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Abstract
Purpose Neoadjuvant chemotherapy (NAC) is used to treat patients with high-risk breast cancer. The tumor response to 
NAC can be classified as either a pathological partial response (pPR) or pathological complete response (pCR), defined as 
complete eradication of invasive tumor cells, with a pCR conferring a significantly lower risk of recurrence. Predicting the 
response to NAC, however, remains a significant clinical challenge. The objective of this study was to determine if analysis 
of nuclear features on core biopsies using artificial intelligence (AI) can predict response to NAC.
Methods Fifty-eight HER2-positive or triple-negative breast cancer patients were included in this study (pCR n = 37, pPR 
n = 21). Multiple deep convolutional neural networks were developed to automate tumor detection and nuclear segmentation. 
Nuclear count, area, and circularity, as well as image-based first- and second-order features including mean pixel intensity 
and correlation of the gray-level co-occurrence matrix (GLCM-COR) were determined.
Results In univariate analysis, the pCR group had fewer multifocal/multicentric tumors, higher nuclear intensity, and lower 
GLCM-COR compared to the pPR group. In multivariate binary logistic regression, tumor multifocality/multicentricity 
(OR = 0.14, p = 0.012), nuclear intensity (OR = 1.23, p = 0.018), and GLCM-COR (OR = 0.96, p = 0.043) were each inde-
pendently associated with likelihood of achieving a pCR, and the model was able to successful classify 79% of cases (62% 
for pPR and 89% for pCR).
Conclusion Analysis of tumor nuclear features using digital pathology/AI can significantly improve models to predict 
pathological response to NAC.

Keywords Breast cancer · Neoadjuvant chemotherapy · Artificial intelligence · Digital pathology

 * Fang-I Lu 
 fangi.lu@sunnybrook.ca

1 Department of Laboratory Medicine and Pathobiology, 
University of Toronto, Toronto, ON, Canada

2 Biological Sciences Platform, Sunnybrook Research Institute, 
Toronto, ON, Canada

3 Department of Radiation Oncology, Sunnybrook Health 
Sciences Centre, Toronto, ON, Canada

4 Department of Electrical Engineering and Computer Science, 
York University, Toronto, ON, Canada

5 Department of Radiation Oncology, University of Toronto, 
Toronto, ON, Canada

6 Department of Laboratory Medicine and Molecular 
Diagnostics, Sunnybrook Health Sciences Centre, 2075 
Bayview Ave., Rm E423a, Toronto, ON M4N 3M5, Canada

7 Temerty Centre for Artificial Intelligence Research 
and Education in Medicine, University of Toronto, Toronto, 
ON, Canada

http://orcid.org/0000-0002-6414-7613
http://crossmark.crossref.org/dialog/?doi=10.1007/s10549-020-06093-4&domain=pdf


380 Breast Cancer Research and Treatment (2021) 186:379–389

1 3

Introduction

Neoadjuvant chemotherapy (NAC) has become an inte-
gral part of the multidisciplinary approach to breast can-
cer treatment [1, 2]. One of the benefits of NAC is that it 
allows for the definitive evaluation of treatment response 
post-operatively. The treatment response can be classified 
as either a pathological partial response (pPR) or a patho-
logical complete response (pCR) defined as no residual 
invasive or in situ disease in the breast or lymph nodes 
[3]. Multiple studies have shown that achieving a pCR 
after NAC is associated with improved event-free survival 
and overall survival, particularly for triple-negative and 
HER2-positive tumors [3–5]. Unfortunately, pCR rates are 
highly variable and unpredictable, and there is great inter-
est in developing tools to predict response to NAC a priori 
in order to identify patients that might benefit from novel 
treatment approaches in the neoadjuvant setting.

Several studies have sought to identify predictive signa-
tures using clinical, radiologic, pathologic, and molecular 
markers. HER2-positive and triple-negative tumors have 
consistently demonstrated increased likelihood of a pCR 
[5–9]. Higher histologic grade has been associated with 
better response to NAC in several studies [7, 8, 10] but 
not all [11]. Tumor-infiltrating lymphocytes (TILs) have 
also been reported by other investigators as predictors 
of pCR [10–12] as well as a higher Ki67 proliferation 
rates [6, 7]. Despite these promising findings, other stud-
ies, which have examined over twenty histological and 

immunohistochemical markers, have failed to find any sig-
nificant predictors of response to NAC in triple-negative 
and HER2-positive tumors [13, 14].

Artificial intelligence (AI) and its subfields of machine 
learning and deep learning are quickly becoming power-
ful tools in medicine and oncology. These technologies 
have shown promise in the field of breast cancer for both 
diagnostic and prognostic purposes [15–17]. The objec-
tive of this research was to develop a quantitative digital 
pathology imaging (QDPI) platform that employs AI to 
map tumor components and extract predictive biomark-
ers from breast core needle biopsies. We hypothesized 
that automated tumor bed mapping, nuclei segmentation, 
and quantification of tumor nuclear features would permit 
development of predictive models of response to NAC.

Materials and methods

Study population

This study was approved by the institutional research eth-
ics board. A retrospective cohort was established consisting 
of breast cancer patients treated with NAC between 2007 
and 2018 at Sunnybrook Health Sciences Centre (Toronto, 
Canada) (Fig. 1). All patients had a breast core needle biopsy 
prior to NAC with pathological review at our institution. The 
initial cohort consisted of a total of 74 cases (36 pPR and 
38 pCR cases). Among these, 73 of 74 were diagnosed as 
invasive mammary carcinoma or invasive ductal carcinoma 

Fig. 1  Flowchart of cases. NAC 
neoadjuvant chemotherapy, pPR 
pathologic partial response, 
pCR pathologic complete 
response

74 cases of breast cancer
treated with NAC identified
     n = 36 pPR
     n = 38 pCR

73 cases of invasive ductal/invasive
mammary carcinoma
     n = 36 pPR
     n = 37 pCR

58 cases of HER2-positive and triple
negative tumors included in the final
analysis
     n = 21 pPR
     n = 37 pCR

Invasive lobular carcinoma
     n = 1
     

ER-positive/HER2-negative tumours
     n = 15
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not otherwise specified. There was a single case of invasive 
lobular carcinoma, which was not included in further analy-
sis. For hormone receptor status, ER negative and ER low 
positive (staining in 1–10% of tumor cells) were grouped 
together as ER-negative, since ER-low positive tumors are 
more similar to ER-negative ones in terms of biology and 
response to NAC [18, 19]. HER2 status was determined 
by immunohistochemistry followed by fluorescence in situ 
hybridization in cases with equivocal staining. The initial 
cohort included ER-positive/HER2-negative tumors (n = 15), 
HER2-positive tumors with or without ER-positivity (n = 38) 
and triple-negative tumors (n = 20). All ER-positive/HER2-
negative tumors had a pPR and were excluded in our analy-
sis. All patients received anthracycline-taxane-based NAC. 
Pre-treatment tumor size was determined based on the maxi-
mum dimension reported from MRI or ultrasound. Response 
to NAC was determined on the final surgical excision speci-
men and was defined using a binary classification; a pCR 
was defined as no residual invasive carcinoma present in 
the breast or lymph nodes after presurgical therapy [20]. 
All clinical and pathological data were collected from the 
electronic patient record.

Core biopsy sample preparation

Core biopsy specimens were sectioned into 4 μm microtomes 
from formalin-fixed paraffin-embedded (FFPE) blocks. 
Specimens were prepared onto glass slides and stained with 
hematoxylin & eosin (H&E). The slides were digitized into 
whole slide images (WSI) using a TissueScope LE digital 
pathology image scanner (Huron Digital Pathology Inc., 
St. Jacobs, Canada) at 40× magnification. All WSIs were 

reviewed to ensure image integrity before image processing 
and analysis.

Image processing algorithm

Tumor region classification in digitized core biopsy samples

Tumor bed regions of the digitized core biopsies were iden-
tified using a deep learning-based classification approach. 
A training dataset was prepared with ground-truth labels. 
A board-certified breast pathologist analyzed the digitized 
pathology images. Each WSI was manually reviewed, and 
the tumor bed regions of interest (ROI) were annotated using 
Sedeen Viewer (Pathcore Inc., Toronto, Canada). The ROIs 
were delineated based on an area that demonstrated at least 
50% tumor cellularity. The ROIs were isolated from the 
WSI, then tiled to a size of 750 × 750 pixels with no overlap. 
The tiled images were color normalized [21], to correct color 
variations and intensity differences between slides.

A deep convolutional neural network (CNN) was devel-
oped to automate tumor bed detection of WSI (Fig. 2). The 
network was adapted from Visual Geometry Group (VGG) 
19 [22] architecture with weights pre-trained on the Ima-
geNet dataset [23]. The network took inputs of 750 × 750 × 3 
pixel H&E images and passed them through repeated blocks 
of 3 × 3 convolutions with a rectified linear unit (ReLU) acti-
vation [24] and max-pooling layers. The network’s final lay-
ers featured a global average pooling layer [25] and a dense 
layer with SoftMax [26] activation. The network contained 
17 weighted layers in total.

Thirty WSI were randomly selected to train and test the 
classification network. The WSI were randomly split at a 

187 x 187 x 256

750 x 750 x 64

375 x 375 x 128

93 x 93 x 512

46 x 46 x 512

512

2

H&E Input
750 x 750 x 3

3 x 3 convolution & ReLU activiation Max pooling Global average pooling

Dense layer with SoftMax activation

Fig. 2  Deep convolutional neural network architecture. A deep CNN 
was developed to automate tumor bed detection of WSI. The network 
was adapted from VGG 19 and used weights pre-trained on the Ima-
geNet dataset. The network took inputs of 750 × 750 × 3 pixel H&E 
images and passed them through repeated blocks of 3 × 3 convolu-

tions with a ReLU activation and max-pooling layers. The network’s 
final layers featured a global average pooling layer and a dense layer 
with SoftMax activation. The network contained 17 weighted layers 
in total
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ratio of 80:20, with approximately 6200 images in the train-
ing set and 1500 images in the test set. A board-certified 
breast pathologist reviewed all images selected for the data-
sets. We provided the network with images from two classes: 
(1) tumor bed versus (2) benign tissue. Images of the tumor 
bed consisted of previously extracted tiles. Benign tissue 
images were extracted from regions outside of the annotated 
ROI, contained no more than 10% white background, and 
were color normalized [21].

Tumor nuclei segmentation

Three deep CNNs, based on the U-Net [27] architecture, 
were trained, for segmentation of tumor cell nuclei. U-Net 
has shown to provide excellent biomedical semantic segmen-
tation results in previous studies [28]. We further applied 
custom weighted loss functions that heavily penalized incor-
rect cell nuclei boundaries to improve correct classification 
of adjacent or overlapping nuclei. The standard CNN encod-
ers of networks one and two were replaced with residual 
networks [29] (ResNet) 152, whereas network three imple-
mented ResNet 101. Furthermore, networks one and two 
were initialized with weights pre-trained on the ImageNet 
dataset [23] and network three was trained from scratch. 
The decoder, within each network, consisted of up-sampling, 
then concatenation of the respective feature map from the 
encoder, followed by two blocks of 3 × 3 convolutions, batch 
normalization, and ReLU activation [24]; the final layer 
featured a 1 × 1 convolution with SoftMax activation [26]. 
Weighted cross-entropy loss [27] was implemented in net-
work one, while networks two and three had a combined loss 
function of weighted cross-entropy [27] and soft dice. To 
improve prediction accuracy, we ensembled the probability 
maps of the networks using a pixel-wise mean.

Open-sources images from the Multi-Organ Nucleus Seg-
mentation challenge [30–32] were utilized to create training 
and test sets for the networks. The dataset of the challenge 
was curated from the cancer genome atlas (TCGA) database 
and contained 44 H&E stained, 1000 × 1000 pixel images 
from nine organs, imaged at 40× magnification [32], of 
which approximately 28,000 nuclei boundaries of epithelial 
and stromal cells were manually annotated and approved by 
an expert pathologist. The images from the database were 
randomly split at a ratio of 80:20 between training and test 
sets, respectively. As we implemented weighted loss func-
tions, the weighted map of each training and validation 
image was calculated. Subsequently, we implemented image 
augmentation [33] to improve the network’s generalizability 
and performance.

Feature extraction and selection

Using a software toolkit (HistomicsTK) [34], 48 features 
were extracted, per image tile for analyses. The features 
were representative of four categories including nuclear 
size, nuclear intensity, nuclear shape, and Haralick param-
eters [35]. The predicted binary masks (Fig. 3e) and respec-
tive gray-scale image tiles (Fig. 3d) were used to calculate 
nuclear intensity and Haralick parameters. Among these 
features, five were handpicked in order to represent the fol-
lowing histological features: cellularity (nuclear count), 
nuclear enlargement (nuclear size area), nuclear irregularity 
(nuclear circularity), hyperchromasia (mean nuclear inten-
sity), and nuclear texture (gray-level co-occurrence matrix 
correlation). For these five features, we performed univariate 
analyses comparing pCR and pPR (independent t test, two 
sided, p < 0.10), and significant variables were retained for 
predictive modeling.

Statistical analysis

Statistical analysis was performed using SPSS version 20 
(IBM Corp., Armonk, NY) and Prism GraphPad version 
6 (GraphPad Software, San Diego, CA). Univariate com-
parisons were performed using a two-tailed independent 
Student’s t test for continuous variables and chi-square test 
for categorical variables. Multivariate analysis was per-
formed using logistic regression for pCR vs. pPR binary 
outcomes. Clinicopathological and nuclear features that 
were significantly different in univariate analysis (p < 0.10) 
were retained for multivariate modeling. Odds ratios are 
presented for each predictor. Statistical significance was 
defined as p < 0.05.

Results

Patients and clinicopathological variables

The analyzed cohort consisted of 21 patients with a pPR 
and 37 patients with a pCR. Clinical and pathological data 
by group are shown in Table 1. The only significant differ-
ence between the two groups was that the pCR group had 
fewer patients with multifocal and/or multicentric disease. 
The association between multifocal/multicentric disease 
and decreases rates of pCR have been previously docu-
mented [36].
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Automatic detection of tumor bed and nuclear 
segmentation using CNNs

Representative tumor bed annotations of a core needle 
biopsy and heatmap displaying automated tumor bed prob-
abilities are shown in Fig. 3a and b, respectively. Overall, 
the modified VGG network was 90% accurate in classify-
ing tumor versus benign tissue (Fig. 3c). For the tumor 
class, the precision was 0.94, recall was 0.85, and F1-score 
was 0.89. For the benign tissue class, the precision was 
0.87, recall was 0.95, and F1-score was 0.91. Overall the 
F1-score was 0.89, and F1-beta was 0.92.

Representative H&E stained tile and corresponding 
binary mask of cell nuclei locations are shown in Fig. 3d 
and e, respectively. In the test set, the ensembled results 
displayed 93% pixel-wise accuracy. Mean average preci-
sion of the ensembled results was calculated to be 0.47, 
across intersection over union (IoU) thresholds beginning 
at 0.5 and increasing linearly by 0.05–0.95 (Fig. 3f). At an 

IoU, threshold of 0.7 precision was 0.63, recall was 0.57, 
and F1 was 0.60.

Feature reduction

Next, we compared the extracted nuclear features in tumors 
from patients with partial and complete pathological 
responses. We examined five features including nuclear 
count, area, circularity, intensity, and GLCM-COR, a Haral-
ick-based texture feature that is a measure of how similar a 
pixel’s intensity is to its neighbors. In univariate analysis, 
tumors from patients with a pCR had a significantly higher 
nuclear intensity (Fig. 4a) and lower GLCM-COR (Fig. 4b) 
compared to patients with a pPR. There was no significant 
difference in nuclear count (Fig. 4c), nuclear area (Fig. 4d), 
or circularity (Fig. 4e); therefore, these features were not 
used for predictive modeling.
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Fig. 3  Automatic tumor bed detection and nuclear segmentation 
using CNNs. (a) Representative ground-truth annotation of breast 
core needle biopsy, outlining tumor bed ROI. (b) Representative WSI 
heatmap displaying tumor bed probabilities. (c) Confusion matrix 
showing accuracy of CNN for predicting tiles containing tumor ver-

sus benign tissue in the test set (d) Representative image tile extracted 
from tumor bed, 750 x 750 pixels, 400× magnification. (e) Predicted 
binary mask of cell nuclei locations from (d). (f) Average precision 
versus IoU threshold for nuclear segmentation
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Predictive modeling of response to NAC

For multivariate analysis, a baseline logistic regression 
model was created to predict the likelihood of a pCR using 
clinicopathological variables first. Given that disease focal-
ity was the only significant variable in univariate analysis, 
the baseline logistic regression model included only this 
variable (Table 2). The baseline model was statistically sig-
nificant, and the presence of multifocal/multicentric disease 
was associated with decreased odds of achieving a pCR. The 
model was able to correctly classify 67% of cases (52% for 
pPR and 76% for pCR).

Next, in a two-step logistic regression, both nuclear inten-
sity and GLCM-COR were each tested as predictors of a 
pCR in addition to disease focality. In model 1, addition 
of nuclear intensity to tumor focality provided a significant 
increase in the chi-square value, and higher nuclear intensity 
was associated with increased odds of a pCR. This model 

was able to correctly classify 71% of cases (52% for pPR 
and 81% for pCR). In model 2, addition of GLCM-COR 
to tumor focality provided a significant increase in the chi-
square value, and higher GLCM-COR was associated with 
decreased odds of a pCR. This model was able to correctly 
classify 76% of cases (52% for pPR and 89% for pCR). In 
model 3, adding GLCM-COR to a model already containing 
tumor focality and nuclear intensity resulted in a significant 
increase in the Chi-square value. This model was able to 
correctly classify 79% of cases (62% for pPR and 89% for 
pCR). Notably, this model was the only one that improved 
classification (data not shown accuracy for pPR cases). To 
test for biased prediction due to class imbalance, we sepa-
rately performed both random under-sampling of the over-
represented group and random up-sampling of the under-
represented group. This analysis did not alter the statistical 
significance of the predictors in the model or the overall 
classification accuracy (data not shown).

Table 1  Clinicopathological 
characteristics of the study 
 populationa

Bold value indicates the statistical significance of p < 0.05
ER estrogen receptor, PR progesterone receptor, AC-T adriamycin (doxorubicin) cyclophosphamide taxol, 
FEC-D fluorouracil epirubicin cyclophosphamide docetaxel
a Data represent mean ± standard deviation (range) for continuous variables and count (%) for categorical 
variables
b Associations were evaluated using independent Student’s t test for continuous variables and chi-square test 
for categorical variables

pPR (n = 21) pCR (n = 37) p  Valueb

Diagnosis
 Invasive ductal carcinoma 19 (91%) 37 (100%) 0.13
 Invasive mammary carcinoma 2 (9%) 0 (0%) 0.13
Age (years) 50 ± 9 (36–67) 50 ± 10 (30–72) 0.97
Postmenopausal 12 (57%) 17 (46%) 0.82
Tumor size (cm) 9.68 ± 17.80 (2.00–73.00) 9.59 ± 12.78 (1.25–45.00) 0.98
Tumor extent
 Locally advanced 20 (95%) 36 (97%) 1.00
 Early breast cancer 1 (5%) 1 (3%) 1.00
 Multifocal and/or multicentric disease 11 (52%) 9 (24%) 0.031
 Skin involvement 2 (10%) 5 (14%) 0.71
 Inflammatory breast cancer 1 (5%) 4 (11%) 0.64
 Positive lymph node(s) 16 (76%) 26 (70%) 0.63
Treatment regime
 AC-T chemotherapy 9 (43%) 24 (65%) 0.10
 FEC-D chemotherapy 12 (57%) 13 (35%) 0.10
 Cycles (number) 6 ± 2 (3–10) 7 ± 2 (3–11) 0.50
Receptor status
 ER positive/HER2 positive 11 (52%) 14 (38%) 0.28
 ER negative/HER2 positive 3 (14%) 10 (27%) 0.34
 ER negative/HER2 negative 7 (33%) 13 (35%) 0.89
Tumor grade
 Grade 1 0 (0%) 1 (3%) –
 Grade 2 9 (43%) 11 (30%) 0.43
 Grade 3 12 (57%) 25 (68%) 0.43
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Discussion

This study is the first to predict the response of breast can-
cer to NAC using well-established machine learning tools. 
Multiple CNNs were able to automate tumor bed detection 
and nuclear segmentation. We evaluated five pre-determined 
features and found among them, nuclear intensity and a tex-
ture-based features, GLCM-COR, were able to significantly 
predict the likelihood of a patient achieving a pCR. Impor-
tantly, these markers provided novel predictive information 
that was not accounted for in standard clinicopathological 
variables, thus, providing a strong rationale for including AI 
in routine evaluation of core needle biopsies.

Predicting tumor behavior and prognosis is one of the 
main objectives in breast pathology, which has the poten-
tial to be greatly enhanced with the use of AI and machine 
learning [16]. One particular area where AI has been inves-
tigated is for the histologic grading of tumors. Convention-
ally, pathologists use the Nottingham score to grade breast 
tumors, which involves analysis of three components: glan-
dular differentiation, nuclear pleomorphism, and mitotic 
rate. Work has been done to address all three of these 
aspects. Romo-Bucheli et al. used a deep learning classifier 

to automatically identify tubule nuclei as a means of stand-
ardizing quantification of glandular differentiation [37]. 
They found that the ratio of tubular nuclei to total nuclei sig-
nificantly predicted Oncotype Dx score, which predicts the 
chances of recurrence in ER-positive breast cancer. Several 
studies have also used machine learning to aid pathologists 
in counting mitotic figures. For example, in the International 
Conference on Pattern Recognition 2012 mitosis detection 
competition, two groups were able to identify mitotic figures 
in breast samples with high accuracy; Ciresan et al. [38] 
used deep max-pooling CNN with an F-measure of 0.78, 
and Wang et al. [39] used a combined CNN and handcrafted 
features (morphology, color, and texture) with an F-measure 
of 0.73. At last, AI can be particularly useful for quantifica-
tion of nuclear pleomorphism, one of the more subjective 
components of Nottingham grading. Veta at al. employed an 
automatic nuclei segmentation algorithm to evaluate nuclear 
area and found this to be inversely associated with patient 
survival [40]. Whitney et al. extracted 216 nuclear features 
from both epithelial and stromal cells and used feature rank-
ing to predict the Oncotype DX risk score where they found 
an accuracy of 75–86% in discriminating low- vs. high-risk 
score [41]. The features identified in our study are perhaps 

A B C

D E

p = 0.039p = 0.035 p = 0.26

p = 0.90 p = 0.27

pPR pCR
0

70
80
90

100
110
120

Nu
cl

ea
r i

nt
en

si
ty

pPR pCR
0.00

0.75

0.80

0.85

0.90

0.95

Co
rre

la
tio

n 
of

 th
e 

 
gr

ey
-le

ve
l c

o-
oc

cu
re

nc
e 

m
at

rix
 

pPR pCR
0

10

20

30

40

50

Nu
cl

ea
r c

ou
nt

(n
um

be
r p

er
 im

ag
e 

pa
tc

h)

pPR pCR
0

200

400

600

800

1000

Nu
cl

ea
r a

re
a 

(p
ix

el
s)

pPR pCR
0.00

0.60
0.65
0.70
0.75
0.80
0.85

Nu
cl

ea
r c

irc
ul

ar
ity

Fig. 4  Comparison of tumor nuclear features prior to NAC in patients 
achieving partial and complete pathological responses. (a) Nuclear 
intensity, (b) correlation of the gray-level co-occurrence matrix 
(GLCM-COR), (c) nuclear count, (d) nuclear size, and (e) nuclear 

circularity in tumors from patients achieving a pathological partial 
response (pPR) and pathological complete response (pCR). Data rep-
resent mean ± 95% confidence interval. Groups were compared using 
two-tailed Student’s t test



386 Breast Cancer Research and Treatment (2021) 186:379–389

1 3

Ta
bl

e 
2 

 T
w

o-
ste

p 
bi

na
ry

 lo
gi

sti
c 

re
gr

es
si

on
 e

sti
m

at
in

g 
lik

el
ih

oo
d 

of
 p

C
R

 to
 N

A
C

G
LC

M
-C

O
R 

co
rr

el
at

io
n 

of
 th

e 
gr

ay
-le

ve
l c

o-
oc

cu
rr

en
ce

 m
at

rix
, O

R 
od

ds
 ra

tio

Ba
se

lin
e

St
ep

 1
: M

ul
tif

oc
al

/m
ul

tic
en

tri
c

M
od

el
 1

 
St

ep
 1

: M
ul

tif
oc

al
/m

ul
tic

en
tri

c
St

ep
 2

: I
nt

en
si

ty

M
od

el
 2

 
St

ep
 1

: M
ul

tif
oc

al
/m

ul
tic

en
tri

c
St

ep
 2

: G
LC

M
-C

O
R

M
od

el
 3

 
St

ep
 1

: M
ul

tif
oc

al
/m

ul
tic

en
tri

c,
 in

te
ns

ity
St

ep
 2

: G
LC

M
-C

O
R

M
od

el
 st

at
ist

ic
s

 
N

ag
el

ke
rk

e 
R2

0.
11

0.
32

0.
27

0.
41

 
C

hi
-s

qu
ar

e
4.

61
15

.2
8

12
.8

9
20

.6
8

 
p 

va
lu

e
0.

03
2

<
0.

00
1

0.
00

2
<

0.
00

1
 

C
hi

-s
qu

ar
e 

ch
an

ge
–

10
.6

7
8.

28
5.

40

 
p 

va
lu

e 
ch

an
ge

–
0.

00
1

0.
00

4
0.

02
0

C
or

re
ct

 c
la

ss
ifi

ca
tio

n
 

pP
R

52
.4

%
52

.4
%

52
.4

%
61

.9
%

 
pC

R
75

.7
%

81
.1

%
89

.2
%

89
.2

%
 

O
ve

ra
ll

67
.2

%
70

.7
%

75
.9

%
79

.3
%

Pr
ed

ic
to

rs
O

R
 (9

5%
 C

I)
p 

va
lu

e
O

R
 (9

5%
 C

I)
p 

va
lu

e
O

R
 (9

5%
 C

I)
p 

va
lu

e
O

R
 (9

5%
 C

I)
p 

va
lu

e

M
ul

tif
oc

al
 a

nd
/o

r 
m

ul
tic

en
tri

c
0.

29
 (0

.0
9–

0.
91

)
0.

03
4

0.
27

 (0
.0

8–
0.

95
)

0.
04

2
0.

16
 (0

.0
4–

0.
63

)
0.

00
9

0.
14

 (0
.0

3–
0.

65
)

0.
01

2

In
te

ns
ity

1.
24

 (1
.0

6–
1.

46
)

0.
00

8
1.

23
 (1

.0
4–

1.
47

)
0.

01
8

G
LC

M
-C

O
R

0.
96

 (0
.9

2–
0.

99
)

0.
01

6
0.

96
 (0

.9
2–

0.
99

)
0.

04
3



387Breast Cancer Research and Treatment (2021) 186:379–389 

1 3

implicitly related to histologic grade. Greater variability in 
nuclear texture (low GLCM-COR measure) is likely associ-
ated with the lack of uniformity of chromatin commonly 
seen in higher grade tumors, although the color/intensity of 
nuclei is not a specific feature used to determine the nuclear 
pleomorphism score in Nottingham grading. Interestingly 
though, in our cohort, tumor grade as evaluated by patholo-
gists was not predictive of response to NAC. A higher histo-
logic grade has been a significant predictor of a pCR in some 
studies [7, 8, 10] but not all [11]. In our case, this may be 
due to a relatively small sample size, and we were not able 
to detect the small to moderate effect size of grade. Alterna-
tively, it may be that grading, which reduces a set of com-
plex continuous features into a small number of categories 
results in loss of important information. This is supported 
by the fact that analysis of only 1 or 2 nuclear features in our 
relatively small cohort outperformed traditional grading for 
predicting response to NAC. This speaks to the potential 
advantages of using machine learning tools as it allows for 
reproducible quantification of these complex and sometimes 
sub-visual features, which can provide important prognostic 
information.

The two features found to be associated with response 
to NAC in our study were nuclear intensity and GLCM-
COR, which are reportedly the most common and sensi-
tive texture descriptor [42]. Lu et al. evaluated 615 features 
relating to nuclear shape/texture and found that the intensity 
range, rather than the mean intensity value, was among the 
top 15 features capable of predicting poorer survival [43]. 
Chen et al. analyzed 730 morphological features including 
nuclear intensity and Haralick-based texture features; how-
ever, neither of these were selected as important predictors 
of disease-free survival in their models [44]. In one study, 
Vujasinovic et al. showed that a model incorporating GLCM 
in H&E and pankeratin-stained biopsies along with other 
clinicopathological variables could predict distant metasta-
sis with up to 90% accuracy [45]. Interestingly, it appears 
that there are some similarities but important differences in 
the features identified as meaningful predictors of response 
to NAC compared to those useful for long-term prognosis 
in the non-neoadjuvant setting. Despite one of these stud-
ies showing utility of GLCM, the other studies did not 
find nuclear intensity or similar texture-based features to 
be significant predictors. Similarly, in the previously men-
tioned study by Veta et al., they showed nuclear area as a 
prognosticator of patient survival, whereas we did not find 
nuclear area a significant predictor of NAC response [40]. 
These differences can likely be attributed to the different 
biological phenomenon being studied, i.e., acute response 
to chemotherapy versus long-term tumor behavior. Another 
possibility is that different biological types of breast cancer 
may each have unique predictive features. In our study, we 
evaluated only HER2-positive and triple-negative tumors 

whereas many of these other studies looked at a significant 
number of ER-positive tumors.

The current study has important limitations. The study 
was retrospective in nature and limited by a relatively small 
sample size. Increased sample size may have allowed for 
detection of additional important predictors that did not 
reach statistical significance in this study. In particular, we 
did not see significant differences due to receptor status as 
there were few patients in each group when broken down 
into receptor subtypes, and we did not include ER-positive/
HER2-negative tumors since none of these cases in our 
cohort had achieved a pCR. It would be informative to know 
how the predictive features behaved by receptor subtype if 
there was sufficient sample size to allow for this type of 
analysis. In this study, we evaluated only a small number of 
pre-selected nuclear features, which means important predic-
tive features may yet to be uncovered. This does, however, 
have the advantage of decreasing risk of false-positive find-
ings and over fitting the data, thus, improving the likelihood 
of being able to reproduce our findings. We also only evalu-
ated tumor nuclear features in this study. Given the previous 
research that has identified significant predictors of response 
to NAC, our models could likely be improved by including 
evaluation of TILs, mitotic activity, cytoplasmic features, 
necrosis, and stromal features. At last, our study did not 
include an external validation set to test the reproducibility 
of nuclear intensity and GLCM-COR to predict the response 
to NAC, and thus, the findings will need to be verified in an 
independent cohort.

In conclusion, our study describes using an AI platform 
on breast core needle biopsies to predict the response of 
high-risk breast cancers to NAC. This provides the basis 
for the further development of prediction tools that are both 
rapid and reproducible, which could be integrated into the 
pathologist’s workflow. Overall, these novel findings have 
the potential to improve clinical care and outcomes for 
patients with high-risk and advanced breast cancer.
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