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Abstract

Background: Early diagnosis of brain tumors using MRI and artificial intelligence algorithms is fundamental in
improving treatment results. MRI images serve as the primary tool for identifying brain tumors. This study aims to
evaluate machine learning algorithms for diagnosing brain tumors and non-tumors using MRI images.

Methods: From kaggle.com a total of 2400 MRI images were collected, and a pre-processing step was performed
on them. Algorithms such as logistic regression, decision tree, random forest, simple Bayes method, support vector
machine, and K nearest neighbor were also implemented on the images.

Findings: After applying all the algorithms, the values of training accuracy, test accuracy, accuracy, readability,
F1 score, confusion matrix, and the area under the rocking curve were obtained to evaluate the performance
criteria.

Conclusion: The investigations indicated that logistic regression and random forest algorithms performed the best.
Naive Bayes and decision tree algorithms need improvement.

Keywords: MRI images; Diagnosis; Machine learning; Logistic models; Random forest

Citation: Barati B, Erfaninejad M, Hashemi S, Chegeni N, Arshadi M. Evaluation of Machine Learning
Algorithms for Predicting Tumor and Non-tumor Brain MRI Images. J Isfahan Med Sch 2024; 42(778):
674-86.

1- Assistant Professor, Department of Radiology Technology, School of Medical Sciences, Shoushtar Faculty of Medical Sciences,
Shoushtar, Iran

2- Assistant Professor, Department of Basic Sciences, School of Medical Sciences, Shoushtar Faculty of Medical Sciences,
Shoushtar, Iran

3- Assistant Professor, Department of Nursing Education, School of Medical Sciences, Shoushtar Faculty of Medical Sciences,
Shoushtar, Iran

4- Associate Professor, Department of Medical Physics, School of Medicine, Ahvaz Jundishapur University of Medical Sciences,
Ahvaz, Iran

5- Shoushtar Faculty of Medical Sciences, Shoushtar, Iran

Corresponding Author: Barat Barati, Assistant Professor, Department of Medical Physics, School of Medical Sciences, Shoushtar
Faculty of Medical Sciences, Shoushtar, Iran; Email: Barati943@yahooo.com

VEY s s (a2 WA (Goslad/ FY Jlo— Olghol (K 0aSKils aloes SAS

http://jims.mui.ac.ir


http://jims.mui.ac.ir/
https://orcid.org/0000-0002-2975-088X
https://orcid.org/0000-0003-1071-9257
https://orcid.org/0000-0001-6279-5097
https://orcid.org/0000-0002-6373-5456

