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Enhanced MRI-based subregional radiomics model can predict pathological

complete response after neoadjuvant chemotherapy in breast cancer patients

LI Yong', CUI Shujun', YANG Fei', ZHANG Fan®, YIN Xiaoxia’
(1. Department of Medical Imaging; 2. Department of Pathology, The First Affiliated Hospital of Hebei North University,
Zhangjiakou 075000, Hebei, China)

Abstract; Objective To develop and validate a subregional radiomics model based on contrast-enhanced MRI to pre-
dict pathological complete response (pCR) after neoadjuvant chemotherapy (NAC) in breast cancer patients. Methods

A total of 155 breast cancer patients who underwent NAC were retrospectively included, with 108 in the training set
and 47 in the validation set. Subregion clustering was performed for each patient’s region of interest by using the
K-means algorithm, and then high-dimensional radiomics features in the patients’ contrast-enhanced MRI were extracted
using the Pyradiomics software package for each subregion. Mann-Whitney U test, Spearman correlation coefficient and
least absolute shrinkage and selection operator (LASSO) algorithm were utilized for feature screening. The filtered opti-
mal features were used to build each subregion single model in the training set by Logistic regression algorithm, and the

same algorithm was used to fuse the subregion single models to build the subregion total model, which was visualized
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by using the nomogram, and the effectiveness of all models was verified in the validation set. Results The clinicopath-

ological factors of the patients were not statistically different between the training and validation sets. The best clustering

results for patients based on the K-means algorithm were 5 classes, and the area under curve ( AUC) of the receiver

operating characteristic (ROC) of the total subarea model built from the fusion of the 5 subarea single models in the
training set and validation set was 0.898 ( 0.839-0.957) and 0.828 (0.695-0.961) , respectively. In the validation set,

the ROC curves, clinical decision curves and calibration curves suggested that the subarea total model had better

discriminative ability, calibration ability and clinical utility than the subarea single model. Conclusion The subregion

total model can reveal tumor heterogeneity and help clinicians accurately predict pCR after NAC before treatment and

has some ability to predict the post-treatment prognosis, highlighting the potential of artificial intelligence in improving

individualized treatment for breast cancer patients.
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Table 1 Clinical pathological feature statistics of training set and validation set
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Figure 1 Line graph of CH values for 2 to 8 clusters
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Figure 3 LASSO feature selection process
A-B: Screening process of radiomics features in subregion 1; C-D: Screening process of radiomics features in subregion
2; E-F. Screening process of radiomics features in subregion 3; G-H: Screening process of radiomics features in
subregion 4; I-J. Screening process of radiomics features in subregion 5.
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Figure 4 Establishment of nomogram and validation of calibration ability of subregion total model
A Prediction example of nomogram; B Calibration curve of the training set; C. Calibration curve of the validation set.
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Table 2  Specific discriminative indicators of the training set and validation set for all models

R WM AUC 95%CI REEE  RRFE HMETNE  FMEBNE HdRE
WX 1 AR 0.731 0.713 0.599~0.826 0.676 0.757 0.561 0.836 VRS
TIX 1 A 0.745 0.691 0.517~0.865 0.636 0.778 0.467 0.875 ISUESR
TIX 2 R 0.713 0.716 0.610~0.822 0.618 0.757 0.538 0.812 VeSS
WX 2 FE 0.723 0.651 0.462~0.840 0.545 0.778 0.429 0.848 ISUESR
TWIX 3 AR A 0.648 0.705 0.604~0.807 0.765 0.595 0.464 0.846 PSS
WX 3 Al 0.681 0.671 0.479~0.864 0.636 0.694 0.389 0.862 Uil
WX 4 AR 0.611 0.738 0.645~0.831 0.941 0.459 0.444 0.944 VRS
W [X 4 0.660 0.709 0.523~0.895 0.727 0.639 0.381 0.885 Liane
WX 5 AR 0.833 0.850 0.766~0.934 0.882 0.811 0.682 0.937 VeSS
X 5 A5 A 0.723 0.795 0.659~0.931 0.909 0.667 0.455 0.960 ISUESR
DIARGSY ieii] 0.842 0.898 0.839~0.957 0.764 0.878 0.742 0.890 pllE7 S
P X AR TR 0.723 0.828 0.695~0.961 0.909 0.666 0.756 0.924 LAl S
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Figure 5 The performance of all models was evaluated using ROC curves and clinical decision curves
A: ROC curve of the training set; B: ROC curve of the validation set; C: Clinical decision curve of the training set.
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Figure 6 Kaplan-Meier-based survival analysis

A. Kaplan-Meier curve plot of the pCR group and the non-pCR group; B: Kaplan-Meier curve of pCR group and non-

pPCR group predicted by the sub-regional total model.
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