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Abstract
Current genomic assays provide prognostic information and guide chemotherapy decisions in early-
stage hormone receptor–positive/human epidermal growth factor receptor 2–negative (HR+/HER2−)
breast cancer, but limited tissue sampling may incompletely capture tumor heterogeneity. We developed
and validated an image-based artificial intelligence (AI) model integrating dynamic contrast-enhanced
magnetic resonance imaging (DCE-MRI) and clinicopathologic features to predict recurrence risk in
early-stage HR+/HER2 − breast cancer. In this retrospective multi-institutional study, the model was
trained using pre-treatment imaging and clinicopathologic data from 522 patients and independently
validated in 550 additional patients treated between 2010 and 2023. By analyzing spatial tumor
characteristics, the model generated individualized recurrence risk scores that outperformed
clinicopathologic features alone. In the validation cohort, median age was 53 years (range, 24–90),
15.6% of patients self-identified as African American, 89.7% had clinical T1–T2 disease, and 34.4% had
1–3 positive lymph nodes. Five-year recurrence-free survival was 93.8% (95% CI, 90.0–96.2%) among
patients classified as low risk compared with 82.6% (95% CI, 74.8–88.1%) among those classified as
high risk, corresponding to an adjusted hazard ratio of 2.28. Prognostic performance was maintained
across clinically relevant subgroups, including age and nodal status. These findings support the potential
of a noninvasive image-based AI approach for real-time prognostication and treatment personalization in
early-stage HR+/HER2 − breast cancer.

Introduction
Breast cancer is the most common malignancy diagnosed in women worldwide, with the majority of
cases being hormone receptor positive (HR+), human epidermal growth factor receptor 2 negative
(HER2-) and treated with adjuvant endocrine therapy with or without chemotherapy1. Several
commercially available genomic assays exist to assess risk of recurrence and guide decision making for
adjuvant systemic therapy2. For example, the OncotypeDX® (ODX) test, is a 21-gene expression assay
that is commonly used in early-stage HR+/HER2- breast cancer and is both prognostic and predictive of
chemotherapy benefit.

Despite their widespread use, genomic assays require lengthy turnaround time and because they are
generated following microdissection of tumor cells from an unstained tumor slide, they may not fully
capture tumor heterogeneity when performed on a single tissue block or core needle biopsy2. The size,
shape, and location of the tumor relative to surrounding healthy tissues and vasculature and interactions
therewith are all well-known “hallmarks of cancer”3.

Given these limitations, additional biomarkers are needed to individualize therapy. Biophysical models
using detailed MRI information that capture macroscopic tumor heterogeneity including blood flow,
morphology, and the spatial relationship with nearby healthy tissues have been utilized to predict
response to therapy and rate of pathologic complete response in the neoadjuvant setting4–7. Whether
similar approaches can be used to predict recurrence remains unknown.
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In this work, we developed and validated an image-based AI model (hereafter MRI-RS) incorporating
spatial features extracted from pre-treatment dynamic contrast enhanced breast magnetic resonance
imaging (DCE-MRI) along with clinicopathologic characteristics to predict recurrence risk in HR+/HER2-
breast cancer (Fig. 1). This model utilizes readily available data which will allow clinicians to personalize
treatment decision making in real time for women with HR+/HER2- breast cancer.

Methods

Study Population
Patient demographic and pathologic data (hereafter “clinicopathologic data”) and breast DCE-MRI scans
were retrospectively collected and analyzed from five cohorts: I-SPY 2 (a randomized clinical trial8–10),
University of Chicago Hospital (UCH), University of Alabama (UAB), Endeavor Health Cancer Institute
(EHCI), and Duke University (DU). As this is a multi-institution study, this study was performed in
adherence with a program level application approved by the Western Institutional Review Board (no.
1379652) and approval of each individual institutional review board. The requirement for informed
consent was waived by the respective review boards owing to the retrospective nature of the study and
the use of de-identified data. All procedures were conducted in accordance with institutional guidelines
and the Declaration of Helsinki.

Altogether, 1072 eligible patients treated between January 1, 2010, and December 31, 2023, were
included in the study (Table 1). Eligible patients for this study were women between 18 and 90 years old
diagnosed with early-stage HR+/HER2- breast cancer who had undergone pre-operative breast MRI or
pre-treatment MRI if neoadjuvant therapy was administered. Patients with Stage I-IIIA HR+/HER2-
invasive breast cancer, with up to 3 axillary lymph nodes were included. Patients with bilateral disease,
cN2 or higher clinical nodal status, distant metastasis at diagnosis, inflammatory breast cancer, or
recurrent cancer were excluded. DCE-MRIs were required to be acquired with protocols complying with
American College of Radiology (ACR) recommendations11. Patients with MRIs that had severe imaging
artifacts were excluded from the study.
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Table 1
Patient characteristics in the discovery and testing datasets

Age (years) Discovery (Training/Tuning)
Dataset

(N = 522)

Testing Dataset

(N = 550)

P-value

    0.163

Mean (SD) 55.1 (12.7) 54.1 (11.0)  

Median [Min, Max] 54.0 [24.0, 90.0] 53.0 [24.0, 89.0]  

Race     < 0.001

African American 130 (24.9%) 86 (15.6%)  

Caucasian 345 (66.1%) 418 (76.0%)  

Other 47 (9.0%) 46 (8.4%)  

Cancer Subtype     < 0.001

IDC 386 (74.0%) 353 (64.2%)  

ILC 63 (12.1%) 53 (9.6%)  

Other 73 (14.0%) 5 (1.0%)  

Missing 0 (0.0%) 139 (25.3%)  

Clinical T-category     < 0.001

T1 241 (46.2%) 239 (43.5%)  

T2 174 (33.3%) 254 (46.2%)  

T3/T4 61 (11.7%) 55 (10.0%)  

Missing 46 (8.8%) 2 (0.4%)  

Clinical N-category     0.386

N0 332 (63.6%) 360 (65.5%)  

N1 152 (29.1%) 189 (34.4%)  

Missing 38 (7.3%) 1 (0.2%)  

Tumor Grade     < 0.001

I 67 (12.8%) 69 (12.5%)  

* Therapy sequence reports number of patient receiving that therapy in the specified phase rather
than proportions, therefore no statistical test was performed

Page 5/23



Age (years) Discovery (Training/Tuning)
Dataset

(N = 522)

Testing Dataset

(N = 550)

P-value

    0.163

II 248 (47.5%) 164 (29.8%)  

III 156 (29.9%) 304 (55.3%)  

Missing 51 (9.8%) 13 (2.4%)  

Endocrine Therapy     0.305

Yes 465 (89.1%) 507 (92.2%)  

No 0 (0.0%) 29 (5.3%)  

Missing 57 (10.9%) 14 (2.5%)  

Chemotherapy     < 0.001

Yes 464 (88.9%) 309 (56.2%)  

No 2 (0.4%) 241 (43.8%)  

Missing 56 (10.7%) 0 (0.0%)  

Therapy Sequence*     N/A

Neoadjuvant chemotherapy 178 167  

Adjuvant chemotherapy 286 155  

Neoadjuvant endocrine
therapy

0 57  

Adjuvant endocrine 466 481  

Follow-up years     < 0.001

Mean (SD) 6.02 (3.80) 4.68 (2.31)  

Median [Min, Max] 5.26 [0.099, 15.0] 4.28 [0.131,
13.2]

 

Recurrence event     < 0.001

No 431 (82.6%) 509 (92.5%)  

Yes 91 (17.4%) 41 (7.5%)  

* Therapy sequence reports number of patient receiving that therapy in the specified phase rather
than proportions, therefore no statistical test was performed
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Discovery and Testing Datasets
The five cohorts were assigned to either a discovery dataset or an independent testing dataset (Fig. 1C).
Patients from the I-SPY 2 trial and UCH were assigned to the discovery dataset, while the independent
testing dataset comprised patients from EHCI, DU, and UAB. The discovery dataset was used to train the
prognostic model and further subdivided by randomly assigning patients in a 75:25 ratio to training (N = 
391, events = 68) and tuning (N = 131, events = 23) datasets. Once the model was trained, the
independent testing dataset was used to establish an unbiased estimate of the model’s performance (N 
= 550, events = 42).

Study Objective
The primary objective of this study was to develop and validate an image-based AI prognostic risk score
(hereafter MRI-RS) and associated risk category (hereafter MRI-RC). Recurrence-free survival (RFS) was
selected as the study endpoint, defined per STEEP2.012 as the time from breast cancer diagnosis to last
follow-up or one of the following events: ipsilateral breast tumor recurrence, local-regional invasive
recurrence, distant recurrence, invasive contralateral breast cancer, second primary invasive cancer (non-
breast), or death from any cause. Patients without an event were censored at the date of last follow-up.

Model Design
Segmentation Model

Pre-treatment fat suppressed, T1-weighted DCE-MRI scans were acquired as 3D volumes. MRIs were
processed by a FDA cleared, fully automated, AI-powered segmentation tool (TumorSight Viz, version
1.2; SimBioSys, Inc.)13,14 to identify and annotate various tissues in the 3D volume (Fig. 1A). The
resulting 3D segmentation assigned each voxel uniquely as tumor, gland, fat, vascular, skin, chest, or air.
A region of interest (ROI) was delineated from the fully segmented MRI by creating a bounding box
containing the entirety of the voxels segmented as tumor. Radiomics15 and shaped-based features were
derived from the ROI and the overall 3D segmentation.

Feature Selection and Preparation: Feature selection was performed to identify the image-based
characteristics that were most prognostic of breast cancer recurrence (Fig. 1A). Features were first z-
score normalized, then eliminated according to the following procedure: a) features with low variability
were removed, as characterized by those with a low kurtosis measuring parameter (k=(X99%ile -
median)/(median-X1%ile)); b) only one feature was kept when two or more features were highly correlated
(> 0.8 correlation coefficient); c) features were ranked based on their univariate association with RFS in
Cox Proportional Hazard (CPH) models when trained with the top-ranking five to fifteen features.
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To limit biases and facilitate generalizability to novel datasets, the discovery dataset was randomly split
into a training set and a tuning set. A random survival forest (RSF) 16 model was calibrated with the
training dataset and assessed on the tuning dataset. The tuning dataset was used to determine the best
combination of imaging features to use and to select the best model for MRI-RS.

A RSF model trained on clinical variables and the top five image-based features outperformed all the
other models by achieving the highest F1, area under the receive operating characteristic (AUC), and
concordance index for 5-year RFS prediction. The final MRI-RS model was parameterized as follows: the
number of trees in the forest was set to 100, the minimum number of samples required to split an
internal node was set to 10, and the minimum number of samples required to be at a leaf node was set
to five. Clinical features included age, race, grade, T- and N-stage. The top 5 MRI features selected for the
final model included longest dimension of the tumor, shortest axis-aligned tumor length, solidity,
compactness, and vascular density of the surrounding region (Fig. 1B). Solidity reflects the convexity of
the tumor, while compactness measures how closely the tumor mass resembles a sphere.

Development of Prediction Model

The best-performing model trained using the discovery dataset was locked prior to further analysis. An
optimal threshold for the probabilities between high- and low-risk was specified by maximizing the
concordance index from the discovery cohort. Specifically, univariate CPH models were fit with varying
probability thresholds, and the threshold associated with the maximum C-index was selected as the
optimal threshold. Patients predicted to have higher risk than the threshold were labeled as high-risk, and
patients whose predicted risk was equal to or lower were labeled as low risk. Features extracted in the
independent testing dataset were z-score normalized based on corresponding distributions in the
discovery cohort. The locked model was run on the testing dataset to generate risk scores that
approximate the probability of a patient experiencing an event within 5 years. Statistical analyses were
performed on the resulting MRI-RS model.

Statistical Analyses
Prognostic efficacy was assessed by first assigning an MRI-RS to each patient and subsequently using
the pre-specified cutoff to assign patients to either low- or high-risk groups. Kaplan-Meier (KM)
estimators were fit to RFS for each group and hazard ratio (HR) between groups computed. Hazard
ratios were estimated using Cox proportional hazards models, and statistical significance was assessed
using two-sided p-values and 95% confidence intervals (p < 0.05). Additionally, the RFS along with 95%
confidence intervals (CI), were calculated directly from KM estimators at the five-year post-diagnosis
timepoint.

The primary analysis assessed the capability of the MRI-RS to stratify low- and high-risk HR+/HER2-
patients overall. Exploratory analyses in clinically relevant subgroups were also performed, including
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assessing the prognostic capabilities of MRI-RS by lymph node status, age, and by administration of
adjuvant therapy versus neoadjuvant therapy.

The MRI-RS was compared directly to a multivariate CPH model fitted with just clinical factors to
demonstrate the added value of the image-based AI features using a likelihood approach (see
Supplemental Methods: Likelihood). Finally, a propensity score matching technique was used to
estimate the impact of chemotherapy benefit for patients in each MRI-RS category17. (see Supplemental
Methods: Propensity).

Results

Patient Characteristics
The discovery dataset included 522 women with a median age of 54 (range: 24–90). The majority
(66.1%) were Caucasian and 24.9% were African American. The majority had clinical T1 (46.2%) or T2
tumors (33.3%) and 29.1% were clinically node positive (Table 1). Chemotherapy was administered in
88.9% of patients and 89.1% received endocrine therapy. Ninety-one out of 522 patients (17.4%) in the
discovery cohort had recurrence events with a median follow-up time of 6.02 years. Thirty-two percent
(32.1%) of the discovery cohort were predicted to be high-risk and were associated with higher grade,
larger tumors, and nodal involvement.

In the testing dataset of 550 women, patients predicted as high-risk had significantly larger tumors,
nodal involvement, and were more likely to be African American (Table 1, Table 2). In the testing data set,
56.2% received chemotherapy and 92.2% received endocrine therapy. With a median follow up of 4.58
years, 41 (9.3%) out of 550 patients developed recurrence events.
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Table 2
Patient characteristics in the discovery and testing datasets stratified by risk groups

  Training/Tuning Dataset Testing Dataset

Low-risk

(N = 354)

High-risk

(N = 168)

P-
value

Low-risk

(N = 372)

High-risk

(N = 178)

P-value

Age (years)     0.0163     0.0366

Mean (SD) 56.2
(11.4)

53.0 (15.0)   54.4
(9.43)

51.3
(14.4)

 

Median [Min, Max] 54.0 [37.0,
90.0]

52.5 [24.0,
83.0]

  53.0 [36.0,
89.0]

50.6 [24.0,
83.0]

 

Race     0.231     < 0.001

African American 84 (23.7%) 46 (27.4%)   50 (12.9%) 30 (28.0%)  

Caucasian 242
(68.4%)

103
(61.3%)

  306
(78.7%)

70 (65.4%)  

Other 28 (7.9%) 19 (11.3%)   33 (8.5%) 7 (6.5%)  

Cancer Subtype     0.140     0.594

IDC 248
(70.9%)

138
(80.2%)

  238
(64.0%)

115
(64.6%)

 

ILC 46 (13.1%) 17 (9.9%)   37 (9.9%) 16 (9.0%)  

Other 56 (1.06%) 17 (9.9%)   2 (0.5%) 3 (1.7%)  

Missing 0 (0.0%) 0 (0.0%)   95 (25.6%) 44 (24.7%)  

Clinical T-category     < 0.001     < 0.001

T1 201
(56.8%)

40 (23.8%)   207
(53.2%)

18 (16.8%)  

T2 91 (25.7%) 83 (49.4%)   157
(40.4%)

66 (61.7%)  

T3/T4 31 (8.8%) 30 (17.9%)   24 (6.2%) 23 (21.5%)  

Missing 31 (8.8%) 15 (8.9%)   1 (0.3%) 0 (0%)  

Clinical N-category     < 0.001     < 0.001

N0 252
(71.2%)

80 (47.6%)   272
(69.9%)

50 (46.7%)  

* Therapy sequence reports number of patient receiving that therapy in the specified phase rather
than proportions, therefore no statistical test was performed
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  Training/Tuning Dataset Testing Dataset

Low-risk

(N = 354)

High-risk

(N = 168)

P-
value

Low-risk

(N = 372)

High-risk

(N = 178)

P-value

N1 74 (20.9%) 78 (46.4%)   116
(29.8%)

57 (53.3%)  

Missing 28 (7.9%) 10 (6.0%)   1 (0.3%) 0 (0%)  

Grade     < 0.001     0.00321

I 59 (16.7%) 8 (4.8%)   52 (13.4%) 5 (4.7%)  

II 181
(51.1%)

67 (39.9%)   101
(26.0%)

45 (42.1%)  

III 88 (24.9%) 68 (40.5%)   226
(58.1%)

54 (50.5%)  

Missing 26 (7.3%) 25 (14.9%)   10 (2.6%) 3 (2.8%)  

Endocrine Therapy     0.129     0.239

Yes 305
(87.1%)

160
(93.0%)

  345
(92.7%)

162
(91.0%)

 

No 0 (0.0%) 0 (0.0%)   16 (4.3%) 13 (7.3%)  

Missing 45 (12.9%) 12 (7.0%)   11 (3.0%) 3 (1.7%)  

Chemotherapy     0.0185     < 0.001

Yes 306
(87.4%)

158
(91.9%)

  169
(45.4%)

140
(78.7%)

 

No 0 (0.0%) 2 (1.1%)   203
(54.6%)

38 (21.3%)  

Missing 44 (12.6%) 12 (7.0%)   0 (0.0%) 0 (0.0%)  

Therapy Sequence*     N/A     N/A

Neoadjuvant
chemotherapy

81 97   81 86  

Adjuvant
chemotherapy

225 61   95 60  

Neoadjuvant
endocrine therapy

0 0   30 27  

Adjuvant endocrine 306 160   330 151  

* Therapy sequence reports number of patient receiving that therapy in the specified phase rather
than proportions, therefore no statistical test was performed
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  Training/Tuning Dataset Testing Dataset

Low-risk

(N = 354)

High-risk

(N = 168)

P-
value

Low-risk

(N = 372)

High-risk

(N = 178)

P-value

RFS years     < 0.001     0.811

Mean (SD) 6.76
(3.87)

4.47 (3.11)   4.59
(2.13)

4.53
(2.46)

 

Median [Min, Max] 5.99
[0.397,
15.0]

3.30
[0.0985,
14.6]

  4.24
[0.131,
13.0]

4.19
[0.515,
13.0]

 

RFS event     < 0.001     < 0.001

No 332
(93.8%)

99 (58.9%)   369
(94.9%)

87 (81.3%)  

Yes 22 (6.2%) 69 (41.1%)   20 (5.1%) 20 (18.7%)  

* Therapy sequence reports number of patient receiving that therapy in the specified phase rather
than proportions, therefore no statistical test was performed

Prognostic value of MRI-RS
The direct outputs of MRI-RS are a numerical value indicating a patient’s risk of recurrence at 5 years and
an indicator of whether the patient is considered high- or low-risk. In the RSF model, the ensemble
prediction is the average across all scores, and the computed risk score represents the expected number
of events for one node in one decision tree. This score was shown to be correlated with the empirical
probability of recurrence in the testing dataset (Fig. 1). The score was then classified as either "High
Risk" or "Low Risk" based on a threshold of 32.9 (see Methods: Model Design - Development of
Prediction Model). Risk scores that are higher than 32.9 were labeled high risk, while those equal or
lower were labeled low risk. In the discovery and testing datasets, the selected cutoffs distributed 32.2%
and 19.5% of subjects to the high-risk group, respectively. In the testing dataset, probability of recurrence
in the low-risk group is 6.2% (95%CI: 3.8–10.0%) and is 17.4% (95%CI: 11.9–25.2%) in the high-risk group,
while in the discovery cohort recurrence probabilities were 0.7% (95%CI: 0.2–2.7%) and 38.7% (95%CI:
30.9–47.8%), for low- and high-risk, respectively (Supplemental Fig. 1).

Univariate CPH models were built with the categorical prediction of 5-year RFS as the independent
variable. Binary MRI-RC were significantly associated with RFS in the independent testing data with an
unadjusted hazard ratio of 3.09 (95% CI: 1.66–5.76; p < 0.005) (Fig. 2). MRI-RC remained significantly
associated with RFS after adjusting for age, clinical T-/N-category, grade, and whether the patient was
treated with neoadjuvant, endocrine, and chemotherapy with an adjusted hazard ratio of 2.28 (95%CI:
1.18–4.41; p < 0.01). The cumulative 5-year recurrence free survival (RFS) for patients predicted as low
risk by the MRI-RS was 93.8% (95% CI: 90.0–96.2%) compared to 82.6% (95% CI: 74.8–88.1%) in patients
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predicted as high risk. Positive and negative predictive value of the test at 5 years were 17.4% (95% CI:
11.9–25.2%) and 93.8% (95% CI: 90.0–96.2%), respectively. The numerical score was found to correlate
with RFS (Fig. 3). A linear fit between the numerical score and RFS shows a positive, statistically
significant (p < 0.036; weighted least squares18) association between the AI risk score and empirical
recurrence rate in the holdout test dataset. Low- and high-risk patients, stratified by the score cutoff,
have recurrence rates that are statistically different (p < 0.00018; logrank test19).

Performance of risk model across subgroups
Subgroup analyses indicate MRI-RS was prognostic regardless of age or nodal status. In patients aged
less than 50 years, the 5-year RFS for low-risk group was 90.8% versus 80.0% in the high-risk group (uHR
3.08; 95% CI: 1.23–7.73; aHR 3.96; 95% CI: 1.33–11.76). In patients over 50 years of age, the 5-year RFS
was 95.2% in the low-risk group vs 84.4% in the high-risk group (uHR 2.89; 95% CI: 1.23–6.81; aHR 1.73;
95% CI: 0.71–4.21). The model showed similar directional prognostic separation in both node-negative
(uHR 3.63; 95% CI: 1.60–8.23; aHR 2.82; 95% CI: 1.16–6.83) and node-positive (uHR 2.65; 95% CI: 0.93–
7.54; aHR 1.85; 95% CI: 0.68–5.05) cohorts, although estimates in the node-positive subgroup were less
precise (Fig. 4).

Overall, the performance of the MRI-RS outweighed a “clinical-only” risk model trained in a similar
fashion as demonstrated by multi-variate CPH modeling. To establish a clinical risk score (CRS) baseline,
a random survival forest model with identical hyperparameter as MRI-RS was trained with clinical factors
(T- and N-category, grade, age, race/ethnicity). The CRS was then combined with MRI-RS to assess the
added value of the imaging features. Specifically, (1) the MRI-RS was added to the CRS as a continuous
variable and (2) the MRI-RC was added to the CRS as risk groups. In both cases, a null model consisting
of CRS alone was compared to an alternate model using a likelihood ratio (LR) test. The MRI-RS was
found to be more prognostic than clinical variables alone (Table 3). Explainability analysis using the
SHAP technique20 demonstrated the importance of image-derived which all ranked in the top half of
model features (Supplemental Methods: Explainability and Supplemental Fig. 2).
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Table 3
Summary of comparison between a clinical factors model and the AI Risk Score. The
image-based risk score was compared to a Cox proportional hazards model fitted with
tumor size, nodal status, race/ethnicity, grade, and age as covariates. When the image-

based score (MRI-RS) or categorical prediction (MRI-RC) was combined with the
predicted clinical risk score (CRS), the predictive capabilities were significantly enhanced

relative to the clinical factors model alone. Adding imaging features either as a
continuous variable (MRI-RS) or as a risk category (MRI-RC) to the clinical features

yielded significantly more prognostic estimation of recurrence free survival (RFS) than
clinical factors alone (p < 0.01).

Model Log-likelihood Likelihood Ratio P-value C-Index

Clinical Risk Score (CRS) -259.3 N/A N/A 0.58

CRS + MRI-RS -250.1 18.4 < 0.01 0.71

CRS + MRI-RC -253.7 11.1 < 0.01 0.69

The secondary objective of this study was to investigate the clinical utility of MRI-RS and prediction of
chemotherapy benefit. Since this was not a randomized control trial, a causal comparison cannot be
made. Instead, a propensity score matching approach was used to simulate a fair trial with a “control
arm” in the testing dataset21. We found that propensity score matching led to patients in the MRI-RS low-
risk group with higher RFS with endocrine therapy alone as compared to the chemoendocrine therapy
group (Supplemental Fig. 3). Conversely, patients identified as high-risk group treated with
chemoendocrine therapy were less likely to recur at 5 years. While suggesting that the MRI-RS could be
used to tailor chemotherapy use, this analysis is underpowered with a limited number of events.

Discussion
Genomic assays are frequently used to guide adjuvant therapy decisions for patients with HR+/HER2-
breast cancer but are limited by the need for sufficient tissue and lengthy processing time. Clinical
uncertainty also exists regarding the applicability of these genomic assays in specific high-risk
subgroups, such as premenopausal women, racial and ethnic minorities and those with larger tumors,
where tumor heterogeneity is more likely. To address this clinical gap, we developed and validated an
image-based AI prognostic risk score (MRI-RS) using readily available clinicopathologic data and spatial
characteristics of the tumor and tumor microenvironment that queries both the tumor and surrounding
breast tissue. Since MRI is frequently performed in the early-stage setting, this tool could allow clinicians
and patients to further personalize treatment decision making for HR+/HER2- breast cancer using a
modality that is already readily available.

In this validation study, we found the MRI-RS was significantly associated with RFS demonstrating an
adjusted HR of 2.28 (95% CI: 1.18–4.41; p < 0.01). Patients identified as high-risk were 11.2% more likely
to have a recurrence than low-risk patients. Notably, subgroup analyses indicated the image-based
prediction model was prognostic regardless of age or nodal status. The performance of the combined
imaging and clinical risk score was superior to that of the clinical only prediction model. Together, these
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results demonstrate that the MRI can be used as an orthogonal biomarker for recurrence in HR+/HER2-
breast cancer.

MRI-RS is a novel, non-invasive, prognostic tool that could complement established tissue-based
genomic testing. It offers actionable, real-time risk stratification for personalized treatment planning
across diverse clinical subgroups. While our ability to assess chemotherapy benefit is constrained by the
study's retrospective design, our study indicates MRI-RS has the potential to aid in optimizing adjuvant
therapy, guiding chemotherapy escalation or de-escalation based on recurrence risk. Furthermore,
whereas genomic- and pathology-based assays identify intrinsic drivers of recurrence, MRI-RS evaluates
extrinsic, spatial factors within the tumor macroenvironment. Future research should investigate whether
integrating intrinsic and extrinsic drivers of recurrence enhances prognostic accuracy.

Key strengths of our analysis lie in the robust study design and diverse data sources, which enhance the
generalizability of the MRI-RS. The study included a large and diverse patient cohort from multiple
centers, specifically incorporating a substantial population of pre-menopausal and Black or African
American women, groups often underrepresented in AI studies. Unlike many single-site image-based AI
studies, the generalizability of the MRI-RS was rigorously assessed using independent training, tuning,
and external testing datasets, ensuring the testing population was drawn from different institutions than
those used for model development. Images were acquired from over a dozen different MRI machines,
decreasing potential scanner-specific biases and increasing the likelihood that the MRI-RS will translate
effectively to new clinical cohorts.

This was a retrospective study with several limitations and potential unmeasured confounding variables.
The analysis was conducted in an early-stage HR+/HER2- breast cancer population with relatively short
follow-up, resulting in a low number of events and differing underlying patient populations between
cohorts. The prediction of chemotherapy benefit could not be adequately assessed in this retrospective
analysis and thus warrants further investigation through a prospective study. While the test is based on
pre-treatment imaging, patients treated with both adjuvant and neoadjuvant chemotherapy were included
in the study, which may result in hidden confounders due to differences in downstream treatment.

Conclusions
In this large, retrospective study, we developed and validated an image-based AI model that accurately
predicted 5-year RFS in women with early-stage HR+/HER2- breast cancer. The model demonstrated
robust prognostic value, regardless of age or lymph node status, which significantly exceeded the
performance of traditional clinical-pathologic features alone. By providing real-time, non-invasive risk
stratification without the need for tissue sampling or lengthy turnaround times, this tool may enable
personalized treatment optimization. Future investigations will focus on assessing the model’s ability to
predict chemotherapy response to refine personalized therapeutic strategies.
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Figures

Figure 1

Image-Based AI Risk Score. A) An image-based risk score was developed using features derived from
standard of care dynamic contrast-enhanced breast MR images acquired for patients diagnosed with
early-stage or locally advanced breast cancer. Spatial and radiomic features were extracted from the MRI
via a validated multi-tissue segmentation algorithm13,14 and subsequently used to train a machine
learning model after iterative feature selection. AI model accuracy at predicting probability of recurrence
free survival was assessed in an independent, multi-institution holdout testing dataset. B) Explainable
features related to vascularity proximal to the tumor, and tumor size and morphology were found to be
predictive of risk of recurrence. C) Over 1000 subjects from over five institutions were included in the
study. Patients were stratified into training, tuning (together the discovery dataset) or testing datasets,
with no overlap of institution between discovery and testing datasets.
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Figure 2

Recurrence-free survival by AI Risk groups. Kaplan-Meier survival curves showing the probability of
recurrence-free survival for low- and high-risk groups in the independent, multi-institution holdout test
dataset, as predicted by the AI Risk model. Log-rank p-value is reported for 5-year risk recurrence.
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Figure 3

MRI Risk Score and Probability of Recurrence. Probability of recurrence risk evaluated five years post-
diagnosis in the independent, multi-institution holdout testing dataset is highly correlated with the
image-based AI risk score. Density of patients in each bucket is depicted as a rugplot showing the
distribution across the entire score range. Points with error bars depict the empirically determined
recurrence rates for patients in each risk score range. A linear fit shows a positive, statistically
significant (p<0.036; weighted least squares18) association between the AI risk score and empirical
recurrence rate in the holdout test dataset. Low- and high-risk patients, stratified by the score cutoff
(depicted by the vertical dashed line), have the recurrence rates that are statistically different
(p<0.00018; logrank test19).
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Figure 4

A) Forest plot showing univariate analyses for the unadjusted hazard ratio (HR) between low- and high-
risk categories determined by the AI risk score across relevant clinical subgroups. While not statistically
significant in every category, the results demonstrate that the hazard is similar magnitude (~2-3), and
directionally the same across all clinical subgroups. B) Forest plot showing a multivariate analysis
accounting for demographic, staging, pathology, and treatment factors, demonstrating that the MRI-RC is
independently prognostic of survival. Kaplan-Meier curves for low- and high-risk groups for selected
subgroups including: (C) those treated with neoadjuvant therapy (NAT) or adjuvant therapy (AT), (D)
nodal status, and (E) age greater than or less than 50, which is used as a proxy for menopausal status.
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