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Multi-modal AI for comprehensive breast
cancer prognostication
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Treatment selection in breast cancer is guided by risk assessment using
molecular subtypes and clinicopathological characteristics. However, current
approaches lack the precision required for optimal clinical decision-making.
To address this, we use data from 8161 patients to develop and evaluate an AI
test integrating digital pathology with clinical data. The AI test provides a
robust method for predicting disease-free interval (C-index: 0.71 [0.68-0.75],
HR: 3.63 [3.02-4.37, p < 0.001]). In a direct comparison, the AI test displays
numerically higher discrimination (C-index: 0.67 [0.61–0.74]) than the
standard-of-care 21-gene assay (C-index: 0.61 [0.49–0.73]). Across molecular
subtypes, the AI test demonstrates robust prognostic performance, including
in triple negative breast cancer (C-index: 0.71 [0.62-0.81], HR: 3.81 [2.35-6.17,
p=0.02]), where no guideline-recommended assays currently exist. These
findings highlight the potential of AI-based pathology tests as a promising tool
for improved risk stratification across all major subtypes, with implications for
clinical decision-making.

Over the past few decades, breast cancer treatment has evolved
significantly with the introduction of various chemo, endocrine,
and targeted therapies. Treatment selection is primarily informed
by clinical guidelines that rely on clinicopathological factors such
as tumor size, nodal status, and estrogen and HER2 receptor status.
While this approach optimizes outcomes at the population level to
a certain degree, it overlooks critical, actionable information

for individual patients, exposing a significant gap in persona-
lized care.

In an attempt to address this limitation, genomic assays were
developed in the early 2000s, offering a more refined approach to
patient risk stratification. Tools such as Oncotype DX1, Mammaprint2,
and Prosigna3 assess the risk of distant recurrence based on gene
expression data. However, these assays were developed primarily for
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hormone receptor-positive (HR+) breast cancer patients,mainly to de-
escalate adjuvant chemotherapy. In addition tobeing limited to certain
cancer subtypes, their accuracy is modest, often on par with simple
models based on clinical characteristics4,5. These tests also require the
processing of physical tissue specimens, which creates additionalwork
for pathology departments and depletes tissue that could be used in
the future for advanced molecular profiling.

Complementing genomic assays, pathologists often evaluate the
histopathological characteristics of a tumor to estimate the cancer
aggressiveness. These features include histologic grade, tumor-
infiltrating lymphocytes level, and Ki-67 expression. These primarily
morphological features have been shown to add independent prog-
nostic information to genomic scores, and recent prognostic models
integrate both6,7. However, these features are limited in their scope and
prognostic ability, which drives the need for stronger and more
informative prognostic features. In recent years, advances in AI, par-
ticularly in self-supervised learning, have enabled the development of
more effectivemethods for learningmeaningful features from imaging
data8–13. These features are not based on pre-specified characteristics,
and extracting them does not require manual annotation by patholo-
gists. Instead, AI models autonomously determine the most salient
features by learning frommillions of images. Early evidence shows that
these AI-enabled features extracted from digital pathology images can
be used to predict key patient characteristics, genomic signature
scores, and long-term outcomes14–20. However, many of these
approaches do not incorporate clinical data or undergo validation in
non-HR+ subtypes.

In response to the gaps in today’s treatment selection tools, we
developed and evaluated an AI test as a prognostic marker for the risk
of cancer recurrence in invasive breast cancer patients. It is built upon
the latest advances in self-supervised learning and digital pathology.
Specifically, our test extracts strongly generalizable morphological
features from standard H&E-stained slides of core needle biopsies or
surgical specimens utilizing Kestrel21, a state-of-the-art pan-cancer AI
foundation model. Kestrel is a variant of a vision transformer22 trained
with the self-supervised learning method DINOv213 using 400 million
digital pathology image patches. The image patches used to train
Kestrel were sourced from a large, heterogeneous database of pan-
cancer whole slide images, including breast cancer images. Kestrel’s
hyperparameters were tuned using a methodology that evaluates
model performance on a suite of digital pathology benchmarks21. This
approach iteratively scales model and dataset size, in a chain of
hyperparameter searches, yielding a model that is specially tuned for
downstream tasks in digital pathology.

In this study, we present the application of a generalist AI foun-
dation model for outcome prediction in breast cancer. Our multi-
modal AI test integrates pathology-based features, extracted by Kes-
trel, with routinely collected clinical variables, namely cancer T and N
stage, patient age, ER, PR, and HER2 status, and presence of ductal or
lobular histology (Fig. 1). The test produces a continuous score
between 0 and 1 that quantifies the risk of cancer recurrence. The test
was developed and evaluated using data from a total of 8161 patients
across 15 cohorts originating from seven countries. Of these, 3502
patients from five cohorts were used exclusively for external evalua-
tion, while the remaining patients were used formodel training. Toour
knowledge, this is the first large-scale real-world evaluation of an AI-
based prognostic model for breast cancer conducted across subtypes.
Detailed patient characteristics are described in Table 1. We evaluate
our test’s prognostic performance across a range of independent test
cohorts and clinical subgroups that capture the clinical and demo-
graphic variability observed in real-world patient populations. We also
compare our test’s accuracy to a standard-of-care genomic assay,
showing how the introduced multi-modal AI test enhances breast
cancer prognostication. Our findings demonstrate that the AI test is

able to discriminate recurrence risk across all major breast cancer
subtypes, including TNBC, where no guideline-approved prognostic
assays currently exist. Our AI test also demonstrates numerically
higher performance than a standard-of-care genomic assay in both
overall and intermediate-risk patients.

Results
Breast cancer cohorts
To execute this project, we assembled a diverse collection of both
public datasets (TCGA-BRCA23,24, METABRIC25, BASIS 26, Providence27)
and private datasets from several sources (NYU Langone Health, The
Catholic University of Korea, Gundersen Health, National Center of
Pathology in Lithuania, Breast Cancer Now Biobank, Cancer Research
Malaysia, Omica.bio Cancer Atlas, Wales Cancer Biobank, Karmanos
Cancer Institute, University Hospital Basel, and UChicago Medicine).
We excluded patients without documented follow-up or available
pathology slides, as well as those with stage IV disease or a history of
breast cancer. Altogether, we collected 5162 slides from 4659 breast
cancer patients across 10 datasets for training, and 3632 slides from
3502 breast cancer patients from5 datasets for evaluation,making this
one of the largest data collection efforts for predicting breast cancer
recurrence. All patients in the data are women. Two of the evaluation
datasets, Providence (n = 1733) and TCGA-BRCA (n = 911), represent a
broad spectrum of invasive breast cancer patients. The remaining
three test cohorts—Karmanos (n = 168), Basel (n = 269), andUChicago
(n = 421) — included only HR+ HER2− patients who were previously
testedwithOncotypeDX. See Table 1 formoredetailed statistics of the
training and evaluation cohorts.

Study design and results
Unless explicitly stated otherwise, the presented results are from the
multi-modal AI test. We first report its prognostic capability, i.e.,
whether our model accurately predicts the risk of cancer recurrence
and distinguishes between high- and low-risk patients. Then, we
compare its accuracy against a standard-of-care genomic risk sig-
nature in various molecular, histological, and clinical subgroups.
Finally, we discuss potential clinical use cases. When reporting per-
formance across multiple datasets, we present pooled results using a
random effects model (Section SI.3). The additional results for specific
datasets are in Figs. SI.3 and SI.4.

To evaluate how well the test orders patients according to their
risk, we report the concordance index (C-index). Additionally, we
estimate the hazard ratio (HR) for the AI test in univariate and multi-
variate Coxproportional hazardsmodels.While theAI test takes values
between0 and 1, theHRpresented is for every 0.2 unit increase. Unless
explicitly stated otherwise, the HR is univariate and is computed using
the continuous AI test risk score, rather than its dichotomized version.
By using the continuous score, we highlight how incremental shifts in
the score translate to gradual changes in risk, rather than the change in
risk that occurs at one specific cutoff. Furthermore, as Oncotype DX’s
risk categories and corresponding cutoffs were determined using an
entirely separate patient population, it ismoreappropriate to compare
results without a specific cutoff. For additional analysis, we dichot-
omize the score from the AI test. We defined high- and low-risk groups
using the 80th percentile cutoff in the HR+ HER2– subpopulation
within our largest internal training dataset (NYU).We refer toMethods
(Section 4) and Sections SI.1 and SI.2 for a detailed explanation of the
performance metrics used in this paper.

The primary endpoint used for training and validation is the
disease-free interval (DFI).When appropriate, we also evaluate our test
on several secondary endpoints: distant recurrence-free interval
(DRFI), late recurrence (LR), recurrence-free survival (RFS), and overall
survival (OS). Endpoint definitions can be found in Section SI.4 and
Table SI.1.
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Fig. 1 | We present a multi-modal AI test for invasive breast cancer. a The key
component of the test is a systemwhichprocesses high-resolution digital images of
breast cancer specimens. Features are extracted from the digitized slides using
Kestrel, a foundationmodel trained using self-supervised learning on a pan-cancer
dataset of 400 million pathology image patches. b Features extracted from digi-
tized slides and clinical variables are used to train supervised time-to-event models
predicting breast cancer recurrence or death. c The AI test produces amulti-modal
risk score, integrating pathological and clinical risk scores. d We developed the AI
test using 10 cohorts from six countries (highlighted in blue,n = 4659patients), and
evaluated it on five patient cohorts which were not used during training (high-
lighted in orange, n = 3502 patients). Evaluation sets consisted of two cohorts
(Providence and TCGA) with all invasive breast cancer subtypes, and three cohorts
(UChicago, Basel, and Karmanos) with only HR+ HER2− patients tested with
Oncotype DX. e The 10-year recurrence probability increases monotonically as the
AI test score increases (n = 1792 patients). The four dots represent the four quan-
tiles of the AI test score. 10-year recurrence probabilities were estimated using a

Kaplan-Meier estimator. f Patients with predicted high risk had significantly worse
outcomes compared to patients with predicted low risk (n = 1792 patients,
p < 0.001). The error bars represent the 95% CI. The p-values were computed from
a univariate Cox proportional hazards model using a two-sided Wald test, with the
AI test score dichotomized. g The AI test achieved strong prognostic results across
all evaluation datasets (n = 3502 patients), as measured by the concordance-index
(C-index). Estimates were pooled across datasets using a random effects model.
Error bars represent the 95% CI. h In a direct comparison (n = 858 patients) to a
standard-of-care genomic assay, Oncotype DX, the AI test was a better predictor of
cancer recurrence, as measured by the C-index pooled across datasets using a
random effects model. Error bars represent the 95% CI. i the AI test performs
consistently across various endpoints (DFI disease-free interval, DRFI distant
recurrence-free interval, RFS recurrence-free survival, DRFSdistant recurrence-free
survival, OS overall survival), as measured by the C-index (n = 3502 patients).
Endpoint definitions are in Section SI.4. The error bars represent the 95% CI.
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The AI test is prognostic of recurrence and survival
The AI test was found to be prognostic in all five patient cohorts used
as external evaluation sets. For the primary endpoint, disease-free
interval (DFI), the risk score generated by our model achieved a
pooled C-index of 0.71 [0.68-0.75] and a pooled HR of 3.63
[3.02–4.37, p < 0.001].

Two cohorts—ProvidenceandTCGA-BRCA—were composedof a
broad population of invasive breast cancer patients. Our AI test
achieved a C-index of 0.74 [0.70–0.79] and an HR of 4.02 [3.09-5.23,
p < 0.001] in the Providence cohort, and a C-index of 0.70 [0.63–0.77]
and an HR of 3.00 [2.10–4.28, p < 0.001] in the TCGA-BRCA cohort.

Three cohorts — Karmanos, Basel, and UChicago — included only
HR+ HER2− patients who were previously tested with Oncotype DX.
The AI test achieved a C-index of 0.62 [0.49–0.75] and a HR of 3.82
[1.33–10.98, p = 0.013] in the Karmanos cohort (n = 168), a C-index of
0.70 [0.60–0.80] and a HR of 3.98 [1.92–8.25, p < 0.001] in the Basel
cohort (n = 269), and a C-index of 0.67 [0.58-0.77] and a HR of 3.26
[1.45-7.31, p = 0.004] in the UChicago cohort (n = 421).

To complement the C-index and HR analyses, we also examined
the time-dependent AUC to evaluate how prognostic performance
varies over time. The AI test demonstrated strong prognostic perfor-
mance at 3, 5, and 7 years, with pooled time-dependent AUCs of 0.76
[0.70–0.82], 0.71 [0.66–0.76], and 0.73 [0.69–0.77], respectively.

The AI test was also prognostic for secondary endpoints (as
defined in Section SI.4). For distant recurrence-free interval (DRFI), the
test achieved a C-index of 0.70 [0.61–0.78] and an HR of 4.02
[2.64–6.13, p = 0.001]. For overall survival (OS), the test achieved a
C-index of 0.65 [0.58–0.72] and an HR of 2.52 [1.88–3.38, p = 0.001].
For recurrence-free survival (RFS), the test achieved a C-index of 0.68
[0.65–0.71] and a HR of 2.65 [2.33–3.01, p < 0.001]. For distant
recurrence-free survival (DRFS), the test achieved a C-index of 0.66
[0.61–0.71] and a HR of 2.64 [2.14–3.26, p < 0.001]. Forest plots for all
endpoints and metrics are reported in Sections SI.6 and SI.8 and
Figs. SI.1, SI.2 and SI.5.

AI test demonstrated higher accuracy than a genomic assay
Wecompared the prognostic performance and potential clinical utility
of our model to Oncotype DX, a standard-of-care 21-gene assay
developed to predict distant recurrence risk. Three external cohorts
(Karmanos, Basel, UChicago) contain a total of 858 patients who were
tested with Oncotype DX Recurrence Score assays performed as part
of routine care.

In the Karmanos cohort, the AI test’s C-index for DFI was 0.62
[0.49–0.76], and the HR was 3.82 [1.33–10.98, p = 0.013], compared
with Oncotype DX’s C-index of 0.54 [0.41–0.68] and HR of 1.36
[0.56–3.27, p = 0.500]. In the Basel cohort, the AI test’s C-index was
0.70 [0.60–0.80], and the HR was 3.98 [1.92–8.25, p < 0.001],

Table 1 | Datasets used for training and evaluation

Category Training cohorts
(n = 4659)

Evaluation cohorts
(n = 3502)

Age, median [IQR] 58 [49–68] 60 [51–68]

Race

Asian 380 (8.16%) 157 (4.48%)

Black 71 (1.52%) 321 (9.17%)

White 923 (19.81%) 2461 (70.27%)

Unknown/other 3285 (70.49%) 563 (16.08%)

Follow-up time,median [IQR] 5.11 [3.62–8.31] 4.51 [2.42–7.15]

ER receptor status

Positive 3748 (80.45%) 2992 (85.44%)

Negative 540 (11.59%) 399 (11.39%)

Unknown 371 (7.96%) 111 (3.17%)

PR receptor status

Positive 2676 (57.44%) 2648 (75.61%)

Negative 1010 (21.68%) 728 (20.79%)

Unknown 973 (20.88%) 126 (3.60%)

HER2 receptor status

Positive 377 (8.09%) 348 (9.94%)

Negative 3286 (70.53%) 2702 (77.16%)

Equivocal or unknown 996 (21.38%) 452 (12.91%)

T stage

T1 1880 (40.35%) 1869 (53.37%)

T2 1780 (38.21%) 1287 (36.75%)

T3 252 (5.41%) 225 (6.42%)

T4 51 (1.09%) 40 (1.14%)

Unknown/TX 464 (9.96%) 81 (2.31%)

N stage

N0 2550 (54.73%) 2284 (65.22%)

N1 1174 (25.20%) 839 (23.96%)

N2 251 (5.39%) 156 (4.45%)

N3 141 (3.03%) 86 (2.46%)

Unknown/NX 543 (11.65%) 137 (3.91%)

Ductal histology

Yes 3567 (76.56%) 1392 (39.75%)

No 904 (19.40%) 377 (10.77%)

Unknown 188 (4.04%) 1733 (49.49%)

Lobular histology

Yes 600 (12.88%) 359 (10.25%)

No 3871 (83.09%) 1410 (40.26%)

Unknown 188 (4.04%) 1733 (49.49%)

Grade

1 523 (11.23%) 332 (9.48%)

2 1880 (40.35%) 1287 (36.75%)

3 1286 (27.60%) 722 (20.62%)

Unknown 970 (20.82%) 1161 (33.15%)

Any recurrence

Yes 726 (15.58%) 279 (7.97%)

No 3933 (84.42%) 3223 (92.03%)

Distant recurrence

Yes 457 (9.81%) 174 (4.97%)

No 4098 (87.96%) 3328 (95.03%)

Unknown 104 (2.23%) 0 (0.00%)

Death

Yes 935 (20.07%) 303 (8.65%)

No 3710 (79.63%) 3199 (91.35%)

Table 1 (continued) | Datasets used for training and evaluation

Category Training cohorts
(n = 4659)

Evaluation cohorts
(n = 3502)

Unknown 14 (0.30%) 0 (0.00%)

Adjuvant chemo- and endocrine therapy

Chemoendocrine therapy 1124 (24.13%) 768 (21.93%)

Chemotherapy only 564 (12.11%) 500 (14.28%)

Endocrine therapy only 1551 (33.29%) 1442 (41.18%)

Unknown 729 (15.65%) 368 (10.51%)

All values are N (%) unless indicated otherwise. Follow-up time statistics are computed taking
into account all patients (censored and not censored). Clinical characteristics of the patients in
the trainingand test cohorts are significantly different (p < 0.001).WeusedChi-squared tests for
all categorical variables and the Mann–Whitney U test for patient age. Additionally, the log-rank
test61 shows a significant difference in outcome distributions between the training and test
cohorts (p < 0.001)
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compared with Oncotype DX’s C-index of 0.55 [0.42–0.68] and HR of
1.76 [0.85–3.64, p = 0.13]. In the UChicago cohort, the AI test’s C-index
was 0.67 [0.58–0.77] and the HR was 3.26 [1.45–7.31, p = 0.004],
compared with Oncotype DX’s C-index of 0.71 [0.61–0.81] and HR of
2.78 [1.61–4.81, p < 0.001]. Together, the AI test achieved a pooled
C-index of 0.67 [0.61–0.74] and HR of 3.67 [2.79–4.84, p = 0.002],
compared to Oncotype DX’s C-index of 0.61 [0.491–0.725] and HR of
2.09 [0.85–5.15, p = 0.21].

To assess prognostic accuracy at different time horizons, we
computed pooled time-dependent AUCs, where the AI test achieved
0.71 [0.48–0.95], 0.66 [0.57–0.74], and 0.71 [0.59–0.83] at 3, 5, and 7
years, respectively. In comparison, Oncotype DX achieved 0.66
[0.35–0.98], 0.60 [0.22–0.99], and 0.65 [0.40–0.91].

To assess the clinical utility of the AI test and Oncotype DX, we
performed a decision curve analysis adapted for survival data at 5 and
10 years (SectionSI.11).While bothOncotypeDX and theAI test exceed
the baseline treat all and treat none strategies, the AI test consistently
outperforms Oncotype DX and provides more clinical utility across
threshold probabilities and both time points.

These comparisons are illustrated in Fig. 2a and further extended
in Section SI.9 and Figs. SI.6 and SI.8.

Oncotype DX has been shown to predict the benefit of adjuvant
chemotherapy in HR+ patients. Patients with high Oncotype DX scores
had significant chemotherapy benefits, while patients with low Onco-
type DX scores did not28. Two large randomized clinical trials,
TAILORx29 and RxPONDER30, have shown that some patients with
intermediate Oncotype DX scores might also safely avoid adjuvant
chemotherapy. For patients tested with Oncotype DX, the AI model
would re-classify 666 out of 858 (77.6%) patients into different risk
categories (Fig. 2b). All intermediate Oncotype DX-risk patients (61.3%
of all Oncotype DX patients) would be reclassified as either low- or
high-risk by our AI test. 423 out of 526 (80.4%) intermediate Onco-
type DX-risk patients would be classified as low-risk patients, and 103
of 526 (19.6%) as high-risk patients using the AI test. The outcomes for
high/low risk patients are illustrated in Fig. 2c.Within this intermediate
Oncotype DX-risk group, the continuous AI test score was significantly
associated with recurrence (HR: 3.45 [1.85–6.42, p < 0.001]) in the
Karmanos, Basel, and UChicago cohorts after adjusting for the dataset
(see Table SI.2).

Finally, we demonstrate that the AI test provides prognostic value
independent from Oncotype DX, as well as from other common clin-
ical indicators. To do this, we incorporated the AI test score into a
multivariate Cox proportional hazardsmodel along with Oncotype DX
score, Nottingham cancer grade, dataset, and race (see Section 4 for
more details). After including all these factors, the AI test has an
adjusted HR of 2.95 [1.82–4.79, p < 0.001]. In comparison, Oncotype
DX has an adjusted HR of 1.43 [0.91–2.27, p = 0.12], which is not sta-
tistically significant. These results demonstrate that the AI test pro-
vides significant independent prognostic value beyond Oncotype DX,
after adjustment for established clinical indicators. Race groups or
grade were not significant. Key findings are presented in Fig. 2d. The
full results are in Table SI.3 in Section SI.5. To further demonstrate that
the AI test is not solely dependent on clinical covariates, we performed
amultivariate analysis with the clinical and pathology scoreswithin the
AI test. As shown in Fig. 2e and Table SI.4, both the clinical and
pathology scores are significantly associated with DFI, and the
pathology score is significant after adjusting for the clinical score.
Additional analyses demonstrate that the pathology score is sig-
nificantly associated with DFI after further adjusting for Oncotype DX
(see Table SI.5). In a separate analysis, we further verified that the
pathology score is significant after adjusting for Oncotype DX and
the clinical variables used by our model (see Table SI.6). Additionally,
the multivariate Cox models with pathology score demonstrates a
significantly better fit compared to models without the score
(p < 0.001). These results show that the pathology score adds

prognostic information that is independent of the information in
clinical variables used in our AI test.

AI test performs well in clinically meaningful subgroups
Traditional genomic assays are typically developed for specific patient
subgroups, such as Oncotype DX for HR+ HER2− patients, and cannot
be used in patients with less common molecular, histological, or clin-
ical characteristics. Given that the AI test was developed using data
from non-metastatic breast cancer patients without additional exclu-
sion criteria, we can evaluate its prognostic accuracy in various sub-
groups. This includes patientswith varying age andmenopausal status,
nodal status, tumor size, estrogen and HER2 receptor status, race, and
administered adjuvant therapy (Fig. 3). Furthermore, our analysis
indicates that the AI test score is associatedwith known clinical factors
that influence cancer prognosis, including higher scores in ER− and PR
− patients, as well as patients with more advanced staging (both N and
T) (Fig. 4).

Currently, there is no prognostic/predictive tool supported by
NCCN guidelines for use in triple-negative and HER2+ breast cancer
patients31. The AI test reliably predicted DFI in TNBC (n = 230, C-index:
0.71 [0.62–0.81], HR: 3.81 [2.35–6.17, p =0.02]) andHER2+ patients (n =
343, C-index: 0.67 [0.55–0.80], HR: 2.22 [0.99–5.01, p = 0.05]) (Sec-
tion SI.7, Figs. SI.3 and SI.4).

NCCN guidelines also do not currently recommend any tests for
the selection of adjuvant systemic therapy in most premenopausal HR
+ patients (intermediate-risk node-negative and low- or intermediate-
risk 1-3 LN+). The AI test reliably predicted DFI in HR+ premenopausal
patients (if the menopausal status is unknown, we consider patients
younger than 50 years as premenopausal), with a C-index of 0.66
[0.58–0.73] and an HR of 2.87 [1.81–4.55, p = 0.003] (n = 677).

Furthermore, genomic assays have been reported to perform
poorly in Black patients32,33. As shown in Fig. 3, the AI test reliably
predicted DFI in Black patients (n = 299), with a C-index of 0.72
[0.65–0.79] and an HR 4.24 [3.27–5.50, p = 0.002]. Among White
patients (n = 2461), the AI test achieved a C-index of 0.73 [0.69–0.79]
and an HR of 3.44 [2.18–5.42, p = 0.003].

Some prognostic genomic assays, including Oncotype DX, have
also been shown to be predictive of adjuvant chemotherapy
benefit28,34 in HR+ patients. In this study, we evaluate only the prog-
nostic ability of the AI test. As a feasibility analysis, we examine
prognostic performance in several HR+ HER2− subgroups at distinct
treatment decision points. Although capturing “residual” high-risk in
these subgroups does not demonstrate predictive utility, which
remains to be established, this analysis provides a foundation for
future research.

Specifically, we found the AI test to be prognostic in HR+
HER2− patients who received either adjuvant endocrine therapy (ET)
alone (n = 1171, C-index: 0.68 [0.61–0.76], HR: 5.01 [1.61–15.58, p =
0.03]) or adjuvant chemoendocrine therapy (n = 469, C-index: 0.70
[0.60–0.80], HR: 4.10 [2.09–8.02, p = 0.007]). Finally, the AI test was
prognostic for late recurrence inHR+HER2−patients (n = 1158, C-index
0.79 [0.71–0.86], HR 8.45 [3.11–22.93, p < 0.001]).

We completed a few exploratory analyses, in which we defined
high- and low-risk groups using the 80th percentile cutoff from our
largest training dataset (NYU). For analyses within HR+ HER2– and the
triple-negative breast cancer (TNBC) subgroups, we applied the 80th
percentile cutoff from the corresponding subpopulation. We selected
this threshold as it yielded statistically significant hazard ratios in our
training set. Additionally, this threshold balanced the distribution of
high- and low-risk groups across all subgroups, consistently demon-
strating worse outcomes for high-risk patients compared to low-risk
patients. As demonstrated in Fig. 5, when we apply this cutoff to the
Providence cohort, we see a significant difference in outcomes
between the low- and high-risk groups. We selected the Providence
cohort for this analysis as it contains the most patients and the largest
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number of observed events among the test cohorts. We acknowledge
that the specific cutoff at the 80th percentile is preliminary and we
anticipate to optimize it in future publications.

Discussion
In this study, we present a prognostic multi-modal AI test for invasive
breast cancer. The overall performance of our test is robust across
breast cancer patients. We also compared the AI test to Oncotype DX
in three cohorts where the Oncotype DX score is available. The test
achieved numerically higher performance metrics than Oncotype DX
in two cohorts, Karmanos and Basel, and performed as well as Onco-
type DX in one additional cohort, UChicago. Although the confidence
intervals for the C-index estimates overlap, this should not be inter-
preted as evidence of equivalence. The C-index is known to have low
statistical power, and prior methodological work has shown that the
C-index often understates incremental improvements that are clini-
cally significant35. We also acknowledge that not all evaluation datasets
containedOncotypeDX scores. This is potentially causing a bias in this
comparison.

The presented test is one of the few prognostic tools that can
predict long-term outcomes of triple-negative and HER2+ breast can-
cer patients. This capability, combined with strong performance
regardless of nodal status and patient age, supports the viability of the
AI test as a single tool to inform treatment decisions in all breast cancer
patients.

The proposed AI test is designed to predict cancer recurrence
risk, similar to genomic assays such as Oncotype DX andMammaPrint.
However, just like these assays, it is not explicitly trained to model
treatment effects. We hypothesize that when validated using rando-
mized prospective data, our prognostic test will show predictive cap-
abilities in the same manner that the genomic assays do. That is, high-
risk patientswill benefit frommore aggressive treatment options (such
as adjuvant chemotherapy), while low-risk patients will have no ben-
efit. While this study uses observational data and did not evaluate the
test’s predictive capabilities (i.e., its ability to determine whether a
patient is likely to benefit from a specific treatment), we present sev-
eral potential clinical implications of using such a test in a clinical
setting.

The AI test has the potential to refine clinical decision-making in
several key areas. In HR+ patients who are candidates for adjuvant
chemotherapy, the AI test demonstrated numerically greater accuracy
in predicting recurrence than Oncotype DX. This can potentially
improve the selection of patients whomaybenefit fromchemotherapy
in addition to endocrine therapy. In a multivariate analysis, the AI test
was shown to add independent prognostic informationwith respect to
Oncotype DX and cancer grade, suggesting it captures information
that is strongly associated with outcomes and independent of these
factors. Although these findings are based solely on prognostic asso-
ciations and do not yet confirm predictive value for treatment benefit,
strong risk stratification alone might provide an additional data point
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Fig. 2 | The AI test showed improved prognostic accuracy compared with
a standard-of-care genomic assay for predicting cancer recurrence. Oncotype
DX, a standard-of-care 21-gene assay, classifies patients into low-, intermediate-,
and high-risk groups. The AI test demonstrated statistically significant discrimina-
tion between high- and low-risk patients without the need to introduce an
intermediate-risk group, thereby enhancing clarity in decision-making. We analyze
the differences in classification and patient outcomes between the two tests using
data from the Karmanos, Basel, and UChicago cohorts. While the Oncotype DX
score has also been shown to be associated with chemotherapy benefit in pro-
spective studies, that evidence was based on a prognostic test, making similar
predictions to the test presented in this paper. Although this study does not eval-
uate the ability of our test to predict treatment response directly, the strength of
the prognostic signal suggests potential for informing treatment decisions.
a Comparison of prognostic ability between Oncotype DX and the AI test in uni-
variate models (n = 858 patients). We compare the hazard ratio for every 0.2
increase in our score, compared to a 20-point increase for Oncotype DX. Error bars

represent 95% confidence intervals. b A scatter plot illustrating risk scores for
Oncotype DX-tested patients. Each point represents one patient. The majority of
patients with intermediate Oncotype DX scores were reclassified into the low-risk
group by the AI test. c For intermediate-risk Oncotype DX patients (n = 526
patients), the AI test was able to accurately distinguish between low- and high-risk
patients (HR = 2.84, 95% CI = 1.47–5.47, p = 0.002). Hazard ratios were estimated
using a Cox proportional hazards model and p-values were computed using a two-
sided Wald test. d Hazard ratios associated with common clinical variables in a
multivariate Cox analysis, with and without including the AI test (n = 858 patients).
The AI test is significantly associated with DFI after adjusting for Oncotype DX
score, grade (based on the Nottingham grading system, categorized from 1 to 3),
and race in a multivariate Cox regression model. Error bars represent 95% con-
fidence intervals. e Comparing the AI test’s modalities in a multivariate Cox model
(n = 858 patients) shows that the pathology score was more informative than the
clinical score within the Oncotype DX cohort (see Table SI.4). Error bars represent
95% confidence intervals.
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in therapy escalation or de-escalation decisions. Importantly, the AI
testwasprognostic in premenopausalHR+patients, expandingpatient
groupswho could be evaluated for recurrence risk.We further showed
that the AI test is prognostic in HR+ patients who received adjuvant
chemoendocrine therapy, and identifies patients with high “residual”
recurrence risk. Identifying patients who are still at high risk of
recurrence despite chemoendocrine therapy treatment is important in
evaluating potential alternative treatment options, such as adjuvant
CDK4/6 inhibitors. Finally, the AI test can identify patients with high
late recurrence risk, which might be informative when identifying
patients who should be considered for extended endocrine therapy.

Besides HR+ patients, the test was prognostic in triple-negative
andHER2+ patients, forwhich there are no NCCN guideline-supported
tests for treatment selection. Current standard of care treatment in
triple-negative breast cancer involves intense immunochemotherapy
(KEYNOTE-522 regimen36,37). There are multiple ongoing clinical trials
working on treatment de-escalation through avoiding adjuvant pem-
brolizumab in patients with pathological complete response (Opti-
mICE-pCR38,39) or using shorter, anthracycline-free neoadjuvant
chemotherapy regimen in patients with immune-enriched TNBC
(NeoTRACT)40.

Our test stands apart from existing genomic tests as it leverages
pathology data and employs self-supervised learning. The previous
generation of feature extractors for digital pathology relied on pre-
specified “pathomic” features19. The self-supervised learning paradigm
does not require any pre-specification of features; rather, it enables the
model to learn the most salient features. Spratt et al. successfully
applied this technique to prostate cancer, with their model validated

through several randomized clinical trials41,42. Similarly, Garberis et al.
developed an AI test for breast cancer using contrastive learning,
yielding strong results17, though their study was limited to a single ER+
HER2− cohort. Volinsky-Fremond et al. extended the use of self-
supervised deep learning to endometrial tumor slides, outperforming
conventional combined pathological and molecular analyses and
demonstrating predictive utility for chemotherapy benefit in the
PORTEC-3 trial43. Our test is developed using Kestrel, an AI foundation
model for digital pathology trained using self-supervised learning to
extract morphological features from digitized pathology slides. As
Kestrelwas developedusing apan-cancer dataset, it showedpromising
results for a wide range of tasks across different clinical indications21.

Integration of digital pathology-based tests into clinical workflow
offers several advantages over genomic and other molecular prog-
nostic and predictive tests. First, as there is no need for complex
laboratory equipment and workflows, including sequencing, the
turnaround time can be significantly shorter, potentially allowing for
more timely treatment decisions. The estimated time required for case
accessioning, slide scanning, and inference is less than an hour. Fur-
thermore, both slide scanning and inference can be done for hundreds
of cases at a time, allowing for high-volume processing, and the digi-
tization of slides is becoming a routine pathology workflow. This is
compared to a turnaround time between 10 and 30 days for breast
cancer genomic assays44,45. While not all pathology laboratories have
digital capabilities yet, the slides can be shipped to centralized
laboratories for scanning, which is still faster than molecular proces-
sing of the tissue in the lab, which itself takes over a week per case45.
Second, by utilizing standard H&E-stained slides and not requiring
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Fig. 3 | The AI test performs well in all major clinically relevant groups. Forest
plots display our AI test’s performance across clinical,molecular, and demographic
groups (n = 3502 patients). Next to each group name, we report the number of
disease-free interval events and the total number of patients. Subgroup

performances were pooled across all evaluation cohorts using a random effects
model. For subgroup performance based on histological subtype, we excluded
patients from the Providence cohort because histological subtype data were una-
vailable. Error bars represent 95% confidence intervals.
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specialized wet lab tissue processing, the test is more cost-effective to
run than genomic assays, which will likely translate to significant sav-
ings for patients and for the health system. For example, Medicare has
priced thefirst laboratoryprocedurecodes fordigital pathology-based
tests at $70646, compared to approximately $3800 for genomic
assays47. Third, our test can be performed on core biopsy slides, which
allows for earlier risk assessment and might inform neoadjuvant
therapy decisions. Finally, this digital approach preserves valuable
tumor samples, which might be needed for deep sequencing in cases
of disease progression.

Naturally, our work is not without limitations. For example, the
histopathology slides used as input might not fully capture the het-
erogeneity of breast cancer. Other sources of data, such as radiological
imaging and gene expression profiles, could provide complementary
information. Additionally, we made several methodological design
choices, such as the use of multiple-source cross-validation, attention-
based MIL, and model ensembling. While the efficacy of these choices
is supported in the literature48–50, comprehensive ablations would be
beneficial to help isolate the effects of each on our final model per-
formance. We leave this to future work.

In summary, this study underscores the potential of a digital
pathology-based AI test in breast cancer prognosis. By delivering
accurate, accessible, and cost-effective risk stratification in diverse
patient populations, the test bridges significant gaps in current clinical
workflows. With more rigorous validation through clinical trials, it
could become an essential tool in personalized cancer care.

Methods
Data
The breakdown of patient demographic, molecular, and clinical char-
acteristics of the training and test datasets is described in Table 1. In
total, 3502 patients across five evaluation datasets were included. All
patientswere female, reflecting patient eligibility for this test. Racewas
self-reported, with the majority of patients identifying as White

(70.27%). TCGA, METABRIC, and BASIS are publicly available datasets.
The remaining datasets are private, and ethical approvals were pro-
vided as required by contributing institutions. This study was con-
ducted in accordance with the ethical principles of the Declaration of
Helsinki and applicable regulatory requirements, including ICH-GCP,
relevant US/Canadian human research protection regulations, and
TCPS2, as applicable. Informedconsentwaswaiveddue tominimal risk
to subjects, retrospective data collection, and use of only de-
identified data.

Task and evaluation
Our primary task was to accurately predict the risk of cancer-related
events. To accomplish this, we trained time-to-event models using
clinical variables and digital pathology slides. For both modalities, we
trained several models and ensembled their predictions, as detailed in
Section 3.3.1. We then created a multi-modal model by averaging the
predictions of the two ensembles. We trained and evaluated the
models using the endpoint definitions in Table SI.1.

Hyperparameter selection. In all instances, we selected the hyper-
parameters of the models through random search51, using the training
data, the evaluation cohorts were not used in this process. Unless
otherwise explicitly stated we maximized the C-index.

In the hyperparameter search, the performance of pathology
models was estimated using modified multiple-source cross-
validation48. That is, we had two collections of datasets
DT = fD1,D2, . . . ,DJg and DV = fDJ + 1,DJ + 2, . . . ,DJ +K g, where each D in
DT and inDV denotes a separate cohort. Datasets inDT were reserved
only for training, whileDV could be used for training or validation. For
a given hyperparameter setting, we trained K models, m1, m2, …, mK.
The training set for the kth model was DT

k =DT ∪DVnDJ + k , and the
validation set was DJ + k 2 DV . The performances on the validation sets
were averaged, weighted by the number of comparisons ck used in the
calculation of the validation C-index using the dataset DJ+k. This
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procedure was used for performance estimation and hyperparameter
selection as formalized in Algorithm 1. To limit the variance in hyper-
parameter selection, for each set of hyperparameters, we trained and
evaluated several models with different random seeds and averaged
the validation performances.

Algorithm 1. Multiple-source cross-validation for pathology models
for n = 1 to N do

Sample hyperparameters θn
for k = 1 to K do

Train a model mθn
k using data DT ∪DVnDJ + k .

Evaluate the model mθn
k using DJ+k to obtain the validation

performance vθnk .
end for

The overall validation score of hyperparameters θn
is vθn = 1

K

PK
k = 1ckv

θn
k .

The model obtained for θn is mθn = 1
K

PK
k = 1m

θn
k .

end for
Select the top L= 10hyperparameters,θ�

1 , . . . ,θ
�
L, yielding thebest

overall validation scores.
Ensemble models trained with the top L = 10 hyperpara-
meters: m= 1

L

PL
l = 1m

θ�l .
In our implementation, when training the pathology models, we

set

DT = fKorea,Gundersen, Lithuania, BCN,Malaysia,METABRIC, BASISg
and DV = fNYU,Omica,Walesg.

As clinical models use much lower dimensional input than
pathology models and their performance exhibits less variance, we
adopted a simpler modified multi-source cross-validation procedure.
We divided the data into K splits, that is, DC = fDC

1 ,D
C
2 , . . . ,D

C
K g. These

splits are designed such that each fold contains data from distinct
sources, preserving the multi-source structure. For each iteration, we
trained the models using DCnDC

k and selected the hyperparameters
that perform the best for this split based on validation performance on
DC
k . This procedure was used for performance evaluation and hyper-

parameter selection as formalized in Algorithm 2.

Algorithm 2. Multiple-source cross-validation for clinical models
for k = 1 to K do

for n = 1 to N do
Sample hyperparameters θn and train a model mθn

k using
data DCnDC

k .
end for
Select the top L = 10 hyperparameters, θ�1 , . . . ,θ

�
L, yielding the

best overall validation scores vθ
�
1 , . . . , vθ

�
L for split DC

k .
The model obtained for split k is mk =

PL
l = 1m

θ�l .
end for
Obtain final model m= 1

K

PK
k = 1m

k .
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Fig. 5 | The AI test is prognostic in clinically meaningful subgroups. All plots in
this figure are for the Providence cohort (the largest evaluation cohort, n = 1792
patients). Kaplan-Meier analyses reveal that the AI model effectively stratifies
patients by recurrence risk within four distinct clinical subgroups. a Risk stratifi-
cation in the triple-negative breast cancer (TNBC) subgroup (n = 128 patients)
approaches statistical significance (p = 0.05). b The AI test stratifies HR+ HER2–

patients treated with adjuvant endocrine therapy alone (n = 849 patients,
p < 0.001). cRecurrence risk ofHR+HER2–patients treatedwithwith adjuvant ET+
chemotherapy (n = 236 patients) is stratified using the AI test (p = 0.02). d Risk
stratification of late recurrence in HR+ patients (n = 583 patients) with the AI test is
significant (p < 0.001). Hazard ratios were estimated from Cox proportional
hazards models, and p-values were computed using a two-sided Wald test.
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In our implementation, when training the clinical models,
we trained using three splits DC = fDC

1 ,D
C
2 ,D

C
3 g. We set DC

1 =NYU,
DC
2 =METABRIC, and DC

3 =
SfKorea, Gundersen, Lithuania, BCN,

Malaysia, BASIS,Walesg. The Omica dataset was excluded from the
development of the clinical model due to incomplete clinical data.

Models used to build the AI test
Our AI test makes predictions using both clinical variables and digital
pathology images. Internally, it is composed of many models whose
predictions are ensembled in two rounds. First, the models are
ensembled within their data modality. Then, the ensemble of clinical
models is combined with the ensemble of digital pathology models.
The intuition behind ensembling lies in the idea that different models
make errors that are not perfectly correlated. Ensembling several
models cancels out some of these errors, adding accuracy and
robustness to predictions. An additional advantage of ensembling at
the level of modalities is that for every test example, it is easy to
interpret the contribution of the clinical data and the digital pathology
data to the final prediction. The process of generating predictions
from the AI test is illustrated in Fig. 6.

Creating model ensembles. Ensembling models has become com-
monplace in machine learning. By averaging predictions, ensembling
enables lower variance, more stable estimates, and improved robust-
ness to label noise50.

We ensembled the clinical models in two steps. First, the output
risk scores from all clinical models were scaled approximately to the
interval [0, 1]. That is, for eachmodelm and its outputsby, we found the
maximum over the entire validation set, ymax =maxifbyig, and the
minimum over the entire validation set, ymin =minifbyig. For the test
examples, the normalized raw prediction y� from any model was
computed as y= y��ymin

ymax�ymin
. Using multiple-source cross validation for

clinical models (see Algorithm 2), for each of the K partitions in cross-
validation we select the top L = 10 hyperparameters, therefore
selecting total of K ⋅ L models. For any test example, the aggregated
clinical prediction, yc, was computed as the average of the scaled
predictions from all K ⋅ L models.

For pathology models, as the predictions were already in the
interval [0, 1], we did not apply any normalization. Using multiple-
source cross validation for pathology models (see Algorithm 1), we
selected the top L = 10 sets of hyperparameters that resulted in the
best performance across all K cross validation splits, providing us with
L ⋅ K models. We generated the final pathology model by averaging
these L ⋅ K models across different combinations of pooling method
(mean, max, or multiple instance learning), training loss function (Cox
or discrete-time), and feature extractor to form the final ensemble.

Finally, the clinical score and the pathology score were averaged
using equal weights, y= 1

2 ðyc + ypÞ, reflecting the absence of a strong a
priori belief that either score would be more informative than
the other.

Digital pathology models
Unlike many prior approaches 19,52,53, we did not use any hand-crafted
pathomic features to build the pathologymodels. Instead,weobtained
learned morphological features from Kestrel, our purpose-built foun-
dation model trained on a pan-cancer dataset. These features were
used to train time-to-event models. Below we present our model in
greater detail.

Kestrel’s architecture. Kestrel is a ViT-L which contains 303 million
parameters. An overview of the vision transformer architecture is
provided in Fig. 7.

Preprocessing histopathology slides. Digital pathology slides are
extremely high resolution, often exceeding 1 billion pixels per image.

Additionally, large regions of these images are empty. Therefore, to
extract onlymeaningful tissue, we usedOtsu’smethod 54 to distinguish
background from foreground. Subsequently, we patchify the fore-
ground into non-overlapping 256 × 256 patches at 20 × magnification
(0.5 microns per pixel). Thus, each slide is reduced to a set of patches.
There are typically between 8000 to 16,000 patches per slide.

Training Kestrel. Kestrel21 was trained using a self-supervised learning
method DINOv213 on 400 million patches extracted from 45,000 his-
topathology slides. An overview of DINOv2 is provided in Fig. 8. We
tuned the hyperparameters for training Kestrel by evaluating trained
models on a suite of 16 benchmarks. These benchmarks come mostly
from public challenges and are designed to test a model’s ability to
learn to recognize different characteristics of the tumor micro-
environment, for example, tumor cellularity and histology. This has
enabled us to train models that excel at generating meaningful fea-
tures from tissue patches. An analysis of the representations produced
by Kestrel can be found in Fig. SI.7B.

Extracting digital pathology features. Slides were preprocessed to
extract only foreground patches. These foreground patches were
passed through our foundation model to obtain patch-level
embeddings. These patch-level embeddings are used as inputs to
time-to-event models. During the training of time-to-event models,
the gradient was not backpropagated through the founda-
tion model.

Our model’s predictions were generated using H&E-stained slides
from the same tissue block that was previously used for Oncotype DX
testing. For an overwhelming majority of cases (approximately 93% of
the patients across all evaluation cohorts), we used only a single slide.

ER PRT1 N2

Clinical variables

Pathology
patch 
embedding
features

CatBoost with
AFT loss 

gated MIL with 
discrete time 
loss 

Cox loss with 
parameterless 
pooling  

Model Selection:
select the 
top 10 sets of 
hyperparameter
using training data.

Ensemble
Predictions from
these models are
combined.

pathology score clinical score

min-max 
normalization

Multimodal score

top 10 top 10
top 10

Patient

Fig. 6 | The process of generating predictions in theAI test.Two types ofmodels
were trained with pathology data: Cox proportional hazards models with para-
meterless pooling and discrete time models with gated attention MIL. Clinical
variables were used in CatBoost models with an AFT loss. The models trained with
the top 10 hyperparameter sets from each pipeline were ensembled. Then, the two
pathology ensembles were ensembled, and finally the pathology ensemble was
ensembledwith the clinical ensemble to produce the finalmultimodal AI test score.
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For the remaining minority of cases for which we had more than one
slide, we averaged the predictions across slides.

Training the digital pathology models. We trained two types of
models using features extracted by Kestrel as input: Cox proportional
hazard models and discrete-time models.

Cox proportional hazardmodel. Consider amodel,m, parameterized
by β, with the training dataset DT and the validation dataset DV. The
training loss for this model is computed as

L= ð1� αÞLCox +αRðβÞ, ð1Þ

where LCox is the negative log of the partial likelihood computed for
the training data, R is a regularizer, and α is a hyperparameter con-
trolling the relative weight of LCox and R.

Specifically, the training loss LCox is computed as

LCox =
1

jDT j
X
i2DT

δi log
X
j2Si

exp½ gðxjÞ � gðxiÞ�
0@ 1A, ð2Þ

where xi represents image features for a whole slide image, g is a
neural network transforming xi, δi indicates whether the patient
experienced an event, and Si represents the risk set (the individuals
that have not yet experienced an event at time ti).

The regularizer R is computed as

RðβÞ= ð1� γÞ
2

jjβjj22 + γjjβjj1, ð3Þ

where γ is a hyperparameter controlling the relative weight of the L1
and L2 regularization terms. The entire training loss is optimized with
Adam55, a variant of stochastic gradient descent.

Discrete-time model. We divide times from t0 to tJ into J contiguous
time intervals (t0, t1], (t1, t2], . . . , (tJ−1, tJ], where t0 = 0 and tJ = ∞.

For subject i with covariates xi (here, features extracted from a
whole slide image), the hazard in interval Aj = (tj−1, tj] is computed as

λijðxiÞ= PrðTi 2 Aj jTi > tj�1, xiÞ, ð4Þ

Multi-head Self-attention

Feed-forward Network

Embedding Layer

[CLS]

Patch embedding

Token embeddings

Fig. 7 | Overview of the vision transformer (ViT) architecture applied to digital
pathology. Images are first broken into a grid of sub-patches, or “tokens''. These
tokens, along with a CLS token which serves to aggregate features across sub-
patches, are vectorized via an embedding layer. These vectors then progress
through a sequenceof blockswhich consist ofmulti-headed self-attention followed
by a feed-forward network. The ViT output consists of token embeddings and an

aggregate patch embedding. The patch embedding is the primary output used
downstream, and both the patch and token embeddings are used for self-
supervised learning. On the left, we display attention masks between the CLS
embedding and token embeddings extracted from the final block. These masks
provide insight into the types of features the vision transformer is using to create
the patch embeddings.
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and survival probability is computed as

SiðtjxiÞ= PrðTi > tjxiÞ=
Y
j:tj ≤ t

ð1� λijðxiÞÞ: ð5Þ

We introduce an indicator dij =1½Ti 2 Aij �=1½tj�1 <Ti ≤ tj �, which
for censored subjects is given by ðdi1, . . . ,diji

Þ= ð0, . . . , 0Þ and for
subjects that experience the event is given by
ðdi1, . . . ,diji

Þ= ð0, . . . , 0, 1Þ. The likelihood can then be defined as

LDT =
Yn
i= 1

λiji ðxiÞ
diji

Yji�1

j = 1

ð1� λijðxiÞÞ1�dij , ð6Þ

and the log-likelihood is

logLDT =
Xn
i = 1

diji
log λiji ðxiÞ+

Xji
j = 1

ð1� dijÞ logð1� λijðxiÞÞ
" #

: ð7Þ

Then, we canmodel the score in the j th time interval using a neural
network as ϕj(xi). To put the hazard in the [0, 1] interval, we set

λijðxiÞ=
1

1 + exp½�ϕjðxiÞ�
: ð8Þ

We can estimate ϕj(xi) by minimizing the negative log-likelihood.
Regularization is added to LDT in the same way it is added to LCox

described in the previous section.

Aggregation of patch embeddings. In order to train time-to-event
neural networks with Cox or discrete-time losses, it is necessary to
aggregate patch embeddings into a single vector representation that
can be passed into a standard feed-forward neural network. We used
two strategies to do this: parameterless pooling and attention-
weighted multiple instance learning (MIL) pooling.

Parameterless pooling. It has been shown that simple forms of
pooling, such as mean- and max-pooling, perform well on digital
pathology tasks where aggregation is needed. Thus, one set of the
trained time-to-event models in our pathology ensemble consists of

networks trained on mean- or max-pooled patch embeddings with a
Cox loss.

Attention-weighted MIL. It has been shown that simple attention-
based networks, such as gated attention56, are also effective ways of
aggregating patch embeddings in digital pathology49. Thus, we trained
a complementary set of time-to-event models using a gated attention
network with a discrete-time loss. In particular, for a single slide, the
MIL network combines K patch embeddings ½h1, :::,hK � 2 RK ×D into a
single embedding z 2 RD according to

z=
XK
k = 1

akhk, ð9Þ

where

ak =
expfw>ðtanhðVh>

k Þ � sigm ðUh>
k ÞÞgPK

j = 1 expfw>ðtanhðVh>
j Þ � sigm ðUh>

j ÞÞg
, ð10Þ

and w 2 RL× 1, V 2 RL×D, and U 2 RL×D are learnable para-
meters, ⊙ denotes element-wise multiplication, and sigm( ⋅ ) is the
sigmoid function. A visualization of regions assigned close attention
weight can be found in Section SI.10 in Fig. SI.7A.

Clinical models
For building a model for clinical variables, we utilized CatBoost57, a
gradient boosting decision tree ensemble. Its primary advantage over
other possiblemodels for this application, e.g., neural networks, is how
it handles categorical variables, which are inevitable in clinical data.
Here, CatBoost is specifically trained with the AFT (accelerated failure
time) loss58. We utilized AFT models with three possible distributions
(selected in hyperparameter search): normal, logistic, and
extreme value.

We used eight routinely collected variables (see Table 2) that
characterize breast cancer and are typically used to guide treatment
decisions. For instance, ER and PR statuses help determine tumor
hormone receptor sensitivity, which is critical for hormone-based
therapies. HER2 status is important for targeted therapies such as
trastuzumab, which is effective in HER2+ cancers.

Student Network

Teacher Network

[CLS]

[CLS]Token embeddings

Token embeddings

DINOiBOT

Exponential
Moving
Average

Reconstruction Cross-entropy

Fig. 8 | Overview of the self-supervised learning method DINOv2 applied to
digital pathology. First, several larger (global) and smaller (local) crops are sam-
pled from an image and transformed with image augmentations such as blurring,
rotation, scaling, and stain color jitter 62. Global and local crops are passed through
the student network, while only global crops are passed through the teacher net-
work. For the DINO loss component, cross-entropy is computed between the

student’s CLS token outputs and the teacher’s CLS token outputs. For the iBOT loss
component, input tokens are randomly masked before passing global crops
through the student network, and a reconstruction loss is computed between the
corresponding student network token embeddings and the corresponding teacher
network token embeddings.
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Statistics and reproducibility
Performance metrics. The two primary metrics we use are the con-
cordance index (C-index) andhazard ratio (HR). Apart fromcomputing
these metrics on each individual dataset, we use a random effects
model to obtain pooled metrics which summarize performance over
multiple datasets, as explained in Section SI.3. In the following para-
graphs, we justify the use of these metrics in our application.

C-index. The C-index measures how well the predicted risk ranking of
patients aligns with the actual order in which they experienced events
or are censored59. A C-index of 1.0 indicates that patients are perfectly
ordered according to predicted risk,whereas a C-index of0.5 indicates
that the model’s ordering is no better than random. The advantage of
the C-index is that it is easy to interpret, as it is analogous to AUROC in
how it is computed, while accommodating censoring. A detailed
explanation of how the C-index is computed is in Section SI.1.

Hazard ratio of a dichotomized score. For a dichotomized score,
patients are stratified into two categories: high-risk and low-risk. The
hazard ratio is computed using a Cox proportional hazard model with
the dichotomized score as the only covariate, with the low-risk group
as the reference. The p-values are computed using the Wald test.

Hazard ratio of a continuous score. For a continuous score, the
hazard ratio represents the relative increase or decrease in the hazard
of the event associated with a one-unit increase in that score. In our
analysis, we compare a 0.2 unit increase in our AI test (which ranges
from 0 to 1) to a 20 unit increase in the Oncotype DX score (which
ranges from0 to 100). A detailed explanation of how thehazard ratio is
computed is in Section SI.2. When available, it is often preferable to
report hazard ratios for continuous scores, as dichotomization dis-
cards substantial information and decreases the power to detect
relationships between the score and patient outcome60.

Multivariate Cox proportional hazards model. To assess the simul-
taneous impact of multiple variables on the outcome, we fit a multi-
variate Cox proportional hazards model with all variables of interest.
For categorical variables in this analysis, we assign a binary indicator to
all categories except one, which serves as a reference. This analysis
allows us to compute the hazard ratio associated with specific cov-
ariates, for example, risk scores, after adjusting for additional factors.
For instance,multivariate Cox analysis allows us to estimate the hazard
ratio after adjusting for the varying patient outcome distributions in
different datasets. We have a separate indicator variable for each
dataset other than Basel, which is used as the reference group. All
multivariate Cox analyses performed in this paper adjusted for the
differences between the datasets involved.

In order to evaluate the effect of adding new covariates to an
existing Cox model, we use the likelihood ratio test (LRT). LRT is
used to compare the goodness of fit between two Cox models,

where the covariates of one model is a subset of the covariates of
the other.

Recurrence rate as a function of the AI test score. To assess how the
AI test score corresponds to patient recurrence, we divided patients
based on their AI test scores into groups using quartiles.We then used
the Kaplan-Meier estimator to compute 10-year recurrence rates (with
confidence intervals) across these groups of patients. The aim was to
compare the average score within each group to the estimated
recurrence rate within that group. This approach helped us evaluate
how well the AI test score corresponded to the observed risk of
recurrence, providing a clear way to assess whether higher test scores
consistently correspond to higher recurrence rates. The results are
illustrated in Fig. 1e.

Study design and statistical analysis. This was an observational, non-
randomized retrospective study. The investigators were not blinded
during experiments or data analysis. Sample sizes were determined by
cohort availability and predefined data splits, and no statisticalmethod
was used to predetermine sample size. Subgroup analyses were pre-
specifiedbasedonclinical relevance. All statistical testswere two-sided.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
TCGA-BRCA data can be accessed from The Cancer Imaging Archive
under doi:10.7937/K9/TCIA.2016.AB2NAZRP. The BASIS dataset canbe
requested from the Wellcome Sanger Institute and was accessed from
the European Genome-Phenome Archive (EGA) under accession
number EGAS00001001178. The METABRIC dataset can be requested
from the METABRIC Committee and was accessed from EGA under
accession number EGAD00010000270. The Providence dataset can
be accessed fromNightingale via doi:/10.48815/N5159B. The remaining
datasets were obtained from third-party collaborators and are subject
to institutional, ethical, and data governance restrictions. These data-
sets are not publicly available, and the authors do not have the
authority to grant access. Researchers seeking access to these data
should contact the respective data-owning institutions. Access
requests will be subject to the policies, approvals, and data use
agreements of those institutions, including compliance with applic-
able privacy and ethical regulations. Researchers may contact the
corresponding author for general guidance on the appropriate insti-
tutional points of contact. Source data are provided with this paper.

Code availability
The full codebaseunderlying theAImodel is proprietary and cannot be
publicly released. The model and selected components of the code
may be made available to academic researchers for non-commercial
research purposes, subject to institutional approval and execution of
appropriate data use and/or material transfer agreements. Requests
will be evaluated on a case-by-case basis to ensure compliance with
data privacy, intellectual property, and commercial considerations. To
facilitate reproducibility, we provide detailed methodological
descriptions in the Methods section, including model architectures,
training procedures, and hyperparameter selection strategies, and we
reference all open-source libraries and frameworks used in the
implementation. In addition, the code used to generate the main fig-
ures and aggregate results presented in this study can be made avail-
able upon reasonable request. DINOv2 model architecture for self-
supervised training (https://github.com/facebookresearch/dinov2).
PyTorch library for training and inference (https://github.com/
pytorch/pytorch). For preprocessing whole slide images: OpenSlide
(https://openslide.org), wsidicom (https://github.com/imi-bigpicture/

Table 2 | Possible values for the clinical variables used as
inputs for our clinical model

Clinical variable Possible values

Patient age [0, 100]

Estrogen receptor (ER) status positive, negative, unknown

Progesterone receptor (PR) status positive, negative, unknown

HER2 biomarker status positive, negative, equivocal, unknown

T stage (tumor size/extent) T1mi, T1a, T1b, T1c, T2, T3, T4, TX,
unknown

N stage (nodal involvement) N0, N1, N2, N3, NX, unknown

Has IDC component yes, no, unknown

Has ILC component yes, no, unknown
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wsidicom). For training and models for survival analysis: CatBoost
(https://github.com/catboost/catboost), PyCox (https://github.com/
havakv/pycox), Scikit-learn (https://github.com/scikit-learn/scikit-
learn), Torch Tuples (https://github.com/havakv/torchtuples). For
result analysis: NumPy (https://github.com/numpy/numpy),
Metagen (https://cran.r-project.org/web/packages/meta/meta.pdf),
Lifelines (https://github.com/CamDavidsonPilon/lifelines), Con-
cordance (https://cran.r-project.org/web/packages/survival/vignettes/
concordance.pdf), timeROC (https://cran.r-project.org/web/
packages/timeROC/index.html), dcurves (https://pypi.org/project/
dcurves/). For visualizations: Seaborn (https://github.com/mwaskom/
seaborn), Matplotlib (https://github.com/matplotlib/matplotlib).
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