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Abstract

This study develops an interpretable Machine Learning (ML) framework with enhanced feature engineering 
to predict sleep disorders, achieving 93% accuracy and improving over prior models. The main objective of 
this work is to enhance the scientific rigor of sleep research and computational intelligence applications by 
providing insights into evidence-based interventions and optimizing sleep quality through customized lifestyle 
modifications. The methodology includes careful dataset selection, preprocessing to manage missing data and 
ensure integrity, and comprehensive feature engineering to accounting for the temporal aspects of sleep patterns. 
Multiple machine learning models are developed, including supervised and unsupervised approaches such as 
clustering algorithms, SVM, Random Forests, and Neural Networks. Evaluation metrics—accuracy, precision, 
recall, and F1-score—are cross-validated to ensure model robustness and prevent overfitting. Visualization 
tools, including heatmaps, scatter plots, and dimensionality reduction techniques, are employed to interpret the 
relationships between lifestyle factors and sleep health outcomes. Ethical considerations—such as data privacy, 
confidentiality, and the responsible interpretation of results—are upheld throughout the investigation.
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I.	 Introduction

SLEEP health is a multifaceted concept vital to human well-being, 
akin to water and food, crucial for maintaining physical and 

psychological health [1]. However, modern lifestyles often prioritize 
productivity over adequate sleep, leading to detrimental effects on 
health and well-being. Recent studies highlight the crucial role of sleep 
in bodily and mental rejuvenation, underscoring its impact on safety, 
cognitive function, and physical health [2]. Insufficient sleep has been 
linked to increased risks of chronic diseases such as Type 2 diabetes, 
obesity, and cardiovascular diseases across all age groups [3].

Advanced computational intelligence refers to a variety of advanced 
artificial intelligence methods that are intended to tackle difficult 
problems on their own. Systems can learn from data and generate 
predictions using machine learning (ML), which includes supervised, 
unsupervised, and reinforcement learning. This allows systems to adapt 
dynamically to new information [4]. A branch of machine learning 
called deep learning leverages deep neural networks to revolutionize 
domains such as natural language processing (NLP) and picture 
identification. Tasks like sentiment analysis, language translation, and 
image categorization are made possible by these technologies. In order 
to understand visual data for uses like object detection and medical 
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picture analysis, computer vision is essential. Swarm intelligence and 
evolutionary algorithms replicate biological processes to repeatedly 
improve solutions, while reinforcement learning teaches agents optimal 
strategies through interaction with their surroundings. Applications 
for probabilistic graphical models can be found in recommendation 
systems, economics, and healthcare. These models handle complex 
interactions through representation. When combined, these methods 
promote automation, enhance judgment, and extract knowledge from 
huge datasets in a variety of industries.

This study uses cutting-edge ML techniques in conjunction with 
computational intelligence to conduct a thorough analysis of sleep 
health. This work introduces a streamlined, interpretable decision 
tree model with tailored preprocessing strategies, offering clearer 
insights into sleep-health determinants. Our goal is to forecast 
sleep accurately disturbances and comprehend the fundamental 
mechanisms controlling sleeplength and quality by incorporating 
a variety of lifestyle factors into our analysis. Thorough dataset 
selection, preprocessing, feature engineering, machine learning model 
building, assessment, visualization, and ethical concerns are all part of 
our methodology.

A.	Context and Scope of the Study
The fast-paced lifestyle of today has devalued sleep, with serious 

health and well-being implications. By incorporating cutting-edge 
machine learning techniques, this study fills in knowledge gaps in the 
field by offering a more comprehensive understanding of sleep health. 
We investigate the effects of environmental factors, stress levels, and 
physical activity on sleep patterns and quality.

B.	Related Works and Gaps
Studies have demonstrated how conscientiousness and stress at 

work affect the quality of sleep [5], [6]. Nevertheless, extant research 
frequently depends on self-reported data and has difficulties when 
implementing intricate machine learning models in situations with 
limited resources. By creating a strong machine learning model and 
using extensive feature engineering approaches to improve prediction 
accuracy, this study seeks to overcome these constraints.

C.	Motivation
This work attempts to close current gaps in sleep research by 

utilizing cutting-edge machine learning techniques, given the essential 
role that sleep plays in both productivity and health. Through data-
driven analysis, we aim to uncover actionable insights that might 
guide individualized interventions aimed at improving sleep health.

D.	Methodology
The methodology of this study comprises several key stages:

1.	 Dataset Selection and Preprocessing: The study started with a 
meticulous selection of a dataset full of information on sleep 
patterns and lifestyle factors. The dataset is subjected to extensive 
preparation in order to address missing data, standardize 
numerical attributes, encode categorical variables, and guarantee 
data consistency.

2.	 Feature Engineering: A thorough feature engineering methodology 
is used, comprising the generation of derived features, the selection 
of pertinent features based on feature importance and correlation 
analysis, and the integration of temporal characteristics of sleep 
patterns.

3.	 Machine Learning Model Development: Numerous ML models are 
created, encompassing both unsupervised methods like clustering 
algorithms and supervised models like SVM, Random Forests, and 
Neural Networks. When appropriate, deep learning models such 
as CNNs or RNNs are also investigated.

4.	 Model Training and Evaluation: A 10-fold stratified cross-validation 
strategy was employed. The decision tree model was selected for 
its interpretability and strong performance after tuning, achieving 
higher accuracy than RF in prior studies. Metrics like accuracy, 
precision, recall, and F1-score are used to assess models with a 
separate subset of the dataset after they have been trained on 
it. Overfitting is reduced and robustness is ensured via cross-
validation methods.

5.	 Visualization and Interpretation: Heatmaps, scatter plots, and 
dimensionality reduction techniques are used to depict the 
relationships between lifestyle factors and sleep health outcomes. 
This offers a natural understanding of the variables impacting sleep 
disruptions.

6.	 Ethical Considerations: Ethical principles, including data 
protection, confidentiality, and responsible interpretation of 
results, are respected throughout the whole study. The dataset is 
publicly available under a CC0 license from Kaggle. All entries are 
anonymized, and no identifiable personal data is included.

E.	 Contributions
This study contributes to sleep health research by:

•	 Developing a novel ML model for predicting sleep disturbances 
using comprehensive feature engineering.

•	 Providing actionable insights into the relationships between 
lifestyle factors and sleep health outcomes.

•	 Enhancing the methodological rigor of sleep research through 
advanced computational intelligence techniques.

•	 Upholding ethical standards in data handling and research 
practices.

II.	 Related Work

Numerous prior research endeavors have comprehensively 
examined the correlation between lifestyle elements and sleep patterns, 
furnishing invaluable insights into the components that influence the 
quality and duration of sleep. Research has repeatedly demonstrated 
a relationship between gender and sleep [7]. ML classifiers have been 
employed to predict sleep disorders [8], utilizing methodologies that 
vary in complexity and effectiveness. Furthermore, publicly available 
datasets such as the Sleep Health and Lifestyle dataset have facilitated 
research in this domain.

Research on Lifestyle Choices and Sleep Quality Ma et al. [9] 
investigated the impact of lifestyle choices on sleep quality using 
linear regression and bootstrap techniques. Their study highlighted 
significant variables such as age, physical activity levels, and daily step 
count, correlating positively with improved sleep quality. However, 
the study’s reliance on selfreported data and the potential for bias in 
lifestyle reporting are notable limitations.

ADAST: Attentive Cross-Domain EEG-Based Sleep Staging 
Framework Eldele et al. [1] proposed ADAST, a framework for cross-
domain EEG-based sleep staging using iterative selftraining. ADAST 
improves accuracy across domains without extensive labeled data, 
leveraging iterative refinement. Advantages include robustness in 
domain adaptation; however, initial pseudo-label quality impacts 
performance.

Deep Transfer Learning for Cross-Subject Sleep Stage Classification 
Phan et al. [2] utilized deep transfer learning for cross-subject sleep 
stage classification, enhancing generalization to new subjects. The 
method’s strength lies in its ability to improve classification accuracy 
by transferring knowledge. Yet, computational demands and model 
complexity remain challenges.
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Katabi et al. [3] integrated AI and ML with wearable devices for 
real-time sleep quality monitoring. Their approach offers personalized 
interventions but relies heavily on sensor accuracy and data reliability, 
limiting generalizability. Nasiri et al. [10] employed adversarial training 
for unsupervised domain adaptation in sleep staging. This method 
reduces domain discrepancy without labeled target data, suitable for 
datascarce environments. Challenges include adversarial training, 
stability, and hyperparameter tuning. Alshumayri et al. [11] analyzed 
lifestyle and health impacts on sleep using RF and SVM models. Their 
study provides insights into critical factors influencing sleep patterns, 
but is constrained by dataset limitations and model complexity.

Yang et al. [12] developed an ECG-based method for obstructive 
sleep apnea detection, showcasing non-invasiveness and high accuracy. 
However, signal noise and preprocessing complexities affect performance 
in real-world applications. Doe et al. [13] explored predictive models 
in healthcare outcomes, emphasizing ensemble learning’s efficacy in 
diverse data integration. The complexity of ensemble models poses 
implementation challenges despite their predictive accuracy.

Enhanced Ensemble Models for Predictive Modeling Smith et al. 
[14] proposed enhanced ensemble models, demonstrating robust 
predictive performance. Advantages include reduced bias and 

variance; however, computational demands and model interpretability 
remain limitations. Airlangga et al. [15] compared ML models in 
diagnosing sleep disorders, highlighting ensemble methods’ superior 
performance metrics (e.g., accuracy up to 91.6%). Yet, data complexity 
and model deployment feasibility pose challenges.

Hidayat et al. [16] applied RF models to classify sleep disorders, 
addressing overfitting and data imbalance. While effective, the model’s 
performance varies with data quality and feature relevance. Tareq 
et al. [17] introduced an RF model for predicting sleep difficulties, 
achieving an 88% detection accuracy. However, model robustness and 
feature importance interpretation are ongoing challenges.

The reviewed studies highlight the diverse methodologies and 
advancements in AI and ML for sleep research, offering promising 
avenues for personalized healthcare solutions. While these approaches 
enhance diagnostic accuracy and intervention effectiveness, challenges 
such as data quality, model complexity, and interpretability require 
ongoing research attention. Future studies should focus on refining 
algorithms, improving data integration strategies, and validating 
models in clinical settings to optimize sleep health outcomes effectively. 
Table I summarizes studies on AI/ML applications in sleep research.

TABLE I. Summary of Studies on AI/ML Applications in Sleep Research

Reference Focus and 
Objective Methods Dataset Used Evaluation 

Measures Advantages Limitations Key Findings 

[9] 
Impact of lifestyle 
on sleep quality 

Linear 
regression, 
bootstrap 

Not specified 
Correlation 
coefficients 

Correlation 
analysis, robust 

statistics 

Self-reported data, 
potential bias 

Age, physical activity, daily step count 
correlate positively with sleep quality. 

[1] 
Cross-domain 

EEG-based sleep 
staging 

Iterative self-
training 

EEG-based 
datasets 

Accuracy, F1 
score 

Domain 
adaptation, 

improved accuracy 

Initial pseudo-label 
quality affects 
performance 

ADAST improves accuracy in cross-
domain EEG sleep staging without 

extensive labeled data. 

[2] 
Cross-subject sleep 
stage classification 

Deep transfer 
learning 

Sleep staging 
datasets 

Accuracy, 
Precision, 

Recall 

Knowledge 
transfer, enhanced 

generalization 

Computational 
complexity, model 

deployment 

Improved classification accuracy across 
diverse subjects using transfer learning 

techniques. 

[10] 
Unsupervised 

domain adaptation 
for sleep staging 

Adversarial 
training 

EEG and sleep 
staging datasets 

Accuracy, 
Domain 

Adaptation 

Domain 
adaptation, data 

efficiency 

Adversarial 
training stability, 
hyperparameter 

tuning 

Effective domain adaptation in sleep 
staging without labeled target domain 

data. 

[3] 
AI and ML for 

improving sleep 
quality 

Wearable 
devices, AI 
integration 

Sleep Health and 
Lifestyle dataset 

Real-time 
monitoring 

Personalized 
interventions, 

sensor accuracy 

Data reliability, 
sensor accuracy 

Integration of AI with wearables 
improves real-time sleep quality 
monitoring and interventions. 

[12] 
Detection of 

obstructive sleep 
apnea 

ECG signal 
analysis 

ECG and sleep 
apnea datasets 

Accuracy, 
Sensitivity, 
Specificity 

Non-invasiveness, 
high accuracy 

Signal noise, 
preprocessing 
complexities 

ECG-based method accurately detects 
obstructive sleep apnea, promising for 

diagnostics. 

[13] 

Predictive 
intelligence 

for healthcare 
outcomes 

Ensemble 
learning 

Healthcare 
outcomes datasets 

Accuracy, 
Precision, 

Recall 

Data integration, 
predictive accuracy 

Model complexity, 
inter-pretability 

challenges 

Ensemble methods improve predictive 
accuracy in healthcare outcomes 

prediction. 

[14] 

Enhanced 
ensemble models 

for predictive 
modeling 

Ensemble 
methods 

Predictive 
modeling datasets 

Accuracy, 
Bias-Variance 

trade-off 

Reduced bias, 
improved accuracy 

Computational 
demands, model 
interpretability 

Enhanced ensemble models reduce bias 
and variance, improving predictive 

accuracy. 

[15] 

ML models 
for diagnostic 

precision in sleep 
disorders 

Various ML 
models 

Diagnostic 
datasets 

Accuracy, 
Precision, 

Recall 

High diagnostic 
precision, 

performance 
metrics 

Data complexity, 
model deployment 

feasibility 

Ensemble methods achieve high 
accuracy in diagnosing sleep disorders, 

up to 91.6% accuracy reported. 

[11] 
Impact of lifestyle 
and health factors 
on sleep quality 

RF, SVM 
Sleep health and 
lifestyle datasets 

Accuracy, 
Feature 

Importance 

Identification of 
critical factors 

Dataset limitations, 
model complexity 

Lifestyle and health factors significantly 
influence sleep quality, identified 
through RF and SVM analyses. 

[16] 
Classification of 
sleep disorders 

RF 
Sleep disorder 
classification 

datasets 

Accuracy, F1 
score 

Mitigation of 
overfitting, data 

imbalance 

Data quality, feature 
relevance 

RF model effectively classifies sleep 
disorders, addressing challenges like 

data imbalance and overfitting. 

[17] 
RF model for 

predicting sleep 
difficulties 

RF 
Sleep difficulty 

prediction 
datasets 

Accuracy, 
Sensitivity, 
Specificity 

High detection 
accuracy, 

predictive model 

Model robustness, 
feature importance 

interpretation 

RF model achieves 88% accuracy 
in predicting sleep difficulties, 

demonstrating robust performance. 
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III.	Proposed Methodology

One of the recommended techniques for predicting sleep problems 
is the RF classifier. The model is trained and assessed using the 
sleep health and lifestyle dataset. RF combines many DT to improve 
accuracy. DT partitions data based on feature criteria, resulting in a 
structure that resembles a tree. Using its learning from the dataset, the 
algorithm forecasts the classes of sleep disorders.

The initial step involves a number of pre-processing steps before 
the DT model is built. Reading datasets, selecting features, modifying 
data (such as one-hot encoding), occupation, gender, and BMI 
category were encoded using one-hot encoding. Correlation analysis 
(threshold > 0.8) led to the removal of features like ’stress level’ to 
reduce redundancy. Dividing datasets into training and testing subsets, 
addressing missing data, standardizing or normalizing data, correcting 
imbalances in the data, and validating the dataset are a few of the 
tasks that need to be completed. Furthermore, each DT node employs 
the Gini Index approach to ascertain the optimal split during the data 
partitioning process. This method aids in the selection of splits that 
enhance the target class’s segregation, leading to the creation of an 
accurate and efficient DT. Fig. 1 provides a summary of these methods.

IV.	Discussion and Results

A.	Explore Data Analysis (ADA) of Sleep Health Lifestyle Dataset
The Sleep Health and Lifestyle Dataset1 is the dataset used in this 

research work. Numerous factors pertaining to sleep and everyday 
routines are present in this dataset, which is organized into 373 rows 
and 13 columns. It offers details on elements like:

1.	 Person ID
2.	 Gender
3.	 Age
4.	 Occupation
5.	 Sleep Duration: Average number of hours slept each day
6.	 Quality of Sleep: An arbitrary score between 1 and 10

1   https://www.kaggle.com/datasets/henryshan/sleep-health-and-lifestyle

7.	 Physical Activity Level: The average daily amount of time spent 
exercising by the person

8.	 Stress Level: A subjective rating on a 1-10 scale BMI Category
9.	 Blood Pressure: represented by the ratio of the systolic to the 

diastolic pressure
10.	Heart Rate: In beats per minute
11.	Sleep Disorder: One of None, Insomnia or Sleep Apnea

B.	Exploring the Relationship Between Occupation and Sleep 
Patterns: An Analysis of Sleep Duration and Quality

For a basic understanding of the intricate connection between sleep 
health and occupation, refer to the following visualizations. They 
identify possible problem areas where occupational pressures may 
adversely affect sleep, as well as places where specific job types may 
be associated with improved sleep quality. To improve sleep health in 
particular professional groups, this analysis is essential for creating 
tailored therapies or suggestions.

1.	 Sleep duration by occupation: The relationship between occupation 
and sleep length is evident in Fig. 2. Analyzing Fig. 2 leads to the 
following crucial discovery.

•	 Range and Median Different occupations show varied ranges 
in sleep duration. For instance, if certain occupa-tions like 
’Software Engineers’ or ’Doctors’ have a wider range, it 
might indicate a more inconsistent sleep pattern within these 
professions. The median line within each box indicates the 
typical sleep duration for each occupation, which can be 
compared across different jobs.

•	 Outliers: If there are occupations with notable outliers (points 
that lie outside the typical range of the boxplot),this could 
suggest that individuals in these professions experience either 
significantly more or less sleep than their peers, possibly due 
to job-related stress or irregular work hours.

•	 Tight vs. Wide Distributions: Some occupations might 
have tighter distributions (smaller boxes), suggesting more 
uniformity in sleep duration among individuals in these jobs. 
Others with wider distributions indicate more variability 
among workers in that field.

Sleep Health & Lifestyle Dataset Random Forests Classifier

Training & Testing
Pre-processing Steps

Dataset Reading

Read

Select Features

Feature Selection

Data Manipulation

One-Hot Encoding

Segmentation Handle Missing Data Standardize/Normalize Data Handle Imbalances Validate Data

Create Decision
Tree Model

Decision Tree Model

Training

Training Subset

Calculate Gini Index

Gini Index Calculation

Testing

Testing Subset

Standardization/NormaIization Data Imbalance Handling Data ValidationData Partitioning Managing Missing Data

Fig. 1. Methodology.



International Journal of Interactive Multimedia and Artificial Intelligence, Vol. 10, Nº1

Sleep Duration Occupation

So�ware Engineer

Doctor

Sales Representative

Teacher

Nurse

O
cu

pa
ti

on

Sleep Duration
6.0 6.5 7.0 7.5 8.0 8.5

Engineer

Accountant

Scientist

Lawyer

Salesperson

Manager

Fig. 2. Sleep duration by occupation.

2.	 Quality of sleep by occupation: Fig. 3 illustrates the correlation 
between occupation and sleep duration. The critical main findings 
that follow from the analysis of Fig. 3 are important:

•	 Highs and lows: pay attention to occupations that have higher 
median sleep quality scores versus those with lower scores. 
This can suggest which professions are associated with better-
perceived sleep quality.

•	 Consistency: occupations with boxes that have less spread 
(narrower boxes) indicate a more consistent sleep quality 
experience among individuals in that profession, whereas 
wider boxes show greater variance.

•	 Skewness: the skewness in the distribution (whether the 
box and whiskers are symmetric or skewed to one side) can 
indicate a tendency towards higher or lower sleep quality 
ratings in certain occupations.
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Fig. 3. Quality of sleep occupation.

C.	Analyzing the Intersection of Age, Sleep Duration, and Sleep 
Disorders

The scatter plot in Fig. 4 visualizes the relationship between sleep 
duration, age, and the presence of sleep disorders, offering several 
valuable insights. A study of Fig. 4 yields the following conclusions:

•	 Age and sleep duration correlation

The plot provides a visual representation of how sleep duration 
varies with age. Look for any trends such as increasing or 
decreasing sleep duration, as age increases. If a trend is visible, it 
suggests a potential age-related change in sleep patterns.

•	 Impact of sleep disorders

The use of different colors to represent different sleep disorders 
(None, Insomnia, Sleep Apnea) allows us to observe how these 
conditions are distributed across different age groups and how 
they might affect sleep duration. Key insights could include:

	- Whether certain sleep disorders are more prevalent in specific 
age groups.

	- How sleep duration varies among individuals with different 
sleep disorders. For instance, do those with insomnia tend to 
have shorter sleep duration?

•	 Cluster and Spread

The distribution and clustering of points can indicate common 
patterns. A dense clustering of points in a certain area suggests 
a common sleep duration for a specific age group, while a more 
spread-out distribution indicates variability.

•	 Outliers and Anomalies

Any points that lie far from the general cluster can indicate 
unusual cases, such as very young or old individuals with atypical 
sleep duration or specific sleep disorder patterns not common 
in their age group. This scatter plot effectively combines three 
critical dimensions of the dataset—age, sleep duration, and sleep 
disorders—to provide a comprehensive view of how these factors 
interrelate. Such insights are invaluable for understanding the 
dynamics of sleep health across different age groups and for 
identifying specific age groups that might be more susceptible to 
certain sleep disorders.

D.	Evaluating the Relationship Between Sleep Duration and 
Quality in the Context of Sleep-Related Problems

Fig. 5 provides a valuable visualization of how sleep quality 
correlates with sleep duration, further categorized by thepresence of 
sleep disorders (None, Insomnia, Sleep Apnea). The insights that can 
be drawn from this visualization include:

•	 Correlation between Sleep Duration and Quality

The plot shows the relationship between how long individuals 
sleep (sleep duration) and how well they rate their sleep (quality 
of sleep). A positive or negative trend in the line would indicate a 
direct or inverse relationship, respectively. For example, if the line 
rises with increased sleep duration, it suggests that longer sleep is 
associated with better-perceived sleep quality.

•	 Impact of sleep disorders on sleep quality

The different lines for each sleep disorder provide a comparative 
view of how sleep quality is affected in the presence of these 
conditions. Key observations could include whether individuals 
with certain sleep disorders (like Insomnia or Sleep Apnea) 
consistently rate their sleep quality lower than those without a 
sleep disorder, regardless of sleep duration. It’s also insightful to 
see if the relationship between sleep duration and quality differs 
significantly among the different sleep disorder groups.

•	 Variations and patterns

Look for any notable peaks, troughs, or patterns in the lines. 
For instance, a peak might suggest an optimal sleep duration 
for quality sleep, while a trough could indicate a sleep duration 
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Regular Issue

where quality diminishes. The spread and overlap of the lines can 
indicate how similar or different the sleep quality experiences are 
for individuals with different sleep disorders.

•	 Consistency across sleep disorders

If the lines for different sleep disorders follow a similar pattern, 
it suggests a consistent effect of sleep duration on quality across 
these conditions. Divergent patterns, on the other hand, would 
indicate that the type of sleep disorder significantly alters this 
relationship. This visualization is instrumental in understanding 
the complex dynamics between sleep duration, quality, and 
disorders, offering critical insights for sleep health research and 
potential interventions.

E.	 Comparative Analysis of Sleep Quality Across Different Sleep 
Disorders

The box plot visualization provides an insightful comparison of how 
sleep quality varies among individuals withdifferent sleep disorders 
(None, Insomnia, Sleep Apnea). From this visualization, several key 
insights can be derived:

•	 Median and Spread of Sleep

Quality Scores The median (central line in each box) gives a quick 
indication of the typical sleep quality rating for each disorder 
category. The range (length of the box) shows the variability in 
sleep quality within each group. A larger range indicates greater 
variability.

•	 Comparison between groups

By comparing the median and range of each box, we can see 
how sleep quality differs between those with no sleep disorder, 
insomnia, and sleep apnea. For example, a lower median in the 
Insomnia group compared to the None group would suggest that 
insomnia is associated with poorer sleep quality.

•	 Outliers and extremes

Outliers (points outside the box) highlight individuals with sleep 
quality ratings that are notably different from the majority in 
their group. This can indicate exceptionally good or poor sleep 
quality within a disorder category. Whiskers (lines extending 
from the boxes) indicate the range of the majority of the data, 
excluding outliers. A long whisker might reveal a wider spread of 
experiences in sleep quality.

•	 Skewness in distribution

The symmetry or asymmetry of the boxes can indicate a skew in 
sleep quality ratings. For instance, a box skewed towards higher 
ratings in the ’None’ group would suggest that most people without 
a sleep disorder generally rate their sleep quality positively. This 
box plot is essential for understanding the impact of different 
sleep disorders on perceived sleep quality. It allows for a direct 

comparison between groups, providing insights into the severity 
of the impact of various sleep disorders on sleep quality. This 
information is crucial for healthcare professionals and researchers 
focusing on sleep health and the management of sleep disorders.

F.	 Gender Distribution Across Different Sleep Disorders
The pie charts in Fig. 7, Fig. 8, and Fig. 9 provide a clear visualization 

of the gender distribution within each category of sleep disorders 
(None, Insomnia, Sleep Apnea). From this visualization, several 
insights can be gleaned:

•	 Gender Proportions in Each Sleep Disorder

The charts show the percentage breakdown of males and females 
within each sleep disorder category. This helps to understand if 
there’s a gender prevalence in any particular sleep disorder. For 
example, a significantly higher percentage of one gender in a 
disorder like Insomnia could suggest a gender predisposition.

•	 Comparative Analysis Across Disorders

By looking at the pie charts side by side, you can compare the 
gender distribution across different sleep disorders. Notable 
differences in gender ratios between disorders may indicate 
varying susceptibility or diagnosis rates among males and females.

•	 Overall Gender Balance

These charts also provide a visual representation of the overall 
gender balance within the study population, specifically 
regarding sleep disorders. A balanced distribution in the ’None’ 
category would indicate a representative sample, while a skewed 
distribution in any disorder category might suggest an area for 
further investigation.

•	 Identifying Gaps or Biases

If any of the sleep disorders show a significant imbalance in 
gender distribution, it could point to potential gaps or biases in 
diagnosis, reporting, or the prevalence of the disorder itself. These 
visualizations are particularly useful for healthcare professionals 
and researchers to identify potential gender-related patterns or 
biases in the prevalence and diagnosis of sleep disorders. They 
also contribute to a broader understanding of how sleep disorders 
might deferentially affect males and females.

G.	Occupational Breakdown About Sleep Disorders: A Countplot 
Analysis

The counterplot in Fig. 10 provides a detailed view of how various 
sleep disorders are distributed across different occupations. Key 
insights that can be drawn from this visualization include:

•	 Prevalence of sleep disorders by occupation

The Fig. 10 shows the frequency of each sleep disorder (None, 
Insomnia, Sleep Apnea) within different occupational groups. 
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This helps in identifying if certain occupations are more prone 
to specific sleep disorders. For instance, a high count of Insomnia 
in a particular occupation could indicate a stress-related or 
workenvironment factor influencing sleep health.

•	 Occupational stress and sleep health

Occupations with a higher frequency of sleep disorders may 
suggest higher levels of job-related stress or lifestyle factors 
that negatively impact sleep. Conversely, occupations with a 
predominantly ’None’ category for sleep disorders could imply 
more conducive work environments for sleep health.

•	 Comparative analysis across occupations

By comparing the counts across different occupations, we can 
assess which professions are most affected by sleep disorders. This 
can guide further investigation into occupational health practices 
and the need for specific interventions or support systems in high-
risk occupations.

•	 Distribution trends

The distribution of sleep disorders within each occupation, 
especially the relative proportions of Insomnia and Sleep Apnea, 
can reveal specific occupational health concerns. For example, a 
high incidence of Sleep Apnea in physically demanding jobs could 
point towards factors like obesity or physical health conditions 
common in those occupations. This counterplot is an effective 
tool for identifying potential occupational risk factors for sleep 
disorders and can be instrumental in guiding workplace health 
policies, awareness campaigns, and targeted interventions to 
improve sleep health in the workforce.

H.	Interplay Between Sleep Duration, Quality, Physical Activity, 
and Sleep Disorders.

The pairplot in Fig. 11 offers a comprehensive view of the 
relationships between sleep duration, quality of sleep, physical activity 
level, and sleep disorders. It provides a multidimensional perspective, 
revealing insights into how these variables interact with each other:

•	 Sleep duration vs. quality of sleep

This plot helps in understanding if there is a correlation between 
how long people sleep and how they rate the quality of their sleep. 
A positive correlation would suggest that longer sleep might be 
associated with better sleep quality.

•	 Sleep duration vs. physical activity level

This plot explores the relationship between physical activity 
and sleep duration. Insights here could include whether more 
physically active individuals tend to have longer or shorter sleep 
durations, suggesting a potential impact of physical activity on 
sleep.
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Fig. 9. Sleep duration by gender distribution.
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Fig. 7. Sleep duration by gender distribution.
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•	 Quality of sleep vs. physical activity level
This plot assesses whether there’s a relationship between physical 
activity levels and perceived quality of sleep. For instance, higher 
physical activity might be associated with better sleep quality, or 
there might be no clear pattern.

•	 Influence of sleep disorders
The hue differentiation based on sleep disorders allows for the 
comparison of these relationships in the context of different sleep 
disorders (None, Insomnia, Sleep Apnea). This aspect helps in 
determining whether the presence of a sleep disorder alters the 
typical patterns observed between sleep duration, quality, and 
physical activity.

•	 Distribution and overlap
The distribution of points in each plot, especially the degree of 
overlap between different sleep disorders, can provide insights 
into how distinct or similar these groups are in terms of their sleep 
and activity patterns.

•	 Patterns and outliers
Any notable patterns, clusters, or outliers in the plots canreveal 
unique insights, such as specific trends within a sleep disorder 
category or exceptional cases that deviate from general trends. 
This pairplot is a powerful tool for visualizing and understanding 
the complex relationships between key variables related to 
sleep health. It is especially useful for identifying patterns and 
relationships that might not be immediately obvious and can 
guide further statistical analysis or research.

I.	 Analyzing the Impact of Stress Levels on Mean Sleep Duration 
Across Sleep Disorders

The heatmap in Fig. 12 provides a visually compelling analysis of 
how average sleep duration varies across different sleep disorders and 
stress levels. It combines these two key aspects to offer several insights.
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•	 Interaction between stress level and sleep disorders
Fig. 12 allows for an examination of how the mean sleep duration 
is influenced by both stress level and the type of sleep disorder. 
This can reveal if higher stress levels correlate with shorter sleep 
duration within specific sleep disorders.

•	 Comparative mean sleep duration
Each cell in the heatmap represents the average sleep duration for a 
specific combination of sleep disorder and stress level. This allows 

for direct comparison across different groups. For example, cells 
with warmer colors (indicating shorter sleep duration) in high-
stress levels can suggest a significant impact of stress on sleep 
duration, particularly in the context of certain sleep disorders.

•	 Patterns and trends

Any noticeable patterns, such as a consistent decrease in sleep 
duration with increasing stress levels across all sleep disorders, 
would be indicative of a strong link between stress and reduced 
sleep. Similarly, variations in the pattern for different sleep 
disorders can shed light on how these conditions interact with 
stress to affect sleep.

•	 Identifying critical combinations

The heatmap highlights critical combinations of stress levels and 
sleep disorders where sleep duration is significantly affected. 
This could be crucial for targeted interventions. For instance, if 
individuals with insomnia under high-stress levels show markedly 
reduced sleep duration, this group might require specific stress 
management interventions.

•	 Overall trends and anomalies 

The general color trend across the heatmap can indicate overall 
tendencies, while any anomalies (such as an unexpectedly high 
or low average sleep duration in a particular cell) can point to 
areas needing further investigation. This heatmap is a valuable 
tool for healthcare professionals, researchers, and policymakers to 
understand the complex interplay between stress, sleep disorders, 
and sleep duration, guiding effective strategies for improving 
sleep health.

J.	 Heart Rate Variations About Different Sleep Disorders
The box plot in Fig. 13 provides a visual comparison of heart rate 

distributions across various sleep disorders (None, Insomnia, Sleep 
Apnea). This visualization offers several key insights.
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Fig. 13. Heart rate distribution by sleep disorder.

•	 Median heart rate per sleep disorder

The central line in each box represents the median heart rate 
for each sleep disorder category. Comparing these medians can 
reveal whether certain sleep disorders are associated with higher 
or lower median heart rates. For example, a higher median in the 
Sleep Apnea category might suggest a link between this disorder 
and elevated heart rates.

•	 Range and variability of heart rates

The length of each box (interquartile range) shows the spread of 
heart rates within each disorder category, indicating the variability 
in heart rate among individuals with the same sleep disorder. 
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Wider boxes suggest greater variability, while narrower boxes 
indicate more uniform heart rates within that group.

•	 Outliers and extremes

Outliers (points outside the box) highlight individuals with heart 
rates significantly different from the majorityin their group. 
This can indicate exceptional cases that might warrant further 
investigation. The whiskers (lines extending from the boxes) show 
the range of typical heart rates, excluding outliers. Long whiskers 
indicate a wider range of heart rates.

•	 Comparative analysis across disorders

By examining the position and spread of boxes across different sleep 
disorders, it’s possible to assess how these conditions might impact 
heart rate. For instance, if the box for Sleep Apnea is noticeably 
higher or has more outliers than other categories, it might suggest 
a distinct impact of this disorder on cardiovascular health.

•	 Symmetry and Skewness

The symmetry of the boxes can indicate whether the heart rate 
distribution is skewed higher or lower within each disorder 
category. This box plot is instrumental in understanding the 
potential cardiovascular implications of different sleep disorders. 
It can be particularly useful for healthcare professionals in 
identifying sleep disorders that may have a more pronounced 
effect on heart rate, guiding more targeted medical evaluations 
and interventions.

K.	Exploring the Link Between Physical Activity Levels and 
Sleep Disorders: A Boxplot Perspective

The box plot visualization in Fig. 14 offers a clear comparison of 
physical activity levels across different sleep disorder categories 
(None, Insomnia, Sleep Apnea). This visualization provides several 
key insights.

Physical Activity Level Distribution by Sleep Disorder

None

30 40 50 60 70 80 90
8.1 7.8 6

Insomnia

Sleep Apnea

Sl
ee

p 
D

is
or

de
r

Physical Activity Level

Fig. 14. Physical activity levels distribution by sleep disorder.

•	 Median physical activity level per sleep

Disorder The central line in each box indicates the median 
physical activity level for each sleep disorder category. This can 
reveal if certain sleep disorders are associated with higher or 
lower median activity levels. For example, a lower median in the 
Insomnia category might suggest reduced physical activity among 
individuals with this disorder.

•	 Range and variability in activity levels

The length of each box shows the spread of physical activity levels 
within each disorder group, indicating the variability among 
individuals. Wider boxes indicate a greater range of activity levels, 
suggesting diverse lifestyles within that sleep disorder category.

•	 Outliers and extremes

Outliers (points outside the box) highlight individuals with 
unusually high or low activity levels compared to the majority in 
their group. This can point to exceptional cases that might require 
additional scrutiny. The whiskers (lines extending from the boxes) 
show the typical range of activity levels, excluding outliers. Long 
whiskers indicate a broad range of physical activity levels.

•	 Comparative analysis across disorders

By comparing the position and spread of boxes across different 
sleep disorders, it’s possible to assess how these conditions might 
correlate with physical activity levels. If a particular sleep disorder 
category consistently shows lower activity levels, it might suggest 
a link between that disorder and reduced physical activity.

•	 Symmetry and distribution

The symmetry of the boxes can provide insight into the distribution 
of activity levels. A skewed box might indicate a tendency towards 
either higher or lower activity levels within a sleep disorder 
category.

This boxplot is crucial for understanding the potential relationships 
between physical activity levels and different sleep disorders. It 
provides valuable insights for healthcare professionals and researchers, 
suggesting areas where lifestyle interventions might be beneficial, 
particularly for individuals with specific sleep disorders.

V.	 Features Engineering

The dataset has undergone comprehensive feature engineering, 
including standardization, encoding, and reduction of multicollinearity 
through correlation analysis. This process has refined the dataset 
into a format that is optimized for predictive modeling, ensuring 
that the features included are relevant and appropriately formatted 
for the analysis. The final feature set is expected to provide a strong 
foundation for developing a robust model to predict sleep disorders. 
The process included the following:

•	 Renaming columns

To ensure consistency and ease of data handling. All column 
names were converted to lowercase, and spaces were replaced 
with underscores.

•	 Encoding blood pressure

To create a more analytically useful representation of blood 
pressure. This is done by calculating the ratio of systolic to 
diastolic blood pressure and storing it in a new column ’bp-ratio’.

•	 Encoding the target variable

To transform the categorical target variable ’sleep disorder’ into 
a numerical format. This is achieved by applying label encoding 
to the ’sleep disorder’ column, converting categories to numerical 
labels. A DataFrame (label df) was created to map original and 
encoded labels.

•	 One Hot Encoding of categorical variables

To convert categorical variables into a format suitable for 
modeling. This is by applying One Hot Encoding to ’occupation’, 
’gender’, and ’BMI category’, with the first category dropped to 
avoid multicollinearity.

•	 Correlation analysis

To reduce collinearity and dimensionality in the dataset. This 
depends on calculating the correlation matrix for the encoded 
dataset, excluding ’person id’, ’blood pressure’, and ’sleep disorder’.



Regular Issue

•	 Dropping columns based on correlation analysis

To remove features that are highly correlated or redundant. 
This is done by dropping several columns, including ’person id’, 
’blood pressure’, ’sleep disorder’, ’daily steps’, certain occupation 
categories (’occupation Nurse’), ’stress level’, and ’quality of sleep’.

•	 Final Feature Set

To define the final set of features for the predictive model. This 
is performed by creating a final feature set named features by 
dropping the identified columns.

A.	Modeling
•	 Decision Tree Classifier

To establish a baseline model using a DT classifier. This step 
involves a Feature-Target Split by separating the dataset into 
features (X) and the target variable (y). Dividing the data into 
training and testing sets with an 80-20 split ensures class 
stratification. The Scaling uses standardized features using the 
Standard Scaler to ensure equal weighting. The Model Training is 
fitted with a DT on the training data. Model Evaluation: Evaluated 
the model on the test set and calculated accuracy. Also generated 
a classification report. Results. Achieved an accuracy of 89.33%. 
The classification report indicated varying precision, recall, and 
F1 scores across different classes. We employed SHAP (SHapley 
Additive exPlanations) to interpret model predictions. The most 
influential features included sleep duration, physical activity, 
and heart rate. Visualizations are provided to explain individual 
predictions. While the model performs well, it is intended as a 
decision-support tool to assist with identifying potential sleep 
disorders, not as a diagnostic system.

•	 Hyperparameter tuning using grid search

To adjust the hyperparameters of the DT model to optimize it. A 
grid of hyperparameters, comprising max depth, min samples split, 
min samples leaf, and criterion, must be defined in this phase. To 
identify the ideal parameter combination, use cross-validation in 
the conducted grid search. They assessed which criteria and results 
worked best. The findings indicate that entropy, max depth: None, 
min samples leaf: 1, and min samples split: 10 were determined to 
be the optimal settings. The grid search yielded an optimal score 
of about 88.3%.

•	 An optimized DT classifier’s parameters

To fit the DT model using the optimal grid search settings. Starting 
a new DT classifier with optimized parameters is part of the 
process. Using the training set of data, they fitted the model and 
generated predictions for the test set. They produced a report on 
classification for the model that was optimized. The classification 
report performed better than the baseline model, as seen by 
enhancedprecision, recall, and F1-scores, according to the results. 
By now, the accuracy was up to about 93%.

•	 Confusion matrix analysis

To interpret the model’s performance visually. As part of the 
process, the confusion matrix for the optimized model is created and 
printed. To improve visibility, they plotted the confusion matrix as 
a heatmap. Fig 15 presents the results, where the confusion matrix 
offers a comprehensive analysis of the differences between the 
model’s predicted and actual values. The heatmap visualization 
made it easier to see how well the model predicted each class.

•	 Comparing with related studies

This study intends to list the most popular algorithms for detecting 
sleep problems so that various ML models may be compared. 

We compared our results with relevant studies that used the 
same dataset in order to validate our suggested methodology. In 
comparison to three previous studies that employed the same 
dataset, Table II displays the accuracy result of the DT used in this 
investigation. DT was adopted by [15], whereas RF was adopted 
by [16] and [17].

TABLE II. Compared Accuracy With Related Studies on the Same 
Investigated Dataset

Study Model Accuracy
Airlangga [15] DT 91.6%
Hidayat [16] RF 88%
Tareq [17] RF 88%
The proposed approach DT 93%

The performance attained by the proposed model is superior 
to what other studies have reported. [15]–[17]. Our findings show 
significant findings by achieving 93% accuracy.

VI.	 Conclusion

The model’s accuracy and recall rates showed significant 
improvements over the course of the four stages of the sleep health 
and lifestyle modeling process. The final model, which had undergone 
laborious hyperparameter tweaking and was quite proficient at 
diagnosing sleep issues, demonstrated an accuracy of nearly 93%. 
However, given the medical nature of the problem, it is critical 
to acknowledge the possibility of further enhancing the model’s 
effectiveness. Look at different modeling approaches or data pre-
processing techniques for possibly even better outcomes. However, 
in light of the critical importance of accuracy in medical diagnosis, a 
standard for model efficacy was set. This threshold aids in achieving 
two objectives, one of which is to retain a high degree of accuracy and 
recall in the medical setting. It acts as a preventive measure as well, 
informing medical staff that while the model is a helpful resource for 
first screening, it is not flawless. In cases when the model indicates a 
sleep issue, it is recommended that doctors undertake other tests to 
confirm the diagnosis. This approach balances the need for precision 
and prudence when making medical decisions with the efficacy of 
machine learning to give patients the best care possible.
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