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Abstract 

 
Globally, the most frequent reasons for disability are brain diseases such multiple sclerosis, 

Brain Tumor, and Alzheimer's disease. In an effort to reduce the progression of the disease and 

improve patient outcomes, early identification is essential. Magnetic resonance imaging (MRI) 

which is a non-invasive imaging method provides important information on anatomical and 

functional alterations in the brain, making it a potentially useful tool for early diagnosis. The 

execution of machine learning (ML) algorithms to MRI data for the early identification of 

neurological illnesses is examined in this thesis. 

The results show that CNN-based models perform better than other strategies in detecting 

early illness signs, yielding notable gains in accuracy when compared to conventional diagnostic 

techniques. The thesis also discusses problems including class imbalance, data heterogeneity, and 

the interpretability of machine learning models, offering solutions. 

This study demonstrates the promise for automated, scalable, and precise diagnostic tools 

to support physicians in the early identification and intervention of neurological illnesses by fusing 

machine learning with MRI data. Expanding datasets, integrating multimodal data, and enhancing 

model generalizability to actual clinical settings will be the main goals of future research. 

 

Keywords: Machine learning, Neurological Diseases, Brain MRI, CNN, Deep Learning.  
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CHAPTER 1 - (INTRODUCTION) 
  

1.1. Neurological Disorders  

 

Neurological health threats rank as a leading global health risk because they generate 

substantial consequences for both human patients and health services worldwide.  AD and PD 

and SZ represent the three leading neurological disorders which manifest through impairments of 

regular brain functioning [1]. The advanced neurological condition destroys brain cells while 

degenerating cognitive functions and memory abilities so patients gradually lose the ability to 

perform basic activities. The cognitive deterioration from the disease ends in dementia. 

Neurodegenerative dementia starts with subtle decline yet continually worsens throughout its 

development course [8]. The three progressive stages of Alzheimer's disease start with extremely 

mild symptoms followed by mild symptoms and then progress to moderate symptoms. Medical 

professionals struggle to reliably diagnose Alzheimer's disease when patients have not reached 

that condition yet. A precise assessment of AD needs both physical and neurological tests 

together with the Mini-Mental State Examination (MMSE) and a detailed medical history. 

Medical professionals have begun utilizing Brain MRI tests to detect Alzheimer's disease among 

patients. The disease affects both cerebral cortex and hippocampus regions of the brain through 

atrophy while expanding ventricular cavities [14]. 

 

1.1.1. Early Detection 

 

To slow the progression of neurological illnesses or, ideally, stop them completely, early 

detection is crucial. Deep learning-based analytical approaches and sophisticated neuroimaging 

techniques as well as positron emission tomography (PET), computed tomography (CT), and 

magnetic resonance imaging (MRI) have been created. Certain resources aid in the early diagnosis 

of particular conditions and aid in the development of successful treatment strategies. 

Scientists have created a number of computer-aided diagnostic methods to accurately 

diagnose diseases. The 1970s to 1990s saw the development of expert systems, and starting in the 

1990s, supervised models [3]. Machine learning (ML) has been successfully used in several 
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disciplines over the past ten years, particularly in image analysis and illness identification [4, 5]. 

Given the favorable outcome of deep learning computer vision algorithms, neuroimaging 

researchers have worked to identify these neurological conditions from MRI scans using deep 

learning-based methods. 

Researchers have achieved important progress in both brain injury evaluation and brain anatomy 

examination through MRI monitoring since the past few years [16]. The medical procedure MRI 

demonstrates its ability to detect neurological conditions according to research [17]. Medical 

professionals use time-series brain MRI segmentation to analyze structural brain modifications at 

different assessment periods. The exact identification and classification of injured tissue together 

with adjacent healthy structures form the basis of proper medical diagnosis. The diagnosis 

requires significant data accumulation to reach sufficient accuracy. An automated segmentation 

method must advance because it delivers reliable and precise results. Recently clinicians have 

used computer-based methods to analyze large datasets for enhancing accurate and high-quality 

medical diagnoses through segmentation and imaging combined with MRI recording. 

 

1.1.2. Selecting the most effective approach 

 

Research findings play a vital role in selecting appropriate methods for specific datasets 

since this field has gained more interest alongside the rising number of MRI scan analysis 

procedures [6]. Recent advancements in mental health research have been driven by the integration 

of big data technologies and machine learning approaches [7]. The majority of methodologies 

utilize manual operations to build and obtain features from MRI data. Using logistic regression 

along with support vector methods enables manual functions to work more efficiently for 

classification purposes [1]. Today's greatest deep learning algorithms successfully process genuine 

world photo compositions. To avoid model overfitting the network demands massive amounts of 

equally distributed training data as recommended through these prototypes [1].  

Measuring changes in brain structures over time involves segmenting MRI images taken 

at different points in time. In addition, accurate identification and localization of abnormal tissues, 

as well as the healthy areas surrounding them, are crucial for accurate diagnosis, surgery planning, 

and postoperative evaluation. Considerable progresses have been made in the growth of classical 
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machine learning methods for segmenting both normal brain tissues and abnormal tissues (such as 

tumors) in MRI images [18].  

 

1.2. Hypothesis  

 

CNNs function as deep learning models that investigate brain MRI images to speed up 

medical identification and precise neurological condition classifications. The model will achieve 

outstanding multi-class diagnostic capabilities which separate between Alzheimer's disease and 

glioma and meningioma along with healthy brain structures and brain cases with no tumors. 

Research shows the model achieves exceptional performance in detecting brain tumors 

since their characteristics are evident on MRI results. Early-stage Alzheimer's disease 

classification poses a major problem because its brain structural changes occur subtly during 

progressive development. Directional diagnosis support with clinical choices in neurological 

disease detection can be achieved when the proposed deep learning model analyzes a broad dataset 

through advanced image processing algorithms. 

 

1.3. Aim and objectives  

 

The main objective of this research is to create and test an AI-based classification tool that 

identifies neurological disorders through brain MRI analysis while focusing on Alzheimer's 

disease and glioma and meningioma diagnosis. Paving the way toward our objective involved 

obtaining a complete dataset from public resources which contained five distinct categories namely 

dementia and glioma, meningioma and dementia-free, tumor-free images. A preprocessing stage 

included resizing and normalization and scaling up of images to enhance training performance in 

the model. Subsequently, a convolutional neural network was developed to automatically analyze 

image features for classification tasks.  Performance evaluation of the model relied on assessing 

accuracy alongside precision and memorability and F1 score. The model's capability to distinguish 

between Alzheimer's disease brain images and healthy brain images became the special focus of 

evaluation since this distinction proves challenging for medical experts. The research investigated 

both the advantages and limitations of this model before proposing strategies to enhance deep 

learning applications in neurological diagnosis. 
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CHAPTER 2 - (MATERIALS AND 

METHODS) 
2.1. An outline of deep learning methodology 

 

The development of machine learning frameworks especially deep learning enables model 

creation to draw features with high dimensions from data collections. Image segmentation 

functions within its own field of image processing to separate graphical content into separate 

meaningful parts. The article in reference 9 explains image segmentation methods through a 

process of semantic element segmentation of pictures. Image-processing within the medical field 

demands localization service to detect postoperative medical abnormalities like tumors and 

specific organs according to [9]. The deep learning methodology goes beyond traditional features 

since these models extract complicated data patterns by themselves through automated learning 

strategies. The processing of big datasets allows these systems to produce outstanding accuracy 

levels and strong generalization abilities during the analysis and segmentation of brain regions in 

MRI brain images. Surveillance operations gain significant worth from the practice of division. 

Machine learning contains deep learning as a subset that allows models to find different 

features automatically at all dataset depths. Multiple-tier neural networks operate in pattern 

recognition tasks that deal with raw input images according to [18]. Standard machine learning 

works with human-generated features during data processing yet deep learning automatically 

discovers multiple complex patterns by learning features automatically. Large datasets enable their 

processing capabilities to reach generalization in their output while maintaining perfect accuracy. 

Image segmentation belongs to the core processing techniques of image processing because 

it transforms images into meaningful sections. The segmentation process allows medical 

practitioners to establish unambiguous contours between essential imaging features such as organs 

as well as tumors and brain regions. The analysis of brain areas in MRI scans reaches higher 

performance levels with deep learning approaches compared to standard tools because they deliver 

superior results in these applications. 
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The combination of abnormality localization and postoperative structure detection 

achieves effective diagnosis planning and postoperative assessment through deep learning models 

[9]. 

 In the context of image processing, one key technique is image segmentation, which 

divides an image into two or more meaningful parts. Segmentation allows for the delineation of 

borders between distinct semantic objects within an image, such as tumors, organs, or brain 

regions, and is particularly important in medical imaging. In this domain, deep learning models 

have showed superior performance in segmenting and analyzing brain regions in MRI scans, 

providing more accurate results compared to traditional methods. 

Additionally, deep learning models have proven effective in applications such as localizing 

abnormalities (e.g., tumors) and identifying structures of interest after surgeries, which are crucial 

for diagnosis, surgical planning, and postoperative assessment [9]. 

 

2.1.1 Convolutional neural network (CNN) 

 

MRI data can be applied to detect neurological problems early thanks in large part to 

Convolutional Neural Networks (CNNs). CNNs are an extremely effective class of deep learning 

models for brain imaging applications because they are made to process and interpret structural 

and spatial patterns in imaging data. Convolutional Neural Networks, sometimes referred to as 

ConvNets, typically take an input image and use biases and learnable weights to discriminate 

between different parts of the image. In at least one of its layers, CNN substitutes a convolution 

process for basic matrix multiplication. Its primary application is in unstructured datasets, such as 

images and videos [6]. CNNs automatically learn hierarchical aspects from MRI data, including 

structural abnormalities, brain volume, and cortical thickness. These traits are suggestive of early 

neurological alterations in conditions like Brain Tumor or Alzheimer's disease. Fully linked layers, 

pooling layers, and convolutional layers make up CNN structures. 

Typically, a feature map is produced by stacking numerous convolutional and pooling 

layers one after the other. The ensuing map is then input into the layer that is entirely connected. 

The convolutional layer applies a filter to the image represented by pixel matrices of a 

predetermined size of n×n. By browsing the complete picture matrix and going over the pixel 

matrices, the filter is applied. Pivot on the kind of filter used, certain aspects of the picture become 
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visible. The subsampling procedure is used to decrease the spatial dimension's size in the pooling 

layer. 

In this sense, combining layers avoids overfitting and also simplifies calculations. The 

maximum merge selects the window's highest pixel, whereas the average merge uses the average 

pixel value of the window. Then the fully connected layer, could be multi-layered perceptrons, 

classifies the data based on the feature map containing the extracted features [12]. 

 

2.1.2. Techniques for pre-processing data 

 

To improve the experimental data's integrity and get them ready for additional statistical 

analysis, the pre-processing stage is crucial. Various MRI scan modalities obtained from various 

sources are prone to a wide variety of noise, such as stirring, median signal strength, and spatial 

affection, which must be eliminated from the data to guarantee accurate interpretation [6]. 

 

2.2.  Determination of neurological conditions 

2.2.1. Alzheimer’s disease 

 

Early identification of AD is becoming more and more dependent on the detection of 

physical alterations in the brain, which supplement clinical evaluations. To quantify the 

degenerative brain alterations associated with Alzheimer's disease, researchers have been focusing 

their efforts on neuroimaging techniques. 

The gradual decline of thinking and behavior and memory functions in Alzheimer's disease 

creates challenges for daily execution of tasks.  The main indicators of AD pathology include tau 

tangles with beta-amyloid plaques because these impair neuronal signaling and result in neuron 

death [21].  The decline in cognitive abilities happens due to these changes that start in the 

hippocampus which is responsible for memory formation before spreading to other brain regions 

[22]. The research indicates that projections for Alzheimer's disease in Americans aged 65 and 

older point to 6.9 million people during 2024 while 73% of these cases will affect individuals over 

75 years old (Fig. 1) [23]. 
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Due to the fact that aging is a major risk factor for developing Alzheimer's dementia, both 

new and current cases of the disease will increase rapidly along with the number and proportion 

of older Americans (Fig.2).  

 It is estimated that by 2060, 13.8 million people aged 65 and over will have Alzheimer's 

dementia unless new treatments are developed to prevent or treat the disease [24].  

 

 
Figure 1. Ages and Numbers of Individuals with Alzheimer's Disease Aged 65 an Over, 2024  
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Figure 2. The estimated number of Americans 65 and older who have Alzheimer's disease, both 

overall and by age, from 2020 to 2060.  

 

Studies indicate that Alzheimer's disease (AD) affects less than half of dementia patients 

because most dementia cases exist as a mixed form. The development of Alzheimer’s disease leads 

to dementia in 60 to 80% of affected patients [25]. The risk of developing dementia-related 

conditions increases by double frequency every 6.3 years starting from an initial rate of 3.9 per 

1,000 individuals aged 60 to 90 years until reaching 104.8 per 1,000 people older than 90 years 

making age the main precocious factor for Alzheimer Disease [26].  

A moderate or severe atrophic change affects the cerebral cortex during Alzheimer's 

disease manifestations while showing most extensive damage in the limbic and multimodal 

associative brain regions.  The brain atrophy shows clear signs in the frontal and temporal lobes 

since it causes gyri reduction and furrows to expand.  During early stages combined with 

intermediate phases of the disease the primary motor area along with the sensory cortex typically 

remain unchanged although structural variations can still occur [27]. 

 According to recent functional and structural imaging studies, atrophy of the posterior 

brain regions, especially the precuneus and posterior cingulate gyrus, also significantly affects 

patients with Alzheimer’s Disease (Fig. 3) [28, 29].  It is becoming increasingly clear that these 

areas are early targets of neurodegeneration in AD.  
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Figure 3. Gross Anatomy of Alzheimer’s Brain [30]. 

Early detection of Alzheimer's disease is crucial for several reasons. First, prompt 

interventions made possible by early diagnosis may benefit patients' quality of life by delaying the 

onset of symptoms. To identify Alzheimer's disease early on, researchers have created and 

improved neuropsychological assessments, neuroimaging methods, blood and cerebrospinal fluid 

biomarkers, and even artificial intelligence tools. 

The authors [13] in their study, they develop a learning algorithm that can distinguish 

between healthy and sick brains using MRI scans as input. They looked at a subclass of deep 

artificial neural networks, more especially a convolutional neural network and sparse autoencoder 

combination. The primary invention of the technique is the use of 3D convolutions on the entire 

MRI picture, which in our tests performs better than 2D convolutions on slices. They presented 

the classification findings from three binary classifiers (AD vs. HC, AD vs. MCI, and MCI vs. 

HC) and a three-way classifier (HC vs. AD vs. MCI). 
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According to recent studies Yigit and Isik (2020), They employed T1-weighted MR image 

samples in their investigation to differentiate between people in good health, Alzheimer's disease 

patients, and people with mild cognitive disablement. While the other set of MR data was utilized 

for testing, the first set was used for training. MR slices were chosen in three dimensions and then 

downsized to two dimensions after the image data was obtained. A strategy for data augmentation 

was used because the quantity of images for various projections was not equal. 

A few preprocessing techniques were used prior to the photographs being used as model 

input. CNN models were developed with varying numbers of layers and used to categorize the 

various forms of Alzheimer's disease. Performance was evaluated using the suggested model's 

diagnostic power. 

 

2.2.2. Glioma 

  

The significant morbidity and death rate of brain tumors is a result of their location and 

frequently locally invasive growth.  Metastases from malignancies outside the central nervous 

system, which are five to ten times more prevalent than original brain tumors, account for the 

majority of neoplastic brain lesions [31]. The two most prevalent forms of primary brain tumors 

are gliomas and meningiomas (Fig. 4) [32, 33]. Gliomas account for almost 30% of all primary 

brain tumors and are responsible for approximately 80% of deaths associated with malignant 

brain tumors. Histologically, this diverse group of tumors is classified based on their 

morphological similarity to the types of neuroglial cells present in the normal brain, including 

astrocytomas, oligodendrogliomas, mixed oligoastrocytic gliomas, and ependymomas. It is 

generally believed that these tumors originate from neuroglial stem cells or progenitor cells. 

 



21 
 

 

  
Figure 4. Patterns of distribution of primary tumors of the brain and central nervous system by 

relative frequency. 

 

Health statistics show that primary brain tumors affected 21.4 patients per 100,000 during 2007 to 

2011 in the United States and gliomas occurred in 6.6 persons per 100,000 while glioblastomas 

made up about half of this group [33]. The occurrence of pilocytic astrocytomas stood at 0.34 

whereas diffuse astrocytomas displayed a count of 0.55 and oligodendroglial tumors recorded 0.36 

and ependymomas noted 0.42 cases per 100,000 population (Fig. 5).  Medical experts cannot 

determine the origin of low glioma occurrence in Japan since its numbers remain below half those 

in the United States and Northern Europe. The occurrence of gliomas rises as individuals grow 

older yet glioblastoma cases demonstrate the highest increase rate. Data shows that gliomas affect 

0.15 children and 0.41 young people initially and eventually reach 13.1 individuals per 100,000 

population in the 65-75 years age group until they reach 15.0 per 100,000 population in the age 

group of 75-84 years (Fig. 2). Research has not established the biological elements responsible for 

raising the likelihood of glioma growth among aging populations.  The unexplained growth in 
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brain tumor prevalence remains unclear because population changes and more extensive diagnostic 

testing practices fail to account for the observation.   

 
Figure 5. Age-related incidence rates of primary tumors of the brain and central nervous system 

(CNS), depending on the histology of the tumor and different age groups. 

 

Gliomas are basically single-cell genetic disorders, just like the majority of other tumors.  

The clinical characteristics of brain tumors are shaped by certain patterns of genetic changes, 

which are also being utilized more and more for diagnostic and categorization reasons (Fig. 6). 
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Figure 6. The figure shows the key genetic and epigenetic modifications usually associated with 

different types of gliomas, highlighting the molecular characteristics that distinguish them. 

  

Three different brain tumors (pilocytic astrocytoma, pleomorphic xanthoastrocytoma, 

subependymal giant cell astrocytoma (SEGA)) comprise the majority of this group. These tumors 

occur in young children or adults and grow gradually while keeping a defined border. Patients 

diagnosed with neurofibromatosis type 1 (NF1) experience higher risk levels for pilocytic 

astrocytoma tumors because of probable NF1 gene mutations. Neurofibromin exists as a protein 

that comes from this gene. The protein functions as a key tumor suppressor to manage the mitogen-

activated protein kinase (MAPK) signaling pathway [36]. Among the most significant identified 

genetic changes were shortened duplications and oncogenic fusions involving BRAF or RAF1 

genes, both of which encode serine/threonine protein kinases. It was found that these changes, 

along with activating point mutations of BRAF V600E and mutations in the KRAS gene, 

sometimes affecting areas beyond the typical codons 12, 13 and 61, stimulate tumor development. 

In addition, recurrent genius mutations in the MARK signaling pathway, in addition to NF1 

mutations, are usually observed in sporadic cases of pilocytic astrocytoma. It is important to note 

that new generation sequencing studies have shown that pilocytic astrocytoma is largely caused 

by changes within a single molecular pathway, while frequent mutations not detected outside this 
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pathway are not observed even in previously unexplained cases of tumors [37, 38,39,50]. There 

are several therapeutic implications and uses for the quickly developing knowledge of the 

molecular subtypes of gliomas (Table 1).  Clinical trial design, pathologic testing needs, diagnostic 

imaging, and targeted glioma therapy are some of these uses. 

  

Table 1. Emerging targeted therapies for glioma subtypes. 
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Through noninvasive imaging, the elevated levels of 2HG in IDH-mutated gliomas can be 

utilized as a biomarker. Numerous studies have demonstrated that magnetic resonance 

spectroscopy can identify high 2HG levels, and it may eventually be able to accurately determine 

if a tumor has an IDH mutation without requiring a biopsy [41, 42]. By determining the IDH 

mutation status of a suspected glioma before surgery, this innovative method may help 

neurosurgeons plan for the appropriate degree of resection. According to a recent retrospective 

analysis, the predictive connections of the extent of glioma resection of enhancing and non-

enhancing sections differed significantly depending on the presence of an IDH mutation. Extensive 

resection of a non-increasing tumor volume significantly affected survival outcomes only in 

patients with gliomas with the IDH mutation. On the contrary, the volume of resection of the 

increasing tumor component was more closely associated with improved prognosis in cases of 

wild-type IDH gliomas [43]. 

Using machine learning systems, we identify patterns in vast datasets that make it 

impossible for humans to detect and generate predictions based on the data. Progressive technical 

collaborations between imaging research and computer science experts have elevated interest in 

using machine learning for medical image analysis particularly through radiomics analysis of 

primary brain tumors [44, 45].  The development of tumor genomic approaches and emerging 

personalized therapies will increase our benefits from machine learning technologies in brain 

tumor picture analysis despite high-grade glioma remaining a dangerous aggressive cancer.  A 

rising number of scientific investigations implement machine learning alongside deep learning 

for brain tumor analysis during these recent years (Fig. 7). 

 
Figure 7. The graph illustrates the increasing trend in the number of publications found in 

PubMed each year, indicating a growing interest and research activity in the application of 
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machine learning and deep learning methods for the treatment of brain tumors and gliomas since 

2011. 

 

Glioma quantitative analysis must be simple, quick, and accurate in order to better inform 

clinical judgments about available treatments.  Medical protocols for treatment primarily depend 

on bidirectional single-plane orthogonal measurements according to the criteria for assessing 

response in neuro-oncology (RANO) [46]. Large clinical trials and other major research projects 

depend on these coarse measurements of geometry.  Three-dimensional volumetric assessment of 

the enlarging tumor and the surrounding peritumoral edema is expected to significantly improve 

treatment planning and assessment of tumor progression over time [47]. Because manual 3D 

segmentation techniques are laborious, subjective, and time-consuming, they have not become 

widely used [48]. Semiautomated and automatic glioma segmentation techniques are becoming 

more and more popular as a result of improvements in algorithm development and computer power 

(Fig. 8) [49]. 

 

Figure 8. A 59-year-old male patient diagnosed with wild-type IDH glioblastoma was examined 

using semi-automatic brain tumor segmentation techniques. (A) The fused segmented image 

illustrates the various components of the tumor, including the enlarging area (red), the necrotic 

nucleus (green), the non-enlarging tumor (light blue), and the surrounding edema (dark blue). 

The segmentation software successfully identified and outlined the enlarging area (indicated by 
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the arrow) separately from the main enlarging tumor nucleus; However, such segmentation 

processes remain time-consuming and require significant manual effort. (B) In addition, MRI 

images with T1-weighing, (C) FLAIR, and (D) T2-weighing with increased contrast, processed 

by cranial autopsy methods using commercially available software, are presented. 

 

Work in this field has shifted to machine learning techniques throughout the last ten years.  

Brain tumor segmentation can be viewed as a voxel-level classification challenge from a machine 

learning standpoint, determining whether a particular voxel is part of the glioma, edema, or normal 

brain classes.  These techniques fall into two major categories: deep learning with convolutional 

neural networks (CNNs), which has dominated the field in recent years and outperformed classic 

machine learning techniques [50, 51, 52] and hand-engineered features and classifier methods 

based on classic machine learning, such as support vector machines (SVM) and random forests 

[53, 54]. 

 

2.2.3. Meningioma  

 

Meningioma makes for 37.6% of all malignancies of the central nervous system and is the 

most prevalent primary intracranial tumor [55]. About 20% of all meningiomas are high-grade 

(WHO grade II–III) meningiomas, which are linked to a worse prognosis and a greater recurrence 

rate. The prognosis for meningiomas is not always good, even though the majority of them are 

benign (WHO Grade I). One histological indicator that is often associated with tumor progression 

is the Ki-67 index, whose high expression usually denotes unchecked and rapid cell proliferation 

[4]. According to mounting data, a high Ki-67 index is a direct predictor of prognosis and is linked 

to a higher likelihood of recurrence after surgical resection. Predicting meningioma patients' grade 

noninvasively and reducing the amount of time they need to be monitored before surgery are 

crucial [56, 57, 58]. 

Two experienced radiologists, each with more than five years of experience in image 

interpretation, carefully analyzed eight key radiological characteristics. These signs included 

peritumoral edema, the presence of cerebrospinal fluid (CSF) around the tumor, capsule 

enlargement, heterogeneous structures of enlargement, intracellular necrosis, spread to the phallus 

or tentorium, the presence of a dura mater tail, and signs of invasion of surrounding tissues. To 
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find clinical and radiological characteristics that were substantially connected with various grades, 

Ki-67, and their combination groups, univariate and multivariate analyses were conducted. For 

clinical and radiological characteristics, both univariate and multivariate analyses were deemed 

statistically significant if the P value was less than 0.05. To construct the CRR model, features that 

demonstrated statistical significance in both univariate and multivariate studies were chosen. Two 

case examples are displayed in Figure 9 [59]. 

 

 
Figure 9. Two illustrative examples are presented. (a–b) In a patient diagnosed with grade I 

meningioma according to the WHO classification, the Ki-67 proliferation index is 5-10%. (a) 

MRI images include T1-weighted, T2-weighted, and contrast-enhanced T1 sequences. (b–c) The 

corresponding pathological sections and the results of immunohistochemical staining are shown. 

(d–f) In another case, we were talking about a patient with grade II meningioma according to the 

WHO classification, whose Ki-67 index was 2-3%. (d) the MRI sequences (T1WI, T2WI and 

T1CE) are displayed, as well as (e–f) the corresponding histopathological and 

immunohistochemical data. 

 

AutoRadiomics, created by Woznicki et al., is the source of the radiomics machine learning 

pipeline utilized in this investigation (Fig. 10). In addition to their work, bootstrapping methods, 

deep learning feature extraction, and other optimizations were applied [60]. 
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Figure 10. An overview of the workflow in the field of radiomics and machine learning, 

illustrating the key steps, starting with data collection and then data preparation, image 

preprocessing, feature extraction and model development. In addition, the pipeline may include 
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feature extraction methods based on deep learning. The return on investment relates to the region 

of interest. 

PyRadiomics version 3.1.0, which included picture preprocessing before extraction, was 

used to extract handcrafted radiomics [61]. This required scaling with a factor of 500 after 

standardizing to a mean of 0 and a standard deviation of 1. After cropping the images to the ROI, 

they were resampled using linear interpolation to achieve consistent pixel spacing [62]. Histogram-

based features were calculated using a voxel array shift of 1000 and a bin width of 25, which were 

empirically determined to guarantee firstorder_ For all photos, the range split by bin width falls 

between 16 and 128 bins. With feature_extraction_config.yaml supplied in Supplementary Data 

S1, all other parameters in PyRadiomics stayed at their default settings. The distinctions between 

PyRadiomics and the Image Biomarker Standardization Initiative are described in Supplementary 

Data S2. We ended each feature name with the name of the imaging modality. A total of 5185 

handmade radiomic features were produced by utilizing all accessible features, with 1037 

characteristics per picture modality. The extracted objects included 19 first-order statistical 

objects, 14 shape-related objects, and various textural objects obtained from several matrices, such 

as the gray-level match matrix (GLCM, n = 24), the gray-level run length matrix (GLRLM, n = 

16), and the zone size matrix. at the gray level (GLSZM, n = 16), the gray level dependence matrix 

(GLDM, n = 14) and the neighboring gray difference matrix (NGTDM, n = 5). In addition, three 

types of image filters were applied — initial, wavelet, and Gaussian Laplace (LoG) — using sigma 

values of 3.0 and 5.0 to further improve feature extraction [63]. 

 

2.3. Suggested Approach  

 

In this study, axial slices of MRI images were used as input data for the classification 

process. These MRI slices were introduced into a neural network model that was responsible for 

both feature extraction and classification tasks, as shown in Figure 11 [64]. In essence, the 

classifier is a CNN model that assigns the image to one of two categories: Demented or 

NonDemented. For the classifier CNN block, a pre-trained ResNet-101 model has been utilized.  
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Figure 11. The suggested technique for classifying Alzheimer's disease from slices of brain MRI 

images is shown in a block diagram [64] 

 
Figure 12. MRI imaging of a healthy-nondemented brain: basic structural features used for 

comparison and training in deep learning models for detecting Alzheimer's disease. 

 

A series of MRI images of the brain belonging to the "Healthy" class, as well as the 

corresponding predictions of the model (Fig. 12). In all five cases shown, the model successfully 

identified the images as "Healthy", demonstrating its ability to correctly classify healthy brain 

structures. 

The images demonstrate typical characteristics of a healthy brain, such as well-defined 

cortical boundaries, normal ventricular size, and the absence of abnormal structural changes or 

lesions. These features were effectively studied by the deep learning model during training, 

which allowed it to distinguish images of people who do not suffer from insanity from images 

affected by Alzheimer's disease or other neurological disorders. 
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The correct predictions in these examples highlight the model's power in recognizing the 

structural features of a healthy brain and minimizing false positives in classification tasks using 

MRI. 

 

 
Figure 13. MRI-based visualization of Alzheimer's disease progression: Brain structural changes 

used to detect deep learning and classify the stages of dementia. 

 

A collection of MRI brain scans from the dementia class (Alzheimer's disease), as well as 

model predictions that correlate with the images (Fig. 13). The algorithm was able to identify 

anatomical brain changes often associated with Alzheimer's disease, accurately classifying the 

photos as related to dementia in each of the five presented examples.  These MRI scans show 

typical symptoms of dementia, including ventricular enlargement, critical thinking, and marked 

brain atrophy.  The cause of these changes is the progressive loss of brain tissue, which is the 

main sign of Alzheimer's disease.  The model successfully identified these minor but important 

visual changes in the MRI images. 

 

 
Figure 14. MRI imaging of glioma tumors: Structural abnormalities for the detection, 

segmentation, and classification of brain tumors based on deep learning.  

 

A set of MRI images of the brain from the glioma class, demonstrating examples when 

the deep learning model correctly classified the images (Fig. 14). In all five cases, the true signs 
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and predictions of the model coincided with glioma, which indicates the high accuracy of the 

model in detecting this type of brain tumor. Glioma tumors are typically characterized by 

irregular shapes, varying intensity, and visible mass effects in the brain structure, all of which are 

visible in the displayed images. The model was able to successfully recognize these features on 

different MRI slices and in different orientations (axial, sagittal, and coronary views). 

These results confirm the effectiveness of the model in studying glioma-specific patterns 

and its ability to accurately distinguish glioma from other brain diseases, minimizing false 

negative results and ensuring reliability in tumor detection tasks. 

 

 

 
Figure 15. Visualization of MRI images for a class of meningiomas with model predictions. 

 

Figure 15 shows a set of brain MRI images from a test dataset illustrating examples from 

the meningioma class, as well as the corresponding predictions generated using the proposed 

model. The first, second, third and fifth images were successfully identified by the model as a 

meningioma, which indicates its ability to recognize typical signs of a tumor, such as irregular 

borders, differences in intensity and specific localization of the tumor in the brain structure. 

However, the fourth image demonstrates a case of misclassification, when the model incorrectly 

identified a meningioma tumor as non-cancerous. This error can be explained by the low contrast 

or fuzzy boundaries of the tumor area, which makes it visually resemble healthy brain tissue and 

thus contributes to incorrect prediction of the model. 
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Figure 16. Visualization of MRI images for a tumor-free classroom with model predictions. 

 

A series of MRI scans of the brain from the "Tumor-free" class, demonstrating cases 

where the proposed deep learning model correctly determined the absence of tumors (Fig. 16). In 

all five examples presented, the main sign of the model's truth and prediction coincide - there are 

no tumors, which indicates the high reliability and accuracy of the model in recognizing healthy 

brain structures. MRI scan demonstrates the normal anatomy of the brain without any noticeable 

structural abnormalities or formations. The model successfully recognized these features, 

confirming its ability to distinguish healthy brain tissue from pathological changes usually 

associated with brain tumors or neurological disorders. 

These results highlight the effectiveness of the model in detecting malignant brain tumors 

and minimizing false positive predictions, which is important to ensure reliability in clinical 

settings. 

 

2.4. Accessible Datasets 

 

Brain tissue types (CSF, GM, and WM) and AD patients are classified using the data 

evaluation framework of three-dimension (3D) cross-sectional brain MRI. In this sresearch, a total 

of 9,607 MRI images were utilized for model training and evaluation (Table 2). The dataset 

included four distinct classes: Demented (2560 images), Glioma (1321 images), Meningioma 

(1571 images) and Non-Demented (Healthy) (2560 images), and No Tumor (1595 images). These 

MRI scans were essential for developing and validating the deep learning-based classification 

model aimed at detecting and differentiating between Alzheimer’s disease, brain tumors, and 

healthy brain conditions.  

Table 2. Distribution of MRI Pictures of the Brain Used to Train and Assess Models. 

Class Number of Images  Description  

Demented  2560 MRI scans of patients diagnosed 

with Alzheimer’s disease 

Glioma 1321 MRI scans showing glioma-type 
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brain tumors 

Meningioma 1571 MRI scans containing meningioma-

type tumors 

Non-Demented (Healthy)  2560 MRI scans of healthy individuals 

(control group) 

No Tumor 1595 Tumor-free MRI scans, including 

non-demented brains from the 

Br35H dataset 

Total  9607  

 

2.4.1. Dataset for Alzheimer’s Disease  

 

Google Colab is used to conduct the experiment.  During the training, a hardware 

accelerator on the GPU is used.  The Kaggle AD dataset contains 1,279 test samples for testing 

and 5,121 training data samples.  The samples were divided into four categories: Dementia There 

are three types of dementia: very mild, moderate and moderate [64].  

As part of a Kaggle competition, 6400 magnetic resonance images were gathered and made 

public. Depending on the degree of neurological degeneration, MR images are classified as non-

demented, very slightly demented, mildly demented, and moderately demented. Nonetheless, three 

components of the demented group were broadly categorized as demented in this analysis. A non-

overlapping train set and a test set are created from the entire dataset. There are 1279 photos in the 

test set and 5121 images in the training set. Certain classes, such as those with moderate dementia, 

are underrepresented. During training, data augmentation is employed to equalize the class 

variability [65]. 

 

2.4.2. Dataset for Brain Tumor 
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Figshare, SARTAJ, and Br35H are three publically available datasets that were combined 

to create the dataset utilized in this study for training and assessing the deep learning model. The 

7,023 brain MRI scans in the integrated dataset are divided into four different classes: pituitary 

tumor, meningioma, glioma, and no tumor (healthy brain) [66]. 

The Br35H dataset, which offers a complete collection of normal brain MRI scans, is 

noteworthy for having the only images that correspond to the no tumor class [66]. These datasets 

were combined to guarantee a balanced and varied depiction of brain states, which improved the 

suggested deep learning model's resilience for tasks involving the detection and classification of 

brain tumors. 
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Chapter 3 – (RESULTS AND 

DISCUSSION) 

3.1. Overall Model Performance 

Once the model was trained, its performance was tested on unseen data. The results 

showed that the model performed quite well, achieving a test accuracy of 89.52%.  

Table 3. The detailed performance metrics. 

Test accuracy Test Loss Precision Recall F1-Score 

89.52% 0.4581 92.28% 92.16% 92.17% 

 

These outcomes indicate that the model was capable of correctly classifying most images 

and adapting well to new data, particularly for tumor detection tasks. 

3.1.1. Class-Wise Performance 

Table 4. Detailed breakdown of the model’s performance for each class. 

Class Precision Recall F1-Score Support 

Demented 0.85 0.78 0.81 639 

Glioma 0.99 0.99 0.99 300 

Meningioma 0.99 0.98 0.99 306 

Non-Demented 0.80 0.86 0.83 639 

No Tumor 0.99 1.00 0.99 405 
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The model showed excellent accuracy for tumor classes, while performance for 

Alzheimer’s disease detection was slightly lower, which is expected due to the subtle nature of 

changes in dementia patients' MRI scans. 

3.1.2. Confusion Matrix Analysis 

Figure 17 shows the confusion matrix generated during testing. This matrix visualizes 

how well the model was able to correctly classify each class, while also highlighting the main 

errors. 

 
Figure 17. The proposed deep learning model's confusion matrix on the test dataset. 

Key findings include: 

● Non-Demented: 548 correct predictions 

● Demented: 500 correct predictions 

● No Tumor: 404 correct predictions 

● Meningioma: 300 correct predictions 

● Glioma: 297 correct predictions 



39 
 

 

The majority of errors were found between Demented and Non-Demented classes: 

● 139 Demented images misclassified as Non-Demented 

● 91 Non-Demented images misclassified as Demented 

 

Figure 18. Confusion Matrix for the Test Set in Alzheimer’s Disease Classification 

 This visualization explains how well the deep learning model performed on the testing 

dataset on classifying Alzheimer’s disease into three groups, namely: Mild Demented, Very Mild 

Demented, and Non-Demented classes (Fig. 18). The diagonal figures tell how many instances 

were correctly predicted in each class. Off-diagonal values show misclassifications, i.e., places 

where the model wrongly classified a sample to a different class. 

The model‘s correct classification of 401 cases as Very Mild Demented indicated it is 

effective when detecting early stage dementia. On the other hand, a significant number of Non-

Demented patients (138) were mislabeled as Very Mild Demented, which may reflect some 
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overfitting or uneven distribution of classes. Detection for Mild Demented cases was not as 

exact, 17 cases were correctly classified, but 82 of the cases were mislabeled as Very Mild 

Demented. 

 

Figure 19. Confusion Matrix for Brain Tumor Classification on Test Set 

Here, we examine a deep learning model’s ability to classify brain MRI images into the four 

mutually exclusive classes: 

• Glioma 

• Meningioma 

• No Tumor 

• Pituitary Tumor 

The model reports excellent accuracy in all four categories with an ideal classification for the No 

Tumor category (Fig. 19). The model provides some misclassification on a few glioma and 

pituitary, MRI imaging could explain some of these overlaps. Meningiomas and pituitary tumors 
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were the classes the model most frequently confused, probably due to vague borders of the 

tumors or overlapping patterns of intensity on MRI scans. 

3.2. Visual Interpretation of Model Accuracy 

 
Figure 20. Per-Class Accuracy of the Proposed Deep Learning Model. 

The per-class accuracy chart shows the highest performance in detecting Glioma (99%), 

Meningioma (98%), and No Tumor (100%). Non-Demented images were classified with an 

accuracy of 86%, while Demented images showed the lowest accuracy at 78% (Fig. 20). 
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Fig 21. Distribution of Correct vs Misclassified Predictions for Each Class.  

Figure 21 demonstrates the number of correct and incorrect predictions per class. The 

majority of misclassifications happened in distinguishing Demented from Non-Demented 

images, which reflects the challenge of identifying early-stage Alzheimer's disease through MRI 

scans. 

3.3. Observed Limitations 

Although the model demonstrated strong overall performance, several limitations were 

observed during the study: 

● Difficulty in differentiating Alzheimer’s disease from healthy brains due to subtle visual 

differences. 

● Class imbalance, particularly between tumor and non-tumor images. 

● Variability in image quality and acquisition settings from multiple open-source datasets. 

● Absence of clinical information such as age, gender, and medical history, which could 

have enhanced model interpretation. 
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3.4. Summary of Key Findings 

The proposed deep learning model showed promising results in classifying brain MRI 

images across five distinct categories. It achieved outstanding accuracy for tumor detection and 

reasonable accuracy for Alzheimer’s disease classification. The results demonstrate the potential 

of using deep learning techniques to support radiologists in the early diagnosis of neurological 

disorders, although further improvement is necessary for dementia-related classifications. 
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CHAPTER 4 - (CONCLUSION) 
Conclusion 

A deep learning-based classification model for the early detection and differentiation of 

neurological diseases was effectively created and evaluated using MRI brain scans.  The main 

objectives of the study were to classify healthy brain conditions and identify malignant brain 

tumors, including gliomas and meningiomas, as well as Alzheimer's disease. 

 To train the model, 9607 MRI scans were used, which were divided into five classes: 

Dementia (Alzheimer's disease), glioma, meningioma, incapacitated (healthy) and without tumors.  

Without the need to develop human characteristics, the model was able to automatically extract 

and study key characteristics from MRI scan results using convolutional neural networks (CNNs). 

The experimental results showed that the proposed model performed well in classification 

with an overall accuracy of 89.52%. When it came to identifying brain tumors, in particular 

gliomas, meningiomas, and non-tumor conditions, the model demonstrated exceptional accuracy 

and responsiveness.  However, due to the fact that dementia at an early stage and healthy brain 

structures differ slightly, it was more difficult to classify Alzheimer's disease.  According to the 

Confusion Matrix study, mentally retarded and incapacitated people were most often misclassified. 

Despite these obstacles, the proposed model has demonstrated encouraging potential for 

use as an additional tool in medical diagnostics.  It can help practitioners make clinical decisions 

by automatically and efficiently classifying various neurological diseases based on MRI scan 

results, allowing for earlier intervention and therapy planning. 

However, the study also has some drawbacks, such as an imbalance of dataset classes, 

differences in image quality, and a lack of clinical data on specific patients such as age, gender, or 

disease stage.  By using multimodal imaging data, including larger and more balanced datasets, 

and exploring advanced deep learning approaches to better classify neurodegenerative diseases, 

future research may aim to overcome these limitations. 

 With all of the above in mind, this study advances the expanding field of artificial 

intelligence applications in medical imaging and shows how deep learning can help in the early 

detection of neurological diseases. 
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APPENDICES 

The following appendix contains the techniques and fundamental programming elements 

which enabled MRI classification through deep learning methods in this research. Authors have 

published the program source codes along with complete documentation in their supplementary 

materials that accompany this thesis. 

 

1. Overview 

The classification pipeline utilized PyTorch together with EfficientNet-B2 for its development. 

The system follows a data-preprocessing phase and a training process using 5-fold cross-validation 

that is followed by an inference stage. The automatic script analyzes five types of medical images 

which include Demented, NonDemented, Glioma, Meningioma and NoTumor.  

 

2. Folder Structure 

Dataset/ 

├── train/ 

│   ├── Demented/ 

│   ├── NonDemented/ 

│   ├── Glioma/ 

│   ├── Meningioma/ 

│   └── NoTumor/ 

└── test/ 

    ├── Demented/ 

    ├── NonDemented/ 

    ├── Glioma/ 

    ├── Meningioma/ 

    └── NoTumor/ 

 

3. Key Scripts and Functions  

MRIDataset – Custom PyTorch Dataset class 
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get_efficientnet_b2() – Loads the modified EfficientNet-B2 model 

 

train_one_epoch() and validate_one_epoch() – Training and validation loops 

 

run_kfold() – Performs 5-fold cross-validation 

 

inference() – Performs inference on the test set 

 

4. Example Hyperparameters 

NUM_CLASSES = 5 

NUM_EPOCHS = 15 

BATCH_SIZE = 16 

K_FOLDS = 5 

LR = 0.0005 

 

5. Sample Training Command 

python classification.py 

 

6. Sample Inference Command 

python inference.py 

 

7. Source Code Location 

All code files are provided in the digital supplementary materials as a .zip package titled: 

"MRI_Classification_Code_Package.zip" 

 


