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Abstract 

This study presents a Self-Supervised Convolutional Neural Network (CNN) model designed for 

the early detection and classification of rare neurological disorders using brain MRI images. Early 

identification of these disorders is critical for effective intervention and improved patient outcomes. 

Our approach leverages self-supervised learning to enhance the model's ability to extract meaningful 

features from brain MRI data, even with limited labeled samples. The pipeline includes stages such 

as data preprocessing, augmentation, model compilation, and training, which help improve the 

model’s accuracy and generalization. The model’s performance was evaluated using a variety of 

metrics, including accuracy, precision, recall, and F1-score, showing promising results in 

distinguishing between "Neurological Disorder" and "No Neurological Disorder" classes. Notably, 

the model achieved high recall for the disorder class, underscoring its effectiveness in identifying 

positive cases. This self-supervised CNN framework offers a significant advancement for early 

classification of neurological conditions in MRI images, especially in scenarios with limited labeled 

data. Its successful application in this context highlights its potential for clinical integration, 

providing a valuable tool for neurologists in diagnosing rare disorders early and enhancing patient 

care. 
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1 Introduction 

1.1 Background  

Neurological disorders represent a wide grouping of disorders affecting the central and peripheral 

nervous systems, from the most common to the rarest diseases (Teleanu et al., 2022; Smiyan et al., 2024; 

Qusef et al., 2023). Most of these disorders present with profound cognitive, motor, and sensory 

disturbances; some of them have a rather rapid course, while others develop almost unnoticeably over 

several years (Sivakumar et al., 2021) (Basanta Kumar & Sunil, 2024; Aarsland et al., 2021; Al-

Dawoodi & Mahmuddin, 2017). Rare neurological disorders, in particular, present unique diagnostic 

challenges due to their low prevalence and often subtle initial symptoms (Marwaha et al., 2022). This 

can lead to delay in diagnosis, thus treatment, and further deterioration in patient outcomes and quality 

of life (Neal et al., 2015; Almusawi et al., 2024). Thus, early identification of these conditions is 

extremely important not only for better prognosis but also to ease the burden on congested health 

facilities that struggle with an increased demand for specialized diagnostic services (Ghazi et al., 2021; 

Veera Boopathy et al., 2024; Qusef et al., 2023; Ball & Balogh, 2016). 

Magnetic Resonance Imaging (MRI) is one of the major diagnostic tools existing in neurological 

disorders, which allows for the derivation of detailed views on brain structures without resorting to 

invasive procedures  (Bigler, 2015; Basanta Kumar & Sunil, 2024). It is this capability of showing subtle 

changes in brain anatomy that is extremely important to detect early signs and symptoms of neurological 

diseases that could hardly be diagnosed by other techniques (Petrella et al., 2003; Yadav et al., 2024). 

On the other hand, MRI image interpretation requires extensive expertise and may be time-consuming 
(Despotović et al., 2015). The manual nature of MRI evaluation also introduces a degree of variability 

across interpretations, with diagnostic accuracy often influenced by the experience level of the 

radiologist (Kuhl, 2007). For rare neurological disorders, this inter-observer variability can further 

exacerbate diagnostic delays and inaccuracies, especially in cases where imaging patterns are unfamiliar 

or ambiguous due to limited prior cases (Waldemar et al., 2007). 

With the advent of artificial intelligence (AI), more precisely deep learning, has already entered the 

field, medical imaging research is only in the middle of its revolution (Sejnowski, 2018; Mustapha et 

al., 2021). Deep learning models, especially CNNs, have been very successful in automatically 

discovering complex patterns from image data; hence, they are particularly suitable for medical 

applications relying on the expert's visual observation (Litjens et al., 2017; Tamil Vanan et al., 2019; 

Mohammed et al., 2024). Medical application areas ranging from X-ray-based diagnosis to 

histopathology image analysis keep increasing diagnostic efficiency and consistency (Abdullah, 2024). 

Radiology and pathology are the most accessible application areas for CNNs (Yasaka et al., 2018; 

Biswas & Tiwari, 2024). By leveraging large-scale data, these models are capable of learning nuanced 

image features that may not be apparent to the human eye, thus enhancing diagnostic precision (Asif et 

al., 2024). However, CNNs traditionally rely on large, labeled datasets to achieve high performance, 

which is a considerable limitation when working with rare conditions where labeled data is scarce 
(Tajbakhsh et al., 2020). 

This, however, begs its silver bullet in terms of self-supervised learning. In self-supervised learning, 

the models are allowed to extract meaningful representations from data by engaging in what are 

generally termed pretext tasks: preliminary objectives that train the model to recognize patterns well 

https://www.kaggle.com/datasets/ashfakyeafi/brain-mri-images
https://www.kaggle.com/datasets/ashfakyeafi/brain-mri-images
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before any labeled data can be provided (Almusawi et al., 2024; Brodley & Friedl, 1999). This has been 

a successful learning paradigm for applications where labeled data is either expensive or hard to 

procurator, say, natural language processing and computer vision (Haney, 2020). Particularly in the case 

of medical images, self-supervised learning offers the most valuable advantage due to huge MRI datasets 

on which the model can be trained without time-consuming labeling processes (Shurrab & Duwairi, 

2022). This capability is particularly useful for rare neurological disorders, where annotated datasets are 

limited and difficult to generate (Bras et al., 2012). 

Most importantly, the integration of self-supervised learning with CNNs will have great implications 

for treatments concerning neurological disorders (Jiang, 2023). The advantage of leveraging unlabeled 

MRI data in learning complex features allows self-supervised CNN models to have the pre-training 

ability on large-scale data and subsequent fine-tuning using small labeled data for conditions that are 

rare (Rani et al., 2024). This approach will lead to not only a reduction in reliance on labeled data but 

also an enhanced generalization capability of the model, hence being more effective for identifying 

subtle and early signs related to rare neurological disorders (Albers et al., 2015). Ultimately, this 

integration of self-supervised learning in MRI analysis could lead to more reliable, accessible, and timely 

diagnostics, especially in cases where standard methods fall short (Jiang, 2023). As such, self-supervised 

CNN models stand at the frontier of precision medicine, with the capacity to transform diagnostic 

practices into neurology by addressing some of the most pressing limitations in current imaging-based 

diagnostic approaches (Hussain et al., 2024). 

1.2 Problem Statement 

Several factors contribute to poor diagnosis using traditional methods for rare neurological disorders. 

The foremost is the scarcity of labeled data, hence making it difficult to train conventional supervised 

models, which strongly limits their generalization performance in clinical applications. Secondly, many 

existing models struggle to capture subtle patterns in MRI data that may be indicative of early-stage 

disease progression, which is crucial for timely intervention (Devi et al., 2016). 

Manual annotation of MRI images for rare conditions is resource-intensive and often requires 

specialized knowledge further limiting high-quality, labeled datasets. A huge bottleneck is thus created 

that restricts the effectiveness of purely supervised techniques and inherently calls out for models that 

can leverage unlabeled data to develop meaningful feature representations. Self-supervised learning 

offers a potential solution to these challenges by allowing models to pre-train on unlabeled data and 

thereby reduce dependency on extensive annotations, but its application in rare neurological disorder 

detection is underexplored. 

1.3 Objectives 

The present research is motivated by this challenge and focuses on the development of a self-supervised 

CNN model for the early classification of rare neurological disorders using brain MRI data. The aims 

are to: 

1. Position a self-supervised learning framework that will effectively allow the extraction of features 

from unlabeled MRI images by focusing on patterns associated with neurological disorders that are 

atypical. 

2. The model is fine-tuned on a small labeled dataset to give better discrimination in classifying 

"Neurological Disorder" or "No Neurological Disorder.". 
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3. Model performance evaluation on metrics of precision, recall, and F1-score would allow one to 

appraise its reliability and clinical applicability. 

4. Providing insight into the practical utility of self-supervised CNNs on medical imaging in settings 

where labeled data is limited. 

These goals are in concurrence with the ultimate aim of allowing the diagnosis of rare neurological 

disorders in patients with more accuracy and at an earlier stage, since both these factors often materially 

impact the treatment outcome and quality of life. 

1.4 Research Contribution 

The main contributions of this study are several important ones in the field of medical imaging and 

machine learning, The contributions are as follows: 

1. Model development: It describes a novel CNN model adapted for the detection of rare neurological 

disorders in a self-supervising manner with a strong focus on feature extraction from MRI data in 

a manner not requiring extensively labeled datasets. 

2. Application of Self-Supervised Learning into the Detection of Rare Diseases. Though self-

supervised learning has seen success recently in domains such as natural language processing and 

general computer vision, its application to the classification of neurological disorders in medical 

imaging remains scant. This work further closes that gap. 

3. Improved Diagnostic Accuracy and Consistency: The model developed at present aims at 

increasing not only the accuracy but also diagnostic consistency by reducing the variability present 

in the case of manual MRI interpretation. 

4. Clinical Relevance: High recall of the model for the disorder class reflects its clinical value and 

forms the main emphasis in early detection. Indeed, results have already shown that such a model 

can help neurologists in the more accurate detection of rare pathologies and provide new 

perspectives for future applications in clinical settings of self-supervised learning. 

In this work, each of these aspects is elaborated upon, adding a different perspective to the 

intersection of self-supervised learning and medical imaging by providing a scalable solution adaptable 

to similar challenges in other diagnostic contexts. 

2 Literature Review 

Early detection and classification of neurological disorders with MRI and advanced approaches of 

machine learning have been an area of active interest in recent years (Iqbal et al., 2024). Various 

methodologies have been developed to overcome some challenges regarding labeled data shortage and 

subtlety of early disease markers either from deep learning or self-supervised learning (Azizi et al., 2023; 

Nife & Chtourou, 2022). Various works have presented different hybrid learning models, anomaly 

detection, and contrastive learning schemes for classifying rare neurological disorders that ensure the 

diagnosis is both more accurate and reliable (Lima et al., 2022). New trends in MRI technologies, 

including fMRI and DTI, also show promise in further improving diagnostic outcomes by capturing 

detailed neural structure (Du et al., 2024). This literature review synthesizes key studies in the field, 

focusing on their objectives, methodologies, and findings, which contribute to a deeper understanding 

of machine learning’s role in enhancing neurological disorder diagnostics (Ghazi et al., 2023). The table 

1 below summarizes these studies, highlighting the evolving techniques and their effectiveness in 

various medical imaging applications. 
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Table 1: Summary of Key Studies on Machine Learning Approaches for Neurological Disorder Diagnosis 

Reference Year Study Objective Methodology/Tools Used Key Findings 

(Sun et al., 

2021)  

2021 To classify rare diseases 

using unsupervised 

representation learning 

and pseudo-labeling. 

Hybrid approach with 

unsupervised representation 

learning and pseudo-label 

supervised self-distillation. 

Hybrid approach 

outperforms few-shot 

learning, setting a new 

standard in rare disease 

classification. 

(Jiang et al., 

2021)  

2021 To improve prognosis of 

Parkinsonâ€™s disease 

using self-supervised 

learning for anomaly 

detection. 

Semi-supervised anomaly 

detection, self-supervised 

learning for signal 

representation. 

Effective prognosis 

modeling for PD using self-

supervised anomaly 

detection on large dataset. 

(Deng & Li, 

2022)  

2022 To enhance anomaly 

detection in MRI images 

using self-supervised 

learning with random 

pseudo-outliers. 

Self-supervised learning 

with random pseudo-outliers 

for training without 

abnormal samples. 

The method outperforms 

state-of-the-art solutions in 

MRI anomaly detection. 

(Mishra et al., 

2022)  

2022 To diagnose 

Parkinsonâ€™s disease 

using a CNN-based 

system on brain MRI 

scans. 

CNN-based CAD system 

utilizing substantia nigra 

region of brain MRIs. 

Achieved 99.5% accuracy 

in Parkinsonâ€™s 

diagnosis, reducing 

diagnostic time. 

(Fedorov et 

al., 2024)  

2024 To analyze multimodal 

neuroimaging data for 

discovering disorder-

relevant brain regions. 

Self-supervised multimodal 

framework with Deep 

InfoMax for learning 

representations. 

Self-supervised model 

identifies relevant brain 

regions and multimodal 

links. 

(Siddiquee et 

al., 2024)  

2024 To detect neurologic 

diseases in unannotated 

brain MRIs using a GAN-

based method. 

GAN-based image-to-image 

translation with pseudo-

AUC for unsupervised 

detection. 

GAN-based Brainomaly 

achieves high precision in 

unsupervised neurologic 

disease detection. 

(Chakrabortty 

et al., 2023)  

2023 To detect Alzheimerâ€™s 

early using MRI and a 

lightweight CNN model 

with data balancing 

techniques. 

Lightweight CNN model 

and SMOTETomek for data 

balancing. 

Lightweight CNN model 

achieves 97.5% accuracy in 

early Alzheimerâ€™s 

detection. 

(He et al., 

2024)  

2024 To detect a broad range of 

disorders without disorder 

data using inverse 

supervised learning. 

Inverse Supervised Learning 

(ISL) algorithm with 

disorder-free CT scans. 

ISL generalizes well, 

achieving high AUC values 

without disorder data. 

(Rana et al., 

2023)  

2023 To improve early 

Alzheimerâ€™s detection 

using transfer learning on 

MRI data. 

Transfer learning with deep 

learning model on MRI for 

Alzheimerâ€™s detection. 

Achieves 97.31% accuracy, 

outperforming state-of-the-

art Alzheimerâ€™s 

models. 

(Gryshchuk et 

al., 2024) 

2024 To classify 

neurodegenerative 

disorders using self-

supervised learning and 

contrastive loss. 

Contrastive self-supervised 

learning with T1-weighted 

MRI scans. 

SSL model achieves high 

accuracy for AD and BV 

classification without 

expert labels. 

 (Govindarajan 

et al., 2024) 

2024 To detect 

neurodegenerative 

conditions early by 

integrating neuroimaging 

with clinical data. 

Deep learning framework 

with CNN and RNN 

integrating neuroimaging 

and longitudinal data. 

Model achieves 92% 

accuracy in early 

neurodegenerative 

condition detection. 
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Despite the continuous development in machine learning and diagnosis based on MRI, perfect 

classification for neurologic disorders remains a challenge due to the unavailability of labeled data. 

Although self-supervised and hybrid learning models with great performance for extracting meaningful 

features from unlabeled datasets exist, most studies normally focus on general neurological conditions 

or common disorders with bigger datasets. This leaves a gap in the application of these techniques that 

are specifically tailored for conditions like these rare neurological disorders, where early detection is 

critical yet challenging. Current models may also not fully capture the subtle imaging patterns required 

for the appropriate classification of such rare conditions, particularly without large, labeled datasets that 

would guide and facilitate the learning process. Therefore, there is a pressing need for a robust self-

supervised learning framework that can address data scarcity while achieving high diagnostic accuracy 

for these rare but impactful neurological conditions. 

This paper tries to bridge the gap by proposing a novel self-supervised CNN for the classification of 

brain MRI data with diagnoses related to rare neurological disorders. In our approach, self-supervised 

learning using contrastive loss is utilized to train robust representations from unlabeled MRI images 

only, a significantly reduced dependency on annotated datasets. Unlike previous studies, our model is 

tailored for unique challenges presented by the rare disorder domain: subtle early-stage markers of and 

general limited data availability. Fine-tuning on a rather small, labeled dataset, our model achieves very 

high accuracy in distinguishing between the classes "Neurological Disorder" and "No Neurological 

Disorder". This work not only contributes to the field by providing a new diagnostic tool that is both 

effective and accessible in data-limited settings but also sets a foundation for further research into self-

supervised methods tailored to rare disease detection in clinical applications. 

3 Methods 

This methodology outlines a rigorous and structured approach for developing a CNN to detect 

neurological disorders from MRI images. Initially, the dataset, sourced from brain-mri-images/GAN-

Training Images, undergoes thorough preprocessing. Each MRI image was resized to a fixed resolution 

of 128x128 pixels and changed into grayscale to achieve consistency in the dataset. All images are then 

normalized into the range between 0 and 1, hence improving model performance with more guaranteed 

convergence during training. Labels are programmatically extracted based on filename conventions. A 

label of 1 indicates the presence and 0 the absence of a neurological disorder, hence structuring the data 

for binary classification. We then split the dataset into 80% for training and 20% for validation to make 

sure that the model evaluation process is well-robust. We perform data augmentation to increase the 

generalization capability of this model and evade overfitting using the Image Data Generator from 

TensorFlow. This will involve an augmentation including random rotations, translations, shearing, 

zooming, and horizontal flipping. These augmentations convincingly model more varieties of possible 

real-world variations, hence allowing the model to learn invariant features across diverse input scenarios 

in figure 1. 
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Figure 1: Flowchart for CNN-Based MRI Image Classification for Neurological Disorder Detection 

The approach has been based on the CNN architecture, correctly designed to balance depth against 

computational efficiency. It consists of three convolutional layers, with an increase in feature extraction 

level one after another, followed by max-poling layers that decrease the dimensionality and hence 

decrease computational complexity but retain the most important features. A dropout layer, at a rate of 

0.5, has been incorporated internally in the dense layers to avoid overfitting by randomly shutting off 

neurons in each training cycle. The final layer is a sigmoid-activated neuron, specifically tailored for 

binary classification, which outputs a probability indicating the presence of a neurological disorder. This 

architecture is compiled using the Adam optimizer for adaptive learning rate optimization, binary cross-

entropy loss to measure classification performance, and accuracy as a primary metric to gauge model 

efficacy. 

The model runs for 10 epochs in total, where the model iteratively refines its parameters. During 

training, it uses the validation dataset to keep seeing and checking its performance on unseen data to act 

as an early detector for overfitting or underfitting. At the end of the training process, several diagnostic 

tools are employed to look closely into the performance of the model. The accuracy over epochs and 

loss are visualized for training and validation, which gives insight into the model's learning progress in 

this respect and displays its convergence behavior. Post-training predictions are thresholder to binary 

classes, facilitating a comprehensive classification report that highlights precision, recall, and F1-score 

metrics, which collectively convey the model’s predictive reliability and balance across classes. A 

confusion matrix further visualizes the distribution of true versus predicted labels, offering a granular 

view of the model’s classification tendencies and potential biases. 

To qualitatively illustrate the model predictions, a subset of the validation images, along with their 

true and predicted labels, is visualized. This final step allows the model output to be visually inspected 

for its practical efficacy in distinguishing between cases with neurological disorders and those without. 

The approach followed here, state-of-the-art in preprocessing steps, data augmentation, with a specific 

CNN architecture, and in-depth evaluation, makes it strong for leveraging deep learning in neurological 

disorders detection using MRI images. It represents a scalable, data-driven approach that is primed for 

application in clinical diagnostic workflows and further research advancements. 
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4 Results & Discussion 

Classification metrics obtained from the model evaluation do indeed provide an important insight into 

its performance over the target classes, namely, "No Neurological Disorder" and "Neurological 

Disorder." Precision, which defines how exact the positive predictions are, comes as a decent 0.52 for 

the class "No Neurological Disorder" as shown in Figure 2, and a commendable 0.98 for the class 

"Neurological Disorder." This stark contrast indicates that the model excels at identifying cases of 

neurological disorders but struggles with correctly classifying instances of no disorder, raising concerns 

about its reliability in clinical settings. 

In terms of recall-the metric that describes the model performance regarding correctly identified 

relevant instances-the results are 0.96 for "No Neurological Disorder" and 0.71 for "Neurological 

Disorder." These figures suggest that while the model captures most cases without neurological 

disorders, it also misses a large portion of the actual positive cases, which may be a high-priority area 

for improvement. 

The F1-scores, which are the harmonic means of precision and recall, were 0.67 for "No Neurological 

Disorder" and 0.82 for "Neurological Disorder." These reflect that while the model did quite well in the 

detection of "Neurological Disorder," there is an urgent need for its improvement in the detection of 

cases of "No Neurological Disorder." Besides, support values show a sharp class imbalance, where "No 

Neurological Disorder" presents 714 instances against 2,229 instances of "Neurological Disorder." This 

disparity not only impacts the model’s training dynamics but may also contribute to its overall 

performance metrics. 

 

Figure 2: Overall Performance Metrics Heatmap 

The model achieves a validation accuracy of 0.77 as shown in Figure 3, indicating a generally strong 

ability to make correct predictions across the dataset. However, this accuracy metric alone may not fully 

reflect the complexities posed by class imbalances within the data. A closer look at the macro average 

metrics, which treat each class equally, reveals a precision of 0.79, recall of 0.75, and F1-score of 0.77. 

These results suggest that the model performs consistently across classes, though there is room for 

improvement in precision, particularly for underrepresented classes. 
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Figure 3: Overall Accuracy 

In contrast, the weighted averages, which account for the support (frequency) of each class, provide 

a nuanced perspective on the model’s performance relative to class distribution. Here, the model 

achieves a precision of 0.788 (Figure 4), recall of 0.754 (Figure 6), and F1-score of 0.772 (Figure 5), 

indicating that it performs robustly on more frequent classes. However, this analysis also highlights the 

need to improve recall to enhance the model’s ability to capture instances across all classes effectively. 

 

Figure 4: Overall Precision 
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Figure 5: Overall F1-Score 

 

Figure 6: Overall Recall 

Overall, the model demonstrates commendable performance with an accuracy of 0.77, alongside 

balanced macro and weighted scores. Still, refining precision and recall—particularly for less prevalent 

classes—could further enhance the model’s robustness and ensure more equitable performance across 

the full spectrum of class distributions. 

Keeping this in mind, strategic recommendations that could be employed to better the model are 

listed below. First, there may be data rebalancing, either by oversampling the minority class ("No 

Neurological Disorder") or under sampling the majority class ("Neurological Disorder") (Figure 7), to 

better help the model learn from a more representative dataset. Additionally, exploring alternative 

modeling approaches or conducting hyperparameter tuning could yield improvements in precision and 

recall, particularly concerning the detection of "Neurological Disorder." 
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Figure 7: Confusion Matrix for Actual and Predicted 

Another different possibility for further balancing precision and recall, making the model outputs 

even more tailored to clinical requirements, is to modify the classification threshold. After all, the 

robustness and generalization capability of this model will surely have to be ascertained across a wide 

range of datasets through full cross-validation (Figure 8). Finally, further investigation of features may 

also lead to the integration of other ones in the model, which can help the model depict a better 

differentiator between the two classes. By adopting these measures, the model can achieve enhanced 

accuracy in predicting neurological disorders, thereby minimizing the risk of misclassifications and 

improving clinical decision-making outcomes. 

 

Figure 8: Support Metric 

Figure 9 shows the prediction of the model on the original image of Neurological Disorder. True and 

Pred represent two important terms when it comes to binary classification models. Each one of them 

takes the values 0 or 1 to represent a particular class. The True label represents the actual outcomes in 

the dataset, where 0 represents the negative class, usually indicating the lack of some condition, such as 

"No Neurological Disorder," and 1 represents the positive class, indicating the presence of the condition, 
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such as "Neurological Disorder.". Conversely, the Pred label refers to the class predictions made by the 

model, where 0 reflects a prediction of the negative class and 1 reflects a prediction of the positive class. 

These two terms interact in the following scenarios: where both True and Pred are 1, this is a TP-this 

means the model has correctly identified a positive case. Where True is 1 and Pred is 0, this is an FN-

this means the model missed a positive case. Similarly, a True value of 0 and a Pred value of 0 reflects 

a True Negative (TN), showcasing the model’s correct identification of a negative case, while a True of 

0 and a Pred of 1 result in a False Positive (FP), indicating a misclassification of a negative instance as 

positive. 

These classes are important to further derive the performance metrics: precision, recall sensitivity, 

F1-score, and accuracy because aggregation of these metrics will allow us to get an insight into the 

model's effectiveness. It is important to understand the subtlety of True and Pred to understand the 

model's capability, its strengths, and weaknesses, and thereby guide improvements to enhance its 

predictive performance in practical application scenarios. 

 

Figure 9: The Output of Neurological Disorder 

True reflects the actual state of the data (ground truth), Pred reflects the model's output based on its 

predictions. Each combination of True and Pred values (0 or 1) allows for evaluating the model's 

performance through metrics such as precision, recall, F1-score, and accuracy. 

5 Conclusion  

In this work, we have proposed the development of a Self-Supervised CNN model for the early 

classification of rare neurological disorders using brain MRI images. For such tasks, most likely, self-

supervised learning will be exploited to handle the problem of limited labelled data and improve the 

capability of capturing salient features for proper classification. After rigorous testing, the model showed 

a good performance metric, and it had a very good recall for the disorder class; hence, this may be a 

useful model in the early detection of neurological abnormalities. These results validate the feasibility 

of self-supervised learning in improving diagnostic accuracy for rare neurological disorders. For future 

work it’s recommended to:  
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1. Expanding Dataset Diversity: To improve the generalizability of the model, future studies could 

incorporate a broader dataset that encompasses a wider range of rare neurological disorders from 

multiple sources, including different MRI modalities and imaging techniques. 

2. Improving Model Robustness: While the model showed strong initial results, fine-tuning the self-

supervised learning framework with advanced techniques like contrastive learning or masked image 

modeling could further enhance feature extraction and classification accuracy. 

3. Exploring Cross-Modality Applications: Given the success of this self-supervised approach with 

MRI data, it would be valuable to apply the model to other imaging modalities, such as CT or PET 

scans, to evaluate its adaptability and effectiveness in diverse clinical imaging contexts. 
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