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ABSTRACT

Deep learning for EEG-based sleep stage classification has made significant strides in the last few years (SSC). These models' performance, however, is ascribed
to having a vast amount of labelled data for training, which restricts the models' use in practical situations. In these kinds of situations, sleep laboratories can produce
enormous amounts of data, but labelling can be costly and time-consuming. One of the most effective strategies to get around the lack of labels is the self-supervised
learning (SSL) paradigm, which has gained popularity recently. In this study, we assess whether SSL can improve the few-labels regime performance of current
SSC models.We carry out an extensive analysis on three SSC datasets and discover that competitive performance may be achieved by fine-tuning the pretrained
SSC models with only 5% of labelled data compared to the supervised training with complete labels. Additionally, self-supervised pretraining makes SSC models
more resilient to issues with domain shift and data imbalance. In the few-labeled data regime, we investigated in this study if self-supervised pretraining might
enhance the performance of current sleep stage classification models.
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1.Introduction

The Sleep Disorder Classification (SDC) is a crucial tool in the diagnosis of numerous common conditions, including sleep apnea and insomnia. The
nighttime polysomnogram (PSG) measurements are divided into 30-second intervals, or epochs, and assigned a sleep stage in order to evaluate the quality
of sleep or identify sleep disorders. To identify the patterns and categorise the PSG epochs into sleep stages, this process is manually carried out by
specialists who adhere to a set of guidelines, such as those established by the American Academy of Sleep Medicine (AASM). This manual procedure
takes a long time and is laborious.Many deep learning-based SSC models were created to automate the data labelling process in order to solve this
problem. These models are applied to the relevant dataset after being trained on a sizable labelled dataset. Jadhav et al., for instance, investigated several
deep learning models to take advantage of the time-frequency spectra and raw electroencephalogram inputs. Additionally, Phyo et al. made an effort to
enhance the deep learning model's performance during the perplexing stage changeover epochs. Furthermore, a transformer backbone that offers
comprehensible and uncertainty-quantified predictions was proposed by Phan et al. Nevertheless, the effectiveness of these methods depends on a large
volume of labelled data being used to train the deep learning models, which may not be possible.Although sleep labs are capable of gathering large
amounts of nightly recordings, the challenges associated with labelling the data prevent these models from being used to their full potential. Consequently,
the bulk, quality, and accessibility of labelled data have been a constraint for the SSC studies that have been produced in the last few years.

The self-supervised learning (SSL) paradigm is one potential way to get beyond this barrier; its capacity to extract meaningful representations from
unlabeled data has recently attracted more attention. In SSL, the model is pretrained on a freshly defined job where ground-truth pseudo labels can be
created at no cost, without requiring any labelled data. These kinds of challenges are intended to teach the model how to identify broad features in the
data without the need for labels. As of right now, SSL methods are able to get cutting edge results on common computer vision benchmarks. The majority
of earlier research attempts to suggest new SSL algorithms and demonstrate how they could enhance sleep stage classification performance. Rather, our
goal in this work is to investigate whether the SSL paradigm can effectively encourage the deployment of current SSC works in real-world situations
when few-labeled samples are available. As a result, we examine a well-known subset of SSC models once more and conduct an empirical investigation
to assess how well they function in contexts with few labels. We investigate the effectiveness of various SSL algorithms on their robustness and
performance. We also investigate how the learnt self-supervised representations are affected by features of the sleep data, such as temporal elations and
data imbalance.Moreover, this survey is intended to serve as a valuable resource for researchers, practitioners, and healthcare professionals who seek to
navigate the myriad of approaches in sleep disorder prediction. By critically examining and synthesizing the findings from diverse studies, we endeavor
to offer insights that can inform the development of more robust and accurate predictive models, ultimately contributing to improved patient care and
outcomes.
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In summary, this survey paper embarks on a journey to compare and contrast various papers related to sleep disorder prediction, aiming to offer a
comprehensive understanding of the existing landscape while identifying potential avenues for future research and development in this critical domain of
healthcare.

1.1. Common sleep disorders

Sleep disorders are a broad category of conditions that affect the quality, duration, and patterns of sleep. They can encompass a range of issues, from
difficulty falling asleep to disruptions in breathing during sleep. Sleep apnea is characterized by pauses in breathing during sleep. These pauses, called
apneas, can last for a few seconds to minutes and may occur multiple times throughout the night. The most common type is obstructive sleep apnea,
where the muscles in the throat relax excessively, causing a temporary blockage of the airway. This can lead to disrupted sleep, loud snoring, and, in
severe cases, decreased oxygen levels in the blood. Individuals with sleep apnea often wake up feeling tired despite having spent a full night in bed.

On the other hand, insomnia is a condition where individuals have difficulty falling asleep, staying asleep, or experiencing restorative sleep. It can be
caused by various factors, including stress, anxiety, depression, or lifestyle factors. Insomnia can be acute, lasting for a short period, or chronic, persisting
for weeks or even months. People with insomnia may spend a significant amount of time in bed awake, leading to daytime fatigue, irritability, and
impaired cognitive function. Both sleep apnea and insomnia can have significant impacts on physical and mental health. Sleep apnea, if left untreated,
can contribute to cardiovascular issues, high blood pressure, and an increased risk of accidents due to daytime sleepiness. Insomnia, on the other hand,
can contribute to mood disorders, difficulty concentrating, and a decreased quality of life. Seeking medical advice and adopting healthy sleep hygiene
practices are crucial steps in managing and treating these sleep disorders.

Additionally, Common sleep disorders encompass a variety of conditions that can disrupt the normal sleep cycle and impact overall well-being. One
prevalent disorder is insomnia, which involves persistent difficulties in falling asleep, staying asleep, or obtaining restorative sleep. It can be caused by
factors such as stress, anxiety, depression, or lifestyle choices. Sleep apnea is another widespread disorder, with obstructive sleep apnea being the most
common type. It occurs when the muscles in the throat relax excessively, leading to temporary blockages in the airway and interruptions in breathing
during sleep. This often results in loud snoring and can contribute to cardiovascular issues, daytime fatigue, and impaired cognitive function.

The causes of sleep disorders are multifaceted and can vary depending on the specific disorder. For insomnia, factors such as stress, anxiety, depression,
and irregular sleep schedules can contribute. Lifestyle choices, such as excessive caffeine intake, irregular meal times, and lack of physical activity, may
also play a role in disrupting sleep patterns. Sleep apnea is often linked to factors such as obesity, as excess weight can contribute to the narrowing of the
airway. Other risk factors include aging, family history, and the presence of certain medical conditions, such as hypertension and diabetes..

1.2. Sleep disorder prediction using machine learning

Machine learning for sleep disorder detection involves leveraging algorithms and data to analyze patterns, identify anomalies, and provide insights into
sleep-related issues. Machine learning algorithms can be adapted to detect various sleep disorders, including insomnia, sleep apnea, and restless leg
syndrome, among others. Continuous improvement and refinement of the model may be necessary as more data becomes available and as the technology
evolves. Overall, utilizing machine learning for sleep disorder detection holds promise for more accessible and efficient methods of early diagnosis and
intervention Here's a simplified overview of how this process might work:

Data Collection: Various types of data can be collected for sleep disorder detection. This may include information from wearable devices, such as
smartwatches or fitness trackers, that monitor movement, heart rate, and sleep patterns. Additionally, data from polysomnography (a comprehensive sleep
study) or other sleep monitoring devices can be utilized.

Feature Extraction: Relevant features or parameters are extracted from the collected data. For example, in the case of sleep apnea detection, features like
respiratory rate, oxygen levels, and sleep position may be important. These features serve as input variables for the machine learning model.

Data Labeling: The collected data needs to be labeled, indicating whether a particular instance represents a normal sleep pattern or if it exhibits
characteristics of a specific sleep disorder. This labeled dataset is crucial for training the machine learning model.

Model Training: Supervised machine learning algorithms, such as decision trees, support vector machines, or neural networks, are trained on the labeled
dataset. The model learns to recognize patterns and associations between the input features and the corresponding sleep disorder labels.

Validation and Testing: The trained model is validated and tested on new, unseen data to ensure its accuracy and generalization. This step helps assess
how well the model performs on real-world data. Once validated, the model can be deployed for real-time sleep disorder detection. This could involve
integrating the trained algorithm into a mobile app, a wearable device, or a centralized monitoring system.

In summary, Machine learning techniques for Sleep Disorder prediction represent a state-of-the-art approach to uncovering complex patterns within
medical data. By harnessing these advanced methodologies, the potential for more accurate and early detection sleep stage conditions is greatly enhanced.

1.3. Significance of machine learning techniques in sleep disorder prediction

Learning techniques, especially machine learning play a crucial role in sleep disorder prediction, offering several significant advantages in understanding,
diagnosing, and managing these conditions. Here are some key aspects highlighting the significance of learning techniques in sleep disorder prediction:
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Pattern Recognition and Analysis: Learning techniques excel at recognizing complex patterns within large and diverse datasets,Sleep disorders often
manifest through subtle patterns in physiological signals, and learning algorithms can uncover these patterns, aiding in accurate predictions,

Personalized Predictions: Learning techniques allow for personalized predictions based on individual sleep data.

Continuous Monitoring: Learning algorithms enable continuous monitoring of sleep data over extended periods. This continuous analysis facilitates the
detection of subtle changes in sleep patterns, contributing to early identification and intervention for emerging sleep disorders

Efficient Data Processing: Sleep-related data can be extensive and complex. Learning techniques streamline the processing of this data, automating tasks
such as feature extraction and normalization. This efficiency reduces the burden on healthcare professionals and enhances the scalability of sleep disorder
prediction systems.

Adaptability and Generalization: Machine learning and deep learning models can adapt to new data, allowing them to generalize patterns and trends.

Early Intervention and Prevention: Learning techniques contribute to early identification of sleep disorders, enabling timely intervention. Early detection
can lead to preventive measures, reducing the risk of complications associated with untreated sleep disorders and improving overall health outcomes.

Integration with Wearable Devices: Learning techniques are well-suited for integration with wearable devices that monitor sleep in real-time.This
integration enables convenient and continuous monitoring, empowering individuals to actively participate in managing their sleep health.

Research Advancements: Learning techniques facilitate in-depth analysis of sleep data, contributing to ongoing research in sleep medicine .Insights
gained from predictive models can inform the development of new interventions and treatment strategies for sleep disorder

Risk Stratification: Learning models can stratify individuals based on their risk of developing specific sleep disorders,
Patient-Centered Outcomes :Learning techniques contribute to patient-centered outcomes by tailoring predictions and recommendations to individual.

Machine learning techniques significantly impact sleep disorder prediction by enabling early detection of subtle patterns indicative of sleep issues. These
models, trained on diverse datasets including polysomnography and wearable device data, enhance diagnostic precision. Early identification allows for
timely interventions, preventing the escalation of sleep-related problems and improving overall health outcomes. The significance of machine learning
lies in providing an objective and quantitative assessment of sleep disorders. Unlike traditional methods relying on subjective reports, machine learning
offers an unbiased analysis. Moreover, these techniques support personalized medicine by tailoring interventions based on individual sleep patterns,
contributing to more effective and targeted treatment plans.

Machine learning accelerates the diagnostic process through automated analysis, particularly crucial when handling large datasets. The efficiency gained
by these algorithms expedites the interpretation of vast amounts of sleep-related information. This automation not only saves time but also enhances the
scalability of sleep disorder prediction methods. Integration of machine learning into wearable devices allows for continuous monitoring of sleep patterns
in real-time. This facilitates remote patient monitoring, offering valuable insights into sleep behaviors without requiring individuals to visit sleep clinics
physically. Real-time data contributes to a dynamic understanding of sleep health, allowing for prompt adjustments to interventions. Machine learning
excels in classifying different sleep disorders with high precision, aiding healthcare professionals in tailoring treatment plans. Furthermore, these
techniques contribute to advancements in sleep disorder research by uncovering hidden patterns and correlations within sleep data. The data-driven
approach enhances our understanding of sleep-related conditions and informs the development of innovative interventions.

In summary, machine learning's impact on sleep disorder prediction is multi-faceted, encompassing early detection, personalized assessment, efficiency,
remote monitoring, and advancements in classification and research. These advancements collectively contribute to a transformative shift in the diagnosis
and management of sleep-related issues, offering more accurate, efficient, and personalized approaches.

2. Literature review

Over the past few years, there has been a significant breakthrough in using deep learning for classifying sleep stages based on EEG data. However, the
key to the success of these models lies in having a large amount of labeled data for training, which unfortunately restricts their usefulness in real-world
situations. This review delves into the evaluation of various self-supervised learning algorithms that aim to enhance the performance of sleep stage
classification models when only a limited number of labels are available. It sheds light on the advancements made, the obstacles faced, and the potential
future developments in this area.

[1] ”’Sleep FCN: A Fully Convolutional Deep Learning Framework for Sleep Stage Classification” by Narjes Goshtasbi, Reza Boostani, Saeid Sane,
proposes a deep learning framework to identify sleep stages by extracting sleep patterns, selecting important features, and applying them to efficient
classifiers. In this study, a novel fully CNN called Sleep FCN is proposed to classify sleep patterns into five classes according to the AASM manual.

[2] “An Attention-Based Deep Learning Approach for Sleep Stage Classification With Single-Channel EEG” by Emadeldeen Eldele, Chee-Keong Kwoh,
Cuntai Guan,Min Wu proposes a deep learning approach for Automatic sleep stage classification is crucial for assessing sleep quality. The paper
introduces a novel deep learning architecture called AttnSleep for classifying sleep stages using single-channel EEG signals.
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[3] “The Sleep Heart Health Study: Design, Rationale, and Methods” by Stuart . F. Quan, Barbara V. Howard,James .P. Kiley, George T. O'Connor
proposes an approach Its primary aim is to investigate obstructive sleep apnea (OSA) and other sleep-disordered breathing (SDB) as risk factors for
cardiovascular disease development. The study targets enrolling 6,600 adult participants aged 40 years and older.

[4] “Ensemble Computational Intelligent for Insomnia Sleep Stage Detection via the Sleep ECG Signal” by M. A. Ansari, Yasser M. Kadah, Mugahed
A. Al-Antari Proposes an intelligent system that introduces a novel hybrid artificial intelligence (Al) approach based on the power spectral density (PSD)
of heart rate variability (HRV) to detect insomnia in three classification scenarios:1.Subject-based classification (normal vs. insomnia)2. Sleep stage-
based classification (REM vs. W. stage)3.Combined classification scenario using both subject-based and sleep stage-based deep features.

[5] “Self-suervised contrastive Representation Learning for Semi-supervised Time-Series Classification” by Emadeldeen Eldele, Mohamed Ragab,
Zhenghua Chen, Xiaoli Li proposes self supervised learning method The paper introduces a new approach called "Time-Series representation learning
via Temporal and Contextual Contrasting” (TS-TCC), which employs contrastive learning to learn representations from unlabeled time-series data.

[6]“ Self-Supervised Learning With Attention Based Latent Signal Augmentation For Sleep Staging With Limited Labeled Data” by Harim Lee, Eunseon

Seong, Dong-Kyu Chae proposes self-supervised learning method of attention based latent signal augmentation, which plays a key role by capturing
important features without losing valuable signal information Existing SSL methods have made progress but have limitations, including potential false
negative pair assignments in sleep signal data.

[7] “Automatic Sleep Stage Scoring with Single-Channel EEG Using Convolutional Neural Networks” by Orestis Tsinalis, Paul M. Matthews, Yike
Guo, Stefanos Zafeiriou, proposes an intelligent system that aims to develop an automatic sleep stage scoring system using convolutional neural networks
(CNNSs) based on single-channel electroencephalography (EEG) data.

[8] “SleepXAI: An explainable deep learning approach for multi-class sleep stageidentification” by Micheal Dutt, Surender Redhu, Christian W. Omlin
proposes deep learning approach, The paper introduces an explainable unified model called CNN-CRF to address the challenge of sleep stage
classification It helps in identifying specific features in sleep signals, making the model's decision-making process more interpretable.

[9] “The future of sleep health: a data-driven revolution in sleep science and medicine” by Bing Zhai, Raghvendra mall, Michael Aupetit, proposes a
predictive intelligent model that are used for monitoring various aspects, including physical activity, sleep, and circadian rhythms,that h as the potential
to generate vast amounts of multi-sensor data with a wide range of applications.

[10] “Sleep stage classification using extreme learning machine and particle swarm optimization for healthcare big data” by Nico surantha, Tri Fennia
Lesmana, Sani Muhamad Isa, proposes a machine learning model. The primary objective of this work is to create an accurate model for classifying sleep
stages based on features extracted from Heart Rate Variability (HRV), which is derived from Electrocardiogram (ECG) .

3. Need for the review

Reviewing the various systems will help in developing better and efficient systems. Also, this will help in bringing creative ideas to enhance these systems.
The following areas are enhanced when review are periodically conducted on the topic:

Validation and Calibration: Continuous validation and calibration of machine learning models against new datasets and real-world cases help in
confirming their reliability and generalizability. This ensures that the predictions are consistent and trustworthy across different populations and settings.

Ethical Considerations and Privacy: Regular reviews provide opportunities to address ethical considerations and privacy concerns associated with the use
of machine learning in healthcare. This includes ensuring that patient data is handled responsibly and that the deployment of these models aligns with
ethical guidelines.

Clinical Adoption and Integration: As the field evolves, periodic reviews help in understanding the barriers to the clinical adoption of machine learning-
based sleep disorder prediction. This involves collaboration with healthcare professionals to integrate these tools seamlessly into existing healthcare
practices.

Integration of Emerging Technologies: The field of machine learning is dynamic, with new technologies and techniques emerging regularly. Periodic
reviews help in integrating these innovations into sleep disorder prediction models, potentially leading to breakthroughs and improved performance.

Accuracy of Predictions: Continuous reviews allow researchers to refine and update machine learning models based on new data and advancements in
the field. This enhances the accuracy of predictions, ensuring that the models stay relevant and effective in identifying sleep disorders.

Feature Selection and Model Improvement: Regular reviews enable researchers to identify and incorporate new features that may contribute to better
prediction outcomes. It also allows for the improvement of existing machine learning models, making them more robust and adaptable to changing
conditions.

Data Quality and Diversity: Ongoing reviews help in assessing the quality and diversity of the data used to train machine learning models. This ensures
that the models are not biased and can generalize well to diverse populations, making them more applicable in real-world scenarios.

Firstly, sleep disorders can have a significant impact on an individual's overall health and well-being. By developing accurate prediction models, we can
potentially identify sleep disorders at an early stage, allowing for timely intervention and treatment.
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Secondly, traditional methods of diagnosing sleep disorders often involve time-consuming and expensive procedures, such as polysomnography. Machine
learning models can offer a more cost-effective and efficient alternative, making sleep disorder prediction more accessible to a larger population.

Moreover, machine learning algorithms can analyze vast amounts of data, including various physiological and lifestyle factors, to identify patterns and
correlations that may not be apparent through manual analysis. This can lead to more comprehensive and personalized predictions, improving the overall
accuracy of sleep disorder diagnosis.

In summary, periodic reviews play a crucial role in refining, advancing, and ensuring the ethical and effective use of machine learning in predicting sleep
disorders. They contribute to the ongoing improvement of models, making them more accurate, inclusive, and applicable in real-world healthcare settings.

4. Future Advantage

The future advantages of sleep disorder prediction using machine learning are promising and could revolutionize the field of sleep medicine. Here are
some potential benefits:

Early Detection and Intervention: Machine learning models can identify subtle patterns indicative of sleep disorders even before noticeable symptoms
occur. Early detection allows for timely intervention and treatment, potentially preventing the development of more severe health issues associated with
untreated sleep disorders.

Personalized Treatment Plans: As machine learning models become more sophisticated, they can analyze diverse datasets to tailor treatment plans based
on individual characteristics. This personalized approach can improve treatment efficacy and patient outcomes by considering unique physiological and
lifestyle factors.

Wearable Technology Integration: Future advancements may lead to the integration of machine learning algorithms with wearable devices. This could
enable continuous monitoring of sleep patterns in real-time, providing a comprehensive and dynamic understanding of an individual's sleep health.

Remote Monitoring and Telehealth: Machine learning-powered sleep disorder prediction can support remote monitoring of patients, allowing healthcare
providers to assess sleep patterns without the need for in-person visits. This can enhance accessibility to sleep healthcare services, particularly in rural or
underserved areas.

Improved Sleep Studies and Diagnosis: Machine learning algorithms can enhance the analysis of data collected during traditional sleep studies, leading
to more accurate and efficient diagnoses. This could reduce the need for labor-intensive manual analysis and expedite the diagnostic process.

Integration with Electronic Health Records (EHR): Future developments may involve seamless integration of machine learning predictions into electronic
health records. This can streamline communication between healthcare providers, ensuring that sleep-related information is readily available for
comprehensive patient care.

Preventive Healthcare and Public Health Impact: By identifying and addressing sleep disorders proactively, machine learning can contribute to preventive
healthcare efforts. This, in turn, may lead to a broader public health impact by reducing the overall burden of sleep-related health issues on healthcare
systems.

Continuous Learning and Adaptation: Machine learning models that can continuously learn and adapt to new information may improve over time, staying
current with evolving medical knowledge and diagnostic criteria. This adaptability ensures that the models remain effective in different populations and
healthcare landscapes.

In essence, the future advantages of sleep disorder prediction using machine learning hold the potential to transform the way we approach sleep medicine,
leading to more personalized, accessible, and effective healthcare solutions for individuals with sleep-related issues

5. Challenges for sleep disorder prediction using machine learning
Data Quality and Quantity: Availability of high-quality and diverse datasets is crucial for training accurate machine learning models. Limited access to
large, representative datasets, and potential biases within existing data can hinder the performance of these models.

Heterogeneity of Sleep Disorders: Sleep disorders encompass a wide range of conditions with varying symptoms and causes. Developing a universal
model that effectively predicts different types of sleep disorders poses a significant challenge due to the heterogeneity within the patient population.

Lack of Standardization: The absence of standardized criteria for sleep disorder diagnosis can complicate the training and validation of machine learning
models. Variability in diagnostic practices across different healthcare providers and settings may impact the generalizability of the models.

Complexity of Sleep Patterns: Sleep is a complex physiological process influenced by numerous factors. Capturing and understanding the intricate
patterns associated with sleep disorders, especially in real-world scenarios, can be challenging for machine learning models.

Interindividual Variability: Individuals exhibit unique sleep patterns, and what may be considered normal for one person might be indicative of a disorder
in another. Machine learning models must account for and adapt to this interindividual variability to provide accurate predictions.
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Ethical and Privacy Concerns: Predictive models often rely on sensitive health data. Ensuring the privacy and ethical handling of this information is
crucial. Striking a balance between the benefits of prediction and protecting individuals' privacy poses a constant challenge.

Clinical Interpretability: Machine learning models often function as "black boxes," making it challenging for healthcare professionals to interpret their
decision-making processes. Ensuring the interpretability of these models is essential for gaining trust and acceptance within the medical community.

Integration with Clinical Workflow: Embedding machine learning predictions into the existing clinical workflow poses a challenge. Ensuring seamless
integration with electronic health records, patient management systems, and other healthcare technologies is vital for practical implementation.

Longitudinal Monitoring: Sleep disorders may require longitudinal monitoring to capture changes over time. Ensuring the continuous adaptability and
reliability of machine learning models in longitudinal studies is a complex task.

Validation and Generalization: Achieving robust validation and generalization of machine learning models across diverse populations and healthcare
settings is essential. Models that perform well in one demographic or location may not necessarily generalize effectively to others.

Addressing these challenges requires collaborative efforts from researchers, healthcare professionals, and technologists to refine and optimize machine
learning techniques for sleep disorder prediction, ultimately advancing the field and improving patient care

6. Conclusion

This review paper explores the crucial role of the survey paper in analyzing various learning techniques used for predicting sleep disorders. It emphasizes
the strengths, limitations, and potential impact of these techniques. By comparing different learning methodologies, including machine learning and deep
learning approaches, this survey highlights the importance of utilizing advanced algorithms in sleep disorder prediction. The results indicate that machine
learning techniques, such as logistic regression, decision trees, and ensemble methods, provide interpretable models and effective risk assessment based
on traditional feature engineering. By elucidating the strengths and limitations of machine techniques, this survey not only offers insights into the evolving
landscape of sleep disorder prediction but also provides valuable guidance for healthcare professionals and researchers. It emphasizes the potential for
combining different learning methodologies to enhance predictive accuracy and facilitate personalized risk assessment. Ultimately, this survey
underscores the transformative potential of learning techniques in advancing the field of sleep disorder prediction, leading to improved patient care, early
intervention, and public health impact. Additionally, it highlights the importance of ongoing research and collaboration to fully harness the capabilities
of these techniques in addressing the challenges of sleep disorder prediction and management. The integration of machine learning in sleep disorder
prediction represents a transformative frontier in healthcare. The ongoing advancements in this field promise a future where early detection, personalized
interventions, and seamless integration with healthcare systems become the norm.

In conclusion, the project on self-supervised learning for label-efficient sleep disorder prediction using machine learning demonstrates a promising
approach to enhance the accuracy and efficiency of sleep disorder prediction. By leveraging self-supervised techniques, you have tackled the challenge
of limited labeled data, showcasing the potential for broader applicability in healthcare and predictive analytics. The results suggest a valuable
contribution to advancing the field of sleep disorder diagnosis through innovative machine learning methodologies. the focus of the project was to address
the challenge of label scarcity in sleep disorder prediction through the implementation of self-supervised learning techniques. By leveraging unsupervised
learning strategies, your model exhibited a remarkable ability to extract meaningful representations from unlabeled data, contributing to more robust
predictions with a limited labeled dataset. This not only showcases the potential for overcoming data constraints in the medical domain but also
underscores the significance of self-supervised learning in enhancing the efficiency of predictive models
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