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Deep learning on histopathological images to predict breast
cancer recurrence risk and chemotherapy benefit:
a multicentre, model development and validation study

Gil Shamai, Shachar Cohen, Yoav Binenbaum, Edmond Sabo, Alexandra Cretu, Chen Mayer, Iris Barshack, Tal Goldman, Gil Bar-Sela,
Antdnio Poldnia, Dezheng Huo, Alexander T Pearson, Frederick M Howard, Joseph A Sparano, Ron Kimmel*, Dvir Aran*

Summary

Background Genomic assays such as Oncotype DX have transformed adjuvant treatment selection for hormone receptor-
positive, HER2-negative, early breast cancer but remain inaccessible to many patients because of high cost and logistical
barriers. We aimed to develop and validate an artificial intelligence (AI) model that estimates Oncotype DX 21-gene
recurrence scores directly from routine histopathology slides and clinicopathological variables.

Methods In this multicentre, model development and validation study, a multimodal deep-learning model was trained
on digital whole-slide images and clinical features using a foundation model pre-trained on 171189 histopathology
slides for predicting Oncotype DX recurrence score. We included slides from patients with hormone receptor-positive,
HER2-negative, invasive breast cancers and without scanning artifacts and with at least 100 tissue tiles (1-6 mm2). The
model was fine-tuned and validated on the TAILORx randomised trial (8284 patients after quality control). Prognostic
and predictive performance was assessed in the TAILORx-test set and externally validated in six independent cohorts
(Carmel, Haemek, and Sheba medical centres [Israel], the University of Chicago Medical Center [USA], the Australian
Breast Cancer Tissue Bank [Australia], and the Cancer Genome Atlas Breast Invasive Carcinoma project [USA]).

Findings In the TAILORx-test set (n=2407), the AI model classified 1097 (45-6%) patients as low risk, 1021 (42-4%) as
intermediate risk, and 289 (12-0%) as high risk. For identifying high genomic-risk disease (recurrence score =26), the
area under the curve (AUC) was 0-898 (95% CI 0-879-0-913). Al-based risk stratification was prognostic for recurrence-
free interval (hazard ratio 2-61[95% CI 1. 68-4-04]), distant recurrence-free interval (2-88 [1-73—4-79]), and disease-free
survival (1-32 [0-92-1-89]). Chemotherapy benefit was evident in premenopausal patients classified by Al as being at
high risk (0-63 [0-46—0- 86]) but absent in postmenopausal patients classified by Al as being atlow risk (0-94 [0-78-1-12]).
151 (31-3%) clinically high-risk postmenopausal women (by MINDACT criteria) were reclassified as low Al risk with no
chemotherapy benefit. Analysis on external cohorts (5497 patients) showed that the model is transferable to new data
with high generalisability (recurrence score =26 AUC ranging from 0- 858 to 0-903).

Interpretation These findings show that AI applied to routine histopathology can serve as a practical and scalable tool for
guiding chemotherapy decisions in hormone receptor-positive, HER2-negative, early breast cancer. This approach has
the potential to reduce unnecessary chemotherapy and broaden access to precision oncology, particularly in resource-
limited settings where genomic testing remains unavailable or unaffordable.
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Introduction

Breast cancer is the most frequently diagnosed cancer
worldwide.! Among patients with hormone receptor-
positive, HER2-negative, early-stage breast cancer, which
accounts for approximately 70% of cases, a crucial
challenge is identifying those who benefit from adjuvant
chemotherapy.? Treatment decisions were traditionally
based on clinicopathological features such as tumour
size, receptor expression, grade, and nodal status, but
these criteria alone lack sufficient accuracy for optimal
stratification.’ Consequently, some patients might have
received chemotherapy without benefit, whereas others
who could have benefited were missed.

Multigene expression assays have revolutionised
treatment decision making in hormone receptor-positive,
HER2-negative, early breast cancer”” Among these
assays, the Oncotype DX (ODX) 21-gene recurrence score
assay is the only test recommended by the US National
Comprehensive Cancer Network guidelines as predictive
of chemotherapy benefit.** Early validation studies
(eg, NSABP-B-20 and SWOG-8814)%" showed that a high
ODX recurrence score identifies patients who benefit
from chemotherapy, and subsequent reanalyses defined
an ODX recurrence score of at least 26 as high risk."”
The prospective TAILORx trial® confirmed that patients
with an intermediate recurrence score (11-25) derive no
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Research in context

Evidence before this study

We searched Google Scholar for studies published between

Jan 1, 2016, and March 1, 2025, using the terms (“Hematoxylin”
OR “Haematoxylin” OR “Eosin”) AND “Breast cancer” AND “Deep
learning” AND (“Oncotype” OR “Oncotype DX"), without
language restrictions. The search identified 416 papers; 11 peer-
reviewed studies specifically addressed the prediction of the
Oncotype DX recurrence score from haematoxylin and eosin
(H&E)-stained breast cancer slides. Review of reference lists
found no additional relevant reports. These studies showed
increasing interest in using machine-learning models to predict
genomic recurrence scores, but all studies were based on
retrospective observational data, where treatment assignment
confounds prognostic and predictive evaluation. None were
validated in randomised clinical trials, preventing assessment of
chemotherapy benefit, the main clinical purpose of the Oncotype
DX assay. These studies also lacked large-scale external validation
across diverse populations and laboratory settings. A separate
body of work has aimed to infer patient outcomes directly from
H&E images, including regulatory-approved commercial tools
(PreciseDX, Stratipath, Ataraxis, and RlapsRisk). Although these
methods can outperform existing genomic assays in some
datasets, their clinical impact remains uncertain because they
were validated on observational data, where nearly all high-risk
patients receive chemotherapy, precluding evaluation of
treatment benefit. By contrast, predicting the Oncotype DX score
itself allows Al models to inherit the assay’s established clinical
validation from randomised trials such as TAILORx. Across
published studies, the risk of bias was high to moderate, driven
by retrospective design, small sample size, and absence of
external patient-level validation.

Added value of this study
To our knowledge, this study presents the first Al model based
on H&E pathology images and clinicopathological variables to

benefit from chemotherapy, and RxPONDER extended
use of recurrence scores to node-positive disease,
showing differential benefit by menopausal status.”**
Despite these advances, global adoption of genomic
testing remains limited.”” Barriers include high cost
(approximately US$3500 per test), extended turnaround
times, and logistical challenges such as sample shipping
and reimbursement procedures, despite potential
downstream savings from more tailored therapy.”
Haematoxylin and eosin (H&E) staining is universally
available and routinely used to assess tumour
morphology. With the growth of digital pathology,
including in resource-limited settings,” artificial
intelligence (AI) has shown promise in analysing H&E
whole-slide images to diagnose tumorus,® predict
receptor status,”” identify mutations,”* and estimate
outcomes.”* Several studies reported that a high ODX
recurrence score can be inferred from H&E images and

be assessed retrospectively using data from a randomised
clinical trial. Leveraging this trial enabled assessment of the
model’s ability to predict chemotherapy benefit derived from
randomised treatment assignment, rather than only correlate
with recurrence scores or outcomes. The integration of a large-
scale foundation model with a simple calibration method that
does not rely on local genomic data shows that such an Al
model can generalise across diverse populations and laboratory
conditions. Extensive external validation across multiple
independent cohorts, comprising one of the largest evaluations
of an Al pathology model to date, provides first-of-its-kind
evidence that combines retrospective assessment using
randomised trial data with extensive real-world validation of
recurrence score estimation and prognostication.

Implications of all the available evidence

This study presents a digital pathology Al model that advances
towards real-world deployment to guide chemotherapy
decisions in hormone receptor-positive, HER2-negative early
breast cancer. The model’s potential impact is particularly
significant in low-income and middle-income countries, where
genomic testing reaches fewer than 5% of patients. These
findings show the potential for democratising precision
oncology through widely accessible histopathological analysis,
extending personalised treatment decisions to resource-
limited settings globally. Future prospective and randomised
validations across node-positive patients and populations
from low-income and middle-income countries will further
establish clinical utility and support global implementation.

clinicopathologic variables.”* However, none were

validated with randomised clinical trial (RCT) data, a
crucial step to overcome treatment-related confounding
and to show prediction of chemotherapy benefit, the
central purpose of the ODX recurrence score. Moreover,
these studies were limited by cohort size, diversity, and
independent datasets, leaving generalisability uncertain,
with most studies involving only a few hundred patients
with up to one external cohort and one larger study
trained on several thousand patients with two 500-patient
external cohorts.” Hence, these previous studies
represent important conceptual advances but stop short
of producing models ready for clinical deployment and
supporting treatment decisions in practice.

Advances in deep learning have dramatically improved
the analysis of histological images through large-scale
foundation models, which are particularly strong in
generalisability to new data.** These models incorporate
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self-supervised learning techniques and transformer
architectures. Transformers,” originally developed for
natural language processing, excel in capturing complex
spatial patterns and long-range dependencies in
histological slides, outperforming traditional con-
volutional neural networks. Self-supervised learning
methods allow models to learn salient image features
without relying on manual annotations, greatly
expanding the diversity and volume of available training
data.®*

In this Article, we present a novel, multimodal, deep-
learning model to guide chemotherapy decisions by
inferring the ODX recurrence score from H&E images
and clinicopathological features, leveraging data from
the TAILORx trial. The intended use of this model is as a
decision-support tool within routine digital pathology,
estimating recurrence risk and chemotherapy benefit
directly from H&E slides, to complement or substitute
genomic testing when needed. We aimed to develop and
validate this model, hypothesising that the model would
match the prognostic and predictive value of genomic
testing across diverse cohorts.

Methods

Study design and participants

In this retrospective, multicentre, model development
and validation study, we investigated an Al model for
predicting ODX recurrence score and chemotherapy
benefit. We analysed a comprehensive dataset of H&E
slides across seven independent cohorts: Carmel,”
Haemek,” and Sheba medical centres (Israel), the
University of Chicago Medical Center (UCMC; USA),”
the Australian Breast Cancer Tissue Bank (ABCTB;
Australia),” The Cancer Genome Atlas Breast Invasive
Carcinoma (TCGA-BRCA; USA),” and the TAILORx
RCT (multiple sites worldwide).” These cohorts span
diverse populations, multiple geographical locations,
diagnostic years, scanners, and staining protocols,
representing real-world clinical settings. TAILORx served
for model training and testing. External validation was
done on the remaining cohorts, and two calibration sets
(Carmel-calibration and Haemek-calibration; appendix
p 12) supported model calibration. For TCGA-BRCA, we
estimated the ODX recurrence score from mRNA
expression using published formulae.” Inclusion criteria
were hormone receptor-positive, HER2-negative, invasive
breast cancers. Slides with scanning artifacts or fewer
than 100 tissue tiles (1-6 mm?) were excluded (<0-1%;
appendix p 20). Additional details on slide acquisition,
scanning protocols, and cohort-specific inclusion criteria
are provided in the appendix (p 3).

All data were collected under ethical committee
approvals and data use agreements in compliance with
the Declaration of Helsinki and respective Institutional
Review Boards. ABCTB access followed its ethical and
scientific approval policy. Data use agreements were
signed with Eastern Cooperative Oncology Group and

the American College of Radiology Imaging Network
Cancer Research Group (ECOG-ACRIN) for TAILORx
slides and with the National Clinical Trials Network
(NCIN) and the National Cancer Institute (NCI)
Community Oncology Research Program (NCORP) for
clinical data. All datasets were fully deidentified.

Model development, training, and inference

TAILORx was randomly split into training (70%) and test
sets (30%), with five-fold cross-validation applied to the
training data. All splits were at the patient level to prevent
data leakage. Predictions from the five-fold cross-
validation were averaged to form an ensemble model
applied to the TAILORx-test set and external cohorts.
Further methodological details on tissue segmentation;
tiling; feature extraction with the GigaPath foundation
model, which was pretrained on 171189 histopathology
images; and the downstream multiple-instance learning
(MIL) architecture are described in the appendix (pp 3—4;
figure 1A). Clinicopathological variables were incor-
porated into the patient-level prediction, creating a
multimodal AI model. Throughout this Article,
TAILORx-test refers to the TAILORx-test set, and
TAILORx-CV refers to the average performance of the
five cross-validation AI models on their corresponding
validation folds in the TAILORx training set.

For benchmarking, we did a comprehensive literature
review of published models for inferring the ODX
recurrence score from H&E images (appendix p 11). Most
previous studies used a fully supervised pipeline
consisting of a convolutional neural network feature
extraction followed by an attention-based MIL framework
trained directly on the ODX recurrence score labels. We
implemented a supervised MIL model® representing this
methodological class and trained it with TAILORx data.
Furthermore, we benchmarked against the Deep
Learning for Recurrence Score (DLRS) method,” the only
publicly available recurrence score-prediction model.

Feature importance was assessed by iteratively adding
features to the model on the basis of their contribution,
measured as the difference in 12 performance on the test
set when incorporating or not the feature during training.

Low and high AI thresholds were chosen from the
standard TAILORx subgroup boundaries (ODX
recurrence scores 11, 16, 21, 26) to maximise the
proportion of classifications while minimising false-
negative classifications relative to a recurrence score of
26 or greater and false-positive classifications relative to a
recurrence score of 16 or greater.

We next aimed to show that chemotherapy improves
outcomes for premenopausal patients identified by Al as
being at high risk (AI 226), and that chemotherapy is not
beneficial for postmenopausal patients identified by Al
as being at low risk (Al <16). In TAILORx, randomisation
occurred only for patients with an ODX recurrence score
of 11-25 (figure 1B), posing a methodological limitation
for chemotherapy benefit analysis for the Al-based
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stratification. To address this limitation, we quantified
the proportion of discordant cases between Al and ODX-
recurrence score and assessed whether these small
discordant subsets could plausibly change the ODX-
recurrence score-based chemotherapy-benefit estimates:
we first re-evaluated the chemotherapy benefit in

TAILORx using arms B and C for disease-free survival,
distant recurrence-free interval, and recurrence-free
interval. Then, for premenopausal patients, we simulated
the addition of the 1-4% of patients with a recurrence
score below 16 by randomly sampling from the group
with recurrence score below 16 (appendix pp 4-6). For

premenopausal and postmenopausal patients in postmenopausal patients, we simulated the addition of
A
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Figure 1: Study cohorts, deep learning system architecture, and performance evaluation on TAILORx-Test
(A) Pipeline of the deep learning system: H&E slides undergo automated tissue segmentation and tiling, followed by feature extraction using the GigaPath foundation model pre-trained on
171189 H&E slides via self-supervision. Combined with clinicopathological variables, these features are then used for tuning a transformer-based multiple-instance learning model to generate slide-
level scores. Clinical features include histological grade, hormone receptor status (progesterone receptor and oestrogen receptor), patient age, tumour size (dichotomised at 2 cm), surgery type
(mastectomy or lumpectomy), self-reported race, and menopausal status (appendix pp 3-4). The final multimodal model included only ER status and PR status, as the contribution of the rest of the
features was insignificant. (B) Design of the TAILORx trial, showing patient stratification by recurrence score and randomisation of patients at intermediate risk (recurrence score 11-25) to endocrine
therapy alone or with chemotherapy. (C) Geographical distribution of study cohorts. (D) Distribution of the Al scores versus Oncotype DX recurrence score on the TAILORx held-out test set, showing

high correlation (Pearson r=0-728 and Spearman r=0-657). (E, F) Quantitative assessment of feature contributions to recurrence score estimation using sequential forward selection, for the model
using only clinical features (E) and the Al multimodal model incorporating both H&E images and clinical features (F). Bar heights represent additive r2 values, with statistical significance indicated.

(G) Receiver operating characteristic curves for identifying high genomic risk (recurrence score 226) for the three models: the Al model combining both H&E and clinical features (AUC 0-898), the
image model using only H&E images (AUC 0-886), and the clinicopathological model using clinical features alone (AUC 0-780). (H) Sensitivity (red) and cumulative proportion of patients classified as
low risk (blue) across binarisation thresholds for identifying high genomic risk (recurrence score =26). Percentage of affected patients refers to the cumulative proportion of patients below the given

threshold—ie, those who would be triaged as low risk by the model. (1) Specificity (red) and cumulative proportion of patients classified as high risk (blue) across binarisation thresholds for identifying
high genomic risk (recurrence score >26). Specificity was measured for the task of identifying a recurrence score of 26 or higher. ABCTB=Australian Breast Cancer Tissue Bank. Al=artificial intelligence.
AUC=area under the curve. H&E=haematoxylin and eosin. UCMC=University of Chicago Medical Center. TCGA-BRCA=The Cancer Genome Atlas Breast Invasive Carcinoma.

the 1-8% of patients with a recurrence score of
26 or greater to arms B and C, while correcting for the
potential benefit of chemotherapy.

To rigorously assess the model’s generalisability and
clinical readiness, we assessed six independent external
cohorts (figure 1C; appendix pp 12-13). After applying
hormone receptor-positive, HER2-negative, inclusion
criteria and quality control, 7502 slides from 5497 patients
were analysed (appendix p 20). To account for dataset-
specific variations and facilitate robust deployment, we
applied a one-parameter linear scaling calibration
approach (appendix pp 6-7), which showed that clinical
variables could accurately estimate the mean ODX
recurrence score and the true calibration scale (appendix
pp 18, 30). Empirical analysis across two independent
calibration cohorts showed that using 100 patients
sufficed for stable estimation of the scaling factor
(appendix p 31).

To assess the prognostic generalisability of the
multimodal Al model, we did survival analyses across
three external cohorts with follow-up data: UCMC,
ABCTB, and TCGA-BRCA. The UCMC cohort included
both ODX recurrence scores and patient outcomes,
enabling direct comparison between AI and the ODX
recurrence score prognostication.

Finally, we assessed the potential clinical utility of the
model by comparing Al-derived risk categories with
clinical-risk groups defined by the MINDACT criteria
(appendix p 4). This analysis quantified the extent to
which Al-based risk classification could modify treatment

recommendations based on conventional clinico-

pathologic assessment.

Outcomes

Time-to-event endpoints were defined as in the TAILORx
study® and included distant recurrence-free interval,
recurrence-free interval, disease-free survival (defined as
freedom from invasive disease recurrence, second
primary cancer, or death), overall survival, and breast
cancer-specific survival.

Statistical analysis

Model performance was assessed using area under the
receiver operating characteristic curve (AUC), Pearson
and Spearman correlations, and area under the precision-
recall curve for the positive and negative classes. Clinical
utility was measured using sensitivity, specificity,
negative predictive value (NPV), positive predictive value
(PPV), balanced accuracy, and F1 score. Details of the
clinical risk stratification used for the clinical-utility
analyses, based on the MINDACT criteria, are provided
in the appendix (p 4). For the Kaplan-Meier curves,
p values, hazard ratios (HRs), and 95% Cls were
computed to quantify the effect size under the Cox
proportional hazards assumption, with a significance
level of 0-05. Bootstrapping with 1000 replicates
estimated 95% ClIs for the performance metrics and
feature importance analysis, where no analytical variance
estimates are available. The detailed methodology for the
chemotherapy-benefit simulations based on TAILORx
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randomisation is provided in the appendix (pp 4-6). The
linear calibration procedure, including estimation of the
cohort-specific scaling factor and its evaluation across
calibration sample sizes, is described in the appendix
(pp 6-7). Importantly, this calibration requires only an
estimate of the mean ODX recurrence score for the
target cohort. This mean recurrence score can be
approximated from basic clinical features, allowing the
calibration method to be applied even in regions where
genomic testing is unavailable.

Statistical analysis was performed using MATLAB
(version 2024b) and R (version 4.4.0). Preprocessing,
training of the models, and inference were done using
Python (version 3.9.18) and Pytorch library (version 2.0.0).
Additional Python libraries wused for database
management, graphical plotting, scientific calculations,
and other tasks were Numpy (version 1.26.4), Pandas
(version 2.2.2), Scipy (version 1.13.1), and Openslide
(version 1.3.1).

Role of the funding source

The funder of the study had no role in study design, data
collection, data analysis, data interpretation, or writing
of the report.

Results
From the TAILORx trial (n=10273), we included
8284 patients (80-6%) after quality control, with 5877 in
the training set and 2407 in the test set (figure 1B, C;
appendix p 12). The median age was 56 years (IQR 49-63);
2590 (31%) were aged 50 years or younger, 2812 (34%)
were premenopausal, median tumour size was 1-5 cm
(1-2-2-1), 1449 (18%) had poor histological grade,
1398 (17%) had high ODX recurrence score (=26), and
5531 (70%) had low clinical risk by the MINDACT
criteria (appendix pp 4, 13).

Attention-map visualisations confirmed that the model
focused on invasive tumour regions and captured both
tumour-intrinsic and microenvironmental features
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(Figure 2 continues on next page)
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Figure 2: Survival analysis comparing recurrence score and Al for prognostication in TAILORx-Test

(A) Kaplan-Meier plots comparing patient stratification using recurrence score versus Al scores across TAILORx-Test patients, using distant recurrence-free, recurrence-free interval, and disease-free
survival probabilities, and a recurrence score stratification threshold of 26. (B) Analysis of the same endpoints in patients who received chemotherapy. (C) Corresponding analysis for patients who did
not receive chemotherapy, for a lower classification threshold of 21. For each subgroup analysis, patient numbers, p values for the stratification, and HRs with 95% Cls are shown. (D) Forest plots
comparing HRs with 95% Cls for the Al scores and recurrence score across multiple patient subgroups in three cohorts with long-term outcome data. The number of patients in each subgroup is
indicated. Note that TAILORx included only node-negative patients and that ABCTB did not have recurrence score data, showing only Al prognostic performance. Wald tests show that HRs derived
from Al and recurrence score were not statistically different across all subgroups (p=0-11-0-97). ABCTB=Australian Breast Cancer Tissue Bank. HR=hazard ratio. UCMC=University of Chicago Medical

Center.

associated with recurrence risk (appendix pp 8-10).
These analyses suggest that the predictions were based
on Dbiologically meaningful morphology rather than
spurious image artifacts.

On the TAILORx-test set, the AI model predictions
correlated strongly with ODX recurrence score (1=0-728;
p<0-0001; figure 1D). Feature-importance analyses
showed that, when only clinical variables were used,
grade contributed most, followed by progesterone
receptor, oestrogen receptor, age, and tumour size.
When H&E images were added, image-derived features
became the dominant predictors, followed by
progesterone receptor and oestrogen receptor, whereas
the grade and other clinical variables added no additional
information, showing that the image features captured
most of the information associated with histological
grade (figure 1E, F).

When evaluated for the clinically relevant task of
identifying high genomic-risk disease (recurrence
score 226; 383 [15-9%)] patients), the AI model achieved
an AUC of 0-898 (95% CI 0-879-0-913; figure 1G;
appendix p 14) in the TAILORx-test cohort, outperforming
both the clinicopathological-only and image-only models
(p<0-0001). Complementary performance measures,
including area under the precision-recall curve, balanced

accuracy, F1 score, and Spearman correlation, supported
these findings (appendix pp 14, 21). A baseline fully
supervised model trained with TAILORx data achieved
AUCs of 0-851 (95% CI 0-829-0-872) on the TAILORx-
test set, whereas our foundation-model-based approach
obtained higher discrimination (appendix p 15). Bench
marking against DLRS achieved an AUC of 0-817
(95% CI 0-792-0-840) on the TAILORx-test set (appendix
p15).

To make the model clinically applicable, thresholds
of 16 and 26 were selected to maximise NPV, PPV, and
affected patients based on TAILORx-CV (appendix p 22).
Using these cutoffs in TAILORx-test, the model classified
1097 (45-6%) patients as Al low-risk, 1021 (42-4%) as
intermediate, and 289 (12:0%) as AI high-risk
(figures 1H, I; appendix p 16). For the low-risk threshold,
sensitivity was 0-948 and NPV was 0-982 against a
recurrence score of 26 or greater, indicating that only
20 (1-8%) patients classified as Al low-risk had high
genomic risk. For the high-risk threshold, specificity
was 0-959 and PPV was 0-716 against a recurrence score
of 26 or greater. Overall, for the 1386 (57-6%) patients
classified as either AI high or low risk, the model
accurately identified genomic high-risk or low-risk
disease. Test performance was consistent with
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cross-validation (appendix pp 14, 16, 23), indicating no
overfitting.

Concordance between Al-based risk categories and the
ODX recurrence score groups was high overall, with
most discordance occurring near the classification
boundaries (appendix p 24). Review of discordant cases
by an experienced pathologist revealed that many of
them had pronounced intratumoral heterogeneity. In
such cases, different slides from the same tumour
produced markedly different Al scores, reflecting this
hetrogeneity. Consistent with this finding, in discordant
cases, the reported ODX recurrence score often matched
the Al score of one of the individual slides. Systematic
evaluation revealed substantially higher within-patient
variance in Al predictions in outliers than in non-outliers
(p=0-0055; appendix p 25).

We assessed the prognostic performance of the Al
model using long-term outcomes from the TAILORx-test
set (figure 2). When stratified by a threshold of 26, survival

Al score
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Figure 3: Al prediction of chemotherapy benefit by menopausal status

(A) Sankey diagram showing the relationship between Al score categories and genomic recurrence score categories
on the TAILORx-Test set (n=2407). The width of the flows represents the proportion of patients in each category.
(B) Kaplan-Meier curves of disease-free survival for premenopausal patients in the entire TAILORx cohort. Patients
with a recurrence score of 16-25 were randomly assigned to endocrine therapy alone (dashed red) versus
endocrine therapy plus chemotherapy (dashed blue). To assess the effect of discordant cases (Al 226 but recurrence
score <16), we added a randomly sampled subset of patients with recurrence score below 16 to each group (solid
lines). (C) Kaplan-Meier curves of disease-free survival for postmenopausal patients in the entire TAILORx cohort
with recurrence score 11-25, randomly assigned to endocrine therapy alone (dashed red) versus endocrine therapy
plus chemotherapy (dashed blue). To assess the effect of discordant cases (Al <16 but recurrence score 226), we
added a randomly sampled subset of patients with a recurrence score of 26 or higher patients to each group while
correcting for the expected chemotherapy benefit (solid lines). HR=hazard ratio.

curves based on Al scores closely mirrored those derived
from the ODX recurrence score. This concordance was
consistent across multiple endpoints, including distant
recurrence-free interval (HR 2-88 [95% CI 1-73—4-79)),
recurrence-free interval (2-61 [1-68—4-04]), and disease-
free survival (1-32 [0-92-1-89]; figure 2A). Similar
patterns were observed when including cross-validation
patients and when assessing overall and breast-cancer-
specific survival (appendix p 26). Wald tests confirmed
no statistical difference between Al-derived and
recurrence score-derived HRs across endpoints
(appendix p 17).

The AI model captured prognostic information
complementary to the ODX recurrence score: among
patients with a recurrence score below 26, those
reclassified as being at high risk by AI had significantly
lower RFI and DRFI, whereas among patients with a
recurrence score of 26 or greater, those reclassified by Al
as being at low risk showed numerically higher survival
outcomes, although this difference did not reach
statistical significance (appendix p 27). Within each
chemotherapy treatment subgroup (received chemo-
therapy or not), stratification by Al and ODX recurrence
score maintained strong concordance across all
endpoints, with similar HRs (figure 2B, C; appendix
p 26). For the no-chemotherapy analysis, we used an Al
threshold of 21 instead of 26, as all patients with a
recurrence score of 26 or higher in TAILORx were
assigned to chemotherapy. Other thresholds produced
similar results (appendix p 28).

Across clinical subgroups, including menopausal
status, tumour grade, tumour size, PR status, and
treatment, the AI model’s prognostic performance was
similar to that of ODX recurrence score when measured
by distant recurrence-free interval (figure 2D).

In the TAILORx-test group, Al high-risk patients are
composed of three groups (figure 3A): a recurrence score
of 26 or higher (207 [71-6%]), where NSABP-B-20 post-
analysis established substantial chemotherapy benefit,"*
recurrence score 16-25 (78 [27-0%)]), where chemotherapy
benefit was shown in node-negative premenopausal
women,” and a small discordant subset of patients with a
recurrence score below 16 (4 [1-4%]). Patients deemed by
Al to be at low risk were composed of two groups: those
with a recurrence score below 26 (1077 [98-2%)]), where
previous analyses showed no chemotherapy benefit for
postmenopausal patients,*” and a small discordant
subset of patients with a recurrence score of 26 or greater
(20 [1-8%)).

After the addition of patients with a recurrence score
less than 16 to arms B and C, such that their proportion
matched that of the small discordant group (1-4%),
chemotherapy benefit remained significant for disease-
free survival for premenopausal patients (HR 0-63
[95% CI 0-46—-0-86]; chemotherapy vs no chemotherapy;
figure 3B); and for distant recurrence-free survival and
recurrence-free survival (appendix p 29), indicating
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chemotherapy benefit for premenopausal patients
deemed by AI to be at high risk. After the addition of
patients with a recurrence score of 26 or greater to arms
B and C, such that their proportion matched that of the
small discordant group (1-8%), while correcting for the
expected chemotherapy benefit, no chemotherapy benefit
was observed for disease-free survival for postmenopausal

patients (HR 0-94 [0-78-1-12]; chemotherapy vs no
chemotherapy) and for distant recurrence-free survival
and recurrence-free

survival (appendix p 29). Importantly, the one-sided
10% type-l1 error corresponded to a 20% increase in
disease-free survival risk without chemotherapy, well
below the 32-2% non-inferiority margin established in
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(Figure 4 continues on next page)
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Figure 4: External validation of the deep learning Al model across independent cohorts

(A-D) Al model performance at Carmel Medical Center, Sheba Medical Center, Haemek Medical Center, and the UCMC, each with matched recurrence scores. For each
institution the left panel shows ROC curves comparing the Al multimodal model using both H&E images and clinicopathological variables (combined) with the image
model (only H&E) for identifying high genomic-risk disease (recurrence score =26); the middle panel shows sensitivity analysis showing the proportion of patients
classified by Al as having low risk who could potentially avoid genomic testing (blue line), and the sensitivity for identifying a recurrence score of 26 or higher (red
line) at different classification thresholds (values corresponding to the low classification threshold of 16 are indicated); and the right panel shows specificity analysis
showing the proportion of patients classified by Al as having high risk who could potentially proceed directly to chemotherapy (blue line), and the specificity for
identifying a recurrence score of 26 or higher (red line) at different classification thresholds. Values corresponding to the high classification threshold 26 are indicated.
For sensitivity and specificity analyses at UCMC and Sheba, patients in the calibration set (n=100) were excluded. These patients were included in ROC analyses as
calibration does not affect ranking-based metrics. (E) Prognostic performance of recurrence score and Al scores across external cohorts with follow-up data.
Kaplan-Meier curves show patient stratification using the high-risk threshold (Al 226) for UCMC (endpoint: recurrence-free interval), ABCTB (endpoint: breast cancer-
specific survival), and TCGA (endpoint: disease-free interval). For UCMC and TCGA, recurrence score-based stratification (recurrence score 226) is shown for direct
comparison. For TCGA, recurrence score values were estimated from the gene expression data. HRs with 95% Cls and p values show the consistent prognostic value of
Al-derived risk stratification across diverse patient populations. ABCTB=Australian Breast Cancer Tissue Bank. AUC=area under the curve. H&E=haematoxylin and
eosin. ROC=receiver operating characteristic. TCGA-BRCA=The Cancer Genome Atlas Breast Invasive Carcinoma. UCMC=University of Chicago Medical Center.

TAILORx for determining non-inferiority.” This finding
shows that postmenopausal patients classified as low risk
by AI did not benefit from chemotherapy. This group
consisted of patients with a recurrence score below 26
and a small discordant subset with a recurrence score of
26 or greater. Inclusion of this small subset did not
materially alter the treatment-effect estimates.

One-parameter linear scaling calibration reduced the
root mean squared error between Al-predicted and
measured recurrence scores across all datasets,
confirming improved alignment beyond threshold-level
stratification (appendix p 32). Across the external cohorts,
the calibrated models showed a strong correlation
between Al and ODX recurrence score (appendix p 33).
The AUC for identifying a recurrence score of 26
or greater ranged from 0-858 to 0-903 (figure 4A-D;
appendix p 14). Benchmarking showed that our model
outperformed a fully supervised approach (average
AUC 0-728), as well as the DLRS method (average
AUC 0-812; appendix p 15).

Applying the same clinical thresholds (Al score <16
and =226) maintained consistent classification
performance across cohorts (figure 4A-D; appendix
pp 16, 34). 30-50% of patients were classified as being at
low risk and 10-15% at high risk, supporting potential
immediate chemotherapy decisions for these subsets.
Comparing the Al model’s performance before and after
calibration showed improvement across cohorts,

highlighting the importance of our calibration approach
(appendix pp 35-36).

Notably, the performances and proportions of patients
deemed to be at low risk and high risk by Al remained
consistent across the cohorts, despite the dataset variations,
and despite having node-positive patients, which were not
included in the TAILORx data. In the UCMC, Sheba, and
Haemek cohorts, we identified 983 patients (203 node-
positive and 780 node-negative), and model discrimination
for predicting high recurrence score was similar in node-
positive (AUC 0-874 [95% CI 0.795-0-930]) and
node-negative patients (AUC 0-861 [0-821-0-889)),
indicating that nodal status was not a confounder for
recurrence score prediction.

Additional validation in the TCGA cohort, using
estimated recurrence score from RNA sequencing data,
showed good discrimination (AUC 0-832 [95% CI
0-779-0-872]) despite estimating recurrence score and
working with highly heterogeneous specimens, with
220 (44-7%) classified by AI as being at low risk and
82 (16-7%) as high risk (appendix pp 33-34, 37).

When stratified by the ODX recurrence score of
26 or higher, follow-up data from UCMC showed
significant risk separation (HR 2-7 [95% CI 1-2-6-1];
figure 4E). Stratification using Al scores yielded similar
HRs and identified a similar proportion of patients at
high risk (HR 4-0 [1-8-9-1]). In the ABCTB cohort, the
AI model significantly stratified breast cancer-specific
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survival (HR 4-2 [2-7-6-5]). For UCMC, the Al model’s
prognostic HRs closely matched those across clinical
subgroups (figure 2D). For ABCTB, the Al HRs matched
those of TAILORx and UCMC. Adjusting for treatment
did not change these results (appendix p 19). In TCGA,
the Al model had numerically higher HRs than the ODX
recurrence score, although the difference was not
statistically ~significant. Wald tests confirmed no
significant difference between Al-derived and recurrence
score-derived HRs in UCMC (p=0- 34) or TCGA (p=0-88).

Among node-negative patients in both TAILORx and
external cohorts, 4-5-5-2% of premenopausal patients
who were clinically at low risk were upgraded by Al to
high risk (figure 5). More substantially, 151 (31-3%) of
postmenopausal patients who were clinically at high risk
were downgraded by Al to low risk. Chemotherapy
benefit analysis within each MINDACT risk category
confirmed significant chemotherapy benefit in patients
deemed by Al to be at high risk despite being classified
as being at low risk by conventional clinicopathological
criteria, and confirmed no chemotherapy benefit in

patients deemed by Al to be at low risk despite being
clinically at high risk (appendix p 38). In node-positive
postmenopausal — patients, where there is no
chemotherapy benefit for recurrence score below 26,*
the model reclassified 350 (40-7%) of patients who were
clinically at high risk as being at low risk. We observed
that, of patients classified as being at low risk by our
model, only 17 (3-4%) had a recurrence score of
26 or higher. Furthermore, the vast majority of patients
had a recurrence score below 31 (NPV 0-994 for
recurrence score <31, meaning that only three [0-6%]
patients classified by Al as low risk had recurrence
score =31), a range in which chemotherapy benefit
remains uncertain.*

Discussion

In this study, we developed and validated a multimodal
deep-learning model that estimates ODX recurrence
score directly from H&E-stained slides and
clinicopathological variables, leveraging the TAILORx
RCT. To our knowledge, this is the first digital pathology
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Figure 5: Clinical risk reclassification

Sankey diagrams showing how patients classified as high or low risk by traditional clinical risk assessment (MINDACT definition; appendix p 4) would be reclassified
using the Al model across three patient groups: TAILORx-test set (left), node-negative patients in the external cohorts (middle), and node-positive patients in the
external cohorts (right). Diagrams are stratified by menopausal status for TAILORx and by age for the external cohorts (premenopausal or age <50 years, top, and
postmenopausal or age >50 years, bottom). The width of connecting flows indicates the proportion of patients, with exact numbers and percentages shown. Blue
represents low-risk classification (low clinical risk or Al <16), red represents high-risk classification (high clinical risk or Al 226), and grey represents intermediate Al
risk classification (Al 16-25). Asterisks indicate a potential impact on chemotherapy decisions that are based on clinical risk and would follow the Al risk. Al=artificial

intelligence.
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Al model for recurrence-score estimation to be assessed
retrospectively using data from an RCT, leveraging
randomised treatment assignment to assess chemo-
therapy benefit in predefined subgroups. Using a
large-scale, pre-trained, foundation model and a
distribution-matching calibration strategy that does not
require genomic labels, the model achieved robust
generalisation across six independent cohorts
(>5000 patients) despite differences in populations,
laboratory protocols, and scanners. Among node-
negative postmenopausal patients with an AI threshold
below 16, 1077 (98-2%) had a recurrence score below 26,
consistent with TAILORx findings that such patients
derive no chemotherapy benefit, and among node-
negative premenopausal patients with an Al score of at
least 26, 285 (98-6%) had a recurrence score of
16 or higher, consistent with observed benefit. Our
model refines risk classification within standard
clinicopathological groups, identifying around 5% of
clinically low-risk premenopausal patients who might
benefit from chemotherapy, while downgrading
30-40% of clinically high-risk postmenopausal patients
who are likely to be overtreated. Together, these results
show that our approach is accurate, generalisable,
deployable, and clinically meaningful, complementing
genomic testing and providing an affordable alternative
where genomic testing is unavailable.

Based on our analyses, node-negative postmenopausal
patients with low Al-derived scores (<16) should
generally avoid chemotherapy, whereas node-negative
premenopausal patients with high scores derived by
Al (226) should receive chemotherapy, and might be
candidates for intensified systemic strategies, including
consideration of CDK4/6 inhibitors such as ribociclib.
For all other node-negative patients, analysis of
TAILORx data could not provide evidence for
chemotherapy benefit; such patients should follow
standard-of-care treatment (genomic testing when
available and clinicopathologic criteria otherwise). This
framework offers a pragmatic pathway for integrating
Al-based risk assessment into standard decision
making.

Our model also generalised to node-positive patients
despite being trained exclusively on node-negative
cases, indicating it captures biological signals reflective
of genomic risk regardless of nodal status. RkPONDER®
showed that all premenopausal node-positive patients
benefit from chemotherapy, whereas postmenopausal
node-positive patients with a recurrence score below 26
do not, and observational studies reported uncertain
benefit for a recurrence score of 26-30.* While
chemotherapy benefit could not be directly assessed in
node-positive patients using TAILORx, only 17 (3-4%)
patients classified as low risk by AI had a recurrence
score of 26 or higher, and only three (0-6%) had a
recurrence score of 31 or higher, indicating that node-
positive postmenopausal patients classified as low risk

by AI by our model would probably not benefit from
chemotherapy.

Our findings build on and extend previous studies that
showed the feasibility of identifying high ODX recurrence
score from histopathology images wusing various
computational approaches.”*** Although these studies
have laid important groundwork, our approach
distinguishes itself in several key aspects. First, validation
on TAILORx enabled evaluation on one of the largest
breast cancer RCTs designed for ODX recurrence score.
Crucially, TAILORx enabled addressing treatment
confounders and assessing chemotherapy benefit in
patient subgroups, suggesting applicability across
diverse patient populations, including those with higher-
grade, larger tumours, and later stage at presentation, as
are more commonly encountered in resource-limited
settings. Second, extensive external validation showed
robust generalisation across clinical settings and
addressed calibration issues. Although in TCGA
stratification by recurrence score produced weaker
separation, this finding probably reflects dataset
heterogeneity and outdated treatment regimens relative
to current practice. Third, our foundation model
approach showed significantly superior performance
compared with the state-of-the-art fully supervised
learning methods across all validation cohorts, and
particularly in external validation, where domain shifts
typically challenge generalisation. Analysis of discordant
cases revealed that intratumoral heterogeneity is a key
contributor to differences between AI and genomic
scores. In such cases, the reported ODX recurrence score
often matched the AI prediction from one of the
individual slides, with significantly higher within-patient
variance among outliers (p=0-0055; appendix p 25).
Whereas genomic testing assays a single tissue sample,
Al predictions are aggregated across multiple slides,
potentially capturing a more comprehensive assessment
of tumour heterogeneity.

Several commercial Al pathology tools have sought to
infer outcomes directly from H&E images.?*¢
Although such models might hold important advantages,
potentially outperforming existing genomic tests and
enabling broader access to molecular insights, their
clinical impact remains uncertain because they have not
been validated in RCTs. Without such validation, these
models can show prognostic but not predictive value,
meaning they cannot establish whether the inferred risk
actually corresponds to chemotherapy benefit. Such
randomised trials are rare, and observational datasets
further limit evaluation, as few untreated high-risk
patients exist, making direct estimation of treatment
benefit infeasible. In our own ABCTB and UCMC
analyses, emulating randomisation was impossible
because nearly all patients deemed at high risk by Al
received chemotherapy, eliminating overlap between
treated and untreated groups. This finding underscores
the challenge of evaluating treatment benefit in
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observational cohorts. By contrast, training models to
infer recurrence score leverages the established clinical
utility of genomic assays, enabling indirect yet clinically
meaningful estimation of benefit.

Several limitations warrant consideration. First,
chemotherapy-benefit analyses were constrained by the
TAILORx design, which randomly assigned only patients
with a recurrence score of 11-25, limiting direct
evaluation in patients with a recurrence score of
26 or higher. Future validation in trials such as
NSABP-B-20, which included randomisation of patients
at high risk, could strengthen predictive evidence and
refine threshold selection. Second, although the model
performed well in node-positive patients, validation on
randomised data such as RxPONDER would confirm its
applicability to this group. Third, our study was
retrospective; prospective implementation studies are
needed to confirm real-world effectiveness. Fourth,
accurate progesterone receptor, oestrogen receptor, and
HER?2 testing are required to identify eligible hormone
receptor-positive, HER2-negative patients, which might
be inconsistent in low-income and middle-income
countries (LMICs). Integration of Al-based molecular
subtype classifiers might help address this gap. Finally,
although our datasets span multiple regions, some
populations, particularly from LMICs, remain under-
represented. Differences in demographics, tumour
characteristics, and slide preparation could bias the
results and affect generalisability, although our subgroup
analyses by age, grade, and tumour size suggest stable
performance across relevant clinical contexts. Future
validation in these settings will be essential.

Translation into practice will depend on technical
performance, adoption, cost, and regulation. ODX use
exceeds 70% in the USA and is nearly universal in Israel,
but remains uneven elsewhere: broadly reimbursed in
Western Europe yet limited in Eastern regions,” and
minimal in low-resource settings (around 5% in India,
<10% across most of Asia, negligible in Africa®). In
the USA, although cost-effective versus empiric
chemotherapy (US$10-15000 per patient), ODX testing
remains expensive (approximately $3500 per assay) and
slow, with insurers spending $300-600 million annually.*
By contrast, digital slide scanning costs less than $1
per slide, and an AI test could deliver results within
days® at far lower cost.®® Regulatory approval is feasible:
the US Food and Drug Administration has already
cleared predictive pathology Al tools,* and a Clinical
Laboratory Improvement Amendments-based pathway
similar to ODX is viable. In LMICs, where chemotherapy
costs around US$1000 per patient” and 80-85% of
patients with hormone receptor-positive, HER2-negative
disease still receive the treatment,” our model could
provide a costeffective alternative to reduce
overtreatment and toxicity.

In conclusion, deep learning applied to routine H&E
slides enables rapid, cost-effective, risk stratification in

hormone receptor-positive, HER2-negative early breast
cancer with accuracy similar to genomic assays. Our
model has been validated across diverse populations,
requires no specialised genomic infrastructure, and
could help in democratising precision oncology. Future
work should focus on prospective validation to further
establish this approach as an accessible, efficient, and
globally scalable tool for breast cancer treatment
decisions.
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