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1. Introduction 

Brain tumors, though relatively rare, present significant 

diagnostic challenges due to their diverse histological types and 

overlapping clinical manifestations. In the United States, the 

annual incidence rate of all brain tumors is approximately 7 per 

100,000 population, with about 4,400 new cases diagnosed 

each year [1]. Despite their lower prevalence compared to other 

cancers, brain tumors are the most common solid tumors in 

children and the eighth most common in individuals of working 

age, underscoring their substantial impact on public health. 

The diagnostic process for brain tumors traditionally relies 

on imaging modalities such as Magnetic Resonance Imaging 

(MRI) and Computed Tomography (CT), complemented by 

histopathological examination. However, these methods are 

not without limitations. Imaging techniques may struggle to 

differentiate between tumor types or grades, and biopsy 

procedures carry inherent risks and may not always be feasible. 

Consequently, there is a pressing need for more accurate, non-

invasive diagnostic tools to enhance early detection and 

treatment planning [2]. 

In recent years, artificial intelligence (AI) has emerged as a 

transformative force in medical diagnostics. AI algorithms, 

particularly those employing deep learning, have demonstrated 

remarkable proficiency in analyzing complex medical data, 

including imaging studies. In the context of brain tumor 

diagnosis, AI models have shown promise in automating image 

analysis, improving diagnostic accuracy, and assisting in tumor 

classification. For instance, AI-driven diagnostics are 

democratizing healthcare by making early and accurate 

diagnoses more accessible, especially in regions with limited 

access to specialized medical professionals[3]. The integration 

of AI into diagnostic workflows holds the potential to address 

existing challenges, offering more precise and timely 

diagnoses, thereby improving patient outcomes. 

1.1 Current Challenges  

Traditional diagnostic methods for brain tumors face 

several significant challenges that impact their effectiveness 
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and reliability. Firstly, the invasive nature of biopsies, which 

are often required for definitive diagnosis, poses risks such as 

infection, bleeding, and other complications associated with 

surgical procedures. Additionally, the histopathological 

examination, while being the gold standard, requires highly 

specialized expertise and can be subject to inter-observer 

variability, which may lead to inconsistencies in diagnosis [4]. 

Furthermore, imaging techniques like MRI and CT scans, 

although non-invasive, rely heavily on the subjective 

interpretation of radiologists. This subjective element can lead 

to variability in diagnoses, impacting treatment decisions. 

Advanced imaging technologies, while improving, still face 

limitations in distinguishing between tumor types and grades 

with absolute certainty [5]. For example, the specificity of 

certain imaging signs, such as the T2/FLAIR mismatch in 

gliomas, is highly contingent upon strict adherence to imaging 

protocols, and even then, these signs are not universally 

applicable across all patient populations. Moreover, while 

molecular imaging techniques such as PET scans using specific 

tracers have shown promise in improving diagnostic accuracy, 

they are not yet widely available and can be costly. These 

techniques also face challenges in predicting molecular 

characteristics of tumors, which are increasingly important for 

targeted therapies. Overall, while traditional methods form the 

backbone of brain tumor diagnosis, their limitations underscore 

the need for advancements in diagnostic technologies that can 

provide more accurate, consistent, and less invasive diagnostic 

options. 

1.2 Potential of AI 

The advent of Artificial Intelligence (AI) and Machine 

Learning (ML) heralds a transformative era for the diagnosis of 

brain tumors, promising significant enhancements in accuracy, 

efficiency, and non-invasiveness. AI technologies leverage 

complex algorithms and vast datasets to analyze medical 

images with a level of precision and speed unattainable by 

human experts alone. This capability is pivotal in identifying 

subtle patterns in imaging data that might elude even seasoned 

radiologists, thereby facilitating earlier and more accurate 

diagnoses [4][5]. 

AI and ML are particularly adept at integrating diverse data 

types, including imaging, genetic, and clinical data, to provide 

a comprehensive diagnostic insight that is grounded in a 

holistic view of the patient's condition. This integration enables 

personalized medicine approaches, tailoring treatments to the 

genetic and molecular profiles of individual tumors, which can 

improve outcomes and reduce unnecessary treatments. 

Moreover, AI systems continuously improve over time 

through learning algorithms that adapt based on new data, 

which means that diagnostic accuracy and reliability are 

expected to increase as these systems are further trained. The 

potential for AI to reduce diagnostic errors and to standardize 

brain tumor classification across healthcare settings is 

profound, offering a path toward more democratized and 

equitable healthcare solutions globally. 

In summary, AI and ML not only enhance the capabilities 

of traditional diagnostic tools but also offer new methodologies 

that revolutionize how brain tumors are diagnosed and treated, 

ultimately aiming to improve patient outcomes and streamline 

healthcare processes. 

1.3 Objectives of the Review 

This review aims to achieve the following objectives: 

Synthesize Current AI Methodologies in Brain Tumor 

Diagnosis 

Comprehensive Analysis: Conduct an in-depth examination 

of existing artificial intelligence (AI) techniques employed in 

the diagnosis of brain tumors, encompassing machine learning 

algorithms, deep learning models, and hybrid approaches. 

Evaluation of Effectiveness: Assess the performance 

metrics, such as accuracy, sensitivity, specificity, and 

computational efficiency, of these AI methodologies in 

clinical settings. 

Identification of Trends: Highlight emerging patterns and 

technological advancements in AI applications for brain 

tumor detection and classification. 

Identify Gaps and Propose Future Research Directions 

Detection of Limitations: Identify existing challenges and 

limitations within current AI-based diagnostic systems, 

including issues related to data quality, model interpretability, 

and generalizability across diverse patient populations. 

Recommendation of Research Avenues: Suggest potential 

areas for future investigation to address identified gaps, such 

as the development of explainable AI models, integration of 

multimodal data sources, and enhancement of real-time 

diagnostic capabilities. 

By fulfilling these objectives, this review seeks to provide 

a comprehensive understanding of the current landscape of AI 

in brain tumor diagnosis and to offer strategic insights for 

advancing research and clinical practice in this critical area of 

medical science. 

2. Background 

2.1 Understanding Brain Tumors: Types, Grades, and 

Typical Progression 

Brain tumors are classified into various types based on 

their origin, the type of cells involved, their location in the 

brain, and whether they are benign or malignant [6]. The 

classification and understanding of brain tumors are crucial 

for determining the appropriate treatment and predicting 

outcomes. 

Types of Brain Tumors [7]: 

1.Gliomas: These tumors arise from glial cells that support 

the nerve cells within the brain. Gliomas are among the most 

common types of brain tumors and vary significantly in their 

behavior. Subtypes include astrocytomas, 

oligodendrogliomas, and glioblastomas, the latter being 

particularly aggressive as shown in figure 1. 

2.Meningiomas: Typically forming in the membranes that 

cover the brain and spinal cord, meningiomas are mostly 

benign but can vary in their growth rate and potential for 

symptoms. 

3.Pituitary Tumors: These generally benign tumors affect 

the pituitary gland, influencing hormone levels and bodily 

functions. 

4.Nerve Sheath Tumors (e.g., Schwannomas): Often 
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benign, these tumors develop from the cells that form the 

protective covering of nerves. 

5.Metastatic Brain Tumors: These are cancers that have 

spread to the brain from other parts of the body, such as the 

lungs or breasts, and are generally malignant. 

6.Primary Central Nervous System (CNS) Lymphomas: 

These rare tumors affect the lymphatic tissue in the brain and 

are typically aggressive and malignant. 

 

Types of tumors Sample Images 

meningioma 

 

 

gliomas 

 

 

pituitary 

 

 

Nerve Sheath Tumors 

 

Metastatic Brain 

Tumors 

   

Primary Central 

Nervous System (CNS) 

Lymphomas 

 

Fig 1. Types of Brain Tumors [7] 

Grades of Brain Tumors: Brain tumors are also graded based 

on their appearance under a microscope and their growth 

potential as shown in figure 2[8]: 

Grade I: Slow growing, almost normal appearance, and less 

likely to spread; often curable. 

Grade II: Relatively slow growth but may recur as a higher 

grade. 

Grade III: Actively reproducing abnormal cells, which grow 

quickly and may invade nearby tissues.  

Grade IV: Rapidly growing and very aggressive tumors that 

are difficult to treat due to their invasive nature. 

 

Grade-1 Grade-2 Grade-3 Grade-4 

    

Fig  2. Grades of Brain Tumors 

Typical Progression: The progression of brain tumors varies 

depending on the type and grade. Lower-grade tumors may 

grow slowly and may not show symptoms for years, whereas 

higher-grade tumors may cause rapid and severe symptoms 

[9]. Treatment approaches can range from surgical removal 

and radiation therapy for less aggressive tumors to multi-

modal treatments involving surgery, radiation, and 

chemotherapy for high-grade malignancies. Understanding 

the type and grade of a brain tumor is vital for determining 

treatment strategies and providing a prognosis. Each type of 

tumor may affect different brain functions based on their 

locations, influencing symptoms and treatment outcomes. 

2.2 Diagnostic Techniques: Overview of Traditional and 

Current Methods Including MRI, CT, PET 

Brain tumor diagnosis relies on advanced imaging 

techniques, notably MRI, CT, and PET[10], each offering 

unique insights into tumor characteristics. MRI is the primary 

diagnostic tool due to its superior soft tissue contrast and 

spatial resolution, essential for tumor localization and 

treatment planning, advanced methods like MR spectroscopy 

and perfusion imaging further support tumor grading and 

aggressiveness assessment. Although CT offers lower soft 

tissue contrast, it is valuable in emergency settings for rapid 

evaluation and assessing bone involvement due to its speed 

and accessibility. PET, often integrated with CT or MRI, 

provides critical metabolic information,[11] utilizing 

radiotracers to assess tumor activity and monitor therapeutic 

response. Collectively, these imaging modalities enable 

precise tumor localization, characterization, and monitoring, 

forming a cornerstone for effective brain tumor management. 

2.3 Role of AI in Medical Imaging: Introduction to AI's 

Role and Potential Benefits in Medical Diagnostics 

The integration of Artificial Intelligence (AI) in medical 

imaging has revolutionized the field by enhancing diagnostic 

accuracy, optimizing workflows, and improving patient 

outcomes [12]. AI technologies, particularly deep learning, 

have significantly advanced the capabilities of medical 

imaging tools such as computed tomography (CT), magnetic 

resonance imaging (MRI), and positron emission tomography 

(PET) by enabling faster and more precise image analysis. 

Enhanced Diagnostic Accuracy: AI algorithms excel at 

analyzing large datasets of medical images, detecting patterns, 

and identifying abnormalities that may be subtle or complex 

for human interpretation. This capability not only increases 

the sensitivity and specificity of diagnostic processes but also 

supports early detection of diseases, such as cancer, which is 

critical for effective treatment [13]. 
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Workflow Optimization: AI can automate routine tasks such 

as image segmentation and classification, which traditionally 

require significant time and expertise. By doing so, AI frees 

up medical professionals to focus more on patient care rather 

than administrative tasks, thus enhancing efficiency and 

reducing the potential for human error [14]. 

Personalized Medicine: AI's ability to analyze and interpret 

complex medical images is instrumental in developing 

personalized treatment plans. By integrating patient-specific 

data and imaging findings, AI can help predict treatment 

outcomes and tailor therapeutic approaches to individual 

patient needs, thereby enhancing the efficacy of treatments 

[15]. 

Challenges and Considerations: While AI presents 

significant advantages, it also introduces challenges such as 

the reliance on high-quality data for training algorithms and 

potential ethical concerns related to patient privacy and the 

interpretability of AI decisions. Technology does not replace 

the need for skilled healthcare professionals but rather 

augments their capabilities, ensuring that AI acts as a support 

tool rather than a replacement. The ongoing development of 

AI in medical imaging promises to not only improve the 

technological aspects of diagnostics but also to profoundly 

impact patient management by providing faster, more 

accurate, and personalized medical solutions. However, the 

successful integration of AI in medical practices requires 

careful consideration of both its potential and its limitations. 

3. Advances in AI-Based Classification 

Techniques 

The integration of Artificial Intelligence (AI) into 

medical imaging has heralded a new era in diagnostic 

methodologies, particularly through advanced classification 

techniques [16]. These AI-driven approaches primarily 

leverage machine learning models to interpret complex 

medical data with unprecedented accuracy and speed. As we 

delve into the realm of AI-based classification techniques, it 

is essential to explore how these technological advancements 

are transforming diagnostic processes across various medical 

specialties. 

Machine learning, a subset of AI, uses algorithms to 

model and interpret complex data without explicit 

programming. In the field of medical imaging, supervised 

learning techniques [17], where the model learns from labeled 

training data to make predictions or decisions, are particularly 

prominent. This section aims to outline the significant strides 

made in AI-based classification techniques, focusing on how 

machine learning models like Convolutional Neural Networks 

(CNNs), Support Vector Machines (SVMs), and Random 

Forests are being utilized to enhance diagnostic accuracies, 

streamline workflows, and facilitate personalized treatment 

strategies [18]. 

The advancements discussed herein not only illustrate the 

capabilities of current AI technologies in healthcare but also 

pave the way for future innovations that could further 

revolutionize the domain of medical diagnostics. This 

exploration will provide insights into the technical 

underpinnings, practical applications, challenges, and the 

potential future directions of AI in the medical imaging field. 

Table 1: Summary of Key References and Their Contributions to Medical Imaging 

Key 

References 

Model Type Applications in Medical 

Imaging 

Benefits Challenges 

Vidyavathi 

et al. 

(2022) 

[19]  

Support Vector 

Machines (SVM) 

Used for tumor classification 

and disease progression 

prediction. 

High accuracy in binary 

classification tasks. 

Prone to overfitting in 

large-dimensional spaces; 

requires careful kernel 

selection. 

Maqsood, 

S et al. 

(2022) 

[20]  

Random Forests 

(RF) 

Effective in classifying 

complex datasets, such as 

those involving various 

imaging features. 

Handles high-dimensional 

data well; provides 

estimates of feature 

importance. 

Computationally intensive; 

less interpretable than 

simpler models. 

Anagun, Y 

(2023) 

[21]  

Convolutional 

Neural Networks 

(CNN) 

Primarily used for image 

segmentation, object 

detection, and classification 

in modalities like MRI, CT 

scans. 

Exceptional performance 

in grid-like data (images); 

can automatically extract 

and learn features. 

Requires large datasets for 

training; computationally 

expensive; black-box 

nature. 

Asad, R et 

al. (2023) 

[22] 

Deep Neural 

Networks (DNN) 

Applied in predictive 

analytics and complex 

classification tasks across 

various imaging types. 

Capable of learning 

complex patterns and 

relationships in data. 

Requires significant 

computational resources; 

risk of overfitting. 

 

3.1 Unsupervised and Semi-supervised Learning 

Techniques: Unsupervised learning techniques have emerged 

as a powerful tool in the field of medical imaging, where they 

are used to uncover hidden patterns and data correlations 

without the need for labeled outcomes [23]. Unlike supervised 

learning, which relies on known output data for model training, 

unsupervised learning algorithms explore the intrinsic structure 

of the data. Common unsupervised techniques include 

clustering, dimensionality reduction, and association 

algorithms that help in identifying subgroups within the data, 

often useful in-patient stratification or in understanding disease 

subtypes. 

Clustering: One of the most prevalent unsupervised 

techniques, clustering groups a set of objects in such a way 

that objects in the same group (or cluster) are more like each 
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other than to those in other groups [24]. In medical imaging, 

clustering can be used to discover patterns in patient imaging 

data that are not immediately obvious, aiding in the 

identification of novel patient subgroups with unique 

diagnostic or prognostic profiles. 

Dimensionality Reduction: Techniques such as Principal 

Component Analysis (PCA)[25] and t-Distributed Stochastic 

Neighbor Embedding (t-SNE)[26] reduce the number of 

random variables under consideration, by obtaining a set of 

principal variables. These techniques are crucial in medical 

imaging for analyzing high-dimensional data sets, improving 

visualization, and enhancing the performance of other 

machine learning models by reducing overfitting. 

Semi-supervised learning, on the other hand, lies between 

supervised and unsupervised learning. It uses a small amount 

of labeled data alongside a large amount of unlabeled data. 

This approach is particularly useful in medical imaging where 

labeling can be expensive or impractical to obtain at scale. 

Graph-based Models: These models use a small amount of 

labeled data to guide the learning process conducted mostly 

on unlabeled data. They are particularly effective for image 

classification where labels might be available for only a subset 

of the dataset. 

Co-training Approaches: These techniques allow two 

or more classifiers to teach each other from an unlabeled 

dataset, using the labeled dataset to initially train each 

classifier. This method has proven effective in situations 

where acquiring comprehensive labeled data is costly or 

unfeasible. 

Both unsupervised and semi-supervised learning 

techniques offer significant advantages in the medical 

imaging domain, where the availability of comprehensive 

labeled data sets is a constant challenge. These methods not 

only facilitate a more profound understanding of the data but 

also contribute to more robust, scalable, and cost-effective 

diagnostic solutions. Further exploration and refinement of 

these techniques will undoubtedly enhance their applicability 

and effectiveness in clinical settings, promising improvements 

in patient diagnosis, treatment planning, and outcomes. 

 

Table 2: Model Types and Their Applications in Medical Imaging 

Key 

References 

Model Type Applications in 

Medical Imaging 

Benefits Challenges 

[27] Unsupervised Learning Anomaly detection, 

segmentation 

Can handle unlabeled data, 

discovers hidden patterns 

Sensitive to data noise 

and outliers, less 

accuracy in complex 

scenarios 

[28] Semi-supervised 

Learning (SSL) 

Classification, 

segmentation, detection 

Utilizes both labeled and 

unlabeled data, cost-effective 

Balancing labeled and 

unlabeled data, 

maintaining model 

reliability 

[29] U-shaped GAN 

(Generative 

Adversarial Network) 

Semi-supervised 

segmentation, 

unsupervised domain 

adaptation 

Effective in feature 

representation and 

segmentation 

Requires careful 

tuning, risk of mode 

collapse 

[30] Self-ensembling SSL Image segmentation 

using limited 

annotations 

Improves prediction reliability, 

handles noisy labels 

Dependency on initial 

model accuracy, 

iterative complexity 

[31] Hidden Markov 

Models (HMM) 

Real-time monitoring 

and retrospective 

assessment of 

endoscopic procedures 

Enhance correct image label 

predictions, applicable in real-

time settings 

Requires substantial 

historical data for 

accurate model 

training 

[32] 3D Printing from 

Medical Imaging Data 

('the SAPIENS') 

Surgical training and 

simulation 

Allows surgeons to practice on 

patient-specific replicas, 

enhancing surgical accuracy 

High costs and time 

required for printing 

detailed models 

[33] Convolutional Neural 

Network 

(EfficientNetB2 with 

Filters) 

Enhanced brain tumor 

detection from MRI 

images 

Improved accuracy in detecting 

brain tumors with complex 

imaging characteristics 

Requires extensive 

computational 

resources for training 

and inference 

[34] Constrained Non-

negative Networks 

Classification More explainable and 

interpretable model 

Requires integration 

of monotonic property 

and calibration in 

training 
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[35] Deep Learning VAEs Anomaly detection in 

diagnostics 

Enhances precision of medical 

diagnostics through advanced 

techniques 

Implementation 

complexity in clinical 

settings 

 

Detailed Explanation: 

• Unsupervised Learning: This approach is ideal for 

exploring data without prior labels, identifying structures or 

anomalies within the dataset. It's particularly useful in medical 

imaging for tasks like anomaly detection or unsupervised 

segmentation, where the specific labels may not be available. 

• Semi-supervised Learning (SSL): SSL is highly 

beneficial in medical imaging due to the usual scarcity of 

labeled data. It leverages a small amount of labeled data 

alongside a larger pool of unlabeled data, enhancing the 

learning accuracy without the extensive need for costly 

annotations. 

• U-shaped GAN: This model architecture is adapted for 

both semi-supervised learning and unsupervised domain 

adaptation, making it highly versatile in medical imaging 

tasks. It applies a novel approach to segmentation by using 

generative adversarial networks, which are particularly 

effective in medical image segmentation tasks. 

• Self-ensembling SSL: This technique uses pseudo 

labeling and is particularly effective for segmentation tasks. It 

relies on the consistency of the model's predictions over 

various augmentations of the same data, refining the model 

iteratively to improve accuracy. 

These techniques represent significant advancements in 

leveraging AI for enhancing the efficiency and accuracy of 

medical image analysis, addressing the challenge of limited 

annotated datasets while improving the robustness and 

applicability of diagnostic models. 

3.2 Deep Learning Approaches 

Deep learning has emerged as a pivotal technology in the 

field of medical imaging, particularly for the classification of 

brain tumors. This subsection explores the spectrum of deep 

learning architecture that have significantly enhanced the 

accuracy and efficiency of brain tumor classification. 

Convolutional Neural Networks (CNNs): CNNs are at the 

forefront of image-based deep learning research. In brain tumor 

studies, architectures like AlexNet[36], VGGNet[37], and 

ResNet[38]  have been adapted to classify tumor types from 

MR images with high accuracy. The inherent ability of CNNs 

to capture spatial hierarchies in image data makes them 

exceptionally suitable for medical imaging tasks. 

Recurrent Neural Networks (RNNs) and Long Short-Term 

Memory Networks (LSTMs) [39]: Although predominantly 

used for sequential data, RNNs and LSTMs have been 

employed to analyze time-series data in medical imaging, such 

as changes in tumor size over sequential scans. This approach 

can be crucial for understanding tumor progression and 

response to treatment. 

Autoencoders: Autoencoders [40] are used for unsupervised 

learning tasks, such as feature extraction and dimensionality  

reduction in brain imaging data. Stacked autoencoders and 

variational autoencoders have been particularly useful in 

learning efficient representations without substantial loss of 

critical information, facilitating improved classification 

performance. 

Generative Adversarial Networks (GANs): GANs [41] have 

been utilized not only to augment brain tumor datasets but also 

to improve classification robustness. They generate synthetic 

yet realistic MRI images that help in training deep learning 

models under varied conditions, thus enhancing their 

generalizability. 

Transfer Learning: Transfer learning [43] involves applying 

knowledge gained from one task to solve related tasks. In the 

context of brain tumor classification, models pre-trained on 

large datasets (like ImageNet) are fine-tuned on smaller, 

domain-specific datasets, leading to significant improvements 

in learning efficiency and prediction accuracy. 

Attention Mechanisms: Recently, attention-based models 

have gained popularity due to their ability to focus on specific 

regions of an image, which is crucial for medical diagnosis. 

Techniques like the Transformer, originally designed for 

natural language processing, are now being adapted for medical 

imaging to enhance model interpretability and focus on tumor-

relevant features. 

Hybrid Models: Combining different neural network 

architectures to leverage their unique strengths is a recent trend 

in deep learning research. For instance, integrating CNNs with 

RNNs or attention mechanisms can harness both spatial and 

sequential data, offering comprehensive insights into both the 

structure and temporal progression of brain tumors. 

 

 

Table 3: Overview of Machine Learning Approaches and Their Characteristics in Imaging 

Reference 

(Citations) 

Approach Key 

Characteristics 

Common 

Metrics 

Advantages Limitations 

Marcel 

Dikande 

Simo et 

al.[44] 

CNNs Utilizes spatial 

hierarchies; 

architectures 

like AlexNet, 

VGGNet, 

ResNet 

Accuracy, 

sensitivity, 

specificity 

High accuracy 

in imaging 

tasks 

High 

computational 

cost; large 

datasets 

needed 
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Shubham K 

Makwana 

& Vinod 

Patel[39] 

RNNs & 

LSTMs 

Analyzes 

sequential data; 

applicable for 

tumor 

progression 

Sequential 

accuracy, 

progression 

tracking 

Effective for 

time-series 

data 

Slow training, 

vanishing 

gradient 

problem 

Sonali 

Kothari et 

al.[40] 

Autoencoders Unsupervised 

learning; 

feature 

extraction, 

dimensionality 

reduction 

Reconstruction 

error, feature 

quality 

Efficient data 

representation 

without 

supervision 

Struggles 

with 

generalization 

to new data 

K. Babu et 

al.[41] 

GANs Data 

augmentation 

via generator 

and 

discriminator 

Generative 

accuracy, 

image realism 

Enhances data 

diversity, 

improves 

robustness 

Training 

instability, 

mode collapse 

Muhammad 

Sharif et 

al.[42] 

Transfer 

Learning 

Uses 

knowledge 

from one 

domain in 

another; often 

pre-trained 

networks 

Transfer 

efficiency, 

time-to-train, 

accuracy 

Reduces need 

for large 

domain-

specific 

datasets 

May not adapt 

well to 

different tasks 

Studies 

emerging, 

specific 

references 

still 

developing 

[43] 

Attention 

Mechanisms 

Model focuses 

on relevant 

image regions 

Attention 

accuracy, 

interpretability 

Increases 

model 

interpretability, 

focuses on 

critical features 

Increases 

model 

complexity 

Ejaz Ul Haq 

et al.[44] 

Hybrid 

Models 

Combines 

multiple neural 

network 

architectures 

Combined 

accuracy, 

feature 

integration 

Leverages 

strengths of 

various models 

Complex 

architecture 

and training 

Table 3 provides an overview of the various deep learning 

techniques employed in brain tumor classification, 

emphasizing their unique characteristics, metrics, advantages, 

limitations, and key references. 

Enhancing Accuracy and Reliability through AI 

Technique Integration for Brain Tumor Diagnosis 

Early diagnosis and classification of brain tumors are 

crucial for effective treatment planning. Deep learning has 

emerged as a powerful tool for this task, but its efficacy can be 

enhanced by combining it with other techniques in hybrid 

models. Here’s a look at some recent advancements: 

• Leveraging Transfer Learning: Pre-trained deep learning 

models like VGG16, ResNet50, and Xception are utilized for 

feature extraction from brain MRI scans. Trained on vast 

image datasets, these models learn powerful feature 

representations that can be fine-tuned for brain tumor analysis 

[45]. 

• Synergy of Deep Learning and Traditional Classifiers: 

Deep learning models excel at feature extraction, while 

traditional classifiers like Support Vector Machines (SVM) 

can excel at classification. Hybrid models combine these 

strengths. For instance, features extracted from a pre-trained 

CNN like GoogleNet can be fed into an SVM for brain tumor 

classification, achieving high accuracy (up to 98.1%) [46]. 

• Ensemble Deep Learning: Combining multiple deep 

learning models can improve robustness and accuracy. 

Ensemble methods like Hybrid Feature Space (HFC) integrate 

features extracted from different deep learning models (e.g., 

ResNet-18 and AlexNet) for brain tumor detection. This 

approach has achieved promising results with over 99% 

detection rate [47]. 

• Deep Learning for Tumor Classification: Hybrid models 

can go beyond detection and classify tumor types. 

DeepTumorNet, a hybrid deep learning model using a basic 

CNN architecture, has shown success in classifying three 

tumor types (glioma, meningioma, and pituitary) with high 

accuracy [48]. 

Key Advantages of Hybrid Models: 

• Improved Accuracy: By combining the strengths of 

different techniques, hybrid models can achieve higher 

accuracy in brain tumor detection and classification compared 

to standalone methods. 

• Reduced Feature Engineering: Deep learning models can 

automatically learn features from data, reducing the need for 

manual feature engineering, which is a time-consuming 

process in traditional methods. 
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• Transfer Learning Potential: Pre-trained models can be 

leveraged in hybrid models, reducing training time and 

computational resources. 

Overall, deep learning-based hybrid models hold great 

promise for improving brain tumor diagnosis and 

classification, leading to better patient outcomes. 

4. MRI Brain Tumor Classification using Machine 

Learning 

MRI brain tumor classification using machine learning 

has gained significant attention in recent years due to its 

potential to improve diagnosis accuracy and efficiency. 

Various approaches have been explored, ranging from 

traditional machine learning techniques to advanced deep 

learning methods. Traditional machine learning techniques 

have shown promising results in brain tumor classification. 

Feature extraction methods such as GLCM, Haralick, GLDM, 

and LBP have been applied to MRI brain tumor datasets, with 

subsequent classification using algorithms like SVM, 

Decision Tree, and Random Forest. Among these, LBP with 

SVM has demonstrated better classification accuracy of 

84.95% [49]. However, manual feature extraction can be time-

consuming and may lead to poor performance due to 

suboptimal feature selection [50]. Deep learning techniques 

have emerged as powerful tools for brain tumor classification, 

often outperforming traditional methods. Convolutional 

Neural Networks (CNNs) have shown remarkable 

performance, achieving an accuracy of 93.10% in one study 

Transfer learning approaches have also been explored, with 

pre-trained models like EfficientNet B2 achieving a five-fold 

cross-validation accuracy of 99.15%[51]. Interestingly, hybrid 

approaches combining deep learning and Other transfer 

learning architectures, such as InceptionV3, VGG19, 

DenseNet121, and MobileNet, have been evaluated, with 

MobileNet demonstrating an impressive accuracy of 99.60% 

[52].machine learning techniques have shown promising 

results. A study using logistic regression and a hybrid 

approach achieved a maximum classification accuracy of 89% 

for small datasets and 87% for large datasets. Another study 

proposed a novel hybrid deep learning classification method 

based on transfer learning, combining a finely-tuned ResNet-

50 model with optimized Softmax Regression, achieving an 

accuracy of 98.4% [53]. In conclusion, while traditional 

machine learning techniques have shown good performance in 

MRI brain tumor classification, deep learning methods, 

particularly those leveraging transfer learning, have 

demonstrated superior accuracy. Hybrid approaches 

combining deep learning and machine learning techniques 

offer a promising direction for future research, potentially 

leading to more accurate and robust classification systems for 

brain tumor diagnosis. 

Table 4: Comparative Analysis of Approaches for MRI Brain Tumor Classification 

Reference (Citations) Approach Key 

Characteristics 

Common 

Metrics 

Advantages Limitations 

Sowrirajan & 

Balasubramanian 

(2022) [49] ; Jaidka & 

Jain (2023) [50]  

Traditional 

Machine 

Learning 

Utilizes feature 

extraction 

methods like 

GLCM, Haralick, 

GLDM, and LBP; 

classifiers such as 

SVM, Decision 

Tree, and Random 

Forest 

Accuracy Simplicity; 

interpretable 

models; 

effective 

with small 

datasets 

Manual feature extraction 

is time-consuming; 

performance depends on 

feature selection; may not 

capture complex patterns 

Sowrirajan & 

Balasubramanian 

(2022) [49]  

Deep Learning 

(CNNs) 

Employs 

Convolutional 

Neural Networks 

for automatic 

feature extraction 

and classification 

Accuracy Automatic 

feature 

extraction; 

handles 

complex 

data; high 

accuracy 

Requires large datasets; 

computationally intensive; 

risk of overfitting with 

limited data 

Gao et al. (2022) [51]  

 Islam et al. (2023) 

[52]  

Transfer 

Learning 

Uses pre-trained 

models (e.g., 

EfficientNet B2, 

InceptionV3, 

VGG19, 

DenseNet121, 

MobileNet) fine-

tuned on specific 

datasets 

Accuracy Leverages 

existing 

models; 

reduces 

training 

time; 

effective 

with smaller 

datasets 

May not generalize well to 

all medical images; 

potential for overfitting if 

not properly fine-tuned 

Musa (2024) [53]  

; Jaidka & Jain (2023) 

[50]  

Hybrid 

Approaches 

Combines deep 

learning and 

traditional 

machine learning 

techniques; e.g., 

ResNet-50 with 

optimized 

Accuracy Integrates 

strengths of 

both 

approaches; 

improved 

Increased complexity; 

requires careful integration 

and tuning 
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Softmax 

Regression 

accuracy; 

robustness 

4.2 MRI Brain Tumor Classification using Deep Learning 

Deep learning techniques have shown remarkable 

performance in MRI brain tumor classification, offering high 

accuracy and efficiency in diagnosing various types of brain 

tumors. Several studies have explored different deep learning 

models and approaches for this task. Convolutional Neural 

Networks (CNNs) have been widely used for brain tumor 

classification. A study using YOLOv3 achieved an accuracy 

of 95.00% for normal brain classification and 75.36% for brain 

tumor classification [54]. Another research utilizing 

EfficientNet B2 model reported an impressive five-fold cross-

validation accuracy of 99.15%. A comparative analysis of 

different CNN-based transfer learning models demonstrated 

the efficiency of deep learning techniques for brain tumor 

detection from MRI images [55]. Interestingly, some studies 

have found contradictory results regarding the performance of 

certain models. While one study reported that Inception 

models outperformed other models for three-class brain tumor 

classification, it also noted that the EfficientNet model did not 

perform well in comparison [56]. However, another study 

using ResNet101 achieved an accuracy of 98.76% [57], 

highlighting the potential of ResNet architectures in this 

domain. In conclusion, deep learning approaches have shown 

great promise in MRI brain tumor classification. Various 

models, including YOLOv3, EfficientNet, Inception, and 

ResNet, have demonstrated high accuracies ranging from 95% 

to 99%. The choice of model and approach may depend on the 

specific dataset and classification requirements. Future 

research may focus on addressing challenges such as sample 

imbalance and improving generalization across different 

datasets[58]. 

 

 

 

Table 5: Comparative Analysis of Deep Learning Models for MRI Brain Tumor Classification 

Deep Learning 

Model 

Reported Accuracy Key Findings Limitations Reference 

YOLOv3 95.00% for normal, 

75.36% for tumor 

classification 

Achieved notable accuracy 

for normal and tumor 

classifications 

Lower accuracy in tumor 

classification compared to 

normal classification 

Hong 

(2021)[54] 

EfficientNet B2 99.15% (five-fold 

cross-validation) 

Reported high accuracy for 

brain tumor classification 

Dependence on transfer 

learning; may not 

generalize across datasets 

Gao et al. 

(2022)[55] 

Comparative CNN-

based Transfer 

Learning 

High efficiency in 

tumor detection from 

MRI images 

Transfer learning models 

effectively applied for 

classification 

Results vary by model; 

inconsistent across studies 

Arora & 

Sharma 

(2021)[56] 

Inception Model Outperformed other 

models in three-class 

classification 

Contradictory results noted; 

Inception outperformed, 

while EfficientNet lagged 

Inconsistent performance 

based on dataset; not 

universally effective 

Agrawal et al. 

(2024)[57] 

ResNet101 98.76% Demonstrated high 

performance with ResNet 

architectures 

High computational 

demand and dataset-

specific accuracy 

Daniel & 

Ruxandra 

(2021)[58] 

5. Data Handling and Computational 

Challenges in MRI Brain Tumor Classification 

The application of deep learning (DL) models to MRI brain 

tumor classification presents several data handling and 

computational challenges that can significantly impact model 

performance and generalizability. 

5.1 Data Handling Challenges 

• Data Imbalance: Medical imaging datasets often exhibit 

class imbalances, with certain tumor types being 

underrepresented. This imbalance can bias DL models 

towards more prevalent classes, leading to suboptimal 

performance on minority classes. Techniques such as data 

augmentation, synthetic data generation, and class weighting 

are employed to mitigate this issue. 

• Data Heterogeneity: Variations in imaging protocols, 

scanner types, and patient demographics introduce 

heterogeneity into MRI datasets. This variability can hinder 

the model's ability to generalize across different clinical 

settings. Standardizing imaging protocols and incorporating 

domain adaptation techniques are strategies to address this 

challenge. 

• Limited Annotated Data: Annotating medical images is 

resource-intensive, often resulting in limited labeled datasets. 

This scarcity constrains the training of DL models, which 

typically require large amounts of labeled data. Semi-

supervised learning and transfer learning approaches are 

utilized to leverage unlabeled data and pre-trained models, 

respectively. 

5.2 Computational Challenges 

• High Computational Costs: Training DL models on high-

resolution MRI images demands substantial computational 

resources, including powerful GPUs and extensive memory. 

This requirement can be a barrier for institutions with limited 

computational infrastructure. 

• Model Complexity and Interpretability: Deep models 

with numerous parameters can be prone to overfitting, 

especially when trained on small datasets. Additionally, the 
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black-box nature of DL models poses challenges for 

interpretability, which is crucial in medical applications. 

Implementing regularization techniques and developing 

explainable AI methods are essential to address these issues. 

• Real-Time Processing: Deploying DL models in clinical 

settings necessitates real-time or near-real-time processing 

capabilities. Ensuring that models can process and analyze 

MRI scans promptly is vital for practical applicability. 

  Addressing these data handling and computational 

challenges is critical for the successful implementation of DL 

models in MRI brain tumor classification. Ongoing research 

focuses on developing robust methods to overcome these 

obstacles, thereby enhancing the accuracy and reliability of 

automated diagnostic tools. 

6. Future Trends in AI for Brain Tumor 

Diagnosis 

6.1 Advancements in AI for Brain Tumor Diagnosis 

The integration of artificial intelligence (AI) into brain tumor 

diagnosis is undergoing significant evolution, with several 

romising research directions emerging: 

• Enhanced Imaging Techniques: AI is being utilized to 

improve imaging modalities, enabling more precise tumor 

detection and characterization. For instance, AI-driven tools 

have been developed to rapidly decode a brain tumor’s DNA 

during surgery, providing real-time guidance to surgeons on 

the optimal surgical approach for removal of cancerous tissue. 

• Predictive Analytics: AI models are increasingly employed 

to predict patient outcomes, such as survival rates and 

treatment responses. These predictive capabilities assist 

clinicians in devising personalized treatment plans, thereby 

enhancing patient care. 

• Automated Segmentation and Classification: AI 

algorithms are being refined to automatically segment and 

classify brain tumors from imaging data, reducing the reliance 

on manual interpretation and increasing diagnostic accuracy. 

• Integration with Genomic Data: The combination of AI 

with genomic data is facilitating a deeper understanding  of 

tumor biology, leading to more targeted and effective 

therapies. 

• Explainable AI (XAI) Integration: The incorporation of 

XAI techniques is enhancing the transparency and 

interpretability of AI models, addressing the "black-box" 

nature of deep learning algorithms. This development is 

crucial for gaining the trust of healthcare professionals and 

ensuring the ethical application of AI in clinical settings. 

6.2 Anticipated Integration of AI into Clinical Practice 

As research progresses, the integration of AI into clinical 

practice for brain tumor diagnosis is expected to expand, 

leading to: 

• Wider Clinical Adoption: AI models are anticipated to 

become more prevalent in clinical settings, assisting 

healthcare professionals in making more accurate and timely 

diagnoses. 

• Improved Diagnostic Accuracy: The application of AI is 

expected to enhance the precision of brain tumor diagnoses, 

reducing the incidence of misdiagnosis and leading to better 

patient outcomes. 

• Personalized Treatment Plans: AI's ability to analyze large 

datasets and identify patterns will enable the development of 

personalized treatment plans tailored to individual patient 

profiles. 

• Streamlined Workflow: The automation of routine tasks 

through AI will streamline clinical workflows, allowing 

healthcare professionals to focus on more complex aspects of 

patient care. 

• Continuous Learning and Improvement: AI systems have 

the potential to continuously learn from new data, leading to 

ongoing improvements in diagnostic capabilities and 

treatment strategies. 

• Enhanced Transparency through XAI: The integration of 

XAI methods will provide clear insights into AI decision-

making processes, fostering greater trust among clinicians and 

facilitating the ethical deployment of AI tools in medical 

practice. The future of AI in brain tumor diagnosis holds 

immense promise, with the potential to transform clinical 

practice and significantly improve patient outcomes. 

7. Conclusion 

The systematic review underscores significant 

advancements in the application of Artificial Intelligence (AI) 

and Machine Learning (ML) for brain tumor diagnosis, 

revealing that AI not only surpasses traditional diagnostic 

methods in accuracy and efficiency but also facilitates a shift 

towards personalized medicine. By integrating comprehensive 

data analysis from imaging to genetic information, AI enables 

more targeted treatment strategies, enhancing patient 

outcomes. The impact of AI in revolutionizing brain tumor 

diagnosis is profound, offering the potential for early detection 

and precise classification, which are critical for effective 

treatment planning. However, the review highlights the 

necessity for ongoing research to address existing challenges, 

such as the need for algorithm refinement to ensure adaptability 

and accuracy across diverse populations and imaging 

techniques. Future research should also focus on enhancing the 

interpretability of AI systems to improve their usability and 

trustworthiness in clinical settings. Explainable AI (XAI) plays 

a pivotal role in this context by providing transparency in AI 

decision-making processes, thereby increasing clinician 

confidence and facilitating informed decision-making. 

Additionally, addressing ethical and privacy concerns is crucial 

to advancing AI integration in healthcare. Recommendations 

for future endeavors include fostering multidisciplinary 

collaborations that bridge the gap between technologists and 

clinicians, ensuring that AI developments are both clinically 

relevant and compliant with evolving regulatory standards. 

This collaborative approach is essential for realizing the full 

potential of AI in clinical diagnostics and achieving global 

healthcare equity. 
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