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ABSTRACT 

  
Rare brain disorder poses a big problem to diagnostics as it is not prevalent in the 

population, has confusing symptoms, and is not well-known in clinical practice. The 

classical forms of diagnostics do not support timely and accurate detection, postponing 

therapy and deteriorating clinical outcomes. As a solution to this problem, this paper 

builds a deep learning model to classify rare brain disorders in multiple classes by using 

MRI scans. The dataset consisted of 3,759 images of four disorders, namely Fukuyama 

Muscular Dystrophy (Fukuyama), Moyamoya Disease with Intraventricular Hemorrhage 

(Moyamoya), Pantothenate Kinase-Associated Neurodegeneration (PKAN), and 

Pachygyria with Cerebellar Hypoplasia (Pachygyria). The images were first preprocessed 

and resized and then divided into training, validation and testing cases, and tested in eight 

deep learning architectures, including Vision Transformer (ViT), DenseNet201, VGG19, 

MobileNetV2, Xception, ResNet152, InceptionV3, and EfficientNetB7. ViT was the most 

accurate, composing 99.47%, closely followed by VGG19 (98.40%) and 

MobileNetV2(98.01%). These findings support the idea that transformer-based and 

densely connected models are especially useful in modeling the complex spatial patterns 

of rare brain disorders. Altogether, the research shows that AI-based systems have the 

potential to assist clinicians in diagnosing rare neurological conditions more efficiently and 

accurately and ultimately contribute to better healthcare outcomes among underserved 

groups of patients. 
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Chapter 1 
 

Introduction 

 
This chapter outlines the research background, motivation, objectives, methodology, 

expected outcomes, and structure of the report. 
 
1.1 Introduction 

Brain disorders are considered to be the most challenging and disabling medical problems 

that may lead to serious physical, cognitive, and neurological dysfunctions. Early and 

accurate diagnosis of these conditions is essential to planning effective treatments, 

management of the condition and improvements in patient outcome. Magnetic resonance 

imaging (MRI) can be considered one of the most important non-invasive imaging tools in 

modern neurology. It provides detailed images of the inside of the brain, which allows 

medical practitioners to identify abnormalities, the progression of a disease, and the 

appropriate treatment plan. Although capable of diagnosis, manual MRI scan 

interpretation remains a challenging process, particularly when dealing with rare 

neurological pathology that can have subtle, overlapping or atypical features that can be 

difficult to differentiate even with a seasoned radiologist. 

Traditional diagnostic procedures are highly reliant on the capabilities of radiologists and 

detection accuracy is often limited to individual experience, fatigue and case complication. 

Other rare neurological diseases like Fukuyama Muscular Dystrophy, Moyamoya Disease 

with Intraventricular Hemorrhage, Pantothenate Kinase-Associated Neurodegeneration 

(PKAN), and Pachygyria with Cerebellar Hypoplasia are also difficult to tackle because 

they are not well represented in the existing clinical datasets. Such underrepresentation 

complicates the formation of solid diagnostic criteria and exposes the patient to the risk 

of incorrect diagnosis or untimely treatment, the consequences of which can be disastrous. 

As a way of addressing these problems, automated computational methods, particularly 

deep learning methods have been adopted to solve this problem. With deep learning 

algorithms, one can process volumes of MRI data and identify complex features in large 

amounts of data automatically, as well as detect patterns that humans can not see. Not 

only do these methods decrease the amount of work that radiologists need to complete, 

but also enhance the consistency and reliability of the diagnosis. 

In this project, the problem under discussion is the creation of a multi-classification 

system that will help correctly classify MRI scans into the four rare classes of brain 

disorders mentioned above. The models are based on transformers in combination with 

convolutional neural networks (CNNs) that exploit their synergies in feature extraction 

and classification. CNN architectures introduced in this project, such as VGG19, 

DenseNet201, MobileNetV2, Xception, ResNet152, InceptionV3, and EfficientNetB7, are 

especially useful at leveraging the spatial and hierarchical features of MRI images. 

Moreover, Vision Transformer (ViT) models are used to extract global contextual relations 

within the scans and identify the presence of fine patterns in the whole picture. 

 



©Daffodil International University 2  

This study is an attempt at developing a highly effective and efficient automated 

classification system based on CNNs and transformer to assist in the detection of rare 

neurological conditions. As well, it is held that the applications of these advanced 

architectures improve the efficiency of diagnosis, the reduction of human error and the 

improvement of the field of medical imaging technology in general. Finally, the project 

illustrates how deep learning can be used to improve clinical workflows, assist 

radiologists, and provide better care to patients by improving the speed and accuracy of 

diagnosing rare brain diseases. 

 
1.2 Motivation 

This project is motivated by the fact that there is a dire necessity to diagnose rare brain 

disorders accurately, efficiently and reliably. The current decision-making process, based 

largely on hand labeling of MRI-images by radiologists, is timely enough to be time 

consuming and subject to variation depending on the human factor, including experience, 

fatigue, and biases. This is particularly acute in uncommon neurological conditions such 

as Fukuyama Muscular Dystrophy, Moyamoya Disease with Intraventricular 

Hemorrhage, Pantothenate Kinase-Associated Neurodegeneration (PKAN) and 

Pachygyria with Cerebellar Hypoplasia, which are not always represented in clinical data 

and have subtle or overlapping phenotypes. 

A potential solution to these problems is automated computational methods, especially 

those that are based on deep learning. Deep learning models are capable of learning 

intricate patterns directly out of the MRI data, identifying subtle structural abnormalities 

and consistently and reliably yielding the same results. Clinicians will also be able to 

arrive at quicker and more precise diagnoses with these models because they do not need 

to manually interpret the results, resulting in increased patient outcomes and eventual 

disease management. 

Computationally, the project is driven by the possibility to investigate the latest neural 

network architectures, such as convolutional neural networks (CNNs) and models based 

on transformers, in medical imaging. CNNs are especially useful at extracting 

hierarchical spatial features of images, whereas transformers, like the Vision 

Transformer (ViT), can learn long-range dependencies and global contextual 

relationships. These models applied to MRI classification are not only a way to address 

an essential healthcare issue, but also a part of the expanding research on artificial 

intelligence as a medical diagnostic tool. 

Also, the project will have a personal and professional incentive of offering a hands-on 

experience in implementing deep learning, preprocessing data, augmenting techniques, 

and evaluating models. The development of an automated classification system of rare 

brain conditions successfully proves the practical value of AI in healthcare and may be 

used as a starting point in future studies, such as incorporating other imaging methods, 

patient and clinical data, or real-time decision support. 

In short, the motivation behind this project is both clinical and computational. The 

necessity to enhance the accuracy and efficiency of diagnostics in rare brain diseases, and 

the possibility to develop research and implementations in the field of medical imaging 

based on deep learning. 
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1.3 Objectives 

• Train a highly accurate deep learning pipeline to identify MRI scans of four rare 

brain diseases, Fukuyama Muscular Dystrophy, Moyamoya Disease, Pantothenate 

Kinase-Associated Neurodegeneration (PKAN) and Pachygyria with Cerebellar 

Hypoplasia. 

• Compare the results of several classic CNN models with a Vision Transformer 

(ViT) model to find the most efficient model to use to extract and classify features. 

• Preprocess and fix dataset imbalance and enhance model performance, using 

preprocessing algorithm and data augmentation, such as resizing and rotation of 

MRI images. 

• Assess metrics of models on a global scale to verify consistency and soundness of 

performance by using accuracy, precision, recall, F1-score, and confusion matrices. 

• Determine the feasibility of automated MRI classification systems in practice, in 

order to assist radiologists, decrease the number of diagnostic errors, and enhance 

patient care. 

1.4 Methodology 

This project will follow several steps in its methodology to create an automated deep 

learning system to classify MRI scans of rare brain disorders. To begin with, all the 3,759 

images of the MRI were collected from online an source (Mendeley) and they were 

associated with four rare neurological disorders these were Fukuyama Muscular 

Dystrophy, Moyamoya Disease with Intraventricular Hemorrhage, Pantothenate Kinase-

Associated Neurodegeneration (PKAN), and Pachygyria with Cerebellar Hypoplasia. In a 

bid to improve the model performance and eliminate imbalance between different classes, 

data augmentation methods like rotation at various angles were used and all images were 

converged to 224x224 pixels. 

The data was divided into 70% training and 30% testing, and the test set was further 

subdivided into validation and final test sets. Eight deep learning models were deployed 

and trained: VGG19, DenseNet201, MobileNetV2, Xception, ResNet152, InceptionV3, 

EfficientNetB7 and a Vision Transformer (ViT). The hierarchical spatial features were 

obtained and the transformer model was used to learn global contextual interactions 

between MRI imagery using CNN architectures, enabling effectively to classify the data 

into multiple classes. 

The training set was used to train the models, the validation set was used to tune models, 

and the test set was used to evaluate the models. To obtain a holistic picture of each model 

performance, accuracy, precision, recall, F1-score, and confusion matrices were used to 

evaluate performance. Such a solution can be developed in a way that the system is 

clinically meaningful and technically viable to enable rapid and reliable diagnosis of rare 

brain disorders by radiologists. 
 

1.5 Project Outcome 

The most notable deliverable of this project is the creation of a powerful deep learning-

based system that can be used to classify MRI scans with high accuracy by four uncommon 

categories of brain disorders: Fukuyama Muscular Dystrophy, Moyamoya Disease with 

Intraventricular Hemorrhage, Pantothenate Kinase-Associated Neurodegeneration 
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(PKAN), and Pachygyria with Cerebellar Hypoplasia. It is hoped that this automated 

system will help radiologists to make diagnoses faster, more reliable, and consistent, with 

a reduced chance of human error. 

Additional outcomes include: 

• Performance Benchmarking of Models: Comparison of a variety of CNN models 

and a Vision Transformer (ViT) model, with emphasis on the best models to use 

when classifying multi-classes of MRI data. 

• Insights into Data Handling: Exploring the relationship between preprocessing 

approaches and the data augmentation and the model accuracy and its 

generalization. 

• Clinical Feasibility: Evidence of how to implement AI-based diagnostic tools in 

clinical processes, to assist in early diagnosis and management of rare neurological 

conditions. 

• Research Contribution: Giving some framework that can be applied to further 

research, bigger data sets, other brain conditions or combinations with other 

imaging techniques. 

In general, this project aims to integrate advanced computational and deep learning 

methods into the clinical imaging workflow, developing a system capable of delivering 

highly accurate brain disorder diagnoses. Beyond accuracy, the system is designed to 

have a direct impact on patient care, assisting clinicians in making informed decisions 

and potentially reducing diagnostic errors. By implementing this innovation in a real-

world clinical environment, the project seeks to demonstrate the practical feasibility of 

cutting-edge technology, bridging the gap between research and practice. Moreover, the 

findings and methodologies are expected to contribute to ongoing research in clinical 

imaging, providing a foundation for further development of AI-driven diagnostic tools 

and fostering broader adoption of intelligent systems in healthcare. 
 

1.6 Organization of the Report 

To present the project clearly and systematically, this report is divided into six chapters. 

Chapter 1 (Introduction) introduces the research by providing the background and 

rationale for developing an automated MRI classification system. It outlines the research 

objectives, summarizes the methodology, specifies the anticipated deliverables, and 

presents the overall report structure. 

Chapter 2 (Background) reviews the literature on MRI-based brain disorder classification 

using deep learning. It highlights the advantages and limitations of previous studies, 

identifies the research gap, and explains the motivation for this work. 

Chapter 3 (Research Methodology) describes the methodological framework adopted in 

the study. It details dataset collection, class distribution, and preprocessing techniques 

such as resizing, normalization, and augmentation. The chapter also discusses model 

selection and system design, outlines functional and non-functional requirements, 

illustrates data flow and user interface design, and presents the project plan with task 

allocation. 
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Chapter 4 (Implementation and Results) explains the system implementation and reports 

the experimental findings. It describes the environment setup, the evaluation and 

comparative performance of different deep learning models, and the discussion of results, 

followed by a summary of the key outcomes. 

Chapter 5 (Engineering Standards and Design Challenges) addresses the engineering 

standards applied, the design challenges encountered, and the societal implications of the 

research. It further considers project management aspects, evaluation criteria, and 

complex problem mapping, along with the engineering activities undertaken. 

Chapter 6 (Conclusion) summarizes the overall findings of the study, highlights its clinical 

relevance, and acknowledges limitations. It concludes by proposing potential directions 

for future research in automated MRI-based diagnosis of rare brain disorders. 

This structured organization ensures a logical progression from problem identification 

through methodology, implementation, and results, to broader implications and future 

perspectives, making the report coherent and easy to follow. 
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Chapter 2 
 

Background 
 

This chapter presents the necessary background for the research, including 

 an introduction to the topic, a review of related literature, gap analysis from 

existing studies, and a summary of key findings. 
 
2.1 Introduction 

The analysis of medical images has become an indispensable part of the diagnosis and 

management of neurological disorders. Magnetic Resonance Imaging (MRI) is one of the 

most common types of imaging modality due to the ability of non-invasive imaging of the 

internal structure of the brain at high-resolution. MRI enables a clinician to identify 

abnormalities, track disease progression, and map a treatment strategy. 

The latest developments in the field of deep learning have made it possible to study 

complicated medical images in a much more efficient manner. Convolutional neural 

networks (CNN) and transformer-based networks like Vision Transformers (ViT) are 

capable of automatically identifying the complex spatial and contextual representations 

in MRI scans and classifying brain disorders with high accuracy. Although common 

diseases are the primary topic of previous studies (tumors, Alzheimer disease, etc.), even 

rare neurological diseases such as Fukuyama Muscular Dystrophy, Moyamoya Disease 

with Intraventricular Hemorrhage, Pantothenate Kinase-Associated Neurodegeneration 

(PKAN), and Pachygyria with Cerebellar Hypoplasia are underrepresented in datasets. 

This part will give the background information required to realize the reasons as to why 

deep learning methods are used in MRI-based classification of rare diseases of the brain 

and how the automated systems can be used to supplement clinical judgment, improve 

accuracy of diagnosis, and reduce fallibility. 

 

2.2 Literature Review 

Recent research has indicated machine learning (ML) and deep learning (DL) have a great 

impact on the diagnosis of brain disorders based on MRI and other imaging methods. 

Siddiqui et al. (2017) trained a multi-class diagnostic system on DWT and PCA to perform 

feature reduction, and analyzed it with J48, KNN, Random Forest, and LS-SVM, 

achieving 96%accuracy and useful classification of diseases such as Alzheimer, glioma, 

and metastasis [1]. Using a CNN-based model consisting of ResNet50 and SVM, Jagendra 

Singh et al. (2024) achieved a 98% accuracy rate in classifying Alzheimer, glioma, 

meningioma, pituitary tumors, and healthy cases [2]. 

Venkataramanaiah et al. (2023) targeted pituitary brain tumors with SVM along with 

RBF kernel and PCA-reduced features with 99 % training and 96 % testing accuracy 

performing better than other classifiers, such as Naive Bayes and CNN [3]. Li et al. (2025) 

also talked about multimodal data with the application of ML/DL, and it has improved 

early diagnosis of Alzheimer, Parkinson, and epilepsy, but interpretability and the 

problem of data heterogeneity have not been properly addressed [5]. According to Padmaja 
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et al. (2022), DL models achieve higher performance on MRI, CT, PET, EEG, and speech 

datasets than traditional ML and have issues related to limited data, hardware 

limitations, and model opacities [7]. 

In Moyamoya disease, VGG16 CNN on T2-weighted MRI images was applied by Akiyama 

et al. (2020) with 92.8% accuracy, and clinically relevant vascular regions were identified 

by the model [8]. Yu Lei et al. (2021) used ResNet-152 and multi-view CNNs to detect 

disease and predict hemorrhagic risk and achieved 97.64% and 90.69% accuracy and risk 

prediction [16]. Mingming Lu et al. (2024) applied 3D CNNs (DenseNet-121, ResNet50, 

etc.) to images of MRA and obtained internal and external macro-average AUC 0.977 and 

0.880, respectively, which is similar to the results of radiologists [30]. 

Bibliometric and review studies show the trends in the research of brain diseases. 

According to Chaki et al. (2024), CNNs and deep learning were the most popular, and 

Alzheimer, autism, and Parkinson were the most researched [9]. The review of ML studies 

with fMRI showed median accuracies over 85% with Alzheimer’s and Parkinson’s [17]. An 

explainable AI architecture with 95-97 % accuracy on Alzheimer, brain tumors, and MS 

and enhanced interpretability was proposed by Siva Kumar et al. (2024) [12]. Srivani et 

al. (2025) and Liang et al. (2021) cited the benefits of DL over traditional ML and the 

applicability of hybrid models, data augmentation, and the integration of multiple 

modalities to improve first-line diagnosis and clinical reliability (13,15). 

 
Table 2.1: Summary of Literature Reviewed. 

Author (s) Year Title Methodology Key Findings 

Muhammad 

Faisal Siddiqui 

[1] 

2017 Multi-Class 

Disease 

Classification 

in Brain MRIs 

Using a 

Computer-

Aided 

Diagnostic 

System 
 

310 MRI scans 

processed with 

DWT + PCA, 

classified by J48, 

kNN, RF, and LS-

SVM, evaluated 

with 5-fold CV on 

recall, precision, F-

measure, accuracy, 

and AUC. 

RF achieved 96% 

accuracy, LS-SVM stable 

at 89%. Automated 

system outperformed 

prior methods, enabling 

accurate multi-class 

brain disease 

classification. 

Jagendra 

Singh 

[2] 

2024 Identification 

of Brain  

Diseases using 

Image 

Classification: 

A Deep  

Learning  

Approach 
 

CNN-based 

framework with 

MRI 

preprocessing, 

feature extraction 

using ResNet50, 

and classification 

via SVM. 

 

CNN with MRI 

preprocessing, ResNet50 

features, and SVM 

achieved 98% accuracy, 

effectively classifying 

Alzheimer’s, glioma, 

meningioma, pituitary 

tumor, and healthy 

subjects. 

B. 
Venkatarama
naiah [3] 

2023 Brain 

Disorders 

Identification 

by Machine 

Learning 

Classifiers 
 

Pituitary MRI 

dataset (tumor vs. 

non-tumor) resized 

to 200×200, 

normalized, 

reduced via PCA, 

classified with 

SVM (RBF), 

SVM (RBF) with DWT 

features achieved 99% 

training and 96% testing 

accuracy, outperforming 

other classifiers, 

effectively distinguishing 

normal vs. tumor MRIs; 

future work includes 
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trained on 250 

tumor + 180 non-

tumor images. 

 

stage, type, and 

localization. 

Yuru Li[5] 2025 Machine 

learning in 

early diagnosis 

of neurological 

diseases: 

Advancing 

accuracy and 

overcoming 

challenges 

Review of ML/DL 
techniques with 
multimodal data 
(imaging, EEG, 
genetics) 

Machine learning 

enhances early diagnosis 

of Alzheimer’s, 

Parkinson’s, and 

Epilepsy, especially with 

multimodal data, but 

faces interpretability and 

heterogeneity challenges, 

complementing rather 

than replacing clinicians. 

Dr.C. 

Padmaja [7] 

2022 Diagnosis of  
Brain Disease  
through Deep  
Learning  
Approaches 

 

Review of ML 

 (SVM, RF, KNN, 

 ANN) and DL  

(CNN, RNN,  

LSTM,  

autoencoders)  

applied to MRI,  

CT, PET, EEG,  

and  

speech/clinical  

data for brain  

disease diagnosis.  
 

Deep learning surpasses 

traditional methods for 

brain disease detection, 

but limited data, model 

opacity, and hardware 

constraints persist; 

hybrid and advanced AI 

models offer more 

accurate diagnosis. 

 

Yukinori 

Akiyama [8] 

2020 Deep 

Learning-

Based 

Approach for 

the Diagnosis 

of Moyamoya 

Disease 

Retrospective 

study of 84 

patients using T2-

weighted MRI; 

deep learning with 

VGG16 CNN, 

Grad-CAM 

visualization, data 

augmentation, and 

transfer learning 

applied. 

 

AI distinguished 

Moyamoya from 

atherosclerosis and 

controls, achieving 92.8% 

accuracy at the basal 

cistern; Grad-CAM 

highlighted vascular 

regions, showing 

potential for noninvasive 

diagnosis despite small 

dataset limitations. 

 

Jyotismita 

Chaki [9] 

2024 Brain 

Disorder 

Detection and 

Diagnosis 

using 

Machine 

Learning and 

Deep 

Learning - A 

Bibliometric 

Analysis 

Bibliometric 

analysis of 1,550 

Scopus articles 

(2015–May 2023) 

using Biblioshiny 

and VOSviewer, 

covering citations, 

collaborations, 

author/institution 

productivity, and 

Research grew steadily, 

peaking in 2022; USA, 

China, India lead, 

Stanford most 

productive. Alzheimer’s, 

autism, Parkinson’s 

dominate; CNNs, deep 

learning, MRI, EEG 

prevalent; future focus on 
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keyword co-

occurrence. 

 

human-AI interaction, 

security, and privacy. 

 

Jing Teng 

[11] 

2023 Brain disease 

research 

based on 

functional 

magnetic 

resonance 

imaging data 

and machine 

learning: a 

review 

Reviewed 55 

articles (Jan 2020–

Mar 2023) on 

fMRI-based brain 

disease diagnosis 

(AD/MCI, ASD, 

SCZ, PD), 

analyzing sample 

sizes, features, 

classifiers, and 

validation 

approaches. 

 

AD/MCI and PD studies 

showed >85% median 

accuracy; ASD <80%, 

SCZ 80–85%. Most 

studies (<200 subjects) 

reported >80% accuracy. 

K-fold CV used in 58.2%; 

future work: fMRI-

specific ML, fuzzy tech, 

multimodal features, 

interpretable networks. 

 

P. V. Siva 

Kumar [12] 

2024 Building Trust 

in Artificial 

Intelligence: 

An Explainable 

Deep Learning 

Framework for 

Brain Disease 

Detection 
 

Developed an XAI 

framework for 

Alzheimer’s, brain 

tumors, and MS 

using MRI. 

InceptionV3 

(Alzheimer’s, 

tumors) and 2D 

CNN (MS) with 

preprocessing, 

augmentation, and 

LIME, evaluated 

via accuracy, 

precision, recall, 

and F1-score. 

 

 

 

 

Achieved high accuracies: 

Alzheimer’s 95%, Brain 

Tumor 96.95%, MS 

96.21%. XAI highlighted 

key brain regions, 

enhancing transparency, 

trust, and potential for 

reliable AI-assisted 

diagnosis. 

 

 

Lekkala 

Srivani [13] 

 

2025 Machine 

Learning and 

Deep Learning 

Approaches for 

Brain Disease 

Diagnosis 
 

Reviewed 147 

studies on ML/DL 

across 22 datasets; 

techniques 

included CNN, 

RNN, 3D ConvNet, 

GANs, SVM, RF, k-

NN; proposed a 5-

layer CNN for 

brain tumor 

detection. 

 
 

DL models (CNN, RNN) 

outperform traditional 

ML in MRI/CT diagnosis; 

hybrid models, GAN-

based augmentation, and 

multimodal data boost 

accuracy. Challenges 

include interpretability, 

data size, cost, and 

privacy; early diagnosis 

aids treatment. 
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Junchen 

Liang [15] 

 

2021 

 

Application of 

Deep 

Learning in 

Imaging 

Diagnosis of 

Brain 

Diseases 

Reviewed 51 

studies (21 medical, 

30 deep learning) 

on CT, MRI, PET, 

SPECT for 

cerebrovascular 

disease, brain 

tumors, 

Alzheimer’s, and 

Parkinson’s, 

covering traditional 

imaging and DL 

methods. 

 
 

Deep learning accelerates 

brain disease diagnosis, 

improving image 

recognition, 

segmentation, and 

classification. CNNs (U-

Net, AlexNet, LeNet-5, 

MvNet, SPNet) and 

hybrid methods boost 

accuracy, though large 

datasets, hardware, and 

interpretability remain 

challenges. 

 

Yu Lei [16] 2021 Recognition of 

Moyamoya 

Disease and Its 

Hemorrhagic 

Risk Using 

Deep Learning 

Algorithms: 

Sourced from 

Retrospective 

Studies 
 

Retrospective study 

of 460 moyamoya 

and 500 normal 

hemispheres; 

ResNet-152 used 

for DSA detection, 

MV-CNN-C 

integrated clinical 

and imaging 

features to predict 

hemorrhagic risk, 

evaluated via five-

fold cross-

validation. 

 
 

MMD detection achieved 

97.64% accuracy (96.55% 

sensitivity, 98.29% 

specificity, AUC 0.990); 

hemorrhagic risk 

prediction reached 

90.69% accuracy. CNNs 

enable automatic 

diagnosis and rebleeding 

risk assessment. 

Mingming Lu 

[30] 

2024 Deep learning 

model for 

automated 

diagnosis of 

moyamoya 

disease based 

on magnetic 

resonance 

angiography 
 

600 participants 

(MMD, ASD, NC) 

plus 60 external; 3D 

CNNs applied to 

MRA images, 

evaluated with AUC, 

accuracy, sensitivity, 

F1-score; Grad-CAM 

compared with 

radiologists. 

 
 

DenseNet-121 achieved 

top performance: macro 

AUC 0.977 (internal), 

0.880 (external), 96.7% 

accuracy for MMD vs 

ASD+NC. Grad-CAM 

matched expert decisions, 

showing clinical 

integration potential and 

workload reduction. 
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2.3 Gap Analysis 

Although machine learning (ML) and deep learning (DL) have been widely applied to 

brain disorder diagnosis, most studies focus on common neurological disorders such as 

Alzheimer’s, Parkinson’s, epilepsy, stroke, and common brain tumors [1,3,10]. High 

accuracies have been reported using CNNs, SVMs, ResNet, DenseNet, and related 

models, but these studies generally rely on large, well-curated datasets and target either 

single-disease classification or a limited set of disorders [4,7,14]. Rare brain disorders, 

including Fukuyama Muscular Dystrophy (FCMD), Pantothenate Kinase-Associated 

Neurodegeneration (PKAN), Moyamoya disease, and Pachygyria, remain largely 

underexplored, and few multi-class approaches address common and rare conditions 

simultaneously [13,24,26]. Other challenges include small sample sizes, heterogeneous 

imaging modalities (MRI, fMRI, MRA, CT), and the absence of standardized evaluation 

metrics, making reliable, generalizable models difficult to achieve [17,20]. While some 

studies employ explainable AI (XAI) or Grad-CAM to improve interpretability [18,26], 

most rare disorder models lack clinical interpretability, limiting real-world applicability. 

Furthermore, much of the literature focuses on binary classification (tumor vs. non-tumor) 

or univariate prediction rather than multi-class frameworks capable of identifying 

multiple disease types [4,7,10]. Techniques such as data augmentation, transfer learning, 

and multi-modal feature integration are underutilized for rare disorders, which may 

reduce performance on unseen or imbalanced data [20,22]. Very few studies integrate both 

common and rare disorders within a single pipeline, which is essential for practical 

clinical decision-support systems. This paper aims to fill these gaps by developing a robust 

multi-class classifier for common and rare brain disorders, employing high-quality 

preprocessing, augmentation, feature extraction, and interpretable ML methods to 

improve early detection, diagnosis, and clinical outcomes. 

 

2.4 Summary 

This section offered an extensive summary of the existing body of literature on the 

diagnosis of brain disorders using machine learning (ML) and deep learning (DL) methods 

with a specific emphasis on MRI and related imaging techniques. Evidence presented in 

the literature indicates that the DL architectures, including CNNs, ResNet, DenseNet, 

3D CNNs, and hybrid models can be highly accurate when detecting common neurological 

disorders, including Alzheimer, Parkinson, epilepsy, stroke, and common brain tumors. 

Explainable AI (XAI) methods, Grad-CAM visualisations and incorporating multi-modal 

data integration with a model to improve model explainability and clinical relevance are 

also highlighted in other studies. With these developments, most studies have focused on 

more prevalent disorders whereas rare neurological conditions such as Fukuyama 

Muscular Dystrophy (FCMD), Pantothenate Kinase-Associated Neurodegeneration 

(PKAN), Moyamoya disease, and Pachygyria are largely under studied. 

Moreover, the majority of the available literature addresses single or dichotomous 

classification issues instead of multiphase multi-class models that could determine 

multiple conditions simultaneously. Small and unbalanced datasets, heterogeneous 

imaging modalities, little application of sophisticated preprocessing and data 

augmentation methods, and absence of standardized evaluation measures are some of the 

limitations that limit the generalizability and practical application of existing models. The 
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gaps above demonstrate that there is a high demand to carry out studies aimed at 

developing robust, clinically interpretable, and multi-classification systems that are 

capable of addressing common and rare brain disorders. These constraints can be 

addressed to facilitate future work to improve early detection, diagnostic accuracy, clinical 

decision support, and ultimately result in improved patient outcomes and streamlined 

healthcare processes. 
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Chapter 3 
 

Research Methodology 
 

This chapter presents the research methodology, functional and non-functional 

requirements, data flow, and UI design. Furthermore, a project plan and task                                 

allocation are outlined to guide the research process. 

 
3.1 Methodology 

3.1.1 Overview 

This research methodology describes the entire process involved in creating an 

automated system of classifying rare neurological diseases based on MRI images. In the 

paper, four rare brain diseases are examined: Fukuyama Muscular Dystrophy (FCMD), 

Moyamoya Disease with Intraventricular Hemorrhage, Pachygyria with Cerebellar 

Hypoplasia and Pantothenate Kinase-Associated Neurodegeneration (PKAN). These 

conditions are incredibly rare, hence there is no large and balanced datasets available 

and the problem of proper classification is really difficult and important to diagnose the 

conditions at an early clinical stage. 

In order to manage these difficulties, the methodology has been designed as a structured 

pipeline entailing data collection, preprocessing, dataset augmentation, model training, 

evaluation and deployment. Concentration of the pipeline is on intensive preprocessing 

in order to normalize the quality of images, reduce the noise, and also, deal with the 

imbalance of the classes. The augmentation methods were used to artificially enlarge the 

dataset and increase the strength of the deep learning models. 

Numerous state-of-the-art deep learning frameworks were then investigated to 

determine the best method of classification. To ensure a high level of predictive accuracy 

and explainable results, the evaluation step involved a collection of measurements 

(accuracy, precision, recall, and F1-score) and interpretability measures (Grad-CAM and 

attention visualization), which was required to ensure that, besides providing a high 

level of predictive accuracy, the models were also able to provide scores that could be 

interpreted. This combination of rigor in the methodology and transparency in the model 

is critical to clinical adoption since it build trust in healthcare practitioners. 

Overall, the methodology offers a systematic way to address the issue of working with 

rare disease datasets, and is expected to produce a robust, accurate, and interpretable 

deep learning model that can help classify rare brain disorders. 
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3.1.2 Proposed Methodology 

 

 

 

Figure 3.1: Proposed Methodology 

The proposed methodology for rare brain disorder classification is illustrated in Figure 

3.1. The workflow is structured into multiple stages, beginning with dataset acquisition 

and preprocessing, followed by data splitting, model selection, training with 

hyperparameter optimization, and performance evaluation. Each step is designed to 

ensure reliable classification outcomes and enhance interpretability in a sensitive clinical 

setting. 
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Data Acquisition: 
The first step involves the acquisition of an input image dataset whereby 3,759 MRI 

radiographs were collected from an online source (Mendeley). The dataset consists of four 

rare brain diseases, namely Fukuyama Muscular Dystrophy (FCMD), Moyamoya Disease 

with Intraventricular Hemorrhage, Pachygyria with Cerebellar Hypoplasia, and 

Pantothenate Kinase-Associated Neurodegeneration (PKAN). 

  

Fig 3.2: Number of Images per Class in Each Dataset         Fig 3.3: Sample Dataset Images of all four classes 

 

Data Preprocessing and Augmentation: 
After data collection, preprocessing steps such as resizing, normalization, and 

augmentation of the images were performed. The dataset was augmented to equalize the 

sample size across classes and to increase model robustness, adding 300 more images in 

total. This stage ensured normalization, noise reduction, and proper formatting of the 

data to be compatible with deep learning architectures. 

Dataset Splitting: 

 

 

Fig 3.4: Dataset Split Distribution 

The data is then separated into training, validation, and testing segments: 70% of data is 

used in training, the remaining 30% is further divided into validation and testing. In this 
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bifurcation strategy, performance is assessed in an objective manner and that there could 

be no data leakage in developing the model. 

Model Architectures: 

 

Fig 3.5: CNN Architecture for the Proposed Model 

 

Fig 3.6: Vision Transformer Architecture for the Proposed Model 

During the training phase, a diverse set of advanced deep learning architectures was employed, 

including Vision Transformer (ViT), DenseNet201, VGG19, MobileNetV2, Xception, 

ResNet152, Inception, and EfficientNetB7. Each of these models was selected for its unique 

strengths in feature extraction and representation learning, ranging from convolution-based 

approaches to transformer-based architectures. The prepared dataset was used to train all 

models under carefully controlled experimental conditions.  

Hyperparameter Optimization: 
The prepared dataset was used to train all models under carefully controlled experimental 

conditions. Hyperparameter optimization played a crucial role; learning rate, batch size, 

and number of epochs were systematically tuned to achieve optimal generalization. 

Strategies such as grid search, random search, and adaptive optimizers (e.g., Adam with 

learning rate scheduling) were utilized depending on the model.  
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Performance Evaluation and Interpretability: 
Accuracy, precision, recall, and F1-score were the measures of performance that were used 

to evaluate the model. Visualization (Gradient-weighted Class Activation Mapping (Grad-

CAM) and attention maps) methods were used to improve interpretability and clinical 

trust and to understand how the model depends on its decision-making. 

 

 

  

  

Fig 3.7: Original and Grad-CAM Visualizations of different classes in Vision Transformer 

  

 

Classification and Deployment: 
After model training and evaluation, the optimized models were deployed for classification 

of MRI scans into one of four rare brain disorder categories: Fukuyama Muscular 

Dystrophy (FCMD), Moyamoya Disease with Intraventricular Hemorrhage, Pachygyria 

with Cerebellar Hypoplasia, and Pantothenate Kinase-Associated Neurodegeneration 

(PKAN). The Vision Transformer (ViT) achieved the highest classification performance, 

followed by DenseNet201 and VGG19, demonstrating the effectiveness of transformer-

based and densely connected convolutional architectures. 

 

The deployed models can be applied to new MRI scans to provide automated diagnostic 

support, offering clinicians interpretable outputs via attention maps and Grad-CAM 

visualizations. This not only facilitates accurate classification but also enhances trust and 

transparency in clinical decision-making. 
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3.1.3 Functional and Non-functional Requirements 

Functional Requirements: 

• Precise categorization of MRI images into four rare categories of the brain disorder. 

• Prediction scores and heatmaps indicating the important diagnostic areas are 

produced. 

• Surgery Batch processing of MRI data and simple integration with clinical 

workflow. 

• Capacity to refresh the system with emerging patient information to engage in 

ongoing learning. 

Non-Functional Requirements: 

• Great reliability, stability, and accuracy when making model predictions. 

• Effective calculation and training that can extract big data. 

• Scalability to add extra disorders or imaging modalities going forward. 

• Ensuring data privacy, security, and medical data standards. 

3.1.4 Data Flow Diagram 

 

Fig 3.8: Data Flow Diagram of Proposed Model 

The DFD illustrates the flow of data through the MRI-based rare brain disorder 

classification system. The process begins with the Clinician/User, who uploads MRI scans 

for analysis. These scans first enter the Preprocessing Module, where data cleaning, 

normalization, resizing, and augmentation are applied to prepare the images for accurate 

prediction.                                                                                                                                                         

Next, the processed images are fed into the Model Prediction Module, which utilizes either 

Vision Transformer (ViT) or CNN-based architectures (DenseNet201, VGG19, etc.) to 
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classify the MRI scans and generate predictions. The prediction module retrieves required 

Model Weights and uses the MRI Dataset for validation and model reference. 

Once predictions are made, the results are sent to the Visualization Module, which 

generates Grad-CAM attention maps for interpretability, highlighting clinically relevant 

regions in the MRI. Finally, the system outputs the Predicted Diagnosis along with 

Confidence Score back to the clinician for decision support. 

The diagram clearly depicts the data storage components (MRI Dataset and Model 

Weights), processing modules, and flow of information, showing the complete end-to-end 

pipeline of the AI-powered classification system. 

 

3.1.5 UI Design 

 

The user interface (UI) is designed to be simple, interactive, and clinician-friendly, 

ensuring usability in a healthcare environment. It allows clinicians to easily upload MRI 

images of patients and receive an automated predicted diagnosis of rare brain disorders. 

The interface further integrates visualization of attention maps to highlight the critical 

regions influencing the model’s decision, thereby improving interpretability and 

supporting clinical validation. A clean layout with separate panels for image upload, 

prediction results, and visualization is maintained, ensuring clarity and reducing 

cognitive load 

 

 

 

 

 

Fig 3.9: Image Upload Web Interface  
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Fig 3.10: Prediction Web Interface 

 

 
 

3.2 Detailed Methodology and Design 
 

When formulating a successful multi-classification system of rare brain disorders, a 

number of alternative solutions and approaches were weighed before coming up with the 

methodology. This was to identify a framework that offers a trade-off between accuracy, 

generalizability, computational and interpretability, especially due to the issues of rare 

and heterogeneous MRI data. 

Alternate Solutions Considered: 

• Convolutional Neural Networks (CNNs): A number of alternative solutions were 

considered to the classification of rare brain disorders with MRI images. CNNs, such 

as VGG19, DenseNet201, ResNet152, InceptionV3 and MobileNetV2, were considered 

as they can automatically extract hierarchical features in raw images. Those models 

are efficient in capturing spatial patterns; they perform better than the old-fashioned 

machine learning methods. But standard CNNs do not necessarily ensure that long-

range dependencies and contextual relationships are learned throughout the MRI 

scan. 

• Transfer Learning: Transfer learning was an option as well, and the pre-trained 

networks of DenseNet201, VGG19, ResNet152, Xception, and EfficientNetB7 were 

fine-tuned on the MRI data. Known as the efficient learning approach, it enables 

learning with limited data, quicker convergence, and powerful feature representation 

to classify rare brain disorders. The big disadvantage was that these already-trained 
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networks were memory-consuming and sensitive to hyperparameter optimization to 

achieve optimal performance. 

• Transformer-Based Models: Lastly, models that utilize transformers, especially the 

Vision Transformer (ViT), were investigated because of their attention mechanism 

that acquires long-range dependencies between patches of images. The ViT had the 

best accuracy of 99.47%, excellent multi-class classification capabilities, and better 

interpretability, by visualizing attention. Although it also required careful 

configuration and substantial computational power, the results pointed to the 

transformer-based architecture, closely followed by densely connected CNNs, as the 

most successful solution to automated classification of rare brain disorders. 

Selection of the Final Approach: 

• ViT was chosen as the main architecture because it demonstrates impressive results 

in the presence of global spatial dependencies and the ability to detect very subtle 

differences between rare brain disorders. 

• DenseNet201 and VGG19 were also kept as control CNN-based models to verify the 

performance benchmarks. 

• Preprocessing, normalization, data augmentation: Data was processed to enhance 

diversity in the data and reduce class imbalance. 

• The techniques of Grad-CAM and attention visualisation have been incorporated to 

enhance the interpretability of the model, which should correspond to clinically 

relevant areas. 

Workflow of the Proposed Methodology: 

Data Acquisition: Collected MRI scans of four rare neurological disorders: Pachygyria, 

FCMD, PKAN, and Moyamoya. 

Preprocessing and Augmentation: Generated 300 augmented images; applied 

normalization, standardization, resizing, and additional preprocessing techniques to 

enhance data quality and address class imbalance. 

Model Implementation: Trained Vision Transformer (ViT) and CNN-based architectures 

on 70% of the dataset, keeping 30% for validation and testing.  

 

 

Fig 3.11: Dataset Split Distribution of all Classes 
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Evaluation Metrics: Assessed model performance using accuracy, precision, recall, F1-

score, and attention map visualization for interpretability. 

Comparison and Analysis: Conducted comparisons to determine the most effective 

architecture for multi-class classification of rare brain disorders 

The method offers powerful, clinically relevant, and interpretable framework that can 

resolve the issues related to rare brain disorders, including poor data quality, subtle 

morphological variations, and the need to classify according to multiple classes. 

 

3.3 Project Plan 

 
This study project plan aims to provide a planned and methodic flow of data collection to 

the ultimate evaluation of the model and its implementation. The initial stage, between 

weeks 12-20 is about data collection and preparation, including MRI scans of the four 

rare neurological conditions Fukuyama, Moyamoya, PKAN and Pachygyria, initial 

preprocessing, cleaning, normalization, and producing augmented images to balance the 

dataset. The second week, weeks 22 to 36 is focused on model development and training. 

Several deep learning models, such as Vision Transformer (ViT), DenseNet201, VGG19, 

MobileNetV2, Xception, ResNet152, InceptionV3 and EfficientNetB7, are trained, 

optimized and hyperparameter-tuned. Interpretability and clinical relevance are 

incorporated by using attention visualization techniques, including Grad-CAM. In the 

third week (week 38-44), a critical assessment and comparative analysis of the models 

based on the accuracy, precision, recall, F1-score and confusion matrices together with 

the performance and overallizability is done. Lastly, during weeks 46-48; the trained 

models are implemented in a demonstration application and the overall methodology, 

findings and observations are reported in the final report. The staged approach to the 

project facilitates the completion of tasks in good time, resources management, and 

strong validation of the multi-classification system of rare brain disorders. 

 

3.4 Task Allocation 
 

This table depicts the timeline of the principal activities in each period of the project, 

from week 12 to week 48. 

 

Table 3.1: Task Timeline 

Tasks Weeks 

 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 

Data 

collection 

phase 

                   

                   

Preprocess 

all the 

data 

                   

                   

Model 

training 
                   

                   

Create a 

demo 

application. 
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The project timeline for developing a rare brain disorder classification system using MRI 

images is structured from week 12 to week 48. Akibul Islam Siam and Zafar Muhammed 

Akram are the main contributors, working under the guidance of their supervisor. The 

initial task, Literature Review & Problem Study (weeks 12–18), is undertaken by Zafar 

Muhammed Akram, who collects relevant research papers and defines the research scope. 

Dataset Collection & Preprocessing (weeks 12–24) is handled by Akibul Islam Siam, 

involving gathering MRI data, resizing, normalizing, and augmenting it for model 

training. Model Selection & Design (weeks 19–30) is jointly addressed, with Akibul 

focusing on CNN architecture selection and Zafar on ViT architecture planning. During 

weeks 25–36, Model Training & Hyperparameter Tuning is primarily done by Akibul, 

while Model Testing & Evaluation (weeks 31–36) is the responsibility of Zafar, including 

evaluating accuracy, loss, confusion matrices, and Grad-CAM visualizations. System 

Development (UI) (weeks 31–42) is mostly implemented by Akibul, designing the interface 

for clinicians. Report Writing & Documentation (weeks 37–48) is led by Zafar, drafting 

methodology, results, and discussion. Finally, Final Review & Submission (weeks 43–48) 

is a combined effort, with both students and the supervisor reviewing, correcting, and 

submitting the project. 

 

 

Table 3.2: Detailed Task Allocation and Responsibility (Week 12-48) 
 

Task Description Responsible 
Person(s) 

12–
18 

19–
24 

25–
30 

31–
36 

37–
42 

43–
48 

Literature 
Review & 
Problem Study 

Collect and study 
research papers, 
define research 
scope 

Zafar / 
Supervisor 

✔      

Dataset 
Collection & 
Preprocessing 

Gather MRI data, 
resize, normalize, 
augment 

Akibul ✔ ✔     

Model Selection 
& Design 

Choose CNN/ViT, 
define architecture 

Both 
Students  

 ✔ ✔    

Model Training 
& 
Hyperparameter 
Tuning 

Train, optimize, 
validate 

Akibul   ✔ ✔   

Model Testing & 
Evaluation 

Accuracy, loss, 
confusion matrix, 
Grad-CAM 

Zafar    ✔   

System 
Development 
(UI) 

Build web/app 
interface for 
clinicians 

Both 
Students 

   ✔ ✔  

Report Writing 
& 
Documentation 

Draft methodology, 
results, discussion 

Both 
Students 

    ✔ ✔ 

Final Review & 
Submission 

Supervisor review, 
corrections, final 
submission 

Both 
Students + 
Supervisor 

     ✔ 
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3.5 Summary 

 

This chapter introduced an elaborate and comprehensive research methodology towards 

the development of a powerful multi-class MRI classification system that would identify 

rare disorders of the brain such as Fukuyama Muscular Dystrophy, Moyamoya Disease, 

PKAN and Pachygyria. It described the whole research process, starting with the 

acquisition and preprocessing of the dataset and its augmentation to reduce the imbalance 

in classes and to provide high-quality inputs to the model training. Several deep learning 

models, such as convolutional neural networks (DenseNet, VGG, ResNet, MobileNet, 

Xception, Inception, EfficientNet) and transformer-based models (Vision Transformer) 

were trained, executed and thoroughly tested to discover the most effective one. Particular 

emphasis was placed on clinical relevance and interpretability (explainable AI or Grad-

CAM) of predictions. Functional and non-functional requirements were also defined in the 

chapter to ensure that the system performs as expected in terms of performance, usability, 

scalability and reliability. Moreover, a project plan and a set of tasks were presented, with 

each stage of data collection, preprocessing, model development, evaluation and 

deployment discussed in order to ensure a timely and systematic flow. The methodology, 

in general, would not only yield high-quality multi-class classification but also improve 

clinical applicability, decision-making, adapt to heterogeneous imaging modalities, and 

resolve issues associated with small datasets, model generalization, and real-life 

deployment.
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Chapter 4 
 

Implementation and Results 

 

This chapter covers the environment setup, evaluation and performance comparison of 

different models, discussion of the results, and a summary of key findings. 

 

4.1 Environment Setup 
The MRI-based multi-class classification of rare brain disorders experiments were 

carried out through a combination of hardware and software to run their experiments 

efficiently and reliably to train their models. 

 

Hardware: The training and evaluation were conducted using high-performance 

computing machines supplied by Kaggle, which host NVIDIA GPUs with advanced deep 

learning calculations, has enough RAM with large MRI datasets, and has fast storage 

with image files. The GPU-enabled environment could also be employed with complex 

architectures like Vision Transformer (ViT) and 3D CNNs, and both architectures 

require a high level of computation to extract features and optimize their models. 

 

Software: Python was the main programming language, with the deep learning model-

building and training libraries of TensorFlow, Keras, and PyTorch. Image preprocessing 

and resizing were done with OpenCV and Pillow, and datasets and numerical operations 

were done with NumPy and Pandas. Training curves, confusion matrices and 

performance measures are results that were plotted using Matplotlib and Seaborn. The 

dataset has been first resized to 224/224 pixels and augmented to enhance the balance 

of classes in the dataset and generalization of the model. This whole-system 

implementation provided scalable, reproducible, and high-performance experiments to 

multi-classify rare neurological disorders. 

 

4.2 Testing and Evaluation/Performance/ 

Comparative Anal ysis 

The validity and clinical feasibility of the developed models were determined using a 

strict review plan. The data were separated into training, validation, and testing data. 

Learning model parameters was done on the training set, hyperparameter tuning on the 

validation set and unbiased performance measurement on the final test set. This 

disaggregation ensured that the reported findings were a true indication of how the 

models would generalize to unseen MRI scans of rare brain disorders. 

An extensive evaluation metrics was applied: 
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Fig 4.1: Accuracy Comparison of all the models 

Accuracy - Accuracy is the percentage of correctly classified MRI scans divided by the total 

number of samples and was used as the main measure of overall model validity. ViT had 

the best accuracy of 99.47%, which was higher than other networks, e.g., DenseNet201 

(97.74%) and VGG19 (98.40%). 

 

 

Fig 4.2: Precision Comparison of all the models 

 

Precision - Precision measures the percentage of correct positive cases of all the positive 

prediction cases. This ratio was especially important in the medical setting in order to 

reduce false positives that might cause false diagnoses. ViT once again showed a better 

result with precision of 99.47% and VGG19 (98.42%) and DenseNet201 (97.74%) also 

reported high precision values. 
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Fig 4.3: Recall Comparison of all the models 

 

Recall  - The ratio of correctly categorized positive cases to the true positive cases is the 

recall. Models with high recall are desirable in this study since recall plays a critical role 

in minimizing underreporting of rare conditions. ViT got the highest recall rate of 99.47%, 

then DenseNet201 (97.74%), and VGG19 (98.40%). 

 

 

Fig 4.4: F1-score Comparison of all the models 

 

F1-score - A balanced measure to consider the potential imbalances in classes was the F1-

score which is the harmonic average of the precisions and the recall. ViT was again 

performing better than the other architectures with F1-score of 99.47%, and DenseNet201 

(97.74%) and VGG19 (98.40%) are also showing good results. 



©Daffodil International University 28  

    

   Fig 4.5: Confusion Matrix of VGG19           Fig 4.6: Confusion Matrix of DenseNet201 

 

       

 Fig 4.7: Confusion Matrix of Xception              Fig 4.8: Confusion Matrix of MobileNetV2 

 

Fig 4.9: Confusion Matrix of Vision Transformer 
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Confusion Matrix - the analysis is done to illustrate the cases of misclassification and get 

a sense of the trends in which the models performed poorly, particularly in cases of 

disorders whose MRI manifestations appear similar to each other.  

 

Fig 4.10: Model loss and accuracy of Vision Transformer 

 

 

Fig 4.11: Model loss and accuracy of DenseNet201 

  

 

Fig 4.12: Model loss and accuracy of VGG19                              
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Fig 4.13: Model loss and accuracy of MobileNetV2 

 

 

Fig 4.14: Model loss and accuracy of Xception                             

Eight deep learning models were compared: Vision Transformer (ViT), DenseNet201, 

VGG19, MobileNetV2, Xception, ResNet152, InceptionV3 and EfficientNetB7. Vision 

Transformer (ViT) proved to be more effective with a very high accuracy, precision, recall, 

and F1-score of 99.47% on all measures. This uniformity implied that it was highly 

capable of both (global) contextual and (local) spatial description of MRI scans. 

Table 4.1: Model Performance 

Model Accuracy Precision Recall F1-score 

Xception 0.976864 0.976149 0.976864 0.976877 

MobileNetV2 0.980853 0.980822 0.980853 0.979953 

EfficientNetB7 0.925532 0.926569 0.925532 0.924674 

DenseNet201 0.977394 0.977426 0.977394 0.977359 

VGG19 0.984043 0.984045 0.984043 0.984033 

ResNet152 0.949458 0.949939 0.949468 0.949558 

InceptionV3 0.944149 0.944654 0.944145 0.944137 

Vision Transformer 

(ViT) 

0.994700 0.994700 0.994700 0.994700 

Good results were also achieved with DenseNet201 (97.74%) and VGG19 (98.40%), it 

demonstrates that densely connected and classical CNNs are still quite effective in 
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hierarchical feature extraction. Even MobileNetV2 (98.01%) was competitive, which 

demonstrates its potential to be a lightweight but accurate model that can be deployed in 

a clinical setting with limited computational resources. 

By contrast, Xception (97.61%) and ResNet152 (94.95%) were moderate, and InceptionV3 

(94.41%) and EfficientNetB7 (92.55%) obtained the lowest score, probably because of 

overfitting and sensitivity to the data. Of importance, the confusion matrices revealed 

that most of the misclassifications were between disorders that had similar appearances 

in MRI, such as Pachygyria and Fukuyama Muscular Dystrophy, implying the challenge 

of distinguishing between appearances of similar disorders. 

Altogether, the comparative analysis has validated that the networks based on 

transformers and with a dense connection are the most efficient compared to other CNN 

variants. Direct integration of the accuracy, preciseness, recall, F1-score and confusion 

matrix analysis itself gave a full-scale image of what the model is doing and it was also a 

reliable and clinical-relevant image. These results demonstrate how deep learning can 

help medical experts accurately and confidently diagnose uncommon brain conditions. 

4.3 Results and Discussion 
Experimental observations show clearly that deep learning models are useful to classify 

rare brain disorders based on MRI scans, and the performance varies greatly in different 

architectures. Vision Transformer (ViT) achieved the highest accuracy of 99.47%, which 

defined the superiority of models based on transformers in the encoding of long-range 

connections and small structural changes. Its high generalization and reliability as a 

clinical instrument are expressed by its stable performance on all metrics. 

 

 
 

Fig 4.15: Top Five Deep Learning Models Accuracy 

 

DenseNet201 and VGG19 also competed favorably with CNN-based methods, and had the 

benefit of dense connectivity and deep hierarchical feature extraction. Interestingly, 

MobileNetV2 was a lightweight model with almost state-of-the-art accuracy, implying 

that it can be used in real-time or resource-constrained applications. However, more 
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complex and deeper models, including ResNet152, InceptionV3, and EfficientNetB7, did 

not do as well, presumably because the size of the dataset was relatively small and thus 

they overfitted it. 

It was found in the confusion matrices that most of the misclassifications were between 

disorders that had similar MRI appearances, including Pachygyria and Fukuyama 

Muscular Dystrophy. This brings to fore one of the major problems of medical imaging, 

the intertwining of structural features that even state-of-the-art models cannot 

distinguish. This might need more data, finer images, or a combination of many 

modalities. 

Generally, the discussion confirms that all of the tested models yielded good results, 

although transformer-based and densely connected networks showed the strongest and 

most clinical results. The findings of the work validate the proposed approach in addition 

to showing the importance of the model choice in terms of accuracy, interpretability, and 

implementation in medical practice. 

potential. The results do not only confirm the methodology suggested, but also provide 

new avenues to conduct future studies on how to combine explainability instruments, 

multimodal data types, and practical clinical experiments. 

 

4.4 Summary 
 

The results and implementation of the proposed system were revealed in this chapter. To 

begin with, the environment setup, tools, frameworks, and configurations of model 

training and testing, were described. Then, the topic of the testing and analysis process 

was addressed, which includes the division of the dataset, the evaluation metrics, and the 

relative performance of eight deep learning models. Lastly, the discussion and results 

section interpreted the findings, with Vision Transformer recording the highest accuracy 

and MobileNetV2, VGG19 and DenseNet201 all having a good performance. The 

misclassifications were also primarily seen across disorders that had similar MRI 

characteristics and that high-resolution imaging and strong feature learning are required. 

In general, this chapter validated the use of transformer-based and densely connected 

networks in the classification of rare brain disorders.  
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Chapter 5 
 

Engineering Standards and 

Design Challenges 

 

This chapter outlines the engineering standards, design challenges, and societal impacts 

related to the project. It also covers project management and evaluation considerations, 

along with complex problem mapping and engineering activities. 

 
5.1 Compliance with the Standards 

 

5.1.1 Software Standards 
In the case of software development, Python was chosen because it has a wide 

variety of deep learning libraries (TensorFlow, Keras and PyTorch) that are best 

suited to deploy CNNs and Vision Transformers. MATLAB, C++, and R were 

also considered possibilities and may offer good image processing capabilities, 

but are very costly and less adaptable to deploying deep learning models. C++ is 

fast, and more development time is needed, with fewer high-level deep learning 

libraries. R is suitable in statistical but not in massive image processing and 

deep learning. Rationale: Python strikes the right balance among ease of use, 

performance, community support and data preprocessing and visualization tools, 

therefore, it is the best to use in this project. 

5.1.2 Hardware Standards 

It was a project requiring high-performance NVIDIA GPUs (RTX 3080/3090) and 

32 GB minimum RAM to run high volumes of MRI data and successfully train 

more complex deep learners. Others were CPU-only systems or less-fast GPUs. 

There are also cheaper, but much slower, CPU-only setups, where training deep 

learning models can be time-intensive. Smaller GPUs are cheaper, but might not 

be capable of larger models that cause memory errors such as Vision 

Transformers. Rationale: High-quality GPUs with sufficient RAM ensure 

efficient model training, faster experimentation, and the ability to implement a 

range of architectures and compare them to each other without sacrificing 

reliability and scalability. 

5.1.3 Communication Standards 

To ensure data transfer and communication security, HTTPS was applied along 

with the use of SSL/TLS encryption and AES-256 encrypted storage. Other 

possibilities such as unsecured HTTP, FTP, or plain database storage were 

thought of. Unsecured channels are faster, but highly vulnerable to attacks, 

which is not a fit when dealing with sensitive medical information. FTP uses an 

older encryption which is not up-to-date. Unencrypted database storage can be a 

threat to violating privacy. Reason: Patient data confidentiality, adherence to 
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CISA medical data privacy standards, and safe access to MRI images to be 

analyzed make encrypted communication and storage the safest option to use in 

clinical applications. 
 

5.2 Impact on Society, Environment and Sustainability 

5.2.1 Impact on Life 

Rare neurological diseases like the Fukuyama Muscular Dystrophy, Moyamoya 

Disease, PKAN, and Pachygyria can be detected early by the system. The role of 

automated MRI analysis is also to reduce treatment and patient delays in 

diagnosis and help clinicians make the right choice to improve treatment and 

patient quality of life. 

5.2.2 Impact on Society & Environment 

The system will enhance access to quality diagnostic services within underserved 

areas through the minimization of reliance on specialized radiologists. Deep 

learning pipelines are efficient and consume less energy than the manual 

analysis of large MRI datasets, which helps to maintain our environment. 

5.2.3 Ethical Aspects 

Some of the ethical issues include the privacy of patient information, informed 

consent, and responsible use of AI. Anonymous data, secure storage and 

interpretable AI (e.g., Grad-CAM) keep both clinicians and the medical data 

transparent and trustful, without abusing sensitive medical information. 

5.2.4 Sustainability Plan 

The project is designed in a long-term flexible way, allowing new imaging 

modalities (or improved AI models) to be added, or additional rarer disorders to 

be incorporated. This can ensure continued clinical relevance, feasibility and cost 

effectiveness in transforming medical environments. 
 

5.3 Project Management and Financial Analysis 
 

The project management of the MRI-based multi-classification system involves careful 

planning, allocation of resources, time management, and monitoring to ensure 

milestones are achieved. The main tasks include dataset acquisition, preprocessing and 

augmentation, model development and training, evaluation, and deployment of a demo 

application. Financially, the key budget items are hardware resources (high-performance 

GPUs, memory, storage), software products and licenses (Python libraries, IDEs, image 

processing packages), and potential costs for acquiring additional datasets. Although an 

estimated USD 1500 would be required for a local workstation with GPU acceleration, 

cloud storage, and software, another option is to rely on cloud-based GPU services, which 

lower upfront cost but may increase long-term operating expenses. In our case, the 

project was executed entirely on Kaggle’s free GPU and cloud environment, which 

significantly reduced hardware and software expenses while still ensuring reliable, 

reproducible model training. The justification for this approach is that it provides both 

high-speed experimentation and flexibility without large initial investment. Looking 
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forward, the system can be integrated into hospital diagnostic workflows or research 

laboratories as a cost-effective and automated diagnostic tool to enable early detection of 

rare brain disorders, reduce misdiagnosis, and improve clinical outcomes. 

 

Table 5.1: Estimated Project Costs for MRI-Based Multi-Classification System 

Cost Category Details Estimated 

Cost (USD) 

Notes 

Hardware 

Resources 

High-performance 

GPU, memory, storage 

1,000 For training deep learning 

models efficiently on local 

machine. 

Software & 

Licenses 

Python libraries, IDEs, 

image processing 

packages 

200 Some advanced tools might 

require licenses; most are 

free. 

Dataset 

Acquisition 

Additional datasets if 

needed 

300 Proprietary datasets may 

incur purchase cost; open 

datasets are free. 

Total 

Estimated 

Cost 

Hardware + Software + 

Dataset 

~1,500 Complete local setup for 

MRI-based classification 

project. 
 

5.4 Complex Engineering Problem 

5.4.1 Complex Problem Solving 
 

 

Table 5.2: Mapping with Complex Engineering Problem. 

EP1 

Dept of 

Knowled

ge 

EP2 

Range 

Of 

Conflicting 

Requireme

nts 

EP3 

Depth 

of 

Analys

is 

EP4 

Familiari

ty of 

Issues 

EP5 

Extent 

of 

Applica

ble 

Codes 

EP6 

Extent 

Of Stake- 

holder 

Involveme

nt 

EP7 

Interdepende

nce 

✔ ✔ ✔ ✘ ✔ ✔ ✔ 

 
 

Rationale for each mapping: 

EP1- Depth of Knowledge(✔): The project will have a more accurate idea 

about medicine and imaging and rare disease deep learning architecture. 

EP2- Range of Conflicting Requirements(✔): There are many model 

architecture, data augmentation and interpretability methods that 

produce incompatible design requirements that must be traded off. 

EP3- Depth of Analysis(✔): Accuracy, precision, recall, F1-score and 

attention visualization: The depth of analysis is a complex operation of 

analysis. 

EP4- Familiarity of Issues(✘): Rare brain disorders are not usually a 

subject of research; this means that the project deals with unknown 
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problems. 

EP5- Extent of Applicable Codes(✔):  Applicable medical codes exist to 

standardize MRI reporting, enabling consistent classification of both 

common and rare brain disorders 

EP6- Extent of Stakeholder Involvement(✔): There is informed model 

work based on the clinician work and researcher work in the model design 

and model assessment. 

EP7- Interdependence(✔):  The results of models are determined by 

many aspects, their interdependence with each other: the quality of data, 

the preprocessing, the method of selecting and interpreting architecture. 

 

Mapping with Knowledge Profile 
 

This section is designed to map the overall problem and EP1 (multiple between  
 
K3, K4, K5, K6, K8 for attaining EP1) to the Knowledge Profile. 

 
 

Table 5.3: Mapping with knowledge Profile. 

K1 K2 K3 K4 K5 K6 K7 K8 

Natu

ral 

Scien

ce 

Mathem

atics 

Engineeri

ng 

Fundame

ntals 

Special

ist 

Knowle

dge 

Enginee

ring 

Design 

Enginee

ring 

Practice 

Comprehe

nsion 

Resear

ch 

Literat

ure 

✘ ✔ ✔ ✔ ✔ ✔ ✘ ✔ 

 

Rationale for each mapping: 

K1 - Natural Science (✘): little direct teaching of general natural science concepts; 

emphasis on computational and medical imaging methods instead of the basic sciences.  

 

K2 - Mathematics (✔): should be able to understand how to make sense of algorithms, 

metrics (accuracy, precision, recall, F1-score) and optimization of the model.  

 

K3- Engineering Fundamentals (✔): should create systems, neural networks and 

workflow.  

 

K4 - Specialist Knowledge (✔): It is binding to the knowledge of MRI image 

interpretation, knowledge of rare brain disorders, and knowledge of preprocessing.  

 

K5- Engineering Design (✔): Had to come up with the deep learning pipeline, UI, and 

data flow of multi-class classification.  

 

K6 - Engineering Practice (✔): We use it in the code, in training models, in performance 

evaluation, and in applying Grad-CAM/attention visualization.  

 

K7 - Comprehension (✘): General comprehension is less demanding because the work is 
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extremely technical and domain specific.  

 

K8 - Research Literature (✔): Must have surveyed work of related interest, chosen 

architectures, and reasoned out the methodology and design decisions. 

 

 

5.4.2 Engineering Activities 

In this section, a mapping with engineering activities is provided. For each 

mapping a subsections is also added to put rationale (Table 5.3). 

Mapping with Complex Engineering Activities 
 

This section is designed to map the overall problem and EA’s (multiple). 
 

Table 5.4: Mapping with Complex Engineering Activities. 

EA1 

Range of re- 

sources 

EA2 

Level of 

Interaction 

EA3 

Innovation 

EA4 

Consequences 

for society and 

environment 

EA5 

Familiarity 

 

✔ 
 

 

✔ 
 

✔ 

 

✔ 

 

✘ 

 

Rationale for each mapping: 

EA1 - Range of re- sources (✔): It was constructed based on a resource pool with 

MRI data, computing resources (GPU), deep learning engines (TensorFlow/Keras, 

PyTorch) and literature. 

EA2 - Level of interaction (✔): Intermediated interaction with clinicians, domain 

experts and dataset providers to obtain sufficient labeling and clinical relevance. 

EA3 - Innovation (✔): Transformer based multi-classification (ViT), CNNs and 

attention based interpretability mechanism were quite novel. 

EA4 - Consequences for society and environment (✔): Direct positive effect in 

healthcare and clinical decision making by providing automated and accurate 

diagnosis of rare diseases in the brain. Less environmental damage caused by the 

computational use. 

EA5 - Familiarity (✘): The project addresses the problems that are not well-known 

to me, such as rare brain disorders and classification of transformers as MRI, and 

new solutions to the problem should be developed, as well as new methods should 

be learned. 
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5.5 Summary 
In this chapter, the author provided the engineering requirements, design issues, and 

project management in the design of an MRI-based multi-class classifier of rare brain 

disorders. It put software, hardware, and communication standards in the limelight and 

explained alternative solutions, their advantages, and disadvantages, and the 

arguments behind the choice of particular standards. Another aspect of sustainability 

and responsible implementation of the project addressed in the chapter was the social, 

environmental, and ethical impact of the project. Furthermore, project management, and 

financial analysis were covered, as well as the budgeting consideration and possible 

revenue models. Lastly, understanding the complex engineering issues was mapped to 

knowledge profiles and engineering processes, which provides insight on how the project 

combines technical, analytical, and practical considerations to provide a solid, clinically 

relevant, and socially responsible solution.
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Chapter 6 
 

Conclusion 

 

This chapter presents the overall conclusions of the study, discusses the limitations 

encountered, and outlines potential directions for future work. 

6.1 Summary 
This study was aimed at creating an effective multi-class MRI classification system of 

rare brain diseases, namely Fukuyama Muscular Dystrophy (FCMD), Moyamoya 

Disease with Intraventricular Hemorrhage, Pantothenate Kinase-Associated 

Neurodegeneration (PKAN), and Pachygyria with Cerebellar Hypoplasia. The total 

number of MRI images gathered was 3759, which was preprocessed (resizing, 

normalization, and augmentation of 300 extra images) to bring about the balance 

between the data of Mandalay and 300 extra images. Deep learning architectures 

including Vision Transformer (ViT), DenseNet201, VGG19, MobileNetV2, Xception, 

ResNet152, InceptionV3 and EfficientNetB7 were implemented and tested on 

classification accuracy, where ViT had the highest score of 99.47, closely matched by 

DenseNet201 (99.33) and VGG19 (98.80). Functional and non-functional requirements 

were also included in the study to facilitate reliability, scalability, and clinical 

applicability of the system. 

To provide clinical understanding of the brain, a descriptive methodology was used, 

including data acquisition, pre-processing, model choice, training, testing, and 

interpretability, like the Grad-CAM, to indicate important parts of the brain. 

Transformer-based and densely connected networks became the most suitable networks 

as it can be shown by the comparative analysis with respect to superior performance in 

the complex medical image classification tasks. The methodology, project plan, and task 

distribution were designed so that the systematic development and evaluation could be 

conducted in relation to the challenges of class imbalance, heterogeneous imaging 

modalities, computational limitations, and model generalization. In general, the article 

illustrates how deep learning models can help improve early diagnosis, decrease the 

number of human errors, and assist clinicians with managing rare neurological 

disorders. 

 

6.2 Limitation 

 

Although this study attains high accuracy in multi-class classification of rare cases of 

the brain disorders, it has various limitations. First, the dataset size, though inflated to 

equalize classes, is rather small and the model is not able to generalize to different 

populations or imaging conditions. The MRI images were also limited to one geographic 

area which could lead to scanner or population-based bias. The paper only deals with 

four rare disorders, and it does not discuss most of the other rare neurological disorders. 

The computational demands of more advanced models, especially Vision Transformers 

and DenseNet201 are high and may present difficulties with deployment in a resource-

constrained clinical environment. Also, even though the interpretability method was 

applied through Grad-CAM and other methods, the models nevertheless remain complex 

black boxes that might be less than trustworthy and acceptable by clinicians. Multi-
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modal data integration (e.g. combining MRI with EEG, PET or genetic data) was not 

employed, potentially improving the accuracy of diagnostic results. Lastly, this research 

was concentrated more on disease classification than predicting progression, or 

treatment response or incorporation into a complete clinical decision-support system. 

 

6.3 Future Work 
 

The present study can be developed in several ways in future. By adding more data 

(images of several hospitals, regions, populations) model robustness and generalizability 

would be enhanced. Other rare neurological conditions may be added to develop a more 

inclusive multi-class system of diagnosis. There is also a possibility that the combination 

of different data sources such as multi-modal (EEG, PET scans, genetic profiles and 

clinical reports) will lead to more accurate prediction and provide more diagnostic 

information. More sophisticated model architectures, such as hybrid CNN-transformer 

networks or lightweight transformers, can be used to minimize the amount of 

computation required, but without significantly decreasing accuracy, allowing their 

implementation in real-world clinical settings. The other possible direction of research is 

the further development of model interpretability using the new explainable AI 

techniques, such that clinicians can rely on and interpret model predictions. In addition 

to classification, longitudinal MRI data can be used in future studies to anticipate disease 

progression, severity, and response to treatments. The eventual aim would be to build 

an entirely integrated AI-supported clinical decision-support system that, in addition to 

the accurate diagnosis of rare brain diseases, will facilitate early intervention, treatment 

planning, and patient monitoring and thereby greatly improve patient outcomes and 

healthcare efficiencies.  
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