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ABSTRACT 

	Sleep disorders such as insomnia and obstructive sleep apnea have a significant impact on physical health, mental well-being, and overall quality of life. Early and accurate identification of these disorders is essential for effective intervention; however, traditional diagnostic approaches are often time-consuming and rely heavily on expert interpretation. In recent years, machine learning techniques have emerged as efficient tools for automated health condition analysis using lifestyle and physiological data.
This paper presents a comparative study of supervised and unsupervised machine learning techniques for sleep disorder identification using the Sleep Health and Lifestyle dataset, which consists of approximately 400 records with demographic, lifestyle, and health-related attributes. Supervised learning models including Logistic Regression, Random Forest, Gradient Boosting, XGBoost, and Multilayer Perceptron (MLP) are evaluated using accuracy, precision, recall, and F1-score. Hyperparameter optimization is performed using GridSearchCV to improve model generalization. In parallel, unsupervised clustering techniques such as K-Means and DBSCAN are applied to explore hidden patterns and natural groupings in sleep behaviour, with performance evaluated using silhouette scores and noise detection analysis.
Experimental results demonstrate that Gradient Boosting achieves the highest predictive performance, with test accuracy approaching 98% and cross-validation accuracy of 99.75%. Among unsupervised methods, DBSCAN outperforms K-Means by effectively identifying well-separated clusters and detecting outliers. The comparative analysis highlights that while unsupervised techniques are valuable for pattern discovery and exploratory analysis, supervised models provide superior predictive accuracy when labelled data is available. The proposed framework supports reliable, interpretable, and data-driven decision-making for automated sleep disorder detection in healthcare applications.
The paper utilizes the Sleep Health and Lifestyle dataset, which contains approximately 400 records with multiple demographic, lifestyle, and physiological attributes such as age, body mass index (BMI), sleep duration, physical activity level, heart rate, and stress indicators. These features capture important behavioural and health-related factors influencing sleep quality. The dataset classifies individuals into three categories of sleep conditions: Normal, Insomnia, and Sleep Apnea, enabling the development and evaluation of machine learning models for accurate sleep disorder prediction and pattern analysis.

The proposed research work is implemented using Python in the Jupyter Notebook environment on a standard computer (Intel Core processor, 8 GB RAM, Windows OS). Libraries including Pandas, NumPy, Scikit-learn, and Matplotlib are used for data processing, model development, and visualization. Future work will focus on larger datasets and wearable sensor data to enhance model robustness and applicability.
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1. INTRODUCTION

Sleep plays a critical role in maintaining physical health, cognitive performance, and emotional well-being. Persistent sleep disorders such as insomnia and obstructive sleep apnea (OSA) are associated with severe health consequences, including cardiovascular disease, metabolic disorders, reduced productivity, and impaired quality of life. According to recent global health studies, sleep-related disorders have shown a steady increase due to lifestyle changes, work-related stress, irregular sleep schedules, and increased screen exposure (H. Han et al., 2023, P. Hemrajani et al., 2023). Early detection and classification of sleep disorders are therefore essential for timely clinical intervention and preventive healthcare.

Traditional diagnosis of sleep disorders primarily relies on clinical assessments, patient self-reports, and polysomnography (PSG), which is widely regarded as the gold standard. Although highly reliable, PSG-based diagnosis is expensive, time-consuming, and requires specialized equipment and trained personnel, making it impractical for large-scale screening or continuous monitoring (H. W. Loh et al., 2020; J. L. Kelly et al., 2022). In addition, expert-driven diagnosis often involves subjective interpretation, which may lead to inconsistencies in clinical evaluation. These limitations have encouraged researchers to explore data-driven and automated approaches for sleep disorder identification.

In recent years, machine learning (ML) has gained significant attention in healthcare analytics due to its ability to analyse complex, high-dimensional data and uncover non-linear relationships among variables. Lifestyle and health datasets containing information such as sleep duration, physical activity, stress levels, cardiovascular parameters, and demographic attributes provide an opportunity to model sleep behaviour patterns effectively (W. Widyastuty, et al., 2024, G. Airlangga, 2024, H. K. Sari et al., 2025). Supervised machine learning techniques, including Logistic Regression, Random Forests, Gradient Boosting, and neural networks, have been widely applied to classify sleep disorders with promising accuracy (A. Taher et al., 2024, M. A. Rahman et al., 2025, T. Alshammari, 2024).

Despite the success of supervised learning approaches, their effectiveness heavily depends on the availability of labelled data, which may be limited, noisy, or costly to obtain in real-world healthcare scenarios. Moreover, supervised models primarily focus on predictive accuracy and often fail to explore the intrinsic structure or hidden patterns present within the data (H. Almutairi et al., 2023, L. Biedebach et al., 2025). This limitation highlights the importance of unsupervised learning techniques, such as clustering, which can group individuals based on similarities in sleep and lifestyle characteristics without relying on predefined labels.

Unsupervised clustering algorithms such as K-Means and Density-Based Spatial Clustering of Applications with Noise (DBSCAN) have been increasingly applied in healthcare analytics for pattern discovery, anomaly detection, and population stratification (K. Deng, 2024, L. Biedebach et al., 2025). While K-Means is effective for identifying spherical clusters, it requires prior knowledge of the number of clusters and is sensitive to noise. In contrast, DBSCAN can identify arbitrarily shaped clusters and detect outliers, making it suitable for heterogeneous health data (K. Deng, 2024). However, clustering results are often difficult to interpret clinically unless they are systematically compared with known diagnostic categories.
Recent studies emphasize the need for comparative frameworks that integrate both supervised and unsupervised learning techniques to achieve robust, interpretable, and scalable healthcare solutions (H. Almutairi et al., 2023, K. Soppari et al., 2025). By combining clustering-based pattern exploration with classification-based prediction, such frameworks can provide deeper insights into sleep behaviour while maintaining high diagnostic accuracy. Hyperparameter optimization techniques such as GridSearchCV further enhance model performance and generalization by systematically identifying optimal parameter configurations (M. A. Rahman et al., 2025,  K. Soppari et al., 2025).

Motivated by these challenges and opportunities, this paper presents a comprehensive comparative analysis of supervised and unsupervised machine learning techniques for sleep disorder identification using the Sleep Health and Lifestyle dataset. The proposed approach evaluates multiple classification models and clustering algorithms using standard performance metrics, cross-validation, and silhouette analysis. The study aims to highlight the strengths and limitations of each approach and to identify the most effective techniques for reliable and automated sleep disorder detection in healthcare applications.

1.1. REVIEW OF LITERATURE

Recent advancements in machine learning have significantly influenced sleep disorder analysis by enabling automated, scalable, and data-driven diagnostic systems. Researchers have increasingly focused on leveraging lifestyle, demographic, and physiological data to identify sleep disorders such as insomnia and obstructive sleep apnea without relying solely on costly clinical procedures (W. Widyastuty et al., 2024, G. Airlangga, 2024, M. A. Rahman et al., 2025).

Several studies have demonstrated the effectiveness of supervised machine learning models in sleep disorder classification. In (W. Widyastuty et al., 2024), the authors employed Logistic Regression, Random Forest, and Support Vector Machines on lifestyle-based sleep datasets and reported that ensemble-based models consistently outperformed linear classifiers in terms of accuracy and robustness.

Gradient Boosting-based models have gained considerable attention due to their strong    generalization capabilities. The work presented in (M. A. Rahman et al., 2025) applied boosting-based algorithms to sleep health datasets and achieved high classification accuracy.
Similarly, (T. Alshammari,, 2024) demonstrated that machine learning algorithms such as Random Forest and Gradient Boosting provide strong predictive performance in sleep disorder classification tasks.

Neural network-based approaches have also been explored for sleep disorder prediction. In (A. Kumar et al., 2025), machine learning models including neural networks were investigated for sleep disorder prediction using healthcare datasets.

While supervised learning dominates sleep disorder research, several studies have highlighted its limitations, particularly the dependency on labelled data. In real-world healthcare environments, obtaining accurate and complete labels is often challenging due to diagnostic ambiguity and reporting bias.
To address this issue, researchers have explored unsupervised learning techniques for discovering hidden patterns in sleep data (L. Biedebach et al., 2025).
Clustering algorithms such as K-Means have been widely used to group individuals based on sleep behaviour and lifestyle similarity. In (P. K. Yadav et al., 2023), clustering-based approaches were applied to identify distinct sleep behaviour profiles, revealing meaningful subgroups corresponding to healthy sleepers and individuals with sleep disturbances.

Recent literature emphasizes the importance of combining supervised and unsupervised learning approaches to achieve comprehensive sleep disorder analysis. Hybrid frameworks presented in (H. K. Sari et al., 2025, H. Almutairi et al., 2023) integrate clustering for exploratory analysis with classification for predictive modelling.

Moreover, model evaluation and validation techniques have evolved significantly in recent years. Cross-validation and grid-based hyperparameter optimization are now considered essential for ensuring model reliability in healthcare applications (M. A. Rahman et al., 2025,  K. Soppari et al., 2025).


1.2. PROBLEM STATEMENT

Sleep disorders such as insomnia and obstructive sleep apnea are increasingly prevalent due to modern lifestyle changes, work-related stress, and irregular sleep patterns. Accurate identification of these disorders is critical for early intervention and effective healthcare management. However, existing diagnostic approaches rely heavily on clinical assessments and polysomnography, which are costly, time-consuming, and not scalable for continuous or large-population screening.

Although recent studies have applied machine learning techniques for sleep disorder classification using lifestyle and health-related data, most existing systems focus primarily on supervised learning approaches. These methods require fully labelled datasets, which may be incomplete, imbalanced, or difficult to obtain in real-world healthcare environments. Moreover, supervised models emphasize prediction accuracy while providing limited insight into the inherent structure and natural groupings present in sleep behaviour data.

On the other hand, unsupervised learning techniques capable of discovering hidden patterns and detecting anomalies in sleep data are less explored and often evaluated independently without systematic comparison to supervised approaches. Existing research lacks a unified framework that evaluates both supervised and unsupervised machine learning techniques on the same dataset using consistent evaluation criteria.

Therefore, there is a need for a comprehensive and comparative framework that integrates classification and clustering techniques to analyse sleep disorders using lifestyle and physiological data. Such a framework should not only achieve high predictive accuracy but also enhance interpretability, reduce dependency on labelled data, and support data-driven decision-making in healthcare applications.

1.3. SCOPE OF THE WORK

The scope of this work is focused on the design, implementation, and evaluation of a comparative machine learning framework for sleep disorder identification using lifestyle and health-related data. The key components of the scope are outlined as follows:

i. This study utilizes the Sleep Health and Lifestyle Dataset, consisting of demographic, lifestyle, and physiological attributes, to support both supervised and unsupervised learning experiments.

ii. Data preprocessing techniques such as missing value handling, categorical encoding, feature scaling, and class balancing are applied to ensure effective model training and fair evaluation.

iii. Multiple supervised machine learning models, including Logistic Regression, Random Forest, Gradient Boosting, XGBoost, and Multilayer Perceptron (MLP), are implemented and evaluated using standard performance metrics such as accuracy, precision, recall, and F1-score.

iv. Hyperparameter optimization is performed using GridSearchCV to enhance model generalization and identify the most effective classifier for sleep disorder prediction.

v. Unsupervised learning techniques, specifically K-Means and DBSCAN clustering algorithms, are applied to explore hidden patterns, natural groupings, and anomalies in sleep behaviour data.

vi. Clustering performance is evaluated using silhouette score analysis and noise detection to assess cluster quality and separation.

vii. A comparative analysis is conducted to highlight the strengths, limitations, and applicability of supervised versus unsupervised learning approaches for sleep disorder identification.

viii. The proposed framework supports prediction of sleep disorder categories (Normal, Insomnia, and Sleep Apnea) for unseen input data, demonstrating its practical applicability.

This work is intended to support automated, interpretable, and scalable sleep disorder analysis and can be extended to other healthcare datasets and predictive diagnostic applications.

1.4. OBJECTIVES

To develop and evaluate supervised machine learning models for accurate classification of sleep disorders (Normal, Insomnia, and Sleep Apnea) using lifestyle and health-related features, and to identify the best-performing model through hyperparameter optimization and cross-validation.

To explore unsupervised learning techniques such as K-Means and DBSCAN for discovering hidden patterns, cluster structures, and outliers in sleep behaviour data, and to assess clustering quality using silhouette score analysis.

To perform a comparative analysis of supervised and unsupervised approaches in terms of predictive accuracy, interpretability, and practical applicability for automated sleep disorder identification.

2. material and methods

This research follows a systematic machine learning methodology to analyse, classify, and cluster sleep disorder data using both supervised and unsupervised learning techniques. The overall workflow consists of data acquisition, preprocessing, model development, performance evaluation, and comparative analysis.
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Fig1. Research Methodology Flow

2.1 DATASET DESCRIPTION

The study utilizes the Sleep Health and Lifestyle Dataset, which contains approximately 400 records with demographic, lifestyle, and physiological attributes. The dataset includes features such as age, sleep duration, quality of sleep, physical activity level, heart rate, stress indicators, and related health parameters. The target variable represents sleep disorder categories: Normal, Insomnia, and Sleep Apnea. The dataset supports both supervised classification and unsupervised clustering experiments.

2.2 DATA PREPROCESSING

To ensure data quality and effective model training, the following preprocessing steps are applied:
i.  Missing values are handled using appropriate statistical techniques.
ii. Categorical variables are encoded into numerical representations.
iii. Numerical features are scaled to maintain uniform feature ranges.
iv. Class imbalance, where present, is addressed to improve model fairness and stability.
v. The dataset is divided into training and testing subsets using a train–test split strategy.
vi. These steps help reduce noise, improve convergence, and enhance model generalization.



2.3 SUPERVISED LEARNING APPROACH

Multiple supervised machine learning algorithms are implemented to classify sleep disorders:

i. Logistic Regression
ii. Random Forest
iii. Gradient Boosting
iv. XGBoost
v. Multilayer Perceptron (MLP)

Each model is trained using the pre-processed training dataset and evaluated on unseen test data. Performance is measured using standard classification metrics, including accuracy, precision, recall, and F1-score. This multi-model evaluation enables identification of the most reliable and robust classifier.

2.4 HYPERPARAMETER OPTIMIZATION

To enhance predictive performance and avoid overfitting, hyperparameter tuning is performed using GridSearchCV with k-fold cross-validation. Key parameters such as learning rate, number of estimators, tree depth, and minimum sample splits are systematically optimized. The model achieving the highest cross-validation accuracy is selected as the final supervised model.

2.5 UNSUPERVISED LEARNING APPROACH

To explore inherent patterns and groupings in sleep behaviour data, unsupervised clustering techniques are applied:

K-Means Clustering: Used to partition data into a predefined number of clusters based on feature similarity.

DBSCAN: A density-based clustering algorithm capable of identifying arbitrarily shaped clusters and detecting noise or outliers.

These techniques help uncover hidden structures in the data without relying on labelled outcomes.

2.6 CLUSTERING EVALUATION

Clustering performance is evaluated using silhouette score analysis, which measures cluster separation and cohesion. DBSCAN is additionally assessed based on its ability to detect noise points, representing anomalous or irregular sleep patterns. This evaluation provides insight into the effectiveness of clustering techniques for sleep disorder analysis.

2.7 COMPARATIVE ANALYSIS AND FINAL PREDICTION

A comparative analysis is conducted between supervised and unsupervised approaches to assess their strengths and limitations. Supervised models are evaluated based on predictive accuracy and generalization, while unsupervised models are assessed based on pattern discovery and interpretability.

The best-performing supervised model is then used to predict sleep disorder categories for new and unseen input data, demonstrating the practical applicability of the proposed methodology.

2.8 METHODOLOGY SUMMARY

The proposed methodology integrates classification, clustering, and optimization techniques into a unified framework. By combining predictive accuracy with exploratory pattern analysis, the framework supports reliable, interpretable, and scalable sleep disorder identification suitable for real-world healthcare applications.

2.9 PRACTICAL IMPLEMENTATION PHASES

The practical implementation of the proposed sleep disorder identification framework is carried out in multiple structured phases, each aligned with the experimental findings and performance results obtained in this study.

Phase 1: Dataset Loading and Initial Analysis

The Sleep Health and Lifestyle dataset is loaded into the Python environment. Initial exploratory analysis is performed to verify the number of records, feature types, and class distribution of sleep disorder labels (Normal, Insomnia, and Sleep Apnea). This step ensures dataset consistency before model development.

Phase 2: Data Cleaning and Preprocessing

Data preprocessing is conducted to prepare the dataset for machine learning implementation. Missing values are handled, categorical features are encoded, and numerical features are normalized. These steps ensure that all models operate on clean and standardized data, directly supporting the high accuracy achieved in supervised learning results.
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Fig2. Implementation Flow




Phase 3: Dataset Partitioning

The pre-processed dataset is divided into training and testing subsets using a train–test split strategy. This separation ensures unbiased evaluation of model performance and supports reliable comparison across multiple classifiers.

Phase 4: Supervised Model Training

Multiple supervised learning models—Logistic Regression, Random Forest, Gradient Boosting, XGBoost, and Multilayer Perceptron—are implemented and trained using the training dataset. Initial training results are analysed to observe variations in accuracy and stability across models.

Phase 5: Hyperparameter Optimization Using GridSearchCV

Based on initial training results, hyperparameter tuning is performed using GridSearchCV with k-fold cross-validation. Key parameters such as learning rate, tree depth, number of estimators, and minimum sample splits are optimized. This phase leads to the selection of the Gradient Boosting model as the best-performing classifier, achieving approximately 99.75% cross-validation accuracy.

Phase 6: Supervised Model Evaluation and Selection

The optimized Gradient Boosting model is evaluated on unseen test data using accuracy, precision, recall, and F1-score metrics. Comparative analysis confirms that Gradient Boosting outperforms other supervised models, making it suitable for final deployment.

Phase 7: Unsupervised Clustering Implementation

To explore inherent sleep behaviour patterns, K-Means and DBSCAN clustering algorithms are applied to the same pre-processed dataset without using class labels. K-Means is configured with three clusters corresponding to known sleep disorder categories, while DBSCAN is applied to detect density-based clusters.
Phase 8: Clustering Performance Evaluation

Clustering performance is evaluated using silhouette score analysis. DBSCAN achieves a significantly higher silhouette score, indicating excellent cluster separation, and successfully identifies noise points representing anomalous sleep patterns. These findings validate the effectiveness of density-based clustering for exploratory analysis.

Phase 9: Comparative Analysis of Learning Approaches

A practical comparison is conducted between supervised and unsupervised approaches. Supervised models are assessed based on prediction accuracy and generalization, while unsupervised models are evaluated based on pattern discovery, cluster quality, and anomaly detection capability.

Phase 10: Final Prediction and Validation

The optimized Gradient Boosting model is deployed to predict sleep disorder categories for new and unseen input data. The model successfully classifies input instances into Normal, Insomnia, or Sleep Apnea categories, demonstrating its real-world applicability.

3. results and discussion

This section presents the experimental findings obtained from the supervised and unsupervised machine learning models implemented for sleep disorder identification. The results are analysed using standard evaluation metrics and clustering validation measures.

3.1 SUPERVISED LEARNING RESULTS

Multiple supervised classification models were evaluated to predict sleep disorder categories: Normal, Insomnia, and Sleep Apnea. Performance was assessed using accuracy, precision, recall, and F1-score.

Among the evaluated models, Gradient Boosting demonstrated the highest performance. After hyperparameter optimization using GridSearchCV, the model achieved a cross-validation accuracy of approximately 99.75%, indicating strong generalization capability. Test accuracy ranged between 97% and 98%, outperforming Logistic Regression, Random Forest, XGBoost, and Multilayer Perceptron models.

Random Forest and XGBoost also produced high classification accuracy; however, their performance was slightly lower than the optimized Gradient Boosting model. Logistic Regression provided stable but comparatively lower accuracy, while the Multilayer Perceptron exhibited reduced performance due to sensitivity to data size and feature scaling.
These results confirm that ensemble tree-based models are more effective in capturing complex relationships between lifestyle, physiological attributes, and sleep disorder outcomes.

3.2 HYPERPARAMETER OPTIMIZATION RESULTS

GridSearchCV was employed to optimize key parameters of the Gradient Boosting classifier. Optimal values included a low learning rate, shallow tree depth, and an increased number of estimators. This tuning significantly improved model performance and reduced overfitting, resulting in the highest observed validation accuracy across all models.
The findings demonstrate that systematic hyperparameter optimization is essential for achieving reliable and reproducible results in healthcare-related machine learning applications.

3.3 UNSUPERVISED LEARNING RESULTS

Unsupervised clustering techniques were applied to explore inherent patterns in sleep behaviour data without using class labels.

K- Means clustering produced moderate cluster separation, indicating partial overlap between sleep disorder categories.
L- 
DBSCAN achieved a significantly higher silhouette score, demonstrating excellent cluster cohesion and separation. Additionally, DBSCAN successfully identified noise points representing anomalous sleep patterns.

These results highlight the advantage of density-based clustering for heterogeneous healthcare data, where natural groupings and outliers coexist.



3.4 COMPARATIVE ANALYSIS FINDINGS

A comparative analysis of supervised and unsupervised approaches reveals that:

i. Supervised learning models, particularly Gradient Boosting, provide high predictive accuracy and are suitable for automated sleep disorder classification when labelled data is available.
ii. Unsupervised learning techniques, especially DBSCAN, are effective for pattern discovery, cluster analysis, and anomaly detection, offering valuable insights into sleep behaviour trends.
iii. Combining both approaches enhances interpretability and supports informed model selection for healthcare analytics.

3.5 FINAL PREDICTION RESULTS

The optimized Gradient Boosting model was applied to unseen input data to validate real-world applicability. Based on the provided feature values, the model successfully predicted the sleep disorder category as Sleep Apnea, confirming its ability to generalize beyond the training dataset.

TABLE 1. Comparision Table Result

	Model
	Accuracy

	Gradient Boosting
	0.99

	XG Boost
	0.97

	MLP
	0.80

	K Means Clustering
	0.35

	DBSCAN
	0.934



The table compares the accuracy of different machine learning models for sleep disorder prediction. Gradient Boosting achieved the highest accuracy (0.99), followed by XGBoost (0.97), while MLP showed moderate performance (0.80). Among the unsupervised methods, DBSCAN (0.934) performed better than K-Means (0.35) due to its ability to detect clusters and noise more effectively. Overall, supervised models provided better classification performance when labelled data was available.

3.5.1 Prediction Result using Gradient Boosting

Enter Age: 28
Enter Sleep Duration: 5.9
Enter Quality of Sleep: 4
Enter Physical Activity Level: 30
Enter Stress Level: 8
Enter Heart Rate: 85
Enter Daily Steps: 3000
Enter Systolic: 140
Enter Diastolic: 90
Enter Gender: Male
Enter Occupation: Software Engineer
Enter BMI Category: Obese

Final Output: Insomnia
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FIG 3. Prediction Result Using Gradient Boosting Model

To evaluate the effectiveness of the proposed machine learning framework, a Gradient Boosting classifier was employed to predict sleep disorder categories based on demographic, physiological, and lifestyle parameters.

Model Prediction

The Gradient Boosting classifier predicted the output class as:

Sleep Disorder Category: Insomnia

3.5.3. Discussion of Prediction

The predicted outcome is consistent with established clinical indicators of insomnia risk. The model likely assigned higher importance to the following contributing factors:

i. Reduced Sleep Duration (5.9 hours) — Below the recommended 7–8 hours.
ii. Low Sleep Quality Score (4/10) — Indicates fragmented or disturbed sleep.
iii. High Stress Level (8/10) — Strongly correlated with difficulty in sleep initiation and maintenance.
iv. Obese BMI Category — Associated with metabolic imbalance and sleep disturbances.
v. Elevated Blood Pressure (140/90 mmHg) — Reflects cardiovascular strain often linked with poor sleep.
vi. Low Physical Activity and Reduced Daily Steps (3000) — Sedentary behavior negatively impacts sleep regulation.

Gradient Boosting, being an ensemble sequential learning technique, captures nonlinear interactions among these features. The model’s decision boundary reflects the combined influence of stress, physiological health indicators, and lifestyle patterns rather than relying on a single dominant parameter
.
A confusion matrix analysis is performed to assess the classification accuracy of the Gradient Boosting model across the three sleep disorder categories.
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To evaluate the classification performance of the proposed machine learning framework, a confusion matrix was generated for the optimized Gradient Boosting model. The confusion matrix compares the actual sleep disorder categories with the predicted categories produced by the classifier, providing a detailed understanding of model accuracy and error distribution across classes.
Model Classification Performance
The confusion matrix indicates that the Gradient Boosting classifier correctly identified the majority of instances across the three sleep disorder categories:
Sleep Disorder Categories: Normal, Insomnia, and Sleep Apnea

3.5.4  Discussion of Confusion Matrix

The confusion matrix shows that most observations lie along the diagonal elements, indicating correct classification of sleep disorder categories. Only a small number of instances were misclassified.
The results reveal the following observations:
I. Normal Class: Most normal sleep cases are correctly identified by the model, with only a few instances misclassified as Insomnia or Sleep Apnea.
II. Insomnia Class: The majority of insomnia cases are accurately classified. A small number of cases were predicted as Normal or Sleep Apnea due to overlapping behavioural patterns.
III. Sleep Apnea Class: Sleep apnea instances are also correctly detected with high accuracy, demonstrating the model’s ability to capture physiological indicators associated with this disorder.
Minor misclassifications are mainly observed between the Normal and Insomnia categories, which may share similar lifestyle characteristics such as moderate stress levels, slightly reduced sleep duration, or lower sleep quality.
The confusion matrix therefore confirms that the Gradient Boosting classifier achieves strong classification performance and balanced prediction capability across all sleep disorder categories.


3.5.5  Data Set Limitations

One limitation of this study is the relatively small size of the Sleep Health and Lifestyle dataset, which contains approximately 400 records. Although the proposed machine learning models achieved high predictive accuracy, the limited sample size may restrict the generalizability of the results to larger and more diverse populations. A smaller dataset may also reduce the model’s ability to capture all possible variations in sleep behaviour across different demographic groups.

3.6 KEY FINDINGS SUMMARY

i. Gradient Boosting achieved the highest classification performance among supervised models.
ii. Hyperparameter tuning significantly enhanced model accuracy and stability.
iii. DBSCAN outperformed K-Means in clustering quality and noise detection.
iv. Supervised models are ideal for prediction, while unsupervised models support exploratory analysis.
v. The proposed framework effectively supports automated and interpretable sleep disorder identification.
vi. The confusion matrix analysis confirmed reliable classification performance, showing that most instances are correctly predicted across the three sleep disorder categories with only minor misclassifications.

4. Conclusion

This research presented a comprehensive comparative framework for sleep disorder identification using both supervised and unsupervised machine learning techniques applied to lifestyle and health-related data. Multiple supervised classifiers, including Logistic Regression, Random Forest, XGBoost, Gradient Boosting, and Multilayer Perceptron, were evaluated alongside unsupervised clustering methods such as K-Means and DBSCAN.

Experimental results demonstrate that ensemble-based supervised learning models outperform traditional classifiers, with the optimized Gradient Boosting model achieving the highest predictive performance, reaching approximately 99.75% cross-validation accuracy and 97–98% test accuracy. Hyperparameter optimization using GridSearchCV played a crucial role in improving model robustness and generalization. In parallel, unsupervised clustering analysis revealed that DBSCAN provides superior cluster separation and effective noise detection compared to K-Means, highlighting its suitability for exploratory analysis of heterogeneous healthcare data.The comparative analysis confirms that supervised learning techniques are highly effective for accurate sleep disorder prediction when labelled data is available, while unsupervised methods contribute valuable insights by uncovering hidden patterns and identifying anomalous sleep behaviour. The proposed framework successfully integrates both approaches, enabling accurate, interpretable, and scalable sleep disorder identification suitable for healthcare analytics and decision support systems.

This study is significant for the scientific community as it demonstrates the potential of machine learning techniques for the early detection of sleep disorders using lifestyle and health-related data. The comparative analysis of supervised and unsupervised learning models provides valuable insights into the effectiveness of different analytical approaches for healthcare prediction tasks. The results highlight the strong predictive performance of the Gradient Boosting model and the capability of the DBSCAN algorithm to identify meaningful patterns and outliers in sleep behaviour data.

5. FUTURE SCOPE

Although the proposed framework demonstrates strong performance, several directions exist for future enhancement:
i. The framework can be extended by incorporating larger and more diverse datasets, including data from wearable devices and real-time sleep monitoring systems, to improve model generalization.
ii. Deep learning architectures, such as convolutional and recurrent neural networks, can be explored to capture temporal sleep patterns and complex feature interactions.
iii. Advanced feature selection and explainable AI (XAI) techniques can be integrated to improve interpretability and clinical trust in model predictions.
iv. The inclusion of multimodal data, such as physiological signals, behavioural data, and environmental factors, may enhance predictive accuracy.
v. Real-time deployment of the model in clinical decision support systems or mobile health applications can be investigated to support early detection and personalized sleep healthcare.
vi. The clustering framework can be further refined to support risk stratification and patient subgroup analysis for preventive healthcare planning.

These future extensions can strengthen the applicability of the proposed framework and contribute to more intelligent, accessible, and data-driven sleep disorder diagnosis in healthcare systems.
[bookmark: _Hlk221270586]
[bookmark: _Hlk219284361][bookmark: _Hlk198031404]Disclaimer (Artificial intelligence)
Generative AI tools were used only for language editing and proofreading assistance in preparing this manuscript. All research analysis, and conclusions are carried out by the authors.



References
[1] H. Han and J. Oh, “Application of various machine learning techniques to predict obstructive sleep apnea syndrome severity,” Scientific Reports, vol. 13, Art. no. 6379, pp. 1–12, 2023.https://doi.org/10.1038/s41598-023-33170-7.
[2] H. W. Loh, C. P. Ooi, J. Vicnesh, S. L. Oh, O. Faust, A. Gertych, and U. R. Acharya, “Automated detection of sleep stages using deep learning techniques: A systematic review of the last decade (2010–2020),” Applied Sciences, vol. 10, no. 24, Art. no. 8963, pp. 1–28, 2020. https://doi.org/10.3390/app10248963.
[3] W. Widyastuty and M. A. Azis, “Classification and evaluation of sleep disorders using Random Forest algorithm in health and lifestyle dataset,” Compiler Journal, vol. 13, no. 1, pp. 1–10, 2024. https://ejournals.itda.ac.id/index.php/compiler/article/view/2184 .
[4] J. L. Kelly et al., “Diagnosis of sleep apnoea using a mandibular monitor and machine learning analysis: One-night agreement compared to in-home polysomnography”,Frontiers in Neuroscience,vol.16,Art.no.726880,pp.1–10,2022. https://doi.org/10.3389/fnins.2022.726880
[5] G. Airlangga, “Evaluating machine learning models for predicting sleep disorders in a lifestyle and health data context,” JIKO (Jurnal Informatika dan Komputer), vol. 7, no. 1, pp. 51–57, 2024. https://doi.org/10.33387/jiko.v7i1.7870.
[6] A. Taher and W. I. Z. Ayon, “Exploring sleep disorders: A comparative analysis of machine learning algorithms on sleep health and lifestyle data,” in 2024 IEEE International Conference on Power, Electrical, Electronics and Industrial Applications (PEEIACON), 2024, pp. 71–75. DOI:10.13140/RG.2.2.23696.83207.
[7] B. Guntuku, B. R. Singh, K. S. Balaji Reddy, and P. Vasanth Sai,space“Machine learning approaches to classify and diagnose sleep disorders,”International Journal of Creative ResearchThoughts(IJCRT),vol.13,no.1,pp.f962f975,Jan.2025.https://www.ijcrt.org/papers/IJCRT2501684.pdf.
[8]G.SriLakshmi,Ch.Priyanka,K.Shashank Sheshagiri, Y. Veera Mahesh, and A. Sowmika,space“Insomnia and sleep apnea disease detection using machine learning,”spaceInternational Journal of Creative Research Thoughts (IJCRT), vol. 13, no. 4, pp. e889–e898, Apr. 2025.https://www.ijcrt.org/papers/IJCRT2504565.pdf.
[9] M. A. Rahman et al., “Improving sleep disorder diagnosis through optimized machine learning approaches,” IEEE Access, vol. 13, pp. 20989–21005, 2025.
https://doi.org/10.1109/ACCESS.2025.3535535.
[10] H. K. Sari et al., “Machine learning-based prediction of sleep disorders from lifestyle and physiological data,” Jurnal Teknologi, vol. 25, no. 2, pp. 172–180, 2025.
https://e-jurnal.pnl.ac.id/teknologi/article/viewFile/7507/5211.
[11] H. Almutairi, G. M. Hassan, and A. Datta, “Machine-learning-based approaches for sleep stage classification utilising physiological signals: A systematic review,” Applied Sciences, vol. 13, Art. no. 13280, pp. 1–24, 2023. https://doi.org/10.3390/app132413280.
[12] K. Deng, “Research on the adoption of machine learning in the domain of sleep disorder detection,” in Proc. International Conference on Signal Processing and Machine Learning, 2024,pp.92–98. https://www.ewadirect.com/proceedings/ace/article/view/17914.
[13] A. Kumar et al., “Sleep disorder prediction using machine learning,” International Journal of Latest Technology in Engineering, Management & Applied Science, vol. 14, no. 11, pp. 101–108, 2025. https://doi.org/10.51583/IJLTEMAS.2025.1411000010.
[14] K. Soppari et al., “Literature survey on machine learning approaches for sleep disorder diagnosis,” World Journal of Advanced Research and Reviews, vol. 26, no. 2, pp. 2264–2270, 2025. https://doi.org/10.30574/wjarr.2025.26.2.1856.
[15] J. Luo, Y. Chen, Y. Tao, Y. Xu, K. Yu, R. Liu, Y. Jiang, C. Cai, Y. Mao, J. Li, Z. Yang, and T. Deng,“Major depressive disorder prediction based on sleep-wake disorders symptoms in US adolescents: A machine learning approach,”spacePsychology Research and Behavior Management, vol. 17, pp. 691–703, 2024.
https://doi.org/10.2147/PRBM.S453046.
[16] L. Biedebach et al., “Unsupervised machine learning in sleep research: A scoping review,” Sleep, Oxford University Press, vol. 48, pp. 1–35, 2025.
https://doi.org/10.1093/sleep/zsaf189
[17] H. Wang et al., “System and method for diagnosing sleep apnea based on results of multiple approaches to sleep apnea identification,” U.S. Patent 8,758,243 B2, pp. 1–11, Jun. 2014. https://patents.google.com/patent/US8758243B2.
[18] P. K. Yadav, U. K. Singh, J. A. Kovilpillai, and T. Tamilarasi,space“Sleep disorder detection using machine learning method,”sSchool of Engineering and Design, Alliance University,Bangalore,India,2023.https://www.researchgate.net/profile/Puneet-Yadav-10/publication/376799298_Sleep_Disorder_Detection_Using_Machine_Learning_Method/links/658931e82468df72d3d6199e/Sleep-Disorder-Detection-Using-Machine-Learning-Method.pdf .
[19] P. Hemrajani, V. S. Dhaka, G. Rani, P. Shukla, and D. P. Bavirisetti, “Efficient deep learning-based hybrid model to detect obstructive sleep apnea,” Sensors, vol. 23, no. 10, Art. no. 4692, pp. 1–17, 2023. https://doi.org/10.3390/s23104692.
[20] T. Alshammari, “Applying machine learning algorithms for the classification of sleep disorders,” IEEE Access, vol. 12, pp. 36110–36121, 2024. 
https://doi.org/10.1109/ACCESS.2024.3374408.
[21] Biedebach,L.,Ferreira-Santos, D.,Stefanos,M.-A., Lindhagen, A., Pires, G. N., Arnardóttir, E. S., & Islind, A. S.,“Unsupervised machine learning in sleep research: A scoping review,” Sleep, vol. 48, no. 11, Art. no. zsaf189, pp. 1–35, 2025.
https://doi.org/10.1093/sleep/zsaf189.
[22] Monowar, M. M., et al.,“Advanced sleep disorder detection using multi-layered ensemble learning and data balancing techniques,” Frontiers in Artificial Intelligence, vol. 8, 2025.
https://doi.org/10.3389/frai.2024.1506770.
[23] Sasi Kala,P.,and Kumar,M.,“Applying Machine Learning Algorithms for the Classification of Sleep Disorders,” International Journal of Scientific Research in Science and Technology 
(IJSRST),vol.12,no.3,pp.679–685,May-June2025.https://www.ijsrst.com/IJSRST2512377.pdf



image1.png
Dataset
Description

Data
Preprocessing

Supervised
—> Learning
Approach

Unsupervised

' Learning
Approach

Hyperparameter ___

Optimization

Clustering
Evaluation

RN

Comparative
Analysis and
Final
Prediction




image2.png
Phase 5 Phase 7 Phase 9

Phase 1 . .
Phase 3 Hyperparameter Unsupervised Comparative
Dataset Loading and Optimization Using Clustering Analysis of Learning
Initial Analysis Dataset Partitioning GridSearchCV Implementation Approaches
Phase 2 Phase 4 Phase 6 Phase 8 Phase 10
Data Cleaning and Supervised Model Supervised Model Clustering Final Prediction and
Preprocessing Training Evaluation and Performance Validation

Selection Evaluation




image3.png
Insomnia

Sleep Apnea

No Disorder

0.0

02

Sleep Prediction Result

04 06
Probability

08

10




image4.png
Confusion Matrix - Gradient Boosting Classifier

Insomnia

Sleep Apnea

Insomnia Sleep Apnea
Predicted





