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Background: Triple negative breast cancer (TNBC) is an aggressive subcategory of breast cancer with poor prognosis
and high risk of recurrence after treatment. In a subset of cases systemic chemotherapy is offered before surgery, so
called neoadjuvant chemotherapy (NAC), to downstage the disease resulting in 40-50% of cases to a pathological com-
plete response. Meanwhile, patients receiving NAC suffer from toxic side effects and in a proportion of patients a sig-
nificant amount of residual tumor remains. This study aims to predict the outcome of NAC with deep learning
technology based on the microscopic morphological characteristics in whole slide images of hematoxylin and eosin
(H&E) slides from the pre-operative tumor biopsy before chemotherapy.

Methods: A convolutional neural network was trained on 221 H&E-stained biopsies of carcinoma of no special type
from 205 patients scanned at 40 X . Cases were divided in three cohorts, with a good, moderate, or bad response to
NAC based on the EUSOMA scoring according to the pathology report of the subsequent tumor surgery specimen.
We defined good, moderate, and bad response as residual tumor <10%, 10-50%, and 50%, respectively. Manual seg-
mentation of the tumor area was performed comprising invasive carcinoma with a small rim of surrounding benign
tissue. The model was tested on 52 new biopsies of 50 patients. Because of the relative low number of moderate
and bad responder cases, and to achieve a better discrimination for potential visual biomarkers, the moderate and
bad response cohorts were merged.

Results: The predictive performance of the model was calculated by means of the area under the receiver operator curve
(AUC ROQ). 95% Confidence intervals (CIs) were calculated for better understanding of the range of values. In the test
set, the AUC ROC performance score was 0.696 with a CI of 0.532-0.861.

Conclusion: This proof-of-concept study shows that H&E pre-operative biopsies from TNBC, by means of deep learning
technology, contain valuable information having predictive value for the outcome of NAC resulting in an AUC value of
0.696 outperforming a predictive AUC value of 0.63 based on structured clinical data of histological tumor grade, TILs,
and ki-67 known from the literature.

Introduction

The incidence of breast cancer continues to be high and morbidity and
mortality from the disease remains a significant health problem. Choice of
breast cancer treatment is based on biopsy findings in combination with
clinical information (tumor size and lymph node status based on clinical im-
aging). A pathologist subtypes and grades the tumor based on the hematox-
ylin and eosin (H&E) tissue slide of the biopsy. Therapeutic biomarkers are
routinely performed: estrogen receptor (ER), progesterone receptor (PR),
and HER2 expression, using ancillary techniques. Based on the clinical in-
formation in combination with the pathological biopsy findings the best-

suited treatment is offered to the patient. In a subset of cases, systemic che-
motherapy is offered before surgery, so called neoadjuvant chemotherapy
(NAQ). In primary breast cancer, the therapeutic objective of NAC is to
shrink the tumor and downstage the disease. In advanced disease, NAC
may convert inoperable to operable disease. Currently, the role of NAC
has expanded to include patients with early-stage breast cancer that allows
to perform a wide local tumor excision instead of a mastectomy, with a
higher rate of clear margins, improving cosmetic outcomes and reducing
post-operative complications such as lymphedema.’*> Meanwhile, data
have shown that the response to chemotherapy is a strong predictive
marker for the risk of recurrence and therefore a surrogate endpoint of
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favorable survival, especially in triple negative breast carcinoma.’ Triple
negative breast cancer (TNBC) is an aggressive subcategory of breast can-
cer, comprising 10-15% of cases, with poor prognosis and high risk of re-
currence after treatment.*"® After administering NAC, 40-50% of TNBC
cases have no residual tumor left in the resection specimen, so called path-
ological complete response (pCR).>%” Patients receiving NAC, in general
for the duration of 6 months from date of biopsy,® often suffer from toxic
effects which is likely to worsen their prognosis and the therapy comes
with financial costs. Therefore, predicting good vs poor response to NAC
can reduce unnecessary harm in patients by sparing them ineffective and
potentially toxic NAC treatment, and by performing tumor resection with-
out the delay of around 4-6 months due to chemotherapy.>°

Diverse biomarkers were proposed to predict NAC response in TNBC:
tumor size, histological grade, tumor proliferation score based on Ki-67
staining and tumor-infiltrating lymphocytes (TILs). In general, small
tumor size, high grade, high Ki-67 expression, and high TILs are positively
related to pCR in NAC setting.>® In recent years, genetic biomarker tests
have become available that predict a response to NAC (e.g., Mammaprint
and Oncotype Dx). However, these test have substantial drawbacks in
time investment, high cost, and are not applicable for TNBC.°

Increasingly, pathology departments digitally scan all tissue slides."’
Availability of these digital images enables the use of deep learning technol-
ogies, which were shown to be useful in for example breast cancer detection
and grading in digitalized H&E tissue slides.’®>> Histological images har-
bor information on tumor characteristics reflecting underlying molecular
processes and biological disease mechanisms.'® Humans have been able
to correlate visual data from H&E tissue slides with disease behavior in
breast cancer resulting in the Nottingham Bloom and Richardson grading
system that nowadays guides treatment of breast cancer patients.'” The vi-
sual data in tissue slides are abundant and complex, and likely also contains
information that is not (yet) visible to the human eye. Artificial intelligence
may be able to extract visual data that correlates with molecular processes
and disease progression.

In this proof-of-concept study, a convolutional neural network (CNN)
was trained and tested to predict the NAC response based on the morpho-
logical information in the H&E slide of the tumor biopsy specimen before
NAC and surgery in TNBC of no special type (NST). The CNN was trained
in a naive way/weakly supervised manner without addressing already
known biomarkers. This method allows a prediction from the digital
image in seconds compared to laborious grading by the pathologist and
(possibly in the future) financially costly genetic predictive testing taking
several days or weeks.

Methods and materials
Selection

All cases from the pathology archive of Pathan B.V. were collected con-
cerning formalin-fixed paraffin-embedded H&E-stained slides of biopsies of
triple negative carcinoma NST of the breast that received NAC for the dura-
tion of =4.5 months before surgery from the years 2017 until 2022. In this
study, the exact administered medicine (combination) and number of cy-
cles for NAC was not known. Therefore, a surrogate complete period of
NAC was defined as at least 6 months between the date of the (last ac-
quired) pre-operative biopsy and the date of surgery. In the case of moder-
ate and bad responders, a NAC cut-off period of at least 5.5 and 4.5 months,
respectively, was set as a viable period in which a good response was not to
be expected and were included. Existing H&E tissue sections from cases
from the years 2017 until 2020 derived from five hospitals were H&E re-
stained because a high number of the earlier years showed faded staining.
In cases without a precursor ductal carcinoma in situ (DCIS) lesion, a
GATAS3 staining was performed to exclude tumor metastatic disease from
outside the breast. Carcinoma NST with metaplastic features were excluded
as well. As a separate test set, 52 biopsy cases of 50 patients from the year
2022 were collected according to the criteria described above. All cases
were scanned with a Philips ultra fast scanner (UFS; serial number 228
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(Philips, Amsterdam, The Netherlands)) at 40 X (pixel size 0.25 pm) and
uploaded to the Aiforia's commercially available cloud-based platform
(Aiforia Technologies Plc, Helsinki, Finland).

Training and testing cohorts

221 Cases from 205 patients were divided in three cohorts of good,
moderate, and bad responders to NAC based on the EUSOMA scoring ac-
cording to the pathology report of the tumor surgery specimen. We defined
good response as residual tumor of less than 10%, moderate response as
10-50% residual tumor, and bad response as 50% residual tumor.

The level from the biopsy specimen with the greatest amount of tumor
tissue within the slide was selected for training of a CNN. Within the Aiforia
cloud-based platform, the tumor area was manually delineated by a pathol-
ogist (BS). Precise invasive tumor regions were annotated, including a small
rim of surrounding area and excluding surrounding whitespace back-
ground, benign tissue, DCIS, artifacts (e.g., folded tissue, scratches,
squeezed areas, and out of focus areas), extensive fibrosis/sclerosis, and ne-
crosis. Next, for CNN training, all regions in a slide were associated with a
label, expressing the specific patient cohort (good, moderate, or bad re-
sponse to NAC). The CNN was trained using patches of 200 x 200 pm.
Due to the relative low number of moderate and bad responder cases, and
to achieve a better discrimination for potential visual biomarkers, the mod-
erate and bad response groups were merged for training. Further details on
CNN training can be found in the supplementary information table. In
Fig. 1, an overview of the study design is provided.

A 5-fold cross-validation (CV) was performed on the cases from the
years 2017-2021. The CV groups were slightly modified to correct for mul-
tiple cases of the same patient and for proportions of good, moderate, and
bad response to NAC, to prevent bias. For testing of the model, 52 biopsy
cases of 50 patients from the year 2022 were collected which were not pres-
ent in the training data.

Evaluation and statistical analysis

The Aiforia software outputs, for every manually drawn region of inter-
est, the surface areas classified, respectively, as good responder or moderate
and bad responder. To calculate a patient level likelihood (ranging from 0
to 1) for being a moderate and bad responder, we calculated the area frac-
tion classified as moderate and bad responder over the sum of all annotated
regions per patient. To evaluate the predictive performance of the model,
this likelihood was used in the area under the receiver operator curve
(AUC ROC) analysis. To identify possible histological features that may pre-
dict NAC response, we analyzed areas with high AI confidence (90%).

Results

Table 1 gives an overview of the global performance of the Al model re-
garding the training and validation of the CV groups and the test set. The
predictive AUC ROC performance score regarding the CV groups ranged
from 0.541 to 0.730 (mean 0.616) and in the test set was 0.696, presented
in Fig. 2 and Table 2. An example of a result in the WSI of the algorithm is
illustrated in Fig. 3 featuring the precise manual segmentation of the inva-
sive tumor area. To give an indication of the clinical usefulness of the model
developed in this study, applying this model, we can identify 23.1% of mod-
erate and bad responders at the cost of falsely classifying 2.6% of the good
responders as moderate and bad responders. Based on high Al predicted
confidence, it seems that areas with syncytial cell groups with at most
minor cribriform tubule formation, mainly bi-phasic/2 populations of epi-
thelial cells and presence of leukocytes (lymphocytes plasma cells neutro-
phils) and sometimes nuclear debris and/or apoptotic cells may be
predictive features for good response to NAC. Regarding histological fea-
tures that seem to be predictive for moderate or bad response to NAC rela-
tively abundant stroma (sclerotic/desmoplastic) with some degree of small
spindle cell nuclei if low cellularity stroma, white areas (i.e., cleft artifacts,
tubules, or small vessels), compact/blue round epithelial areas and areas
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Fig. 1. Overview of the study design.

with lower leukocyte density compared to comparable tumor areas with
higher leukocyte density. Examples of these morphological features are
provided in Fig. 4.

Discussion

This study shows the feasibility of using Al to extract valuable informa-
tion from digitalized H&E tissue slides that correlates with NAC response.
This finding is concordant with other recent studies. Li et al.> developed
an Al-based pCR-score using data from 540 patients, that was found to out-
perform basic biomarkers of sTILs and tumor subtype. This score, which
was not specifically developed for TNBC, obtained an AUC of 0.847 on an
independent validation set. The study design of Li et al. is different from
the present study with respect to inclusion of multiple tumor subtypes
(HR +, HR-, HER2 +, and HER2-), patients without metastasis and the ap-
plication of automated tumor segmentation that may have an impact on the
results. Naylor et al.'® trained a CNN on a dataset of 336 patients using the
residual cancer burden (RCB) based on the pathology report of the surgical
resection specimen as the outcome of NAC. Two prediction settings were in-
vestigated: (1) pCR (no residuum) vs RCB (some residuum) and (2) pCR-
RCB-I vs RCB-II-1I, that is supposed to be clinically more relevant, as it is
informative of a patient's prognosis. The 5-fold nested CV achieved a

Table 1

mean AUC ROC performance of 0.654 + 0.049 and 0.601 = 0.049, respec-
tively, as the best performing model in the prediction of response to NAC
for TNBC. Our study is comparable in outcome classification design
(<10% vs 10-100% residual tumor according to EUSOMA criteria) to pre-
dict patient's prognosis of pCR — RCB-I vs RCB-II - RCB-III achieving a com-
parable mean AUC ROG performance of 0.616. Aswolinskiy et al.'® showed,
concerning TNBC cases a promising result on computational TILs and in-
flamed tumor ratio with an AUC performance of 0.77 and 0.71, respec-
tively, the results from an internal validation set (n = 66; n pCR = 29),
although the number of cases is small. Unfortunately, the so-called
PROACTING biomarkers from WSI H&E slides show no single biomarker
having absolute statistical significance to be sufficient for patient care to
benefit from. Our study differs with respect to Aswolinskiy et al. approach
not focusing on already known biomarkers but training the CNN in a naive/
agnostic way, possibly including known biomarkers as well as unknown
(combination of) biomarkers. Ogier du Terrail et al.>° in a proof-of-
concept study based on 650 patients showed that machine learning models
relying on WSI can predict pCR to NAC therapy in TNBC. The study showed
an AUC ROC performance of 0.66 on average when applying the best feder-
ated learning method outperforming the clinical prediction with an AUC
ROC performance of 0.63, based on structured clinical data of histological
tumor grade, TILs, and ki-67. The available data also show that with the

Overview of the global performance of the Al model. CV = cross-validation group, FP = False positive, FN = False negative. FN and FP is calculated per class. The total area
error is calculated for all the classes combined and explains the relative high error values.

Training, validation & test groups Total Area Area False Area error Area total False Area error Area total Number

area error total positive FP FP negative FN FN of

error (%) (mm®) mm®» (%) (mm?) (mm?) (%) (mm?) (mm?) slides
Training CV2, 3,4 & 5 1.79 34.06 1899.46 0.44 16.78 3798.92 0.45 17.28 3798.92 177
Training CV1, 3,4 & 5 81.27 1568.68 1930.12 20.30 783.74 3860.24 20.33 784.94 3860.24 175
Training CV1, 2,4 & 5 1.15 23.17 2010.22 0.28 11.33 4020.44 0.29 11.85 4020.44 177
Training CV1, 2, 3 & 5 1.02 19.83 1943.88 0.25 9.67 3887.75 0.26 10.16 3887.75 177
Training CV1, 2, 3 & 4 0.75 13.86 1845.87 0.18 6.70 3691.75 0.19 7.16 3691.75 178
Training CV1, 2, 3, 4 & 5 (all cases 2017-2021) 1.63 38.90 2390.40 0.40 19.17 4780.80 0.41 19.73 4780.80 221
Validation CV1 based on Training CV2, 3,4 & 5 78.55 399.86 509.03 19.62 199.74 1018.06 19.66 200.12 1018.06 44
Validation CV2 based on Training CV1, 3,4 & 5 91.50 435.69 476.17 22.86 217.70 952.33 22.89 217.99 952.33 46
Validation CV3 based on Training CV1, 2,4 & 5 92.12 366.89 398.27 23.01 183.27 796.53 23.05 183.62 796.53 44
Validation CV4 based on Training CV1, 2,3 & 5 72.88 336.99 462.41 18.20 168.30 924.83 18.24 168.70 924.83 44
Validation CV5 based on Training CV1, 2, 3 & 4 73.03 410.86 562.61 18.46 207.67 1125.22 18.06 203.19 1125.22 43
Validation Test 22 based on Training CV1, 2, 3,4 & 5 70.46 334.87 475.27 17.57 167.00 950.55 17.66 167.87 950.55 52
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Fig. 2. ROC curves. CV = cross-validation group.

approach of a bimodal score distribution on all tiles that tiles associated
with high and low scores are presenting clear histological patterns. By
means of extensive expert annotations of predefined criteria, it was possible
to highlight specific patterns associated with response or nonresponse in
the entire test sets. The presence of TILs and hemorrhage along with necro-
sis are associated with overall high scores and probability to response,
whereas the presence of apocrine tumor cells, fibrosis, and non-cohesive
tumor cells are associated with low scores and high risk of poor NAC re-
sponse. The authors state that most of those patterns are already well
known in the community (i.e., TILs, apocrine or non-cohesive tumor cells,
or hemorrhage) and therefore, confirm the biological relevance of their al-
gorithm. Some other patterns, like the presence of fibrosis already sug-
gested by the literature, require a deeper analysis to understand the link
made by their algorithm between this pattern and a low probability of re-
sponse. The above-mentioned features may have contributed in our study
design by segmenting the invasive tumor area with a small rim of surround-
ing benign tissue including TIL-s, necrosis, fibrosis, and hemorrhage in
combination with a relative high level of detail of 200 um? field of view.
However, not the aim of our study, it would be interesting to investigate
if unknown biomarkers are present in the data.

Regarding the above-mentioned studies, we need to stress that these
studies focus on pCR, whereas our study focuses on good response

Table 2

Number of biopsies per group and cohort. AUC with 95% CI per group.
Validation & test Good Moderate Bad AUC 95% CI
groups response  response response
Cv1 32 6 6 0.547 0.366-0.728
Cv2 33 6 7 0.623 0.445-0.801
Cv3 31 6 7 0.541 0.334-0.748
Cv4 31 6 7 0.730 0.559-0.900
CV5 30 6 7 0.637 0.452-0.822
Test 22 39 9 4 0.696 0.532-0.861

defined as less than 10% residual tumor that includes pCR cases. The ra-
tional for this is that tissue sampling always has a chance viable tumor is
not sampled because as a rule of thumb in a resection specimen a pathol-
ogist for practical reasons samples 1 section per cm tumor diameter and
in some cases, it is not possible to find the exact region the tumor was
supposed to be in the resection specimen resulting in possible sampling
bias. Subsequently, AUC values in this study compared to other studies
are not exactly comparable, except for the study of Naylor et al. Already
mentioned above regarding study design, it appeared that in a 5-fold CV
setting by Naylor et al., the pCR prediction of NAC response gives on av-
erage probably a slightly higher ROC AUC value than the pCR — RCB-1 vs
RCB-II - RCB-III prediction when analyzing fig. 8 in their scientific arti-
cle, showing 14 different algorithm approaches. However, exact values
are not presented for each algorithm implying comparing remains cur-
rently an educated guess.

In our study, to compensate for the relatively small number of cases
while trying to achieve a high yield of discriminatory visual biomarkers,
precise manual invasive tumor area segmentation was done excluding
areas with carcinoma in situ (CIS), extensive necrosis, extensive fibrosis,
and tissue artifacts (e.g., tissue folds, out of focus areas, squeezed areas,
dust particles among others). The rational to exclude big areas of fibrosis/
sclerosis and necrosis is the potential pitfall for the algorithm to classify
this as viable tumor but in fact is a secondary change in the tumor possibly
introducing bias/confounding factor, although some fibrosis and necrosis
was segmented in the small rim surrounding invasive tumor cells. In the
EUSOMA classification, residual CIS without residual infiltrative tumor
after NAC is regarded as a pCR. Therefore, CIS was excluded because it is
a pre-neoplastic lesion and in a subset of cases does not respond to NAC.
Also, some TNBCs have a DCIS-like cytomorphology and growth pattern
that complicate the CNN training even further introducing a confounding
factor when CIS is included in tumor segmentation. Metaplastic carcinoma
and other breast carcinoma of special type, that can be included in the
group of TNBC, are rare and diverse in cytomorphology ranging in the
case of metaplastic carcinoma from squamous cell carcinoma to different
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Fig. 3. Example of Al prediction in a case of good (a), moderate (b), and bad (c) response to NAC. Areas or line contour in green represent predicted good and in purple
moderate or bad response, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

types of sarcoma, and for that matter were excluded from this study, al- present study is the fact that the exact administered medicine (combina-
though a subset does respond well to NAC.?"+?? tion) and number of NAC cycles was not known. The defined completion

Because therapeutic protocols change over time only cases from 2017 period of NAC in this study is based on standard clinical NAC protocols,
and onwards were collected in this study because from 2017 and onwards, with treatment typically spanning approximately 6 months from the date

anew NAC protocol was introduced in The Netherlands. A limitation of the of biopsy.® In our dataset, 19 cases fell in the range of 4.5-6 months

Fig. 4. Examples detailed morphology high Al confidence (90%) prediction of moderate or bad response (row above; line contour purple) and good response (row below; line
contour green). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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measured from date of biopsy to date of surgery. 16 cases involving 15 pa-
tients were excluded upfront from the primary set of cases due to an abbre-
viated NAC period (<4.5 months). We believe this exclusion is
methodologically justified, as shorter treatment durations may introduce
confounding variables, thereby compromising the reliability of the study.
A higher AUC value may be achieved when training is done on cases with
more precise clinical knowledge of the tumor size, lymph node status,
NAC regimen, and number of cycles in a specific patient.

For the last decades, histological tumor grading (tubule formation, nu-
clear pleomorphism, and mitotic count) has been a simple and inexpensive
method having important prognostic value for breast cancer patients and
has a prominent role in guiding treatment. The prognostic significance
has been widely studied, showing among other things, that histological
grade in conjunction with disease state (consisting of tumor size and
lymph node status) could improve outcome conditions. It has been shown
that the prognostic value of histological grade was independent of tumor
size and lymph node status and that grade is complimentary and equivalent
in impact magnitude to lymph node status, which is widely regarded as a
major prognostic factor in breast cancer. Moreover, the independent prog-
nostic effect of histological grading on survival (as well as lymph node sta-
tus and tumor size) is long-lasting (10 years). Regarding the prognostic
contribution of the three constituents of grade, several studies have
shown that the mitotic count is the most important variable, followed by
nuclear atypia and then tubule formation.® Al has the potential to outper-
form the contemporary clinical use of histological tumor grade, ki-67,
TILs, and gene expression profiling in conjunction with tumor size and
lymph node status. This will eventually alleviate the workload of patholo-
gists and decrease the cost of healthcare.

We found that some morphological features, foremost TILs, and scle-
rotic stroma, seem to be prognostic for NAC response and are in line with
results from other studies.>>>>* Ogier du Terrail et al. found hemorrhage,
TILs, and necrosis as predictive of pCR. Apocrine change, fibrosis, and
dyscohesive tumor cells being predictive of bad response. Hacking et al.
quantified the stromal and tumor features in a WSI-based multi-omic
(WSI, clinical, and pathological) machine learning model and found that
high collagenous stroma was best associated with lower pCR rates. Fisher
et al. provided evidence that the inter-relationships between TILs, stroma,
adipocytes, and tumor cells can predict NAC response in patients
with TNBC.

In our study, similar tumor morphology from different patients showed
a similar prediction from the algorithm although a different real-world
therapeutic outcome. This underlines the fact that tumor cytomorphology
alone may have only relative value in therapeutic outcome in relation to
many other intrinsic patient factors, i.e., biological metabolism factors, im-
munological factors, physical (e.g., body mass index), and mental condition
among others.?>2° We acknowledge that our study lacks a detailed analysis
of model performance regarding misclassified cases and failure modes as it
was designed as a proof-of-concept study. Therefore, future studies need to
incorporate so-called big data analysis for treatment response prediction,
including in-patient factors, which may play a guiding role in this area in
the future, whereas laborious tumor grading, scoring TILs, and expensive
gene expressing profiling may become obsolete.

Finally, an Al-driven diagnostic tumor WSI analysis may serve as a tool
for therapeutic decision-making, guiding the selection of NAC or adjuvant
chemotherapy based on predictive modeling of treatment outcomes.
Specifically, a favorable prognostic assessment could support the choice
of NAC followed by surgical tumor resection, whereas an unfavorable
prediction may warrant surgical tumor resection first followed by consider-
ation of adjuvant chemotherapy as an alternative strategy.

Conclusion

This proof-of-concept study shows that Al can extract valuable informa-
tion from H&E-stained pre-operative biopsies, having predictive value for
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the outcome of NAC in TNBC. Future studies need to prove if a higher
AUC value may be achieved when precise clinical information is included
in CNN training.
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