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An explainable longitudinal multi-modal
fusion model for predicting neoadjuvant
therapy response in women with
breast cancer

Yuan Gao 1,2,3, Sofia Ventura-Diaz4, Xin Wang 1,2,3, Muzhen He5, Zeyan Xu6,
Arlene Weir7, Hong-Yu Zhou 8, Tianyu Zhang 1,2,3,
Frederieke H. van Duijnhoven9, Luyi Han 2,3, Xiaomei Li10, Anna D’Angelo11,
Valentina Longo11, Zaiyi Liu 12,13, Jonas Teuwen14, Marleen Kok 15,16,
Regina Beets-Tan1,2, Hugo M. Horlings 17, Tao Tan 18 & Ritse Mann 2,3

Multi-modal image analysis using deep learning (DL) lays the foundation for
neoadjuvant treatment (NAT) response monitoring. However, existing meth-
ods prioritize extracting multi-modal features to enhance predictive perfor-
mance, with limited consideration on real-world clinical applicability,
particularly in longitudinal NAT scenarios with multi-modal data. Here, we
propose the Multi-modal Response Prediction (MRP) system, designed to
mimic real-world physician assessments of NAT responses in breast cancer. To
enhance feasibility, MRP integrates cross-modal knowledge mining and tem-
poral information embedding strategy to handle missing modalities and
remain less affected by different NAT settings. We validated MRP through
multi-center studies and multinational reader studies. MRP exhibited com-
parable robustness to breast radiologists, outperforming humans in predict-
ing pathological complete response in the Pre-NAT phase (ΔAUROC 14% and
10% on in-house and external datasets, respectively). Furthermore, we asses-
sedMRP’s clinical utility impact on treatment decision-making. MRPmay have
profound implications for enrolment into NAT trials and determining surgery
extensiveness.

Breast cancer (BC) is the most common cancer worldwide, being
responsible for of 31% female cancers1. Neoadjuvant therapy (NAT)
followed by surgery is the standard therapeutic regimen for patients
with inoperable or extensive but resectable BC2. Pathological complete
response (pCR), defined as the absenceof residual invasive cancer cells
in histopathological specimens of breast and axillary lymph nodes
after NAT (ypT0/is, ypN0), is associated with favorable survival
outcomes3–5. However, it is challenging to accurately assess treatment
response at different treatment timepoints, which is a

multidisciplinary task that requires integrating various information
streams from cancer staging of Pre-NAT to Post-NAT, as shown in
Fig. 16,7. According to the National Comprehensive Cancer Network
guidelines8, there is currently very little variation in the choice of NAT
for breast cancer patients. However, some patients may not respond
well to standard therapy and experience toxicity without clear bene-
fits, which could be avoided if response could accurately be predicted.
In the Post-NAT phase, all patients are required surgery, even if they
have already achieved a pCR. Therefore, there is a clinical need to
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develop a system that could cope with both personalized patient and
clinician preferences while handling longitudinal multi-modal infor-
mation. For example, it could help to decide whether to consider
neoadjuvant therapy trials in the phase of Pre-/Mid-NAT phase9 or
whether to consider surgery-reducing trials potential in the phase of
Post-NAT10,11.

Previous efforts12–14 to predict pCR have explored serological or
genetic biomarkers, but these have not been widely applied in clinical
practice due to their cost and limited validation on large-scale popu-
lations. Recent advances15–19 in machine learning (ML) have shown
promise in predicting response to NAT. Some studies20–23 have utilized
radiomics (i.e., extraction of differentiating quantitative features from
medical images) to successfully predict pCR in patients with breast
cancer. However, the clinical applicability of these radiomics studies
are limited by potential risks of overfitting due to small sample sizes20.
On the other hand, several studies15,17,24–26 have shown that breast
radiological and clinical fusion features based on deep learning (DL)
could predict pCR in BC patients. Additionally, integrating histo-
pathological information has also been shown to complement tumor
heterogeneity assessment and the predictive capacity ofDLmodels for
patient prognosis16,19,27,28. However, current artificial intelligence (AI)
studies often focus only on exploring multi-modal characteristics
extraction, ignoring whether their model design and rigid input
structures fit applicably with the clinical pathway context. Their
practical feasibility in different (multi-center) hospital settings and
overall generalizability are not often explored. Moreover, the clinical
utility and potential impact of existing AI systems for predicting
responses in different NAT scenarios are often left unexplored. For
example, addressing clinical concerns at different phases of treatment
trajectories demands different attention and emphasis.

In this study, we propose a multi-modal response prediction
(MRP) system tailored to response prediction of neoadjuvant therapy
in breast cancer patients. TheMRP system capitalizes on the utilization
of longitudinal data throughout the NAT process within real clinical
contexts, as illustrated in Fig. 2. The system integrates multi-modal
data sources from 3,352 eligible breast cancer participants, encom-
passing 4,802 Pre-NAT mammogram exams, 3,719 longitudinal MRI

exams (specifically, subtracted contrast-enhanced T1-weighted ima-
ging), along with associated radiological findings. Additionally, MRP
incorporates essential histopathological information such as mole-
cular subtype, tumor histology, tumor type, and tumor differentiation.
Personal factors including weight, gender, age, the age of menarche,
menopausal status, genetic mutations, as well as clinical data such as
clinical tumor node metastasis (cTNM) Pre-NAT and therapy details,
are also considered within the MRP system. It can, therefore, validate
the potential benefits of integrating multi-modal (including radi-
ological, histopathological, clinical, and personal) information
throughout the entire neoadjuvant therapy care to enhance the per-
formance of AI models for predicting pathological complete response
in breast cancer. We have made the code of our model public at
https://github.com/yawwG/MRP/. On the other hand, existing
methodologies17,29,30, which are primarily developed for response
predictionbased either solely on a single time point imaging (Pre-NAT)
or completely on longitudinal data (Pre- and Post-NAT). These
approaches are, therefore, constrained for clinical use due to their
rigid input requirements. In contrast, the MRP system is purposefully
designed to accommodate missing data inputs and embeds temporal
information into longitudinal inputs. Additionally, to ensure adapt-
ability to diverse therapeutic protocols used in different hospital
centers, and given the frequent availability of imaging data, we prior-
itize improving the model’s ability to extract image features and
enhance the contribution of imaging modalities. To achieve this, we
implement a cross-modal knowledge mining strategy on top of the
extracted imaging features, designed to enhance visual representation
learning.

We evaluate the system’s performance on internal and external
international datasets using traditional decision accuracymetrics (area
under the receiver operating characteristic (AUROC), area under the
precision-recall curve (AUPRC), sensitivity, specificity, positive pre-
dictive value (PPV), and negative predictive value (FPV)). We compare
the predictive performance of MRP to that of radiologists in a retro-
spective reader study under different clinical scenarios. Additionally,
we analyze the system’s performance in various patient subgroups and
investigate cases where MRP fails to produce correct diagnoses. We

Fig. 1 | Breast cancer neoadjuvant therapy pathway. a Pre-NAT phase. Breast
cancer (BC) is diagnosed following a tumor screening/diagnosis (mammography
and/or ultrasound) and biopsy, subsequent histopathology analysis, and a staging
breast MRI. These measures help derive demographic, radiological, clinical and
histopathological variables describing the patient’s state at diagnosis. cTNM refers
to tumor node metastasis. b Mid-NAT phase. The mid-NAT MRI is performed to

assess the response and see if therapy adjustments for unresponsive patients.
c Post-NAT phase. Breast MRI is used to assess if patients have achieved patholo-
gical complete response (pCR). Subsequently, patients undergo surgery, and a
histological examination is performed, assessing the post-NAT pathological
tumor(ypT) and lymph node staging (ypN) scores (together ypTN)68, which is the
international standard for post-neoadjuvant therapy pathology reporting.
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also conduct feature importance analysis to understand how struc-
tured and image-based features/modalities contribute to pCR predic-
tion. To gain insights into the contributions of implemented modules,
we perform ablation experiments involving the cross-modal knowl-
edge predictor and the temporal information embedding component.
Finally, we assess the clinical impact of the MRP model on treatment
decision-making (decision curve analysis31), which is explored in two
specific clinical scenarios: personalizing Pre-/Mid-NATmanagement of
non-pCR patients for consideration of enrollment into neoadjuvant
clinical trials of alternative therapies9 and optimizing Post-NAT man-
agement of pCR patients to consider the potential of surgery reducing
trials10,11.

Results
MRP overview
Following clinical practice pathway32, MRP combines the longitudinal
multi-modal data to evaluate the therapy response in BC patients. As
illustrated in Fig. 2. a, MRP comprises two independently trained
models: iMGrhpc and iMRrhpc. The iMGrhpc model takes inputs
including Pre-NAT mammogram as well as rhpc (r:radiological, h:his-
topathological, p:personal, c:clinical variables). On the other hand, the
iMRrhpc model leverages rhpc data and visual inputs of longitudinal
MRI sequences that embed specified temporal information. This aims
to mimic the evaluation process employed by radiologists, utilizing
longitudinal images that encompass both baseline (Pre-NAT image)
and follow-up (Mid-NAT or Post-NAT image) data to evaluate treat-
ment response. Ultimately, the MRP combines the predicted

probability of pCR generated by iMGrhpc and iMRrhpc. For a more
comprehensive understanding of the model, further details can be
found in the “Methods” section.

Patient data
The study included a total of 3,352 patients with breast cancer who
were treated with NAT in the Netherlands Cancer Institute between
January 1, 2004, and December 31, 2020. Within the training cohort
(80%), 1,134 patients underwent MRI examinations for staging and
duringNATwhile pre-treatmentmammogramswere available for 1,556
patients (see Supplementary Fig. 1a). Additionally, 120 patients from
the same institute were randomly selected to comprise test cohort A.
External test cohort B (see Supplementary Fig. 1b), consisting of 288
patients who underwent Pre-NAT MRI examinations, was obtained
from Duke University. For the external test cohort C (see Supple-
mentary Fig. 1c), we collected data from 85 patients who underwent
pre- and post-NATMRIs aswell as pre-NATmammogramexaminations
at Fujian Provincial Hospital in China. For external test cohort D, as
depicted in Supplementary Fig. 1d, we included data from508patients
who underwent MRIs at multiple time points (pre-, mid-, and post-
NAT), derived from the I-SPY2 study33,34. For detailed cohorts infor-
mation, please refer to “Inclusion and ethics statement”.

Primary results
MRP demonstrates promising potential in predicting pCR across
various NAT scenarios. In the Pre-NAT phase (Fig. 3a), the MRP
achieves anAUROCof0.883 (95% confidence interval (CI): 0.821-0.941)

Fig. 2 |Workflowof the study. aModel development.Wedeveloped andevaluated
a deep learning system to predict the treatment response of breast cancer patients
across neoadjuvant therapy (NAT). The system incorporates deep neural networks
trained on Pre-NAT mammogram images and longitudinal MRI scans, along with
rhpc information (radiological assessments, histopathological assessments, per-
sonal patient records, and clinical data). After data retrieval, iMGrhpc and iMRrhpc
were modeled independently, where iMGrhpc is based on Pre-NAT mammogram
and rhpc data, while iMRrhpc is based on longitudinal MRIs embedding temporal
information and rhpc data. Both models include two modules: one module is for
cross-modal knowledge learning that predicts rhpc information using only imaging
features, and another module is for response prediction using integrated features
of rhpc-based and imaging features. These models were further combined into the
Multi-modal Response Prediction (MRP) system. MLP refers to a two-layer multi-
layer perceptron with an output dimension of 256. bDatasets. The internal dataset
was collected from the Netherlands Cancer Institute and was randomly partitioned
into training, validation, and test subsets. For evaluating our system on unseen

data, we collected three external datasets from different centers: Duke University
(United States; n = 288), Fuzhou Province Hospital (China; n = 85), and I-SPY2
(United States; n = 508). c NAT response assessment of AI model and reader study.
We assessed MRP's ability to predict pathological response (pCR vs. non-pCR) at
different stages-Pre-NAT (before administration of NAT), Mid-NAT (during ther-
apy), and Post-NAT (prior to surgery)-using standard metrics: AUROC (Area Under
Receiver Operating Characteristic Curve) and AUPRC (Area Under Precision-Recall
Curve). To compare the performance of MRP with human experts, we conducted a
reader study involving six international breast radiologists. The average perfor-
mance of the readers is indicated with a red “+R" in the plot. d Personalizing
management in clinical practice.We simulated two scenarios to assess the system’s
ability to personalize treatment: identifying non-pCR patients before NAT inwhom
toxic treatments may be timely adapted, and identifying pCR patients before sur-
gery for the potential reduction of surgical procedures. Circled C indicates current
clinical practice; Circled AI indicates our MRP system suggested strategy.
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and an AUPRC of 0.772 (95% CI: 0.630-0.900) for predicting breast
cancer treatment response. Compared to the performance of baseline
models, the MRP demonstrates a significant improvement in response
prediction.When compared to the uni-modal (i.e., without radiological
images integrated) rhpc model, MRP exhibited a ΔAUROC of 10.4%
with a corresponding p-value of 0.003. Additionally, when compared
to the iMGrhpcmodel, theMRP also outperforms it with a ΔAUROC of
4.9% and a p-value of 0.048. In the Mid-NAT phase (Fig. 3b), the MRP’s
performance moderately enhances that of the Pre-NAT period,
although the improvement is not statistically significant (p =0.96). It
achieves an AUROC of 0.889 (95% CI: 0.827-0.948) and an AUPRC of
0.784 (95% CI: 0.642-0.906). Compared to baseline models, the MRP
remains superior. It significantly outperforms the uni-modal rhpc
model with a ΔAUROC of 11% and a p-value of 0.009, the iMGrhpc
model with a ΔAUROC of 5.5% and a p-value of 0.045, and the iMRrhpc
model with a ΔAUROC of 4.1% and a p-value of 0.049. Interestingly,
when comparing the performance of Mid-NAT with the Post-NAT
phase (Fig. 3c), the MRP maintains a similarly competitive level of
performance (p = 0.71). In the Post-NATphase, it achieves anAUROCof
0.889 (95% CI: 0.826-0.948) and an AUPRC of 0.783 (95% CI: 0.644-
0.903). Besides, MRP remains the top-performing model, surpassing
the uni-modal rhpc model with a ΔAUROC of 11% and a p-value of
0.008, the iMGrhpc model with a ΔAUROC of 5.5% and a p-value of
0.044, and the iMRrhpcmodel with a ΔAUROCof 4.3% and a p-value of
0.041. For more detailed results regarding breast cancer molecular
subtypes, please refer to Supplementary Fig. 2. For comparisons of
models in predicting responses across all NAT scenarios, see Supple-
mentary Fig. 3 and Tab. 1. Please be aware that the performance
metrics on the in-house cohort were derived from the independent
test set.

In cohort B, where only Pre-NAT MRI data is available, the MRP
model cannot be applied due to the absence of MG information.

Nevertheless, as shown in Supplementary Fig. 4, the iMRrhpc achieves
an AUROC of 0.797 (95% CI: 0.736-0.850) and an AUPRC of 0.587 (95%
CI: 0.468-0.717), showing an improvement of 12% in AUROC and 10.8%
in AUPRC compared to the uni-modal rhpc model. Comprehensive
statistical analysis confirms the significant superiority of iMRrhpc over
rhpc, with a notabledifference in AUC (p <0.001). For results onbreast
cancer molecular subtypes, please see Supplementary Fig. 5.

In cohort C, as illustrated in Supplementary Fig. 6, the model’s
performance consistently improves with the addition of successive
levels of multi-modal imaging and longitudinal MRI. At the pre-NAT
stage, compared to the uni-modal rhpc model, MRP increases the
AUROC to 0.821, representing an 8.4% improvement over the rhpc
model, and AUPRC to 0.726, reflecting a 17.2% increase. At the post-
NAT stage for the longitudinal scenarios setting, MRP achieves an
AUROC of 0.842 and AUPRCof 0.758. The differences in AUC between
the rhpc andMRPmodels are statistically significant at eachNAT stage
(pre-NAT: p =0.009, post-NAT:p = 0.006). For results on breast cancer
molecular subtypes, please refer to Supplementary Fig. 7.

In cohort D, as illustrated in Supplementary Fig. 8, the model
achieves superior performance with the integration of multi-modal
data and longitudinal MRIs. The iMRrhpc model, using pre-NAT data,
shows a 12.3% increase in AUROC (0.799) and a 16.3% increase in
AUPRC (0.701) compared to the uni-modal rhpc model. Further inte-
gration of pre- and mid-NAT data results in AUROC improvements of
up to 15% (0.826) and AUPRC improvements of up to 20.3% (0.741).
Additionally, pre- and post-NAT data integration leads to AUPRC
improvements of up to 20.8% (0.746). Compared to the rhpc model,
the multi-modal model that integrated imaging demonstrates a sig-
nificant performance improvement at each NAT scenario (p <0.001).
For details on the results of breast cancer molecular subtypes, please
see Supplementary Fig. 9. These results (i.e., Supplementary Figs. 4–9
and detailed metrics in Table 1) also highlight the need for increased

Fig. 3 | Six readers averaged performancewith Baseline DLmodels andMRP on
internal test sets across the NAT care. (Top) ROC curves with 95% CIs in bracket
calculatedwith boot-strapping. (Bottom) PRCs with 95%CIs. From left to right: Pre-
NAT(Staging), Mid-NAT, Post-NAT(Pre-surgical). rhpc refers to the model trained
by radiological assessments (r), histopathological assessments (h), personal patient

records (p), and clinical data (c), detailed definitions can be found in Methods and
Fig. 1. iMGrhpc is based on Pre-NAT mammogram and rhpc data, while iMRrhpc is
based on single/longitudinal MRI(s) embedding with temporal information and
rhpc data. MRP aggregates and optimizes the outputs of iMGrhpc model and
iMRrhpc model.
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access to comprehensive clinical information and imaging modalities
in public datasets to foster multi-modal AI research.

MRP demonstrates favorable performance to breast radiologists in
pCR prediction on both the in-house and external datasets. Six
international radiologists interpreted all cases from the cohort A set,
and two radiologists furthermore evaluated another 100 cases sam-
pled from the cohort B set. All radiologists were board-certified and
had between 2 and 12 years of experience interpreting breast MRI
exams. In cohort A, at the Pre-NAT phase shown in Fig. 3a, readers
achieve an average performance of 0.740 of AUROC (95% CI: 0.643-
0.828) and 0.506 of AUPRC (95%CI: 0.368-0.705). During theMid-NAT
phase shown in Fig. 3b, readers achieve an average performance of
0.852 of AUROC (95% CI: 0.779-0.914) and 0.750 of AUPRC (95% CI:
0.606-0.863); at the Post-NAT period, readers achieve an average
performance of 0.840 AUROC of (95% CI: 0.759–0.907) and 0.710 of
AUPRC (95% CI: 0.547-0.841). The difference between MRP and radi-
ologists is statistically significant in the Pre-NATphase shown in Fig. 3c.
In a comparison between the MRP and six international radiologists’
AUROC, significant differenceswere found in the Pre-NATphasewhere
the MRP outperformed all six readers (ΔAUROC ranging from 0.159 to
0.373, DeLong’s test: p-values < 0.001). In the Mid-NAT and Post-NAT
phases, the MRP continued to significantly outperform four readers
(Mid-NAT: ΔAUROC ranging from 0.106 to 0.166, with p-values
between 1.798e-02 and 3.0823e-03; Post-NAT: ΔAUROC ranging from
0.093 to 0.140, with p-values between 2.437e-02 and 4.175e-03). Fur-
ther detailed results for each reader’s evaluation can be found in
Supplementary Fig. 3 and Supplementary Tab. 1.

For cohort B shown in Supplementary Fig. 4b, iMRrhpc perfor-
mance on the reader study subset is 0.828 (0.733–0.917) for AUROC
and 0.520 (0.298–0.755) for AUPRC while the best performance from
two readers is 0.775 (0.663–0.872) for AUROC and 0.480
(0.267–0.682) for AUPRC. The difference between iMRrhpc and one of
the radiologists demonstrated statistical significance (p =0.041).

Modality contribution analysis
To conduct a systematic evaluation of the influential features driving
the breast cancer therapy response predictions, we analyzed the fea-
ture coefficients presented in Fig. 4 using the Integrated Gradients
method35. Consistently across different multi-modal based models
(rhpc, iMGrhpc, iMRrhpc, MRP), the top five significant features posi-
tively associated with the prediction of pCR were related to histo-
pathological and radiological factors, and image-wise inputs. Among
the histopathological features, molecular subtype, in situ status (pre-
sence of an in situ component next to the invasive component), and
tumor histology exhibited strong positive associations. Not unex-
pectedly, our findings indicate that the type of therapy (a clinical
marker including neoadjuvant chemotherapy, neoadjuvant endocrine
therapy, and neoadjuvant immunotherapy), which is closely related to
molecular subtype, also demonstrated significant positive correla-
tions. Regarding general radiological contributions, mammography,
MRI, and factors such as multifocality and mammographic density
were found to be useful for accurate pCR prediction. In contrast, the
consistently identified unrelated markers (that are not significantly
associated with pCR prediction) were primarily related to tumor
location and laterality which is understandable from a clinical per-
spective. Interestingly, also the presence of mutations does not seem
to influence pCR prediction. Our analysis thus demonstrates the vital
features influencing the prediction of pCR in a systematic manner.

In addition, we evaluated the association between pCR and the
top five contributing factors identified in the MRPmodel. As indicated
in Table 2 and Supplementary Tab. 2, the pCR varied by molecular
subtype. Compared to ER+/HER2- cancers (3.8% pCR rate, odds ratio
(OR): 1, as reference), the highest pCRORwas observed for ER-/HER2+
(54.9%, OR: 9.18, p =0.021) and TNBC (50.1%, OR: 7.02, p < 0.001)
subtypes. Many studies have reported that in situ components show
lower proliferation rates, and their non-invasive nature contributes to
chemoresistance36,37. Our study confirmed that a known in situ com-
ponent is predictive of poorer response to therapy (24.8%, OR: 0.51,

Fig. 4 | Attributes contribution. Comparison of coefficient importance among
four deep learning models : rhpc (n = 120), iMGrhpc (n = 120), iMRrhpc (n = 120),
and MRP (n = 120), organized by coefficients in descending order. The horizontal
bar plot displays normalized coefficients, derived from averaged contributing
values among cases and normalized across the included attributes, highlighting
comparable trends among these attributes. Positive values stand for favorable
attributes for response prediction, and vise versa for negative values. The

horizontal line (error bar) represents the standard deviation centered on the cor-
responding coefficients. Each attribute associated different group (radiological(r),
histopathological(h), personal(p), clinical(c)) is viewed in the colors legend in the
upper right. iMGrhpc is based on Pre-NAT mammogram and rhpc data, while
iMRrhpc is basedonpre-NATMRIand rhpcdata.MRP aggregates andoptimizes the
outputs of iMGrhpc model and iMRrhpc model.
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Table 2 | In-house dataset breakdown for radiological, histopathological, demographic personal, clinical characteristics

Characteristics Training set Validation set Test set Total

pCR non-pCR pCR non-pCR pCR non-pCR pCR non-pCR

Radiological Characteristics

Location1

C50.0 0 (0.00) 2 (100.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 2

C50.1 24 (68.57) 90 (86.54) 6 (17.14) 9 (8.65) 5 (14.29) 5 (4.81) 35 104

C50.2 92 (74.80) 153 (79.27) 18 (14.63) 16 (8.29) 13 (10.57) 24 (12.44) 123 193

C50.3 33 (80.49) 64 (80.00) 5 (12.20) 8 (10.00) 3 (7.32) 8 (10.00) 41 80

C50.4 169 (81.25) 361 (80.04) 21 (10.10) 50 (11.09) 18 (8.65) 40 (8.87) 208 451

C50.5 34 (70.83) 63 (78.75) 7 (14.58) 7 (8.75) 7 (14.58) 10 (12.50) 48 80

C50.6 3 (75.00) 3 (60.00) 0 (0.00) 1 (20.00) 1 (25.00) 1 (20.00) 4 5

C50.8 4 (80.00) 15 (83.33) 1 (20.00) 3 (16.67) 0 (0.00) 0 (0.00) 5 18

C50.9 3 (75.00) 2 (66.67) 1 (25.00) 0 (0.00) 0 (0.00) 1 (33.33) 4 3

Lateral

Left 188 (78.01) 388 (81.34) 33 (13.69) 50 (10.48) 20 (8.30) 39 (8.18) 241 477

Right 183 (80.26) 373 (81.26) 26 (11.40) 44 (9.59) 19 (8.33) 42 (9.15) 228 459

Unknown 0 (0.00) 2 (100.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 2

Multifocal

Unifocal 245 (78.53) 365 (81.29) 40 (12.82) 45 (10.02) 27 (8.65) 39 (8.69) 312 449

Multifocal 0 (0.00) 35 (97.22) 0 (0.00) 1 (2.78) 0 (0.00) 0 (0.00) 0 36

Satellite lesion 107 (81.68) 301 (79.84) 15 (11.45) 38 (10.08) 9 (6.87) 38 (10.08) 131 377

Unknown 19 (73.08) 62 (81.58) 4 (15.38) 10 (13.16) 3 (11.54) 4 (5.26) 26 76

Histopathological Characteristics

Molecular subtype

Luminal A 11 (68.75) 332 (83.63) 3 (18.75) 29 (7.30) 2 (12.50) 36 (9.07) 16 397

Luminal B-her2n 27 (77.14) 153 (84.07) 5 (14.29) 17 (9.34) 3 (8.57) 12 (6.59) 35 182

Luminal-like (ER+/HER2-) 38 (74.51) 485 (83.77) 8 (15.69) 46 (7.94) 5 (9.80) 48 (8.29) 51 579

Triple-positive (ER+/HER2+) 91 (72.22) 115 (74.19) 20 (15.87) 24 (15.48) 15 (11.90) 16 (10.32) 126 155

HER2-enriched (ER-/HER2+) 86 (76.11) 14 (51.85) 19 (16.81) 9 (33.33) 8 (7.08) 4 (14.81) 113 27

Triple Negative (TNBC) 154 (87.01) 148 (84.09) 12 (6.78) 15 (8.52) 11 (6.21) 13 (7.39) 177 176

Unknown 2 (100.00) 1 (100.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 (0.00) 2 1

Tumor histology

Ductal carcinoma 347 (77.46) 636 (80.51) 57 (12.72) 78 (9.87) 44 (9.82) 76 (9.62) 448 790

Lobular carcinoma 6 (75.00) 97 (79.51) 0 (0.00) 14 (11.48) 2 (25.00) 11 (9.02) 8 122

Other 9 (75.00) 20 (83.33) 2 (16.67) 2 (8.33) 1 (8.33) 2 (8.33) 12 24

Tumor differentiation

Non 0 (0.00) 1 (100.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 1

Poor 242 (78.32) 242 (78.57) 39 (12.62) 39 (12.66) 28 (9.06) 27 (8.77) 309 308

Moderate 98 (75.97) 410 (84.19) 15 (11.63) 28 (5.75) 16 (12.40) 49 (10.06) 129 487

Well 4 (80.00) 44 (84.62) 0 (0.00) 3 (5.77) 1 (20.00) 5 (9.62) 5 52

Unknown 18 (72.00) 56 (63.64) 5 (20.00) 24 (27.27) 2 (8.00) 8 (9.09) 25 88

In situ component

Yes 119 (76.28) 371 (78.27) 23 (14.74) 51 (10.76) 14 (8.97) 52 (10.97) 156 474

No 239 (78.36) 380 (82.61) 35 (11.48) 43 (9.35) 31 (10.16) 37 (8.04) 305 460

Unknown 4 (57.14) 2 (100.00) 1 (14.29) 0 (0.00) 2 (28.57) 0 (0.00) 7 2

Personal Characteristics

Age

Age ≤ 50 253 (81.61) 424 (82.97) 33 (10.65) 47 (9.20) 24 (7.74) 40 (7.83) 310 511

Age > 50 118 (74.21) 339 (79.39) 26 (16.35) 47 (11.01) 15 (9.43) 41 (9.60) 159 427

Sex

Female 370 (79.06) 761 (81.30) 59 (12.61) 94 (10.04) 39 (8.33) 81 (8.65) 468 936

Male 1 (100.00) 2 (100.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 (0.00) 1 2

Menopause

Yes 83 (72.81) 235 (78.60) 22 (19.30) 37 (12.37) 9 (7.89) 27 (9.03) 114 299

No 287 (81.07) 526 (82.57) 37 (10.45) 57 (8.95) 30 (8.47) 54 (8.48) 354 637

Unknown 1 (100.00) 2 (100.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 (0.00) 1 2
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p <0.001). Regarding tumor histology characteristics, patients with
ductal carcinoma (36.2%, OR: 6.19, p <0.001) have a higher likelihood
of achieving pCR compared to thosewith lobular carcinoma (6.2%, OR:
1.00, as reference). This observation aligns with previous reports38,39

and underscores the need for histology-specific treatment approaches
in breast cancer management. Consistent with previously published
study40, multi-focal tumors (24.1%, OR: 0.53, p < 0.001) exhibited a
lower rate of pCR compared to uni-focal tumors (41%, OR: 1.00, as
reference). Prior studies41,42 suggest considering mammographic den-
sity in planning and optimizing treatment strategies for breast cancer
patients. However, while our study demonstrates a slightly higher
likelihood of pCR in patients with dense breasts (20.5%, OR: 1.05,

p =0.159) compared to patients with less dense breasts (18.8%, OR:
1.00, as reference), this was not statistically significant.

Subgroup analysis
We conduct detailed analyses on a wide range of patient subgroups in
the internal test set. This experiment aims to determine if themodel is
underperforming in any assessed categories and to explore which
groups may derive greater benefits from the model at different time
points. We divided them with respect to the above-mentioned top
positive favorable elements of response prediction, which are histo-
pathological characteristics (in situ component, tumor differentiation,
tumor histology, molecular subtype), clinical characteristics (different

Table 2 (continued) | In-house dataset breakdown for radiological, histopathological, demographic personal, clinical
characteristics

Characteristics Training set Validation set Test set Total

pCR non-pCR pCR non-pCR pCR non-pCR pCR non-pCR

Gene mutation

BRAC1 49 (94.23) 36 (83.72) 1 (1.92) 5 (11.63) 2 (3.85) 2 (4.65) 52 43

BRAC2 8 (100.00) 13 (76.47) 0 (0.00) 1 (5.88) 0 (0.00) 3 (17.65) 8 17

CHEK2 4 (80.00) 12 (80.00) 1 (20.00) 3 (20.00) 0 (0.00) 0 (0.00) 5 15

TP53 0 (0.00) 1 (100.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 1

Unknown 310 (76.73) 701 (81.32) 57 (14.11) 85 (9.86) 37 (9.16) 76 (8.82) 404 862

Clinical Characteristics

cT

1B 11 (78.57) 13 (86.67) 3 (21.43) 1 (6.67) 0 (0.00) 1 (6.67) 14 15

1C 90 (83.33) 142 (81.14) 13 (12.04) 17 (9.71) 5 (4.63) 16 (9.14) 108 175

2 217 (80.37) 433 (80.63) 24 (8.89) 53 (9.87) 29 (10.74) 51 (9.50) 270 537

3 37 (68.52) 149 (85.14) 14 (25.93) 17 (9.71) 3 (5.56) 9 (5.14) 54 175

4A 0 (0.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 (0.00) 1 (100.00) 0 1

4B 2 (40.00) 15 (83.33) 3 (60.00) 3 (16.67) 0 (0.00) 0 (0.00) 5 18

4D 5 (100.00) 3 (42.86) 0 (0.00) 2 (28.57) 0 (0.00) 2 (28.57) 5 7

IS 3 (100.00) 2 (66.67) 0 (0.00) 1 (33.33) 0 (0.00) 0 (0.00) 3 3

Other/Unknown 6 (60.00) 6 (85.71) 2 (20.00) 0 (0.00) 2 (20.00) 1 (14.29) 10 7

cN

0 149 (79.68) 231 (83.39) 23 (12.30) 26 (9.39) 15 (8.02) 20 (7.22) 187 277

0IS 0 (0.00) 2 (66.67) 0 (0.00) 0 (0.00) 0 (0.00) 1 (33.33) 0 3

0S 38 (84.44) 45 (78.95) 1 (2.22) 5 (8.77) 6 (13.33) 7 (12.28) 45 57

1 117 (76.97) 337 (79.29) 23 (15.13) 50 (11.76) 12 (7.89) 38 (8.94) 152 425

1MS 4 (100.00) 6 (66.67) 0 (0.00) 1 (11.11) 0 (0.00) 2 (22.22) 4 9

1S 7 (100.00) 26 (86.67) 0 (0.00) 1 (3.33) 0 (0.00) 3 (10.00) 7 30

2A 0 (0.00) 2 (100.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 (0.00) 0 2

2B 5 (83.33) 2 (50.00) 1 (16.67) 1 (25.00) 0 (0.00) 1 (25.00) 6 4

3A 19 (79.17) 38 (88.37) 2 (8.33) 2 (4.65) 3 (12.50) 3 (6.98) 24 43

3B 21 (80.77) 33 (84.62) 4 (15.38) 2 (5.13) 1 (3.85) 4 (10.26) 26 39

3C 7 (70.00) 34 (87.18) 3 (30.00) 4 (10.26) 0 (0.00) 1 (2.56) 10 39

Other/Unknown 4 (50.00) 7 (70.00) 2 (25.00) 2 (20.00) 2 (25.00) 1 (10.00) 8 10

cM

0 357 (79.16) 718 (81.22) 57 (12.64) 89 (10.07) 37 (8.20) 77 (8.71) 451 884

1 12 (85.71) 42 (82.35) 1 (7.14) 5 (9.80) 1 (7.14) 4 (7.84) 14 51

Unknown 2 (50.00) 3 (100.00) 1 (25.00) 0 (0.00) 1 (25.00) 0 (0.00) 4 3

Neoadjuvant therapy

Chemotherapy 367 (79.09) 728 (81.34) 58 (12.50) 86 (9.61) 39 (8.41) 81 (9.05) 464 895

Hormonaltherapy 8 (100.00) 62 (78.48) 0 (0.00) 16 (20.25) 0 (0.00) 1 (1.27) 8 79

Immunotherapy 183 (75.62) 129 (73.71) 37 (15.29) 29 (16.57) 22 (9.09) 17 (9.71) 242 175

Values are n (%) unless specified otherwise.
1 Breast tumor location is coded according to the International ClassificationofDiseases forOncology (ICD-O). C50.0: Nipple; C50.1:Central portion of breast; C50.2: Upper-inner quadrant of breast;
C50.3: Lower-innerquadrantofbreast; C50.4: Upper-outerquadrantofbreast;C50.5: Lower-outerquadrantof breast; C50.6: Axillary tail of breast; C50.8:Overlapping lesionofbreast; C50.9:multi-
focal neoplasm in more than one quadrant of the breast. ICD-O site codes for tumors of the female breast.
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therapy, cTN stage); radiological characteristics (uni-/multi-focal); and
personal characteristics (gene mutation, age). The evaluated metric
values for each subgroup are available in supplemental tables across
each NAT phase (Pre-NAT Supplementary Tab. 3, Mid-NAT Supple-
mentaryTab. 4, and Post-NATSupplementaryTab. 5). Despite frequent
concerns in radiological DL systems that often show relatively high
performance in less common groups, our analysis revealed that the
MRP performed similarly across all groups.

Personalized management considering both non-pCR and pCR
patients
To enhance decision-making in treatment planning, we investigate
using MRP predictions in specific scenarios. We explore the specificity
of predictions in the Pre-/Mid-NAT phase to enable timely change of
NAT regimen for non-pCR cases to consider the enrollment into
neoadjuvant clinical trials of alternative therapies9. Simultaneously, we
seek to improve prediction sensitivity in the Post-NAT stage to identify
pCR cases, which would allow patients to consider the potential
chance of breast surgery reducing trials10,11.

We conducted the analysis in two ways. First, we compared the
trade-offs between correctly avoiding unnecessary therapy andmissed
pCR patients at Pre-NAT, as well as surgery and missed non-pCR
patients at Post-NAT. We utilized various decision thresholds to con-
vert probabilities of pCR into binary outcomes. This comparison
involved equally weighting the number of successfully opted-out and
missed predictions. Our findings indicated that two operating points
yielded promising results based on Fig. 3. In the Pre-NAT phase, MRP
correctly determined 35.8% of non-pCR cases, enabling a potential
selection of better-suited therapies trials, without any missed pCR
cases. In the Post-NAT stage, MRP identified 16.7% of pCR cases to
consider surgery-reducing trials, as well as 37% of non-pCR patients for
considering neoadjuvant treatment trials, all without increasing false
predictions. Further increasing the decision threshold allowed for the
identification of more therapy response lesions, resulting in more
patients opting out of breast surgery, but it also led to a higher rate of
missed non-pCR cancers.

For the second approach, we employed the Decision Curve Ana-
lysis (DCA) methodology43 to incorporate patients’ and clinicians’
preferences into decision-making to explore whether using the model
could be clinically beneficial or harmful. This approach evaluated the
clinical usefulness of the MRP at various decision thresholds. Unlike
the trade-off technique described earlier, DCA considers the missed
predictions’ number value versus the unnecessary therapy or surgery’
number value. Specifically, we assessedwhether theMRP’s predictions

could select non-pCR patients in the Pre-NAT phase, enabling early
modification of therapy, and whether it could select pCR patients in
the Post-NAT stage, thereby potentially enrolling in surgery-reducing
trials. Our DCA results demonstrated that using the MRP’s predictions
not only allowed for the benefits of non-pCR patients at the pre/mid-
NAT stage (Fig. 5a, b) but also pCR patients at the post-NAT stage
(Fig. 5c). When comparing our model with human readers, although
there is a benefit offered by adding radiologists’ findings to the stan-
dard clinical approach (black curve, i.e., y =0), theMRP (red curve) still
outperformed human readers at each timepoint. Our results indicated
that incorporating the MRP into patient care led to a net benefit, even
at low decision thresholds. For instance, at a decision threshold of 10%
of non-pCR (Fig. 5a), the MRP resulted in a net reduction of 220 inef-
fective therapies per 1000 patients. In the Post-NAT scenario (Fig. 5c),
with adecision thresholdof 10%ofpCR, our approachmight yield a net
benefit of 132 treatment-sensitive breast tumors for pCR findings per
1000 patients. As decision thresholds increased, the benefits became
more substantial, with ~430 per 1000 pCR patients at a threshold of
21%. We did not evaluate higher decision thresholds, as they are rarely
clinically relevant and may not represent most patients’ or clinicians’
preferences reliably. Decision thresholds below 6% did not provide a
convincing net benefit in using our system, but these patients were not
the focus of this analysis and should always undergo standard therapy
or surgery.

The ablation studies for model
w/o cross-modal knowledge predictor. As illustrated in Supple-
mentary Figs. 10–14, it is evident that the models (i.e. iMGrhpc,
iMRrhpc, MRP) without the cross-modal knowledge predictor exhibit
notably decreased performance in both in-house and external cohorts.
Especially, for the external validation results, this technique leads to an
average 7.6% increase in AUC, with cohorts B, C, and D showing
improvements of 8.6%, 6.2%, 8.0%, respectively, compared to the same
model without cross-modal learning. This signifies the clear advantage
brought by the cross-modal knowledge predictor in enhancing the
model’s generalization capabilities. Likewise, as demonstrated in
Supplementary Fig. 11, there is a noticeable 15.3% and 12.1% increase in
AUROC for pCR prediction in ER+/HER2- and ER+/HER2+ subtypes,
respectively. This outcome is not surprising given that the cross-modal
knowledgeminingmodule incorporates the task ofmolecular subtype
prediction from the images. We believe these specific tasks mutually
benefit eachother during the learningprocess44.Whenwe included the
predictor, themodal contribution analysis depicted in Fig. 4 compared
to Supplementary Fig. 15 revealed enhanced image-wise contributions

Fig. 5 | Results of the DCA support using MRP and readers assessment for
making therapy-related decisions across NAT scenarios. Left and Middle: The
percentageof net interventions avoidedper 1000patientswithnon-pCRfindings in
Pre-/Mid-NAT (y-axis). The black curve (y =0) of Pre-/Mid-NAT is a standard

therapy-all approach (current clinical choice). Right: The percentage of net inter-
ventions avoided per 1000 patients with pCR (ypT0) findings in the Post-NAT (Pre-
surgical) phase (y-axis). The black curve (y =0) of Post-NAT is surgery-all approach
(current clinical choice).
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fromMRI andmammogram. This finding suggests that not only do the
features derived from the image itself play a crucial role in improving
prediction performance, but our strategy of employing a cross-modal
knowledge predictor also helps to extract valuable clinically relevant
information to enhance the model performance and its
generalizability.

w/o time-embedding of longitudinal information learning. As illu-
strated in Supplementary Figs. 16–18, the models (i.e. iMRrhpc, MRP)
without time-embedding exhibit inferior performance in comparison
to the final model, with decreases in evaluated metric values in
longitudinal-based scenarios. This outcome is expected, as the
embedded temporal information helps the model understand the
relationship between inputs before and after NAT. This is crucial
because the ability to predict response to NAT can vary when utilizing
information beforeNATversus information after NAT, as supportedby
previous research19,45. Most importantly, in the time-embedding set-
ting, the model’s input becomes more adaptable, making it applicable
in various real-world scenarios.

Reader study error analysis
Last, weperformed anerror analysis of predictionsmadebyMRPusing
the reader study. The primary objective was to compare MRP’s pre-
dictions with radiologists’ predictions and investigate cases with sig-
nificant discrepancies. Upon qualitative assessment, we observed that
in most instances, MRP’s predictions closely matched the radiologists’
predictions. Notably, MRP exhibited high accuracy when predicting
caseswithout pathological complete response (non-pCR), consistently
assigning them a low probability of achieving pCR (Supplementary
Fig. 19). This was evident in Supplementary Figs. 20 and 21. Moreover,
we noticed MRP’s predictions were notably lower than those of radi-
ologists, indicating its potential in identifying non-pCR patients who
may not benefit from therapy adjustments. Similarly, MRP effectively
identified pCR cases by assigning them a high probability, as depicted
in Supplementary Figs. 22 and 23. However, we did encounter a few
cases where our model assigned a high probability to non-pCR cases
(Supplementary Figs. 24 and 25), or conversely, a low probability to
positive cases of pCR (Supplementary Figs. 26 and 27). These situa-
tions were similar to those encountered by human radiologists, who
also faced challenges in interpreting such cases. For example, for
certain cases, we found thatmost of themissed pCR cases were ductal
carcinomas in situ (ypTis), which would anyway not qualify for skip-
ping surgery. In a small number of cases (Supplementary
Figs. 28 and 29), where MRP’s predictions diverged from radiologists’
assessments, the underlying reasons for these discrepancies remained
unclear. This underscores the importance of future research in the
field of deep learning uncertainty.

Discussion
In this study, we developed a multi-modal deep learning model, MRP,
for predicting treatment response in breast cancer patients across
clinical scenarios of NAT. Themodel was designed to closely resemble
physician evaluation in real clinical settings, taking into account data
from different time points in the treatment process and considering
the dependence between modalities and the phase of treatment. Due
to the use of histopathological and radiological data for predictions,
the model increases the applicability compared to that of a uni-modal
model. Our study is based on >3000 patients and covers all breast
cancer molecular subtypes, across the full process of NAT care cour-
ses. It represents the biggest BC cohort in the literature for these types
of analyses. The MRP model demonstrates a superior ability to accu-
rately predict pathological complete response compared to models
based on clinicopathological features alone, achieving an AUROC of
0.889 with the integration of multi-modal radiological imaging and
longitudinal MRIs.

MRP model demonstrates a superior ability to accurately pre-
dict pathological complete response
Initial studies have shown that deep learning has the potential to
identify patients who will achieve pCR, and the addition of breast
imagingdata improves the accuracy of treatment responseassessment
beyond clinical factors alone15,26. In our study, compared to the non-
imaging-based model (rhpc), we observed the AUROCs constantly
improved with our developed multi-modal models: iMGrhpc (incor-
porating mammography) improved by 5.5% in cohort A and 4.2% in
cohort C; iMRrhpc (incorporating MRI) improved by 9.5% in cohort A,
12% in cohort B, 9.6% in cohort C, and 15.3% in cohort D, and the MRP
system (which combines iMGrhpc and iMRrhpc) improved by 11% in
cohort A and 10.5% in cohort C. These findings indicate that the inte-
gration of image-derived data with auxiliary features increases the
predictive value. Implementing a clinical baselinemodel using our uni-
modal rhpc framework demonstrated similar performance to a pre-
viously published clinical predictor27 using the same clinical features.
In contrast, our NAT routine-used imaging (pre-NAT only) combined
model showed a significant improvement over the baseline clinical
model (cohort B: iMRrhpc: p = 2.358e-03; cohort C: iMGrhpc:
p = 1.640e-02; iMRrhpc: p = 7.584e-03; MRP: p = 4.956e-04). Although
the differences between iMGrhpc/iMRrhpc and rhpc were statistically
significant, it is important to note that our rhpc model differs from
conventional clinico-pathologic combined models. The rhpc model
incorporates four attributes from radiological findings, five histo-
pathological attributes from pathology examinations, nine personal
attributes frompatient records, and four clinical attributes determined
by the clinician. Consequently, rhpc captures multidisciplinary fea-
tures using a deep learning algorithm that encompasses clinical
abnormalities as well as underlying molecular characteristics. There-
fore, it could also validate the potential benefits of integrating radi-
ological, histopathological, clinical, and personal information
throughout neoadjuvant therapy care to enhance the performance of
artificial intelligence models for predicting pathological complete
response in breast cancer. Moreover, our final integrated response
prediction model, referred to as MRP, which combines iMGrhpc and
iMRrhpc, demonstrated even better performance in predicting
pathological complete response when compared to rhpc (cohort A:
p =0.003; cohort C: p =0.009). This superior predictive performance
of MRP can be attributed to the integration of heterogeneous radi-
ological and histopathological features, enabling a comprehensive
assessment of both macro-structural and micro-structural character-
istics of the tumor. Histopathological features had the largest con-
tribution to the prediction of response (Fig. 4), with tumor-specific
features like histology type and molecular subtype being the most
important. Although radiological data, which capture tumor-
phenotype features, contributed less overall, the heterogeneity of
breast cancer response related to mammographic density41,42 and
tumor distribution (uni-focal or multi-focal)40 also demonstrated
additional predictive power in our model.

MRP presented comparable robustness and generalizability to
breast radiologists, significantly outperforming humans in pCR
prediction on Pre-NAT phase
To address the challenges of transparency and reproducibility in the
application of artificial intelligence in medicine46, we followed estab-
lished guidelines47,48, which provide best practices for study protocols
and reporting specific to machine learning. According to these
guidelines, we conducted external validation studies using interna-
tional datasets. The results demonstrated robust accuracy for the
predictionof pCR,withAUROCof0.797 (95%CI0.736-0.850) in cohort
B. In longitudinal clinical settings for cohort C and cohort D, the MRP
demonstrated a consistently increasing AUROC from the Pre-NAT
stage (cohort C: 0.821, 95% CI 0.721-0.908; cohort D: 0.799, 95% CI
0.761-0.836) to Post-NAT stage (cohort C: 0.842, 95% CI 0.753-0.918;
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cohort D: 0.829, 95% CI 0.794-0.864). This finding suggests that MRP
has the potential to be applicable in real-world clinical settings. In
order to facilitate the adoption ofMRP in other settings, we havemade
our methods and algorithm code publicly available. Regarding the
applicability of multi-modal imaging, breast MRI is currently the pre-
ferred imaging modality for assessing tumor response to neoadjuvant
therapy49. Mammography remains the standard imaging technique for
breast cancer diagnosis50 and canbe used as an independent predictor
in the pre-NAT scenario. While we have chosen not to include ultra-
sound in this study due to its operator dependency51, we aim to work
towards incorporating it into our model in the future, considering its
effectiveness in predicting tumor size49 and assessing lymph node
status51. Although this will require retraining the deep learning archi-
tecture described in thismanuscript and further validation, the benefit
of our model is that features from any data modality can be added or
removed to generate predictions. In addition to external validation, we
also conducted a reader study using both internal and external
cohorts. In cohort A, the findings of our study demonstrate that MRP
achieved remarkably superior pCR prediction after NAT when com-
pared to human readers. We identified several cases where MRP suc-
cessfully predicted pCR that the readers had missed. One common
scenario involved the presence of residual ductal carcinomas in situ,
where Post-NAT imaging still exhibited enhancement, albeit not indi-
cative of actual invasive tumor presence (see Supplementary Fig. 23).
Additionally, we observed that radiologists, due to their training, focus
primarily on image characteristics, and occasionally overlook impor-
tant tumor characteristics, such as the molecular subtype, in their
decision-making process. It is worth noting that MRP also exhibited
statistically significant better predictive performance in the Pre-NAT
phase in cohort A, surpassing the results of all six readers (all p < 1e-
04). To further investigate the performance of our system in the Pre-
NAT phase, we conducted an additional reader study in cohort B,
involving 100 patients and two breast radiologists. The results showed
that MRP significantly outperformed one radiologist, with a margin of
15% AUROC (p =0.041), and exhibited comparable performance to the
second radiologist, with a non-statistically significant margin of 4.5%
AUROC. It is important to note that this analysis had some limitations,
such as the small number of readers (two) and their different countries
of origin compared to the data source. Nevertheless, the study
demonstrated that MRP performs at least comparable to board-
certified radiologists when predicting pCR on pre-treatment MRI
examinations and clinicopathological data, indicating its robustness in
handling distribution shifts. The superior performance of the MRP
model compared to human readers shows that it is difficult to include
all relevant factors in human reasoning, and consequently highlights
the importance of using models in clinical reasoning.

MRP shows its interpretability in design for training/inference
It is essential to ensure that the model exhibits good interpretability
and predictable performance. In the case of our multi-modal based
models (i.e., iMGrhpc, iMRrhpc, MRP), we not only consider their
clinical application during the design phase but also explicitly
demonstrate the contribution of the various input modalities in the
model’s training. Their design mimics the process in clinical practice,
integrating longitudinal multi-modal data to evaluate therapy
response in breast cancer patients during the therapy. However, it is
important to acknowledge that in the context of multi-modal and
longitudinal data, there may be missing data in the model’s input
settings. This issue becomes even more pertinent when the model is
applied to external datasets or deployed in clinical practice, as the
input factors may not always align due to varying clinical treatment
regimens across hospitals. To maintain the model’s stable general-
ization ability and given the frequent availability of imaging data, we
incorporate a cross-modal knowledge predictor that solely utilizes the
imaging modality to predict other modal inputs for extracting the

clinically relevant features. This approach prioritizes improving the
efficiency of imaging data and increases the contribution of the ima-
ging modality. Ablation studies with cross-modal knowledge mining
reveal enhanced image-wise data contribution (Fig. 4, Supplementary
Fig. 15) and consistently increased AUCs for both iMGrhpc and
iMRrhpc models, as demonstrated in Supplementary Figs. 12, 13, and
14 (for results descriptions, please see “w/o time-embedding of long-
itudinal information learning”). Consequently, the unified model MRP
remains compatible with missing data input while minimizing the
impact on prediction performance. Regarding the longitudinal inputs,
their contribution to treatment response prediction varies depending
on the different time points of neoadjuvant therapy. The ability to
predict response to NAT differs when using Pre-NAT information
versus Post-NAT information, as evidenced by previous studies19,45. We
train the longitudinal model using both single-time point images and
multi-time point inputs in the meantime embedding with temporal
information, effectively capturing the heterogeneity of clinical out-
comes throughout the NAT timeline. In contrast to most existing stu-
dies, which typically employ fixed inputs consisting of either single or
multiple time points for predicting treatment responses, our multi-
modal basedmodels aredesigned to accommodateflexible input data.
Furthermore, in the context of multi-modal breast data, combining all
paired MRI and mammogram images for patients poses significant
challenges. Therefore, our iMRrhpc and iMGrhpcmodels also support
such independent usage, providing a practical solution in situations
where combining both modalities is not feasible.

MRP may provide a potential clinical tool in breast cancer per-
sonalized therapy management across NAT care
Several studies29,30 have successfully developed deep learning models
that utilize Pre-NAT MRI and clinical information to predict therapy
response in breast cancer patients. However, the clinical applicability
of these models remains unclear due to common limitations. Firstly,
many of the studies had small sample sizes and lacked external vali-
dation, which increases the risk of overfitting and limits the general-
izability of thefindings. Secondly, their approachmay not fully address
the evolving clinical needs throughout the course of care. Specifically,
different time points in the treatment trajectory require different
attention and emphasis. For instance, in the Pre-/Mid-treatment phase,
a higher specificity is desired to identify only the non-responsive
patients who may benefit from stopping of ineffective therapies and
adjusting their treatment regimen accordingly. In the Post-NATor end-
treatment phase, a fair sensitivity of identifying pCR patients is crucial
to consider the safe surgery reducing trials for patients who have
already responded well to treatment, while securing the surgery
opportunity for all women who have not achieved pCR. In our study,
we evaluate the clinical utility of MRP by employing a decision curve
analysis (DCA) methodology31. DCA indirectly incorporates the pre-
ferences of both patients and doctors by calculating the net benefit or
reduction associated with alternative strategies, such as selectively
performing surgeries based on high DL-based pCR probabilities,
compared to the default strategy of performing surgeries for all
patients. Despite being a relatively recent methodology, DCA has
gained recognition in medical journals and has been adopted in
numerous studies15,52–54. The benefits of utilizing the MRP were con-
sistent across various threshold probability values that are clinically
relevant. By employing this approach, we hope to provide valuable
insights into the potential clinical implications and associated benefits
of integrating DL models based on MPR into breast cancer therapy
management. MRP may potentially also provide a clinical guide for
personalized breast cancer NAT, as it can predict the effect of different
therapies as well.

Despite encouraging findings, our study possesses several lim-
itations that need to be acknowledged. Firstly, the design of our reader
study and analysis may not fully capture the impact of MRP on
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radiologists’ decision-making processes when it would be imple-
mented in real-world hospital systems. To gain further insights into
these effects, it would be valuable to conduct a multireader, multicase
study, where the MRP is used as a concurrent or second read tool.
Further, careful interpretation and integration of the MRP model into
clinical practice by clinicians are necessary to ensure its safe and
effective use, considering multiple factors such as clinical judgment
and patient preferences. The safety of adapting regular clinical pro-
cesses should be tested in randomized clinical trials. Secondly, while
our DCA analysis provides valuable information about the clinical
utility of the MRP, a more comprehensive analysis should be con-
ducted in the future to estimate the potential benefits and costs
associated with implementing such an AI system. Thirdly, the valida-
tion of ourmodel wasbased on retrospective data. Although this study
represents the biggest breast cancer cohort in the literature to our
knowledge that integrates longitudinal multi-modal breast data with
NAT outcomes, further prospective clinical trials are required for
enhancing the model’s clinical evidence. Fourthly, survival analysis is
necessary to further assess the prognostic potential of MRP. This
aspect should be addressed in future investigations. Fifthly, this study
demonstrates the designedMRP system’s efficiency in integrating rhpc
data with breast radiological imaging modalities for NAT response
prediction. However, our current models were developed solely using
two radiological modalities (mammography and MRI). Recent
studies16,27, known to utilize digital pathology data with whole-slide
images, have advanced predictions of response to NAT of breast
cancer. Future work will explore incorporating additional imaging
modalities, such as pathological slides and ultrasound, which may
enhance theperformanceof ourmodels and contribute to their overall
improvement.

In conclusion, the proposed multi-modal AI system MRP enables
predicting the probability of breast cancer response during the whole
NAT period and the model exhibits superior performance compared
to breast imaging experts in predicting the probability of breast cancer
patients achieving pCR. The MRP design, including a cross-modal
knowledge predictor and temporal information embedding, ensures
its capability in handling longitudinal multidisciplinary information
across different clinical realities, whilst being compatible with missing
data. Additionally, the generalizability of our model across different
populations by evaluating its performance was shown on three inter-
national external datasets. These findings may have significant clinical
implications, due to the potential to personalize breast cancer patient
therapy management. In the clinical workflow, the MRP could be
applied to patients across neoadjuvant therapy stages. In the Pre- and
Mid-NAT setting, patients predicted to have treatment-resistant
tumors could be promptly considered for enrollment into neoadju-
vant clinical trials of alternative therapies9. In the Post-NAT setting,
patients predicted tohave achievedpCRmaybe considered for clinical
trials of reducing surgery10,11, contingent upon further validation.

Methods
Study design
The purpose of this study is to develop and evaluate a longitudinal
multi-modal model known as MRP. It is designed to predict the
response of breast cancer to neoadjuvant therapy while effectively
addressing the various clinical scenarios encountered across the world
in neoadjuvant breast cancer care. According to the standard of NAT
care addressed in Fig. 1, our data collection includes essential patient
information, as shown inTable 2, suchas age, sex, the ageofmenarche,
menopausal status, and genetic mutations related to TP53, BRCA1,
BRCA2, and CHEK2. Additionally, we have gathered a Pre-NAT mam-
mogram dataset comprising 4,802 examinations, which includes
radiological findings like tumor location, laterality, density, and mul-
tifocality. We also acquire histopathological data regarding tumor cell
characteristics, which includes molecular subtype, tumor histological

type, tumor differentiation degree, and in situ component findings.
Furthermore, our dataset encompasses longitudinal sets of DCE-MRI
data from 3,719 patients, completed with radiological observations.
Lastly, we include clinical information, such as cTNM staging and
treatment details. All collected training data are sourced from the
Netherlands Cancer Institute. In addition, we use independent, inter-
national datasets for external validation of ourmodel. TheMRP system
is built upon twomulti-modal models, namely, iMRrhpc and iMGrhpc.
The final MRP model is an enhanced ensemble that integrates opti-
mized weightings from both the iMRrhpc and iMGrhpc models.
Beyond analyzing the multi-modal based model performance with the
uni-modal based rhpcmodel, we compare their performancewith that
of an international group of radiologists. We also explore how these
models/modalities’ features are weighted to predict and explain pCR
outcomes by feature importance analysis. Last, we used DCA metho-
dology to demonstrate that MRP’s predictions can identify non-pCR at
Pre-/Mid-NAT stage to help in adjusting therapy promptly, and pCR
patients at Post-NAT stage to help in avoiding unnecessary surgeries.

Cohorts construction
Patient pathway. This study follows the clinical practice pathway32 in
breast cancer neoadjuvant therapy response evaluation illustrated in
Fig. 1 that we now detail. In the Pre-NAT phase – i.e. during the initial
staging of breast cancer, patient information is collected. This includes
weight, gender, age, the age of menarche, menopausal status, and
geneticmutations related to TP53, BRCA1, BRCA2, andCHEK2. Primary
screening is conducted through mammograms and/or ultrasound
examinations, concluding with critical radiological findings that have
given rise to the indication to biopsy a lesion. Breast MRI and CT scans
(if available) are utilized to establish the clinical tumor nodemetastasis
classification (cTNM) of the cancer, yielding the intial breast cancer
stage. The diagnostic biopsies are performed to extract suspected
tissue samples that are subjected to histopathological examinations to
gather essential pathological variables. After diagnosing the patient
with a specific type and stage of breast cancer, the standard ther-
apeutic regimen is initiated, which consists of neoadjuvant therapy in
most larger ( >2 cm) and/or node positive cancers. Mid-NAT stage
involves the collection of a second round ofMRI studies. These studies
serve as follow-ups and are used to comparewith the baseline Pre-NAT
MRI for evaluating if the patient needs to adjust the treatment plan. In
the Post-NAT phase – after completion of NAT and prior to surgery – a
third MRI study is conducted, known as the Post-NATMRI, to evaluate
if the patient achieves the pCR. During surgery, both the breast tissue
and axillary lymph nodes are examined to assess the treatment’s
effectiveness. This response assessment is based on the pathological
tumor and lymph node staging after NAT (ypTN).

Inclusion and ethics statement. In-house dataset. The protocol was
approved by themedical ethics committee of The Netherlands Cancer
Institute (registration number: IRBd21-059). We collected histopatho-
logical attributes from pathology examinations, personal attributes
from patient records, clinical attributes determined by the clinician,
breast imaging (including DCE-MRI and mammogram), and related
radiological findings for participants with breast cancer between
August 2004 and December 2020. All patients treated at our institu-
tion undergo pre- and post-NAT breast MRI. Interim scans were stan-
dard between 2010 and 2015. Before 2010, and after 2015, this practice
was performed for trial participants or when treatment efficacy was in
doubt. As Supplementary Fig. 1. a shows, the inclusion criteria were: (1)
pathologically confirmed diagnosis of breast cancer and treatment
with neoadjuvant NAT (chemotherapy, hormone therapy, immune
therapy); (2) at least one time point scans available from either of the
NAT timepoints (Pre-NAT scans available within 1 year prior to the
initiation of NAT; Mid-NAT scans available between the initiation and
end of NAT; Post-NAT scans available after NAT but before surgery).
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The exclusion criteria were: (1) patients had other concurrent malig-
nancies or were receiving another oncologic treatment; (2) patients
that did not complete the entire course of therapy or did not undergo
surgery. Patients were also excluded if the MRI/MG quality was
insufficient.

In total, 3352 patients were included in this multi-modality study,
where pre-NAT MG and multi-timepoint MRI datasets were collected.
We first randomly divided the MG dataset at the patient level, allo-
cating 80% for training and the remaining 20% split equally for vali-
dation and testing. In the test subset, 120 patients were further
selected to form the test cohort A. These patients had both available
pre-NATMGand longitudinalMRI examinations at three different time
points (pre-,mid-, andpost-NAT), allowing formodel evaluation across
these stages. The remaining cases from the test subset were added to
the validation set. Consequently, for the MRI dataset division, we
ensured a consistent test set of 120 patients with the MG dataset for
comparative purposes, while still maintaining a 20% allocation for
validation and test. The variables of collected patient characteristics
are detailed in Table 2.

To demonstrate the generalizability of ourmodel across different
populations, we collected datasets from international institutions in
the Netherlands, the United States, and China. These external datasets
were preprocessed using the same pipeline as our in-house data,
including resampling, reorientation to the left-posterior-superior (LPS)
orientation.

Duke University. The Duke Breast Cancer MRI dataset55, publicly
accessible through The Cancer Imaging Archive (TCIA), includes data
from patients recruited at Duke University School of Medicine (Dur-
ham, USA) between January 2000 and March 2014. The dataset com-
prises 922 examinations of invasive breast cancer, with 312 eligible
patients having receivedNAC. Tomeet the requirements of ourmodel,
we identified pre- and post-contrast sequences to generate subtracted
images and performed inference to produce predictions.

For this study, as Supplementary Fig. 1. b shows, we first excluded
those with missing ground truth on pCR (i.e. 12 patients treatment
response assessment unavailable). We also excluded 12 examinations
for sizemismatch between pre- and postcontrast sequences or lacking
information. Ultimately, 288 imaging exams were included from the
Duke dataset, for further details please refer to Supplementary Tab. 6.
Of note, these only comprise the MRI scans obtained in the pre-NAT
phase, as mammograms and examinations obtained during and after
NAT are not available.

Fujian Provincial Hospital Dataset. The cohort consists of 220
breast cancer patients who received neoadjuvant therapy between
January 1st, 2019, and December 31st, 2023, collected from Fujian
Provincial Hospital (FJPH) in China. The dataset comprises pre-NAT
mammograms, longitudinal dynamic contrast-enhanced MRI data
before and after NAT, clinical information, and histopathologic out-
comedata. To ensure comparable validationbetween the iMGrhpc and
iMRrhpc models across the NAT period, we excluded 135 patients due
to either missing multi-modal imaging or longitudinal MRI, or unqua-
lified imaging, as shown in Supplementary Fig. 1. c. The remaining 85
cases were included. For further patient details, please refer to Sup-
plementary Tab. 7.

I-SPY2 Dataset. In the I-SPY2 (Investigation of Serial studies to
Predict Your Therapeutic Response with Imaging And moLecular
analysis 2)33,34 collection, from 2010 to 2016, 719 breast cancer patients
were enrolled across multiple clinical sites in the United States,
including dynamic contrast-enhancedMRI and clinicopathologic data.
In this study, we excluded 211 patients who were either size mis-
matched between pre- and post-contrast sequences or missing multi-
time points (pre-, mid-, and post-NAT) MRIs, as shown in Supplemen-
tary Fig. 1. d. Ultimately, 508 cases and corresponding 2,032 imaging
exams were included in the I-SPY2 dataset. For further patient details,
please refer to Supplementary Tab. 8.

Ground Truth: Definition of pathological complete response. pCR is
defined as the absence of invasive disease in breast and axillary nodes
(ypT0/is, ypN0) at time of surgery, which allows for the presence of
residual DCIS (ypTis) in the pathological specimen. Patients in whom
residual invasive breast cancerwas found andpatientswhoprogressed
before surgery are labeled as non-pCR. Note that for multi-center
cohorts, a unified pCR standard2 was used.

Model development
We first trained the uni-modal rhpc-based model as the baseline
model, which extracts features from rhpc characteristics (r: radi-
ological, h: histopathological, p: personal, c: clinical) as presented in
Table 2. Age of patientswasmodeled as a continuous variable, while all
other characteristics were encoded as one-hot categorical variables.
These variables were then embedded through a linear layer followed
by an Exponential Linear Unit (ELU) activation function56. Subse-
quently, the features from all variables were concatenated and fed into
a two-layer multi-layer perceptron (MLP) with an output dimension of
256. Finally, the MLP output is passed through a linear classifier to
estimate the treatment response of breast cancer patients.

For multi-modal models development, as indicated by Fig. 2, the
proposed iMGrhpc/iMRrhpc takes the imaging (Mammogram/MRI)
and rhpc-based signatures as input, and outputs including rhpc and
response prediction. Eachmodel network architecture consists of two
modules: one is a cross-modal knowledge mining that predicts rhpc
information through extracted imaging features only, and another is
for response prediction through integrated features of rhpc-based
signatures and imaging features. The design of cross-modal knowl-
edge mining is to enhance the model capacity of imaging feature
extraction and increase the contribution of the imaging modality.

It is understood that there easily exists incompletemulti-modality
data due to different therapy workflows in clinical reality. Thus our
model is designed to maintain the contribution from imaging data,
which is frequently available across different medical centers. Thus
minimizing the model dependence on data from other modalities.
Specifically, we insert a branch topped on the extracted imaging fea-
tures where it is trained to predict all structured input and therapy
response. For the MG and MRI imaging features extractors, which are
respectively based on 2D-ResNet18 and 3D-ResNet1857 architecture
with pre-trained backbones. Particularly, the visual encoder of
iMRrhpc consists of two identical 3D-ResNet18 with shared para-
meters. Subsequently, the extracted image features are embedded
with respective stage-specific temporal information. This includes
three temporal signals for Pre-, Mid- and Post-NAT, which we con-
verted into one-hot categorical variables. The one-hot vectors are then
constructed using a linear layer followed by the Exponential Linear
Unit (ELU) activation function, a method commonly used in previous
studies58,59, allowing for the integration of temporal representations.
The rhpc extractor is a sequential layer that passes through a Multi-
layer Perceptron (MLP) utilizing fully connected layers activated by the
ELU activation function. Eventually, the imaging and rhpc features flow
to the therapy response prediction modules.

For the sake of both explainability and flexibility during training
and inference, the ensemblemethod,MRP, is structured to involve the
separate training of iMGrhpc and iMRrhpc models, followed by the
integration of optimized weightings from both models. For a given
inference sample x, if F1 denotes themodel trained locally on iMGrhpc
and F2 is the model trained locally on iMRrhpc, then the prediction y
for the ensemble strategy is given as y =W1 × F1 +W2 × F2, where W1
and W2 are the weights for aggregating each model’s prediction to
provide abest overall prediction performanceduring validation,which
use the same weights for testing.

Training details. The training was performed with two separated
customized data loaders (MRI-based, mammogram-based), which, for
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each patient, picked random combinations of available data per phase
of NAT, from all present imaging, temporal information, and corre-
sponding structured data to be fed into each modal model. For
training of the MRI-based model, we loaded weights from the model
Pre-trained on the medical dataset60. For validation and testing,
patient-level predictions were calculated by averaging over the prob-
ability predictions produced by iMGrhpc and iMRrhpc. The MRP is
based on the optimized weights to select the best multi-modal fusion
performance.

Imaging acquisition and processing. The full field digital mammo-
graphy images were acquired using a HOLOGIC Selenia Dimensions
mammography system. Before being input into the model, the mam-
mograms with standard DICOM format undergo preprocessing steps.
Firstly, the images are converted into 16-bit PNG format. Then, the
whole breast region is segmented to exclude the background. To
ensure a consistent size for all images, zero-padding and resizing are
applied, resulting in images with dimensions of 512 by 1024 pixels
while preserving the relative scale and aspect ratio. Lastly, the images
arenormalized using themin-maxmethod. Additionally, standarddata
augmentation techniques are employed during training to enhance
model robustness and prevent overfitting. These augmentation tech-
niques include random flipping, brightness adjustment, and contrast
enhancement, as described in61.

The MRIs were acquired using Philips Ingenia 3.0-T scanners.
Specifically, subtraction images were collected following the radi-
ologists’preferences. Subtraction images are generated by subtracting
the precontrast volume from each postcontrast volume, following a
simple matrix subtraction method: X_subtraction =X_post - X_pre,
where X_post represents one of the postcontrast volumes, and X_pre
represents the precontrast volume. To ensure consistency in spatial
resolution, all MRI images are resampled to a voxel size of 1mm× 1
mm × 1mm. After resampling, the images are cropped to retain the
bilateral breast area, resulting in a final size of 176 × 176 × 352. Various
augmentation techniques are alsoapplied to theMRI images, including
geometric transformations, intensity-based modifications, and MRI-
specific augmentations62.

Ablation analysis. In order to examine the necessity of different
components within the proposed multi-modal network for accurately
predicting responses in multi-center data, we conducted a compara-
tive analysis by simplifying the network. Firstly, we eliminated the
cross-modal knowledgepredictor,which serves as a functionalmodule
that topped the extracted image representations. Consequently, the
network focused solely on onemodule of response prediction without
incorporating any branch functions. This modification allowed us to
assess the significance of cross-modal knowledgemining in enhancing
the model’s generalization capability, as well as its influence on the
contribution of the imagingmodality. Secondly, we removed the time-
embedding component responsible for encoding stage-specific tem-
poral information within the network. This alteration provided us with
the opportunity to evaluate the importance of time embedding across
various NAT phases, considering flexible data inputs of both long-
itudinal and single time points.

Reader study
We conducted a retrospective reader study to evaluate the perfor-
mance of our model compared to radiologists in predicting therapy
response. The study employed a standalone assessment approach, in
which six board-certified breast radiologist attendings from five
countries interpreted the imaging exams. For the reader study set, we
selected imaging exams from two test cohorts. To ensure the dataset
reflected the clinical reality, we enriched it with a regular distribution
of pCR and non-pCR cases. We also considered different molecular
breast cancer subtypes. During the study, radiologists were provided

with MRI images, as well as clinical and pathological information such
as Pre-therapy clinical stage, molecular subtype, and treatment
received. They could also access subtraction MRI images. All the ima-
ging exams used in the study were pseudonymized and stored in a
grand-challenge platform dedicated to reader studies, which can be
found at https://grand-challenge.org/reader-studies. Radiologists used
this platform to report their predictions guided by RECIST criteria32.
Before participating in the study, the recruited radiologists were
required to familiarize themselves with the study instructions and the
DICOM viewer, specifically the LesionTracker system described by
Urban et al.63. Once ready, radiologists were asked to provide the
prediction for each imaging exam. A probability estimation for the
patient achieving pCR, ranging from zero (indicating non-pCR) to one
(indicating pCR). Breast tumors were evaluated at each phase of NAT,
with subsequent images being blinded to the radiologists. The
assessments were performed sequentially, starting with the Pre-NAT
MRI, followed by the addition of Mid-NAT MRI, and finally the Post-
NAT MRI inclusion. This approach ensured that the radiologists made
their predictions without knowledge of the subsequent images,
mimicking the real clinical scenario.

Statistical analysis
In our study, we employed severalmethods to assess the performance
of the models and to evaluate inter-reader agreement. To evaluate
model performance, we utilized ROC and PR curves.We calculated the
AUC for both ROC and PR curves using a nonparametric (trapezoidal)
method. Additionally,we reported sensitivity and specificity. Toobtain
confidence intervals (CIs) for the results, we used the bootstrap
method outlined by Carpenter and Bithell64, to derive 95% CIs. For
comparisons between twomodels or amodel and a specific reader, we
performed DeLong’s test65 on the AUROCs. We considered p-values
<0.05 as statistically significant. To assess the clinical utility of the
models, we employed decision curve analysis (DCA). We used the
dcurves Python package (available at https://github.com/MSKCC-Epi-
Bio/dcurves) to generate DCA curves and calculate the Net Reduction
of Intervention (NRI). In DCA, we established a range of threshold
probabilities for the test set and reported a wide range of threshold
probabilities for the full population. TheNRI is defined in the following
equation:

NRI =
ðTP� FPÞ

N
� ðFN� TNÞ

N
ð1Þ

Here, TP refers to true positives, FP refers to false positives, FN refers
to false negatives, TN refers to true negatives, and N represents the
total number of cases or observations. To prevent overestimation of
the net benefit66, we performed bootstrapping with 1000 replicates
and reported decision curves with 95% CIs. We performed a dis-
proportionality analysis67 to evaluate the association between pCR and
the top significant contributing factors identified in theMRPmodel by
calculating the Odds Ratio (OR), using the most common group as the
comparator.

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

Data availability
The raw in-house data are protected and are not available due to data
privacy laws, while supporting the findings including the imaging data
can be available under restricted access for non-commercial and aca-
demic purposes only. Access can be obtained by request to the cor-
responding author, and all requests will be promptly reviewed within
15 working days. The Duke Breast Cancer MRI55 data are available at
TCIA (https://wiki.cancerimagingarchive.net/pages/viewpage.action?
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pageId=70226903). The I-SPY2 Breast Cancer MRI datasets33,34 are
available at TCIA (https://www.cancerimagingarchive.net/collection/
ispy2/). Because those external datasets originally do not provide
information on pre- and post-contrast sequences as well as labels
formatted for deep learning research, we publish files and scripts to
enable processing of them for deep learning purposes. Sourcedata are
provided with this paper.

Code availability
Custom codes related to the deep learning models are available on
https://github.com/yawwG/MRP/.
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