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Abstract—Brain tumors are a major worldwide health problem, with early and correct
diagnosis critical for successful treatment and better patient outcomes. Advances in medical
imaging and machine learning have created new opportunities for automated diagnostic tools to
help doctors identify and categorize brain cancers with greater accuracy. This study
investigates the use of machine learning techniques, notably Random Forest classifiers and 2D
Convolutional Neural Networks, to classify brain tumors using MRI data. The models were
trained and evaluated using a publicly available Kaggle dataset, which included a wide range of
brain MRI images labeled with tumor classifications. While the Random Forest model was
simple and computationally efficient, the 2D CNN surpassed it in terms of accuracy and
precision, demonstrating the power of deep learning for dealing with complicated imaging data.
These findings emphasize the importance of using machine learning in medical diagnostics,
demonstrating how sophisticated algorithms may increase diagnostic accuracy while also
providing significant insights to guide treatment decision-making. Integrating such technologies
may improve early detection, streamline procedures, and eventually lead to better patient care
in cancer.

Index Terms—Machine Learning, Convolutional Neural Network, Random Forest, Healthcare,
Brain Tumor and Biomedical.

|. INTRODUCTION

Cerebral growths, which are differentiated by the rapid and uncontrolled development of abnormal cells, pose a
major health threat. Early identification and treatment are critical, since untreated tumors can spread fast,
resulting in serious health implications and a worse quality of life [1]. Despite advances in brain tumor
identification and therapy, proper tumor segmentation and classification remain difficult due to the complex
structure and varying appearance of tumors in medical imaging [1].

Machine learning has emerged as an effective method for addressing these difficulties. Its capacity to scan large
datasets, discover detailed patterns, and make accurate predictions has transformed medical imaging. In
particular, machine learning-based brain tumor categorization has showed considerable promise in terms of
enhancing diagnosis accuracy and expediting treatment planning. Researchers have developed a variety of ways
for classifying brain tumors from MRI images with high accuracy and speed [2]. These techniques include
distinct machine learning algorithms, feature extraction methods, and pre-processing processes. These
advancements illustrate the essential role of machine learning in transcending conventional restrictions in
healthcare imaging and enabling more reliable and automated diagnostic solutions.
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Il. TYPES OF BRAIN IMAGING MODALITIES

Three basic technologies as mentioned in Figure 1 are commonly utilized to study brain tumor structure.

‘ Imaging Modalities ‘
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‘ CT Scan ‘ ‘ MRI Scan ‘ ‘ PET Scan ‘

Figure 1. 2D Types of Brain Imaging Modalities

» CT Scan: Computational tomography (CT) scans are more detailed than ordinary X-ray pictures. Since its
inception, the computed tomography, or CT, scan has gained widespread acceptance and usage. However,
compared to routine X-rays, it exposes patients to higher radiation levels. Because of this increased radiation
exposure, frequent CT scans may raise the risk of developing cancer. [1]

» MRI Scan: An MRI scanning is utilized to thoroughly determine numerous biological components alongside
can discover brain abnormalities sooner than other imaging treatments. As a result, the brain's complex
architecture makes tumor segmentation difficult. [1][3]

» PET Scans: The technique of positron emission tomography, or PET, employs a specific type of radioactive
tracer PET is used to study the metabolic features of cerebral growths, including arterial circulation,
metabolizing glucose, the generation of lipids, intake of oxygen, and metabolism of amino acids. It remains
one of the most effective metabolic methods known [1]

When compared to other imaging technologies like CT scans, PET scans, and X-rays, MRI is extremely effective

in detecting cancers and assessing surrounding tissues, causes no discomfort, and has no known tissue damage

[4][5]. It generates detailed images of the brain and surrounding tissues using a high magnetic field, radio

signals, and an electronic device rather than x-rays or ionizing radiation. [4][6][16]

1. LITERATURE REVIEW

In [7], MRI imaging is utilized to diagnose brain tumours. The median filter is used for picture pre-processing.
The thresholding approach divides tumor regions into intensity levels. K-means clustering organizes comparable
pixels for segmentation. GLCM is utilized for feature extraction. The SVM classifier detects tumours that are
both malignant and benign with an accuracy of 80%.

In [8], another approach, Cerebral growth categorization was proposed utilizing utilization of deep features
combined with machine learning models. To extract features from MRI scans, the recommended technique for
this reference makes use of transfer learning and several deep convolutional neural networks. The MRI scan data
was then analyzed by a number of machine learning classifiers to identify between persons with malignancies
and those who were healthy.

In [9], the SVM technique was used for regression and classification analysis, yielding high accuracy. However,
one drawback is its lengthy execution time in tumor classification. Subsequently, one disadvantage is its long
computation time for cancer categorization. A review of current computerized scanning studies for brain tumors
identification was undertaken. The first study on categorizing brain cancers using magnetic resonance imaging
employed SVM approach, it employs extraction of characteristics to categorize brain tumors into two types:
carcinoma and normal.

In [10], the tumour classification techniques' performance in categorizing cognitive MRI scan. characteristics
were evaluated. During categorizing technique, analytical properties of incoming photographs were examined,
and information was carefully divided into several groups. The information have been assessed using machine
learning algorithms such as KNN (k nearest neighbor), RF (random forest), SVM (support vector machines), and
LDA. The SVM algorithm outperformed the others, with a 90% accuracy rate.

In [11], a deep learning network based on U-Net was created to automatically categorize tumors in preoperative
MRI data. The algorithm performed well on testing and training data sets.

In [12], the approach is used to accurately segment tumor indications. The VGG-19 Transfer Learning model is
fine-tuned to acquire deep features. These deep traits are then combined with manually produced form and
texture properties via a sequential fusion technique. Entropy is utilized to optimize these characteristics for
accurate and rapid classification, and a fused vector is fed into classifiers.

In [13], the proposed procedure involves removing the skull via brain surface extraction (BSE). The deleted skull
picture is then sent into particle swarm optimization (PSO) to improve segmentation. In the following stage,
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segmented pictures' local binary patterns (LBP) and deep features are retrieved, and the best features are selected
using a genetic algorithm. Finally, artificial neural networks (ANNSs) and other classifiers are used to categorize
tumour grades.

In [14], the ROI in the brain was identified by k-nearest neighbour (K-NN) image classification. Five classes
were proposed, with two indicating infection and three indicating healthy region. It was discovered that the
cancer texture is substantially connected with the stroke.

To overcome time and expense constraints for multi-spectral MRI scans and other challenges, [15] proposes a
single-spectral anatomical MRI technique for detecting tumor tissues. So we demonstrated a completely
automated method capable of detecting tumor-containing slices and delineating the tumor region. The
experimental findings using a single contrast mechanism show that our suggested approach may successfully
segment brain tumor tissues with high accuracy and minimal processing complexity.

I1l. METHODOLOGY

To identify tumors using MRI in medical imaging, great accuracy is necessary, especially when the diagnosis
has a direct influence on human lives. To do this, an effective approach for extracting and classifying tumor
features is required. However, the generally utilized approaches for brain tumor classification are time-
consuming and prone to overfitting. This study leverages the power of Artificial Intelligence for brain tumour
classification using kaggle dataset. To achieve this, we implemented two distinct models: Random Forest and 2D
Convolutional Neural Network (CNN). These models were chosen because of their shown effectiveness in
dealing with complicated patterns and huge datasets.

A. 2D Convolutional Neural Network
Two Dimensional Convolutional neural networks (CNNs) have developed strong tools in a variety of disciplines,
with notable performance in feature extraction and classification tasks.

Feature Extraction

Convolution Layer

Input Layer '—’ Flatten Layer }—»

Pooling Layer

Fully Connected Layer H Output Layer

Figure 2. 2D Convolutional Neural Network

Input Layer: This layer receives primary information for input in image format.

Feature Extraction: Feature extraction incorporates the Convolution Layer and the Pooling Layer. The
Convolution Layer applies filters to the input to extract crucial properties such as edges and textures. The
Pooling Layer samples the feature map to decrease dimensions and computational complexity while keeping
critical information.

Flatten Layer: Transforms the pooling layer's 2D feature maps into a 1D vector of features for use in the fully
connected layers.

Fully Connected: A thick layer that uses all retrieved characteristics to create predictions.

Output Layer: Generated the final output.
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Figure 3. Results from 2D Convolutional Neural Network on Kaggle Dataset
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B. Random Forest

Random Forest is a choice tree-based ensemble learning technique, was used in this work for classification tasks
because to its resilience and capacity to handle high-dimensional data. During training, the method generates
several decision trees using random choices of the data. using bootstrap sampling, and then combines their
outputs using majority voting to get final classification. This method not only minimizes the likelihood of
overfitting, but it also increases generalization. Key hyperparameters like the number of trees (n_estimators) and
random state were tuned to strike a compromise between computational efficiency and model correctness. The
training and evaluation procedure included preprocessing processes, model training on labeled datasets, and
performance evaluation on unseen test data

Data Collection
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Random Forest
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Feature Selection

Data
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Figure 3. Random Forest Algorithm
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Figure 4. Results from Random Forest Model on Kaggle Dataset

IV. RESULT AND ANALYSIS

The performance metrics for both the 2D Convolutional Neural Network (CNN) and Random Forest classifiers
indicate their effectiveness in the given classification task. The 2D CNN achieved an accuracy of 0.92, slightly
outperforming the Random Forest's 0.91. Precision for the CNN was 0.93, indicating a marginally better ability
to avoid false positives compared to the Random Forest, which achieved a precision of 0.92. Both models
demonstrated equal F1 scores of 0.91, reflecting a balanced trade-off between precision and recall. Recall values
were identical at 0.92 for both methods, showcasing their comparable ability to correctly identify relevant
instances.

Overall, while the 2D CNN exhibited a marginally better accuracy and precision, the Random Forest achieved
competitive performance with simpler implementation and reduced computational requirements. These findings
underscore the suitability of both methods for the classification problem, with the choice of model depending on
specific use-case constraints such as computational resources and model interpretability.

TABLE |. COMPARISON

Method Accuracy Precision F1 Score Recall
2D CNN 0.92 0.93 0.91 0.92
Random Forest 0.91 0.92 0.91 0.92

IV. CONCLUSION

This study illustrates the effectiveness of machine learning approaches, notably Random Forest and 2D CNN, in
identifying brain cancers from MRI data. While the 2D CNN outperforms the Random Forest in terms of
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performance, it consumes significant processing resources and may be difficult to comprehend. The model
should be carefully selected depending on individual clinical requirements and available computing resources.
Future research paths may investigate the use of improved deep learning algorithms to improve classification
accuracy and resilience. Furthermore, adding domain knowledge and explainable Al approaches might enhance
the clinical interpretability and trustworthiness of machine learning-based diagnostic systems.
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