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Transfer learning has become an essential approach in medical image |
analysis, especially when annotated data are limited. This study No Augmentation Light Augmentation Strong Augmentation MO AU T U Light Augmentation Strong Augmentation
examines the impact of varying fine-tuning depths and data
augmentation strengths on the performance of deep convolutional
models for pneumonia classification in chest X-rays. A pre-trained
ResNet50 backbone was adapted under three regimes: frozen (linear
probing), fine-tuning of the last block, and fine-tuning of the last two

Confusion Matrix (LP, normalized) Confusion Matrix (LP, normalized)

True label

blocks, using a Labeled Chest X-ray Images dataset. Fine-tuning ’ 7
consistently improved results, while stronger augmentation enhanced Fine-tuning yields faster and more stable convergence; stronger DA
robustness and validation stability. These findings confirm that transfer slightly delays convergence but improves generalization .
learning, combined with balanced fine-tuning and augmentation, is a
data-efficient approach for medical image classification. Test Performance Summary |
Dataset Augmentation | Model Test Acc |AUC AP (PR)
> | abeled Chest X-ray ImageS e e None FT Conv4+5 |0.8686 0.9658 0.9810
> Two classes: Normal and Pneumonia ' Light FT Conv4+5 10.8510 0.9623 0.9793
» Training: ~5,200 images | Test: 624 images Strong FT Conv4+5 |0.8910 0.9607 0.9748 p . -
> Split: 80% train / 20% validation < e
» Images resized to 224 x 224 pixels Fine-tuning consistently improves accuracy. Strong DA leads to the 7 J Y

highest test accuracy, while AUC remains stable across regimes.
| Key Findings

Data Auamentation ROC and Precision—Recall Curves | > Fine-tuning improves performance across all conditions.
u [
2 » Strong data augmentation increases robustness and accuracy (+2—3%).

Dataset ‘ [ ] Light DA | Strong DA 10 LA T, Light Augmentation Strong Augmentation > Light augmentation provides minimal gains.

ROC Curve — LP vs FT@conv5 vs FT@conv4d ROC Curve — LP vs FT@conv5 vs FT@conv4d ROC Curve — LP vs FT@conv5 vs FT@conv4d

/,_,ﬁ — ﬁ_ﬂ » AUC stays consistently high (~0.96), confirming generalization.
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