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Abstract— This study introduces a deep learning-based approach for classifying astrocytoma
grades using MRI scans. Astrocytoma, a type of brain tumor, varies in severity, making accurate
grading essential for effective treatment. Traditional diagnosis relies on manual MRI
interpretation, which can be subjective and time-consuming. To address this, we implement a
Convolutional Neural Network (CNN) to automate tumor classification, improving precision and
efficiency. The model is trained on a dataset of MRI images and compared with conventional

methods like Support Vector Machines (SVM) and Random Forest (RF). Experimental findings
reveal that CNN significantly enhances accuracy, sensitivity, and specificity. This approach
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reduces reliance on manual diagnosis and contributes to Al-driven advancements in medical
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l. INTRODUCTION

conditions, often leading to significant health
complications and high mortality rates. One of the most
common types is astrocytoma, a tumor that originates in the
astrocytes—star-shaped glial cells in the brain and spinal
cord. The severity of astrocytoma varies, and its
classification into different grades plays a critical role in
determining appropriate treatment plans. The World Health
Organization (WHO) classifies astrocytomas into four
grades, ranging from Grade | (least aggressive) to Grade 1V
(most malignant, known as glioblastoma multiforme). Early
and precise identification of the tumor grade is crucial for
improving patient survival rates and ensuring effective
therapy.

Medical professionals primarily use Magnetic Resonance
Imaging (MRI) as a non-invasive diagnostic tool for
assessing brain tumors. MRI scans provide detailed images
of the brain, aiding in the differentiation of tumor tissues
from normal brain structures. However, traditional diagnosis
relies on manual interpretation by radiologists, which is
time-intensive, subject to human error, and prone to
variability among experts. Minor differences in scan
interpretation can lead to misdiagnosis, affecting treatment
strategies and patient outcomes. These limitations highlight
the need for automated and accurate classification methods.

With advancements in Artificial Intelligence (Al) and
Deep Learning (DL), automated diagnostic systems have

gained momentum in medical imaging. In particular,
Convolutional Neural Networks (CNNs) have proven highly
effective in medical image analysis, offering superior
accuracy in detecting patterns and features in MRI scans.
CNNs can automatically extract spatial features, reducing
the dependency on manual feature engineering, which is a
common drawback in traditional machine learning
techniques. This capability makes CNNs an ideal choice for
classifying astrocytoma grades.

The primary objective of this study is to develop an Al-
driven approach for classifying astrocytoma grades from
MRI images using deep learning. The proposed CNN-based
model is trained on a dataset of brain tumor MRI scans and
optimized to differentiate between different tumor grades.
To ensure the effectiveness of the model, its performance is
compared against traditional machine learning classifiers
such as Support Vector Machines (SVM) and Random
Forest (RF). By leveraging deep learning techniques, the
study aims to improve classification accuracy and reduce the
workload of radiologists.

Unlike conventional approaches that require extensive
domain expertise for feature extraction, deep learning
models learn hierarchical features directly from raw images,
making them more efficient and adaptable. Data
augmentation techniques, including rotation, flipping, and
contrast enhancement, are applied to improve model
generalization. Additionally, preprocessing methods such as
intensity normalization and noise reduction are incorporated
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to enhance the clarity of MRI images, ensuring better
classification performance.

Despite the growing adoption of Al in medical imaging,
challenges remain in deploying deep learning models for
real-world clinical use. One of the key issues is the
availability of high-quality annotated datasets, as deep
learning models require large amounts of labeled data for
optimal performance. Moreover, ensuring  the
interpretability of Al predictions is crucial for gaining the
trust of medical professionals. In this study, Gradient-
weighted Class Activation Mapping (Grad-CAM) is
employed to visualize the regions of interest in MRI scans,
making the model’s decision-making process more
transparent.

The results of this study demonstrate that CNN-based
models significantly outperform conventional machine
learning techniques in terms of accuracy, sensitivity, and
specificity. The confusion matrix and receiver operating
characteristic (ROC) curves further validate the robustness
of the proposed approach. By integrating deep learning with
medical imaging, the proposed method has the potential to
revolutionize astrocytoma diagnosis, offering faster and
more reliable tumor classification.

This research contributes to the growing field of Al-
assisted medical diagnostics, highlighting the potential of
deep learning models in improving early detection and
classification of brain tumors. The findings suggest that
CNN-based automated systems can complement radiologists
by providing second opinions and reducing diagnostic
errors. As Al technology continues to evolve, its integration
into healthcare can lead to more efficient, accessible, and
accurate disease diagnosis.

In conclusion, this study aims to bridge the gap between
Al advancements and clinical applications by presenting a
reliable and scalable deep learning model for astrocytoma
classification. The implementation of Al-driven tools in
medical imaging is not intended to replace human expertise
but to enhance diagnostic precision and support medical
professionals in making informed decisions. Future research
will focus on refining Al models through larger datasets,
multi-modal imaging techniques, and explainable Al
frameworks, ensuring their practical applicability in clinical
settings.

II.  RELATED WORKS

The classification of brain tumors, particularly
astrocytomas, has been a significant research area in medical
imaging. Early approaches primarily relied on manual
histopathological examination of biopsy samples, which,
although effective, required expert analysis and was prone to
human error. The introduction of Magnetic Resonance
Imaging (MRI) provided a non-invasive alternative for
detecting and analyzing brain tumors, but traditional

methods of MRI interpretation often suffered from inter-
observer variability and subjectivity in diagnosis. To address
these challenges, researchers began exploring computational
techniques, particularly machine learning, to automate
tumor classification and grading.

Traditional machine learning techniques such as Support
Vector Machines (SVM), Decision Trees, k-Nearest
Neighbors (k-NN), and Random Forest (RF) have been
extensively used for MRI-based brain tumor classification.
These methods rely on handcrafted feature extraction, where
radiomics features such as texture, intensity, and shape
descriptors are extracted from MRI scans and used for
classification. While these approaches improved diagnostic
accuracy compared to manual interpretation, they still
required domain expertise for feature engineering, which
limited their scalability and adaptability across different
datasets.

With the advancements in deep learning, particularly
Convolutional Neural Networks (CNNSs), significant
progress has been made in automated tumor classification.
CNNs have the ability to learn hierarchical features directly
from raw MRI images, eliminating the need for manual
feature extraction. Studies have demonstrated that deep
learning models outperform classical machine learning
models by capturing complex spatial relationships within
tumor images, leading to higher accuracy, sensitivity, and
specificity in classification tasks.

Several research studies have explored different CNN
architectures for brain tumor classification. Popular
architectures such as VGG16, ResNet, InceptionV3, and
DenseNet have been employed for astrocytoma
classification, achieving  promising results.  These
architectures leverage deep layers to extract robust features,
making them highly effective for distinguishing between
low-grade (Grade | & II) and high-grade (Grade Il & V)
astrocytomas. Additionally, transfer learning techniques,
where CNNs pretrained on large-scale datasets (such as
ImageNet) are fine-tuned for medical imaging tasks, have
further improved classification performance.

Another area of research that has contributed to the
success of deep learning in medical imaging is data
augmentation. Due to the limited availability of annotated
medical datasets, researchers have employed augmentation
techniques such as rotation, flipping, scaling, contrast
enhancement, and synthetic image generation using
Generative Adversarial Networks (GANs). These methods
help improve model generalization and prevent overfitting,
ensuring robust classification across diverse MRI scans.

Beyond CNNs, hybrid models combining deep learning
with traditional machine learning classifiers have also been
proposed. Some studies have utilized CNNs for feature
extraction, followed by SVM or Random Forest classifiers
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for final decision-making. This hybrid approach leverages
the representation power of deep networks while
maintaining the interpretability of traditional classifiers.
However, pure deep learning-based methods generally
achieve higher classification performance, particularly when
trained on large and diverse datasets.

Explainability and interpretability in Al-based tumor
classification remain key concerns for clinical adoption. To
address this, researchers have introduced explainable Al
(XAIl) techniques such as Gradient-weighted Class
Activation Mapping (Grad-CAM) to visualize the important
regions in MRI scans that contribute to model predictions.
These techniques provide clinical insights and build trust
among medical professionals, making Al-assisted
diagnostics more transparent and reliable.

Multi-modal approaches, integrating different MRI
sequences such as T1-weighted, T2-weighted, and FLAIR
imaging, have also been explored to enhance astrocytoma
classification. Studies have shown that combining multiple
imaging modalities provides richer tumor representations,
improving classification accuracy. Additionally, the fusion
of clinical metadata (such as patient age and tumor location)
with MRI-based deep learning models has further enhanced
predictive performance.

Despite the success of deep learning in astrocytoma
classification, challenges remain in real-world clinical
deployment. Model generalization across different hospitals
and MRI scanners is still an issue due to variations in
imaging protocols. Researchers are addressing this by
employing domain adaptation techniques, federated
learning, and cross-institutional dataset training to improve
model robustness and adaptability. Moreover, reducing
computational complexity while maintaining high accuracy
is a critical area of research to enable real-time deployment
in healthcare systems.

In conclusion, the related work on astrocytoma
classification highlights the evolution from traditional
manual diagnosis to Al-driven deep learning techniques.
While CNN-based models have demonstrated state-of-the-
art performance, ongoing research focuses on improving
data availability, model interpretability, and clinical
integration. This study builds upon previous advancements
by implementing a custom CNN model optimized for
astrocytoma classification, incorporating data augmentation,
explainability techniques, and comparative analysis with
classical classifiers, paving the way for improved Al-driven
medical imaging solutions.

1. BACKGROUND OF STUDY

Brain tumors are among the most critical health concerns
in the field of neurology, affecting thousands of individuals
worldwide. Astrocytoma, a tumor originating from
astrocytes—glial cells responsible for supporting neural

function—is one of the most frequently diagnosed brain
tumors. These tumors are classified into four grades (I-1V)
based on malighancy, with Grade | and Il being low-grade
(slow-growing) and Grade IlIl and IV being high-grade
(aggressive and rapidly spreading). Proper classification of
these tumor grades is essential for determining an
appropriate treatment plan and predicting patient survival
rates.

Traditionally, astrocytoma classification has relied on
histopathological analysis, which involves examining biopsy
samples under a microscope. While effective, this method is
invasive, time-consuming, and prone to human error.
Moreover, the process requires highly trained pathologists,
making it challenging to standardize diagnostic results
across different medical institutions. Due to these
limitations, Magnetic Resonance Imaging (MRI) has
become the primary imaging technique for non-invasive
diagnosis of brain tumors. MRI scans provide high-
resolution images that help differentiate between tumor
grades based on structural, textural, and volumetric features.

Although MRI technology has significantly improved
tumor visualization, manual MRI interpretation by
radiologists is still subjective. Factors such as differences in
imaging protocols, variations in tumor morphology, and
radiologist expertise can lead to misclassification of tumor
grades. Furthermore, distinguishing between low-grade and
high-grade astrocytomas is often challenging due to
overlapping features in MRI scans. As a result, automated
approaches leveraging artificial intelligence (Al) and
machine learning have emerged as promising alternatives
for improving accuracy in astrocytoma classification.

Machine learning techniques have been widely explored
in medical imaging, with algorithms such as Support Vector
Machines (SVM), Random Forest (RF), and Decision Trees
being used for brain tumor classification. These approaches
rely on handcrafted feature extraction, where statistical and
textural properties of tumor regions are manually selected
and used for classification. While these models have
achieved moderate success, they often struggle with feature
selection bias and limited generalization across diverse MRI
datasets. Additionally, manually extracting relevant features
requires domain expertise, making these methods less
scalable.

To overcome these challenges, deep learning-based
approaches, particularly Convolutional Neural Networks
(CNNs), have gained traction in medical imaging. Unlike
traditional machine learning methods, CNNs automatically
learn and extract hierarchical features from MRI images,
eliminating the need for manual feature engineering. These
networks consist of multiple layers, including convolutional,
pooling, and fully connected layers, which enable them to
capture spatial and textural patterns within tumor images.
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Studies have shown that CNN models outperform
conventional machine learning classifiers in terms of
accuracy, sensitivity, and specificity in brain tumor
classification.

The growing success of CNN-based models in medical
imaging has led to the adoption of transfer learning and
pretrained deep learning models such as VGG16, ResNet,
and DenseNet. These models, initially trained on large
image datasets, can be fine-tuned on MRI data to enhance
performance with limited labeled medical datasets.
Additionally, data augmentation techniques, including
image rotation, flipping, and contrast enhancement, have
been widely used to expand training datasets and improve
model robustness. These strategies help mitigate overfitting
and enhance the generalization capabilities of deep learning
models.

Despite their effectiveness, deep learning models for
medical imaging face several challenges, including the need
for large, annotated datasets. Since medical image labeling
requires expert annotations, acquiring high-quality datasets
is often expensive and time-intensive. Furthermore,
variations in MRI acquisition settings across different
hospitals can introduce domain shifts, affecting the
performance of Al models when applied to unseen data. To
address this, researchers are investigating domain adaptation
techniques and cross-institutional training to improve model
reliability in real-world clinical applications.

Another significant challenge is the interpretability of
deep learning models in clinical decision-making. Al-based
systems are often viewed as “black-box” models, making it
difficult for radiologists to understand the reasoning behind
model predictions. To enhance transparency, techniques
such as Gradient-weighted Class Activation Mapping (Grad-
CAM) have been developed to visualize the regions of
interest (ROIs) that influence CNN-based tumor
classification. By incorporating explainable Al (XAl)
techniques, deep learning models can provide clinically
meaningful insights, increasing their acceptance in the
medical field.

Integrating Al into medical imaging workflows also
raises ethical and regulatory concerns, such as patient
privacy, data security, and bias in Al predictions. Ensuring
fair unbiaAl models requires diverse and representative
datasets that include images from various demographic
groups. Additionally, Al-driven diagnostic tools should
complement, rather than replace, radiologists by providing
second opinions and assisting in early detection and
treatment planning. As Al adoption in healthcare grows,
researchers must focus on developing models that adhere to
regulatory standards and ethical guidelines for safe clinical
deployment.

In summary, the evolution of astrocytoma classification
methods  highlights  the  transition from  manual
histopathology to Al-driven diagnostic techniques. Deep
learning, particularly CNN-based models, has shown
immense potential in enhancing classification accuracy,
reducing diagnostic workload, and improving patient
outcomes. However, addressing data availability, model
interpretability, and clinical validation remains essential for
widespread adoption. This study aims to contribute to this
growing field by implementing a custom CNN model
optimized for astrocytoma grading, incorporating data
augmentation, transfer learning, and explainability
techniques, with the goal of making Al-assisted diagnostics
more reliable and accessible in real-world healthcare
settings.

IV.  METHODOLOGY

The proposed approach for astrocytoma grade
classification leverages deep learning techniques to analyze
MRI scans and accurately categorize tumors into their
respective grades. To ensure the reliability of classification,
the methodology follows a structured pipeline consisting of
data acquisition, preprocessing, model architecture design,
training, evaluation, and performance comparison with
traditional classifiers. The goal is to develop a robust
Convolutional Neural Network (CNN)-based model that can
automate the identification of astrocytoma grades while
reducing dependence on manual diagnosis.

A. Data Collection and Preprocessing

The dataset used in this study consists of MRI scans of
brain tumors, categorized based on the World Health
Organization (WHO) grading system for astrocytomas.
Since  MRI scans often contain noise and intensity
variations, preprocessing techniques such as image
normalization, contrast enhancement, and noise reduction
are applied to improve image quality. Data augmentation
techniques, including rotation, flipping, and brightness
adjustments, are implemented to enhance model
generalization, especially given the limited availability of
labeled medical datasets. These preprocessing steps ensure
that the deep learning model is trained on diverse and well-
balanced data.

B. Model Architecture and Training

The core of the proposed methodology is a CNN-based
deep learning model designed to extract and analyze tumor-
specific features from MRI scans. The CNN consists of
multiple convolutional layers, which capture spatial
hierarchies in the images, followed by pooling layers to
reduce dimensionality and computational complexity. Fully
connected layers are added towards the end to perform the
final classification. The ReLU activation function is used in
hidden layers to introduce non-linearity, while the Softmax
activation function is applied in the output layer to
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categorize tumor grades. The Adam optimizer is employed
to accelerate model convergence while minimizing
classification loss.

During training, the dataset is divided into training
(70%), validation (15%), and testing (15%) subsets to
evaluate the model’s performance. The categorical cross-
entropy loss function is used since the problem involves
multi-class classification. Hyperparameters such as learning
rate, batch size, and number of epochs are fine-tuned
through extensive experimentation to optimize model
performance. Early stopping and dropout regularization are
incorporated to prevent overfitting and ensure the model
generalizes well to unseen MRI scans.

C. Performance Evaluation and Comparative Analysis

To assess the effectiveness of the CNN model, several
performance metrics are calculated, including accuracy,
sensitivity, specificity, precision, recall, and F1-score. The
trained model’s classification results are validated using a
confusion matrix to analyze misclassification rates among
different astrocytoma grades. Additionally, the Receiver
Operating Characteristic (ROC) curve and Area Under the
Curve (AUC) are used to measure the model’s ability to
differentiate between low-grade and high-grade tumors.

For a comprehensive evaluation, the CNN-based model
is compared with traditional machine learning classifiers,
such as Support Vector Machines (SVM) and Random
Forest (RF). The comparison is conducted to highlight the
superiority of deep learning in terms of feature extraction,
classification accuracy, and automated decision-making.
The experimental results demonstrate that CNNs outperform
conventional models by learning deep spatial features
directly from MRI images, leading to higher diagnostic
precision and reliability.

D. Explainability and Future Enhancements

To enhance model transparency, explainable Al (XAl)
techniques such as Gradient-weighted Class Activation
Mapping (Grad-CAM) are employed. This method
highlights the regions of interest (ROIs) in MRI scans that
influence the classification decision, making the Al model
more interpretable for radiologists. Future improvements
include integrating multi-modal MRI data, leveraging
attention-based  deep  learning  architectures, and
incorporating federated learning to improve model
robustness and clinical applicability.

V.  RESULTS AND DISCUSSION
A. Model Performance and Accuracy

The effectiveness of the proposed CNN-based
classification model was evaluated on MRI scans of
astrocytoma patients, achieving a high classification
accuracy compared to conventional methods. The

experimental findings indicate that the deep learning model
successfully differentiates between different tumor grades
with improved precision. The CNN model achieved an
overall accuracy of 94.5%, significantly outperforming
Support Vector Machines (SVM) and Random Forest (RF),
which obtained 85.6% and 87.1% accuracy, respectively.
The model's performance highlights the capability of deep
learning to extract intricate spatial features from MRI scans,
ensuring reliable astrocytoma classification.

B. Sensitivity, Specificity, and F1-Score Analysis

To further assess model effectiveness, key performance
metrics including sensitivity, specificity, and F1-score were
analyzed. The sensitivity (recall) of the CNN model, which
measures the ability to correctly identify tumor cases, was
92.3%, indicating a strong capability in detecting true
positive cases. Additionally, the model achieved a
specificity of 95.7%, demonstrating its effectiveness in
minimizing false positives. The F1-score, a harmonic mean
of precision and recall, reached 93.8%, further validating the
model's robustness in classifying astrocytoma grades. These
results confirm that the CNN-based approach provides more
consistent and reliable classification compared to traditional
models.

C. Confusion Matrix and Misclassification Trends

The confusion matrix analysis revealed that the CNN
model correctly classified the majority of MRI scans, with
minimal misclassification between Grade Il and Grade Il
astrocytomas. The slight overlap in predictions can be
attributed to the similar morphological features of mid-grade
tumors, which pose challenges even for experienced
radiologists. Despite this, the deep learning model
demonstrated a strong ability to differentiate high-grade
(Grade 1V) tumors from lower-grade ones, which is critical
for early intervention and treatment planning. By refining
dataset labeling and increasing training samples,
misclassification rates can be further reduced.

D. Comparative Analysis with Traditional Machine
Learning MethodsA comparative study was conducted
between the proposed CNN model, SVM, and RF classifiers
to highlight the advantages of deep learning in astrocytoma
classification. Traditional methods rely on manual feature
extraction, limiting their ability to learn complex patterns
from MRI images. The CNN model automatically extracts
hierarchical features, providing a significant advantage in
classification accuracy and robustness. Furthermore, deep
learning eliminates the need for domain-specific feature
engineering, making it more adaptable to different datasets
and imaging conditions.

E. Explainability and Model Interpretability

While deep learning models are known for their high
performance, interpretability remains a key concern in

Page | 5



Classification of Grades Of Astrocytoma In MRI Using Deep Neural Networks

Available at https://jscer.org

medical applications. To enhance transparency, Gradient-
weighted Class Activation Mapping (Grad-CAM) was
employed to visualize the regions of MRI scans that
influenced the CNN's decision-making process. This
explainability technique helped radiologists understand the
model's predictions, fostering greater confidence in Al-
assisted diagnostics. Future improvements can focus on
integrating attention mechanisms to further enhance model
interpretability.

F. Limitations and Future Directions

Despite its high accuracy, the proposed model faces
certain challenges and limitations. The availability of
annotated MRI datasets remains a constraint, affecting the
ability to generalize across different patient populations.
Additionally, variations in MRI scanning techniques and
imaging protocols between hospitals may introduce
inconsistencies in model predictions. Future research will
focus on multi-center dataset training, domain adaptation,
and federated learning techniques to improve model
generalization and clinical applicability

Final result

VI.  .CONCLUSION

This study introduced an Al-driven approach for
classifying astrocytoma grades from MRI scans, addressing
the challenges of traditional diagnostic methods. Manual
evaluation of brain tumor images is often time-consuming
and prone to inter-observer variability, which can lead to
inconsistencies in diagnosis. To overcome these limitations,
a Convolutional Neural Network (CNN)-based model was
developed to automate the classification of astrocytomas
into different grades. The proposed model demonstrated
superior accuracy, sensitivity, and specificity compared to
conventional machine learning approaches, validating the
effectiveness of deep learning in medical imaging.

The results indicate that deep learning-based
classification significantly enhances diagnostic precision,
reducing the dependency on manual feature extraction and
expert-driven analysis. The model effectively learns and
extracts complex features from MRI scans, enabling more

accurate differentiation between tumor grades. Additionally,
the integration of data augmentation techniques improved
model generalization, ensuring its adaptability to diverse
imaging datasets.

Although the model achieved high classification
accuracy, certain limitations remain, such as dataset size
constraints and variations in MRI acquisition settings across
different healthcare facilities. Addressing these issues
requires expanding training datasets, applying domain
adaptation techniques, and incorporating multi-modal
imaging approaches to enhance model robustness. Further
research should also explore federated learning strategies to
enable collaborative training across multiple institutions
without compromising patient data privacy.

In summary, the proposed deep learning model provides
an efficient, scalable, and automated solution for
astrocytoma classification, contributing to the advancement
of Al-assisted medical imaging technologies. Future
developments in explainable Al (XAl), real-time
implementation, and hybrid Al models will further enhance
the reliability of such systems, supporting early diagnosis,
clinical decision-making, and improved patient outcomes in
neuro-oncology.
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