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Abstract


Supervised learning has been the cornerstone of many successful medical imaging applications. However, its reliance on large labeled datasets poses significant challenges, especially in the medical domain, where data annotation is time-consuming and expensive. In response, self-supervised learning (SSL) has emerged as a promising alternative, leveraging unlabeled data to learn meaningful representations without explicit supervision. This paper provides a detailed overview of supervised learning and its limitations in medical imaging, underscoring the need for more efficient and scalable approaches. The study emphasizes the importance of the area under the curve (AUC) as a key evaluation metric in assessing SSL performance. The AUC offers a comprehensive measure of model performance across different operating points, which is crucial in medical applications, where false positives and negatives have significant consequences. Evaluating SSL methods based on the AUC allows for robust comparisons and ensures that models generalize well to real-world scenarios. This paper reviews recent advances in SSL for medical imaging, demonstrating their potential to revolutionize the field by mitigating challenges associated with supervised learning. Key results show that SSL techniques, by leveraging unlabeled data and optimizing performance metrics like the AUC, can significantly improve the diagnostic accuracy, scalability, and efficiency in medical image analysis. The findings highlight SSL’s capability to reduce the dependency on labeled datasets and present a path forward for more scalable and effective medical imaging solutions.
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1. Introduction


Most often, classification and regression challenges are tackled using supervised learning. The purpose of regression is to forecast a continuous numerical result, whereas the objective of classification is to predict a discrete class label. Linear and logistic regression, decision trees, support vector machines, neural networks, and linear regression are common supervised learning techniques [1,2,3].



It could be costly and time-consuming to gather and annotate such datasets. Models can underperform when presented with novel, unseen data if the training data need to be improved or are of low quality [4]. Supervised learning’s success depends on feature engineering, which is challenging, calls for domain knowledge, and entails choosing and altering the most informative features [5]. Another typical problem with supervised learning is overfitting, which occurs when a model performs well on training data but needs to be improved on new data [6]. The predictions made by supervised learning algorithms could be biased if there are biases in the training data [7,8]. Research in machine learning is actively aimed at addressing algorithmic bias [9,10].



In recent years, self-supervised learning (SSL) has gained popularity as a potential solution to supervised learning problems, such as the enormous quantity of labeled data required. SSL uses large amounts of available unlabeled data to develop helpful representations, unlike supervised learning, which relies on the human annotation of training data [11,12]. The basic tenet of SSL is to eliminate the requirement for human-provided labels by defining pretext tasks that can be addressed using the data’s inherent structure and patterns [12,13,14]. Disease diagnosis and picture segmentation are examples of medical imaging tasks where SSL has outperformed strictly supervised methods [15].



The design of efficient pretext tasks and the possibility that the acquired representations may not be ideal for particular downstream tasks are two of the obstacles that SSL must overcome [16]. Researchers are investigating several approaches to combat these issues, such as merging SSL with other methods, including transfer learning, and creating more complex pretext tasks [13,16].



Common metrics include accuracy, precision, recall, and the F1 score, which provide distinct insights into model performance [17]. Accuracy evaluates a model’s correctness, but precision and recall are more useful in imbalanced datasets by focusing on class performance [18]. The area under the curve (AUC) of the receiver operating characteristic (ROC) curve is useful in comparing models and handling imbalanced data because it summarizes the trade-off between the true positive rates (TPRs) and false positive rates (FPRs) across various thresholds [19]. These indicators help to select and optimize models and guarantee that they fulfill performance standards for key applications [20].



The AUC is the likelihood that a randomly picked positive instance would have a higher predicted score than a negative instance. The AUC runs from 0.5 to 1.0, with 0.5 suggesting a test no better than random chance and 1.0 indicating a flawless test that can discriminate between positive and negative instances. AUCs of 0.7 or higher are acceptable, 0.8 or higher are good, and 0.9 or higher are excellent [21,22,23,24]. The AUC provides a single scalar value that summarizes a binary classifier’s performance, making it useful for model comparison and selection [24]. The AUC alone should not be used to evaluate models since it ignores decision thresholds, class imbalance, and fairness [25]. Diagnostic tests and classification models with a larger AUC are deemed more discriminative [26].



Despite SSL’s rapid developments and transformational potential across domains, previous research generally lacks a thorough evaluation framework that robustly quantifies model performance [27,28]. Although some studies have investigated the learning of multiple pretext tasks for self-supervised feature learning, additional research is necessary to realize the potential of SSL completely [12]. Further research is required to address the challenges of diverse environments and scenarios when deploying SSL models in real-world autonomous systems [29].



While the AUC is a well-established metric in supervised learning, its use in SSL is underexplored [30]. This research systematically examines the inclusion of the AUC in SSL model assessment, providing a comprehensive understanding of their performance across applications. The significance of the AUC statistic in assessing SSL-based classification models is emphasized in this paper. It examines SSL applications in various domains, including image recognition and natural language processing, showcasing developments and a decreased dependency on labeled data. The article presents improved AUC-optimizing SSL frameworks and illustrates their effective applications in medical imaging. It also tackles the difficulty of acquiring high-quality tagged data and the requirement for more comprehensible models.



This paper will explore the idea and methods of SSL, explain the significance of the AUC metric in assessing SSL models, investigate the transformative applications of SSL in various domains, and present the methodology used for the critical review. Finally, it will discuss challenges and future directions and conclude on the significance of SSL and the function of the AUC in assessing its performance.




2. Concept and Techniques of Self-Supervised Learning


Key practicalities and workable profitabilities associated with functional information prediction have emerged with the advent of the SSL concept. These have contributed to desirable outcomes in satisfying precision, computational effort flexibility, time efficiency, and cost-effectiveness [31], especially for diverse disciplines without prior annotated documented databases. After optimizing the surrogate objective, the pre-trained model can be used as a feature extractor to feed downstream supervised tasks [32,33]. SSL approaches have demonstrated promising outcomes in practice, but their theoretical foundations are unknown [34].



Figure 1 shows how the SSL framework preprocesses raw data for analysis. After creating pseudo-labels and pretext tasks, a self-supervised task is produced. This challenge starts with model training using contrastive learning, generative models, and predictive models. After training, the model learns features through extraction and representation. Later, tasks like image recognition, NLP, robotics, and autonomous vehicles use these learned properties. The AUC, accuracy, precision, and recall are used to evaluate the model’s performance in various tasks.



Contrastive, generating, and predictive tasks are the three primary types of SSL pretext tasks (Table 1) [35]. These three types of SSL have helped computer vision and natural language processing models to develop powerful representations from unlabeled data. The learned representations can be tailored to downstream activities.




3. Transformative Applications of Self-Supervised Learning


The constraints of traditional machine learning models have been addressed by SSL, a promising deep learning technique that trains neural networks using enormous volumes of unlabeled data [39]. SSL techniques address challenges such as data sparsity and the necessity of extensive human effort in annotating datasets by utilizing immense volumes of unlabeled data to train neural networks [15,40,41]. These reviews underscore the potential of SSL to improve the accuracy of prediction, maintenance prognostics, and illness diagnosis, all while reducing the computational budgets, time, and storage requirements. The advancement of SSL methodologies, such as contrastive learning, generative learning, and adversarial learning, has allowed models to learn complex patterns from unlabeled data, resulting in enhanced performance in tasks such as semantic segmentation, object detection, and image classification [40,41]. The transformative impact of SSL on a variety of disciplines is emphasized by the synthesis of recent breakthroughs, which opens the door for additional innovations in deep learning [42].



3.1. Image Recognition


Clinical decision-making could be enhanced by machine learning and deep learning approaches, which could ultimately result in better patient outcomes [43]. SSL holds significant potential for revolutionary image recognition applications. SSL algorithms like self-supervised deep learning within self-distillation with no labels (DINO) [44] have achieved state-of-the-art medical image classification performance with 1–10% of the labeled training data needed by fully supervised methods. Medical imaging is especially affected, where labeled data are rare and expensive. On downstream tasks, self-supervised pre-training outperforms fully supervised pre-training for object detectors [45]. The learned representations are more reliable and generalizable. SSL systems like PixPro [15] learn sophisticated visual representations from unlabeled data to promote semantic segmentation. This helps to resolve dense pixel-level annotation issues. Azizi et al. [46] developed a representation learning technique for medical imaging machine learning models that reduces ‘out of distribution’ performance issues and enhances the model robustness and training efficiency. REMEDIS (‘Robust and Efficient Medical Imaging with Self-Supervision’) uses large-scale supervised transfer learning on natural pictures and intermediate contrastive SSL on medical images with minimum task-specific customization. REMEDIS enhanced the in-distribution diagnosis accuracies by 11.5% compared to strong supervised baseline models and required only 1–33% of the data for retraining to match supervised models retrained using all available data.




3.2. Natural Language Processing (NLP)


Bidirectional Encoder Representations from Transformers (BERT) and T5 models have revolutionized NLP through SSL. These models develop rich contextual representations of language by being pre-trained on huge unlabeled text corpora, employing self-supervised aims like masked language modeling. The learned representations can be fine-tuned on downstream NLP tasks, including text categorization, question answering, and language production, improving the performance significantly [12]. BERT and T5’s achievement has spurred the study of the transformation of self-supervised objectives. Alternatives to masked language modeling include random token substitution, cluster-based random token substitution, and swapped language modeling. The structured alignment of pre-training objectives with downstream tasks may help to reduce the labeled data needs [47].



Zhou et al. [48] improved text categorization across 17 datasets using self-supervised regularization. On BERT’s self-supervised pre-training, Gururangan et al. [49] suggested task-adaptive and domain-adaptive pre-training to specialize the model for target tasks and domains. Sun et al.’s [50] ERNIE 2.0 system trains representations on self-supervised tasks such as masked language modeling, named entity identification, and sentence sorting.




3.3. Robotics


STERLING, a unique method for the learning of terrain representations from unconstrained robot experience, enables robust off-road navigation without labeled data or expert demonstrations [51]. Regarding the self-supervised prediction of human interaction intent, researchers have developed learning-based methods to estimate the probability that a person will interact with a service robot before the encounter occurs by learning relevant representations from sensor data [52]. Using self-supervised video learning, time-contrastive networks learn visual representations for robotic system control without manual labeling. Deep learning and large-scale data collection have helped robots to learn robust grasping skills in a self-supervised manner [53].




3.4. Autonomous Vehicles


SSL approaches have shown promise in autonomous vehicle tasks such as long-range traversable area segmentation, moving obstacle instance segmentation, long-term moving obstacle tracking, and depth map prediction [29,54,55]. SSL approaches allow models to learn in real time and adapt to changing surroundings without human annotation, offering an alternative to supervised learning. SSL in autonomous vehicles may improve perception, enabling them to traverse complicated settings more accurately and efficiently. SSL approaches can help autonomous vehicles to construct strong perception systems that can tolerate unexpected sensor data fluctuations, making autonomous driving safer and more dependable. Bojarski’s [56] end-to-end learning for self-driving automobiles showed that SSL improves autonomous systems. SSL can help deep learning-based autonomous driving algorithms to become more advanced and adaptive [57].





4. Importance of Area under the Curve in Machine Learning


Binary classification models are often evaluated using the area under the ROC curve (AUC). It reflects the likelihood that a randomly picked positive example will be ranked higher than a negative example [58,59,60]. The AUC is calculated by plotting the TPR versus the FPR at various classification levels (Figure 2). The ratio of accurately anticipated positive cases to the total positive instances is the recall or TPR. The FPR is the ratio of miscalculated positives to negatives.



Recall, sometimes called the TPR, is the percentage of true positive cases that the model properly identifies. It is computed as follows:


  T P R =    T P   T P + F N     



(1)







The actual positive occurrences mistakenly projected as negative are false negatives (FN), and the correctly predicted positive examples are true positives (TP).



Conversely, the FPR denotes the percentage of true negative cases mistakenly categorized as positive. It is computed as follows:


  F P R =    F P   F P + T N     



(2)







True negatives (TN) are the accurately predicted negative cases, and false positives (FP) are the real negative instances mistakenly projected as positive.



The AUC evaluates the model’s performance across all feasible thresholds; it is not dependent on any particular threshold. This attribute is especially advantageous for SSL models, in which the ideal threshold for classification might need to be more readily discernible. The AUC, which offers a comprehensive performance evaluation, facilitates the comprehension of the model’s overall discriminatory capabilities independently of any particular threshold [61,62,63].



The interpretability of the AUC is highly regarded as it offers a concise summary of a model’s overall capability to differentiate between positive and negative classes in the form of a single scalar value. The AUC is a fundamental machine learning statistic that summarizes a model’s ability to differentiate between positive and negative classes using a scalar number from 0 to 1. As a result of this interpretation’s simplicity, the AUC is an intuitive metric that facilitates the comparison of the performance of various models. Furthermore, the AUC offers a comprehensive assessment of model performance by incorporating both the TPR and FPR. This enables it to account for both classification errors, which is especially valuable when the expenses associated with false positives and false negatives differ [21,22,24,64,65,66].



As a metric for the assessment of the performance of classification models, including those trained using SSL techniques, the area under the ROC curve, or AUC, is extensively employed [67,68,69]. The AUC is a metric that offers a thorough evaluation of a model’s capability to differentiate between positive and negative classes, taking into consideration the compromise between the FPR (specificity) and the TPR (sensitivity) [64,70,71,72].



The AUC holds significant relevance within the domain of SSL due to its capacity to quantify the model’s aptitude for the acquisition of meaningful representations from unlabeled data, a fundamental goal of SSL methodologies [68]. Increasing the AUC during SSL training can motivate the model to acquire more discriminatory features among various classes, enhancing its classification task performance [67,69].



Several studies, including SSLROC1 and SSLROC2, have introduced SSL frameworks that optimize the AUC directly. These frameworks have demonstrated superior performance to alternative supervised and semi-supervised AUC optimization approaches [69,73]. The AUC-CL approach incorporates a batch-size-robust AUC maximization goal for SSL, which exhibits enhanced efficacy compared to conventional contrastive learning methods such as SimCLR, particularly when the batch size is reduced [68].




5. Methodology


This research uses a systematic review to examine how SSL transforms diverse domains and how the AUC is important in SSL model evaluation. An organized and comprehensive literature review (May 2024) focuses on SSL studies using the AUC as an evaluation tool.




Keyword Query:



(“self-supervised learning” OR “self-supervised model” OR “self-supervision” OR “SSL”) AND (“supervised learning” OR “unsupervised learning” OR “supervised model” OR “unsupervised model”) AND (“Area Under the Curve” OR “AUC”).





A total of 164 preliminary results from ScienceDirect (32 results), IEEE Xplore (129 results), and the ACM Digital Library (3 results) were obtained from the search. After applying the inclusion and exclusion criteria (Table 2), 51 papers were included for assessment. After a comprehensive review of the abstracts and titles, 34 papers were found to have possible relevance to the research. The methodical process from the first database search to the identification of possibly eligible articles for review inclusion is depicted in Figure 3.



The AUC provides a comprehensive evaluation of model performance by taking into account the trade-offs between specificity and sensitivity. Nevertheless, our research emphasizes the AUC; however, a more comprehensive evaluation framework can be provided by other metrics, such as the precision, recall, and F1 score.




6. Critical Review of Self-Supervised Learning Models Using AUC


Several medical imaging investigations have shown that general-purpose SSL techniques are effective and versatile. Dong et al. [74] suggested a method to convert a convolutional neural network (CNN) designed for registered pictures to work with unregistered images, demonstrating competitive performance in large vessel occlusion (LVO) detection using computed tomographic angiography (CTA) data. The electrocardiogram-masked autoencoder (ECG-MAE), a unique generative self-supervised pre-training method for the learning of spatiotemporal representations from multi-lead ECG signals, yields improved multi-label classification performance, according to Hu et al. [75]. Zhao et al.’s [76] AddNet-Supervised Contrastive Learning (SCL) model reduced the computing costs by using addition instead of large multiplication in the convolution process, obtaining competitive outcomes in clinical practice, particularly in epilepsy diagnosis. Lu and Dai [77] introduced a CT-based COVID-19 recognition system that applied two-phase contrastive SSL to the backbone network to classify multiple labels with high accuracy and a small amount of training data.



Sun et al. [78] developed the TSRNet model using transfer learning with self-supervised (TS) pre-training to create a CNN based on an attention mechanism and deep residual network (RANet). It outperformed other models in classifying the lung CT images of suspected COVID-19 patients. Pascual et al. [79] used SSL in wireless endoscopic recordings to increase the polyp detection rates by inferring the inherent structure. General-purpose SSL techniques can improve medical image analysis for various diagnostic tasks, from cardiovascular anomaly detection to infectious disease identification, enabling more efficient and robust artificial intelligence (AI)-powered healthcare systems.



Figure 4 classifies the works by methodology: self-supervised, semi-supervised, weakly supervised, transfer, generative, and hybrid. It also describes their uses in medical imaging (lung CT, whole-slide image (WSI) analysis, positron emission tomography (PET)/CT, knee magnetic resonance (MR) films, and cardiac ECG), defect identification, pathology, classification (COVID-19 and subcentimeter solid pulmonary nodule (SSPN) malignancy), and segmentation.



6.1. Diagnostic Imaging Classification


Numerous studies have shown that deep learning systems can distinguish medical disorders. Wongchaisuwat et al. [80] and Liu et al. [81] used optical coherence tomography (OCT) images to apply SSL to distinguish polypoidal choroidal vasculopathy (PCV) and wet age-related macular degeneration (AMD). Wongchaisuwat et al. [80] achieved an AUC of 0.71, whereas Liu et al. [81] employed CT scans to distinguish malignant and benign SSPNs with outstanding diagnostic accuracy. Using PET/CT images, Xu et al. [82] proposed a hybrid few-shot multiple-instance learning model to predict non-Hodgkin’s lymphoma (NHL) aggressiveness with high accuracy and AUC ratings. Sun et al. [78] used lung CT images to diagnose COVID-19 using transfer learning with self-supervised pre-training, exceeding previous accuracy, recall, and AUC models. Perumal and Srinivas’ [83] DenSplitnet model for COVID-19 identification in chest CT scans used dense blocks and SSL and performed well across many datasets. Manna et al. [84] suggested an SSL system for video-based injury categorization in MR imaging, achieving high accuracy and AUC scores, demonstrating the potential of self-supervised methods to improve diagnostic imaging.




6.2. Defect Detection and Segmentation


Recent research has shown that new defect identification and segmentation approaches have improved the picture anomaly detection accuracy and efficiency. The Self-Supervised Efficient Defect Detector (SEDD) by Xu et al. [85] uses SSL and image segmentation to detect defects competitively without annotated data. They use homographic improvement and lightweight structures with attention modules to achieve great accuracy and a low computational overhead. The Growth Threshold for Pseudo-Labeling (GTPL) and Pseudo-Label Dropout (PLD) techniques improve semi-supervised classification models like FixMatch and CoMatch in detecting and segmenting medical picture abnormalities, according to Zhou et al. [86,87]. Their strategy improves the pseudo-label quality and segmentation accuracy by dynamically modifying the thresholds and smoothing the labels.




6.3. Self-Supervised Learning in Pathology


In pathology, SSL algorithms have become strong tools that provide novel ways to extract pathologically relevant data with little annotation work. To create deep learning models, Uegami et al. [88] presented MIXTURE (Human-in-the-Loop Explainable AI through the Use of Recurrent Training), a technique that combines expert pathologist input with SSL. Similarly, Wongchaisuwat et al. [80] used SSL techniques to create an automated classification model that used macula optical coherence tomography (OCT) images to distinguish between PCV and wet AMD. Zhao et al. [89] proposed a weakly supervised label-efficient WSI screening method (LESS) for cytological WSI analysis. This method uses a Cross-Attention Vision Transformer (CrossViT) and variational positive unlabeled (VPU) learning to classify WSI accurately using only slide-level labels. To increase the labeling consistency in the COUGHVID dataset for a variety of cough sound classification tasks, such as differentiating between COVID-19 and healthy coughs, Orlandic et al. [90] used a semi-supervised learning technique.





7. AUC Evaluation


SSL approaches excel in numerous tasks. Self-supervised masking (SSM) for anomaly detection, ViT-based models for cervical OCT image classification, and SEDD for surface defect detection excel in terms of their AUC scores and outperform state-of-the-art methods. Second, hybrid SSL methods offer significant improvements. This tendency has been shown using SSL with multiple instance learning (MIL) for WSI classification and TS for COVID-19 classification. These hybrid models generally outperform standalone SSL or standard supervised approaches, showing that various learning paradigms can improve the prediction abilities.



Certain activities are performed well using medical-specific approaches. Contrast-shifted instances via patch-based percentile (CSIP) for automatic lung shadowing identification and the mixed self- and weakly supervised learning framework for medical imaging abnormality detection have higher AUC scores than previous approaches. This shows that custom approaches to medical data can increase the diagnostic accuracy and anomaly identification, thereby improving the clinical results. Table 3 shows the AUC values and comparisons of self-supervised and semi-supervised learning approaches in medical imaging tasks.



Techniques for SSL, such as SSM, have demonstrated impressive effectiveness in improving the performance on a range of benchmarks. SSM’s ability to obtain high AUC scores in medical imaging anomaly detection tasks highlights its potential in accurately detecting abnormalities. Methods like TS and SSTL-DA demonstrate strong generalizability across different datasets and tasks. This adaptability is encouraging for real-world applications where the capacity to adjust to different data distributions is crucial. Even so, certain approaches have limitations due to task specificity, which restricts their cross-domain applicability. For example, these methods may work well in detecting medical anomalies but not for applications like drug–virus prediction. There are difficulties in gaining clinical acceptance and comprehension due to the uninterpretability of some sophisticated models, such as dense blocks with SSL or self-supervised ViT-based architectures. Moreover, the adoption of many state-of-the-art methods may be hindered by the significant data requirements and computational complexity associated with them, especially in healthcare settings with limited resources, where access to large datasets and high-performance computing resources is scarce.




8. Challenges and Future Directions


The utilization of artificial intelligence models has the potential to enhance diagnosis and treatment using early detection, which is a critical step in the enhancement of survival rates. Conversely, these models necessitate intricate information regarding patient severity and lesion characteristics in the form of lexical variables, which can be obtained through the semantic annotation of medical images [108]. High-quality tagged SSL data are difficult to obtain, especially in medical imaging, where annotations are expensive and time-consuming. Effective SSL requires data diversity and representativeness. Many SSL approaches, especially deep learning ones, need a large amount of processing power for training, making them inaccessible to researchers with limited computational resources. The SSL algorithms’ efficiency must be improved without affecting their performance. Understanding SSL models’ predictions and making their decisions clear and interpretable becomes more difficult as they become more complicated. AI judgments affect patient outcomes in medical imaging, making this crucial.



	
The AUC, a widely used metric in SSL model evaluation, may only sometimes accurately reflect the performance, particularly in datasets with imbalances. Meaningful evaluation requires metrics like the AUC to appropriately assess model performance.



	
Precise and consistent annotations are vital to ensure SSL models’ accuracy in medical imaging datasets. Poorly annotated data can significantly skew model predictions, highlighting the importance of high-quality labeled data.



	
Medical imaging datasets often lack labeled data, especially for rare diseases, hindering SSL model training. Addressing the data scarcity and imbalances is crucial for SSL techniques to learn minority class representations effectively.



	
SSL approaches based on deep learning often feature complex architectures, necessitating significant computational resources for training and inference. Simplifying the model structures or adopting more efficient techniques can mitigate the computational complexity and improve the accessibility.



	
Clinicians must trust and comprehend SSL models for widespread clinical use. Transparent model creation, validation, and interpretable predictions are essential in facilitating clinical adoption.






Researchers can use active learning or crowdsourcing annotation tasks to construct SSL models to improve the quality and quantity of labeled medical imaging data. Future research can integrate SSL approaches with robust evaluation measures like the AUC into clinical workflows to improve medical imaging diagnosis and therapy planning. More efficient and scalable SSL algorithms, especially for resource-constrained contexts, can help medical imaging applications to embrace SSL. Lightweight model architectures, optimization, and distributed computing are explored.



Integrating SSL approaches with multi-modal imaging data and using the AUC to evaluate multi-modal SSL models can improve diagnostic accuracy and patient care. SSL techniques for longitudinal and dynamic imaging analysis, such as tracking illness development or therapy responses, can reveal disease processes and individualized patient care strategies.



Before broad implementation, SSL models must undergo extensive clinical validation tests to determine their real-world performance and clinical utility in medical imaging. Future research should prioritize collaboration between computer scientists, clinicians, and medical experts to evaluate SSL models in varied clinical situations. Transferring knowledge from pre-trained SSL models to new imaging modalities or clinical domains using transfer learning and domain adaptation can speed up model development and increase generalization in real-world applications.




9. Conclusions


SSL methods consistently outperform baseline and supervised learning methods in medical imaging tasks. SSL models have been used for illness diagnosis, anomaly detection, medical picture categorization, and treatment prediction. Tasks like predicting virus–drug relationships, classifying pathology slides, detecting neurological illnesses, and distinguishing medical situations have been improved.



SSL models commonly have imbalanced datasets or uncertain class boundaries, making the AUC a good performance robustness indicator. SSL models’ consistently excellent AUC values across medical imaging tasks demonstrate their ability to handle complicated medical data and capture key information for reliable predictions. SSL models outperform state-of-the-art methodologies and classic supervised learning methods, potentially improving medical image processing.



Cross-validation methods like splitting datasets into training and testing sets to validate the reported AUC scores and ensure the robustness and reliability of findings, as well as a sensitivity analysis to examine the impact of key parameters (e.g., training data size, model architecture) on the AUC scores and identify potential bias and variability, may be used in future research.
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Figure 1. SSL concept. 
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Figure 2. AUC through TPR and FPR. 
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Figure 3. Process of selecting papers for review. 
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Figure 4. Overview of methodologies and applications in included studies. 
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Table 1. SSL pretext tasks.
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Category

	
Description

	
Examples

	
Sources






	
Contrastive Learning

	
Methods that train models to distinguish between related and unrelated data samples.

	
SimCLR: A simple framework for the acquisition of contrastive visual representations

	
[11,27,28,36]




	
MoCo: Contrastive momentum for unsupervised learning of visual representations




	
Generative Models

	
Methods that train models to generate or reconstruct the input data, capturing the underlying data distribution.

	
Variational autoencoders (VAEs): Generative models that learn a latent representation of the data

	
[35,36,37,38]




	
Generative adversarial networks (GANs): Adversarial training of a generator to produce realistic samples




	
Predictive Models

	
Tasks that involve predicting some aspect of the input data require the model to understand and capture relevant features.

	
Predicting relative positions of image patches

	
[35]




	
Solving jigsaw puzzles formed from image patches




	
Predicting rotations applied to images











 





Table 2. Selection criteria for research papers.
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	Selection Criteria
	Details





	Inclusion Criteria
	
	-

	
Journal papers




	-

	
Studies focusing on SSL techniques in image recognition, NLP, robotics, and autonomous vehicles




	-

	
Papers that utilize AUC as performance metric for SSL models and mention exact number of AUCs









	Exclusion Criteria
	
	-

	
Studies not published between 2019 and 2024




	-

	
Non-peer-reviewed articles




	-

	
Studies not involving SSL or AUC




	-

	
Articles that do not provide sufficient methodological details
















 





Table 3. Performance comparison of self-supervised and semi-supervised learning methods in medical imaging tasks.
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	Method
	Application
	AUC
	Comparison Results
	Reference





	General-purpose contrastive SSL
	LVO detection in CTA data
	0.88
	Competitive performance compared to the teacher model
	[74]



	ECG-MAE: Generative self-supervised pre-training
	Multi-label ECG classification
	0.9474 (macro-averaged AUC)
	Exceeded prior studies in downstream performance
	[75]



	AddNet-SCL
	Clinical diagnosis using EEG signals
	94.2%
	Competitive results compared to state-of-the-art methods
	[76]



	COVID-19 recognition system based on CT images
	COVID-19 diagnosis
	0.989
	Achieved high recognition accuracy with limited training data
	[77]



	TS
	COVID-19 classification from lung CT images
	1
	Highest accuracy achieved compared to existing models
	[78]



	Pre-training method based on transfer learning with SSL
	Polyp detection in wireless endoscopy videos
	95.00 ± 2.09%
	Achieved state-of-the-art results in polyp detection
	[79]



	SSL technique for OCT image classification
	Differentiation between PCV and wet AMD from OCT images
	0.71
	Desirable performance with a small proportion of labeled data
	[80]



	Self-supervision pre-training-based fine-grained network
	Differentiating malignant and benign SSPNs
	0.964 (internal testing set), 0.945 (external test set)
	Robust performance in predicting SSPN malignancy
	[81]



	Hybrid few-shot multiple-instance learning model with SSL
	Diffuse large B-cell lymphoma (DLBCL) versus follicular lymphoma (FL) classification in PET/CT images
	0.795 ± 0.009
	Outperformed typical counterparts in NHL aggressiveness prediction
	[82]



	DenSplitnet: Dense blocks with SSL
	COVID-19 classification from chest CT scans
	0.95
	Outperformed other methods in COVID-19 diagnosis
	[83]



	SSL approach for MR video classification
	Classification of anterior cruciate ligament tear injury from knee MR videos
	0.848
	Achieved reliable and explainable performance
	[84]



	SEND
	Surface defect detection
	98.40% (average)
	Achieved competitive performance with minimal computational consumption
	[85]



	GTPL and PLD
	Semi-supervised skin lesion diagnosis
	89.19–94.76%
	Improved semi-supervised classification performance
	[86]



	FixMatch-LS and FixMatch-LS-v2
	Medical image classification (skin lesion)
	91.63–95.44%
	Improved performance with label smoothing and consistency constraints
	[87]



	MIXTURE: Human-in-the-loop explainable AI
	Usual interstitial pneumonia diagnosis from pathology images
	0.90 (validation set), 0.86 (test set)
	Achieved high accuracy with an explainable AI approach
	[88]



	LESS
	Cytological WSI analysis
	96.86%
	Outperformed state-of-the-art MIL methods on pathology WSIs
	[89]



	Semi-supervised learning for cough sound classification
	COVID-19 versus healthy cough sound classification
	0.797
	Increased labeling consistency and improved classification performance
	[90]



	Morph-SSL
	Longitudinal OCT scans for prediction of nAMD conversion
	0.779
	Outperformed end-to-end and pre-trained models
	[91]



	AntiViralDL
	Predicting virus–drug associations
	0.8450
	Outperformed four benchmarked models
	[92]



	Multi-modal MRI based on contrastive learning
	Diagnosis of major depressive disorder (MDD)
	0.7309
	Achieved 73.09% AUC
	[93]



	SSM
	Anomaly detection and localization
	0.983 (Retinal-OCT), 0.939 (MVTec AD)
	Outperformed several state-of-the-art methods
	[94]



	Self-supervised ViT-based model
	Cervical OCT image classification
	0.9963 ± 0.0069
	Outperformed Transformers and CNNs
	[95]



	Masked relation learning
	DeepFake detection
	+2% AUC improvement
	Outperformed state-of-the-art methods
	[96]



	Contrastive multi-view composite graph convolutional networks (CMV-CGCN)
	Autism spectrum disorder (ASD) classification
	0.7338
	Outperformed state-of-the-art methods
	[97]



	Bayesian collaborative learning (BCL)
	WSI classification
	95.6% (CAMELYON16), 96.0% (TCGA-NSCLC), 97.5% (TCGA-RCC)
	Outperformed all compared methods
	[98]



	Temporal cycle consistency (TCC)
	Predicting pregnancy likelihood from developing embryo videos
	0.64
	Outperformed time alignment measurement (TAM)
	[99]



	Multiscale two-branch feature fusion
	Self-supervised image anomaly detection
	98.82%
	Outperformed existing anomaly detection methods
	[100]



	Self-supervised transfer learning based on domain adaptation (SSTL-DA)
	Benign–malignant lung nodule classification
	95.84%
	Achieved competitive classification performance
	[101]



	Coupling SSL and MIL for WSI classification
	WSI classification
	0.801 (Cohen’s kappa with 450 patch labels)
	Achieved competitive performance with SSL and MIL baselines
	[102]



	CSIP
	Automatic detection of diseased lung shadowing
	0.96 (average AUC)
	Improved diagnostic performance compared to existing methods
	[103]



	Mixed self- and weakly supervised learning framework
	Abnormality detection in medical imaging
	Up to 0.86 (image-wise AUC)
	Competitive results versus multiple state-of-the-art methods
	[104]



	Pathology-specific self-supervised models
	Classification of gigapixel pathology slides
	0.80 (mean AUC)
	Achieved competitive performance in immune subtype classification
	[105]



	MIL-based framework with self-supervised pre-training
	Cancer classification from whole-slide images
	93.07% (accuracy), 95.31%
	Outperformed existing methods
	[106]



	Automated differentiation between PCV and wet AMD
	Optical coherence tomography (OCT) image analysis
	0.71
	Desirable performance compared to traditional supervised learning models
	[107]
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2024 by the author. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).



























media/file4.png
The Area Under the Curve (AUC)

|

True Positive Rate (TPR) False Positive Rate (FPR)

The ratio of accurately predicted positive The ratio of wrongly projected positives to
instances to total positive instances. total negative instances.

Recall

Errors






nav.xhtml


  information-15-00491


  
    		
      information-15-00491
    


  




  





media/file2.png
I Raw Data |

|

I Preprocessing |

Self-Supervised Task Creation

Create Pseudo-Labels

{ Generate Pretext Task I

Model Training

A 4 A 4 A 4
I Contrastive Learning | | Generative Models | I Predictive Models

| Downstream Task | | Feature Extraction | | Representation Learning |

I Evaluation I

v v
AUC | Accuracy | | Precision I






media/file5.jpg
Identification

* Records dentified through database searching (n = 164)
enceDirect 32

Xplore: 129

«ACM Digital Library:3

&

Records after duplicates removed (n=164)

Records screencd (n =51

Records excluded (n=13)

Q1@ @

Included
* Studies included in qualitaive synthesis (n =38)






media/file3.jpg
True Positive Rate (TPR) False Positive Rate (FPR)





media/file9.png





media/file1.jpg





media/file7.jpg
:

Methodologies

Applications

| tiomographicEnhancement |
- T
o Vi T
E—TT—
- T
T
g

{_{
e T —

N A






media/file8.png
A
v
e’
o
oo}
)
9y
o
”)
)
=)
-
&
=
oy

Methodologies

Applications

Homographic Enhancement
Positive-Unlabeled Learning
Cross-Attention Vision Transformer

FixMatch

C SemiSupenvised Lewming

| Weakly-Supervised Learning [ LT
L Terleming

(e —
© GeneraiveModels

SEDD

© HybridModes MIXTURE

Lung CT
WSI Analysis

© Medialmaging - PET/CT

- Knee MR Videos

- Cardiac ECG

L ool g Surface Defect Detection

© Patholegy ] i g
- Cytology
COVID-19 Detection

i SSPN Malignancy
Polyp Detection
NHL Aggressiveness

~ Segmentaion Segmentation Tasks






media/file6.png
r
Identification
* Records identified through database searching (n = 164)

¢ ScienceDirect: 32
*IEEE Xplore: 129
* ACM Digital Library: 3

Records after duplicates removed (n = 164)

Records screened (n =51)

Records excluded (n=13)

A @A

r

Included

* Studies included in qualitative synthesis (n = 34)

\.






