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Abstract 

Brain tumors have become a leading cause of cancer-related deaths, posing significant health risks to 

many patients. This urgent medical challenge calls for rapid, automated, and reliable techniques to 

detect brain tumors accurately. Timely and precise tumor identification is crucial for devising effective 

medical plans that have the potential to save lives and improve patient outcomes. By leveraging 

advanced image processing methods, healthcare professionals can enhance their diagnostic 

capabilities and provide targeted treatments. A tumor is characterized by the abnormal and unchecked 

proliferation of cells. In the brain, such growth depletes vital nutrients meant for healthy tissues, 

ultimately impairing brain function. Currently, tumor detection often involves manual analysis of MRI 

scans by medical experts, a process that is both labor-intensive and susceptible to human error. Tumors, 

defined as masses of abnormally growing tissue, disrupt the normal functioning of the body. To 

overcome these challenges, deep learning, like neural networks (CNN) and transfer learning models, 

including VGG-16 (Visual Geometry Group), can be utilized. These methods aim to identify the 

presence of tumors in brain images with high accuracy. The system provides a straightforward output 

– indicating “yes” if a tumor is detected and “no” otherwise – thereby streamlining the diagnostic 

process and enhancing reliability. 
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INTRODUCTION 

Brain tumors are among the most critical challenges in medical science. Early and accurate diagnosis 

is vital for radiologists to effectively manage the progression of the disease during its initial stages. 

Histological evaluation with stereotactic biopsy is considered the gold standard for determining the 

grade of brain tumors [1]. In this procedure, the neurosurgeon removes tissue by making a small hole 

in the skull. However, biopsy carry significant risks, including potential bleeding, infections, seizures, 

severe headaches, strokes, coma, and even death. 

Furthermore, stereotactic biopsies are not entirely 

reliable, and inaccuracies in diagnosis can lead to 

improper clinical management and treatment of the 

disease. 

 

Given the challenges associated with biopsies, 

non-invasive techniques, such as magnetic 

resonance imaging (MRI), have become a preferred 

method for diagnosing brain tumors. 

 

Consequently, there is a growing need to develop 

systems capable of accurately detecting and grading 

tumors based on MRI data. However, analyzing 
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MRI images can be difficult due to factors, like poor illumination, the vast amount of data, and the 

complex characteristics of tumors, including their irregular shapes, varying sizes, and unpredictable 

locations [2]. 

 

Automated detection of abnormalities in medical imaging using machine learning is gaining 
prominence in numerous diagnostic applications. Its role in identifying brain tumors through MRI is 

particularly important, as it enables the detection of abnormal tissues essential for treatment planning. 
Recent research highlights the potential of automated, computer-assisted systems for disease detection 

and diagnosis using medical image analysis. These systems can enhance diagnostic accuracy, save 
radiologists’ time, and reduce the likelihood of human error. Moreover, robust algorithms capable of 

providing quantitative measurements of tumor characteristics can significantly improve clinical 
management. By automating the labor-intensive task of tumor detection, these systems allow healthcare 

professionals to focus on patient care and treatment strategies. 
 

PROPOSED METHODOLOGY 

Brain tumors are classified according to their origin: primary tumors that develop in the brain, and 

metastatic tumors that arise elsewhere in the body and spread to the brain. Examples of brain tumors 
include glioblastoma, sarcoma, and metastatic bronchogenic carcinoma. Some tumors, such as 

meningiomas, are relatively easier to identify, while others, like gliomas and glioblastomas, are 
challenging to detect due to their diffuse nature. 

 

The World Health Organization (WHO) divides gliomas into two main groups: high-grade gliomas, 
which are malignant and include glioblastoma (stage IV), and low-grade gliomas, which are benign 

(stages II and III). While Least General Generalization tumors tend to grow more slowly and respond 
to treatment, certain subtypes can progress into Glioblastoma Multiforme if left undiagnosed or 

untreated. For both Happy Global Grid and Least General Generalization cases, accurate detection and 
proper treatment planning, such as surgery, radiotherapy, and chemotherapy, are essential Improve 

outcomes. The survival rate for GBM patients is still low, typically between 12 and 15 months. 
 

Magnetic resonance imaging (MRI) is the best non-invasive diagnostic tool for brain tumors because 
its texture is similar and painless. unlike other imaging methods such as CT scans, X-rays, and PET 

scans. MRI images are composed of pixel matrices that reveal specific characteristics of the tissues. 
Because glioblastoma is an aggressive disease, its borders are usually soft. appear unclear, making it 

difficult to distinguish them from healthy tissue. To address this challenge, various MRI techniques 
have been used, including T1-weighted, T1contrast enhanced, T2-weighted, proton density (PD), 

diffusion MRI (dMRI), and FLAIR (fluid attenuated inversion recovery). A brain tumor is an abnormal 
and uncontrolled growth of cells within the brain. As the brain is one of the most critical and sensitive 

organs of the human body, responsible for controlling muscle movements and processing sensory 

information, such as sight, sound, touch, taste, and pain, any disruption can have severe consequences. 
The brain is composed of three main components: Grey Matter (GM), White Matter (WM), and 

Cerebrospinal Fluid. Factors, such as tissue composition, abnormality location, malfunctions, 
pathologies, and diagnostic imaging, help in identifying the presence of a tumor. Brain tumors can 

impair sensory functions, muscle control, and, in severe cases, can even lead to death. 
 

Brain tumors are classified according to their origin: primary tumors that develop in the brain, and 
metastatic tumors that arise elsewhere in the body and spread to the brain. Examples of brain tumors 

include glioblastom, sarcoma, and metastatic bronchogenic carcinoma. Some tumors, such as 
meningiomas, are relatively easier to identify, while others, like gliomas and glioblastomas, are 

challenging to detect due to their diffuse nature [3]. 
 

The World Health Organization (WHO) divides gliomas into two main groups: high-grade gliomas, 
which are malignant and include glioblastoma (stage IV), and low-grade gliomas, which are benign 

(stages II and III). While Least General Generalization tumors tend to grow more slowly and respond 
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to treatment, certain subtypes can progress into Glioblastoma Multiforme if left undiagnosed or 

untreated. For both Happy Global Grid and Least General Generalization cases, accurate detection and 
proper treatment planning, such as surgery, radiotherapy, and chemotherapy, are essential Improve 

outcomes. The survival rate for GBM patients is still low, typically between 12 and 15 months. 
 

Magnetic resonance imaging (MRI) is the best non-invasive diagnostic tool for brain tumors because 

its texture is similar and painless. unlike other imaging methods such as CT scans, X-rays, and PET 

scans [4]. MRI images are composed of pixel matrices that reveal specific characteristics of the tissues. 

Because glioblastoma is an aggressive disease, its borders are usually soft. appear unclear, making it 

difficult to distinguish them from healthy tissue. To address this challenge, various MRI techniques 

have been used, including T1-weighted, T1-contrast enhanced, T2-weighted, proton density (PD), 

diffusion MRI (dMRI), and FLAIR (fluid attenuated inversion recovery). 

 

THE MAIN FUNCTIONS OF NEURAL NETWORKS 

Artificial neural networks form the basis of deep learning, a group of machine learning techniques 

inspired by the structure and functioning of the human brain. NNs process data, learn patterns, and make 

predictions for similar new data. They consist of layers of interconnected units called neurons. The 

architecture begins with an input layer, which takes the raw data, and ends with an output layer that 

provides the final predictions. Between these, one or more hidden layers perform the primary 

computations [5]. 

 

Additionally, each neuron has an associated “bias” value that is added to the weighted sum. This 

value is then processed using an “activation function,” which determines whether the neuron becomes 

active. Activated neurons transmit data to the next layer through their connections. This process of 

transmitting data through the network is referred to as “forward propagation.” 

 

Finally, the neuron with the highest value in the output layer, activation value gives the prediction. 

This systematic computation across multiple layers allows the neural network to identify complex use 

patterns and make accurate predictions. 

 

Transfer Learning 

A similar idea exists in many areas of machine learning and data mining if the training and test data 

share the same feature and distribution. However, this view is not always valid in real-world scenarios. 

For instance, we may need to separate the files in a directory, but there is only enough information to 

share from multiple directories. This training set might differ in feature space or distribution. In such 

cases, leveraging knowledge transfer can significantly enhance model performance while minimizing 

the effort required for labeling new set [6, 7]. 

 

It has proven to be an effective approach to tackle this challenge. It enables the reuse of knowledge 

gained from solving a problem can enhance learning about related problems. This method reduces the 

dependency on large datasets for training, as the “knowledge” acquired from a pre-trained model is 

applied to the current task. 

 

Activation Function 

• Sigmoid Function: The sigmoid function outputs values between 0 and 1, making it ideal for binary 

classification tasks where the output represents a probability. 

• Polynomial Logistic Function: Used for multi-class classification, the Polynomial Logistic function 

transforms outputs into a probability distribution, where each output value represents the probability 

of each class. 

• Tanh (Hyperbolic Tangent) Function: The tanh function outputs values between –1 and 1. It is often 

considered superior to the sigmoid function for binary classification tasks, especially when using 

feed-forward networks. 
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• Leaky Rectified Linear Unit: A modified version of Rectified Linear Unit, Leaky Rectified Linear 

Unit allows for a small, non-zero output for negative input values, preventing the “dying Rectified 

Linear Unit” problem that can occur when neurons stop learning. 

 

Design and Implementation 

• System Design: The system is designed to focus on the detection and classification of brain tumors 

using multiple machine learning algorithms. It consists of the following steps: 

• Dataset Handling: The dataset, sourced from Kaggle, contains labeled MRI images suitable for 

supervised learning: Preprocess involves standardizing image dimensions and normalizing pixel 

intensity values to a range of (0, 1). 

 

Feature Extraction: Key Features Were Extracted Using 

• Histogram of Oriented Gradients (HOG) for structural feature analysis. 

• GLCM for texture feature extraction. 

• Principal Component Analysis for dimensionality reduction. 

 

Model Training and Testing 

• Machine learning algorithms used include Naïve Bayes, K-Nearest Neighbors, Decision Tree, LR, 

SVM, MLP, and Random Forest. 

• Each algorithm was trained and tested on the same dataset split into training and testing subsets. 

• A parameter of a prior tuning was performed using GSCv and RandomizedSearchCV to optimize 

each model’s performance. 

 

Performance Evaluation 

• Metrics, such as accuracy, precision, recall, F1score, and ROC-AUC, were computed for each 

algorithm. 

• Comparative analysis was conducted to identify the strengths and weaknesses of each approach. 

 

Implementation 

Environment Setup 

• Python 3.8 was used for implementation. 

• Libraries, such as NumPy, Pandas, Matplotlib, Seaborn, Scikit–Learn, Mahotas, were employed. 

 

Preprocessing 

• MRI images were pre-processed using OpenCV for resizing, grayscale conversion, and 

normalization. 

• Data augmentation techniques, such as rotation and flipping, were applied to enhance model 

robustness. 

 

Feature Engineering 

• HOG and GLCM were implemented using 

• Scikit–Learn and Mahotas. 

• Dimensionality reduction was performed using PCA from Scikit–Learn’s decomposition module. 

 

Model Training and Testing 

• Each algorithm went through training set, tested through testing set. 

• Results, including classification accuracy and confusion matrices, were recorded for analysis. 

 

Comparison and Visualization 

• Metrics for all algorithms were plotted using Matplotlib and Seaborn for comparison. 

• ROC curves were generated to evaluate the discriminative power of each model. 



 

International Journal of Cell Biology and Cellular Functions  

Volume 4, Issue 1 

ISSN: 3139-1834 

 

© STM Journals 2026. All Rights Reserved 55  
 

Specific Advice 
Dataset Preprocessing 

• Ensure that dataset is balanced across classes to avoid bias in the model’s predictions. 

• Conduct thorough preprocessing steps, such as normalization and noise reduction, to enhance data 
quality. 

• Employ data augmentation techniques, such as flipping, rotation, and scaling, to artificially increase 
the dataset size along with improving model generalization. 

 
Feature Selection and Engineering 

• Use domain-specific knowledge to select meaningful features that best represent the tumor’s 
characteristics. 

• Consider employing advanced dimensionality reduction techniques, such as t-SNE or autoencoders, 
for handling high-dimensional data. 

 
Model Selection 

• Begin with simple models (e.g., Logistic Regression or Naïve Bayes) to establish baseline 
performance before transitioning to more complex ones (e.g., Random Forest or Support Vector 
Machines). 

• Experiment with ensemble methods, such as bagging and boosting, to improve classification 
performance. 

 
Evaluation Metrics 

• Use multiple metrics, like accuracy, precision, recall, F1 score and ROC-AUC, to evaluate model 
performance comprehensively. 

• Conduct cross-validation to ensure the results are not influenced by dataset splitting. 
 
Result Interpretation 

• Analyze confusion matrices to understand where the models may misclassify data and identify 
patterns in errors. 

• Compare algorithms based on their strengths and weaknesses for the specific task such as sensitivity 
to data imbalance or interpretability. 

 
Future Work 

• Consider implementing DL techniques, such as CNN, for feature extraction, classification in future 
work. 

• Explore the integration of multimodal data (e.g., combining MRI with clinical data) to improve 
diagnostic accuracy. 

• Investigate the deployment of the models in a clinical setting to evaluate real-world applicability. 
 
Some Common Mistakes 
Insufficient Data Preprocessing 

• Neglecting to normalize or standardize image data can lead to inconsistent model performance. – 
Failing to remove noise or irrelevant features from MRI images may result in inaccurate predictions. 

 
Imbalanced Dataset 

• Overlooking class inconsistency can make an instance inconsistent with most of the class, thus 
reducing its detectability, minority class instances. 

• Not employing techniques like oversampling, undersampling, or using class weights during 
training. 

 

Overfitting 

• Using overly complex models without proper regularization can cause overfitting, which means 

that the model gives good performance on training set but bad on unknown set. 



 

 

Intelligent Brain Tumor Diagnosis with AI-Based Classification                                                            Gupta et al. 

 

 

© STM Journals 2026. All Rights Reserved 56  
 

• Not utilizing cross-examination to evaluate model generalization. 

 

Suboptimal Feature Selection 

• Using all available features without evaluating their relevance can lead to reduced performance due 

to the inclusion of noisy or redundant data. 

• Overlooking advanced feature extraction methods, like GLCM, HOG, or PCA, can limit the 

model’s effectiveness. 

 

Improper Evaluation Metrics 

• Relying solely on accuracy as a performance metric may obscure the true effectiveness of the 

model, especially in imbalanced datasets. 

• Ignoring other critical metrics, like precision, recall, F1-score, or ROC-AUC, can lead to 

incomplete performance assessment. 

 

Lack of Comparative Analysis 

• Not comparing the performance of multiple algorithms can miss opportunities to identify the most 

suitable model for the task. 

• Overlooking the impact of hyperparameter tuning on each algorithm. 

 

Ignoring Reproducibility 

• Failing to document preprocessing steps, hyperparameter settings, and evaluation criteria can make 

it difficult to reproduce results. 

• Not fixing random seeds for reproducibility during training and testing. 

 

RESULTS 

In the study, compared the performance of many MLA multiple metrics, included accuracy, average 

recall, average precision, and F1 score. The results revealed distinct performance differences among the 

algorithms. Naive Bayes achieved an accuracy of 53, an average recall of 54, an average precision of 

58, and an F1 score of 50, indicating relatively low performance compared to other algorithms. In 

contrast, k-Nearest Neighbors demonstrated significantly better performance, with an accuracy of 84, 

an average recall of 84, an average precision of 85, and an F1 score of 84. Decision Tree showed similar 

results with an accuracy of 83 and a balanced F1 score of 83. LR and SVM performed at an optimal 

level with an accuracy of 88 and matching recall, precision, and F1 scores [8]. Multi-layer Perceptron 

(MLP) further improved upon these results, achieving a higher accuracy of 90 but with a slightly lower 

precision and F1 score of 89. Random Forest emerged as the top-performing algorithm, yielding the 

highest accuracy (92), recall (92), precision (93), and F1 score (92). These findings suggest that 

ensemble methods, like Random Forest, outperform traditional classifiers, such as Naive Bayes, with 

Random Forest showing consistent top-tier performance across all evaluation metrics (Table 1 and 

Figure 1) [9]. 

 

Table 1. Comparison study. 
ML Algorithms  Performance  

Accuracy Avg recall Avg precision F1 score 

Naive Bayes 0.53 0.54 0.58 0.5 

k-Nearest Neighbors 0.84 0.84 0.85 0.84 

Decision Tree 0.83 0.83 0.83 0.83 

Logistic Regression 0.88 0.88 0.88 0.88 

SVM 0.88 0.88 0.88 0.88 

MLP 0.9 0.9 0.89 0.89 

Random Forest 0.92 0.92 0.93 0.92 
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Figure 1. Comparison Bar Graph. 

 
CONCLUSION 

This study aimed to compare performance on several machine learning algorithms on a given dataset, 
evaluating the accuracy, recall, precision, and F1 score. The results demonstrated that ensemble 
methods, particularly Random Forest, outperformed traditional classifiers, like Naive Bayes, in terms 
of all performance metrics. While algorithms, such as Logistic Regression, SVM, and MLP, exhibited 
strong performance, Random Forest consistently yielded the optimal results, form it the most suitable 
choice to the problem at hand [10]. 
 

The findings suggest that model selection plays a crucial role in achieving optimal performance, and 
further experimentation with hyperparameter tuning, feature engineering, and other ensemble 
techniques could further improve results. Additionally, exploring more complex models or applying the 
algorithms to different types of datasets could provide further insights into their generalization 
capabilities [11]. 
 

Overall, this study highlights the importance of algorithm evaluation and selection in machine 
learning, contributing to the understanding of how different models perform on various types of data. 
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