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Abstract

We present in this article a new approach to improve prediction accuracy for detection of medical
images, which is a combination of deep neural networks and transfer learning. Employing pre-
trained models and fine-tuning them on the MRI dataset demonstrate that our proposed approach
significantly enhances the prediction accuracy compared to traditional methods. Our proposed
model exhibits an accuracy of 94.3% and an F1-Score of 93.8% which shows the high efficiency
of this method in correctly diagnosing medical images.



