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Abstract

In this experiment, we explored four ML approaches, including XGB, SVM, RF, LR, and nine DL approaches, including AlexNet, GoogLeNet, ShuffleNet, ResNet (34, 50, 101), Vision Transformer (ViT),
EfficientNetV2 (s, m, I), MobileNet (V2, V3 |, V3_s), DenseNet (121, 161, 169, 201) and MobileVIT (s, x_s, xx_S), to classify breast cancer with SWE images. Each original SWE image is cropped into
four types of images (RE-SWE, RE-US, SWE, US). Results demonstrate the model with the highest AUROC for each image type. To give a visual interpretability, four CAM-based approaches are
employed. Moreover, a webserver is constructed to facilitate usage. Future research involves ensemble learning by averaging predictions from four models with the highest AUROC for each image type.
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through kernel methods (Result 5) Grad-CAM pays more attention to tumor areas than others, thus
» extreme Gradient Boost (XGB) functioning better for visualization interpretability.

XGB includes regularization to prevent overfitting, parallel
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GooglLeNet [11], a 144-layer network, features Inception
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blocks composed of four branches, utilizing 1x1
convolutions for dimensionality reduction and mapping,
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4.4 Code Availability

— SVM (AUC = 09288;

— XGB (AUC = 0.9103
— SVM (AUC = 0.81

— XGB CUC 0.916

with two auxiliary classifiers and average pooling instead B B For complete codes and ensemble learning results in this project, please visit

of fully connected layers. — A BRI my Github repository at: https://github.com/Jiaming21/SWE BreCA-Pred.git
S =

@ Ensemble learning | R | _ CEEER -

Ensemble learning involves combining the predictions " " Faserosive rae (PR) v " rasepostiie Rate FPR) 5. Con CI usion

from diverse models by averaging the outputs of these Figure 3. ROC curves under cross-validation set and independent test In conclusion, GoogLeNet, ShuffleNet, GoogLeNet, and ResNet-34 are the

models. The ensemble can leverage the strengths of each set for SWE images four models with the highest AUROC under the independent test respectively.

model, reducing the risk of overfitting and improving (Result 2) LR outperforms others under the cross-validation test, while After the ensemble learning by averaging predictions from four models with

overall prediction accuracy. ShuffleNet outperforms others under the independent test. the highest AUROC for each image type, the AUROC is further elevated.
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