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Abstract: Sleep issues, particularly sleep apnea, can cause people to get ill and that is why it is important to have
the correct diagnosis. Instead, sleep experts have complex and time-intensive methods of sorting out the various
sleep stages manually. This paper introduces a ML classification algorithm based on the publicly available Sleep
Disorder Data, comprising 400 records and 13 characteristics. A number of profound and technique-based ML
models are discussed, and their effectiveness in accurately detecting sleep disorders is evaluated. Some of the key
aspects in the dataset that can aid in finding patterns are lifestyle factors and sleep health indicators. These
tendencies may indicate that a person has a sleeping problem. The analysis of the models showed that bagged
models (the Voting Classifier with RF and DT) had the best performance. Accuracy, precision, recall, and F1-
score of the algorithm are all 0.973 which implies that the algorithm is useful in classifying the sleep disorders
and is reliable. These results suggest that the suggested ML methods offer a chance to create sleep problem
diagnoses that are smarter, quicker, and more accurate. This would enhance decision-making and health of the
doctors and patients.

“Index Terms - Machine learning algorithms, deep learning, classification, sleep disorder, Voting algorithm.”

I. INTRODUCTION

Sleep is a necessity to both physical and mental
health. It gives mental and memory assistance and
physical energy. Quality of sleep affects thinking,
especially in youngsters and elderly individuals,
who are more prone to harm. Sleep deprivation may
cause heart disease, diabetes and obesity. This
complicates measuring sleep phases, thus making
sleep issues hard to identify, yet very critical. In
order to evaluate the stage of sleep, doctors, nurses,
and sleeping professionals have to manually scan the
polysomnography (PSG) findings. It is difficult to be
messed up and time consuming [1].

Philips found 55% of 13,000 individuals in 13
nations were unhappy with their sleep in 2021.
COVID-19, sleep apnea, and insomnia influenced
the quality of sleep. Specifically, 37 percent of them
had sleeplessness, 29 percent snoring, 22 percent
shift-work sleep difficulty, and 12 percent sleep
apnea as a result of the pandemic [2]. These statistics
indicate that issues with sleep are widespread and
they need a better method of diagnosis and
categorization.

Doctors have categorized sleep into five stages:
awareness, N1, N2, N3, and REM. A vigilant
individual senses his environment and has irregular,
rapid brain waves. The lightest sleep stage is N1.
The slowing of brain waves and relaxation of the
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muscles. N2 is more powerful and N3 is more
profound, it is difficult to awaken. REM sleep
contains rapid eye movements and brain waves such
as during wakefulness. All these steps play a crucial
role in the repair of the body and thinking. These
stages can be observed by physicians with the help
of PSG that records EEG and ECG measurements to
examine the health of the brain and its body during
sleep [3, 4, and 5].

Automatic sleep phase classification and predictions
were done by several researchers with the help of
MLAs. We can classify them as DL and classic ML
algorithms. Smaller datasets are handled by
traditional MLAs such as support machines, and
decision trees. Entropy and energy signals are used
to identify sleep phases by extracting characteristics
manually by MLA. In contrast, DL algorithms use
neural networks to automatically learn complicated
patterns from data. They are founded on brain
functioning. Because of their capability to handle
large and complex data, conventional MLAs might
be unnecessary [6], [7]. The most popular sleep-
stage categorization method uses EEG data to feed
classical and deep learning models [8].

II. RELATED WORK

Many research have used ML to categorize sleep
disorders such OSA, sleep stages, and ECGs. ML
algorithms have significantly boosted the accuracy
of diagnoses and reduced manual analysis, which is
tiresome and error-prone. Kim et al. [9] made
predictions of Korean OSA using ML. OSA risk
prediction was carried out with a set of ML systems
based on clinical data. It has been simulated that ML
and automated prediction systems can assist doctors
to diagnose OSA in less time. Predictions were
improved with demographic, clinical and
physiological parameters. This article demonstrates
that ML can be used to diagnose sleep apnea at an
early age.

Mousavi et al. [10] detected single-channel EEG
sleep phases using deep CNNs. EEG hierarchies
may be used by DL CNNs to diagnose insomnia or
sleep apnea. Compared to conventional ML, CNNs
classify the sleep stages quicker. Djanian et al. [11]
investigated the use of Al and sleep solutions by
customers to get a better sleep. There is an
increasing use of wearable sleep monitors based on
Al. The actual sleep quality is monitored by the
sensors and Al algorithms and can help with sleep
disorders. The researchers concluded that Al-based
consumer sleep devices and in particular deep
learning devices improved sleep phase recognition.
Sleep health is possible with wearable Al devices.

Salari et al. [12] studied sleep apnea ML with the use
of ECG. The article asserts that ECG readings can
be used to detect sleep apnea using ML algorithms.
Single-lead ECGs can be used to detect sleep apnea
using RFs and SVMs. The authors indicated that the
performance of the model can be influenced by
feature extraction procedure. This experiment
discovered that, with no sleep testing, ML can
improve the detection of sleep apnea using ECG. Li
et al. characterized sleep phases with the help of DL
and EEG spectrogram [13]. EEG spectrograms
exhibit alterations in frequency across time. DNNs
group spectrograms. The spectrogram features were
used to train our DL model to identify sleep phases.
In this study, feature engineering was unsuccessful
in the classification of sleep stages, so DL was used
to aid this classification. DNNs and DL could be
applied in identifying sleep stages. Han and Oh [14]
compared OSA severity prediction ML algorithms.
We used patient data to evaluate the DT, RF, and
SVM to find which predicted OSA severity best. RF
was more predictive of OSA than models. Through
the authors, demographic and physiological factors
indicate the severity of sleep apnea. This study
reported that ML can effectively evaluate the
severity of sleep problems and help the experts to
treat them. Bahrami and Forouzanfar [15]
determined sleep apnea in the single-lead ECG using
DL. Sleep apnea was recognized by CNNs and
LSTMs using ECG data. CNNs and LSTMs were
superior to ML models in the diagnosis of sleep
apnea. DL of real-time ECG data can alter the
detection of sleep apnea. This article demonstrated
that DL is capable of dealing with more complex
time-series data and improving the use of ECG data
to detect non-invasive sleep apnea.

Satapathy et al. [16] compared sleep stages ML. The
feature sets of EEG data, support vectors, random
forests, and decision trees were tested on the
categorization of sleep stages. Random forest
ensembles were most accurate and reliable. The
authors identified that feature selection enhances
classification and that the performance of the ML
algorithms is influenced by the type of features. This
study demonstrates how to stage sleep with the help
of ML techniques and select the key factors to
maximize model performance. Bahrami and
Forouzanfar [17] discovered sleep apnea with the
use of ML and DL single-lead ECGs. CNNs,
LSTMs, SVMs, and random forests were compared
in their extensive study. The survey showed that
CNNs were more accurate compared to
polysomnography in identifying sleep apnea in ECG
signals.

III. MATERIALS AND METHODS
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Our ML algorithm method of sleep disorder
detection was effective because of its advantages.
Other models are SVM, KNN, DT, RF and ANN
with Multi Layer Perceptron. Sleep Disorder Data
provides a lot of sleep and health data for these
algorithms. Voting Classifier employs DT and
Bagging with Random Forest in order to enhance
classification. Testing and improving models is
easier using this group technique. With 13 criteria,
the technology has the ability to detect sleep
disorders such as sleep apnea using 400 records. The
specified strategy can help practitioners make
informed decisions and promote patient well-being.

Fig.1 Proposed Architecture

The picture shows a flowchart for a MLprogram that
focuses on classifying sleep disorders. It starts with
raw data on sleep disorders which is cleaned,
visualized and features selected before being used.
After being pre-processed, the data is divided into
sets for training and testing. It trains various ML
models on the training data, including SVM, KNN,
DT, RF, ANN-MLP[25] and Voting Classifier.
Accuracy, precision, recall, F1-score, AUC score,
specificity, and sensitivity are some of the measures
we apply to test our trained models using the testing
data.

A) Dataset Collection:

The Sleep Health and Lifestyle Dataset of Kaggle
[22] was used in this research. There are 400
observations and 13 aspects on sleep and everyday
habits including gender, age, job, length of time you
sleep, how well you sleep, how active you are, how
stressed you are, BMI category, blood pressure,
heart rate, daily steps and your sleep problem. "Sleep
Disorder," the target variable, is divided into three
groups: none, sleep apnea, and insomnia. The data
contains data on numerous occupations. The most
prevalent ones are nurse (73 observations), doctor
(71), and engineer (63). There are also other
occupations such as lawyer (47), teacher (40), and
salesperson (32). The standardization and updating
of labels before the analysis was required to have
uniform results.
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Fig.2 Dataset Collection Table
B) Pre-Processing:

Pre-processing includes cleaning and dealing with
missing statistics, and uses data visualization to
identify patterns and outliers. Label encoded is
categorical variables. Using feature selection, the
most significant categorization criteria are found.

i) Data Processing: To ensure accuracy and
duplicates, data processing eliminates duplicates.
Duplicates can impact analysis and model
performance, therefore, duplicate rows and
observations are eliminated. Second, drop cleaning
eliminates the nulls or missing values in the data.
Removal of rows with missing values or the filling
of the rows with the mean, median, or mode can be
done depending on the type of data. This stage
cleans data, decreasing noise and enhancing ML
models.

ii) Data Visualization: Visualization of data assists
to determine trends in the data set. Data charts,
graphs and plots are used to identify trends,
distributions and outliers. The numerical
distribution is depicted in histograms, box plots, and
scatter plots. Numbers are revised using bar graphs.
The visualizations can also demonstrate the
correlation and outliers of the features that could
cause poor performance of the model. The process
enhances the understanding of data and feature
engineering prior to utilizing the ML algorithms.

iii) Label Encoding: Label encoding transforms text
data that is categorical into an integer. String values
in categorical datasets, such as Gender or Sleep
Disorder, cannot be directly used in ML algorithms.
Label encoding is a process of converting text labels
into numbers. You can change "Male" and Female
to 0 and 1. This step ensures categorical variables
are encoded in a manner that ML models can read
and learn about such variables during training and
testing.

iv) Feature Selection: The process of selecting the
most important features (or variables) to use in ML
models is referred to as feature selection. This helps
to minimize the size of datasets, enhancing the
performance of the models and avoiding overfitting.
The choice of the appropriate features enables the
model to concentrate on the most significant
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variables that influence the target variable. The input
features (X) and the target variables (y) are divided
into the data sets, where X is a set of independent
variables and y is a dependent variable. Correlation
analysis and recursive feature reduction are used to
select the best features to improve the dataset.

C) Training & Testing:

To determine the performance of the model, the data
is divided into two; training and testing. In most
cases, 80% of the data is used to train the model,
while the other 20% is utilized to test it. This split
helps make sure that the model gets trained on a lot
of the data and tested on data it hasn't seen before to
determine how well it generalizes. The division is
usually performed using such tools as train-test-split
of scikit-learn that ensures that the dataset is divided
into training and testing in a random and unbiased
manner.

D) Algorithms:

Random Forest [20] is a combination of numerous
decision trees that make the categorization more
accurate and reliable. It reduces overfitting as well
as enhances generalization by employing random
groups of characteristics and data. This team
approach does well in discovering crucial variables
in diagnosing sleep disorders and effective
predictions.

c
G=1-)" p(D)
j=1

Where, pj is the probability of class j in a node

Support Vector Machine [18] The sorting of sleep
disorders is done with the help of Support Vector
Machine [18] which is used to determine the most
suitable hyperplane to subdivide the various classes
in the data set. It can be applied to high dimensional
data, making it an effective means of discovering
complex trends in sleep patterns and activities,
which will aid in proper diagnosis.

f(x) = sign(wTx + b)(2)

where:
e wis the weight vector,
x is the input feature vector,
b is the bias term,
sign(-) is the sign function determining the
class label.

K-Nearest Neighbours [23] classifier ranks sleep
disorders based on their proximity to other data
points in the feature space. KNN finds patterns and
similarities by looking at the nearest neighbors of a
particular instance. This provides us with a simple
method of categorizing the sleep disorders in
relation to the historical information.

A model predicting the categories of sleep disorders
is built through the Decision Tree [19] technique, by
making a series of binary decisions, based on input
features. Its simple structure allows one to
comprehend it easily thus making it suitable in
searching some important things that can affect
sleep health and diagnoses more precise.

ANNSs[21] are employed in modeling complex
interactions in the dataset and training how to
classify sleep disorders with the input features. The
multilayer perceptron architecture allows the system
to detect details in complex patterns of sleep data,
which enhances its performance in terms of making
predictions and overall diagnostic outcomes.

The Voting Classifier combines the predictions of
multiple models, including the Random Forest,
decision trees and bagging classifiers. This
combination method allows the classification to be
more precise, utilising the advantages of each
algorithm and reducing errors, as well as providing
a more reliable and robust prediction of sleep
disorders.

N
1
9 = argmax > pi(ch)(3)
i=1

IV. RESULTS AND DISCUSSION

Accuracy: The accuracy of a test is the ability of a
test to distinguish between sick and healthy
individuals. To gain an idea of the accuracy of a test
we should figure out the percentage of true positive
and true negative cases of all the examples we
considered. Mathematically, this can be stated as:

TP + TN

Accuracy =————————
Y= TP+FP+ TN + FN

C))

Precision: Precision is used to determine the
number of the samples or instances labeled as
positive that were really correct. The equation to
determine the accuracy is, therefore,:

Precisi True Positive )
recision =
True Positive + False Positive
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Recall: In machine learning, recall is a measure of
how well a model can find all the examples of a
certain class that are important. It is a proportion of
the positives that are predicted correctly to the total
true positives. This will give you some notion on
how good a model is at capturing the examples of a
particular class.

TP

Recall = 15- 1N

(6)

F1-Score: F1 score is a metric that can be used to
measure the accuracy of a ML model. It adds the
accuracy and recall scores of the model. The statistic

of accuracy is the number of times that a model
made a valid guess in the entire dataset.

Recall X Precision

F1 Score =2 * *100(7)

Recall + Precision

The results in Table 1 indicate the accuracy,
precision, recall and F1-score of each method. The
Voting Classifier has the highest scores with all
measures at 0.973. We also demonstrate the
statistics of other algorithms to be able to compare
them.

Table.l Performance Evaluation Metrics

ML Model Accuracy Precision Recall F1-score
Support Vector Machine 0.880 0.892 0.880 0.884
KNN 0.867 0.883 0.867 0.867
Decision Tree 0.907 0.909 0.907 0.908
Random Forest 0.880 0.887 0.880 0.881
ANN-MLP 0.573 1.000 0.573 0.729
Voting Classifier 0.973 0.973 0.973 0.973
Graph.1 Comparison Graphs
1.5
W Accuracy
- Wl ||| 1 Nl oda Bl
0 Recall
Support Decision Tree Random ANN-MLP Voting
Vector Forest Classifier W F1-score
Machine

Graph 1 depicts the accuracy, precision, recall and
Fl-score in light green, blue, light yellow and green
respectively. In all criteria, the Voting Classifier
does better than the other methods, with the highest
values compared to the other models. The above
graph presents these facts in an easy to understand
manner.

V. CONCLUSION

This paper has shown that ML algorithms can be
used to successfully detect sleep disorders based on
publicly accessible data on the Sleep Disorder Data
set. The Voting Classifier, which is based on
bagging with RF and DT, has the best accuracy
when compared to a number of DL and traditional
ML approaches. The results were good in all the
assessment matrices with accuracy of 97.3, precision
of 97.3, recall of 97.3 and F1-score of 97.3. These
findings also suggest that the Voting Classifier
created in this paper is an extremely solid and strong
tool to detect sleep disorders. The findings reveal the

overall improvement of almost all the measures that
are assessed, implying that the model can be used to
effectively and timely identify sleep issues, thus
benefiting the patient and enhancing clinical
judgment. The Voting Classifier may be suggested
as a useful tool to automate the process of
diagnosing sleep disorders since it has a high
accuracy rate. This will result in better diagnoses
and a better outcome to those with sleeping
disorders.

Future directions of the research involve exploring
additional advanced ML algorithms, such as DL
systems, such as CNNs and recurrent networks, to
improve the accuracy of sleep disorder
classification. The system could be improved with
real-time information provided by wearable devices,
which would help the system to make more
predictions. Also, it would be better to expand the
dataset to include diverse demographics and
sleeping issues to better generalize the model.
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