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ABSTRACT

KEYWORDS: Sleep Apnea; Automatic Sleep Stage Classification; Deep Learn-
ing for Sleep Stage Classification; Deep Learning for Sleep Apnea
Detection; Supervised Contrastive Learning; Feature Representa-
tion Learning; Self-attention Mechanism; Self-Supervised Learn-
ing; Graph Theory; Brain Functional Connectivity; Small-world-

network

Sleep apnea (SA) is a widespread and severe sleep disorder marked by recurrent episodes of breath-
ing cessation during sleep, leading to significant health implications and reduced quality of life.
This thesis understands sleep apnea using physiological signals and neuroimaging data to enhance
diagnostic accuracy and efficiency. Sleep apnea, a prevalent and severe sleep disorder, is charac-
terized by repeated interruptions in breathing during sleep, leading to significant health risks and
reduced quality of life. This thesis addresses critical challenges in diagnosing and understanding
sleep apnea by leveraging advanced signal processing and deep learning techniques to analyze
physiological signals and neuroimaging data. The primary contributions of this research include
the development of novel methodologies for automatic sleep stage classification, efficient obstruc-
tive sleep apnea (OSA) detection, and an in-depth analysis of brain functional connectivity across
sleep stages. To achieve these objectives, the thesis introduces several innovative solutions. First, a
deep learning-based model incorporating supervised contrastive learning and self-attention mech-
anisms is proposed for automatic sleep stage classification using single-channel EEG signals. The
PSG data shows a non-uniform distribution of sleep stages, with wake (W) (around 30% of total
samples) and N2 stages (around 58% and 37% of total samples in Physionet EDF-Sleep 2013 and
2018 datasets, respectively) being more prevalent, leading to an imbalanced dataset. The imbal-
anced data issue is addressed using a weighted softmax cross-entropy loss function that assigns
higher weights to minority sleep stages. Additionally, an oversampling technique (the synthetic
minority oversampling technique (SMOTE) [1])) is applied to generate synthetic samples for mi-
nority classes. This model achieves state-of-the-art performance with 94.1% accuracy, a macro
F1 score of 92.64, and a Cohen's Kappa of 0.92 on public datasets, addressing challenges such as
imbalanced datasets and minimal preprocessing requirements. Second, a self-supervised learning
framework is developed for OSA detection using single-channel ECG signals, significantly reduc-
ing the reliance on labelled data. This method achieves robust performance with accuracies of
85%), 89%, and 92% using only 1%, 10%, and 100% labelled training data, respectively. Third, the
thesis explores small-world properties in brain functional networks across sleep stages using fMRI
and EEG data, the analysis of Variance (ANOVA) test (p-value = 0.00877) revealing significant
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differences in functional brain connectivity and spectral connectivity during different stages. The
study analyzes BFNs from the spectral functional brain network by computing various small-world
network parameters (v, A, o). For fMRI data, parameters such as clustering coefficient (C),), local
efficiency (Eicar), and global efficiency (Lyi0ba1) Showed a negative correlation with sparsity, while
v, A, and o showed a positive correlation with sparsity across different sleep stages. Resting-state
fMRI data exhibited similar trends. In contrast, for EEG signals, C},, Eical, and Egjqpa maintained
constant values across different sleep stages.Small-world- network properties provided insights
into the neurophysiological impacts of Sleep Apnea on functional brain connectivity. Also, we
have analysed dynamic functional connectivity using fMRI signals to understand the brain net-

work's temporal characteristics across different sleep stages better.

These contributions are novel in their ability to address key limitations in existing method-
ologies: reducing dependency on extensive labelled datasets, enhancing generalization across
datasets, and providing clinically relevant insights into brain connectivity patterns. The proposed
techniques are designed for real-time and offline applications, making them suitable for clinical use
and home-based monitoring systems. The findings of this thesis have significant implications for
advancing personalized treatment strategies for sleep apnea and improving patient outcomes. By
combining innovative computational techniques with physiological signal analysis and neuroimag-
ing data exploration, this research paves the way for more accessible, accurate, and cost-effective
diagnostic tools to transform sleep medicine practices.

© 2025, Indian Institute of Technology Delhi
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