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[ Abstract ] Objective: To explore the application value of artificial intelligence assisted imaging in the evaluation of neoadjuvant
chemotherapy (NAC) response for breast cancer. Methods: The clinical data of breast cancer patients downloaded from the public
data set were retrospectively analyzed, and they were randomly divided into a training set and a validation set according to the 2: 1

ratio. In addition, the clinical data of breast cancer patients treated in Tangshan People's Hospital from March 2023 to May 2025
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were analyzed retrospectively as the test set. All patients underwent magnetic resonance imaging examination before surgery, and all
patients had definitive postoperative pathological results. Eight machine learning models were constructed by combining layered
imaging dimension accumulation with anchored attention boxes and different deep learning models (convnext, efficientnet, swin,
and vit) and different machine learning algorithms (SVM and Ranger), and the best machine learning model was selected based on
the training set data. The best machine learning model was optimized using the validation set, and the effectiveness of the model in
predicting the curative effect of breast cancer NAC was evaluated using the test set. Results: Eight machine learning models were
constructed in this study, and the sensitivity, specificity, accuracy and area under curve of the machine learning model based on
CropNor-Subtracts-convnext-Ranger were higher than those of other machine learning models in predicting the efficacy of NAC in
breast cancer. The CropNor-Subtracts-convnext-Ranger machine learning model was optimized using the validation set, with a cross
entropy loss of 1.012 at the end of the optimization, sensitivity of 90.91%, specificity of 92.67% and accuracy of 91.97%. The
sensitivity, specificity, accuracy, area under curve of CropNor-Subtract-convnext-Ranger machine learning model to predict the
efficacy of breast cancer NAC in the test set were 90.48%, 92.81%, 91.86%, 0.924, and the consistency Kappa index with the

pathological results was 0.832 (P<0.001). Conclusion: CropNor-Subtract-convnext-Ranger machine learning model shows good

performance in predicting NAC response in breast cancer, and it has good clinical application value.
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Tab.1 Comparison of clinical data between the training set and the validation set

Ttsmn (%)

— Bk Y (n=500) IR (n=249) WA (n=258) X P1H
A% 45.95+10.26 46.13+10.63 45.46+10.32 0.295 0.745
BMI/ (kg-m?) 23.13+2.52 22.98+2.36 22.8542.45 1.146 0.318
Y% 223 (44.60) 118 (47.39) 120 (46.51) 0.596 0.742
Jg Bl 2 S AR 0.985 0.611
R R 316 (63.20) 166 (66.67) 169 (65.50)
el e e 184 (36.80) 83 (33.33) 89 (34.50)

Jibgei A 1.081 0.582
L] 256 (51.20) 119 (47.79) 124 (48.06)
el 244 (48.80) 130 (52.21) 134 (51.94)

BTN 1.739 0.419
F 278 (55.60) 129 (51.81) 132 (51.16)
ASFLI 222 (44.40) 120 (48.19) 126 (48.84)

EERBUE S 1.073 0.585
i 398 (79.60) 191 (76.71) 199 (77.13)
AN Wb 102 (20.40) 58 (23.29) 59 (22.87)

b gs 5 0.883 0.643
R 248 (49.60) 115 (46.18) 122 (47.29)
2R 252 (50.40) 134 (53.82) 136 (52.71)

JiE 5 K HAR /em 1.064 0.587
>2 323 (64.60) 152 (61.04) 160 (62.03)
<2 177 (35.40) 97 (38.96) 98 (37.98)

TRl 0.114 0.945
Lumina A 46 (9.20) 20 (8.03) 22 (8.53)
Lumina B 246 (49.20) 119 (47.79) 122 (47.29)
HER2 i #357Y 127 (25.40) 65 (26.10) 66 (25.58)
— 7 81 (16.20) 45 (18.07) 48 (18.60)

Il R 531 0.735 0.692
I~113 302 (60.40) 143 (57.43) 150 (58.14)
# 198 (39.60) 106 (42.57) 108 (41.86)

AR 0.236 0.889
K5k 164 (32.80) 86 (34.54) 87 (33.72)
s sk 336 (67.20) 163 (65.46) 171 (66.28)

LSS RS 0.364 0.833
PR 312 (62.40) 161 (64.66) 163 (63.18)
Yl 188 (37.60) 88 (35.34) 95 (36.82)

NACKHR 0.112 0.946
pCR 200 (40.00) 99 (39.76) 100 (38.76)
JEpCR 300 (60.00) 150 (60.24) 158 (61.24)

®2 REMZEZE BB EZLARRE NAC R I B AE

Tab.2 The predictive efficacy of different machine learning models for the NAC efficacy of breast cancer in the training set

Bl SRR RE% TS % HERZ /% M2 T A
CropNor-Substract-convnext-SVM 83.50 86.67 85.40 0.874
CropNor-Substract-convnext-Ranger 88.50 90.00 89.40 0.897
CropNor-Substract-efficientnet-SVM 80.00 85.00 83.00 0.859
CropNor-Substract-efficientnet-Ranger 81.50 85.67 84.00 0.862
CropNor-Substract-Swin-SVM 75.50 84.00 80.60 0.830
CropNor-Substract-swin-Ranger 76.00 84.67 81.20 0.832
CropNor-Substract-ViT-SVM 77.00 85.00 81.80 0.843
CropNor-Substract-vit-Ranger 78.50 85.33 82.60 0.844
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