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Research on optimizing interpretability of EfficientNet architecture
brain tumor classification model

Guo Xinru Lyu Weidong Wang Rui  Zhao Dini

(School of Mathematics and Physics, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: Brain tumors are highly invasive neurological diseases, and accurate early diagnosis is crucial for developing
personalized treatment plans. Computer-aided diagnosis (CAD) based on deep learning techniques has achieved
significant progress in medical image analysis, but limitations remain in terms of classification accuracy, computational
efficiency, and interpretability. To address these issues, this study proposes an optimized EfficientNet model based on
transfer learning and fine-tuning strategies. The model improves certain convolutional and fully connected layers and
adds a global average pooling layer and a Dropout layer at the top of the network to enhance feature extraction capability
and classification performance. Additionally. gradient-weighted class activation mapping (Grad-CAM) is introduced to
visualize the model' s decision-making process, effectively highlighting key discriminative regions of brain tumors,
thereby improving interpretability and clinical reliability. Experimental results on the Figshare dataset demonstrate that
the proposed model achieves an accuracy of 99.35% on the test set while significantly reducing parameter count and
computational complexity, outperforming baseline models including VGG16, ResNetl52V2, and Vision Transformer
across all major metrics. Furthermore, cross-dataset validation shows that the model attains an accuracy of 92.51%,
further demonstrating its robust stability and generalization capability.

Keywords: brain tumor;EfficientNet;image classification; explainability
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Table 3 Comparative experiments of models different models %
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VGG16 Meningioma 0.901 5 0.896 2 0.875 0 0.898 8| EfficientNet-Bl Meningioma 0.992 7 0.957 7 0.997 9 0.974 9
Pituitary  0.982 0 0.9910 0.9700 0.986 4 Pituitary  1.000 0 1.000 0 1.000 0 1.000 0
Glioma 0.9454 0.9386 0.9510 0.9419 Glioma 0.9930 1.0000 0.9939 0.994 8
ResNetl52V2  Meningioma 0.915 8 0.972 0 0.915 2 0.943 1| EfficientNet-B2 Meningioma 1.000 0 0.978 9 1.000 0 0.989 3
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Pituitary  0.994 7 1.000 0 0.997 7 0.997 3 Pituitary 1.000 0 0.981 3 0.978 9 0.958 8
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Table 4 Performance of EfficientNet model %
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Table 5 Results of performance comparison analysis
%

e IR LAl Acc
SCik[24] UL-DLA+GLCM 99. 23
SCHkE25] Adaptive fusion network 98. 98
o Densenet121 91. 30
i 26 YOLO3 96. 70
SCk[27] MobileNetV3 98. 50
k28] NeuroNet19 99. 31
XHk[29] Customized EfficientNet-B7 model 98. 40
W#k[30] Ensemble (Inceptionv3+ Xception) — 96. 89
ATy Proposed EfficientNet-B2 99. 35

IR 0 AR T AR R B S A R R . AR AR |
EfficientNet-B2 # £ M1 & F VGG16 4 w # i Wi %, &
ResNet152V2 42729 1. 5 £, W 58 T X5 MRI B4
REFRBE Sy, 3 — 2 LA EfficientNet-BO & B4 #i#l, ffi %
SR 4. 05X 10° R ZE 17. 70 X 10°, B B EfficientNet-B3

. HHFEW, EfficientNet-B2 #5 %I 7 vh 2 S B T U
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Table 6 Model parameters, FLOPs, and performance

. 5 A o %%ﬂl;ﬁ FLOI:S Acc/
(X10°) (X100 %

VGG16 224 X224 58. 34 30.71 94. 21
ResNet152V2 224 X224 17. 68 25.36  92.60
ViT 224X224  86.84 16. 85 91. 35
EfficientNet-B0 224 X224 4. 05 0. 96 98. 62
EfficientNet-B1 224 X224 6. 58 1.42 98. 86
EfficientNet-B2 224 X224 7.77 1. 64 99. 35
EfficientNet-B3 224 X224 10. 79 2.38 98. 21
EfficientNet-B4 224 X224 17.70 3.72 97.97
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Table 7 Kaggle dataset experiment results %

gl Accuracy Precision Recall F1
EfficientNet-BO  0.8918 0.896 2 0.8918 0.8925
EfficientNet-B1 ~ 0.888 9 0.903 2 0.8889 0.890 2
EfficientNet-B2  0.9251 0.9256 0.9251 0.925 2
EfficientNet-B3  0.8412 0.854 7 0.8412 0.8427
EfficientNet-B4 0.888 2 0.8954 0.8882 0.8884
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