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Sleep disorders are common and can significantly harm human health, with
insomnia and sleep apnea being the most prevalent conditions. These
disorders are often difficult to detect and treat accurately. Although machine
learning (ML) techniques have shown promise in improving diagnostic
precision and personalized treatment, most existing studies rely on single-
source data or conventional ML models, which limit their robustness and
generalizability across diverse populations. To address this research gap, this
study integrates multi-modal data and ensemble learning techniques to
enhance accuracy, interpretability, and real-time applicability in diagnosing
insomnia and sleep apnea. A dataset of 400 samples was collected through
manual methods and internet of things (1oT) devices from multiple sources.
Statistical techniques were applied for data cleaning, followed by principal
component analysis (PCA) to reduce dimensionality and improve training
efficiency. Four base ML models: decision tree (DT), support vector
machine (SVM), naive Bayes (NB), and random forest (RF) were initially
trained and evaluated. Subsequently, a boosting-based ensemble model was
implemented to further improve performance. The proposed gradient
boosting model with RF as the base learner achieved the highest diagnostic
accuracy of 96.01%. The results demonstrate that ensemble ML models
combined with multi-modal data significantly enhance the accuracy of
insomnia and sleep apnea diagnosis.
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1. INTRODUCTION

Millions of individuals worldwide are impacted by the prevalent and serious problem of sleep
problems. Among the many sleep-related issues, insomnia and sleep apnea are particularly common and
provide substantial difficulties for proper diagnosis and efficient treatment. These sleep problems can have
serious effects on one's physical health, mental health, to find general quality of life if they are not treated
effectively. Fortunately, the development of machine learning (ML) presents a promising way to improve the
accuracy of diagnostic procedures and, more importantly, to customize treatment plans to meet the specific
needs of each person. This study provides a novel method that uses ML models to tackle the challenging
problems of detecting insomnia and sleep apnea. With the use of common ML models like decision tree
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(DT), support vector machines (SVM), naive Bayes (NB), and random forest (RF), we have proposed a
comprehensive hybrid ML model after adding boosting methods that includes information from these four
different ML base methods. These different models each have impressive diagnostic accuracies when used
alone, ranging from 87.96 to 91.17%.

This study entered the field of boosting models like adaptive boosting (AdaBoost), gradient
boosting, extreme gradient boosting (XGBoost), categorical boosting (CatBoost), and light gradient boosting
machine (LightGBM), which are included in our comparison. With an astounding accuracy rate of 96%, the
gradient boosting model stands out as the clear winner among them. This outstanding achievement highlights
the enormous potential of ML to greatly improve the accuracy of diagnoses for sleep disorders. A carefully
selected dataset of 400 data points, gathered through a combination of manual gathering and data supplied by
internet of things (1oT) devices, serves as the basis for this study. This dataset contains a wide range of
people from different occupations, such as farmers, solicitors, professors, and doctors. It includes a wide
range of information, such as demographics, specific sleep patterns, thorough medical histories, and other
important characteristics. The results of this study highlight the profound influence that ML models can have
on the field of diagnosing sleep disorders. In addition to providing a significant improvement in diagnostic
accuracy, the boosting model, particularly when paired with gradient boosting, has the potential to lay the
groundwork for the creation of an advanced clinical decision support system.

By utilizing ensemble ML models designed to identify insomnia and sleep apnea, this study presents
a novel method for diagnosing sleep disorders. The majority of current research on diagnosing sleep
disorders uses single-source data or conventional ML models, which frequently lack generalisability and
robustness across a range of demographics. To improve accuracy, interpretability, and real-time applicability
in the diagnosis of insomnia and sleep apnea, a substantial research gap still exists in the integration of
multi-modal data and ensemble learning techniques. In contrast to earlier research that mostly concentrated
on individual disorders or used conventional diagnostic techniques, this work incorporates sophisticated
ensemble techniques to increase the precision and dependability of sleep disorder diagnoses. The robustness
of the detection process is improved by this work by combining different ML algorithms, which addresses
the shortcomings of previous models that frequently ignore the complexity and overlap of symptoms of
various sleep disorders. By providing a comprehensive, automated solution that not only expedites diagnosis
but also lowers the possibility of human error, this study marks a significant advancement in the field and
ultimately improves patient outcomes and streamlines clinical workflows. A system like this might provide
medical personnel with individualized diagnostic insights, permitting customized therapy modalities and
eventually enhancing outcomes for people suffering from sleep problems.

This study has reviewed a number of works related to healthcare applications using ML or deep
learning (DL) models. They have taken a different parameterized dataset for their prediction work. But here
we have taken a dataset that contains 13 parameters, which are most relevant to sleeping disorders. Also, this
work has implemented the new ensemble boosting models to increase the accuracy levels for good
predictions of disease.

2.  LITERATURE REVIEW

Carmes et al. [1] introduced a semi-automatic approach for sleep apnea diagnosis utilizing
three-channel polysomnography (PSG) data. This method employs an ElasticNet classifier to achieve a
remarkable 97.9% accuracy in sleep apnea classification. Notably, it minimizes the time-consuming manual
analysis of PSG recordings, effectively mitigating inter-scorer variability. With potential as a viable sleep
apnea screening tool in clinical settings, this method enhances efficiency and reliability, showcasing its value
in advancing diagnostic accuracy and streamlining the assessment process for sleep specialists.

Choyon et al. [2] propose an inventive solution by integrating IoT and ML to bolster health
monitoring and combat the pandemic more efficiently. It highlights the shortcomings of existing monitoring
systems and introduces an loT-based method for real-time health data collection, facilitating prompt
detection of COVID-19 severity. The envisioned system seeks to deliver holistic healthcare, remote
communication, and emergency support, offering a pragmatic approach to alleviate the repercussions of
the pandemic.

Korkalainen et al. [3] proposed a model by utilizing DL and diverse epoch durations to uncover
neglected sleep-wake transitions. The examination of 446 obstructive sleep apnea (OSA) patients indicates
that traditional approaches may underestimate sleep fragmentation in severe OSA. Shorter epoch-to-epoch
durations reveal heightened wakefulness and reduced rapid eye movement/non-REM 3 (REM/N3),
emphasizing the necessity for a thorough analysis of sleep architecture when evaluating sleep disorders.

Shahin et al. [4] present a dual-phase automated method to identify insomnia from overnight
electroencephalogram (EEG) recordings, addressing the deficiency of prompt insomnia detection tools.
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The approach utilizes deep neural network models, training both sleep stage and epoch-level insomnia
detection models. Subject-level features extracted from these models facilitate the ultimate binary
classification of subjects into control or insomniac categories. Assessment on 115 participants demonstrates
encouraging outcomes, including an F1-score of 0.88, 84% sensitivity, and 91% specificity, underscoring its
potential clinical applicability.

Kuo and Chen [5] introduce a novel short-time insomnia detection system utilizing refined
composite multi-scale entropy (RCMSE) analysis on single-channel sleep electrooculography (EOG).
With an SVM classifier, the proposed system demonstrated high accuracy (89.31%), sensitivity (96.63%),
and F1-score (90.04%) when tested on 32 subjects, half healthy and half with insomnia. RCMSE emerges as
a valuable feature for short-duration insomnia detection, and the single-channel sleep EOG enhances
homecare applicability for potential integration into portable PSG systems.

Islam et al. [6] delve into the influence of technological advancements on human health, specifically
the surge in insomnia linked to virtual engagements and sedentary habits. Acknowledging the drawbacks of
costly and time-intensive medical tests, the authors suggest an intelligent ML model to predict chronic
insomnia. Utilizing seven classifiers, the logistic regression model demonstrates exceptional accuracy at
98%, presenting a compelling and effective method for detecting insomnia in individuals, particularly in
settings with limited resources.

Zulfiker et al. [7] tackle the widespread health issue of insomnia, a prevalent sleep disorder
associated with mental health challenges and substance abuse. Introducing an ML approach, the multilayer
stacking model predicts insomnia based on socio-demographic factors, achieving a notable 88.60% accuracy.
Leveraging principal component analysis (PCA) for feature reduction, the proposed ensemble model
surpasses other leading classifiers like AdaBoost and gradient boost, showcasing superior performance across
multiple efficacy metrics. This emphasizes its potential as an effective tool for predicting insomnia.

Alghwiri et al. [8] in their cross-sectional study with 1,600 university students, the investigation
focuses on sleep disturbances, employing logistic regression, and advanced ML techniques. The study
discloses a 70% prevalence of poor sleep quality, identifying the RF model as the most accurate predictor
with 74% accuracy and 95% specificity. Factors associated with better sleep quality include age and tea
consumption, while risk factors consist of electronics usage, headaches, systemic diseases, and neck pain.
These results provide valuable insights for enhancing student well-being and crafting tailored interventions.

Jayasing et al. [9] proposed a model for weather forecasting, highlighting that its nonlinear nature is
impacted by climate change and the butterfly effect. The research introduces hybrid soft computing models,
merging SVM, multi-layer perception, and fuzzy logic, aimed at improving the accuracy of weather
predictions for Delhi. Assessment metrics such as mean absolute error (MAE), root mean squared error
(RMSE), relative absolute error (RAE), and root relative squared error (RRSE) substantiate the effectiveness
of these models in enhancing forecasting precision.

Swain et al. [10] in their study compare different ML models for tackling the complex task of illness
prognosis, specifically focusing on individuals aged 20 and above, particularly those with HbAlc levels
surpassing 6.5%, indicative of diabetic diseases. Employing 10T, the research assesses risk factors akin to
heart diseases, highlighting the significance of ML in diagnosis and prevention. The incorporation of
advanced technologies such as loT, cloud applications, and artificial neural networks holds potential for
improving healthcare strategies in addressing heart diseases.

Mondal et al. [11] focus on the increasing risk of coronary heart disease (CHD) in adults, utilizing
ML for timely detection. With a dataset of 4,240 instances and 15 features, diverse ML models were
examined, highlighting RF and gradient boost classifiers for their accuracy. The ultimate ensemble model,
combining boosting models, demonstrated an outstanding 92.26% accuracy, highlighting its efficacy in early
CHD risk prediction with minimal false negatives.

Kumar and Reddy [12] delve into different cardiac diseases, highlighting heart failure (HF),
coronary artery disease (CAD), and cardiovascular disease (CVD). The proposed diagnostic system utilizes
supervised learning, specifically the gradient boosting technique, to accurately detect HF, utilizing the
Cleveland dataset. Achieving an outstanding 97.10% accuracy, the model proves effective in automated HF
diagnosis, outperforming alternative methods. The emphasis on gradient boosting signifies a significant
advancement in heart disease detection techniques.

Das et al. [13] addressing the urgent need for early heart disease detection, this study utilizes ML
with five boosting methods: AdaBoost, gradient boosting, XGBoost, CatBoost, and LightGBM on the
University of California, Irvine (UCI) Cleveland HD dataset. Comparative analysis demonstrates that
AdaBoost and XGBoost excel with the highest accuracy (<93%), precision (0.94), recall (0.93), and
F1-scores (0.93). These results surpass recent ensemble techniques and stacking classifiers applied to the
same dataset.

Sen and Verma [14] advocates for advanced diagnostic methods using ML. The proposal introduces
a soft voting meta-classifier composed of CatBoost, LightGBM, Gaussian naive Bayes (GNB), RF, and
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XGBoost, surpassing traditional approaches. Conducted on a combined UCI heart disease and Statlog
dataset, the experiment yields remarkable results, achieving a 91.85% accuracy and a 0.9344 area under the
curve score (AUC). These outcomes signify enhanced diagnostic efficacy in predicting heart disease,
showcasing the potential of the proposed model.

Afreen et al. [15] utilize ML, employing CatBoost and LightGBM models to predict and categorize
liver disease, addressing the increasing prevalence of patients with diverse complications. Implementing a
gradient boosting-based classifier with feature selection through preprocessing enhances model accuracy.
CatBoost achieves the highest accuracy at 86.8%, while LightGBM attains 82.6%, demonstrating their
efficacy in early identification of liver diseases for improved patient outcomes.

3. RESEARCH DESIGN
3.1. Machine learning

A crucial area of artificial intelligence (Al) is ML [16], which enables computers to make judgments
and learn from data on their own. It is a fast-developing discipline with a wide range of applications, all of
which are basically based on data analysis to identify trends and linkages. ML encompasses various
approaches, including:

—  Supervised learning, where algorithms use labeled data for learning.
— Unsupervised learning for uncovering hidden patterns in unlabeled data.
—  Reinforcement learning, applied to interactive settings.

ML is used in speech and image recognition, recommendation systems, autonomous vehicles,
healthcare, and robotics, advancing computer vision, language understanding, and robotics. Data quality,
model interpretability, and ethical issues are challenges. Nevertheless, ML continues to reshape industries,
reaffirming its pivotal position in contemporary technology and Al, and having a significant impact on how
we live our lives.

3.2. Machine learning architecture

Data collection and preprocessing are the first steps in the ML architecture process, as shown in
Figure 1. Next, depending on the task at hand, a suitable ML model is chosen. For the purposes of model
training and evaluation, the data is divided into training and validation sets. When hyperparameter tuning is
successful in optimizing model performance, the model is used to make predictions about the real world. To
automate decision-making and pattern identification across a variety of applications, ML is a powerful tool.
Constant monitoring and interpretability ensure the model remains effective and understandable.
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Figure 1. Architecture of ML

3.3. Ensemble learning

A ML technique termed ensemble learning [17] combines the predictions of various separate models
(commonly referred to as "base models" or "weak learners") in order to enhance overall predictive
performance. The theory behind ensemble learning is that by combining the advantages of various models, it
can lessen the drawbacks of each model separately and generate predictions that are more reliable and
accurate. There are several ensemble learning models available, such as bagging, boosting, voting, and
stacking. This work has implemented a voting and boosting model with the best estimator, which are describe
as follows.
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4. METHODOLOGY
4.1. Flow of work

Figure 2 shows the proposed work model to achieve the target. The raw dataset is preprocessed by
using different statistical methods like mean, mode, and median to reduce empty, null, or irrelevant data
items in the dataset. Then PCA techniques is used to reduce the dimension of the dataset. 70% data in the
dataset is used for machine training, 20% is for testing, and 10% is used for validation work. Four base-level
ML voting models were used for training purpose and five type boosting models were used to enhance the
accuracy results of the base voting models.

Voting
Method
1-sVM
2-DT f
3-NB '—"‘._
4-RF

Method
1-AdaB.

X6 ~— G.Baost
3-CAT B. L

4-G. Boost
5- Light GBM

_G e s
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Collected
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Data Pre-Processing

None

N
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Trained Meta Model Demonstrate Sleep Apnea

Result

L

Insomnia

Figure 2. Proposed model of work

4.2. Dataset
4.2.1. Data collection

A real time data is gathered from 400 patients to create a complete dataset. This work dataset
contains a wide range of patient-related data that was gathered using both modern 10T devices and manual
recording techniques. The dataset includes crucial demographic information like gender and age, as well as
important health-related factors like sleep duration and quality, physical activity levels, stress levels, body
mass index (BMI) category, blood pressure, and heart rate. The incorporation of 10T devices improved the
accuracy and breadth of our research findings by enabling us to acquire precise and real-time measurements.
With the use of this comprehensive dataset, which serves as the basis for our research, we were able to
examine and evaluate numerous facets of patient health and well-being and offer insightful contributions to
the fields of medicine and healthcare.

4.2.2. Dataset cleaning

There is a chance of irrelevant data in the raw dataset, which may cause wrong machine training.
Different statistical methods like mean, mode, and median are used to clean the dataset. These techniques
help to reduce values like empty cells, garbage values, and non-related values.

4.2.3. Principal component analysis

A dimensionality reduction technique used in both data analysis and ML is PCA [18]. Its main goal
is to preserve the most important information while reducing the complexity present in high-dimensional
datasets. Some common significances of PCA are applied over our collected dataset, such as: dimensionality
reduction, visualization, noise reduction, feature engineering, multi-collinearity mitigation, data compression,
and anomaly detection.

A useful method with many applications in numerous study domains is PCA. It is a crucial tool for
deriving valuable insights from complicated datasets because of its capacity to reduce dimensionality,
increase visualization, and improve data quality. It enables them to detect hidden patterns, filter out
background noise, and optimize subsequent steps. Figure 3 displays a graphic depiction of our obtained
dataset after PCA was applied to it.
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Figure 3. Graphical representation of PCA over collected dataset

5. SIMULATION AND RESULT ANALYSIS
5.1. Base model

Base model (voting) classifiers [19]-[23] are ML models that anticipate an output based on the class
that has the highest possibility of being the output, as shown in Figure 4. These are gathered expertise by
training on a collection of various models. It simply averages the outcomes of each classifier that was
submitted into the voting classifier in order to forecast the output class based on the highest majority of votes.
Instead of creating individual specialized models and evaluating their correctness, the idea is to develop a
single model that learns from multiple models and predicts output based on the aggregate majority of voting
for each output class [3], [24], [25]. The final prediction “y” is determined by counting the votes from each
base model as in (1).

y = argmax (L, 1 [hi(x) - C]) 1)

Let N is number of base models, hi(x) be the prediction made by the ith base model for input x, and y be the
final ensemble prediction.

Choose Best

< Model Using
Trained Voting model 1-Accuracy
Collected 2-MAE
Dot 3-RMSE
il i Gl ke 4-RRSE
5-RAE

Figure 4. Voting model made using 4 different ml models

Here, four ML models like DT, SVM, NB, and RF are selected for ensemble learning voting
model creation:

i)  DT: atree-like structure called a decision tree is employed for classification and regression applications.
In order to decide or predict something, it divides the data into branches depending on feature values.
Every node and branch in the tree indicates different features and options, respectively. DTs are
renowned for being easy to understand and comprehend.

i) SVM: a potent classifier that locates a hyperplane in high-dimensional space to divide various classes. It
is efficient for both linear and non-linear classification jobs since it seeks to maximise the margin
between classes. SVM is renowned for its dependability and adaptability.

iii) NB: based on Bayes' theorem, NB is a probabilistic classification algorithm. Calculations are made
simpler by the assumption that characteristics are independent. NB is well-renowned for being quick
and effective and is frequently used in text classification and spam detection.

iv) RF:agroup of DTs is called a random. To lessen overfitting and increase prediction accuracy, it mixes
the predictions of various trees. Since RF is so resilient and adaptable, it can be used for a variety of
classification and regression applications. It is renowned for handling intricate data relationships well.
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Here, the main dataset, which contains 400 samples, is divided into 4 equal numbers of instances,
and apply voting model is applied on each instance. Based on the taken dataset and its Python simulation, it
is clearly seen that RF gives the best accuracy among the other three models, which is shown in Table 1 and
its graphical representation in Figure 5. Then, the comparisons between four models are provided by taking

the parameters like MAE, RMSE, RAE, and RRSE for better understanding.

Table 1. Accuracy table of voting model of DT, SVM, NB, and RF over 4 equally divided datasets

94

Dataset instance  SVM DT NB RF
1-100 90.2 92.39 88.04 89.13
100-200 88.09 86.9 85.7 90.47

200-300 88 85 85 92
300-400 91.83 91.83 90.81 92.85

09

90

Performance

80

Figure 5. Graphical representation of accuracy of DT, SVM, NB, and RF

5.1.1. Mean absolute error

The average size of the errors between the expected and actual values is measured statistically as
MAE. The performance of ML models is evaluated using the MAE, a popular measure of forecast error in
time series research. It is a particularly helpful indicator for assessing continuous value prediction models.
The MAE value presented in Table 2 and the graphic representation in Figure 6 when evaluating the
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performance of our model. The formula for MAE is (2).

MAE = (1/n) X(i = 1 to n) |y;- Vil

Where n is sample size, y; is actual value at observation i, and §; is the predicted value at observation i.

Table 2. MAE value of voting model of DT, SVM, NB, and RF
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Figure 6. Graphical representation of MAE data over DT, SVM, NB, and RF
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5.1.2. Root mean squared error

The statistical measurement of the discrepancy between expected and actual values is called RMSE.
It is calculated by using the MSE square root as in (3). In model performance evaluation, the RMSE value is
shown in Table 3, and a graphical representation is shown in Figure 7.

RMSE = sqrt(MSE) 3)

Table 3. RMSE value of voting model of DT, SVM, NB, and RF
Dataset instance  SVM DT NB RF

1-100 025 02 027 0.28
100-200 028 02 029 025
200-300 028 029 03 021
300-400 023 024 024 02

u1-100

®100-200

Performance

= 200-300
300-400

SVM DT NB RF
Dataset Instance for Models

Figure 7. Graphical representation of RMSE data over DT, SVM, NB, and RF models

5.1.3. Relative absolute error

A statistical indicator of a prediction's accuracy in relation to the actual value is the RAE.
By dividing the absolute error by the true value, it is calculated. The formula for RAE is (4). For our model
performance evaluation, the RAE value is shown in Table 4, and a graphical representation is shown
in Figure 8.

RAE = |(y; — 9D/ yi (4)

Where y; is the actual value at observation i, y; is the predicted value at observation i.

Table 4. RAE value of voting model DT, SVM, NB, and RF
Dataset instance  SVM DT NB RF

1-100 36.61 582 48 51.51
100-200 506 955 6046 618
200-300 214 5253 2619 2114
300-400 144 4205 1625 17.47

100

80 A

v
é 60 - | l N =1-100
g ‘0 . —t = 100-200
& 200-300
201 \ w \ \7 300-400
0- : : : ‘
SVM DT NB RF
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Figure 8. Graphical representation of RAE value over DT, SVM, NB, and RF models
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5.1.4. Root relative squared error

A statistical indicator of a prediction's accuracy in relation to the mean value of the actual data is the
RRSE. It is calculated by dividing the actual data's mean value by the RMSE. The formula for RRSE is (5).
In our model performance evaluation, the RRSE value shown in Table 5 and its graphical representation are
shown in Figure 9.

RRSE = RMSE /mean (actual values) (5)

Table 5. RRSE value of voting model over DT, SVM, NB, and RF
Dataset instance  SVM DT NB RF

1-100 87.7 73.7 95.44 8242
100-200 103.7 102.66 109.31 92.62
200-300 6559 69.38 7181 49.48
300-400 53.87 5751 56.7  47.36

m1-100

Ll
| | %100-200
i 1V 200-300
W ' \_ 300-400
) — -
RF

SVM DT NB
Dataset Instance for Models

Performance

Figure 9. Graphical representation of RRSE value over DT, SVM, NB, and RF models

5.2. Boosting model

Boosting is a well-known ensemble ML technique that creates a robust learner by combining
predictions from several weak learners, frequently DTs or shallow models. Its main goal is to increase
model accuracy by giving cases that were previously erroneously classified more weight. The approach is
developed in iterative steps, with a strong emphasis on correcting the mistakes made by earlier models,
as shown in Figure 10.

Its characteristics include adaptability, sequential building, the elimination of bias, and vulnerability
to potential over-fitting in variance finding. To reduce the risk of over-fitting, methods like early stopping
and restricting the depth of poor learners are frequently used. Here, we observed that RF delivers the best
prediction accuracy when compared to other models by using DT, SVM, and NB. In order to compare, we
use various boosting models, such as AdaBoost, gradient boosting, XGBoost, LightGBM, and CatBoost for
prediction over the dataset. After applying several boosting models over RF, we found the prediction
accuracy, which is stored in Table 6, and its graphical representation is shown in Figure 11. Table 7
highlights the innovations and enhancements made in this research and offers a clear comparison between
this work and the existing related works.

—— Ada B. o
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RF S - - Usin
> XG B. - > 8 | : Boosting Model
) Accuracy > RF+G. B
- Cat B. s (Gradient (RE5:Boost)
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Figure 10. Boosting model architecture
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Table 6. Accuracy table after applying boosting models over RF

Performance

Models Accuracy (%)
AdaBoost 90.56
Gradient boost 96.01
XGBoost 92.47
CatBoost 90.56
LightGBM 85.20

Accuracy(%o)

100

Boosting Models

u Accuracy(%s)

Figure 11. Graphical representation accuracy of boosting models

Table 7. Comparisons between this work with existing works

Study Health Methodology Dataset Accuracy Notable findings
condition (%)
Korkalainen OSA DL and diverse epoch 446 OSA N/A Revealed underestimation of sleep
etal. [3] durations patients fragmentation in severe OSA and
emphasizing the need for detailed
sleep architecture analysis.
Kuo and Insomnia SVM and RCMSE 32 subjects 89.31 Utilizes single-channel sleep EOG
Chen [5] analysis for  short-duration  insomnia
detection and suitable for portable
PSG systems.
Zulfiker Insomnia Multilayer stacking model Socio- 88.60 Ensemble model surpasses
etal. [7] and PCA demographic leading classifiers and providing
dataset superior performance in predicting
insomnia  based on  socio-
demographic factors.
Alghwiri Sleep quality Logistic regression and 1,600 university 74 Identified key factors affecting
etal. [8] RF students sleep quality, with RF showing
the highest prediction accuracy.
This study Sleep Statistical methods for Real-time 96.01 Novel integration of various ML
disorder data cleaning, PCA, Base dataset of 400 techniques for enhanced
ML models, and ML patients diagnostic accuracy on sleep

boosting models

disorder prediction, with a focus
on early and reliable detection.

6. CONCLUSION

In order to tackle the difficult task of detecting sleeping disorders, this study has effectively applied
ensemble learning algorithms, specifically voting and boosting, on the data dataset gathered by 10T sensors
and manually. The strategy of this study involved combining four different base models into a voting
ensemble: DT, SVM, NB, and RF. Using a dataset made up of 400 patient records, these base models
demonstrated efficiency in improving the predictability of sleeping disorders. The boosting approach, which
built on the advantages of the base models and added five boosting-learners: AdaBoost, gradient boosting,
XGBoost, LightGBM, and CatBoost, was responsible for the real breakthrough. Gradient boosting excelled
among them, attaining a remarkable accuracy rate of 96.01%, demonstrating the capability of boosting to
enhance model performance. Future research has a number of potential directions, to be sure. Model
robustness may be improved by enlarging the dataset and adding new characteristics, like sleep patterns and
lifestyle variables. The accuracy of predictions may be further improved by investigating cutting-edge DL
architectures to replace the neural network component.
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