from a science background. Moreover, 45.2% participants reported anxiety 
symptoms (Table 1).

https://doi.org/10.2147/NSS.S481786                                                                                                                                                                                                                                  

DovePress                                                                                                                                                        

Nature and Science of Sleep 2024:16 1238

Al-Mamun et al                                                                                                                                                      Dovepress

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


Table 1 Associations Between the Study Variables with Sleep Duration and Insomnia

Study Variables Total Sleep Duration Insomnia

n (%) Normal  
(557, 37.2%);

Abnormal 
(939, 62.8%);

χ2 (p) (n=381; 25.5%) χ2 (p)

n (%) n (%) Yes; n (%)

Sociodemographic Variables

Sex

Male 648 (43.3) 271; 41.8% 377; 58.2% 10.298 (0.001) 168; 25.9% 0.126 (0.722)

Female 848 (56.7) 286; 33.7% 562; 66.3% 213; 25.1%

Permanent residence

Rural 1009 (68.1) 371; 36.8% 638; 63.2% 0.673 (0.412) 249; 24.7% 1.010 (0.315)

Urban 472 (31.9) 184; 39% 288; 61% 128; 27.1%

Family Type

Nuclear 1210 (82.2) 446; 36.9% 764; 63.1% 0.158 (0.691) 300; 24.8% 1.353 (0.245)

Joint 262 (17.8) 100; 38.2% 162; 61.8% 74; 28.2%

Admission-related Variables

Student Status

First-time test takers 942 (63) 341; 36.2% 601; 63.8% 1.162 (0.281) 200; 21.2% 24.052 (<0.001)

Repeat test takers 554 (37) 216; 39% 338; 61% 181; 32.7%

Secondary School Certificate GPA

Poor (<4.5) 215 (14.8) 75; 34.9% 140; 65.1% 1.214 (0.545) 69; 32.1% 14.026 (0.001)

Moderate 428 (29.4) 155; 36.2% 273; 63.8% 126; 29.4%

High (5) 814 (55.9) 313; 38.5% 501; 61.5% 178; 21.9%

Higher Secondary School Certificate GPA

Poor (<4.5) 83 (5.7) 32; 38.6% 51; 61.4% 2.176 (0.337) 24; 28.9% 2.720 (0.257)

Moderate 371 (25.5) 127; 34.2% 244; 65.8% 105; 28.3%

High (5) 1002 (68.8) 386; 38.5% 616; 61.5% 244; 24.4%

Coached by professional or coaching center

Yes 1134 (77.2) 415; 36.6% 719; 63.4% 0.115 (0.735) 273; 24.1% 6.587 (0.010)

No 335 (22.8) 126; 37.6% 209; 62.4% 104; 31%

Satisfied with previous mock tests

Yes 497 (36.5) 159; 32% 338; 68% 8.865 (0.003) 95; 19.1% 15.483 (<0.001)

No 863 (63.5) 346; 40.1% 517; 59.9% 248; 28.7%

(Continued)
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Of all responders, 37.2% reported a normal sleep duration of 7–9 hours per night, while 62.8% reported an abnormal 
sleep duration, with 58.8% indicating short sleep duration and 4% long sleep duration. Insomnia was reported among 
25.5% of the participants (Table 1).

Relationship of the Variables with Sleep Duration and Insomnia
Table 2 presents significant associations between some of the study variables and sleep duration and insomnia. 
A significant association was found between sex and sleep duration patterns, with females reporting more abnormal 
sleep duration than males (χ2=10.298, p=0.001). Additionally, participants who expressed satisfaction with their previous 

Table 1 (Continued). 

Study Variables Total Sleep Duration Insomnia

n (%) Normal  
(557, 37.2%);

Abnormal 
(939, 62.8%);

χ2 (p) (n=381; 25.5%) χ2 (p)

n (%) n (%) Yes; n (%)

Sociodemographic Variables

Educational background

Science 1046 (70.2) 385; 36.8% 661; 63.2% 0.228 (0.892) 247; 23.6% 10.542 (0.005)

Commerce 59 (2.8) 16; 39% 25; 61% 7; 17.1%

Arts 559 (27) 153; 38% 250; 62% 126; 31.3%

Mental Health Problems

Anxiety

No 766 (54.8) 296; 38.6% 470; 61.4% 0.856 (0.355) 174; 22.7% 7.800 (0.005)

Yes 632 (45.2) 229; 36.2% 403; 63.8% 185; 29.3%

Note: Significant p-values are bolded.

Table 2 Logistic Regression Between Study Variables and Abnormal Sleep 
Duration and Insomnia

Study Variables Abnormal Sleep 
Duration  
(HL, p = 0.247)

Insomnia (HL, p = 0.478)

AOR (95% CI) p-value AOR (95% CI) p-value

Socio-demographic variables

Sex

Male Reference 0.031 Reference 0.552

Female 1.31 (1.02–1.68) 0.91 (0.69–1.21)

Permanent residence

Rural Reference 0.399 Reference 0.314

Urban 0.89 (0.68–1.16) 1.16 (0.86–1.55)

(Continued)
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Table 2 (Continued). 

Study Variables Abnormal Sleep 
Duration  
(HL, p = 0.247)

Insomnia (HL, p = 0.478)

AOR (95% CI) p-value AOR (95% CI) p-value

Family type

Nuclear Reference 0.766 Reference 0.416

Joint 1.04 (0.76–1.43) 1.15 (0.81–1.62)

Admission-related variables

Student status

First-time test takers Reference 0.117 Reference 0.001

Repeat test takers 0.80 (0.61–1.05) 1.61 (1.20–2.16)

Secondary School Certificate GPA

Poor (<4.5) Reference 0.159 Reference 0.328

Moderate (4.5–4.99) 0.99 (0.65–1.50) 0.90 (0.58–1.40)

High (5) 0.75 (0.48–1.16) 0.73 (0.46–1.17)

Higher Secondary School Certificate GPA

Poor (<4.5) Reference 0.348 Reference 0.969

Moderate (4.5–4.99) 1.35 (0.76–2.40) 0.95 (0.51–1.78)

High (5) 1.10 (0.63–1.92) 0.93 (0.50–1.70)

Coached by professional or coaching center

Yes Reference 0.758 Reference 0.640

No 1.05 (0.75–1.47) 1.09 (0.76–1.56)

Satisfied with previous mock tests

Yes Reference 0.016 Reference <0.001

No 0.73 (0.56–0.94) 1.74 (1.29–2.33)

Educational background

Science Reference 0.247 Reference 0.146

Commerce 1.05 (0.48–2.33) 0.51 (0.19–1.40)

Arts 0.77 (0.56–1.05) 1.24 (0.88–1.74)

Mental health problems

Anxiety

No Reference 0.573 Reference 0.022

Yes 1.07 (0.84–1.36) 1.36 (1.04–1.78)

Note: Significant p-values are bolded. 
Abbreviations: CI, confidence interval; HL, Hosmer-Lemeshow test.
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mock tests exhibited a higher prevalence of abnormal sleep duration compared to those who were dissatisfied (χ2=8.865, 
p=0.003).

Regarding insomnia, a significant relationship was observed with student status, as repeat test-takers exhibited 
a higher rate of insomnia symptoms compared to first-time test-takers (χ2=24.052, p<0.001). Furthermore, students 
with poor SSC GPA experienced significantly more insomnia problems than those with moderate and high SSC GPAs 
(χ2=14.026, p=0.001). However, insomnia was not significantly associated with HSC GPA (p>0.05). Moreover, partici-
pants who were coached by a professional or in a coaching center had significantly lower levels of insomnia than those 
who were not (χ2=6.587, p=0.010). Those who did not have satisfactory mock test results also experienced a significantly 
higher rate of insomnia problems compared to those counterparts with satisfactory mock test results (χ2=15.483, 
p<0.001). Additionally, suffering from mental health problems showed a significant relationship with insomnia 
(χ2=7.800, p=0.005) (Table 1).

Factors Associated with Sleep Duration and Insomnia
Table 2 presents factors associated with sleep duration and insomnia. Females had a significantly higher risk of abnormal 
sleep duration compared to males [OR=1.31 (1.02–1.68); p=0.031]. Participants with dissatisfactory mock test results 
were 0.73 times less likely to experience abnormal sleep duration [OR=0.73 (0.56–0.94); p=0.016]. In terms of insomnia, 
repeat test-takers were at 1.61 times higher risk of suffering from insomnia compared to first-time test-takers [OR=1.61 
(1.20–2.16); p=0.001], and insomnia risk was higher among participants with unsatisfactory mock test results [OR=1.74 
(1.29–2.33); p<0.001]. Moreover, the risk of insomnia increased 1.36-fold among participants with anxiety symptoms 
[OR=1.36 (1.04–1.78); p=0.022] (Table 2).

Feature Selection
XGBoost SHAP values were used to assess each feature impact while feature correlations were examined using Cramer’s 
V criterion to decide which features to include in the machine learning model. Since each attribute had a considerable 
impact on the model’s output and little correlation with the others, they were all eventually added to the model. Satisfied 
with previous mock tests was the most significant predictor and higher secondary school certificate GPA had the least 
influence (Figure 1). Besides, some characteristics had a relatively higher influence on the model’s output than others, 
such as the student status, anxiety, secondary school certificate GPA, educational background and gender.

Figure 1 Features impact on the model by XGBoost SHAP value.
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Evaluation of Machine Learning Model Performances
Table 3 presents the predictive performance metrics of the machine learning models for sleep duration and insomnia. 
After assessments that included accuracy, precision, F1 score, and log-loss metrics, each model was found to have 
somewhat differing levels of ability to predict sleep duration and insomnia. Interestingly, all algorithms achieved robust 
degrees of accuracy. For example, CatBoost exhibited the highest accuracy score of 61.27% for sleep duration, while 
GBM demonstrated an accuracy score of 61.10%. Similarly, CatBoost yielded an accuracy of 73.46% for insomnia. 
Regarding F1 scores, KNN scored 53.64% for sleep duration, while SVM achieved K1 score of 65.99% for insomnia. 
Additionally, all algorithms demonstrated logarithmic loss values of less than 3% for both sleep duration and insomnia, 
indicating highly accurate and confident model predictions. Notably, CatBoost reached the maximum forecast accuracy 
with a minimum log loss of 0.67 and 0.56 for sleep duration and insomnia, respectively. Taken together, the CatBoost 
model exhibited overall better performance than the other models. Figure 2 displays the ROC-AUC of the various 
machine learning-derived algorithms for sleep duration and insomnia. In the case of sleep duration, the AUC score for 
the SVM was 0.52 and in the case of insomnia, an AUC score of 0.62 was recorded for the CatBoost model. Despite 
these findings, none of the models, including SVM and CatBoost, showed sufficient discriminatory power to effectively 
and accurately predictive individuals with abnormal sleep duration or insomnia.

Table 3 Evaluation of Machine Learning Model Performances for Sleep Duration and 
Insomnia

Model Sleep Duration Insomnia

ACC Precision F1 score Log loss ACC Precision F1 score Log loss

KNN 55.76 53.00 53.64 2.27 70.12 61.88 63.89 2.31

RF 54.76 51.95 52.67 1.05 70.95 64.13 65.36 0.69

SVM 57.76 52.77 52.75 0.73 71.12 64.92 65.99 0.66

GBM 61.10 56.18 52.41 0.68 72.45 61.24 62.99 0.58

XGBoost 60.10 54.92 53.02 0.70 71.95 61.98 63.48 0.59

CatBoost 61.27 53.95 48.89 0.67 73.46 54.17 62.36 0.56

Figure 2 ROC-AUC curve of the sleep duration and insomnia.
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Sleep Related Problems Across Districts
District residence was significantly associated with abnormal sleep duration (χ2=179.997, p=0.001), but not with 
Insomnia (χ2=70.418, p=0.243). However, in some southern districts, including Magura, Narail, Jessore, Bagerhat, 
Satkhira, Jhalokati, a higher prevalence of insomnia was detected when compared to other parts of the country 
(Figure 3). Regarding abnormal sleep duration, some northern districts, including Dinajpur, Joypurhat, Jamalpur, and 
some eastern districts, including Netrakona, Sunamganj, Narsighdi exhibited significantly more prevalent short sleep 
duration (Figure 4). Long sleep duration was more prevalent among some southern districts, including Panchagarh, 
Rangpur, Gaibandha, and some eastern districts, including Munshiganj, Bagerhat, Borguna, and Patuakhali (Figure 5).

Discussion
The present study examined abnormal sleep duration and insomnia among prospective university students. The findings 
revealed that 62.9% had abnormal sleep duration, and 25.5% had insomnia, with female, repeat-test-takers, those who 
were dissatisfied with their mock test results, and those reporting anxiety symptoms being at significantly higher risk of 
suffering from sleep-related problems. In addition, some regional divergence in the prevalence of sleep issues was noted 
and associated with the aforementioned risk factors. Machine learning modeling to enable prediction of individual test 
takers at risk of sleep problems incorporated several of the relevant risk factors, but their predictive ability was relatively 
modest. The current findings are anticipated to inform potential educational and interventional initiatives aimed at 
reducing sleep related abnormalities among participants and possibly improving their entrance exam scores.

The majority of the participants had abnormal sleep duration, with short sleep duration being clearly predominant, 
and insomnia was also quite frequent. The prevalence rates of sleep problems are concerning and suggest the presence of 
a widespread problem that could adversely affect both short-term and long-term academic performance and mental 
health. Previous studies conducted among university students reported similar findings with a preponderance of the 
students having poor sleep quality.24,25 For instance, 61.7% university students reported less than 7 hours nightly sleep 
duration.24 In another study involving a large cohort sample, 8.9% slept less than 7 hours nightly and 3.7% slept more 
than 9 hours nightly, clearly a markedly reduced prevalence of abnormal sleep duration when compared to our current 
findings.34 We surmise that these differences may be due to the high-pressure academic environment and societal and 
familial expectations of being admitted into a university.

Notwithstanding, university students have consistently been found to suffer from a higher weighted mean prevalence 
of insomnia than the general population.35 Such difficulties in falling asleep, maintaining sleep or both can reflect 
substantial problems with sleep hygiene (ie, markedly irregular bedtimes and other healthy sleep habits) but could also 
indicate higher stress. Here, approximately a quarter of students preparing the entrance exams had symptoms compatible 
with insomnia, which is comparatively higher than a previous nationwide study conducted in the general population 
whereby 13.1% had moderate and 2.8% had severe insomnia symptoms.36 Furthermore, another study conducted among 
university students reported that 10.6% had clinically significant insomnia.37 Considering the fact that university entrance 
test-takers suffer from comparatively high frequency of mental health problems,20,21 the enhanced vulnerability to 
manifest insomnia symptoms is not surprising.

Our findings align with those of studies conducted in various regions worldwide, indicating a heightened risk of 
sleep-related issues among female students. It is now well-established that the complex interplay between biological, 
psychological, and social factors predisposes women to be more susceptible to the emergence of sleep disorders.38–42 

Similar findings have been also depicted in a previous study, thereby reinforcing the concept of enhanced susceptibility 
among women to develop and manifest poor sleep quality.24 Given these gender disparities, targeted interventions 
focused to the specific needs of female students may be essential for early detection and intervention in cases of sleep 
disturbances. By implementing gender-specific approaches, we can effectively address sleep-related challenges and 
promote better overall well-being among female students.

Repeat-test takers had a higher risk of suffering from sleep-related problems. These findings likely reflect the 
increased pressure to improve their performance in subsequent test-taking attempts. Previous studies conducted among 
university entrance test-takers reported that repeat test-takers had a significantly higher rate of mental health problems, 
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Figure 3 Distribution of insomnia among prospective university students across districts in Bangladesh.
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Figure 4 Distribution of short sleep duration [<7h] among prospective university students across districts in Bangladesh.
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Figure 5 Distribution of long sleep duration [>9h] among prospective university students across districts in Bangladesh.
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such as depression, anxiety, and burnout, compared to first-time test-takers.21 Mental health problems are significantly 
associated with sleep disorders43 and may even foster the risk of suicide.22 Consequently, repeat test-takers should be 
prioritized in any screening for inordinate stress or sleep symptoms. The compounded stress these students face due to 
the pressure to achieve better results can lead to chronic stress and anxiety, further deteriorating sleep quality. This 
vicious cycle not only impairs academic performance but also poses serious threats to their mental health. Addressing 
these issues requires targeted interventions focusing on stress management, mental health support, and sleep hygiene 
education focused specifically for repeat test-takers. By providing these students with adequate resources and support, 
educational institutions can help mitigate the adverse effects of repeated test attempts on both sleep and overall mental 
well-being.

Dissatisfaction with previous mock test performance emerged as the most significant predictor of sleep problems 
according to the machine learning analyses. This dissatisfaction likely reflects underlying academic stress and anxiety, 
which are well-documented contributors to insomnia. Notably, a previous study among university entrance test takers 
found a significant relationship between dissatisfaction with mock test performance and burnout.20 These findings 
suggest that the stress and anxiety associated with perceived academic inadequacies can significantly impact sleep 
quality. To mitigate these effects, it is crucial to provide students with constructive feedback and strategies for 
improvement, rather than focusing solely on their shortcomings. Such supportive interventions could help reduce 
academic stress, enhance coping mechanisms, and ultimately improve sleep quality.

Insomnia is intricately intertwined with mental health, particularly anxiety disorders.44 This association highlights the 
bidirectional nature of the relationship, wherein insomnia can exacerbate anxiety symptoms, and heightened anxiety can 
perpetuate sleep difficulties. Consistent with findings from previous studies among university students in Lebanon,37 this 
study reaffirms that anxiety is significantly more prevalent among students experiencing insomnia. Thus, the co- 
occurrence of insomnia and anxiety emphasizes the need for holistic approaches to mental health support in educational 
settings. Students experiencing sleep problems are not only at risk of academic difficulties but also face challenges 
related to emotional well-being. Addressing anxiety symptoms alongside sleep disturbances is crucial for promoting 
overall mental health resilience among university students. By recognizing and addressing the interconnected nature of 
these issues, educational institutions can implement comprehensive interventions that target both sleep hygiene and 
anxiety management, ultimately fostering a supportive environment conducive to student success and well-being.

In terms of our efforts to develop predictive algorithms using machine learning approaches, the CatBoost model 
yielded overall good accuracy rates of 61.27% and 73.46%, respectively for sleep duration and insomnia, along with low 
log loss values of 0.67% and 0.56% for sleep duration and insomnia, respectively. However, despite reasonably robust 
AUC values, the overall accuracy performance of such models would possibly be useful in the context of screening but 
would not meet the standards required for clinical diagnostics. Nonetheless, it is possible that with expanded utilization 
of such artificial intelligence approaches in ever growing cohorts, improved predictive performance of such algorithms 
will be achievable and enable systematic detections of vulnerable students even before they become symptomatic.

The district-wise data analyses revealed that geographical location was significantly associated with abnormal sleep 
duration but not with insomnia. Regional heterogeneity was apparent, with specific districts showing increased risk. 
A prior Bangladeshi study during the COVID-19 pandemic found notable district-wise differences in insomnia pre-
valence, with districts such as Joypurhat, Bogra, Bandarban, and Patuakhali reporting higher rates of insomnia; and it was 
suggested that areas heavily impacted by COVID-19 might have experienced increased insomnia rates.36 Similarly, the 
current study’s findings might reflect regional differences due to local environmental factors, cultural practices, or 
socioeconomic conditions that could exacerbate stress and anxiety, thus affecting sleep quality.45 For instance, areas with 
higher noise pollution, inadequate housing conditions, or limited access to healthcare might experience greater sleep 
disturbances.46,47 Besides, regional variations in cultural norms regarding bedtime routines and societal pressures can 
further influence sleep patterns.48,49 Future research is needed to explore these regional disparities in greater depth to 
identify specific local factors influencing sleep health. Such studies will enable targeted interventions that address the 
unique needs of students from different districts, promoting better sleep hygiene and overall mental well-being.

This study benefits from a multifaceted approach, utilizing GIS and machine learning techniques to analyze sleep 
disturbances among prospective university students. The large sample size enhances the generalizability of findings, 
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while identification of key risk factors like gender, repeat test-taking, and anxiety symptoms provides valuable insights 
for further research and practice. Innovative predictive modeling with machine learning highlights the potential of 
advanced analytics in identifying at-risk individuals. However, several limitations of this study deserve mention. First, 
the cross-sectional design precludes any inferences regarding causal relationships. Second, other sleep parameters such as 
week and weekend sleep duration, sleep-onset latency, wake after sleep onset, and daytime sleepiness were not included. 
Furthermore, the assessment of sleep duration relied on self-report rather than be based on objective measures such as 
actigraphic recordings, Moreover, using a convenience sampling method with self-rated surveys is inherently fraught 
with potentially limited generalizability. Thus, future research should aim to address these issues using more diverse and 
representative sampling methods, longitudinal designs, and complementary data collection techniques to minimize 
biases.

Conclusions
In summary, we found alarmingly high rates of abnormal sleep duration and insomnia symptoms among prospective 
university students in Bangladesh. Factors such as being female, a repeat test-taker, dissatisfaction with mock test results, 
and experiencing anxiety symptoms emerged as significant risk factors for sleep disturbances. It is possible that 
instituting comprehensive sleep education programs aimed at this particular at-risk group, along with providing 
psychological support when needed, may help alleviate the burden of sleep-related issues. However, despite efforts to 
generate algorithms for accurate prediction and detection of at-risk individuals, the performance of such approaches 
remained insufficiently robust to justify their implementation. Future research should focus on refining predictive models 
and exploring targeted interventions to support the mental and physical well-being of students during this critical period.
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