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Abstract. Millions of people in worldwide suffer from sleep problems, which
will affect total quality of life. Due to the recent advancements in artificial intel-
ligence (Al), it has introduced innovative diagnostic tools for sleep disorders, the
machine learning models are used to analyse complex datasets from wearable
devices, polysomnography (PSG), and other sleep-monitoring technologies. But,
the “black-box” nature of these Al models limits their adoption in clinical settings
because of the absence of interpretability and transparency. These challenges are
addressed by Explainable Al (XAl) by giving insights for the decision-making
processes of Al models. This review explores the state-of-the-art XAl techniques,
their benefits, limitations, and future directions applied to sleep disorder diagnos-
tics. The article also discusses about the integration of XAl with wearable tech-
nology and clinical progress to increase diagnostic accuracy and thereby increas-
ing the patient trust.
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1 Introduction

About 30% of global population are affected by sleep problems such narcolepsy, in-
somnia, sleep apnea, and restless legs syndrome. To reduce health related problems
such as diabetes, mental health issues, and cardiovascular illnesses, it is necessary to
diagnosis in early stage. Even while traditional diagnostic methods such as PSG and
other conventional diagnostic techniques remains gold standard, many patients cannot
afford them, and they need a lot of resources. Al has become a substitute, providing
physicians with automated sleep data analysis. By the improvement of Al-based diag-
nostics' openness, interpretability, and credibility, explainable Al offers answers to
these challenges.
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2 Al Methods

It is hard to detect sleep disorders automatically because physiological signs might dif-
fer greatly. Because of these differences, it is challenging to develop effective sleep
problem detection models that assist human specialists in diagnosis and therapy moni-
toring. Eight sleep problems during the review, including insomnia and sleep apnea
were discovered. The detection operation was performed using 24 different methods.
These methods have changed over time; before to 2017, only conventional machine
learning ) was employed. Both machine learning and deep learning techniques were
applied to the diagnosis of sleep disorders starting in 2018. Since DL algorithms require
far more data for training and testing than ML algorithms, their strong development has
major implications for future detection systems. According to the findings of the re-
view, the kind and quantity of labeled data are essential for the development of future
sleep problem detection systems as they will influence the selection of the Al algorithm
that creates the required level of decision support. More labeled data will aid in repre-
senting the differences in symptoms [1].

Because they are viewed as "black boxes," automatic deep-learning models for sleep
scoring in kids with obstructive sleep apnea are not widely employed in clinical set-
tings. The goal was to use single-channel electroencephalogram data to create a deep
learning model for children's sleep staging that was both accurate and interpretable.
EEG signals from a clinical sleep database (n = 980) and the Childhood Adenotonsil-
lectomy Trial dataset (n = 1637) were used. In order to automatically categorize sleep
phases from a single-channel EEG data, three different deep-learning architectures
were investigated. Then, an explainable artificial intelligence method called Gradient-
weighted Class Activation Mapping was used to analyze the individual EEG patterns
that contributed to each anticipated sleep stage. For automated sleep stage recognition
in the CHAT test set, a conventional neural network outperformed the other studied
architectures (accuracy = 86.9% and five-class kappa = 0.827). Additionally, there was
a high degree of agreement between the CNN-based prediction of total sleep duration
and the clinical dataset (intra-class correlation value = 0.772). The EEG characteristics
linked to each sleep state were successfully emphasized by XAl method utilizing Grad-
CAM, highlighting their impact on the CNN's decision-making process in both datasets.
Therefore, automated sleep staging in pediatric sleep apnea testing may be made pos-
sible by using an explainable CNN-based deep-learning model in the clinical setting

[2].

Identifying sleep phases is crucial to diagnosing sleep disorders. This categorization
has historically been carried out by polysomnography recordings. However, automated
methods have been developed to lessen the labor- intensive aspect of this operation.
The dataset includes PSG recordings from 2056 participants in the National Sleep Re-
search Resource's multi-ethnic study of atherosclerosis cohort. " A total of 1731 of these
participants are categorized as excellent sleepers, whereas 130 have insomnia, 39 have
PLM, and 156 have sleep apnea. By applying wavelet-based Hjorth parameters to create
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a machine-learning model with explainable artificial intelligence capabilities, this work
suggests an automated computerized method for classifying sleep phases. It has been
used to extract subbands from 30-second electroencephalogram epochs using an opti-
mum biorthogonal wavelet filter bank . To get the best result, three EEG channels are
used: Fz_Cz, Cz_QOz, and C4_ML1. Following their extraction from SBs, the Hjorth pa-
rameters were then input into several machine learning methods. The model used char-
acteristics from all channels and an ensembled bagged trees (EnBT) classifier for par-
ticipants with the disorders indicated above. The insomniac, PLM, apniac, excellent
sleepers, and full datasets yield the maximum accuracy, which is 86.8%, 87.3%, 85.0%,
84.5%, and 83.8%, respectively. To increase the accuracy of sleep stage categorization
and advance knowledge of sleep disorders such insomnia, PLM, and sleep apnea by
utilizing these methods and datasets [3].

A considerable percentage of adults suffer from sleep apnea, a common sleep problem.
In order to identify apnea and normal events using single lead electrocardiography ,
instantaneous heart rate, and ECG-derived breathing, the suggested technique coarse-
grains a signal at several scales utilizing the well-known multiscale entropy methods.
A moderately accurate sleep apnea detection model with an accuracy ranging from 70%
to 100% based on two different probabilistic thresholds of 50% and 70%, with a reduc-
tion in false positive rate from 28% to 14% for applications in the development of Al-
based IoT connected smart wearable devices were used. This model is based on the
concept of nonlinear dynamical systems analysis for feature extraction along with ma-
chine learning approach. Additional model validation using out-of-distribution datasets
is necessary to assess the efficacy of the suggested approach in accurately detecting
sleep apnea [4].

A repetitive physiological electroencephalogram activity that occurs in the brain during
sleep is known as the cyclic alternating pattern . In order to categorize CAP A & B
phases and phases A sub-phases (A1, A2, A3), an automated, computerized method for
creating a machine learning model with explainable artificial intelligence capabilities
utilizing wavelet-based Hjorth parameters is suggested. To shed light on the model, fea-
ture ranking based on SHAP was used. To build the model, single-channel standardized
EEG recordings from patients with five different forms of sleep disorders—narcolepsy,
nocturnal frontal lobe epilepsy , insomnia, periodic leg movement disorder , and rapid
eye movement behavior disorder — as well as healthy participants were used. K- near-
est neighbors and ensemble bagged trees (EbagT) classifiers yield the greatest results.
For categorizing phases A and B, the suggested model's average classification accuracy
was 91.6% for healthy participants and 94.33%, 86.3%, 88.68%, 84.43%, and 88.5%
for patients with narcolepsy, RBD, PLM, NFLE, and insomnia, respectively. When
classifying A subphases (A1, A2, A3), our model's average classification accuracy was
92.85% for healthy individuals and 93.9%, 84.9%, 88.0%, 80.92%, and 89.41% for
narcolepsy, RBD, PLM, NFLE, and insomnia participants, respectively. The suggested
approach could make it easier for sleep specialists to use the microstructure of sleep to
automatically assess an individual's quality of sleep [5].
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Five somnographic-like signals that are developed using optical, differential air-pres-
sure, and acceleration signals obtained by a chest-worn sensor. In order to forecast the
overall signal quality (normal, corrupted), three breathing- related patterns (normal, ap-
nea, irregular), and three sleep-related patterns (normal, snoring, noisy), this solves a
three-fold classification issue. The created architecture produces extra information in
the form of quantitative (confidence indices) and qualitative (saliency maps) data to
enhance explainability and enhance prediction interpretation. Twenty healthy partici-
pants were observed as they slept for about ten hours each night. The training dataset
was constructed by manually labeling somnographic-like signals based on the three
class groupings. To assess the prediction performance-c and the consistency of the find-
ings, analyses were conducted both record- wise and subject-wise. The network’s accu-
racy in differentiating between normal and corrupted signals was 0.96.The accuracy of
breathing pattern prediction was higher (0.93) than that of sleep pattern prediction
(0.76). Apnea was predicted more accurately (0.97) than abnormal breathing (0.88).The
differentiation between noise occurrences (0.61) and snoring (0.73) was less successful
in the sleep pattern condition [6].

A deep-learning architecture combining convolutional neural networks and recurrent
neural networks are used to analyze through out night airflow and oximetry signals for
identifying pediatric obstructive sleep apnea (OSA). Data from the Childhood Ade-
notonsillectomy Trial public database (1,638 subjects) and a proprietary database (974
subjects) were distributed into 30-minute intervals, handled by the model to estimate
apneic events, and used for calculating the apnea-hypopnea index (AHI) and categorize
OSA harshness into four levels. The model made high deal in AHI regression with an
intraclass correlation coefficient go beyond 0.9 and diagnostic accuracies over 84% for
AHI cutoffs of 1, 5, and 10 events per hour. OSA sincerity category accuracies were
74.51% for CHAT and 62.31% for the proprietary dataset, with Cohen's Kappa values
of 0.6231 and 0.4495, representing moderate to substantial agreement. Grad-CAM vis-
ualizations draw attention to critical features such as airflow cessations and SpO2 drops
but often forgot hypopneas connected to arousals. Restrictions included dataset speci-
ficity affecting generalizability, varying performance across populations, and faces in
model interpretability. Despite these constraints, the CNN + RNN model demonstrates
potential as an accurate and interpretable diagnostic tool for pediatric OSA in clinical
settings [7].

A deep learning architecture to analyze signals from a chest-worn sensor capturing op-
tical, differential air- pressure, and acceleration data, converting them into five som-
nographic-like signals to address a three-fold classification problem: forecasting signal
quality (normal or corrupted), identifying breathing patterns (normal, apnea, irregular),
and detecting sleep patterns (normal, snoring, noise) . The dataset, including though out
night monitoring of twenty healthy subjects with manually labeled signals, revealed
high accuracy in unique normal from corrupted signals (0.96) and excellent perfor-
mance in predicting apnea (0.97), however irregular breathing was less accurate (0.88).
Sleep pattern estimate was weaker (0.76), specifically in distinguishing snoring (0.73)
and noise (0.61). In spite of the small sample size restraining generalizability, the study
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highlighted the importance of explainability in deep learning over saliency maps and
confidence indices, marking a significant step toward clinical Al applications for sleep
disorder discovery while emphasizing the need for further validation in greater, more
diverse populations [8].

An explainable sleep staging algorithm employing single-channel EEG data to simplify
sleep stage evaluation. Key techniques include signal decomposition through band-pass
filters, an attention mechanism to consentrates on significant EEG features, and cross-
evaluation utilizing data from 80 subjects to ensure robustness. The model achieved an
average F1-score of 72.66 (£22.24), representing balanced precision and recall in clas-
sifying five sleep stages. Explainability was a critical feature, with the attention mech-
anism underlining influential EEG components, enhancing trust and understanding in
clinical treatments. Restrictions include potential data oversimplification, variability in
F1-scores, limited generalizability, lack of longitudinal data, and explainability chal-
lenges. Although these, the algorithm demonstrates promise as a more effective and
interpretable alternative to traditional polysomnography-based techniques for sleep
staging, advancing diagnostic processes [9].

The study introduces an Al-driven system, DreamGuardian, designed for the early find-
ing and estimate of sleep apnea by machine learning algorithms and advanced signal
processing techniques. The methodology involves acquiring a diverse dataset from
sleep clinics and repositories, formatting the data, and selecting key features such as
heart rate, BMI, age, gender, respiratory rate, ESS score, AHI, and oxygen saturation.
Non-invasive sensors integrated into a wearable device prototype monitor physiologi-
cal signals such as respiratory patterns, heart rate variability, and movement, with
standardized data collection protocols ensuring ethical compliance. While the system
demonstrates potential for accurate sleep apnea finding, the study highlights re-
strictions, including variability introduced through the diverse dataset, dependence on
sensor accuracy, and limited accessibility, which could hinder widespread adoption.
Additionally, the lack of specific quantitative performance metrics causes its real-world
effectiveness unclear. Although these challenges, the DreamGuardian system repre-
sents a promising innovation in addressing sleep apnea, with chances for future refine-
ment and broader application [10].

The use of artificial intelligence -based models, mainly machine learning and deep
learning, to automate the finding and classification of sleep disorders, targeting to in-
crease diagnostic speed and accuracy compared to traditional, human-dependent meth-
ods, which are time-consuming and costly. A comparative analysis of existing research
underlines key outcomes and challenges, including variability in data quality and avail-
ability, which significantly impact Al model performance. The complexity of sleep dis-
orders and the necessity for large, diverse datasets for efficient training are also identi-
fied as critical obstacles. Although these restrictions, the study proposes a framework
for future research to discover and classify multiple sleep disorders utilizing advanced
Al models, streamlining diagnostics and expanding patient outcomes [11].
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The study applied a novel deep learning architecture to identify EEG biomarkers for
assessing the severity of Obstructive Sleep Apnea . The model was trained by applying
features derived from EEG signals and other biomarkers, like desaturation area, arousal
events, and respiratory event duration, to detect an objective metric for OSA severity
assessment . But, the study has restrictions, including the absence of consensus on a
common efficient metric for OSA severity, which may affect the generalizability of the
findings across several populations and settings. Moreover, the reliance on specific
EEG frequency bands (0-8 Hz) may overlook other potentially relevant features in the
EEG data . The results demonstrated that the model efficiently identified significant
EEG features from posterior and medial regions that correlate with apnea-hypopnea
severity, paving the way for the application of Explainable Artificial Intelligence in
making OSA severity assessments more objective and facilitating the discovery of EEG
biomarkers in various tasks [12].

3 XAl Techniques in Sleep Disorder Diagnostics

Several XAl techniques have been employed to interpret Al models in sleep disorder
diagnostics. These include:

» Feature Importance Methods:

Methods such as SHapley Additive Explanations and Local Interpretable Model-agnos-
tic Explanations (LIME) provide insight on which characteristics—such as heart rate,
oxygen saturation, and EEG signals—have the most influence on a model's predictions.

* Integrated Gradients (IG):

IG is a well-liked technique for deep learning models that links a model's output to its
input characteristics. This makes it useful for examining time-series data, like EEG re-
cordings.

» Saliency Maps:
visualizations that draw attention to the areas of input data like EEG or ECG signals
that are the most bearing in the decision-making process.

» Counterfactual Explanations:
Provide clinicians practical insights by illustrating how slight change to input data could
affect diagnostic results. Overview of XAl Techniques in Sleep Disorder Diagnostics

The proposed system integrates Al and XAl techniques to ensure accurate, interpreta-
ble, and clinically reliable diagnosis of sleep disorders. the workflow of the Explainable
Al for Sleep Disorder Diagnostics system is designed. It proceeds by the following
major stages:
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1. Data Collection

Gathering physiological data from multiple sources such as wearable devices and
polysomnography (PSG) are the beginning process. The vital signals including
electroencephalogram (EEG), electrocardiogram (ECG), oxygen saturation
(SpOy), respiratory rate, and body movement are recorded by these sources. These
different data serve as the foundation for Al-based sleep disorder analysis.

2. Dataset Creation

The collected raw data is mound into structured datasets. These datasets include
labeled information which corresponds to various sleep stages and disorders like
insomnia, sleep apnea, narcolepsy, and restless leg syndrome. For supervised ma-
chine learning and deep learning model training labeling is essential.

3. Data Preprocessing

This step includes cleaning and preparing the data for analysis. Noise and artifacts
are removed by filtering techniques and handling the missing values. For analysis
signals are segmented into time-series windows. To ensure the input data is of high
quality and ready for modeling, feature extraction is then performed to identify key
patterns from EEG, ECG, and SpO: signals

4. Prediction Model Development

To detect and classify sleep disorders machine learning (ML) and deep learning
(DL) models are developed. Techniques like Convolutional Neural Networks
(CNNs), Recurrent Neural Networks (RNNs), and ensemble learning methods are
applied. These models classify sleep stages by learning to differentiate normal and
abnormal sleep patterns, predict apnea events.

5. Explainable Al (XAl) Integration

XAI methods like SHAP, LIME, Integrated Gradients, Saliency Maps, and Coun-
terfactual Explanations are integrated to overcome the “black-box” nature of Al
models. These methods help in visualizing and interpret how different physiologi-
cal features influence the Al model’s decisions, enhancing transparency and trust.

6. Performance Evaluation and Clinical Validation

Using performance metrics such as accuracy, F1-score, and kappa coefficient the
developed models are evaluated. To ensure reliability clinical experts validate the
model outputs. With known physiological and clinical knowledge, the integration
of XAl enables medical professionals to verify that the model’s reasoning aligns.
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7. Output and Interpretation

Finally, with visual explanations and confidence levels the system provides diag-
nostic insights, allowing both clinicians and patients to understand and trust the
diagnostic outcomes. In clinical settings this interpretability enhances patient trust,
supports personalized treatment planning, and promotes adoption. The following
Fig. 1 illustrates the workflow of the proposed system.

Data collection

Data Set

Data Processing

Prediction model

Performance evolution

Fig.1.Conceptional workflow of Explainable Al in Sleep Disorder Diagnostics

4 Integration with Wearable Technology

The widespread use of wearable technology has increased accessibility to ongoing sleep
monitoring. Numerous physiological indications, such as blood oxygen levels, body
motions, and heart rate variability, are recorded by these devices. XAl is important for
understanding the vast data produced by wearables and making sure that the results of
Al models are intelligible and useful for both patients and clinicians . By applying
SHAP on wearable data, for example, researchers can identify specific patterns linked
to sleep apnea events, enhancing early detection and treatment.
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5  Applications of XAl in Sleep Disorder Diagnostics

Obstructive Sleep Apnea (OSA):

Research has shown that by analyzing oxygen desaturation and airflow patterns, the
effectiveness of XAl is useful in detecting apnea episodes. Also, XAl enhancing the
trust by validating Al predictions against healthcare recommendations.

Insomnia:

Based on lifestyle and sleep patterns, machine learning models have been used to pre-
dict the severity of insomnia. XAl techniques like counterfactual explanations make
clear how factors like screen time or coffee consumption affect predictions.
Narcolepsy:

By analyzing PSG data using deep learning models XAl methods help clinicians un-
derstand the neural mechanisms linked with excessive daytime sleepiness and sleep
onset REM periods.

Restless Leg Syndrome (RLS):

Periodic limb movements and related brain activity are Key indicators for RLS, can be
found using feature attribution approaches. The following table.1 portrays the compar-
ison of XAl techniques in sleep disorder diagnostics

Table 1.Comparison of XAl Techniques in Sleep Disorder Diagnostics

XAl Technique Application Advantages Limitations

SHAP The significance of  High interpretability computationally costly
features for OSA and and independence
insomnia from models

LIME Localized justifica-  Easy to execute and  Restricted to regional
tionsfor wearable in- adaptable justifications
formation

Integrated Gradients  Analysis of time seriescompatibility with  Differentiable models
for PSG data deep learning, strong are necessary.

Saliency Maps Visual aids for an- Simple to understand Lacks global insights
alyzing signals and intuitive and is susceptible to

noise

Counterfactuals Explanations based on Practical,patient- High-dimensional data

scenarios specif ic information is difficult to handle.
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6 Benefits of XAl in Sleep Disorder Diagnostics

Transparency:

By improving the interpretability of Al models, XAl helps making their outputs under-
standable to clinicians and patients.

Clinical Validation:

By coordinating Al predictions with accepted medical knowledge, XAl enhances the
reliability of diagnostic tools

Patient Trust:

Transparent models-built trust among patients, encouraging increased use of Al-based
diagnostics.

Personalized Treatment:

Due to the development of tailored treatment plans, XAl makes it easier to create indi-
vidualized treatment programs.

7 Challenges and Limitations

Despite its advantages, XAl faces several challenges in sleep disorder diagnostics:
Complexity of Sleep Data:

To extract valuable insights from sleep data, advanced XAl methods are required due
to its high complexity and unpredictability.

Computational Overhead:

Real-time analysis is challenging one because of the computational complexity of many
XAl algorithms.

Interpretability vs. Accuracy Trade-off:

Finding a balance between diagnostic accuracy and model interpretability remains a
crucial task.

Limited Standardization:

The use of XAl is imited due to the lack of established procedures for integrating it into
clinical processes.

8 Future Directions

By integrating Al-based methods with conventional statistical models to make use of
their respective advantages. For real-time diagnostics, creating effective and light-
weight XAl algorithms in wearable device will be considered. For comprehensive di-
agnostics, the use of XAl to combine data from multiple sources, such as PSG, weara-
bles, and patient-reported outcomes are proposed. An addition, one has to consider
standard guidelines for the safe and effective clinical application of XAl. Finally, cre-
ating XAl models that not only aid clinicians but also directly give patients intelligible
information while simultaneously assisting physicians.
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9 Conclusion

Explainable Al shows a transformative approach to increase the reliability and trans-
parency of Al-based sleep disorder diagnostics. Using the bridge gap between complex
Al models and clinical applicability, XAl build trust, increases diagnostic accuracy,
and makes personalized treatment. Future research should concentrate on resolving the
challenges of XAl integration and developing patient-centered solutions to unlock its
difficulties in sleep medicine.
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