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[Abstract] Objective The deep learning method was used to automatically segment the tumor area and the
cell nucleus based on needle biopsy images of breast cancer patients prior to receiving neoadjuvant chemotherapy (NAC),
and then, the features of the cell clusters in the tumor area were identified to predict the level of pathological remission of
breast cancer after NAC. Methods 68 breast cancer patients who were to receive NAC at Jiangsu Province Hospital
were recruited and the hematoxylin-eosin (HE) stained preoperative biopsy sections of these patients were collected.
Unet++ was used to establish a segmentation model and the tumor area and nucleus of the needle biopsy images were
automatically segmented accordingly. Then, according to the nuclei in the automatically segmented tumor area, the
features of the cells in the tumor were constructed. After that, effective features were selected through the feature selection
method and the classifier model was constructed and trained with five-fold cross validation to predict the degree of post-
NAC pathological remission. Results  Predictions were made based on the needle biopsy images of the 68 patients. The
model that combined the 10-dimensional features selected with the minimal redundancy-maximum-relevancy approach
(mRMR) and training with the random forest (RF) classifier had the highest prediction accuracy, reaching 82.35%, and an
area under curve (AUC) value of 0.9082. Conclusion  This model automatically segments tumor areas and cell nucleus
on the biopsy images. The features of the cell clusters which are analyzed and identified in the tumor area can be used to
predict the pathological response of the patient to NAC. The method is reliable and replicable. In addition, we found that
the textural features of cells in the tumor area was a useful predictor of patient response to NAC, which further confirmed
that cell cluster in the tumor area is of great significance to the prediction of treatment outcome.
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Fig 1 The flowchart of treatment outcome prediction of neoadjuvant chemotherapy for breast cancer based on histomorphology analysis
A: Needle biopsy image before chemotherapy; B: The marking of needle biopsy image; C: Original patch; D: The marking of patch; E: UNet++; F: Cell cluster
segmentation image patch; G: The marking of cell; H: UNet++; I: Needle biopsy image; J: Patch extracted with sliding window; K: Original patch; L: The result of tumor
area segmentation; M: The result of cell cluster segmentation; N: The result of segmentation of cell clusters and tumor areas; O: Classifier model; P: The result of prediction

of the classifier and grading of response to NAC; Q: Visualization of features of cell clusters in the tumor area.
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Table 1 The list of histomorphological features

Morphological feature n
Texture features 80
Grayscale 15
LBP 16
Gabor 24
Laws 25
Morphological characteristics 24
Frequency domain 10
Distance 7
Invariant moment 7
Global characteristics 24
Delaunay triangle 8
Voronoi 12
Minimum spanning tree 4
Clustering characteristics 26
Basic parameters 6
Clustering coefficient 6
Clustering edge 4
Clustering node 4

Parameters at 90% distance
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Table 2 The clinical meaning of Miller-Payne (MP) system

MP Morphological characteristics of tumor cells

Low grades Level 1  No reduction in tumor cell
Level 2 No more than 30% reduction of tumor cell
Level 3 30%-90% reduction of tumor cell

High grades Level 4  More than 90% reduction of tumor cell

Level 5 No tumor cell or ductal carcinoma in situ
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Fig 3 Tumor area and cell segmentation results of whole slide image. x50

A: Original patch; B: The result of tumor segmentation, with red area representing tumor and blue area representing non-tumor; C: The result of cell segmentation,

with yellow representing cells in tumor area, and green representing cells out of tumor area.
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4 FHEATIALEE R x400
Fig 4 The results of feature visualization. x400

A: The display of the Delaunay triangle of cells in tumor area, calculating the distance between the cell centers; B: The area of each tumor cell calculated by the Tyson

polygon; C: The visualization of nuclear morphology; D: The visualization of cell texture, showing the texture on the nucleus.
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Table 3 The results of top ten features in four feature ranking

Feature ranking method  5-fold cross-validation 5-fold cross-validation
(10) and classifier (AUC) (ACC)

mRMR-RF 0.9082 0.8235
Relief-RF 0.8725 0.8235
Fisher-SVM 0.8676 0.7794
Wilcoxon-SVM 0.8174 0.7206

AUC: Area under curve; ACC: Accuracy.
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Fig 5 ROC curves
The red line represents the combination result of ten dimensional feature
selected by mRMR and its optimal classifier random forest; the green line
represents the combination result of Relief's ten dimensional feature and RF, and
the purple line represents the combination result of Fisher and SVM, the blue line
represents the combination result of ten dimensional feature selected by

Wilcoxon rank-sum test and SVM. AUC: Area under curve; ACC: Accuracy.
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