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ABSTRACT 

There are serious hazards to one’s health and general well being from sleep problems include insomnia,sleep 

apnea. Polysomnography (PSG) and other traditional diagnostic techniques are costly, time -consuming and 

interpretatively complex. The usefulness of ensemble learning methods specifically, stacking and boosting for 

automated sleep problem identification is investigated in this work. We apply and evaluate the Stacking 

Classifier, XG Boost, AdaBoost and Gradient Boosting models using Sleep Health and Lifestyle Dataset. 

Furthermore, in order to improve classification accuracy, we suggest a novel stacking technique that 

incorporates Random Forest, Gradient Boosting and Artificial Neural Networks (ANNs). The models are 

assessed using performance criteria such as F1-score, recall, accuracy and precision. According to experimental 

results, the hybrid stacking model that incorporate ANNs performs better than classic ensemble approachs by 

identifying intricate patterns in the data, while boosting techniques enhance robustness and generalization. 

Our study offers tailored insights and suggestions to assist people in managing and overcoming their diagnosed 

sleep disorders, going beyond simple diagnosis. These suggestions are based on possible medical interventions, 

lifestyle changes, and sleep hygiene techniques that were identified from the dataset trends. In addition to 

providing practical advice for enhancing sleep health, the results demonstrate the promise of ensemble learning 

in conjunction with deep learning as a scalable and economical method of diagnosing sleep disorders. 

Keywords: Ensemble Learning, Stacking Classifier, Boosting Techniques, Random Forest, Gradient Boosting, 

Artificial Neural Networks (Anns), Machine Learning In Healthcare, Sleep Health And Lifestyle Dataset, 

Polysomnography (PSG) Alternative, Predictive Analytics For Sleep Disorders, Xgboost And Adaboost, Sleep 

Hygiene Recommendations. 

I. INTRODUCTION 

Millions of individuals worldwide suffer from sleep problems like insomnia, sleep apnea, despite the fact that 

sleep is crucial for preserving general health and welbeing. Severe health problems, such as heart disease, 

cognitive decline, and mental health disorders, might result from these ailments. Effective intervention and 

management of sleep disorders depend on the early and precise recognition of these conditions. The gold-

standard tecnique for diagnoising sleep problems is polysomnography (PSG), which necessitates expert 

analysis, specialized equipment, and overnight observation in a sleep lab. But PSG is costly, time-consuming, 

and frequently out of reach for a lot of people. 

Automated techniques have become viable substitutes for sleep disorder identification as a result of 

developments in Artificial Intelligence (AI) and Machine Learning (ML). By merging several machine learning 

models, ensemble learning approaches in particualar, stacking and boosting have demonstrated significant 

promise in raising classification accuracy. [1] Using the Sleep Health and Lifestyle Dataset, we investigate the 

efficiancy of ensemble -based methods for classifying sleep disorders, such as XGBoost, AdaBoost, Gradient 

Boosting, and Stacking Classifiers. [2] To improve predictive performance, a ubique stacking technique is put 

forth that combines Artificial Neural Networks (ANNs), Random Forest, and Gradient Boosting as foundation 

Learners. 
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Our study intends to help people manage and lesson their diagnosed sleep disorders by offering practical 

insights and suggestions in addition to detection. [3] We produce tailored recommendations on behavioral 

adjustments, possible medical therapies, and sleep hygiene practices by examining important lifestyle and 

physiological variables from the dataset. 

The following are the study’s main goals: 

 To create and assess ensemble learning models for the automated identification of sleep disorders. 

 To evaluate how well boosting and stacking methods perform in terms of classification accuracy. 

 To offer tailored analysis and suggestions according to the identified disorder. 

II. LITERATURE REVIEW 

Analysing Sleep Disorder with Machine Learning (ML) and Deep Learning (DL) emerging as potent methods for 

automation and accuracy improvements, sleep staging and sleep problem diagnosis have attracted a lot of 

attention recently. Numerous publications have investigated these techniques, highlighting important 

approaches and different in using machine learning and deep learning in sleep research. 

In order to score sleep using EEG and ECG signals, Van Der Donckt et al. [1] looked at conventional machine 

learning models like Decision Trees and Support Vector Machines (SVM). They discovered that these models 

preserve lower computational costs and higher interpretability while providing competitive performance when 

compared to deep learning. A deep CNN-based method for sleep staging utilizing single-channel EEG signals 

was presented by Mousavi et al. [2] who showed that it increases accessibility and cost-effectiveness in sleep 

monitoring .In their discussion of AI-based sleep classification in consumer sleep technology like fitness 

trackers and smartwatches, Djanian et al. [3] acknowledged the potential of these techniques while pointing out 

difficulties with accuracy and signal noise reduction. A thorough analysis of sleep apnea diagnosis utilizing 

machine learning applied to ECG signals was carried out by Salari et al. [4]. According to their research, SVM 

models and decision trees offer a non-invasive, affordable substitute for polysomnography; nonetheless, they 

need strong feature selection in order to manage signal noise. Using EEG spectrograms, Li et al. [5] investigated 

CNN-based sleep stage classification and found that maintaining time-frequency characteristics increases 

classification accuracy. In order to estimate the severity of obstructive sleep apnea syndrome (OSAS), Han et al. 

[6] used machine learning techniques such as Random Forest and SVM. According to their findings, Machine 

Learning models can help with individualized treatment planning by offering extremely precise severity 

forecasts. Using a single-lead ECG, Bahrami et al. [7] examined CNN, RNN, and hybrid CNN-RNN models for 

sleep apnea identification. They showed that hybrid models perform better than conventional methods for 

realo-time monitoring. In a performance analysis of machine learning algorithms for automatic sleep staging, 

Satapathy et al. [8] compared Deep Neural Networks (DNN), Decision Trees, Random Forest (RF), and K-Nearest 

Neighbors (k-NN). According to their findings, DNN offers the highest accuracy at the express of more 

processing demands, even if Random Forest is the best-performing conventional Machine Learning model. 

III. METHODOLOGY 

Overview of the Methodology 

In order to create an automated system for detecting sleep disorders, this work uses ensemble learning 

approaches. For increased classification accuracy, we suggest a hybrid model that integrates Artificial Neural 

Networks (ANNs), Random Forest (RF), and Gradient Boosting (GBM). We also compare using boosting models 

(XGBoost, AdaBoost). The following phases comprise the structure of the methodology: 

Overview of the Dataset: 

We make use of the Sleep Health and Lifestyle Dataset (SHLD), which comprises the following: 

Health & Lifestyle Factors: Physical Activity Level, Stress Level, BMI Category, Blood 

Pressure, Heart Rate, Daily Steps 

Demographic features: Age, Gender, and Occupation 

Sleep Metrics: Sleep  Duration, Quality of Sleep 

1. Preprocessing of Data 

In order to guarantee high-quality data, we use prepeocessing methods: 
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1.1. Taking Care of Missing Value 

Since no missing values were found, this step is not necessary. 

1.2. Categorical Variable Encoding 

Label Encoding: The target variable, sleep disorder, is transformed into numerical labels 

(e.g., sleep apnea – 2, insomnia – 1, etc.). 

One-Hot Encoding: Blood pressure, Gender, occupation, and BMI category are all transformed into numerical 

values. 

1.3. A feature continuous variables (Age, Sleep Duration, Physical Activity Level, Stress Level, Heart Rate, 

and Daily Steps) are subjected to scaling standardization (Z-score normalization). 

1.4. Dealing with Unbalanced Classes 

We use Synthetic Minority Oversampling Technique (SMOTE) if there is a class imbalance in sleep disorders. 

2. Selection & Feature Engineering 

To maximize model performance, we examine feature importance. 

2.1. Engineering Features 

Compute Sleep Efficiency (Quality of Sleep / Sleep Duration) is one of the new features. 

Interaction features: To generate an Activity-Stress Index, combine the levels of physical activity, stress, and 

daily steps. 

2.2. Selection of Features 

Eliminate strongly connectes characteristics using correlation analysis. 

Choos the best features for categorization using a process called recursive feature elimination ,or RFE. 

3. Implementation of Machine learning Models 

We contrast ensemble learning methods with conventional classifiers. 

3.1. Baseline Models (benchmark) 

Logistic regression 

Forest at Random 

Machine for Gradient Boosting (GBM) 

3.2. Boosting Models 

XGBoost 

AdaBoost 

3.3. The Ensemble Model Based on Stacking 

We create a hybrid stacking model by combining Random Forest, Gradient Boosting , and Artificial Neural 

Networks (ANNs): 

a. Beginning Students: 

Forest at Random 

Gradient Boosting 

ANNs, or artificial neural networks 

b. Meta-Learning: 

Final predictions derived from basic models are based on logistic regression 

4. Model Training, Assessment, and Contrast 

4.1. Training Approach: 

 80-20% Training-Test Split 

 5-Fold Cross-Checking for Sturdines 

 Adjusting Hyperparameters using Grid Search and Bayesian Optimization 

4.2. Performance Evaluation 

 

Evaluates model performance using metrics like accuracy, precision, recall and F1 score. Confusion       matrices 

and classification reports help analyze misclassification trends in sleep disorder prediction. 
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(1) Where TP denotes true positive, TN indicates true negative, FP represents false positive and 

TN denotes true negative: 

 

Accuracy = 
TP+TN

TP+TN+FP+FN
                                          (1) 

 

(2) Precision is the ratio of number of the predicted TPs to the total number of predicted positives: 

 

Precision = 
TP

TP+FP
                                                       (2) 

 

 

(3) Recall is the ratio of the predicted TPs to the total number of TPs: 

 

Recall = 
TP

TP+FN
                                                           (3) 

 

(4) F1 score predict the weighted average of the precision and recall of a number. A perfect F1-score 

provides low FPs and low FNs. 

 

F1 = 
2∗TP

2∗TP+FP+FN
 

Key Findings: 

 The Stacking Model outperforms other classifiers. 

 Boosting models shows high accuracy. 

5. After-Detection Analysis & Suggestions 

Following classification, the system offers tailored suggestions according to the identified sleep condition. 

Detection Disorder Prevention Intervention 

Insomnia 
Sleep hygiene training, cognitive behavioral therapy 

(CBT-I), relaxation techniques 

Sleep Apnea 
CPAP therapy, weight management, positional 

therapy 
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IV. RESULT AND ANALYSIS 

 

 

 

Fig 1 Without Optimising the parameters: 
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Fig 2 With Optimising the parameters: 

 

Fig 3 Analysis of the DAtaset 

V. CONCLUSION 

A person’s general quality of life, productivity, and health are all greatly impacted bt sleep disturbances. 

Conventional diagnostic techniques, such as polysomnography (PSG), are costly and necessitate specific 

medical knowledge. This paper integrates Random Forest, Gradient Boosting, and Artificial Neural 

Networks (ANNs) in a stacking-based model to present an automated sleep disorder diagnosis using ensemble 

learning approaches. 

Feature scaling, encoding, and class balancing approaches were used to preprocess the dataset, which included 

demographic, physiological, and lifestyle-related information. Accuracy, precision, recall, F1-score, and AUC-

ROC measures were used to assess a number of machine learning models, including Random Forest, Gradient 

Boosting, XGBoost, AdaBoost. With a 93.4% accuract rate, the results showed the stacking-based ensemble 

models performed better that individual classifiers, making it a very successful technique for classifying sleep 

disorders. 
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