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Statement of translational relevance

This study introduces Breast-NEOprAIdict, a novel deep learning model designed to predict

pathological complete response (pCR) in early breast cancer patients undergoing standard

neoadjuvant chemotherapy. Leveraging standard histological images stained with hematoxylin and

eosin (H&E), this model is easily integrable into existing diagnostic workflows. Breast-NEOprAIdict

offers a direct prediction of tumor chemosensitivity, providing insights that are more closely aligned

with pCR outcomes than current classification methods based on staging and grading. The adoption

of this tool in clinical practice could enhance personalized treatment strategies, enabling more

accurate identification of patients who are likely to benefit from standard chemotherapy and

improving overall patient management in breast cancer care.
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Abstract

In precision medicine, the prediction of tumor chemosensitivity is of major importance to offer

cancer patients the best possible treatment from the outset. In this study, we introduce

Breast-NEOprAIdict, a deep learning model designed to predict the occurence of pathological

complete response (pCR) in early breast cancer (eBC) patients treated with standard neoadjuvant

chemotherapy (NAC).

This prediction is based on an analysis of the initial tumor diagnostic biopsy. To this end, we used two

extensive cohorts (total n=1140 patients) spanning various molecular subtypes of eBC

(HER2-amplified (HER2+), estrogen-receptor positive/HER2 non amplified (ER+/HER2-), and

triple-negative (TN) tumors): the PRIMUNEO prospective cohort (n=500) for training and internal

validation and the CGFL Breast Cancer Neoadjuvant database (n=640) for external validation.

Breast-NEOprAIdict demonstrated good performance on the external validation dataset for HER2+

tumors (Area Under the Curve (AUC): 0.652 (P = 0.001), Odds Ratio (OR): 2.42 (P = 0.0131)),

ER+/HER2- tumors (AUC: 0.814 (P = 0.003), OR: 20.56 (P = 0.00413)) and TN tumors (AUC: 0.677 (P =

0.001), OR: 3.44 (P=0.00373)) compared to standard clinicopathological features. We also evaluated

the robustness of our algorithm through testing on several scanned sections per patient.

Breast-NEOprAIdict exhibited strong consistency in the external validation cohort, with a Pearson

correlation coefficient of 0.933 (P <0.001) for HER2+, 0.932 (P <0.001) for ER+/HER2- tumors, and

0.939 (P <0.001) for TN.

Breast-NEOprAIdict is a new tool for identifying eBC that are differentially sensitive to standard NAC,

and could help to select the most appropriate treatment strategy in HER2+, ER+/HER2- and TN eBC.
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Introduction

Breast cancer (BC) is the leading cause of cancer-related deaths for women in Europe and

worldwide1. Adjuvant or neoadjuvant systemic chemotherapy is a standard treatment for high-risk

early breast cancer (eBC) and consists of performing chemotherapy after or before surgery,

respectively. Chemotherapy is recommended for the vast majority of patients with HER2-amplified

(HER2+) or triple-negative (TN) eBC, as well as for patients with ER+/HER2- tumors who have the

most significant risk of metastatic relapse. The decision to administer systemic chemotherapy, either

in an adjuvant or neoadjuvant setting, is made by the oncologist based on each individual patient’s

risk factors for relapse1. Neoadjuvant chemotherapy (NAC)2 can be proposed to patients to reduce

the size of the primary tumor before surgery, to facilitate conservative surgery, but also to administer

systemic treatment very early on, with a view to treating any micrometastatic disease as quickly as

possible. In the Early Breast Cancer Trialists’ Collaborative Group (EBCTCG)3 meta-analysis, there was

no significant difference between patients treated with a neoadjuvant scheme in terms of distant

recurrence, breast cancer mortality, or death from any other cause, compared to the same standard

adjuvant chemotherapies. An advantage of NAC is the ability to evaluate the chemosensitivity of

each patient’s tumor to the standard chemotherapy on the surgical specimen. Thus, patients with

complete pathological response (pCR, defined as no residual invasive cancer cells either in the breast

or axillary lymph nodes: pT0 and pN04) after NAC have significantly better relapse-free, and overall

survival compared to patients with residual disease (RD) on the surgical specimen4,5 (especially for

HER2-amplified and TN breast cancer). For these two BC subtypes, patients with RD can be selected

after surgery for post operative, adjuvant treatment intensification6,7. For the ER+/HER2- eBC

subtype, achieving pCR is significantly less common and has a reduced prognostic value4,5.

Nevertheless, there is a small subset of chemosensitive ER+/HER2- tumors that achieve pCR, and for

which chemotherapy is probably of great interest in the systemic treatment plan. Unfortunately,

there is currently no effective predictive marker for identifying these tumors prior to treatment.

Therefore, predicting tumor chemosensitivity (in terms of pCR) to conventional chemotherapy

regimens right from the initial diagnosis would be highly beneficial. Such prediction would enable

medical oncologists and surgeons to identify patients who are likely to achieve pCR with standard

treatment, and who may therefore not require intensification of systemic therapy. Conversely, they

would also be able to identify those with tumors unlikely to achieve pCR after standard treatment,

indicating a potential need for treatment intensification early on, or for consideration of alternative

therapies. In this context, our study analyzed two extensive French cohorts of eBC patients

undergoing standard NAC to develop and validate a deep learning model that uses whole slide

images (WSI) from initial tumor biopsies to predict the likelihood of pCR following NAC.
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Patients and Methods

Datasets:

The data analyzed in this study is sourced from two distinct eBC patients cohorts: i) the PRIMUNEO

dataset, a French multicentric prospective dataset from the PRIMUNEO study (ClinicalTrials.gov

Identifier: NCT01513408), conducted between May 2012 and February 2015 at different cancer

centers in France, and dedicated to the identification of predictive/prognostic histopathological

factors in eBC patients treated with standard NAC (this study was funded by a grant from the French

Ministry of Health PHRC-K2011); and ii) the CGFL breast cancer neoadjuvant dataset, a retrospective

single-center database generated from the neoadjuvant treated population in a single French cancer

center (Centre Georges François Leclerc, Dijon) between the early 2000s and 2022.

- PRIMUNEO Database:

A total of 500 patients who received NAC between May 2012 and February 2015 in 12 different

cancer centers in France were enrolled in the PRIMUNEO study. Briefly, the main inclusion criteria

were: female patients between the ages of 18 and 80 years, with proven localized breast cancer,

regardless of the histological type or molecular subtype (HER2-amplified, ER+/HER2-, TNBC); treated

with standard NAC incorporating taxanes ± anthracyclines (treatment protocol at the physician's

discretion, see Table 1 for more information). The main exclusion criteria were: metastatic breast

cancer; neoadjuvant radiotherapy; patient not amenable to surgery; and ongoing therapy for any

other type of cancer.

A total of 438 hematoxylin and eosin (H&E)-stained slides were used from this dataset; 62 patients

were excluded because they met the original PRIMUNEO study exclusion criteria (n=17) or had no

available molecular subtype status (n=15), no available pathological response report (n=31) or no

information of the laboratory origin (n=4) (Supplementary Figure S1A). Some patients had more

than one exclusion criteria.

A more detailed description of this cohort is provided in Table 1 and Supplementary Table S1.

- CGFL Breast Cancer Neoadjuvant dataset:

The CGFL breast cancer neoadjuvant dataset comprises 1319 digitized WSI of initial diagnostic tumor

biopsies obtained from 640 patients who received NAC between January 2000 and January 2022. Of

these, 150 were excluded. Exclusion was for the following reasons: poor quality WSI (n=5), no

molecular subtype status (n=51) or no available pathological response report (n=110)

(Supplementary Figure S1B). Some patients had more than one exclusion criteria.

A more detailed description of this cohort is provided in Table 1 and Supplementary Table S2.
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Pathological evaluation:

All tissue sections, initial biopsies, and surgical specimens after NAC were examined microscopically

by experienced pathologists (LA, AB, FB). For each patient included in the study, a tumor block from

the initial biopsy and a representative block of residual tumor was chosen by the reference

pathologist in each investigating center. Depending on the quality of pathological response, this

representative block could come from an area of complete tumoral regression (in case of pCR), an

area of partial tumor regression, or an area of unmodified residual tumor (in case of non-pCR).

Pathological complete response (pCR) was defined as the disappearance of invasive tumor on the

surgical specimen and in the lymph nodes after NAC (pT0 pN0)4. The pathological response was

dichotomized as pCR vs residual disease (RD). In a subsequent analysis, RD was subdivided into two

groups: "no response" and "partial response." "No response" was defined as cases where the AJCC

stage either remained the same or progressed compared to the stage at diagnosis. "Partial response"

referred to cases where the AJCC stage decreased but remained above stage 0 compared to the

initial diagnosis. Tumor infiltrating lymphocyte (TIL) quantification, and Residual Cancer Burden (RCB)

information were not available in these two cohorts of patients. The estrogen receptor (ER),

progesterone receptor (PR), and HER2 status were assessed by immunohistochemistry (IHC). HER2

status was defined as positive only when IHC (3 +) or IHC (2+) and HER2 amplification by fluorescence

in situ hybridization (FISH), while breast cancer with IHC (0/1 +) or IHC (2+) without HER2

amplification by FISH were considered as HER2-negative disease8. ER/PR positivity was defined as

positive nucleus staining in more than 10% of tumor cells9. The nuclear grade was assessed based on

the Nottingham grading system10, and clinical staging according to the American Joint Committee on

Cancer (AJCC) classification11.

Internal and External validation study design:

In order to ensure that the site of origin was not biasing the prediction performance, as previously

shown by Howard et al.12, we used a stratified grouped cross-validation approach. We used 4 distinct

training and test sets preserving similar pCR prevalence in each subset and without site overlap

between a training set and its associated test set. Supplementary Figure S2 displays the laboratories

used in the training and test subsets, along with the number of slides with pCR and RD in each

partition. Additionally, we validated our Deep Learning system in an external dataset (namely the

CGFL Breast Cancer Neoadjuvant database). The training dataset used was the PRIMUNEO dataset,

minus the slides coming from the CGFL database to avoid site-specific bias (these 112 patient slides

were not included in the training set to avoid any information sharing between the training and the
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test phase). The complete flowchart of internal and external validation sets is provided in

Supplementary Figure S1A - S1B.

Pipeline Analysis:

- Image processing

The H&E-stained WSIs of initial biopsies were obtained using a Hamamatsu Nanozoomer 2.0HT

scanner at 40 × magnification.

- Pipeline

All analyses were performed using Python 3.8. The pipeline is described in Figure 1.

i) Image preprocessing:

Hamamatsu NDPI files of H&E diagnostic biopsy slides from the PRIMUNEO and CGFL databases were

first selected. A single slide was used for each patient for performance evaluation. We then extracted

the foreground using an in-house trained U-net and tiled the images in non-overlapping patches of

600x600 pixels at a 5x resolution. The resulting patches were used as inputs of two separate neural

network architectures (Figure 1A). For the first architecture, we employed EfficientNetB713 with

ImageNet-pretrained weights, adding a global average pooling layer to produce an embedding vector

of size 2560 (Figure 1B-I). For the second architecture, we used the Vision Transformer Small with 16

patches (ViT-S/16)14 with weights from the Self Supervised Learning (SSL) DINO method15 pre-trained

on the TCGA dataset (Figure 1B-II).

ii) Label processing:

These patches were associated with the label 1 if pCR was observed on the surgical specimen, or 0 if

Residual Disease was described.

iii) Neural network training, model selection:

We developed a deep learning model based on two architectures to predict pCR from the WSI of

biopsies.

Architecture 1: EfficientNet B7-Based Model. The first architecture employs the EfficientNet B7

embeddings as inputs for a multi-layer perceptron (MLP). This MLP consists of two fully connected

layers with output dimensions of 64 and 16, each followed by a ReLU activation layer. Then, we used

a single SoftMax layer to jointly predict the patient’s pCR or RD status and molecular subtype (Figure

1B-I). Lastly, the slide-level prediction was calculated using the 99th percentile of the patch-level

prediction values (Figure 1C-I). A Multiple Instance Learning (MIL) aggregation was also tried but did

not provide competitive results.
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Architecture 2: Vision Transformer-Based Model. The second architecture utilizes ViT-S/16 patch

embeddings as inputs for an MLP, also consisting of two fully connected layers with output

dimensions of 64 and 16, each followed by a ReLU activation layer. A linear layer predicts the pCR or

RD status. The slide-level prediction is calculated using the 99th percentile of the patch-level

prediction values (Figure 1C-II). A Multiple Instance Learning (MIL) aggregation was also tried but did

not provide competitive results.

Models from both architectures were trained using a nested three-fold cross-validation approach.

Each training set was divided into three subsets: two subsets were used for training a model, while

the third subset served as the validation set. This process was repeated three times, each time using

a different subset for validation, resulting in three trained models per architecture. We used the

validation subset to select the training epoch with the best performance. The final slide-level pCR

prediction was obtained by first averaging the predictions from the three models within each

architecture. Next, we computed the harmonic mean of the ensemble predictions across both

architectures (Figure 1D and Supplementary Figure S3).

Regarding further specifications, we trained each model over 500 000 iterations and a batch size of

32. For the EfficientNet B7-Based model we employed a cross-entropy loss and SAM wrapper16 with

an Adam optimizer17 as the underlying optimizer and a base learning rate of 1e−3. For the Vision

Transformer-Based Model, we employed a binary cross-entropy loss with an Adam optimizer and a

learning rate of 1e−3.

iv) Clinical Model:

To provide a baseline for comparison with our deep learning model from WSIs, we developed a

Clinical Model (CM) based on the pathological and clinical information. This model utilized the

following data: age at surgery (ranging from 22 to 88 years), the time difference between biopsy and

surgery, the molecular subtype (3 classes: HER2+, ER+/HER2-, and TN breast tumors (ER-/HER2-)),

AJCC staging (9 classes: 0, I, IA, IB, IIA, IIB, IIIA, IIIB, IIIC), and Scarff-Bloom-Richardson (SBR) grade (3

classes: I, II, III) information. If the data was available for the patient, it was encoded in a one-hot

vector; otherwise, a vector of zeros was used. The resulting 17-feature vector was used as an input

for an MLP with two hidden layers of output dimensions 64 and 16. We then used the same

approach as described earlier to predict pCR, with the pCR/RD status and the patient’s molecular

subtype combined output. To ensure a fair comparison between the models, the CM employed the

same implementation details and training curriculum as detailed above.

v) Output binarization:
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We binarized the predictions using different thresholds for each molecular subtype corresponding to

the highest median of the pCR predictions in the validation subsets of the internal and external

studies.

vi) Hardware and software specifications:

Experiments were run with a NVIDIA RTX A4000 graphic card and the following libraries: PyTorch

v1.12.1, CUDA 11.5.

- Review of High-Scoring Patch by experts

To enhance our understanding of the results produced by Breast-NEOprAIdict, we focused on

analyzing patches with the highest scores from slide predictions categorized as either the most

chemosensitive or the most chemoresistant by our deep learning system, regardless of the ground

truth. Specifically, we extracted the top 20 patches with the highest deep learning scores from the 20

slides with highest and lowest predictions. These selected patches were then reviewed by three

independent experienced pathologists from three different laboratories (CP, LA, HPM, resp. with 5,

40 and 35 years of experience) for clustering based on shared visual characteristics.

Statistics and Metrics:

Clinical and pathological characteristics were compared between cohorts using the Chi-squared test

or two-sided Fisher’s exact test. Discriminatory power was measured using the area under the

receiver operating characteristic curve (AUC) and statistical significance was assessed using a

one-sided Mann–Whitney U test. To measure the strength of the association between the binarized

predictions and actual pCR, we used the odds ratio (OR) with the Haldane-Anscombe correction18,

and a two-sided Fisher's Exact test for statistical analysis19. The models were systematically evaluated

separately on each molecular subtype to avoid biological bias.

For the internal study, we computed the AUC for each partition, while for the OR, we concatenated

the predictions of each partition to obtain a single value (Supplementary Figure S4). This approach

was taken to mitigate the potential bias in the OR estimates due to the small sample size20 and low

prevalence rates for certain molecular subtypes (as depicted in Supplementary Figure S3).

Results

Study population characteristics:
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Table 1 summarizes the clinical and pathological characteristics of all patients included in the study.

We tested the differences in characteristics between the two datasets and found no statistically

significant difference in menopausal status (p = 0.2013), breast surgery type (p=0.0526), or clinical

and pathologic tumor stage (cAJCC and pAJCC), with p-values of 0.7967 and 0.2459, respectively.

However, we found statistically significant differences in clinical and pathological tumor and node

stage (p < 0.001), SBR grade (p < 0.001), tumor molecular subtype (p < 0.001), NAC treatment

protocol (p < 0.001), and pCR status (p = 0.0180). Notably, the PRIMUNEO dataset exhibited a higher

incidence of patients achieving pCR compared to the CGFL dataset, at 24% and 17.9% respectively.

Regarding treatment, most of the patients received a combination of anthracycline and taxane

therapies, 93.1% in the PRIMUNEO cohort and 57.7% in the CGFL dataset (‘Other’ category in Table 1

also including intensified treatments combining both anthracyclines and taxanes). All patients with

HER2 amplification were treated with tailored trastuzumab therapy along with standard

chemotherapy (for a detailed description of the pCR/RD distribution across each molecular subtype,

see Supplementary Table S1).

Following the patient selection procedure detailed in Supplementary Figure S1, our study cohort was

refined to 928 participants from the initial 1140. This included 438 from the PRIMUNEO dataset and

490 from the CGFL Breast Cancer Neoadjuvant database. For internal validation, we used only the

PRIMUNEO dataset, comprising 438 patients categorized into HER2+ (n=116, with a 37.1% pCR rate),

ER+/HER2- (n=191, 10.5% pCR rate), and TN breast cancer (n=131, 32.1% pCR rate). We arranged the

patients into four distinct partitions for cross-validation (see Methods and Supplementary Figure

S2). For the external validation stage, we used the CGFL Breast Cancer Neoadjuvant database

comprising 490 individuals characterized as follows: HER2+ (n=220, 21.4% pCR rate), ER+/HER2-

(n=156, 3.8% pCR rate), and TN breast cancer (n=114, 30.7% pCR rate).

Pathological Complete Response is predictable by a Deep Learning System using WSI on HER2+,

ER+/HER2- and TN Breast initial diagnostic cancer biopsies:

Internal validation study (PRIMUNEO cohort)

We introduce Breast-NEOprAIdict a deep learning model that uses WSI as input to predict pCR, The

predictive capacity of Breast-NEOprAIdict (see Methods) was systematically compared it to a clinical

model (CM) based on clinicopathological information (tumor molecular subtype, AJCC staging11, and

SBR grade information10). Internal validation was performed with cross-validation on the PRIMUNEO

dataset. Comparison of the performance of the Breast-NEOprAIdict and CM in terms of AUC are

shown in Figure 2 and for OR in Table 2.
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- Prediction of pCR in HER2+ subtype:

Figure 2A shows the results for patients with HER2+ tumors, where Breast-NEOprAIdict achieved

AUCs from 66.4% to 79.5% (worse to best partition). The CM achieved AUCs from 41.6% to 68.3%.

Using the positivity threshold defined in the Methods section, Breast-NEOprAIdict achieved an OR of

4.44 (95% CI 2.11 - 9.38, P <0.0001), whereas the CM achieved an OR of 2.91 (95% CI 0.12 - 72.75, P

= 1) (Table 2). Note that Breast-NEOprAIdict achieved an AUC from 0.60 to 0.89 on ER-/HER2+

subgroup, and an AUC from 0.59 to 0.73 on ER+/HER2+ subgroup.

- Prediction of pCR in ER+/HER2- subtype:

As shown in Figure 2B for the luminal breast cancer subtype (ER+/HER2-), Breast-NEOprAIdict

achieved AUCs from 84.0% to 89.4%. In contrast, the CM achieved AUCs from 39.1% to 52.1% .

Breast-NEOprAIdict achieved an OR of 72.53 (95% CI 4.36 - 1205.43, P <0.0001), whereas the CM

achieved an OR of 0.319 (95% CI 0.0127 - 8.05, P = 1) (Table 2).

- Prediction of pCR in the Triple Negative Breast cancer subtype:

For patients with TN tumors (Figure 2C), Breast-NEOprAIdict achieved AUCs from 49.5% to 68.3%.

The CM achieved similar AUCs from 51.5% to 68.6%. However, considering OR instead of AUC,

Breast-NEOprAIdict achieved 2.22 (95% CI 1.23 - 4.00, P = 0.008) compared to 0.596 (95% CI 0.252 -

1.41, P = 0.259) for the CM (Table 2). This suggests that although Breast-NEOprAIdict is not better

than the CM at any threshold, a careful threshold selection procedure shows its advantage over the

CM. This is illustrated by the consistent shape of the Breast-NEOprAIdict ROC curve while, for the

CM, the ROC curve with 68.6% could be an outlier.

Overall, the Breast-NEOprAIdict showed better performance in terms of both AUC and OR than the

Clinical Model results, demonstrating the relevance of our approach to predict pCR versus RD in

HER2+, ER+/HER2- and TN molecular subtypes.

External validation of Breast-NEOprAIdict on the CGFL Breast Cancer Neoadjuvant database

To validate the prediction performance of Breast-NEOprAIdict, we conducted an external validation

on the CGFL breast cancer neoadjuvant database for a total of 490 patients (Supplementary Figure

S1B). We used these thresholds for binarization (HER2+ = 0.38, ER+/HER2- = 0.41, TN = 0.50),

following the binarization procedure described in the Methods. Breast-NEOprAIdict (Figure 3A)

demonstrated high performance in predicting pCR with an AUC of 65.2% (P = 0.001) and an OR of

2.70 (95% CI 1.08-6.76, P = 0.0358, Table 2) for HER2+ tumors, an AUC of 81.4% (P = 0.003). Note

that taken separately, ER-/HER2+ obtained an AUC of 0.58 and ER+/HER2+ an AUC of 0.67, suggesting

that most of the discriminative effect is independent of the ER status for HER2+ tumors.

Breast-NEOprAIdict obtained an OR of 20.56 (95% CI 1.14-371.74, P = 0.00413, Table 2) for
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ER+/HER2- tumors, and an AUC of 67.7% (P = 0.001) and an OR of 3.02 (95% CI 1.18-7.74, P = 0.0206)

for TN tumors (Figure 3A, Table 2). Although the number of pCR in the ER+/HER2- subgroup is only 6,

a p-value of 0.004 suggests that the effect is likely to be strong. As an element of comparison,

OncotypeDX and MammaPrint respectively achieve an OR of 4.48 and 2.2545. NPV for TN, HER2+ and

ER+/HER2- are respectively 0.829, 0.891 and 1.00, other metrics such as sensitivity, specificity, PPV

are provided in Supplementary Table S3. As shown in Figure 3B and Table 2, CM predicted pCR with

an AUC of 51.8% (P = 0.353) and an OR of 3.63 (95% CI 0.07-185.45, P = 1) for HER2+ tumors, an AUC

of 62.3% (P = 0.255) and an OR of 0.436 (95% CI 0.0237-8.01, P = 0.595) for ER+/HER2- tumors, and

an AUC of 60.9% (P = 0.032) and an OR of 2.03 (95% CI 0.57-7.15, P = 0.308) for TN subtypes. These

results demonstrate that Breast-NEOprAIdict, with a very strong NPV, is very effective in identifying

the most chemoresistant tumors in patients for all molecular subtypes, which will result in the

presence of RD after chemotherapy. As patient from the external validation has varying

chemotherapy regimen (i.e. Taxanes, Anthracyclines or both Taxanes + Anthracyclines), we evaluated

the predictive performance for each regiment when it was possible (Supplementary Figure S7). We

found no major effect of the chemotherapy regimen on the pCR predictability.

Additionally, we highlight the advantages of combining the EfficientNet B7-based model with the

ViT-S/16-based model. We present the results of the individual models in the external validation in

Supplementary Table S4, showing that averaging the predictions from both models enhances

performance across all molecular subtypes.

Comparing Breast-NEOprAIdict external validation predictions in patients with no-response, partial

response, and complete response

The definition of pathological complete response (pCR) is limited to patients classified as pT0N0.

Consequently, this categorization lumps together patients who show any degree of tumor regression

and those who exhibit no improvement at all. We further stratified the predicted outcomes to

separate non responders, partial and complete responder patients, as defined in the Materials and

Methods section. As depicted in Supplementary Figure S5, there is an association between the

prediction scores and the degrees of response to chemotherapy for patients with HER2+, ER+/HER2-

and TN tumors. Difference in prediction score between partial responders and complete responders

is significant for all molecular subtypes. However, this is not the case between non responders and

partial responders, potentially because the model has not been trained to discriminate against them.

Aggregation of the Breast-NEOprAIdict Model and the Clinical Model predictions show only minor

improvement for TN tumors:
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We next tested whether combining Breast-NEOprAIdict and CM by averaging their slide-level

prediction could lead to performance improvement, hereafter referred to as Breast-NEOprAIdict+CM.

We compared the Breast-NEOprAIdict+CM model to the Breast-NEOprAIdict alone and found

consistent improvement for the TN molecular subtype. When applied to the internal validation

scheme, the Breast-NEOprAIdict+CM showed improvement in 3 out of 4 partitions over the

Breast-NEOprAIdict alone. On the external validation, the improvement was a 1-point increase in

performance (AUC of 68.7, P = 0.001) compared to the Breast-NEOprAIdict alone (AUC of 67.7, P =

0.001).

However, results are mixed for HER2+ and ER+/HER2- subtypes where internal validation tends to

show an improvement, whereas external validation shows a 0.4 and 2.9 points reduction when

compared with the Breast-NEOprAIdict alone for HER2+ and ER+/HER2- subtypes respectively. These

findings suggest that while the Breast-NEOprAIdict Model is effective using only Whole Slide Image

information for HER2+ and ER+/HER2- molecular subtypes, incorporating clinical information might

benefit patients with TN tumors.

Breast-NEOprAIdict is consistent across different patient tissue samples:

To further evaluate the robustness of our method, we hypothesized that a reliable model should

predict similar outputs across multiple biopsy slices from the same patient. Using the

Breast-NEOprAIdict from the external validation scheme, we predicted the pCR status for 842 slides,

originating from 421 patients in the external validation set (i.e. CGFL breast cancer neoadjuvant

database), with each patient providing two slide images from two distinct biopsy sections.

Our method demonstrated a strong positive correlation between predictions for a same patient, as

shown by a Pearson correlation coefficient of 0.933 (P = 5.78e-90/<0.001) for HER2+, 0.932 (P =

4.51e-57/<0.001) for ER+/HER2-, and 0.939 (P = 5.24e-44/<0.001) for TN molecular subtypes.

Similarly, the binary concordance measured with the Kappa coefficient showed a high degree of

agreement, with a value of 0.711 for HER2+, 0.728 for ER+/HER2- and 0.929 for TN molecular

subtypes (Figure 4). These results show that our model is consistent in predicting pCR across multiple

biopsies from the same patient.

Contrasting Morphological Features in Chemosensitive vs Chemoresistant Tumors: Insights from High

and Low Scoring Slides by Breast-NEOprAIdict analyzed by pathologists:
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Analysis of high score patches by experts revealed visually discernible features considered by the

Breast-NEOprAIdict algorithm to be representative of sensitivity or resistance to chemotherapy,

providing some insights into the predictive capabilities of our model.

For HER2+ tumors (Figure 5A), the patches identified by Breast-NEOprAIdict as the most

chemosensitive exhibit a high cell density, large nucleolated nuclei, inflammatory stroma,

lymphocytic infiltration, and numerous mitoses. In contrast, the patches identified as the most

chemoresistant are sparsely cellular, forming clusters with cord-like patterns, surrounded by fibrous

stroma and a low lymphocytic density. Among luminal tumors (Figure 5B), patches with the highest

scores in the slides considered as the most chemosensitive by the algorithm, regardless of the

ground truth, displayed a consistent nucleocytoplasmic ratio with prominent clear nucleoli and

heterogeneous chromatin21. In contrast, patches from tumors deemed the most chemoresistant by

the algorithm, i.e. the slides with the lowest scores, exhibited small nuclei with homogeneous

chromatin, low tumor density, and collagen-rich stroma. TILs were present in both categories,

suggesting they do not serve as a discriminant feature for the neural network.

In TN tumors (Figure 5C), patches with the highest scores for the tumors considered as the most

chemosensitive showed high cell density, lymphocyte-rich stroma and significant pleomorphism.

Conversely, patches from tumors considered as the most chemoresistant displayed collagen-rich

stroma outlining tumor islands with a cordonal arrangement.

Discussion

In this study, we introduced Breast-NEOprAIdict, a new DL-based tool to predict pCR after NAC using

WSI of initial diagnostic biopsies. We drew on two cohorts of eBC patients undergoing NAC

treatment, collectively consisting of 1140 selected patients from 12 distinct cancer centers

throughout France. The PRIMUNEO cohort, spanning the years 2012 to 2015, had a higher pCR rate

(24%) compared to the CGFL cohort (17.9%). This disparity is attributed to the more contemporary

nature of the PRIMUNEO dataset and the overall improved performance of chemotherapy regimens

in recent years. The CGFL dataset also featured a broader array of treatment protocols compared to

those in the PRIMUNEO dataset, which is a logical outcome given its basis in 'real life data', outside

the setting of a clinical trial, and its extended duration of patient follow-up.

Our study introduces several pioneering elements: 1) we propose a pan-molecular subtype analysis

and pCR prediction among the biological variety of eBC on a vast multicentre cohort; 2) we affirm the

predictive capacity of our deep learning approach using an independent cohort; 3) to the best of our

knowledge, this is the first attempt to propose an analysis of the robustness of AI algorithms in

Digital Pathology by systematically evaluating the concordance of the Deep Learning predictions on
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different biopsy sections from the same patient; and finally 4) we provide new information about the

pathological features associated with chemosensitivity of luminal and triple-negative tumors

discovered by our algorithm.

Breast cancer is a multifaceted and diverse condition necessitating tailored treatment strategies

based on the characteristics of both the tumor and the patient. NAC not only increases the rate of

conservative surgery, but also facilitates in vivo assessment of the chemotherapy sensitivity of the

tumor. It also makes it possible to propose an adjuvant systemic treatment strategy for tumors that

have not responded to a standard NAC protocol. Nevertheless, NAC can also be associated with

significant side effects, making it essential to identify patients who would benefit the most from it.

For example, in ER+/HER2- eBC, clinicians could reserve chemotherapy for the small fraction of

chemosensitive, clinical high-risk luminal tumors, and orient other patients towards intensified

adjuvant endocrine therapy (with CDK4/6 inhibitors for example, or any investigating new drugs)22. In

TN breast cancer, clinicians could avoid systematic neoadjuvant therapeutic escalation, such as

carboplatin23 and immunotherapy with anti PD-124 (which are the current standard of care for stage

II-III eTNBC), and unnecessary cytotoxicity in patients who are likely to achieve pCR with standard

sequential anthracycline-taxane chemotherapy25,26 (such as the patients analyzed in our study). It is

noteworthy to emphasize that our results are derived from patients treated without carboplatin or

immunotherapy. This is particularly relevant for de-escalation strategies aimed at identifying tumors

that are sensitive to standard protocols, potentially sparing certain patients from unnecessary

intensified treatments.

Since the initial development of NAC in eBC, numerous clinical biomarkers (tumor size or initial

clinical stage27) alone, or combined with biological factors (HR, HER2 or Ki67 expression levels, tumor

grade, TILs28–31) have been reported to be associated with the probability of pCR achievement. More

recently, some gene-expression signatures32, but also radiomic features in MRI33,34 or PET imaging35,

evaluated either at baseline or early after initiation of NAC, have also been developed to predict pCR.

However, these methods have not yet gained widespread acceptance in everyday clinical practice for

diagnosing patients and suggesting treatments based on expected tumor responsiveness to

chemotherapy.

In recent years, deep learning algorithms have shown promising results for the prediction of various

information using Whole Slide Imaging (WSI), including classical histological features36, genomic

mutations37 and survival prediction38. These tools have the ability to provide fast, low-cost, and

accurate predictions for a wide range of applications and these (H&E) WSI are beginning to be used

routinely in the diagnostic workflow. A deep learning-based solution predicting pCR directly from the

initial H&E biopsies has been proposed by other teams as a potentially valid predictive strategy9,39–41.
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Most of these pioneering works9,39,40 focused on pCR prediction in TNBC, using Deep Learning and

combining H&E slides with IHC slide analyses, or used more standard machine learning approaches41.

Our study aimed to predict pCR in breast cancer patients who received standard NAC by developing

and validating a deep learning system using initial diagnostic tumor biopsies, denoted as

Breast-NEOprAIdict. Our key discovery is that the algorithm notably outperformed traditional models

based on clinical and pathological markers, particularly in predicting pCR in patients with

HER2-amplified, ER-positive/HER2-negative and triple-negative (TN) breast cancer in large

independent cohorts. Indeed, our method outperformed the Clinical Model (CM), which was

designed to combine clinical information such as the age, molecular subtype, tumor grade, and

clinical tumor burden (estimated by cAJCC staging) for predicting pCR status in eBC patients.

Moreover, combining these gold standard clinico-pathological markers with Breast-NEOprAIdict did

not improve the performance of our solution in patients with HER2+ and ER+/HER2- tumors showing

that Breast-NEOprAIdict could be used alone to predict response to chemotherapy, however this

usual clinicopathological factors could benefit the response to chemotherapy prediction in patients

with TN tumors. The very high negative predictive value of our solution on HER2+ (NPV=87.2%),,

luminal (NPV=100%), and triple negative (NPV=80.0%) tumors could enable clinicians to select only a

subset of patients who would benefit from NAC intensification (carboplatin and immunotherapy in

TNBC, endocrine-based treatment in ER+/HER2- subtypes, or new antibody-drug conjugates (ADCs)

targeting HER2 in HER2-amplified BC for example).

These findings are congruent with existing literature underscoring the potential of histological images

in forecasting treatment response9. However, unlike previous studies, which were confined to more

traditional machine learning approaches41 or specific subtypes like TNBC40, our research casts a wider

net by embracing all molecular categories of breast cancer, thereby contributing a new,

comprehensive perspective to the field.

One of the important points of our report, and a unique contribution based on our understanding of

the existing literature, lies in our unprecedented ability within the field of digital pathology to assess

the biological concordance of our method. We systematically tested the consistency of our

predictions by applying them to distinct samples for each patient. Our approach unveiled consistent

predictive capability in different samples from the same patient, a step forward in confirming the

model's reliability against data variability. Our investigation extended to analyzing the predictions

generated by our deep learning tool, aided by the expertise of seasoned pathologists. Interestingly,

the areas that Breast-NEOprAIdict highlighted as key to distinguishing chemosensitive from

chemoresistant tumors match findings from pathology studies. Breast-NEOprAIdict naturally

identifies known features linked to chemosensitivity, like lymphocyte-rich stroma in TN tumors (the
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most chemosensitive), and collagen-rich stroma, which is linked to the most chemoresistant

tumors42,43. In addition, our Breast-NEOprAIdict has brought to light new morphometric parameters

that are important for predicting the chemosensitivity of luminal tumors, such as those inherent in

nuclear and nucleolar morphology. Consistent with existing literature in ER+/HER2- eBC44, TILs do not

appear to serve as a discriminant feature for the neural network.

Despite these advances, our study acknowledges several limitations, mostly due to the lack of

multiple centers for the external validation and because the ER+/HER2- subtype had only 6 patients

with pCR in the external validation set. However, one notable quality of our data is the large period it

spans (more than 20 years). The overall good biological concordance of our model could also be

improved. Deeper investigation of the cases where patient-based predictions did not align could be

highly significant. Additionally, our dataset's bias towards certain molecular subtypes and reliance on

a single type of scanner for all WSIs might constrain the model's broader applicability. These

limitations underscore the necessity for caution in interpreting our findings and their implications in

real-world clinical settings.

Given these insights and constraints, future research should pursue several avenues. Firstly, it is

imperative to validate these findings through prospective multicenter studies, encompassing a wider

representation of HER2+ tumors and using varied scanning technologies. Finally, considering survival

data as a stratification parameter might present a more nuanced understanding of treatment

responses over time, potentially reshaping how we perceive and use pCR as a solitary metric for

therapeutic success.

In conclusion, our study marks a significant step towards personalized breast cancer treatment,

demonstrating the potential of deep learning models to predict pCR with notable accuracy in certain

breast cancer subtypes. By enabling the distinction between chemosensitive and chemoresistant

tumors, our findings facilitate more informed, individualized therapeutic decision-making. However,

the road ahead requires comprehensive, nuanced studies to refine these predictive tools, ensuring

they are robust and versatile enough for diverse clinical scenarios. As we bridge this critical gap, the

overarching vision is a future where every breast cancer patient receives optimized, effective

therapy, significantly enhancing survival rates and quality of life.
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Figure Legends

Figure 1. Pipeline Overview.

Breast-NEOprAIdict predicts patient response to neoadjuvant therapy using Whole Slide Images

(WSIs). Our approach: A) extracts the foreground from WSIs, tiling tissue into patches, and using an

EfficientNetB7 neural network pre-trained on ImageNet; B) to compute 2560-dimensional features.

These features undergo analysis through a Multilayer Perceptron (MLP), incorporating molecular

subtype information. C) The final prediction for pathological complete response (pCR) or residual
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disease (RD) and molecular subtype is obtained through a SoftMax layer. The combined score is

normalized, ensuring appropriate weighting based on clinical information. Slide-level predictions are

determined by the 99th percentile of patch-level prediction values.

Figure 2. Comparison of AUC between Breast-NEOprAIdict and Clinical model (CM) in internal

validation.

Receiver operating characteristic (ROC) curves illustrate the performance of Breast-NEOprAIdict (left)

and CM (right) across various partitions for A) HER2+, B) ER+/HER2- and C) TN breast cancer

molecular subtypes. Legends in the figures display the Area Under the Curve (AUC) and p-value (P).

Figure 3. Breast-NEOprAIdict vs Clinical model (CM) AUC performance comparison in the external

validation.

The ROC curves illustrate the performance of (A) Breast-NEOprAIdict and (B) CM across the different

molecular subtypes of tumors. Legends in the figures provide details on the Area Under the Curve

(AUC) and associated p-values (P).

Figure 4. Agreement in pCR score prediction between two different slides from the same patient.

pCR prediction on a patient’s slide versus prediction on a second slide from the same patient.

Pearson’s correlation coefficient (r) and Kappa concordance score (k) are shown. The figure indicates

the threshold used for dichotomizing the prediction (Binary thr), and the color labels indicate

whether the binary prediction within the patient slides agreed or not (green for yes, and purple for

no).

Figure 5. Slide visual analysis.

Comparison of the patches with the highest scores in the slides considered as chemosensitive (left,

highest overall scores) or chemoresistant (right, lowest overall scores). Part A) displays patches

coming from HER2+, Part B) ER+/HER2- and Part C) from TN tumors.

Supplementary Figure S1. Workflow for patient selection in the PRIMUNEO and CGFL Breast Cancer

Neoadjuvant databases. The diagram illustrates the patient selection process in the PRIMUNEO and

CGFL Breast Cancer Neoadjuvant databases. A) The chart specifies the included patients in

PRIMUNEO to compose the internal validation setup. B) The training set for the external validation

setup is then derived by excluding patients from the CGFL center in Dijon in the PRIMUNEO cohort.

21



The test set is composed by the CGFL Breast Cancer Neoadjuvant database. The chart considers the

number of patients with pCR or RD categorized by the tumor’s molecular subtype.

Supplementary Table S1. Description of the PRIMUNEO Database, including the number of patients

exhibiting either pathological complete response (pCR) or residual disease (RD), categorized by the

tumor's molecular subtype within each center.

Supplementary Table S2. CGFL breast cancer neoadjuvant database description according to tumor

molecular subtype.

Supplementary Figure S2. The chart shows the specifications of the laboratory, total number of

patients and pCR rate (%) in each partition for the training and test subsets in the internal validation

study. The distribution of the patients is also shown by molecular subtype. Best viewed in color.

Supplementary Figure S3. Three-Fold Cross-Validation training strategy.

Supplementary Figure S4. Prediction ensemble for computation of OR metrics.

Supplementary Table S3. Breast-NEOprAIdict performance is measured with sensitivity (recall), PPV

positive predictive value (precision), specificity, and NPV negative predictive value on external

validation for HER2+, ER+/HER2- and TN breast cancer molecular subtypes.

Supplementary Figure S5. Comparison of Breast-NEOprAIdict score prediction distribution within

non-responder, partial responder, and complete responder patients with A) HER2+, B) ER+/HER2-

and C) TN tumors. The one-sided Mann-Whitney-Wilcoxon test was used to compare the response

categories. ns: 0.05 < p-value <= 1; *: 0.01 < p-value <= 0.05; **: 0.001 < p-value <= 0.01, ***: 0.0001

< p <= 0.001.

Supplementary Figure S6. Evaluation of Breast-NEOprAIdict pCR prediction performance in all

patients compared to those who did not respond or exhibited complete response to Neoadjuvant

Chemotherapy (excluding patients with partial response defined in the refined labels). We show the

results for patients with A) HER2+, B) ER+/HER2- and C) TN tumors in external validation. Legends in

the figures provide details on the Area Under the Curve (AUC) and associated p-values (P).
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Supplementary Figure S7. AUC in patients with A) HER2+, B) ER+/HER2- and C) TN tumors in the

external validation study, stratifying patients by the received treatment (Taxanes, Anthracyclines, or

both).

Supplementary Figure S8. AUC in patients with A) HER2+, B) ER+/HER2- and C) TN tumors in the

internal validation study. The patients’ pCR predictions are obtained by averaging Breast-NEOprAIdict

and CM predictions.

Supplementary Figure S9. AUC in patients with HER2+, ER+/HER2-, and TN tumors in the external

validation study. The patients’ pCR predictions are obtained by averaging Breast-NEOprAIdict and CM

predictions.

Supplementary Table S4. Ablation study on the ensemble of the EfficientNet B7-based model and

the ViT-S/16-based model in the external validation. AUC in patients with HER2+, ER+/HER2-, and TN

tumors is shown.

Table 1. PRIMUNEO and CGFL breast cancer neoadjuvant dataset characteristics.
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Variables PRIMUNEO
(N=500)

CGFL breast cancer
neoadjuvant database

(N=640)

P value

Age, median, range 50 [22 - 78] 51 [23 - 88] 0.4399

Menopausal status 0.2013

Premenopausal 269 (57.0%) 312 (53.1%)

Postmenopausal 203 (43.0%) 276 (46.9%)

Missing 28 52

cT stage < 0.001

T0 2 (0.4%) 2 (0.4%)

T1 33 (6.9%) 49 (8.5%)

T2 269 (56.2%) 374 (64.9%)

T3 117 (24.4%) 58 (10.1%)

T4 58 (12.1%) 93 (16.1%)

Missing 21 64

cN stage < 0.001

N0 195 (43.3%) 214 (37.3%)
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N1 226 (50.2%) 239 (41.6%)

N2 16 (3.6%) 51 (8.9%)

N3 13 (2.9%) 70 (12.2%)

Missing 50 66

SBR < 0.001

1 13 (2.7%) 56 (9.4%)

2 191 (39.5%) 278 (46.6%)

3 279 (57.8%) 262 (44.0%)

Missing values 17 44

Clincial tumor stage
(cAJCC)

0.7967

I 17 (3.7%) 19 (3.3%)

II 302 (65.1%) 365 (63.6%)

III 145 (31.3%) 190 (33.1%)

Missing 36 66

Tumor Molecular
Subtype

< 0.001

HER2+ 131 (26.9%) 246 (42.0%)

ER+/HER2- 206 (42.4%) 193 (33.0%)

TN 149 (30.7%) 146 (25.0%)

Missing 14 55

Type of NAC < 0.001

Others 1 (0.2%) 21 (3.6%)

Taxanes 77 (17.8%) 113 (19.5%)

Anthracyclines 2 (0.5%) 111 (19.1%)

Anthracyclines and
taxanes 405 (93.1%) 335 (57.7%)

Missing 15 60

Breast surgery 0.0526

Radical 232 (47.3%) 198 (41.0%)

Conservative 259 (52.7%) 284 (59.0%)

Missing 9 158

ypT stage 0.0327

T0 114 (25.2%) 120 (22.6%)

T1 196 (43.3%) 270 (50.9%)



HER2, human epidermal growth factor; HER2+, HER2-positive; HER2-, HER2-negative; ER, estrogen receptor;

ER+, estrogen receptor positive; TN, Triple Negative; SBR, Scarff Bloom Richardson grade; AJCC, American Joint

Committee on Cancer; c, clinical; p, pathological; NAC, neoadjuvant chemotherapy; RT, radiotherapy; pCR,

pathological Complete Response.
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T2 99 (21.9%) 111 (20.9%)

T3 36 (7.9%) 26 (5.0%)

T4 8 (1.8%) 3 (0.6%)

Missing 47 110

ypN stage 0.0289

N0 276 (58.7%) 276 (52.8%)

N1 132 (28.1%) 141 (26.9%)

N2 47 (10.0%) 81 (15.5%)

N3 15 (3.2%) 25 (4.8%)

Missing 30 117

pathologic tumor
stage (pAJCC)

0.2459

0 110 (23.8%) 132 (23.4%)

I 110 (23.8%) 153 (27.1%)

II 159 (34.3%) 164 (29.0%)

III 84 (18.1%) 116 (20.5%)

Missing values 37 75

pCR status 0.0180

No 357 (76%) 430 (82.1%)

Yes 113 (24%) 94 (17.9%)

Missing 30 116



Figure 1.
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Figure 2.
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Table 2. Comparison of ORs between Breast-NEOprAIdict and Clinical model (CM).

Validation
Setup

Methods
Breast-NEOprAIdict Clinical Model (CM)

OR (95 % CI) P OR (95 % CI) P

Internal

HER2+ 4.44 (2.11 - 9.38) 8.8e-05 2.91 (0.12-72.75) 1

ER+/HER2- 72.53 (4.36-1205.43) 1.36e-09 0.319 (0.0127-8.05) 1

TN 2.22 (1.23-4.00) 0.00831 0.596 (0.252-1.41) 0.259

External

HER2+ 2.70 (1.08-6.76) 0.0358 3.63 (0.07-185.45) 1

ER+/HER2- 20.56 (1.14-371.74) 0.00413 0.436 (0.0237-8.01) 0.595

TN 3.02 (1.18-7.74) 0.0206 2.03 (0.57-7.15) 0.308

Figure 3.
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Figure 4.
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Figure 5.
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Supplementary Figure S1.

Supplementary Table S1.
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Center
Total
patients

HER2+ ER+/HER2- TN

pCR RD pCR RD pCR RD

DIJON 112 13 23 5 48 6 17

STRASBOURG 69 10 3 4 24 9 19

REIMS 48 5 11 3 17 4 8

RENNES 23 2 4 0 6 2 9

NANCY 38 3 8 2 10 7 8

CAEN 34 3 6 0 14 3 8

NICE 26 2 4 4 8 2 6

PARIS 30 1 5 1 12 4 7



Supplementary Table S2.

Cancer subtype
Number of
patients pCR RD Prevalence

HER2+ 220 47 173 0.214

ER+/HER2- 156 6 150 0.038

TN 114 35 79 0.307

Total 490 88 402 0.180

34

TOULOUSE 25 1 3 1 15 3 2

ST CLOUD 23 2 3 0 13 2 3

BORDEAUX 9 1 2 0 4 0 2

CLERMONT 1 0 1 0 0 0 0

TOTAL 438 43 73 20 171 42 89



Supplementary Figure S2.
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Supplementary Figure S3.
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Supplementary Figure S4.
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Supplementary Table S3.

Metrics Sensitivity Specificity PPV NPV

HER2+ 0.872 0.283 0.248 0.891

ER+/HER2- 1 0.567 0.084 1

TN 0.800 0.430 0.383 0.829
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Supplementary Figure S5.
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Supplementary Figure S6.
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Supplementary Figure S7.
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Supplementary Figure S8.
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Supplementary Figure S9.
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Supplementary Table S4.

Methods
EfficientNet
B7-based model

ViT-S/16-based
model

Breast-NEOprAIdict

AUC P AUC P AUC P

HER2+ 0.632 0.003 0.599 0.019 0.652 0.001

ER+/HER2- 0.776 0.01 0.746 0.02 0.814 0.003

TN 0.661 0.003 0.647 0.006 0.677 0.001
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