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ABSTRACT:

Due to their impact on health, sleeping disorders such as obstructive sleep apnea and insomnia should be
properly diagnosed. In this work, machine learning models are optimized with the help of the Sleep Health and
Lifestyle dataset of Kaggle, which is selected to predict sleep disorders. ANOVA is used in feature selection, and
SMOTEENN resampling is used in dealing with imbalance between classes. Additional features are engineered
by seven foundation classifiers, including RF, Gradient Boosting, Gaussian Naive Bayes, KNN, DT, LR, and
SVM. A number of ML algorithms are then tested. The engineered Voting Classifier is the most successful, as it
has accuracy. Accuracy of Stacking Classifier is lower in the event of using original features. Making decisions
about the model using Explainable Al tools such as LIME and SHAP enhances the transparency and makes
clinical decisions.

“KEY WORDS: Sleep Disorder, Machine Learning, Feature Engineering, SMOTEENN, Classification,
Ensemble Learning, Explainable Al”

1. INTRODUCTION

these stages is used to diagnose insomnia and sleep
apnea.

Sleep is critical to both physical and mental
wellbeing to recuperate, control significant This is analyzed mostly based on
functions and maximize brains. Every person polysomnography (PSG) that requires a lot of
should get enough rest particularly sensitive groups resources and can easily be subject to human error.
such as children and the elderly. Temporal sleep Data-driven and automated techniques are vital in
deprivation may result in reduction of focus, the detection and diagnosis of sleep disorder.
memory and risk of accidents whereas chronic
sleep deprivation may result in cardiovascular 2. LITERATURE SURVEY
disease, diabetes, depression and obesity. Treating
and understanding sleep disturbances is one of the
best healthcare issues.

1.0ptimizing Sleep Disorder Classification
Using Bayesian Optimization:

The Gradient Boosting Classifiers enhance the

The sleep quality is evaluated by the classification of sleep problems in this research.

wakefulness, N1, N2, N3, and the REM sleep
stages. The brain waves and the physiological
responses differ according to the stage.
Wakefulness is alertness of the brain, however N1
and N2 are deeper stages of light sleep.

The deepest state of the non-REM stage is
known as N3 which is the physical recovery and
REM sleep has vivid dreams and activities of the
brain such as waking up. Proper categorization of

The data is pre-treated to guarantee quality and the
aspects to be addressed include health and lifestyle.
The Bayesian Optimization increases the
performance and optimizes model parameters.

Optimization enhances the performance of the
models and the results of the diagnostic process
since the accuracy increased to 92.92 to 94.44.
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2.Advanced Neural Networks for Sleep
Disorder Classification

An AD-ANN is developed by means of CNN,
RNN, and ensemble. The model is meant to process
spatial and temporal sleep data. Standard datasets
that are trained include Sleep-EDF and PhysioNet.
The model achieved 98.2 percent accuracy,
precision, and recall in the stages of sleep. The
method allows the diagnosis of sleep disorder on a
scale and at an accurate rate.

3.Revolutionizing Sleep Disorder Diagnosis:
A Multi-Task Learning Approach

The proposed paper proposes a CNN-based
multi-task learning model to enhance the diagnosis
of sleep problems. Rather than using complex PSG,
it uses EEG signals to save both time and money.
The model uses STFT and CWT time-frequency
images.

It enhances the accuracy by integrating Genetic
Algorithm and Q-learning forecasts. The 98%
precision of the model demonstrates its
effectiveness and accuracy to identify sleep
problems with the help of the automated system.

4. From Narratives to Diagnosis: SleepCare
Platform

SleepCare, a ML application, categorizes sleep
issues by utilizing unstructured narrative data in the
form of physician notes, online forums and
telehealth reports. In the elderly, sleep problems are
usual, and these problems may reduce cognitive
abilities and life quality. Other diagnostic methods
are required since polysomnography is costly and
not affordable.

The given strategy categorizes textual
descriptions of sleep into clinical outcomes: stress-
related, neurodegenerative, and  respiratory
disorders with the help of the NLP. It is a three-step
classification pipeline and includes Multinomial
Naive Bayes, SVM with word embeddings and
transformer-based BERT model to take into
account syntactic and contextual information.

The model was tested with 475 tagged sleep
narratives with the help of cross-validation. The
SVM based BERT-based model was 81% accurate
and had equal performance across classes.

3. PROPOSED SYSTEM

The proposed solution applies the best machine
learning on the Sleep Health and Lifestyle data on
Kaggle to enhance the diagnosis of sleep disorders.
Data preparation deals with missing values, codes
category variables and standardizes continuous
variables. ANOVA will choose the most significant
predictors, and SMOTEENN will solve the

problem of the class imbalance and enhance the
reliability of the classification.

Models, such as RF, Gradient Boosting,
Gaussian Naive Bayes, K-Nearest Neighbors,
Decision Tree, Logistic Regression, and Support
Vector Machine, introduce seven new features in
the feature space as a result of feature engineering.

It is trained on Logistic Regression, RF, DT,
SVM, Extra Trees, Extreme Gradient Boosting,
Gradient  Boosting,  LightGBM, CatBoost,
AdaBoost, Naive Bayes, Voting Classifier, and
Stacking Classifier. A precise and valid system of
predicting sleep problems is developed.

4. METHODOLOGY

To forecast and detect sleep disorders
effectively and in a real-time, the presented Sleep
Disorder Detection System is implemented based
on machine learning that encompasses the data
collection, preprocessing, feature engineering,
model construction and deployment.

The methodology is based on pipelines to
ensure dependability, scalability and
interpretability.

Develop an effective, well-organized machine
learning platform.

To accurately forecast sleeping difficulties on
health and lifestyle data.

Enhance early diagnosis and reduction in cost
of diagnosis.

Implement a healthcare solution.
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4.1 Problem Identification

The initial phase is the identification of sleep
disorder healthcare problems.

PSG is both costly and time consuming and
needs infrastructure in the hospital.
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4.2 Dataset Acquisition

The system employs physiological and lifestyle
information of the Sleep Health and Lifestyle
Dataset. Choose such significant characteristics as
BMI, stress, sleep duration, and physical activity.

4.3 Exploratory Data Analysis (EDA)

The data set structure and attributes are
displayed using Exploratory Data Analysis. The
analysis of statistical distribution, correlation, and
imbalance of statistics are considered.

4.4 Data Preprocessing

Data presentation enhances the quality of data
and the reliability of models.

Eliminate redundancies, remove values, encode
nominal data, and standardize  numeric
variables.All these measures clean and normalize
data to be used in machine learning.

4.5 Feature Selection (ANOVA)

ANOVA is applied to select the best predictors.
Significant attributes such as stress level, sleep
duration and BMI are maintained and insignificant
or insignificant attributes are removed.This
improves model performance and predictive power.

4.6 Feature Engineering

Feature engineering is beneficial in terms of
data representation. We extract new characteristics,
group continuous variables and create health risk
indicators.

The changes unveil latent trends and enhance
the diagnosis of sleep problems.

4.7 Class Imbalance Handling (SMOTEENN)

SMOTEENN contains imbalance in category
classes. In this approach, synthetic samples are
generated by means of SMOTE and ENN, and
noisy data are removed.

This ensures the model training constitutes rare
cases such as sleeplessness and sleep apnea.

1179 characters | 165 words
4.8 Train-Test Split

There are training and testing sets of data to
evaluate the model generalization.

This helps to remove overfitting and guarantees
the performance of the models on unknown data.

4.9 Model Training

There are numerous machine learning
algorithms trained on the processed dataset. The

models are taught sleeping problem patterns such
as excessive stress and sleeplessness or high BMI
and sleep apnea. The hyperparameter adjustment is
used to optimize model performance.

4.10 Ensemble Optimization

Voting or stacking methods Ensemble
techniques raise the accuracy and stability of the
forecasts.

The numerous models are employed in these
strategies to give more precise predictions.

4.11 Model Evaluation

Trained models are evaluated with the help of
Standard measures such as Accuracy, Precision,
Recall, and F1-Score.

In medical use, recall is necessary so as not to
miss disorder cases.

4.12 Explainable AI (LIME and SHAP)

The most commonly used explainable Al
methods to interpret the model predictions are
SHAP and LIME. These are the methods that
define feature relevance and predict.

This enhances transparency and aids medical
practitioners to comprehend projections.

4.13 Model Saving
Saving and reusing of trained model later.

The trained model is not re-trained, thus making
the system to be deployed efficiently.

4.14 Deployment (Flask and SQLite)
The system is deployed using flask and SQLite.

The web interface allows individuals to input
health data to make predictions.The database
contains the information and prediction results of
users to be referred to later.

4.15 User Input Module

The user interface gathers structured real-time
health data. Information is checked and processed
and then transmitted to the prediction engine.

4.16 Real-Time Prediction

The system 1is wused to forecast after
preprocessing user input based on the model that
has been trained.

5. RESULTS AND DISCUSSION

The proposed Sleep Disorder Detection System
was experimented with a high number of machine
learning models and features. Accuracy, Precision,
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The comparisons reveal that ensemble models
are better than the single machine learning
methods. Compared to models that were trained
using original features, performance focuses on
feature selection and transformation.

5.3 Impact of Data Processing Techniques

Relevant features, noise reduction and enhanced
efficiency of the model were identified in the
ANOVA  feature  selection method. The
SMOTEENN  resampling method addressed
imbalance in classes and trained models that are not
frequent. Such techniques significantly enhanced
the level of recollection and this is important in
medical diagnosis in order to prevent cases of
disorders.

5.4 System Output and Visualization

The interface can also be entered by users who
can input their health data and get quick
projections.

The screenshots of the system prove:
e Input form for user data

e Output of prediction (type of sleep
disorder)

e  Clear and comprehensible results.

This makes the system user-friendly and not
only accurate to the non-technical users.

Crmatn Your Account

5.5 Discussion

The results indicate the combination of:
e Feature engineering
e Ensemble learning
e Explainable Al techniques

delivers a pertinent and valid system of sleep
disorder forecasting.

Such explainability methods as LIME and
SHAP provide the means to see the impact of
features on predictions, which increases trust. The
system is more efficient and cheaper as compared
to the traditional diagnostic methods used.

6.CONCLUSION

The prediction of sleep problems was
accurately represented by engineered
characteristics, machine learning models, and
resampling. The ANOVA feature selection and
SMOTEENN class balancing improved ability of
the model to differentiate normal and pathological
sleeping patterns.

Several engineering characteristics obtained
after the application of the algorithm enhanced
predicted performance. The model that was most
accurate at 97.3 was the Voting Classifier making it
reliable. Stacking Classifier was less efficient using
original features, which proves the effectiveness of
feature engineering.

Elucidable Als such as LIME and SHAP were
used to determine key factors to contribute to
making any model more interpretable. The findings
indicate that the proposed approach is an accurate,
reliable, and interpretative predictor of sleep
disorders.

7.FUTURE SCOPE

Through the inclusion of information on
physiological features associated with sleep such as
the EEG, ECG and breathing rates, additional
research can enhance the suggested system. This
enhances model generalization and strength.Auto-
generated features and complex temporal
associations on sleep data can be realized by deep
learning techniques of CNNs and RNNs.

Inclusion of lifestyle traits, health history and
wearable device activities into sleep disorder
prediction may also enhance the accuracy and
reliability.More sophisticated optimization
techniques such as  Bayesian  parameter
optimization and ensemble techniques can enhance
the model performance.

In order to diagnose and treat the sleep
disorders at an early stage, developing real time
deployment frameworks to undertake on-going
monitoring and practical healthcare applications
can be helpful.
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