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[ Abstract ] Objective: Accurate prediction of pathologic complete response (pCR) after neoadjuvant chemotherapy (NAC) allows
replacing mastectomy with breast-conserving surgery for patients with locally advanced breast cancer. This study aims to develop a
method of post-NAC pCR prediction by extracting intra-phase and inter-phase features simultaneously from tumor regions. Methods:
Breast cancer patients treated in Peking University Cancer Hospital between January 2015 and December 2016 were included in
this study. A sagittal VIBRAN spoiled gradient recalled echo (SPGR) sequence was acquired at one phase before and five phases
(2.0, 3.5, 5.0, 6.5, 8.0 min) after Gd-DTPA administration. A bounding box was automatically generated at a manually marked tumor
center. A histogram array was converted from post-NAC multi-phase magnetic resonance imaging (MRI) signals inside the box and
classified into pCR and non-pCR by a convolutional neural network (CNN). Clinical features were incorporated with histogram array
to construct a combined model with logistic regression. Results: All 331 patients were divided into a training group (50%, n=165),
a validating group (10%, n=34) and a testing group (40%, n=132). In the testing group, prediction based solely on the histogram
array achieved an area under the receiver operating characteristic curve (AUC) of 0.833 (95% CI 0.764-0.903). Logistic regression
analysis showed that estrogen receptor (ER) and human epidermal growth factor receptor 2 (HER2) were independent factors (P
<<0.001) associated with pCR. The combined model integrating ER, HER2, and the histogram array yielded an AUC of 0.842 (95%
CI 0.775-0.909) in the testing group. Conclusion: Multi-phase contrast enhanced MRI data of breast cancer could be converted into a
histogram array that contains both intra-phase and inter-phase information for pCR prediction by a CNN classifier.

[ Key words | Breast cancer; Neoadjuvant chemotherapy; Pathologic complete response; Convolutional neural network; Histogram array
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Fig.1 Steps of creating a histogram array from multi-phase breast
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Ki-6 7385550/ % 40.1+24.8 42.6+27.2 43.4+24.9 0.664 0.515
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Tab.2 Performance of the histogram array model to predict pCR after NAC for breast cancer

e ke (n=165) ISR (n=34) Mk (n=132)
AUC 0.897 (0.847~0.947 ) 0.881 (0.765~0.996 ) 0.833 (0.764~0.903 )
RAFE % 88.7 (79.0~95.0) 93.3 (68.1~99.8) 83.9 (71.7~92.4)
RS /% 83.0 (73.8~89.9) 79.0 (54.4~93.9) 72.4 (60.9~82.0)
PPV/% 79.7 (69.2~88.0) 77.8 (52.4~93.6) 69.1 (56.7~79.8)
NPV/% 90.7 ( 82.5~95.9) 93.8 (69.8~99.8) 85.9 (75.0~93.4)
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Tab.3 Performance of the logistic model combining histogram array, ER and HER?2 to predict pCR after NAC for breast cancer
BiHi AL (n=199) Wikl (n=132)
AUC 0.908 (0.868~0.948 ) 0.842 (0.775~0.909 )
RIHE% 86.1 (76.9~92.6) 82.1 (69.6~91.1)
RS % 81.4 (73.0~88.1) 75.0 (63.7~84.2)
PPV/% 77.9 (68.2~85.8) 70.8 (58.2~81.4)

NPV/%

88.5 (180.7~93.9)

85.1 (74.3~92.6)
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