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Background: Insomnia significantly impairs both mental and physical health, and its bidirectional relationship with chronic diseases 
exacerbates outcomes for both conditions. While insomnia risk factors are well-studied in general populations, little is known about its 
prevalence and determinants among chronic disease patients in Bangladesh. Using machine learning (ML) alongside traditional 
analyses may improve prediction and early identification of insomnia risk in this high-vulnerability group.
Methods: This cross-sectional study recruited 1,222 adult chronic disease patients from healthcare facilities in Dhaka and Chattogram 
between May and November 2024. Insomnia was assessed using the Insomnia Severity Index (ISI-7). Multivariable logistic regression 
identified significant risk and protective factors. Six ML classifiers, K-Nearest Neighbors (KNN), Random Forest (RF), Support Vector 
Machine (SVM), Gradient Boosting Machine (GBM), Extreme Gradient Boosting (XGBoost), and Categorical Boosting (CatBoost), 
were trained and tested (with Synthetic Minority Over-sampling Technique for class imbalance), and model performance was 
evaluated using accuracy, precision, F1 score, log loss, and the area under the receiver operating characteristic curve (AUC-ROC). 
Feature importance was determined via SHapley Additive exPlanations (SHAP) and gain values.
Results: Insomnia affected 41.3% of patients. Risk factors included female gender, joint family, urban residence, smokeless tobacco 
and substance use, prolonged daytime napping, late disease onset, presence of other chronic diseases, and unmet mental healthcare 
needs. Protective factors were physical activity, 7–9 hours of nighttime sleep, met mental healthcare needs, and notably, presence of 
urinary disease. Among ML models, CatBoost outperformed others (accuracy 71.67%, AUC 77.27%, F1 score 71.23%), followed 
closely by RF and SVM. Feature importance analysis consistently identified mental healthcare need fulfillment and nighttime sleep 
duration as the strongest predictors of insomnia.
Conclusion: Insomnia was common among Bangladeshi chronic disease patients and linked to sociodemographic, behavioral, 
clinical, and mental health factors. CatBoost and other ML models showed strong predictive ability, supporting their use in early 
screening. Prospective studies are needed to validate these findings and guide targeted interventions.
Keywords: insomnia, chronic disease, machine learning, bangladesh, catboost, prediction

Introduction
Insomnia is a sleep disorder characterized by persistent difficulty in falling asleep, staying asleep, or leading to non- 
restorative sleep.1 With 10% of the adult population suffering from insomnia and another 20% from occasional insomnia 
symptoms, it has become a serious global public health concern.2,3 Sleep disorders such as insomnia can affect not only 
the mental well-being but also the physical well-being of a person. Insomnia is prevalent among patients with chronic 
illnesses like diabetes mellitus, myocardial infarction, congestive heart failure, and obstructive airway disease. These 
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conditions often exacerbate sleep disturbances, leading to a higher prevalence of insomnia.4–11 Insufficient or disrupted 
sleep can disrupt fundamental neural processes and impair cognitive function, which can result in the onset or worsening 
of mental disorders and chronic diseases.12 The relationship between insomnia and chronic disease is bidirectional rather 
than linear. The burden of chronic disorders can lead to poor quality sleep, financial difficulties and reduced quality of 
life.13,14 Moreover, chronic diseases are often associated with an increased risk of poor mental health,15 which is 
a significant predictor of insomnia.16,17 Conversely, sleep problems can also contribute to a higher risk of chronic non- 
communicable diseases, thus confirming the bidirectional relationship.18,19

In emerging economies, the prevalence of both chronic diseases and insomnia is rising at an alarming rate, 
representing a major public health challenge. Chronic diseases such as diabetes, cardiovascular conditions, and respira
tory disorders now account for a significant proportion of morbidity and mortality in these regions, with nearly three- 
quarters of chronic disease-related deaths occurring in low- and middle-income countries.20 This surge is driven by 
factors including rapid urbanization, changing lifestyles, environmental stressors, and disparities in healthcare access. 
Despite the growing burden of chronic illness, the impact of these epidemiological trends on sleep health remains 
inadequately explored. Bangladesh exemplifies this dual burden, as chronic diseases are responsible for approximately 
67% of all deaths in the country.21 Notably, the prevalence of insomnia in Bangladesh appears to be particularly high; 
a recent nationwide survey conducted during the COVID-19 pandemic found that 46.3% of adults experienced some 
form of insomnia.22 This rate is substantially greater than those reported in other South Asian nations, such as India23 and 
Nepal.24 These findings indicate the urgent need for focused research on the relationship between chronic disease and 
insomnia within the Bangladeshi context, considering its unique sociocultural and health system factors. Beyond 
prevalence estimates, it is also important to understand the determinants of insomnia. A variety of factors have been 
ascribed to the risk of developing insomnia, including socio-demographic, lifestyle, disease history, and mental health- 
related issues. Socio-demographic determinants for insomnia include age, gender, education, occupation, marital status, 
and residence. Lifestyle and behavioral factors, such as social media usage and daytime napping can also hinder sleep 
quality.22 Additionally, addictive behaviors, including smoking,25 smokeless tobacco,26 and substance use27 can sig
nificantly elevate the risk of insomnia. Furthermore, having a history of insomnia among biological relatives constitutes 
a risk factor for insomnia.28

Machine learning (ML) has seen broad uptake across chronic-disease care because it can learn complex, non-linear 
patterns from high-dimensional, longitudinal data that traditional models may miss. In diabetes, deep learning can detect 
referable diabetic retinopathy from retinal photographs with high accuracy, enabling population-scale screening.29 In 
cardiovascular medicine, ML predicts major adverse cardiovascular events from rich cohort data and achieves cardiol
ogist-level performance for arrhythmia classification from ambulatory electrocardiograms (ECGs).30,31 In nephrology, 
ML models forecast acute kidney injury (AKI) from electronic health records. They are increasingly used to predict 
chronic kidney disease (CKD) progression and rapid decline in estimated glomerular filtration rate (eGFR).32,33 In 
respiratory disease, exacerbation-prediction algorithms for chronic obstructive pulmonary disease (COPD) are being 
tested alongside telemonitoring platforms.34 Within sleep medicine, ML enables automatic sleep-stage scoring from 
electroencephalography (EEG) and supports insomnia screening using electronic medical records (EMRs), smartphone- 
based digital phenotypes, and wearable actigraphy.35–37 Given the high co-occurrence of insomnia with chronic condi
tions and its impact on adherence, quality of life, and utilization, evaluating ML for early identification of insomnia 
among patients with chronic diseases is timely and clinically meaningful.

Numerous studies have evaluated risk factors for insomnia in the general population.2,38 However, potential 
determinants of insomnia among chronic disease patients have only been scarcely evaluated. Although traditional 
statistical models are useful for identifying associations, they have limitations in handling complex and non-linear 
relationships.39 Machine learning approaches can overcome these challenges by offering improved predictive perfor
mance and the ability to identify key predictors.40 In addition, the use of machine learning to develop algorithms that 
enable screening of patients to predict insomnia early is promising. While existing literature utilized machine learning to 
predict insomnia,41–43 few studies have assessed this aspect among chronic disease patients. Similarly, in the context of 
Bangladesh, there is limited evidence regarding insomnia prevalence and its risk factors among individuals with chronic 
conditions. Machine learning approaches have been used in general population in Bangladesh,41 but not among chronic 

https://doi.org/10.2147/NSS.S547335                                                                                                                                                                                                                                                                                                                                                                                                                                                                  Nature and Science of Sleep 2025:17 2542

Das et al                                                                                                                                                                      

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



disease patients. This study aims to address these gaps by comprehensively analyzing the prevalence and various types of 
factors impacting insomnia rates among chronic disease patients in Bangladesh and performing an exploration of the 
feasibility to predict insomnia in such patients using machine learning approaches.

Methods
Study Design and Participants
A cross-sectional survey study was conducted from 21 May 2024 to 10 November 2024 among individuals who were 
identified as suffering from a chronic illness. The types of chronic diseases included in the study are: respiratory, 
gastrointestinal, urinary tract, dermatological, reproductive, musculoskeletal, endocrine, cardiovascular, hematological, 
neurological, and other disorders. Data from patients were collected from the Hamdard General Hospital, Govt. Unani 
and Ayurvedic Medical College Hospital, Dhaka, and two outlets of Hamdard Laboratories Waqf Bangladesh, located in 
Dhaka and Chattogram, Bangladesh. Permission was obtained from the respective hospital and institutional authorities 
prior to the collection of data. A team of 8 research assistants, trained and supervised by a physician team leader, was 
assigned to collect data. Patients aged ≥18 years with a physician-diagnosed chronic disease of ≥3 months’ duration were 
eligible for inclusion. Acute conditions, non-physician-confirmed diagnoses, or chronic disease duration <3 months were 
excluded. Chronic diseases assessed included respiratory, gastrointestinal, urinary tract, dermatological, reproductive, 
musculoskeletal, endocrine, cardiovascular, hematological, neurological, and other disorders. A detailed breakdown of 
chronic disease categories is provided in Supplementary Table S1.

Sampling Strategy and Data Collection Procedure
A convenience sampling strategy was utilized to recruit the participants. A well-structured questionnaire was developed 
for the study. The participants were informed about the aims, objectives, potential benefits, and risks of the study. Data 
collection was done through face-to-face interviews. The responses were recorded in paper-based questionnaires. 
Subjects were also apprised of their right to withdraw from the survey at any moment. Upon obtaining informed consent, 
the questionnaires were distributed among the participants. After removing incomplete responses, 1,222 participants were 
included in the study for the final analysis, with almost 91% participation rate.

Measures
Sociodemographic Factors
Socio-demographic information was collected in the study, including age, gender, marital status, education, occupation, 
family type, permanent residence, body mass index (BMI), and monthly family income. The age of the participants was 
categorized into three groups: 18–30 years, 30–45 years and more than 45 years. Divorced and widowed participants 
were merged with single, with married being the other category for marital status. Monthly family income was classified 
based on percentiles into three categories: less than 25,000 BDT, 25,000–40,000 BDT, and over 40,000 BDT. The height 
and weight of the participants were measured using measuring tapes and weight machines at hospitals or outlets. BMI 
was calculated by dividing weight (kg) by height (m2), and then they were categorized into four groups: underweight 
15.0–18.49 kg/m2, normal weight 18.5–24.99 kg/m2, overweight 25.0–29.99 kg/m2, and obese ≥30 kg/m2.44

Lifestyle and Behavioral Factors
Lifestyle and behavioral factors in this study include cigarette smoking, smokeless tobacco use, alcohol consumption, 
substance use, physical activity, frequency of physical activity, watching TV, duration of watching TV, watching 
Facebook reels, duration of watching Facebook reels, watching YouTube videos, duration of watching YouTube videos, 
afternoon sleep, afternoon sleep duration, and nighttime sleep duration. Cigarette and smokeless tobacco status was 
assessed by asking if they used them during the past 30 days,45 whereas alcohol and substance use were determined for 
lifetime usage.46 Respondents were asked whether they engaged in sustained physical activity and, if so, how frequently 
to determine their physical activity status and its frequency, which was categorized as daily and weekly/monthly.47 The 
responses for watching TV, Facebook reels, and YouTube videos were dichotomous, whereas the watch time was 
continuous, which was categorized into under 120 minutes and over 120 minutes.47,48 Afternoon sleep duration was 
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classified in two groups: ≤60 minutes and >60 minutes.49 Nighttime sleep duration was classified into three categories: 
less than 7 hours (insufficient sleep), 7–9 hours (control), and over 9 hours (prolonged sleep).50

Chronic Diseases Related Variables
Patients with chronic illnesses, clinically diagnosed by licensed physicians, were included in this study. Chronic disease 
patients were asked about the onset of disease symptoms, and it was classified into: 18–25 years, 26–40 years, and >40 
years. Additionally, data regarding their family history of any chronic/genetic/hereditary disorders was also inquired 
about as a dichotomous response. Participants were also asked by the research team whether they had previously been 
diagnosed with any chronic diseases, including respiratory, gastrointestinal, urinary, dermatological, reproductive, 
musculoskeletal, endocrine, cardiovascular, hematological, neurological, and other chronic diseases. Other chronic 
disease categories included patients suffering from chronic insomnia, depression, malnutrition, dental disorders, and 
myopia. Chronic insomnia in this context refers to a sleep disturbance occurring at least 3 nights per week for at least 3 
months, clinically diagnosed by a physician.51 This is distinct from the insomnia outcome measured in this study using 
the Insomnia Severity Index-7 (ISI-7) scale, which captures the insomnia symptoms within the past two weeks as 
reported by the participants.52 A more detailed description of the list of chronic diseases is provided in Supplementary 
Table S1.

Mental Health-Related Factors
Perceived need for mental healthcare among the patients was assessed by two questions: 1) “During the past 12 months, 
was there ever a time when you felt that you needed mental health care, whether or not you received it?” and 2) “To what 
extent do you feel your mental health care needs were met?”.53,54 The responses for the first item were dichotomous, 
whereas for the second item, the responses were “fully met”, “partially met”, and “unmet”. Partially met and unmet 
responses were merged and converted to “unmet”.

Insomnia
The Bangla Insomnia Severity Index (ISI-7) was utilized to assess the distribution of insomnia among the respondents.52 

The scale consists of 7 items that evaluate various aspects of sleep within the past two weeks (eg, “satisfaction/ 
dissatisfaction of current sleep pattern”). Responses were recorded in a 5-point Likert Scale, ranging from 0 (not at 
all) to 4 (extremely). The sum of all the items ranged from 0 to 28. A threshold of 8 or above was used to indicate 
insomnia. Moreover, the Cronbach’s alpha for the scale in the study was 0.921, indicating excellent internal consistency.

Machine Learning Models
K-Nearest Neighbors
To handle regression and classification problems, the K-Nearest Neighbors (KNN) approach employs locally estimated 
functions and postpones calculation until after classification. Using a majority vote from its k nearest neighbors where 
k is a small positive number, it determines which k training samples in the feature space are most similar to the object 
being categorized and allocates the class membership accordingly. When k equals 1, the item is placed in the nearest 
neighbor’s class.55

Random Forest
Building several decision trees during training, Random Forest (RF) is a well-liked ensemble learning method for 
regression and classification problems. It generates predictions by average (for regression) or majority voting (for 
classification) across all of the trees. This method aggregates the output of individual trees, reducing overfitting and 
improving generalization. By employing distinct segments of the training data, RFs increase prediction accuracy. This 
varied forest of trees thus yields a more accurate representation.56

Support Vector Machine
Support Vector Machine (SVM) is a powerful supervised learning method commonly used for regression and classifica
tion tasks. Finding the best hyperplane allows it to maximally split a dataset’s various class memberships. SVM increases 
classification accuracy by using the data points in the support vectors that are closest to the decision boundary. SVM 
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models non-linear decision boundaries by implicitly mapping inputs to a high-dimensional feature space via a kernel 
function and learning a maximum-margin hyperplane in that space. This makes it possible for SVM to manage intricate, 
non-linear decision boundaries.57

Gradient Boosting Algorithms: GBM and XGBoost
A refined version of Gradient Boosting Machines (GBM), XGBoost (eXtreme Gradient Boosting), is intended to increase 
speed and accuracy. The gradient boosting methods XGBoost and GBM both construct models in a sequential fashion, 
fixing mistakes in the models that came before them. A breakthrough in ensemble machine learning algorithms, XGBoost 
outperforms conventional approaches. By learning from past errors, it minimizes mistakes by facilitating the sequential 
development of decision trees.58 GBM is a powerful machine learning technique that sequentially adds weak learners, 
usually decision trees, to build a strong learner and uses gradient descent to minimize the loss function. GBMs are widely 
used in various industries due to their ability to handle complex, nonlinear data.59 XGBoost has advanced predictive 
modeling, surpassing the accuracy of its predecessors due to its methodical approach to speed and performance 
enhancement and its deft handling of large-scale data.58

Categorical Boosting
The modern machine learning technique known as Categorical Boosting (CatBoost) was created by Yandex. A gradient 
boosting algorithm called CatBoost was created especially to deal with categorical data effectively. It performs well with 
data that has been classified, especially when there is a high concentration of categorical variables. CatBoost reduces 
common problems with categorical data without requiring a lot of preprocessing by combining an advanced algorithmic 
technique with one-hot encoding to improve prediction accuracy and decrease overfitting. In contrast to conventional 
approaches that depend on One Hot encoding, CatBoost employs a method known as Ordered Boosting, which enhances 
model performance and lessens target leakage. This method is a useful tool for many applications, including recom
mendation systems and predictive modeling, because of its well-known scalability and effectiveness.60

Statistical Analysis
The data obtained through face-to-face interview were entered into Google Forms, which was subsequently exported into 
SPSS version 25 for statistical analysis. Descriptive and inferential statistics were used to analyze the data. The normality 
of the data was assessed using the Kolmogorov–Smirnov test (D = 0.386, p < 0.001) and histogram. Descriptive statistics 
for the study included frequency, mean, standard deviation, and percentage, while chi-square test and logistic regression 
were performed for inferential statistics. To control for potential confounders, multivariable logistic regression analysis, 
with a manual stepwise backward elimination technique was utilized. Variance Inflation Factors (VIF) and tolerance 
values were used to check multicollinearity among the study variables. A VIF cut-off <5 and tolerance >0.2 were 
considered, and no significant multicollinearity was observed. All the variables were included in the regression model at 
the first step, except for physical activity and duration of watching TV, Facebook reels, and YouTube videos, since these 
variables had a lower response rate. The model fitness was checked using the Hosmer and Lemeshow test (χ2 = 4.730, 
p = 0.786), indicating a good fit. A significance level of p < 0.05 with a 95% confidence interval was adopted for all 
statistical analyses.

Machine Learning Analysis
In this study, a comprehensive ML-based analysis was performed using Python to examine the predictive efficacy of 
machine learning models for identifying insomnia among patients with chronic diseases and to perform the analysis with 
the Google Colab environment. 80% of the dataset was used for training, and the remaining 20% was used for testing. 
The complete dataset was randomly partitioned into a training set (80%) and a test set (20%). The resulting dataset 
comprised 977 training entries (79.95%) and 245 test entries (20.05%). For modelling, the exported design matrices 
contained 1,147 training instances with 38 features and 287 test instances with 38 features. This analysis used the 
Synthetic Minority Over-sampling Technique (SMOTE) on the training data to alleviate the underrepresentation of the 
minority class and enhance model generalizability in light of the class imbalance in insomnia outcomes. The following 6 
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classifiers were assessed: K-Nearest Neighbors (KNN), Random Forest (RF), Support Vector Machine (SVM), Extreme 
Gradient Boosting (XGBoost), Gradient Boosting Machine (GBM), and Categorical Boosting (CatBoost). Distance- 
based (KNN), ensemble-based bagging (RF), margin-based (SVM), boosting approaches (GBM, XGBoost), and con
temporary gradient boosting with categorical handling (CatBoost) are some of the algorithmic paradigms that these 
models were chosen to address. To ensure robustness, each model was trained and assessed using 5-fold cross-validation. 
The final performance metrics were presented as the average of all 5-folds. The SHAP values from CatBoost and the 
Gini-based feature importance from XGBoost were used for feature selection in order to improve interpretability. This 
study used confusion matrices and ROC curves to evaluate the model’s performance. Figure 1 provides an overview of 
the end-to-end ML process, covering every stage from dataset curation to performance reporting. Plotting ROC, in 
particular, showed how well each model could differentiate between cases of insomnia and those that were not, while 
confusion matrices offered a thorough analysis of prediction results. A comprehensive comparison of classifiers is made 
possible by this multi-model, explainable, and reproducible technique, which also makes it easier to determine which 
model is best for early insomnia detection in populations with chronic disease.

Feature Selection
Feature selection was performed within the training folds to prevent information leakage. For each fold, CatBoost and 
XGBoost were trained on the training partition only, and feature importance was computed as CatBoost SHAP values 
and XGBoost Gain scores, respectively. SHAP values provide an interpretable, model-agnostic estimate of each feature’s 
contribution to prediction, while Gain reflects the relative improvement in model accuracy when a feature is used to split 
the data. Features were ranked per fold, z-normalized to harmonize scales, and stability selection was applied to improve 
robustness: a feature was considered stable if it appeared in the top-k ranks in ≥3 of 5 folds. The final subset of predictors 
was defined as the consensus intersection of CatBoost-stable and XGBoost-stable features, which reduced the initial 38 
predictors to 18. This subset was then fixed prior to evaluation on the held-out test set.

Ethical Considerations
The study was conducted in accordance with the principles outlined in the Declaration of Helsinki (1975 and its 2024 
amendment) to ensure adherence to ethical standards for research involving human participants. Ethical approval was 
obtained from the institutional review board at CHINTA Research Bangladesh (Reference: CHINTA/2024/04-05). All 
participants were informed about the aims, objectives, benefits, and procedures of the study prior to data collection. 

Figure 1 End-to-end machine learning workflow for insomnia prediction, from dataset preparation and preprocessing to model training, feature selection, and performance 
evaluation. 
Abbreviation: SD, Standard Deviation; CI, Confidence Interval; AUC-ROC, Area under the Receiver Operating Characteristic Curve; SMOTE, Synthetic Minority Over- 
sampling Technique; CV, Cross-Validation; KNN, K-Nearest Neighbors; RF, Random Forest; SVM, Support Vector Machine; GBM, Gradient Boosting Machines; XGBoost, 
eXtreme Gradient Boosting; CatBoost Categorical Boosting; SHAP=SHapley Additive exPlanations.
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Written informed consent was obtained from each participant, who were assured of their voluntary participation, data 
confidentiality, and their right to withdraw from the study at any time.

Results
Description of the Study Participants
Among the 1,222 participants included in the study, their mean age was 35.29 (± 12.87) years. The majority of the 
participants were male (66.4%), married (60.9%), from a nuclear family (79.7%), lived in urban areas (59.7%), and had 
at least a bachelor’s or higher-level education (53.2%). Regarding occupation, 31.6% were service holders, while the rest 
were unemployed (12.6%), businessperson (12.6%), housewives (20.1%), and others (23.1%). The mean BMI for the 
respondents was 23.86 (± 3.68) kg/m2, with most of them being in the (18.50–24.99) range (64.0%). 39.0% of the 
participants had a monthly family income in the range of (25,000–40,000) BDT.

Regarding lifestyle and behaviors, 33.0% had a smoking habit, whereas 18.7% used smokeless tobacco within the 
past 30 days. Only 4.2% and 6.7% of the patients consumed alcohol and substances in their lifetime. A significant 
proportion of the respondents reported that they did not participate in any physical activity for a significant duration 
(85.2%), while 14.8% did (76.8% daily and 23.2% weekly or monthly). TV, Facebook reels, and YouTube videos 
watching were reported by 41.5%, 62.9%, and 70.9% participants, respectively, while 54.4%, 56.0%, and 60.4% of the 
participants watched them ≥120 minutes per day. Almost one-third of the respondents (32.4%) napped during the 
afternoon, where 84.5% of the participants napped ≤60 minutes per day. In addition, only 24.0% of the participants 
reported 7–9 hours of nighttime sleep (Table 1).

The distribution of the types of chronic diseases includes respiratory disorders (10.9%), gastrointestinal disorders 
(23.8%), urinary disorders (4.6%), dermatological disorders (19.1%), reproductive disorder (10.8%), musculoskeletal 
disorders (9.2%), endocrine disorders (5.3%), cardiovascular and hematological disorders (8.3%), neurological disorders 
(3.1%), and other disorders (5.0%). 35.9% of the patients developed their chronic illness between the ages of 18 and 25, 

Table 1 Descriptions of Variables and Their Associations with Insomnia

Variables Total Sample, n (%) Insomnia, n (%) p-value

Age group

18-30 years 599, 49.0% 204, 34.1% <0.001

31-45 years 393, 32.2% 184, 46.8%

>45 years 230, 18.8% 117, 50.9%

Gender

Male 811, 66.4% 313, 38.6% 0.006

Female 411, 33.6% 192, 46.7%

Marital status

Married 744, 60.9% 332, 44.6% 0.003

Unmarried 478, 39.1% 173, 36.2%

Educational status

Primary 199, 16.3% 104, 52.3% 0.002

Secondary 373, 30.5% 154, 41.3%

Bachelor & above 650, 53.2% 247, 38.0%

(Continued)
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Table 1 (Continued). 

Variables Total Sample, n (%) Insomnia, n (%) p-value

BMI

15.00–18.49 59, 4.8% 15, 25.4% 0.057

18.50–24.99 782, 64.0% 333, 42.6%

25.00–30.00 314, 25.7% 126, 40.1%

>30.00 67, 5.5% 31, 46.3%

Occupation

Unemployed 154, 12.6% 59, 38.3% 0.151

Service holder 386, 31.6% 148, 38.3%

Businessperson 154, 12.6% 71, 46.1%

Housewife 246, 20.1% 115, 46.7%

Others 282, 23.1% 112, 39.7%

Family type

Nuclear 974, 79.7% 367, 37.7% <0.001

Joint 248, 20.3% 138, 55.6%

Monthly family income (BDT)

<25,000 271, 22.2% 101, 37.3% 0.053

25,000-40,000 476, 39.0% 188, 39.5%

>40,000 475, 38.9% 216, 45.5%

Residence

Rural 492, 40.3% 153, 31.1% <0.001

Urban 730, 59.7% 352, 48.2%

Lifestyle and behavior-related variables

Cigarette smoking status

No 819, 67.0% 316, 38.6% 0.006

Yes 403, 33.0% 189, 46.9%

Smokeless tobacco status

No 993, 81.3% 372, 37.5% <0.001

Yes 229, 18.7% 133, 58.1%

Alcoholic drink status

No 1171, 95.8% 479, 40.9% 0.153

Yes 51, 4.2% 26, 51.0%

(Continued)
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Table 1 (Continued). 

Variables Total Sample, n (%) Insomnia, n (%) p-value

Substance use status

No 1140, 93.3% 452, 39.6% <0.001

Yes 82, 6.7% 53, 64.6%

Physical activity status

No 1041, 85.2% 453, 43.5% <0.001

Yes 181, 14.8% 52, 28.7%

Physical activity frequency

Daily 139, 76.8% 39, 28.1% 0.716

Weekly & monthly 42, 23.2% 13, 31.0%

Watching TV

No 715, 58.5% 264, 36.9% <0.001

Yes 507, 41.5% 241, 47.5%

Duration of watching TV

<120 minutes 231, 45.6% 110, 47.6% 0.972

≥120 minutes 276, 54.4% 131, 47.5%

Watching Facebook reels

No 453, 37.1% 195, 43.0% 0.348

Yes 769, 62.9% 310, 40.3%

Duration of watching Facebook reels

<120 minutes 338, 44.0% 119, 35.2% 0.011

≥120 minutes 431, 56.0% 191, 44.3%

Watching YouTube videos

No 355, 29.1% 139, 39.2% 0.324

Yes 867, 70.9% 366, 42.2%

Duration of watching YouTube videos

<120 minutes 343, 39.6% 118, 34.4% <0.001

≥120 minutes 524, 60.4% 248, 47.3%

Afternoon sleep

No 826, 67.6% 313, 37.9% <0.001

Yes 396, 32.4% 192, 48.5%

Afternoon sleep duration

≤60 minutes 1032, 84.5% 400, 38.8% <0.001

>60 minutes 190, 15.5% 105, 55.3%

(Continued)
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Table 1 (Continued). 

Variables Total Sample, n (%) Insomnia, n (%) p-value

Nighttime sleep duration

<7 hours 921, 75.4% 445, 48.3% <0.001f

7-9 hours 293, 24.0% 57, 19.5%

>9 hours 7, 0.6% 3, 42.9%

Chronic disease-related variables

Onset of chronic diseases

18-25 years 439, 35.9% 142, 32.3% <0.001

26-40 years 482, 39.4% 206, 42.7%

>40 years 301, 24.6% 157, 52.2%

Family history of chronic/genetic/hereditary disorders

No 993, 81.3% 394, 39.7% 0.015

Yes 239, 18.7% 111, 48.5%

Presence of respiratory diseases

No 1089 (89.1%) 462 (42.4%) 0.026

Yes 133 (10.9%) 43 (32.3%)

Presence of gastrointestinal diseases

No 931 (76.2%) 388 (41.7%) 0.657

Yes 291 (23.8%) 117 (40.2%)

Presence of urinary diseases

No 1166 (95.4%) 494 (42.4%) 0.001

Yes 56 (4.6%) 11 (19.6%)

Presence of dermatological diseases

No 989 (80.9%) 419 (42.4%) 0.128

Yes 233 (19.1%) 86 (36.9%)

Presence of reproductive diseases

No 1090 (89.2%) 433 (39.7%) 0.001

Yes 132 (10.8%) 72 (54.5%)

Presence of musculoskeletal diseases

No 1110 (90.8%) 450 (40.5%) 0.079

Yes 112 (9.2%) 55 (49.1%)

Presence of endocrine diseases

No 1157 (94.7%) 482 (41.7%) 0.317

Yes 65 (5.3%) 23 (35.4%)

(Continued)
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while 39.4% and 24.6% of the participants had the disease onset during the 26–40 years and >40 years age range. The 
majority of the patients had no family history of chronic/genetic/hereditary diseases or disorders (81.3%). Moreover, the 
prevalence of insomnia among the participants was 41.3%, with higher prevalence in women (46.7%), older adults (>45 
years) (50.9%), married (44.6%), those with only primary level education (52.3%), those belonging to joint family 
(55.6%), and those living in urban regions (48.2%). Most of the participants did not perceive the need for mental health 
support (72.5%). 85.9% reported that their need for mental healthcare was unmet, whereas 14.1% had their need fully 
met (Table 1).

Association of Study Variables with Insomnia
Several socio-demographic factors were associated with insomnia. As mentioned above, age was linked to insomnia, with older 
patients displaying increased risk (χ2 = 26.584, p < 0.001). Females reported higher insomnia rates than males (χ2 = 7.419, 
p = 0.006). Insomnia was more frequent among married participants compared to those who were single (χ2 = 8.532, p = 0.003). 
Furthermore, education status (χ2 = 12.780, p = 0.002) and family type (χ2 = 26.312, p < 0.001) were associated with insomnia. 
Patients with higher monthly family income had a higher frequency of insomnia, although the difference was not statistically 
significant (χ2 = 5.867, p = 0.053), and those residing in urban settings demonstrated a higher prevalence of insomnia than 
participants living in rural locations (χ2 = 35.534, p < 0.001).

Smokers had a higher frequency of insomnia (χ2 = 7.701, p = 0.006), and similarly, this increased risk applied to those 
using smokeless tobacco (χ2 = 32.619, p < 0.001) and those reporting substance use (χ2 = 10.694, p < 0.001). Participants 
who did not engage in physical activity were more likely to report insomnia (χ2 = 13.904, p < 0.001). Regularly watching 

Table 1 (Continued). 

Variables Total Sample, n (%) Insomnia, n (%) p-value

Presence of cardiovascular and hematological diseases

No 1121 (91.7%) 467 (41.7%) 0.430

Yes 101 (8.3%) 38 (37.6%)

Presence of neurological diseases

No 1184 (96.9%) 486 (41.0%) 0.270

Yes 38 (3.1%) 19 (50.0%)

Presence of other chronic diseases

No 1161 (95.0%) 464 (40.0%) <0.001

Yes 61 (5.0%) 41 (67.2%)

Mental health-related variables

Perceived need for mental healthcare needs

No 886, 72.5% 402, 45.4% <0.001

Yes 336, 27.5% 103, 30.7%

Fulfillment of mental healthcare needs

Unmet 1050, 85.9% 488, 46.5% <0.001

Fully met 172, 14.1% 17, 9.9%

Notes: Chi-square test was used to assess associations between variables and insomnia. 
Values are presented as n (%). Statistically significant results (p < 0.05) are shown in bold. f, 
Fisher’s exact test was used due to small cell counts. 
Abbreviations: BDT, Bangladeshi Taka.
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TV (χ2 = 13.776, p < 0.001), Facebook reels (χ2 = 6.532, p = 0.011), and YouTube videos (χ2 = 14.199, p < 0.001) were 
all associated with increased risk of insomnia. Individuals who routinely napped (χ2 = 12.383, p < 0.001) or slept during 
the day for more than 60 minutes (χ2 = 18.024, p < 0.001) had a higher prevalence of insomnia. Furthermore, nighttime 
sleep duration was also significantly associated with insomnia (p < 0.001).

Insomnia was associated with the onset of chronic disease (χ2 = 29.565, p < 0.001) and with a family history of disease 
(χ2 = 5.935, p = 0.015). Surprisingly, patients with respiratory (χ2 = 4.980, p = 0.026) and urinary disorders (χ2 = 11.380, 
p = 0.001) had a lower prevalence of insomnia compared to their counterparts. Conversely, reproductive (χ2 = 10.666, 
p = 0.001) and other chronic disease patients (χ2 = 17.745, p < 0.001) reported higher rates of insomnia. Moreover, those 
who did not report a perceived need for mental healthcare (χ2 = 21.763, p < 0.001) and those with unmet mental healthcare 
needs (χ2 = 81.613, p < 0.001) experienced insomnia more than their counterparts (Table 1).

Factors Associated with Insomnia
An adjusted logistic regression model was constructed for insomnia utilizing backward elimination method, which 
explained 29.7% of the variance. Female patients had a 1.71 times higher occurrence of insomnia compared to males. 
Participants belonging to joint families suffered 1.73 times more from insomnia compared to those from nuclear families. 
Additionally, urban dwellers were more likely to suffer from insomnia than rural residents (AOR = 1.59, 95% CI = 
1.19–2.13, p = 0.002).

Patients who used smokeless tobacco had 1.73 times higher odds of having insomnia than those who did not. 
Similarly, substance users had a 2.66 times higher likelihood of having insomnia than non-users. Conversely, sustained 
physical activity has a protective effect on insomnia among chronic disease patients (AOR = 0.66, 95% CI = 0.44–0.97, 
p = 0.033). Respondents who slept more than 60 minutes per day were 1.70 times more likely to suffer from insomnia 
compared to their counterparts. Moreover, those with 7–9 hours of nighttime sleep had a lower prevalence of insomnia 
compared to those below 7 hours (AOR = 0.41, 95% CI = 0.29–0.58, p < 0.001).

Participants diagnosed with chronic illness at 26–40 years of age and over 40 years of age were 1.45 and 2.17 times 
more likely to experience insomnia compared to those diagnosed at the ages of 18 to 25 years. Participants suffering from 
urinary disorders were less likely to report insomnia (AOR = 0.27, 95% CI = 0.13–0.54, p < 0.001), whereas those with 
other chronic diseases had 3.19 times higher rates of insomnia. Respondents whose mental healthcare needs were fully 
met were observed to have lower odds of developing insomnia (AOR = 0.12, 95% CI = 0.07–0.21, p < 0.001) (Table 2).

Table 2 Multivariable Logistic Regression 
Analysis of Factors Associated with 
Insomnia

Variables Insomnia

AOR (95% CI) p-value

Sociodemographic variables

Gender

Male Reference -

Female 1.71 (1.29–2.28) <0.001

Family type

Nuclear Reference -

Joint 1.73 (1.25–2.39) 0.001

(Continued)
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Table 2 (Continued). 

Variables Insomnia

AOR (95% CI) p-value

Monthly family income (BDT)

<25000 Reference -

25,000-40,000 0.83 (0.58–1.19) 0.306

>40,000 1.27 (0.87–1.86) 0.223

Residence

Rural Reference -

Urban 1.59 (1.19–2.13) 0.002

Lifestyle and behavior-related variables

Smokeless tobacco status

No Reference -

Yes 1.73 (1.22–2.45) 0.002

Substance use status

No Reference -

Yes 2.66 (1.51–4.66) 0.001

Physical activity status

No Reference -

Yes 0.66 (0.44–0.97) 0.033

Afternoon sleep duration

≤60 minutes Reference -

>60 minutes 1.70 (1.19–2.44) 0.004

Nighttime sleep duration

<7 hours Reference -

7-9 hours 0.41 (0.29–0.58) <0.001

>9 hours 1.06 (0.19–5.87) 0.951

Chronic disease-related variables

Onset of chronic diseases

18-25 years Reference -

26-40 years 1.45 (1.07–1.97) 0.017

>40 years 2.17 (1.51–3.12) <0.001

Presence of urinary diseases

No Reference -

Yes 0.27 (0.13–0.54) <0.001

(Continued)
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Evaluation of Machine Learning Model Performances
Feature Selection
The stability-based feature selection procedure reduced the original 38 predictors to 18 stable features that were retained 
for final model training. Analysis using CatBoost SHAP values (Figure 2) and XGBoost Gain scores (Figure 3) 
consistently ranked fulfillment of mental healthcare needs as the most influential predictor of insomnia. This variable 
showed the highest SHAP impact and achieved the largest Gain value (9.28), indicating that participants with unmet 
mental healthcare needs were much more likely to be classified as having insomnia. Nighttime sleep duration emerged as 
the second most important feature across both approaches (Gain = 3.78), underscoring the central role of sleep behavior 
in differentiating between insomnia and non-insomnia cases.

Several other predictors demonstrated moderate contributions to the models. These included residence, family type, 
afternoon sleep duration, smokeless tobacco use, substance use status, and onset of chronic diseases. These factors 
appeared consistently in both SHAP and Gain rankings, suggesting that lifestyle, environmental, and clinical background 
variables provided additional, though comparatively smaller, predictive value. By contrast, some variables contributed 
minimally to model performance. In particular, monthly family income (Gain = 1.39) and family history of chronic/ 
genetic disorders ranked lowest across both models, suggesting that traditional sociodemographic and hereditary factors 
were less relevant in predicting insomnia risk in this chronic disease cohort.

Overall, the high concordance between CatBoost SHAP values and XGBoost Gain scores strengthens the robustness 
of the feature selection process. Together, the results indicate that the prediction of insomnia in patients with chronic 
disease is primarily driven by unmet mental healthcare needs and sleep-related behaviors, supplemented by certain 
lifestyle and health history factors, while purely sociodemographic and hereditary characteristics played only a minor 
role.

Machine Learning Evaluations
Table 3 summarizes the per-fold performance (5-fold CV) of 6 machine learning models for identifying insomnia in 
patients with chronic disease. Across five folds, the strongest single-fold results occur on Fold-3: Across the five folds, 
model discrimination and error rates varied, with the strongest single-fold performance observed in Fold 3. CatBoost 
attained the highest (AUC 0.8073, log loss 0.5237), SVM reached the top accuracy (0.7500) and F1 (0.7429) with AUC 
0.8039, and RF recorded AUC 0.8007 with low log loss 0.5361. CatBoost and SVM remained consistently strong across 
folds (CatBoost AUC 0.7508–0.8073; SVM 0.7394–0.8039), while RF was comparably competitive (AUC up to 0.8007 

Table 2 (Continued). 

Variables Insomnia

AOR (95% CI) p-value

Presence of other chronic diseases

No Reference -

Yes 3.19 (1.74–5.82) <0.001

Mental health-related variables

Mental healthcare needs

Unmet Reference -

Fully met 0.12 (0.07–0.21) <0.001

Notes: Adjusted odds ratios (AORs) with 95% confi
dence intervals (CIs) were obtained from multivariable 
logistic regression models. Statistically significant results 
(p < 0.05) are shown in bold. 
Abbreviations: BDT, Bangladeshi Taka; AOR, Adjusted 
Odds Ratio; CI, Confidence Interval.
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and log loss 0.5361–0.5931). GBM performed moderately (AUC 0.7241–0.7947), and XGBoost showed mixed calibra
tion with higher log loss in some folds (0.8141, 0.8438) despite solid AUCs (0.7094–0.7999). KNN was consistently 
weaker (AUC 0.6658–0.7331) and exhibited the largest log losses (1.3775–2.3580). Sensitivity and specificity values 
were also calculated from each fold’s confusion matrix and are reported in Table 3 and Table 4, enabling a fuller 
assessment of classification balance between positive and negative cases. Overall, boosted trees (CatBoost, RF) and SVM 
delivered the best fold-wise performance in both discrimination and log loss errors.

Table 4 summarizes the average classification performance (mean, standard deviation, and 95% confidence interval) 
of 6 machine learning models for identifying insomnia in patients with chronic disease. Among all classifiers, CatBoost 
delivered the strongest and most stable results across metrics, achieving the highest mean AUC (0.7727 ± 0.0194; 95% 
CI: 0.7458–0.7996) and the lowest Log Loss (0.5623 ± 0.0245; 95% CI: 0.5283–0.5962), while also matching RF for the 
top accuracy (both at 0.7169) and yielding the highest F1-score (0.7123 ± 0.0143). SVM and RF followed closely on 
discrimination (AUC = 0.7650 ± 0.0230 and 0.7615 ± 0.0228, respectively) with comparably low log losses (0.5696 and 
0.5713). GBM and XGBoost performed moderately (AUC = 0.7575 and 0.7469, respectively), whereas KNN lagged with 
lower discrimination (AUC = 0.6902) and substantially higher log loss (1.8698 ± 0.3270). Variability across folds was 
generally small for the tree-based ensembles (eg, CatBoost AUC SD = 0.0194; RF ACC SD = 0.0081), indicating 

Figure 2 SHAP summary plot for CatBoost. Each point shows a feature’s contribution to insomnia risk (x-axis). Color reflects feature value (red = high, blue = low). 
Abbreviations: SHAP, SHapley Additive exPlanations; BDT, Bangladeshi Taka.
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consistent behavior across partitions. Pairwise comparisons of AUC across the folds revealed that CatBoost significantly 
outperformed KNN (p < 0.01) and XGBoost (p < 0.05), while its differences with SVM and RF were not statistically 
significant. Although 95% CIs overlapped, these tests indicate practical advantages for CatBoost. In summary, tree-based 
ensemble models, especially CatBoost, showed improved efficacy in detecting cases of insomnia.

Confusion Matrics
Figure 4 displays the confusion matrices for all 6 machine learning models applied to the insomnia classification task. 
The efficacy of each model in distinguishing between no insomnia and insomnia cases is clearly compared in these 
matrices. The KNN model demonstrated moderate classification ability, correctly distinguishing 108 no-insomnia and 48 
insomnia cases, but also misclassified 37 and 52 instances, respectively. For example, the KNN model achieved 
sensitivity of 60% and specificity of 66%, reflecting its weaker classification balance. RF demonstrated better perfor
mance, with a higher number of correct predictions for both classes (117 non-insomnia and 51 insomnia), indicating 
a stronger balance. SVM had the lowest number of false positives (23), which emphasizes its conservative prediction 
strategy, with 52 correctly classified insomnia cases. GBM, XGBoost, and CatBoost all demonstrated consistent results, 
with GBM correctly predicting 56 insomnia cases and 115 non-insomnia cases, while CatBoost marginally outperformed 

Figure 3 Feature importance ranking (XGBoost Gain). Top 20 predictors of insomnia are shown, with bar length indicating contribution to model accuracy. 
Abbreviations: XGBoost, eXtreme Gradient Boosting; BDT, Bangladeshi Taka.
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Table 3 Per-Fold Performance (5-Fold Cross-Validation) of Different Machine 
Learning Models for Insomnia Classification

Model Fold Accuracy Precision F1 Score Log Loss AUC

KNN 1 0.6571 0.6535 0.6546 2.3580 0.6788

2 0.6653 0.6616 0.6606 1.9676 0.6728

3 0.6721 0.6694 0.6700 1.6813 0.7006

4 0.7008 0.6970 0.6969 1.3775 0.7331

5 0.6311 0.6311 0.6311 1.9646 0.6658

RF 1 0.7061 0.7024 0.6993 0.5810 0.7363

2 0.7184 0.7166 0.7147 0.5747 0.7621

3 0.7254 0.7262 0.7176 0.5361 0.8007

4 0.7254 0.7246 0.7168 0.5716 0.7670

5 0.7090 0.7068 0.7076 0.5931 0.7415

SVM 1 0.7102 0.7077 0.7010 0.5619 0.7732

2 0.6898 0.6895 0.6800 0.5837 0.7450

3 0.7500 0.7529 0.7429 0.5370 0.8039

4 0.7377 0.7376 0.7299 0.5677 0.7635

5 0.6926 0.6881 0.6889 0.5978 0.7394

GBM 1 0.6980 0.6938 0.6935 0.5656 0.7612

2 0.6816 0.6786 0.6771 0.5793 0.7584

3 0.7172 0.7151 0.7125 0.5373 0.7947

4 0.6598 0.6538 0.6535 0.5996 0.7241

5 0.6680 0.6741 0.6702 0.5978 0.7492

XGBoost 1 0.6694 0.6656 0.6666 0.8141 0.7094

2 0.6816 0.6786 0.6771 0.6712 0.7531

3 0.7172 0.7150 0.7151 0.6124 0.7999

4 0.7172 0.7142 0.7142 0.7154 0.7540

5 0.6639 0.6759 0.6671 0.8438 0.7179

CatBoost 1 0.6980 0.6936 0.6918 0.5735 0.7586

2 0.7184 0.7164 0.7153 0.5575 0.7715

3 0.7254 0.7234 0.7216 0.5237 0.8073

4 0.7418 0.7449 0.7317 0.5577 0.7753

5 0.7008 0.7014 0.7011 0.5989 0.7508

Notes: Performance of six machine learning models for insomnia classification across five folds of 
cross-validation. Best-performing values per model are shown in bold. 
Abbreviations: AUC, Area Under the Curve; KNN, K-Nearest Neighbors; RF, Random Forest; 
SVM, Support Vector Machine; GBM, Gradient Boosting Machine; XGBoost, eXtreme Gradient 
Boosting; CatBoost, Categorical Boosting.
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Table 4 Average Performance Metrics Across Folds (5-Fold Cross-Validation) of Different Machine Learning Models for Insomnia Classification

Model Accuracy (Mean ± SD [95% CI]) Precision (Mean ± SD [95% CI]) F1 Score (Mean ± SD [95% CI]) Log Loss (Mean ± SD [95% CI]) AUC (Mean ± SD [95% CI])

KNN 0.6653 ± 0.0225 [0.6340, 0.6966] 0.6625 ± 0.0215 [0.6327, 0.6923] 0.6626 ± 0.0214 [0.6329, 0.6923] 1.8698 ± 0.3270 [1.4158, 2.3238] 0.6902 ± 0.0244 [0.6563, 0.7241]

RF 0.7169 ± 0.0081 [0.7057, 0.7281] 0.7153 ± 0.0095 [0.7022, 0.7284] 0.7112 ± 0.0069 [0.7016, 0.7208] 0.5713 ± 0.0191 [0.5448, 0.5978] 0.7615 ± 0.0228 [0.7298, 0.7932]

SVM 0.7161 ± 0.0241 [0.6827, 0.7495] 0.7152 ± 0.0260 [0.6791, 0.7512] 0.7086 ± 0.0241 [0.6752, 0.7419] 0.5696 ± 0.0206 [0.5410, 0.5982] 0.7650 ± 0.0230 [0.7331, 0.7969]

GBM 0.6849 ± 0.0207 [0.6562, 0.7136] 0.6831 ± 0.0205 [0.6546, 0.7115] 0.6814 ± 0.0202 [0.6533, 0.7094] 0.5759 ± 0.0230 [0.5440, 0.6079] 0.7575 ± 0.0227 [0.7260, 0.7891]

XGBoost 0.6899 ± 0.0230 [0.6579, 0.7219] 0.6898 ± 0.0207 [0.6611, 0.7185] 0.6880 ± 0.0221 [0.6574, 0.7187] 0.7314 ± 0.0866 [0.6111, 0.8517] 0.7469 ± 0.0321 [0.7024, 0.7914]

CatBoost 0.7169 ± 0.0162 [0.6944, 0.7394] 0.7160 ± 0.0179 [0.6910, 0.7409] 0.7123 ± 0.0143 [0.6925, 0.7321] 0.5623 ± 0.0245 [0.5283, 0.5962] 0.7727 ± 0.0194 [0.7458, 0.7996]

Notes: Mean performance metrics with standard deviation (SD) and 95% confidence intervals (CI) across 5-fold cross-validation. Best-performing results per column are shown in bold. 
Abbreviations: SD, Standard Deviation; CI, Confidence Interval; AUC, Area Under the Curve; KNN, K-Nearest Neighbors; RF, Random Forest; SVM, Support Vector Machine; GBM, Gradient Boosting Machine; XGBoost, eXtreme 
Gradient Boosting; CatBoost, Categorical Boosting.
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with 117 correct non-insomnia and 53 insomnia predictions (sensitivity 74%, specificity 70%). Overall, ensemble models 
such as RF, SVM, and CatBoost showed stronger predictive ability, particularly for the insomnia class.

ROC Curve
Figure 5 shows the ROC curves of 6 machine learning models used to categorize insomnia in patients with 
chronic disease. The capacity of each model to differentiate between cases of insomnia and non-insomnia across 
all threshold levels is assessed using the ROC Curve. CatBoost and SVM show the strongest discrimination with 
AUCs of 0.77 (95% CI 0.74–0.80) and 0.77 (95% CI 0.74–0.79), respectively, followed closely by RF at 0.76 
(95% CI 0.73–0.79). GBM and XGBoost perform comparably (0.75, 95% CI 0.73–0.78 and 0.72–0.77). KNN 
trails with an AUC of 0.69 (95% CI 0.66–0.72). At the optimal Youden index threshold, CatBoost achieved 
sensitivity of 74% and specificity of 70%, while SVM achieved sensitivity of 72% and specificity of 71%, 
substantially outperforming KNN (sensitivity 60%, specificity 66%). The curves for the tree-based ensembles and 
SVM lie closer to the upper-left region across the FPR range, indicating higher sensitivity at fixed false-positive 
rates compared with KNN. Although CIs overlapped, CatBoost consistently showed superior calibration and 
discrimination across folds.

Figure 4 Confusion matrices of six machine learning models (KNN, RF, SVM, GBM, XGBoost, CatBoost). Numbers represent true positives, false positives, true negatives, 
and false negatives for insomnia classification. 
Abbreviations: KNN, K-Nearest Neighbors; RF, Random Forest; SVM, Support Vector Machine; GBM, Gradient Boosting Machine; XGBoost, eXtreme Gradient Boosting.
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Discussion
The present study has comprehensively analyzed the prevalence and associated factors of insomnia among patients 
suffering from chronic diseases in Bangladesh. An elevated (41.3%) prevalence of insomnia was detected among these 
patients, and several socio-demographic, lifestyle and behavior, chronic disease, and mental health-related factors were 
significantly associated with the presence of insomnia. Female gender, belonging to joint family, urban residence, 
smokeless tobacco and substance use, physical inactivity, longer afternoon napping, short nighttime sleep duration 
(<7 hours), later onset of chronic disease (>40 years of age), non-urinary disease patients, other chronic disease patients, 
and unmet needs for mental healthcare were all significant predictors associated with insomnia. In addition, machine 
learning models exploring this dataset enabled the delineation of performant algorithms with predictive ability among 
patients suffering from chronic diseases. Thus, these findings should assist in developing evidence-based policies and 
interventions in preventing insomnia specific to people suffering from long-term illnesses. Importantly, the observed 
associations point toward potentially modifiable mechanisms—such as unmet mental healthcare needs leading to 
heightened stress reactivity, or lifestyle behaviors (tobacco, substance use, inactivity) contributing to circadian disrup
tion—that can be targeted in interventions.

The prevalence of insomnia in our cohort is in line with the findings of an Ethiopian study during the pandemic 
period, where a 39.3% prevalence of insomnia was reported among patients with pre-existing chronic non-communicable 
diseases.61 A slightly lower rate of chronic insomnia (33.0%) was observed in a study among Indian adult patients. 
However, insomnia was more frequent among patients with comorbidities such as diabetes (50%), hypertension (37%), 
asthma (35%), heart disease (50%), and kidney disease (67%).23 Worldwide systematic reviews and meta-analyses 
revealed that insomnia was a frequent occurrence among patients with obstructive sleep apnea (38%),62 chronic kidney 
disease (45%),63 and chronic obstructive pulmonary disease (38.8%).64 These figures contrast with the prevalence of 
insomnia in the general population (22.0%)65 highlighting the increased vulnerability of chronic disease patients to 
insomnia.

Figure 5 ROC curves of six machine learning models with 95% CIs. AUC values indicate discrimination, with CatBoost and SVM performing best. 
Abbreviations: ROC, Receiver Operating Characteristic; AUC, Area Under the Curve; CI, Confidence Interval; KNN, K-Nearest Neighbors; RF, Random Forest; SVM, 
Support Vector Machine; GBM, Gradient Boosting Machine; XGBoost, eXtreme Gradient Boosting.
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Various factors were significantly associated with insomnia. Gender differences in insomnia are consistently 
reported,65 and our findings are no exception. The higher prevalence of insomnia among female patients might be due 
to their higher vulnerability to some chronic diseases, such as rheumatoid arthritis66 and systemic lupus erythematosus.67 

Moreover, females in Bangladesh with diabetes mellitus were also more likely to suffer from depression.68 Hormonal 
variation during menstruation, pregnancy, and menopause, higher prevalence of mood disorders, adverse socio-economic 
factors, and gender discrimination have all been invoked as contributing factors that might hinder sleep quality in 
females.69 Unfortunately, our study design will not allow for the identification of putative gender-related contributions to 
the higher prevalence of insomnia in women among chronic illness patients. Nevertheless, the consistency of this pattern 
across diverse settings suggests that biological mechanisms (eg, hormonal fluctuations across the lifespan) interact with 
psychosocial stressors to produce a gendered vulnerability to insomnia.

Patients belonging to joint families had a higher occurrence of insomnia compared to those from nuclear families. 
A similar finding was found in an Indian study among urban West Bengal residents.70 This can be explained by 
individuals belonging to joint families suffering from frequent family conflicts and strained family relationships, 
which can impair sleep quality.71 Urban residents had a higher prevalence of insomnia compared to patients residing 
in rural regions. A similar observation was also found in a Bangladeshi study, which reported higher insomnia prevalence 
among people living in sub-district towns, district towns, and divisional towns compared to village dwellers.22 This 
regional disparity could stem from a lack of green spaces, reduced physical activity, concerns about job security, higher 
social stress, crime rate, and social isolation.72

Lifestyle and behavioral factors can significantly impact the frequency of insomnia. Smokeless tobacco and substance 
use were risk factors associated with insomnia in the study. Similarly, smokeless tobacco users in South Africa were 
observed to have 2.78 times higher odds of restless sleep.26 Moreover, an international study also found an association 
between substance use and insomnia.27 Addiction to various substances can disrupt the mesolimbic dopamine pathway, 
impairing sleep regulation while also impacting the circadian rhythms. Moreover, there might be a bidirectional 
association between substance use and sleep, where substance use can lead to insomnia, and insomnia, in turn, can 
increase the risk of relapse to substance use.73 Prolonged physical activity was associated with a lower prevalence of 
insomnia. Correspondingly, in the Taiwan National Health Interview Survey, a higher prevalence of insomnia among 
inactive participants was observed compared to the active group.74 Regular exercise can improve sleep quality by 
fostering melatonin production and facilitating sleep onset. Furthermore, post-exercise drop in body temperature can 
promote sleepiness and earlier onset of sleep.75

Daytime napping duration was a significant risk factor associated with insomnia, where more than an hour of sleep is 
linked with higher rates of insomnia. A Japanese nationwide survey also revealed an association between insomnia and 
high-frequency napping.76 Additionally, in a study among pregnant individuals with insomnia disorder, it was found that 
napping for a short duration might improve sleep efficacy, however, longer napping might disrupt nighttime sleep.77 

Similar observations were illustrated in a review article, where napping had a beneficial effect when the duration was 
shorter, but can have a detrimental impact if longer cumulative duration napping is adopted.78 Moreover, longer nap 
duration is linked with higher odds of cognitive frailty.79 This can lead to higher rates of insomnia, as cognitive frailty 
has a bidirectional relationship with insomnia.80

Additionally, 7–9 hours of nighttime sleep was observed to be associated with lower odds of insomnia compared to 
less than 7 hours of sleep. However, more than 9 hours of sleep did not have any significant association, indicating 
a diminishing beneficial impact. On a similar note, a study among Norwegian younger adults also found shorter average 
sleep duration among those with insomnia compared to those without insomnia disorder.81 Sleep duration can have 
a significant impact on mental health, with 7–8 hours emerging as desirable. Furthermore, aligning sleep time with the 
natural circadian rhythm can enhance daytime alertness and sleep quality, attributed to lower odds of insomnia.82 

Insufficient or excessive sleep duration is associated with declining cognition and mental health,83 leading to a higher 
prevalence of insomnia.

Participants in the study who had the onset of chronic illness in the later part of their life (>40 years) were suffering 
from insomnia more frequently than those with an earlier onset of their disease. A study among older Indian adults 
reported that late onset of chronic diseases such as hypertension, stroke, arthritis, and diabetes seemed to be at risk for 
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mental health. Moreover, late onset of chronic illnesses such as cancer and stroke is associated with physical inactivity.84 

Consequently, poor perceived mental health and physical inactivity can lead to poor sleep quality.74,85

Unexpectedly, participants with urinary disorders had a lower prevalence of insomnia in the present study. While this 
finding contradicts existing literature that associates urinary tract symptoms with increased sleep disruption,86 one 
possible explanation could involve medications used by the urinary disease patients. These may include anticholinergic 
drugs such as Oxybutynin,87 Tolterodine,88 and Solifenacin89,90 and alpha-blockers like Tamsulosin91 and Doxazosin,92 

which are often linked to the alleviation of sleep disturbances. However, further research is warranted to clarify such 
a contradictory finding. On the contrary, other chronic disease patients, which included chronic insomnia, depression, 
dental disorders, and myopia, were more likely to be susceptible to insomnia in the current study. This finding is expected 
since 88.5% of the other chronic disease patients were suffering from chronic insomnia. Besides, depression,93 

malnutrition,94 and dental disorders95 are also known to be associated with insomnia in the existing literature. 
Moreover, those whose mental healthcare needs were met exhibited a lower likelihood of insomnia. Similarly, partici
pants with sleep disorders like sleep apnea reported a higher frequency of unmet needs for mental healthcare.96 Mental 
healthcare, such as mind-body therapies, can improve both physical and mental well-being, which can explain enhanced 
sleep quality and reduced insomnia.97

This study adds to the increasing research that employed ML approaches to identify insomnia, especially in people 
with chronic disease. CatBoost achieved the highest discrimination (AUC~0.77 with narrow CIs) and competitive log 
loss across out-of-fold evaluations, consistent with our conclusion that it is the preferred model for insomnia classifica
tion. We sought to assess and compare the efficacy of a variety of ML models in the classification of insomnia. Accuracy, 
precision, F1 score, log loss, and area under the receiver operating characteristic curve (AUC-ROC) were improved by 
the use of ensemble-based models, particularly RF and CatBoost. These findings are consistent with earlier reports 
showing the effectiveness of ensemble approaches in the classification of sleep disorders. Kusmakar et.al reported that 
RF (accuracy: 80%) outperformed SVM (accuracy: 75%) in classifying chronic insomnia cases, underscoring the 
robustness of ensemble approaches in handling complex, imbalanced datasets.98 In another study by Rani et al (2022), 
SVM classifiers to separate people with chronic insomnia from healthy sleepers based on multi-night actigraphy data 
achieved 81% accuracy.99 Furthermore, as demonstrated by high SHAP values in CatBoost and gain values in XGBoost, 
feature importance analysis showed that factors associated with the fulfillment of mental healthcare needs and nighttime 
sleep duration were important predictors of insomnia. These findings concur with previous research findings that 
highlighted the significance of psychological factors and sleep habits in identifying insomnia. In contrast, characteristics 
such as monthly family income had lower significance ratings, indicating that they had less of an effect on model 
predictions in the study dataset. This alignment between explainable AI outputs and established psychosocial mechan
isms reinforces the biological plausibility of our findings.

Strengths and Limitations
A major strength of this study lies in its comprehensive analysis of the prevalence and determinants of insomnia among 
chronic disease patients in Bangladesh. The inclusion of a broad spectrum of factors—sociodemographic, lifestyle, 
behavioral, chronic disease-related, and mental health variables—enhances the study’s robustness and depth. The use of 
validated, established scales ensures high reliability and validity, while physician-confirmed diagnoses of chronic 
diseases further reinforce the credibility of the findings. Additionally, this study adopts a rigorous machine learning 
approach, employing a range of both conventional and ensemble models to allow for a thorough comparison of predictive 
performance. Class imbalance was systematically addressed through the application of SMOTE, and interpretability was 
strengthened by using advanced feature selection techniques such as XGBoost gain and CatBoost SHAP values. 
Comprehensive evaluation of model performance was achieved through multiple metrics and visualizations, including 
confusion matrices and ROC curves. Its ordered boosting and native handling of categorical/tabular features reduce 
overfitting and preprocessing burden, which likely explains its robustness on this study dataset.

Despite its strengths, this study has several limitations. The cross-sectional design restricts the ability to assess causal 
relationships and temporal dynamics of insomnia in the context of chronic disease. Given the recognized bidirectional 
relationship, some chronic diseases in our sample may have been influenced by pre-existing insomnia rather than the 
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other way around. This could introduce bias into the observed associations. Future longitudinal studies are needed to 
disentangle the causal pathways and clarify the temporal dynamics between chronic diseases and insomnia. The 
convenience sampling method may limit generalizability and introduce selection bias. As the study relied on self- 
reported data, questions that depend on the patients’ memory may be prone to recall bias. Participants may have 
underreported socially undesirable behaviors, such as substance use or poor sleep hygiene, or overreported socially 
desirable ones, such as physical activity or mental health care engagement. Additionally, the subjective nature of self- 
reported insomnia symptoms may have been influenced by personal perceptions and psychological states, which may 
affect accuracy. While SMOTE improved class balance in the ML models, synthetic samples may not perfectly represent 
the true distribution of the data. The study was conducted in selected hospitals within a specific region of Bangladesh, 
which may limit the generalizability of the findings to chronic disease patients in other regions and limit external 
validation of the study. Due to small sample sizes for many specific diseases, we categorized similar chronic diseases 
together to ensure adequate statistical power; as a result, we were unable to evaluate the individual contribution of each 
chronic disease to insomnia. Future studies should explore the impact of specific chronic diseases on the development of 
insomnia with a much larger and more regionally diverse dataset. Furthermore, the study focused on a selection of 
chronic diseases rather than all possible conditions, which may limit the applicability of the results to other groups. The 
absence of external validation also constrains the broader applicability of the findings. Important unmeasured confoun
ders, such as depression, anxiety, and stress, may have influenced the findings, as these factors might be partly attributed 
to relatively high prevalence of insomnia observed. Moreover, response bias cannot be ruled out, as individuals 
experiencing insomnia or related distress may have been more motivated to participate, potentially inflating prevalence 
estimates or distorting observed associations. Future research should employ longitudinal designs with randomized 
sampling and include a wider range of chronic illnesses and potential confounders to better elucidate causal pathways and 
enhance generalizability.

Conclusion and Recommendations
The present study extensively analyzed various factors associated with insomnia among individuals with chronic illness. 
A significant proportion of the participants were suffering from insomnia, which was associated with several factors like 
sociodemographic, lifestyle, behavioral, chronic disease, and mental health-related factors. Gender, family type, resi
dence, smokeless tobacco and substance use, physical activity, afternoon napping duration, nighttime sleep duration, 
onset of chronic disease, presence of urinary and other chronic diseases, and meeting mental healthcare needs were 
associated with insomnia. The findings of the study highlight the need for evidence-based screening and interventions for 
a vulnerable group of chronic disease patients, such as females, urban residents, and those with late chronic disease onset. 
Intervention strategies should prioritize substance cessation awareness programs, promotion of physical activity and 
healthy sleeping practices, and improved access to mental healthcare services. While the current findings seem to support 
the potential of ML techniques in developing screening algorithms, efforts utilizing larger longitudinal datasets aiming to 
improve generalizability and implementation of deep learning models to achieve improved performance are warranted. 
Notably, given the cross-sectional design and reliance on self-reported data, causal inferences cannot be drawn, and the 
results should be interpreted as associative. Future longitudinal studies with objective sleep assessments are recom
mended to validate these findings.
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