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ABSTRACT

Brain tumors pose significant diagnostic challenges due to their complex structures and similarities with healthy
brain tissues in medical images. Early and accurate detection is critical for effective treatment planning and
improved patient outcomes. This research presents a machine learning-based automated system for brain tumor
diagnosis using magnetic resonance imaging (MRI) scans. The methodology includes preprocessing, feature
extraction, and classification using multiple machine learning models such as Support Vector Machine (SVM),
Random Forest, K-Nearest Neighbors (KNN), and Convolutional Neural Networks (CNN). The proposed
framework was evaluated using publicly available datasets and achieved high classification accuracy,
demonstrating its potential for clinical applications. The study also analyzes model performance using metrics
such as precision, recall, F1-score, and ROC-AUC. The experimental results show that machine learning can
significantly enhance diagnostic accuracy, reduce human error, and support radiologists in decision-making.
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INTRODUCTION

1.1 Background and Motivation
Brain tumors are among the most lethal forms of neurological disorders, and their early detection plays a critical role in
improving survival rates. Traditionally, radiologists analyze MRI scans manually, which is time-consuming, prone to
human error, and highly dependent on expert interpretation. With the rise of medical imaging technologies and data
availability, artificial intelligence—particularly machine learning (ML)—has emerged as a powerful tool to assist in
automated and accurate diagnosis.

1.2 Problem Statement

Manual examination of brain MRIs often leads to inconsistent results due to overlapping tumor characteristics, noise in
images, and subjectivity in analysis. There is a need for an intelligent, automated diagnostic system that can accurately
identify and classify brain tumors with minimal human intervention, enhancing both speed and reliability in clinical
workflows.

1.3 Objectives of the Study
This research aims to:

o Develop an automated framework for brain tumor diagnosis using machine learning techniques.
e Compare the performance of multiple ML classifiers such as SVM, KNN, Random Forest, and CNN.
e Evaluate the system using standard datasets and relevant performance metrics.

1.4 Significance of Machine Learning in Medical Diagnosis

Machine learning offers the ability to learn complex patterns from vast datasets and generalize these patterns to unseen
data. In medical diagnosis, this translates to reduced diagnostic delays, improved accuracy, and support for medical
professionals in critical decision-making processes. Its use in brain tumor detection bridges the gap between
radiological imaging and computational intelligence, contributing to more accessible and reliable healthcare systems.

LITERATURE REVIEW
Historically, brain tumor detection has relied heavily on radiologists analyzing MRI, CT, or PET scans manually. These

traditional methods, while clinically accepted, are limited by human factors such as fatigue and subjectivity. Moreover,
early-stage tumors may be missed due to their subtle appearances, and overlapping tissue characteristics often pose
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diagnostic challenges. Segmentation-based approaches using thresholding and region growing have also been explored,
but they struggle with accuracy and scalability.

The adoption of machine learning in medical imaging has seen exponential growth in recent years. Supervised learning
techniques have been employed for classification tasks where labeled data is available. Support Vector Machines
(SVM), Decision Trees, and Random Forests have been effective in classifying tumors based on extracted features.
Unsupervised learning and clustering techniques have also been used to discover hidden patterns in MRI datasets.

The diagnosis of brain tumors through medical imaging has evolved significantly over the past decades. Initially,
manual interpretation of MRI scans by radiologists was the standard practice. However, such approaches are limited by
subjectivity, fatigue, and variability in expertise, which can lead to misdiagnosis or delayed treatment [1]. Traditional
image processing techniques such as thresholding, region growing, and edge detection were applied to segment tumors
but struggled with complex tumor shapes and varying intensity levels across different patients [2]. These classical
methods often required manual tuning and lacked robustness in diverse clinical scenarios.

With the advent of machine learning, several studies explored automated classification of brain tumors using
handcrafted feature extraction followed by classifiers like Support Vector Machines (SVM), Decision Trees, and
Random Forests. For example, Zhang et al. [3] demonstrated effective tumor classification using texture and intensity
features with SVM, achieving accuracies exceeding 85%. Similarly, Liu and Wang [4] employed Random Forest
classifiers on statistical features extracted from MRI images and reported improved performance over traditional
segmentation techniques. However, these methods depended heavily on the quality of feature engineering and were
sensitive to noise and image artifacts.

Deep learning, particularly Convolutional Neural Networks (CNNs), has revolutionized medical image analysis by
enabling end-to-end learning from raw data, thus eliminating the need for manual feature extraction [5]. CNN
architectures like VGGNet, ResNet, and U-Net have been widely adopted for brain tumor segmentation and
classification tasks. Pereira et al. [6] proposed a CNN model trained on the BraTS dataset that achieved over 90%
accuracy in tumor detection. Similarly, Kamnitsas et al. [7] combined CNNs with Conditional Random Fields for more
precise tumor segmentation. Deep learning models are especially powerful in capturing hierarchical spatial patterns and
subtle tumor boundaries that traditional methods often miss.

Despite these advances, deep learning approaches face challenges such as the need for large annotated datasets and
high computational costs [8]. To mitigate this, transfer learning with pretrained networks has been explored to leverage
knowledge from large-scale image datasets and adapt to medical imaging tasks efficiently [9]. For instance, Cheng et
al. [10] utilized pretrained ResNet models for brain tumor classification, achieving state-of-the-art results with reduced
training time. Moreover, data augmentation techniques such as rotation, flipping, and scaling have been employed to
increase dataset variability and prevent overfitting [11].

Comparative studies highlight a trade-off between classical machine learning methods and deep learning. While CNNs
generally outperform traditional classifiers in accuracy, they require substantial computational resources and training
data [12]. On the other hand, classical models like Random Forests offer interpretability and faster inference, making
them suitable for deployment in resource-limited environments [13]. Some hybrid approaches combining feature
engineering with deep learning components have also been proposed to balance performance and efficiency [14].

Finally, despite many promising research outcomes, clinical translation remains limited due to issues such as dataset
heterogeneity, lack of standardized evaluation protocols, and the “black-box” nature of deep learning models [15].

Recent works have emphasized explainability techniques and multi-center datasets to address these challenges [16,17].

Overall, machine learning holds significant promise to augment radiological diagnosis, improve accuracy, reduce
workload, and ultimately enhance patient outcomes.

Recent developments in explainable Al (XAl) have focused on making deep learning models more interpretable to
clinicians, thereby increasing trust and adoption in medical practice. Methods such as Grad-CAM, SHAP, and LIME
have been applied to highlight critical regions influencing model predictions, aiding radiologists in understanding
automated decisions [18]. Additionally, ensemble learning approaches that combine multiple models have been
investigated to improve robustness and generalization across different imaging protocols and patient populations [19].

Furthermore, integration of multi-modal data, such as combining MRI with genetic or clinical data, has shown potential

to enhance tumor classification accuracy and personalized treatment planning [20]. These directions mark significant
progress toward practical and reliable brain tumor diagnosis systems powered by machine learning.
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Existing literature confirms the effectiveness of machine learning in brain tumor diagnosis, yet challenges persist in
achieving clinical-grade reliability, interpretability, and data generalization. This study attempts to bridge this gap by
evaluating and comparing both classical and deep learning models in a unified framework.

METHODOLOGY

This section outlines the overall framework used for automated brain tumor diagnosis, covering dataset selection,
preprocessing, feature extraction, model training, and evaluation.

Dataset Description

The study utilizes publicly available MRI datasets for brain tumor classification. One of the most widely used is the
BraTS (Brain Tumor Segmentation) dataset, which provides multimodal MRI scans (T1, T1Gd, T2, FLAIR) along with
annotated tumor regions. In some experiments, other benchmark datasets like Figshare and Kaggle Brain MRI Dataset
were also incorporated for model robustness.

Preprocessing Techniques
Preprocessing is crucial for improving the model’s accuracy and reducing computational complexity.

o Normalization: All images are normalized to a standard intensity range.

e Resizing: MRI scans are resized to a fixed resolution (e.g., 128x128 or 256x256 pixels).

¢ Noise Removal: Gaussian filters or median filters are applied to reduce image noise.

e  Skull Stripping: Non-brain tissues are removed using tools like FSL or thresholding techniques to isolate the
brain region.

Feature Extraction
Feature extraction differs based on the ML technique used:

e For classical ML models, statistical and texture-based features (e.g., histogram of oriented gradients, GLCM,
intensity histogram) are extracted.
e For deep learning models (CNNSs), feature extraction is automated within the architecture during training.

Machine Learning Models Used
The study implements and compares several machine learning algorithms:

Support Vector Machine (SVM): Effective for high-dimensional classification.

Random Forest (RF): Ensemble model suitable for noisy data and feature importance ranking.

K-Nearest Neighbors (KNN): Simple yet effective in measuring similarity-based classification.
Convolutional Neural Networks (CNN): Deep learning architecture for end-to-end learning from raw pixel
data. CNN models are built from scratch as well as using pre-trained architectures (e.g., VGG16, ResNet50).

Model Training and Validation

e The dataset is split into training (70%b), validation (15%0), and testing (15%6) sets.

o Data Augmentation techniques (rotation, flipping, zoom) are applied to increase dataset size and improve
generalization.

e Early stopping and dropout layers are used to prevent overfitting in CNNs.

Evaluation Metrics
To assess model performance, the following metrics are used:

Accuracy
Precision

Recall (Sensitivity)
F1-Score
ROC-AUC Curve
Confusion Matrix

Experimental Setup

To evaluate the effectiveness of our proposed machine learning-based brain tumor diagnosis system, a structured and
reproducible experimental setup was designed. The experiments were conducted using a balanced dataset and a
controlled computational environment.
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HARDWARE AND SOFTWARE CONFIGURATION

Table 1: Hardware and Software Configuration

Component Specification
Processor Intel Core i7, 10th Gen
RAM 16 GB DDR4
GPU NVIDIA RTX 3060 (6 GB)
0S Windows 11 / Ubuntu 20.04
Programming Language Python 3.10
Libraries Used TensorFlow, Keras, OpenCV, scikit-learn
IDE/Environment Jupyter Notebook, Google Colab

Dataset Split and Real-Time Processing

Training Set: 70%

Validation Set: 15%

Test Set: 15%

Total Images Used: 3,264 MRI scans

Processing Time Per Image (CNN): ~0.12 seconds (inference)
Processing Time Per Image (Classical ML): ~0.05 seconds

Model Training and Hyperparameters

e CNN Epochs: 50
e Batch Size: 32
e Learning Rate: 0.0001 (Adam Optimizer)
e KNN(K):5
e SVM Kernel: RBF
e Random Forest Trees: 100
Table 2: Real-Time Performance Comparison of ML Models
Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | Inference Time (s)
SVM 91.2 89.4 90.1 89.7 0.052
KNN 88.3 87.0 86.5 86.7 0.048
Random Forest 92.5 91.8 91.2 91.5 0.055
CNN (custom) 96.8 96.1 95.4 95.7 0.121
CNN (ResNet50) 97.5 97.0 96.3 96.6 0.133
Table 3: Confusion Matrix (CNN Model on Test Data)
Predicted: Tumor | Predicted: No Tumor
Actual: Tumor 460 18
Actual: No Tumor 12 468
e Total Test Images: 958
e True Positives (TP): 460
e True Negatives (TN): 468
o False Positives (FP): 12
o False Negatives (FN): 18

RESULTS AND DISCUSSION

This section presents the results obtained from training and testing multiple machine learning models and interprets
their performance in the context of real-time brain tumor diagnosis.

Model Performance Comparison

The models were evaluated using accuracy, precision, recall, F1-score, and inference time, as summarized in Table 1
(refer to Section 4). The CNN model with the ResNet50 architecture achieved the highest accuracy of 97.5%, followed
closely by the custom CNN model with 96.8%. In contrast, classical models such as Random Forest and SVM
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achieved accuracies of 92.5% and 91.2% respectively. KNN showed the lowest performance, which may be due to its
sensitivity to noise and high-dimensional data.

These results demonstrate that deep learning models, particularly CNN-based architectures, outperform classical
approaches in both precision and recall, making them more suitable for critical applications such as medical diagnosis.

Confusion Matrix Analysis
From Table 2, we can derive the following insights:

True Positives (TP): 460 cases correctly diagnosed with tumors.
True Negatives (TN): 468 correctly identified as tumor-free.

False Positives (FP): 12 healthy cases wrongly predicted as tumors.
False Negatives (FN): 18 tumor cases missed by the model.

The false negative rate is critical in medical diagnostics since missing a tumor could delay treatment. In this case, the
FN rate was only 1.88%, which is within acceptable clinical thresholds and indicates the reliability of the model.

ROC-AUC Evaluation

The Receiver Operating Characteristic (ROC) curve plotted for the CNN model showed an AUC (Area Under Curve)
of 0.98, which indicates excellent discriminatory ability. The curve stayed close to the top-left corner, suggesting
minimal trade-off between sensitivity and specificity.

Companson of ML Models for Brain Tumor Detection
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Figure 1: Comparison of ML Models for Brain Tumor Detection

Inference Time and Real-Time Applicability

Real-time inference is vital for clinical deployment. Our CNN models required 0.12-0.13 seconds per image, which is
suitable for integration into diagnostic workflows. Classical ML models were faster (~0.05 seconds), but with lower
accuracy, making them less ideal for clinical settings where reliability is critical.

DISCUSSION ON MODEL ROBUSTNESS

While deep learning models offered higher accuracy, they also required more computational resources and larger
datasets for training. Classical models, while less accurate, were easier to implement and interpret. In low-resource
settings, models like Random Forest could still serve as practical alternatives.

Data augmentation significantly contributed to generalization, and early stopping prevented overfitting. Additionally,
integrating multimodal MRI images (T1, T2, FLAIR) helped the model capture tumor characteristics more
comprehensively.

CONCLUSION

The study presents a comprehensive machine learning-based framework for the automated diagnosis of brain tumors
using MRI images. By leveraging both classical machine learning models and deep learning architectures, the research
highlights the strengths and limitations of each approach in a clinical diagnostic context.
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Among the models evaluated, the Convolutional Neural Network (CNN) based on ResNet50 achieved the highest
accuracy of 97.5%, demonstrating superior capability in learning complex spatial patterns from medical images.
Traditional models such as Random Forest and SVM also performed reasonably well, with accuracies above 90%,
making them suitable options for resource-constrained environments.

The real-time inference capability of all models confirms their practical usability, with CNN models operating well
within acceptable response times for clinical decision support systems. The use of data augmentation, proper
preprocessing, and rigorous evaluation metrics like ROC-AUC and confusion matrices ensured robust model
validation.

Despite these promising results, challenges such as dataset diversity, inter-patient variability, and model interpretability
remain areas for future research. The findings suggest that integrating such Al-driven systems into radiological
workflows can significantly improve diagnostic speed, accuracy, and consistency, ultimately aiding healthcare
professionals and enhancing patient outcomes.
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