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Hormone receptor-positive/human epidermal growth factor receptor 2-negative (HR*/HER2™) early breast
cancer (EBC) patients face long-term recurrence risk despite standard treatment. Current prognostic
tools relying on clinicopathological factors or multigene assays have limited accuracy or accessibility.
In this study, we developed a multimodal recurrence risk prediction (MRRP) model integrating routinely
available clinical data, including whole-slide images (WISs), ultrasound (US) imaging and diagnostic
reports, and structured clinical parameters. The MRRP model employs a hierarchical transformer-based
fusion framework with innovative intra- and intermodality cross-attention mechanisms to dynamically
integrate diverse feature representations. Using a well-curated cohort of 768 HR*/HER2™ EBC patients
with long-term follow-up, MRRP demonstrated superior prognostic performance (C-index = 0.840)
compared to single-modality models, with robust time-dependent AUCs exceeding 0.85 at 3, 5, and
7 years. Ablation studies highlighted the central role of pathology features and the complementary value
of US and clinical data. We further validated the optimal query selection strategies and evaluated different
pretrained encoders, revealing complex modality interactions. To address real-world challenges of missing
modality data, a learnable compensation mechanism was implemented, improving model robustness. Our
study provides a clinically practical, Al-driven tool for precise risk stratification in HR*/HER2™ EBC patients,
facilitating individualized treatment and surveillance decisions without reliance on costly multi-omics data.
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Introduction

Hormone receptor-positive/human epidermal growth factor
receptor 2-negative (HR*/HER2") breast cancer is the most com-
mon subtype of breast cancer, accounting for over 70% of cases
[1]. Although early-stage patients generally achieve favorable
prognoses through surgery combined with adjuvant therapy,
approximately 20% to 30% of patients still face long-term risk of
recurrence [2]. Therefore, precise assessment of recurrence risk
in HR*/HER2™ breast cancer patients remains a critical challenge
in the era of precision medicine. Currently, clinical prediction
tools mainly rely on clinicopathological factors and multigene
assays (such as Oncotype DX [3-5], MammaPrint [6,7]), but
their predictive performance remains suboptimal, with most
models exhibiting concordance indices (C-index) below 0.7
[3,8,9]. Moreover, multigene assays are costly and have limited
accessibility, which restricts their widespread clinical application.
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In parallel, several artificial intelligence (AI)-based models using
routine hematoxylin and eosin (H&E)-stained whole-slide
images (WSIs) have shown that digital histopathology alone can
provide independent prognostic information in breast cancer.
For example, Wang et al. [10] developed the DeepGrade model
to improve risk stratification among Nottingham histological
grade 2 tumors using deep learning on WSIs, and the CE-IVD-
marked (Conformité Européenne-In Vitro Diagnostic-marked)
Stratipath Breast solution has been validated for WSI-based risk
stratification in large, independent breast cancer cohorts and has
shown considerable agreement with an established multigene
assay in estrogen receptor—positive (ER")/HER2™ early breast
cancer (EBC) [11,12]. Thus, developing a practical and effective
Al-based risk prediction model that leverages routinely collected
clinical data, including pathology images, imaging examinations,
and structured clinical information, is of great importance for
optimizing treatment decisions and follow-up strategies.
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In recent years, Al has demonstrated tremendous potential
in healthcare, particularly in integrating heterogeneous multi-
source medical data to build multimodal predictive models with
substantial progress [13-16]. Such models leverage the comple-
mentary nature of different data modalities to achieve more
accurate clinical prognostic predictions compared to single-
modality approaches [17-20]. For example, in breast cancer
prognosis prediction, the CIMPTGV model developed by
Zhang’s team [21] integrates clinical information, multidimen-
sional immunohistochemistry, metabolomics, pathology, tran-
scriptomics, genomics, and copy number variations, achieving
excellent performance with a C-index of 0.869. However, most
existing multimodal studies rely heavily on expensive and time-
consuming omics data, while research on multimodal risk pre-
diction models based solely on routinely available clinical data
(such as digital pathology images, US imaging, and diagnostic
text reports) remains limited. Developing such clinically practi-
cal models faces multiple challenges: First, heterogeneous data
from different departments and devices suffer from inconsistent
standards and decentralized storage, complicating efficient
cross-department data integration; second, the heterogeneity
of each modality requires tailored feature encoders, whose per-
formance directly affects prediction accuracy; third, designing
effective multimodal fusion strategies is complex, with cross-
modal interaction mechanisms posing core technical chal-
lenges; lastly, although missing data modalities are common in
real-world clinical practice, most existing studies train and
validate multimodal models only on patients with complete
modality data, which effectively reduces the usable sample size
and may compromise model performance and generalizability
[22]. These factors collectively hinder the clinical implementa-
tion and widespread application of multimodal risk prediction
models.

To meet clinical needs and overcome the challenges described
above, we developed a multimodal recurrence risk prediction
(MRRP) model for patients with HR*/HER2™ EBC. The model
was built using low-cost and easily accessible clinical data from
multiple sources, including pathomics, US radiomics, and clini-
cal information. In total, 768 patients were included. The dataset
contained WSI, grayscale US images, US diagnostic reports, and
structured clinical information. We proposed an innovative hier-
archical fusion framework to address the difficulty of integrating
these different types of data. In the pathology branch, a cross-
attention mechanism was used to combine deep learning features
from a pretrained encoder with morphological and spatial topo-
logical features derived from the sc-MTOP (single-cell morpho-
logical and topological profiling) framework [23], which uses a
Hover-Net model pretrained on the public PanNuke dataset to
generate single-cell-level nuclear segmentation and cell-type
labels for subsequent morphological and spatial topology profil-
ing. In the US branch, we integrated deep image features obtained
from a self-trained encoder, radiomics features extracted using
the PyRadiomics library [24], and text embeddings generated
by a large language model to capture the semantic content of
diagnostic reports. Pathomics and US radiomics features were
then merged, and the combined features were further integrated
with structured clinical information processed by a learnable
encoder through cross-attention. The MRRP model was able to
capture complementary information from different modalities
and showed excellent performance in predicting recurrence risk.
This approach offers an economical, efficient, and clinically fea-
sible tool for risk stratification in HR"/HER2™ EBC.
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Results

Characteristics of the HR*/HER2™ EBC multimodal

dataset and construction of the MRRP framework
This study included a total of 768 eligible patients with HR*/
HER2™ EBC treated at West China Hospital (WCH), Sichuan
University, hereafter referred to as the WCH cohort. The patient
selection process is summarized in Fig. S1, and detailed inclusion
and exclusion criteria are provided in the data collection section
of Materials and Methods. The median follow-up time was
88 months (range, 17 to 174 months), and the median age was
47 years (range, 25 to 78 years). Histological grade showed that
grade 2 accounted for the largest proportion (57.8%, 444/768),
and 57.9% (445/768) of patients had lymph node metastasis.
During the entire follow-up period, 125 recurrence or metastasis
events were observed (16.2%). Kaplan—Meier analysis revealed
a 10-year recurrence-free survival (RFS) rate of 81.3% [95% con-
fidence interval (CI), 78.1% to 84.5%)]. The distribution of recur-
rent and nonrecurrent patients across subgroups and detailed
clinical characteristics are presented in Table S1.

Based on the WCH breast cancer specialty cohort, we estab-
lished a multimodal dataset for predicting recurrence risk in
HR*/HER2™ EBC. This dataset integrated 4 commonly col-
lected data types in clinical practice: high-resolution digitized
whole-slide pathology images, standardized preoperative US
images, detailed US diagnostic report texts, and structured
clinicopathological parameters (including patient age, tumor
size, histological grade, lymph node status, and hormone recep-
tor expression levels). To ensure data quality, all enrolled cases
underwent a strict standardized collection process and profes-
sional quality control, as detailed in Fig. S1. The dataset was
randomly divided into training and test sets at a ratio of 5:1
with stratification to maintain balanced sample distribution.

During model development, a staged training strategy was
adopted. First, pretrained feature encoders were used to extract
modality-specific representations from pathology and US data.
For pathology images, we obtained deep features, morphologi-
cal features, and topological features. For US data, image deep
features, quantitative radiomics features, and text semantic
features were extracted (Fig. 1A). Based on these, we developed
the MRRP prediction model with hierarchical fusion capabili-
ties. The core of the framework is hierarchical fusion: intramo-
dality fusion dynamically integrates pathology image features
(deep, morphological, topological) (Fig. 1B-1) and US features
(deep, radiomics, text) (Fig. 1B-2) using cross-attention mecha-
nisms; then intermodality fusion concatenates the fused pathol-
ogy and US features into cross-modality fusion features (Fig.
1B-3). These features are further deeply integrated with struc-
tured clinical information processed by a learnable encoder via
a cross-attention mechanism. The output features are combined
with the original intermodality fusion features through a resid-
ual connection (Fig. 1B-4), resulting in a comprehensive predic-
tive representation for risk prediction and stratification analysis.
The detailed model framework is shown in Fig. 1.

Performance of the MRRP model

To overcome the limitations of traditional single-modality pre-
diction models, we innovatively developed the MRRP, a multi-
modal recurrence risk prediction model integrating pathomics,
US radiomics, and clinical parameters. In the test set, the MRRP
model yielded a C-index of 0.840, representing improvements
of 11%, 79%, and 41% over the pathology-only model (0.757),
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Fig. 1. Workflow of the MRRP model for predicting recurrence risk in HR*/HER2™ EBC. (A) Preprocessing of pathological WSI and US data to extract modality-specific features.
(B) Multimodal information fusion and patient risk stratification analysis. (B-1) Intramodality fusion in pathology: dynamic integration of pathological image features (deep
features, morphological features, topological features) using a cross-attention mechanism. (B-2) Intramodality fusion in US: dynamic integration of US features (deep features,
radiomic features, text features) using a cross-attention mechanism. (B-3) Intermodality feature fusion: concatenation of fused pathological image features and US features to
form intermodality fused features. (B-4) Patient clinical information fusion module: deep interaction between intermodality fused features and structured clinical information
via cross-attention, followed by residual connection of the cross-attention output with the original intermodality fused features.

US-only model (0.470), and clinical parameter model (0.596),
respectively (Fig. 2A). Moreover, the time-dependent area under
the curve (AUC) for the MRRP model at 3, 5, and 7 years was
0.888, 0.900, and 0.851, respectively (Fig. 2B). To verify the
robustness of these results, we performed 2,000 bootstrap resa-
mpling iterations to evaluate model performance on the test set.
The coeflicient of variation for the C-index estimate was 4.43%,
and the 95% CI included the original test set result (original
C-index 0.840 € 95% CI [0.771, 0.898]) (Fig. 2C), confirming
the stability of the model’s performance. In addition, we con-
ducted 10 repetitions of 5-fold cross-validation with different
random seeds, yielding an overall mean C-index of 0.816, with
the per-repetition mean C-index ranging from 0.803 to 0.839
across held-out folds (Fig. S2A). On the test set, time-dependent
calibration curves and Brier scores at 3, 5, and 7 years further
demonstrated good short- to mid-term discrimination and
acceptable overall error (Brier scores = 0.066, 0.088, and 0.113),
with generally good calibration in low-risk groups but a ten-
dency to underestimate recurrence risk in the highest-risk sub-
group, particularly at longer follow-up (Fig. S2B).

Using the MRRP model, recurrence risk scores were gener-
ated for both the training and test sets. We used the median of
the training set MRRP scores as the cutoff to define high- and
low-risk groups. In the test set, the high-risk group had substan-
tially worse outcomes than the low-risk group, with an RFS haz-
ard ratio (HR) of 6.06 (P < 0.001) and 5-year RES rates of 50.0%
(95% CI, 30.6 to 81.6%) versus 93.7% (95% CI, 89.3 to 98.3%),
respectively (Fig. 2D). For overall survival (OS), the HR was 2.50
(P=0.151), and the 5-year OS rates were 87.1% (71.8 to 100.0%)
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in the high-risk group and 98.2% (95.7 to 100.0%) in the low-risk
group (Fig. S3A). Sensitivity analyses using alternative quantile-
based thresholds (e.g., 60th/70th percentiles and tertile/quartile
stratification) demonstrated similar monotonic risk gradients,
with higher MRRP scores consistently associated with increased
recurrence risk in the test set (Fig. S3B to E).

Further clinical subgroup analyses demonstrated consistent
stratification performance of the MRRP model across subgroups,
including age (<50/>50 years), histological grade (2/3), and
lymph node status (positive 1 to 3, positive >4, negative). Among
patients with histological grade 2 tumors, who comprised more
than half of the cohort, the MRRP score identified a subgroup
with markedly elevated recurrence risk: In the training cohort,
5-year RFS was 77.3% in the high-risk group (n = 178) versus
100.0% in the low-risk group (1 = 195; P < 0.001) (Fig. 2E). In
the test cohort, a similar trend was observed (5-year RFS 77.8%
versus 91.9% for high- versus low-risk grade 2 patients; P = 0.32),
although the difference did not reach statistical significance
because only 9 grade 2 patients were classified as high-risk (Fig.
2F). All subgroups showed significant risk stratification differ-
ences in the training set (all P < 0.001) (Fig. S4). Although some
subgroups in the test set did not reach statistical significance (Fig.
S5), possibly due to limited sample size, the risk stratification
trends were consistent with those in the training cohort, indicat-
ing the model’s broad applicability.

To further assess the potential clinical utility of the MRRP
score, we performed decision—curve analysis (DCA) in the test
set comparing the MRRP model, a clinicopathologic model based
on 7 routine variables, and “treat-all”/“treat-none” strategies at 3,
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Fig. 2. Performance of the MRRP model. (A and B) Comparison of the MRRP model with single-modality pathology, US, and clinical parameter models in predicting recurrence
risk. (C) Stability assessment of model performance using 2,000 bootstrap resampling iterations. (D) Kaplan—Meier curves depicting RFS based on MRRP predictions. Patients
were stratified into high-risk (purple) and low-risk (green) groups using the median MRRP score as the cutoff. Differences between groups were assessed by the 2-sided log-
rank test (P < 0.05). (E) Kaplan—-Meier curves for RFS based on MRRP stratified risk groups in grade 2 patients in the training set. (F) Kaplan-Meier curves for RFS based
on MRRP stratified risk groups in grade 2 patients in the test set. (G) Decision—curve analysis (DCA) curves at 3, 5, and 7 years evaluating the net benefit of the MRRP score

across a range of threshold probabilities, compared with the clinical model and the treat-all and treat-none strategies.

5,and 7 years. At 3 years, both models provided only limited net
benefit due to the low number of early events. At 5 and 7 years,
however, the MRRP model showed clearly higher net benefit than
the clinicopathologic model across a broad range of clinically
relevant threshold probabilities (approximately 3% to 40% and
3% to 60%, respectively) and consistently outperformed “treat-all”
and “treat-none” strategies (Fig. 2G). In a subset of 68 patients
with available transcriptomic data, the MRRP risk score also
achieved a higher C-index than several multigene signatures
approximated using the genefu package, following the procedures
described in our previous work [25], including Oncotype DX,
MammaPrint (GENE70), and EndoPredict (0.94 versus 0.52 to
0.60; Fig. S6), although these exploratory comparisons are limited
by the small sample size.
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Ablation study of modal information fusion in MRRP

To better understand the contribution of each component in the
MRRP model, we conducted stepwise ablation experiments to
evaluate the distribution of prognostic information across inter-
modality cooperation and feature hierarchy dimensions. At the
intermodality level, we observed varying impacts of different
modality data on model performance. Removing the WSI mod-
ule led to a significant drop in performance, with the C-index
decreasing from the baseline 0.840 to 0.586 (AC-index = —0.254),
representing nearly a 30% loss in discrimination ability. In con-
trast, removing the US radiomics and clinical information mod-
ules caused only minor decreases in C-index by 0.040 and 0.042,
respectively (Fig. 3A). These results indicate that WSI features
form the core foundation of the model’s predictive power, while
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Fig. 3. Impact of different modalities and intramodality features on MRRP model performance. (A) Bar chart showing the C-index and its changes on the test set for the full
MRRP model and models with one modality removed. (B) Bar chart showing the C-index and its changes on the test set for the MRRP model and models with different pathology
modality features removed sequentially. (C) Bar chart showing the C-index and its changes on the test set for the MRRP model and models with different US modality features
removed sequentially. (D) Bar chart showing the C-index and its changes on the test set for MRRP models using different intermodality fusion strategies.

US features and clinical features play auxiliary roles in optimi-
zation. To assess whether multimodal integration provides
additional clinical benefit beyond discrimination metrics, we
performed DCA at 3, 5, and 7 years (Fig. S7). At 3 years, net
benefit was limited for all models across most thresholds, con-
sistent with the low frequency of early recurrence. In contrast, at
5 and 7 years, MRRP maintained positive and more stable net
benefit across a broader, clinically actionable range of thresholds
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than the ablated variants (e.g., WSI-clinical and WSI-US) and
the treat-all/treat-none strategies. Although the WSI-clinical and
WSI-US models may yield slightly higher net benefit at very low
thresholds (near a treat-all setting), MRRP provides more con-
sistent benefit across moderate, clinically actionable thresholds,
supporting the clinical justification for multimodal integration.

To further elucidate how the MRRP model leverages these
modalities, we visualized model attention using attention-score
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heatmaps on WSIs and gradient-weighted class activation map-
ping (Grad-CAM) on US regions of interest (ROIs). Based on
attention scores, the MRRP model in high-risk patients primar-
ily focuses on tumor-dense regions characterized by marked
nuclear pleomorphism and a higher nuclear-to-cytoplasmic
ratio; in low-risk patients, it more frequently attends to regions
with milder cytologic atypia, lower tumor cellularity, and stro-
mal areas with lymphocytic infiltration. For US, Grad-CAM
was used to visualize salient lesion regions, revealing that the
model mainly emphasizes signals along the tumor boundary
on grayscale images. Figure S8A and B presents representative
high- and low-risk patients, including WSI and US heatmaps
as well as the top 20 attended WSI patches. For clinicopatho-
logic variables, we ranked variable importance using attention
weights, and the results show that Ki-67, histologic grade,
lymph node status, tumor size, and HER2 are the top 5 features
emphasized by the model (Fig. S9). Together, these findings
support the biological and clinical plausibility of the learned
multimodal patterns.

Intramodality ablation experiments revealed differing contri-
butions of internal features to model performance. In the WSI
modality, absence of deep features resulted in a significant perfor-
mance decline (C-index decreased by 0.256 and 0.198), far exceed-
ing the impact of missing morphological (AC-index = —0.021)
or topological features (AC-index = —0.032) (Fig. 3B). When
using single WSI features, the deep feature model (C-index =
0.796) outperformed both morphological and topological feature
models (both 0.505). However, the single deep feature model per-
formed worse than multi-feature combinations with morphologi-
cal features (C-index: 0.808) or topological feature (C-index:
0.819) (Fig. 3B). These findings suggest that deep features contrib-
ute most significantly within the WSI modality, while morphologi-
cal and topological features synergistically enhance performance.
Moreover, in WSI unimodal analysis, the deep feature model
(C-index: 0.741) also surpassed topological feature (0.586) and
morphological feature (0.483) models (Fig. S10A).

In the US modality, removing radiomics features caused a
notable performance drop (AC-index = —0.209), whereas missing
deep features (AC-index = —0.024 and —0.052) and text embed-
dings (AC-index = —0.006) had relatively minor effects (Fig. 3C).
For single US features, the radiomics model (C-index = 0.826)
outperformed deep features (0.685) and text embedding models
(0.785). The single radiomics model’s performance was slightly
inferior only to its combination with deep features (C-index:
0.834) (Fig. 3C). Interestingly, in US unimodal analysis, the deep
feature model (C-index = 0.620) showed the best performance,
surpassing text embeddings (0.529) and radiomics (0.482) (Fig.
S10B). This contrasts with multimodal results, indicating complex
intermodality interactions.

Comparing intermodality fusion strategies, the MRRP’s cross-
attention mechanism demonstrated clear superiority, achieving
a C-index of 0.840, which is 3% to 7% higher than traditional
feature concatenation (0.803), addition (0.770), and multiplica-
tion (0.757) methods (Fig. 3D). This advantage stems from its
dynamic weight allocation capability, effectively capturing non-
linear associations across data sources. These results highlight
MRRP’s effective integration of multimodal information.

Validation of the effectiveness of intramodality

interaction mechanism

To investigate the impact of query vector (Query) selection in the
intramodality cross-attention mechanism on model performance,
we conducted a series of feature interaction experiments (Table
1). In the WST unimodal model, using deep features as the Query
yielded the best performance (C-index = 0.757), while selecting
morphological or topological features as Query led to decreases
0f 36.3% (C-index = 0.482, A = —0.275) and 20.2% (C-index =
0.604, A = —0.153), respectively. A similar trend was observed
in the US unimodal model, where using text embeddings as
Query resulted in a significantly higher C-index (0.561) com-
pared to other choices, improving by 19.4% and 14.2% over image
deep features (0.470) and radiomics features (0.491), respectively.

Table 1. Model performance with different query vectors in intramodality cross-attention mechanism

WS features (Q)

US features (Q)

Modal Deep Morph Top Deep

Omic Text Clinical C-index (A)

WSI v
v

N v

MRRP v v

v/
v

0.757 (Ref)
0482 (—0.275)
0604 (—0.153)
0470 (~0.091)
v 0491 (~0.070)
v 0.561 (Ref)
0.840 (Ref)
0.553 (~0.287)
0604 (~0.236)
0.801 (—0.039)
0.817 (~0.023)

N NSNS

v v

Deep, deep learning-based image features extracted from WSIs/US; Morph, handcrafted morphological features; Top, graph-based spatial topological fea-
tures derived from cell—cell relationships; Omic, quantitative radiomics features extracted from US tumor regions using the PyRadiomics library; Text, fea-

tures derived from text US diagnostic reports
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When extending the feature interaction experiments to multi-
modal combinations, an interesting phenomenon emerged: the
optimal Query strategy in unimodal settings did not always hold
in multimodal contexts. Analysis of the full MRRP framework
showed that the combination of WSI deep features and US deep
features as Query (C-index = 0.840) outperformed the unimodal
best combination (WSI deep feature + US text embeddings,
C-index = 0.817). This finding suggests the existence of complex
synergistic effects in multimodal interactions. Further analysis
revealed that in the WSI-clinical model, deep features retained
their dominant role. In contrast, in the US-clinical model, deep
features replaced the unimodal optimal text embeddings as the
more effective Query choice (Table S2).

Selection of pretrained encoders in the MRRP model
With the rapid development of medical Al pretrained encoders
are continuously evolving. Selecting appropriate encoders has
become a key factor influencing model performance. We systemati-
cally evaluated the performance of mainstream pretrained encod-
ers according to different feature extraction requirements. In the
WSI unimodal model, for extracting WSI deep features, the UNI
(a general-purpose self-supervised vision encoder for histopathol-
ogy) encoder outperformed other mainstream encoders such as
CONCH (a vision-language foundation model for computational
pathology) and REMEDIS (a large-scale self-supervised medical
imaging foundation model) with a C-index of 0.757, benefiting
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from its pretraining on millions of pathology images (Fig. 4A).
Similarly, in the US unimodal model, the BioGPT large model,
designed specifically for the biomedical domain, excelled in extract-
ing US text features (C-index = 0.547), surpassing other large mod-
els (Fig. 4A). Interestingly, in the multimodal model, although UNI
and BioGPT were the best performers in their respective unimodal
tasks, the combination of UNI and the general-domain BERT
model produced the best synergy within the full MRRP framework
(C-index = 0.840). Further analysis showed that UNI maintained
its advantage in the WSI-clinical model (Fig. S11A), whereas BERT
outperformed the unimodal best BioGPT in the US-clinical model
(Fig. S11B). These findings suggest that in multimodal modeling,
the choice of pretrained encoders cannot simply follow the uni-
modal best solution; the complex interactions among features from
different modalities must also be considered.

Multimodal fusion with missing data

In real clinical settings, multimodal patient data often suffer from
partial missingness. To address this common challenge, we
extended the MRRP framework by developing a learnable com-
pensation mechanism. Given that clinical information is the most
readily available data in medical practice, we specifically opti-
mized compensation strategies for scenarios with missing WSI
or US modalities. As shown in Table 2, under the WSI missing
scenario, the model with learnable compensation (C-index =
0.641) outperformed the baseline method that simply ignored the
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0.73
0.780
0.745
0.702
0.748)
0.840
0.833
0.771
0.699
0.765

Text encoder

BERT
BERT-ch
BioGPT
BiomedBERT

CONCH

CONCH

CONCHv1.,5  REMEDIS UNI Virchow
Encoder (WSI deep features)

Fig. 4. Impact of pretrained encoders on MRRP model performance. (A) Model performance of different pretrained encoders in pathology single-modality (red line) and US
single-modality (blue line). (B) Performance of different combinations of pretrained encoders within the MRRP model.

Table 2. Performance of the missing modality compensation mechanism models

WSl features US features
odel Available Learnable Available Learnable Clinical C-index
Missing WSI v v 0.586
v/ v/ v/ 0.641
Missing US v v 0.800
v/ 4 v 0.820
MRRP v/ v/ v 0.840
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missing modality (C-index = 0.586). Its predictive performance
was between the complete modality model (C-index =0.840) and
the completely missing scenario (C-index = 0.586). A similar
compensation effect was observed when the US modality was
missing: The compensated model (C-index = 0.820) performed
between the full modality model (C-index = 0.840) and the miss-
ing modality model (C-index = 0.800). Our proposed learnable
compensation method effectively mitigates the common issue of
modality missingness in clinical practice, enhancing the applica-
bility of the MRRP model in real-world medical scenarios.

Discussion

Patients with HR"/HER2™ EBC face a long-term risk of recur-
rence. Even after completing 5 years of standard endocrine
therapy with or without adjuvant chemotherapy, the risk of dis-
ease relapse and death persists [2,26-29]. Although many prog-
nostic tools have been developed and some are applied clinically
[30-34], their predictive performance remains limited in certain
scenarios [35].

In this study, we successfully developed the MRRP by inte-
grating routinely available clinical data, including pathology
images, US grayscale images, US text reports, and structured
clinical parameters. The model showed good predictive perfor-
mance on the test set, with a C-index of 0.840, significantly out-
performing any single-modality model by 11% to 79%. Notably,
MRRP maintained stable performance in long-term prediction,
with a 5-year follow-up AUC of 0.900, making it particularly
suitable for guiding long-term clinical follow-up decisions.
Compared to the CIMPTGYV model developed by Zhang’s team
[21] (C-index = 0.869), which integrates multi-omics data
including genomics, transcriptomics, and metabolomics, among
others, MRRP’s absolute predictive accuracy is slightly lower.
However, MRRP uses data routinely collected in clinical practice
without requiring extra specialized tests or costs. In addition,
while the training set median was used as a prespecified cutoft
for defining high- versus low-risk groups and sensitivity analyses
with alternative quantile-based thresholds showed consistent risk
gradients, the optimal clinical thresholds for actionable decision-
making will need to be calibrated prospectively and may vary
across institutions and patient populations.

Our ablation experiments revealed the differential contribu-
tions of multimodal data in prognostic prediction. Particularly,
removing pathological features led to a significant 30% drop in
model performance, confirming the central role of pathology
image features in breast cancer prognosis. This finding aligns
with previous reports on the prognostic value of pathology
images in gastric cancer [36], colorectal cancer [37], and ovarian
cancer [15], underscoring the general importance of pathology
image analysis in tumor prognosis. Similarly, recent Al-based
models using routine H&E-stained WSIs in breast cancer, such
as DeepGrade and the CE-IVD-marked Stratipath Breast solu-
tion, have demonstrated independent prognostic value and, in
the case of Stratipath, substantial agreement with an established
multigene assay in ER"/HER2™ EBC [10-12]. By contrast, the
US-only model achieved a C-index of 0.470, indicating limited
discriminative ability when US is used alone, although US fea-
tures provided modest incremental benefit when integrated with
WSI and clinical variables in the MRRP framework. This limited
standalone performance likely reflects the subtle differences in
preoperative grayscale US appearance among HR*/HER2™ EBC,
the reliance on a single 2D grayscale image per patient without
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additional functional information (e.g., doppler or elastography),
and the inherent operator and machine dependence of US
despite standardized image selection and ROI annotation. Future
work will explore incorporating richer multiparametric US data
and more standardized acquisition protocols to enhance the
contribution of US to multimodal risk prediction.

Methodologically, unlike most prior studies relying on single
feature types (deep or morphological features), we systematically
integrated 3 complementary pathological feature representations:
deep features, morphological features, and topological features.
This multidimensional fusion strategy is still rare in related fields,
with few reports such as in HER2-targeted gastric cancer treatment
response prediction [36]. Our results show that this combination
effectively captures complex prognostic patterns that single fea-
ture types cannot detect, offering a novel approach for future
pathology-based prognostic research. We also found that although
US features alone have limited predictive power, their combination
with other features improved model performance by 5%, high-
lighting the complementary value of multimodal data.

During model development, feature interaction experiments
revealed that the optimal query selection strategy in unimodal
settings does not necessarily translate to multimodal scenarios.
For example, the best unimodal query combination (WSI deep
+ US text) was not the best in multimodal modeling. This likely
reflects complex synergy effects among features influencing
query selection. Similarly, pretrained encoder choices that were
optimal unimodally did not always yield the best multimodal
combination. These findings suggest that multimodal model
design should not simply replicate unimodal optimization but
require systematic experimentation to find the best combina-
tions, providing theoretical and practical guidance for future
multimodal predictive models.

To address common clinical challenges of missing modality
data, we developed a learnable compensation strategy. Experiments
confirmed that this approach effectively improved model perfor-
mance under missing data: Compensation increased performance
by 9.4% when WSI modality was missing and by 2.5% when US
modality was missing. This enhancement improves MRRP’s appli-
cability in real-world clinical settings. Our compensation strategy
is conceptually similar to the method used by Chen’s team [36] in
their HER2-targeted therapy prediction model for gastric cancer,
as both rely on learnable parameters to compensate for missing
modality features. In contrast, Can Cui et al. [38] proposed a dif-
ferent multimodal learning pipeline (MMD). These studies col-
lectively advance multimodal medical AT toward clinical utility
by addressing data incompleteness. Future work may explore
adaptive compensation mechanisms for more complex missing
data scenarios.

Despite promising results, this study has several limitations.
First, it is a single-center retrospective analysis with an internal
train-test split and relatively few recurrence events in the test
set. Although we performed extensive internal validation, these
procedures cannot substitute for true external validation.
Multicenter prospective or large independent cohorts will be
needed to confirm the generalizability of the MRRP model.
Second, although all patients received postoperative chemo-
endocrine therapy (C-ET), detailed treatment information
(regimens, radiotherapy, and endocrine duration/adherence)
was not consistently available and thus not modeled, so residual
treatment-related confounding cannot be excluded. Future
prospective or multicenter cohorts with comprehensive treat-
ment documentation are needed for adjustment and validation.
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Third, the current MRRP implementation relies on manual
tumor annotation on both WSIs and US images by specialists
and therefore functions as a semi-automated decision-support
tool rather than a fully automated system; integrating robust
automatic segmentation and ROI detection will be important
for future workflow integration. Finally, emerging molecular
biomarkers were not incorporated, and future versions should
assess whether selected markers provide additional prognostic
value beyond routine clinicopathologic data.

In conclusion, we successfully developed and validated the
MRRP model, a multimodal risk prediction tool for recurrence
in HR*/HER2™ EBC, leveraging routinely collected clinical data
including pathology, US, and clinical parameters. This model
underscores the value of routine multimodal data for long-term
recurrence prediction, highlights the pivotal role of pathology
features, and uncovers unique patterns of multimodal interac-
tion. MRRP demonstrates the promise of integrating AI with
routinely available clinical data, offering broad applicability due
to its reliance on accessible information. With further multi-
center validation and dynamic optimization, this approach holds
potential to enhance personalized follow-up and treatment
decision-making for patients with HR*/HER2™ EBC.

Materials and Methods

Data collection

This study included 768 patients with HR*/HER2™ EBC who were
recruited at WCH, Sichuan University, between January 2005 and
December 2017. Eligibility criteria for the WCH cohort followed
our previously published study on recurrence risk prediction in
HR*/HER2™ EBC [39]. Specifically, the inclusion criteria were as
follows: (a) unilateral primary invasive breast cancer, clinically
staged as I to III at the time of initial diagnosis; (b) receipt of
adjuvant C-ET within 3 months after surgery, without any pre-
operative systemic treatment; and (c) availability of a definitive
postoperative pathological diagnosis. Patients were excluded if
they (a) had clinical stage IV disease; (b) had multifocal or bilat-
eral invasive breast cancer; (c) received only adjuvant endocrine
therapy or only chemotherapy; or (d) had incomplete clinico-
pathologic, imaging, or follow-up information. All included
patients underwent postoperative adjuvant C-ET according to
institutional protocols and contemporary guidelines. However,
detailed information on specific chemotherapy regimens, radio-
therapy fields/doses, and endocrine therapy duration or adher-
ence was incompletely and inconsistently recorded over the study
period, and therefore, these treatment variables were not incor-
porated as structured covariates in the current analysis. All data
were collected by experienced physicians. Pathologists selected
representative pathology slides, US specialists selected representa-
tive grayscale US images, and clinical physicians recorded clinical
information and follow-up outcomes. Follow-up was conducted
every 3 to 4 months during the first 2 years after diagnosis, every
6 months from the third to the fifth year, and once a year thereat-
ter. RFS was defined as the time from surgery to local recurrence,
distant metastasis, or disease-related death. OS was defined as the
time from surgery to death from any cause.

Pathology slide preprocessing and

feature extraction

Because the patient enrollment period in this study spanned
more than a decade (2005-2017), we first collected all routine
H&E-stained slides for enrolled patients in the WCH cohort and
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performed systematic microscopic quality assessment. A sub-
stantial proportion of early slides did not meet the image quality
requirements for subsequent digital pathology analysis (e.g., fad-
ing, uneven staining, and tissue folds). Therefore, we retrieved
the corresponding formalin-fixed, paraffin-embedded (FFPE)
tissue blocks for all eligible patients, resectioned them at 4-pm
thickness, and restained them with H&E using the same auto-
mated stainer. The newly prepared H&E slides were digitized
using a UNIC scanner at 40X optical magnification (0.25 pm/
pixel resolution) to generate high-quality WSIs. Because all WSIs
were produced under this unified cutting, staining, and scanning
protocol, we did not perform additional color normalization. To
ensure accurate identification of tumor regions, all WSIs were
manually annotated by mid-level pathologists using ASAP soft-
ware version 1.8 (https://github.com/computationalpathology-
group/ASAP/releases) who were blinded to patient outcomes
and to US or other modality-specific information.

We extracted multidimensional features from the pathology
images, including deep features, handcrafted morphological fea-
tures, and spatial topological features. For deep feature extrac-
tion, we used pretrained deep learning encoders such as CONCH
[40] and UNI [41], among others, which were trained on large-
scale pathology datasets through self-supervised learning. These
encoders are capable of capturing complex histological patterns
in WSIs and offer strong feature representation and transfer
learning capabilities. Each WSI was divided into image patches,
which were then fed into the encoders to generate corresponding
deep feature vectors as the base representations.

For handcrafted features, we adopted sc-MTOP framework
[23], in which a Hover-Net model [42] pretrained on the public
PanNuke dataset is used to perform nuclear segmentation and
cell-type classification (tumor, inflammatory, stromal, and nor-
mal nuclei) on WSIs. Based on these results, sc-MTOP then
computed handcrafted features: (a) morphological features,
including geometric attributes of individual cells (area, perim-
eter, bounding box area, major/minor axis length, eccentricity,
and circularity), curvature features (mean, maximum, and mini-
mum curvature), texture statistics derived from the gray-level
co-occurrence matrix (GLCM) such as angular second moment
(ASM), contrast, entropy, and homogeneity, as well as mean and
standard deviation of intensity within cell regions, and (b) spatial
topological features, where a k-nearest neighbor (k = 5) graph
was constructed using the spatial locations of cells. From this
graph, we extracted multi-dimensional graph-theoretic metrics,
including node-level features (degree, nucleus count, clustering
coefficient), centrality features (closeness centrality, betweenness
centrality), and spatial distance features (minimum and average
adjacent edge length, in micrometers). Detailed feature defini-
tions are provided in Table S3.

US grayscale image preprocessing and

feature extraction

For US grayscale image analysis, we adopted a systematic pre-
processing and feature extraction pipeline. For each patient, we
used the last preoperative grayscale US examination performed
within 2 weeks before surgery as the index study. Because this
retrospective cohort spanned a long accrual period, US exami-
nations were performed using multiple mainstream scanners,
including Philips iU22, Philips HD11, Philips HDI 5000,
Siemens Acuson Sequoia 512, and GE LOGIQ 9. Accordingly,
variability arising from inter-scanner differences and operator-
dependent factors (e.g., patient-specific parameter tuning,
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scanning technique, and plane selection) is unavoidable in long-
term retrospective data. To mitigate such variability at the data
curation stage, all images were derived from standardized breast
US examinations for breast cancer diagnosis, performed by pro-
fessionally trained operators following departmental scanning
protocols to ensure acquisition of key lesion-relevant views. We
asked experienced breast US specialists to review all examinations
and, for each patient, select the clearest and most representative
tumor image according to departmental practice standards. Then,
experienced breast US specialists annotated all selected gray-
scale images using the Labellmg tool [Tzutalin. Labellmg. Git
code (2015). https://github.com/tzutalin/labellmg] while being
blinded to recurrence outcomes and to pathology/WSI-derived
features. Tumor regions were precisely localized with rectangular
bounding boxes, and all patient identifiers were removed for ano-
nymization. Based on the annotations, we extracted the tumor
ROI with a 6-pixel margin around the bounding box to preserve
potential biological features at the tumor boundary.

For deep feature extraction, we trained a lightweight encoder
based on the ResNet architecture. The model received ROI
images resized to 256 X 256 pixels as input and produced fea-
ture maps from the last residual block (dimensions: 64 X 16 X
16). These deep features captured high-level visual patterns of
the tumor.

For radiomics analysis, we used the open-source PyRadiomics
library (v3.0.1) to extract 4 categories of quantitative features.
First-order statistical features, such as energy, entropy, mean
intensity, standard deviation, kurtosis, and skewness, described
the distribution of pixel intensities. Texture features, derived
from the GLCM, gray-level run-length matrix (GLRLM), and
gray-level size zone matrix (GLSZM), quantified image patterns
such as contrast, correlation, and homogeneity. Two-dimensional
shape features, such as maximum and minimum diameter and
pixel area, characterized the tumor geometry. High-order tex-
ture features were obtained through multi-scale image transfor-
mations, including wavelet decomposition and Laplacian of
Gaussian filtering. This multi-level feature extraction strategy
ensured a comprehensive characterization of tumor imaging

phenotypes.

US diagnostic report preprocessing and

feature extraction
We used regular expressions to accurately extract text related to
breast US from the original diagnostic reports. All extracted
content was reviewed by clinical physicians. Given the linguistic
characteristics of Chinese medical text, we employed the open-
source biomedical large language model openBioLLM-70B [43]
to translate the Chinese reports into English. A team of physi-
cians then verified semantic consistency to ensure that key clini-
cal information was preserved during language conversion.
For feature extraction, we explored several advanced text rep-
resentation methods. For the English reports, we evaluated
domain-specific biomedical models, including CONCH [40],
BioGPT [44], and BiomedBERT [45], and also tested the perfor-
mance of the general-domain BERT-large-uncased model [46].
For the normalized Chinese reports, we applied the BERT-base-
Chinese model [46] to generate features. These pretrained lan-
guage models can capture complex medical semantic embeddings
in the US reports, including lesion morphology and hemody-
namic characteristics, enabling the construction of high-quality
text feature representations that comprehensively reflect tumor
characteristics.

Wu et al. 2026 | https://doi.org/10.34133/research.1136

Clinical information representation

The clinical information collected in this study included patient
age, tumor size, lymph node status, histological grade, ER, pro-
gesterone receptor (PR), HER2, and Ki67 status, as well as
molecular subtype. To fully leverage the predictive value of
these structured data, we designed a dedicated feature encoding
strategy. Continuous variables, such as age and tumor size, were
mapped to a 1,024-dimensional feature space using a learnable
linear transformation layer (nn.Linear). Categorical variables,
such as molecular subtype and lymph node status, were embed-
ded into a 1,024-dimensional space using a high-dimensional
embedding layer (nn.Embedding) to learn their semantic rep-
resentations. All encoded continuous and categorical features
were then concatenated along the feature dimension to form a
unified clinical feature representation, which served as the
structured input for subsequent multimodal interactions. This
approach preserved the clinical meaning of the original vari-
ables while enabling optimized feature representations through
deep learning.

Multimodal information fusion in the MRRP model
The MRRP model developed in this study is based on a trans-
former architecture and is designed to integrate multi-source
data for accurate recurrence risk prediction in HR"/HER2™ EBC.
The model employs a hierarchical fusion strategy consisting of
3 modules: intramodality fusion, intermodality fusion, and inte-
gration of patient clinical information (Fig. 1B-1 to B-4).

In the intramodality fusion module, we deeply integrated
features within the pathology and US modalities. For pathology,
3 complementary feature representations were combined: deep
features (Fyyg1_geep)> morphological features (Fyyspmorpn)> and
topological features (Fyyg ). Using a novel cross-attention
mechanism, we first used Fwsi-deep as the query vector and
Fysiop as the key—value pair to learn deep features enriched
with spatial contextual information. In parallel, Fyyg 4., Was
used as the query vector and Fyyg;_,orph @5 the key-value pair to
construct features constrained by morphological information.
The reconstructed features were then element-wise summed
with the original Fwsi-deep to generate the integrated pathomics
representation (Fp,,).

For US, we combined image deep features (Fyg_gep), quan-
titative radiomics features (Fq i), and textual semantic fea-
tures (Fyg (). Following a similar strategy, Fys g, served as the
query baseline for cross-attention with F;q ... and Fq ... The
former enhanced the semantic expressiveness of radiomics fea-
tures, while the latter established a mapping between imaging
and text. The fused outputs were aggregated to form the unified
US representation (Fg). This symmetric fusion design ensured
organic integration of features within each modality and pre-
pared them for subsequent cross-modality interactions.

In the intermodality fusion stage, Fp,, and Fg were first
dimension-aligned through a fully connected layer and then
concatenated to form cross-modality fusion features (Fy,.,). In
the patient-level fusion module, a cross-attention mechanism
was applied for deeper interaction: F .. was used as the query
vector, and clinical features served as key-value pairs, allowing
dynamic integration of multi-source information via attention
weights. The cross-attention outputs were connected to the
original Finter through a residual connection (element-wise
addition), preserving essential information from the original
cross-modality features while incorporating clinically guided
insights. The resulting representation provided a comprehensive
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characterization of each patient’s disease profile. This progres-
sive hierarchical fusion architecture, supported by a feature
retention mechanism, fully exploited cross-modality synergies
while preserving the domain-specific characteristics of each
modality.

Experimental design

The MRRP model was trained using a 2-stage strategy. In the
first stage, modality-specific features were extracted using dedi-
cated pretrained encoders for pathomics and US radiomics. In
the second stage, the extracted pathology and US features,
together with learnable clinical feature representations, were
fed into the multimodal fusion network, and the entire archi-
tecture was then optimized in an end-to-end manner. This
staged training paradigm preserved the advantages of modal-
ity-specific feature representations while enabling coordinated
optimization of cross-modality interactions. Model optimiza-
tion was performed using the Cox proportional hazards partial
likelihood loss function [47], which is well suited for handling
right-censored survival data. During training, we applied sev-
eral regularization strategies to reduce overfitting. A dropout
rate of 0.2 was used in the intermodal fusion module to reduce
co-adaptation among neurons, all cross-attention layers were
implemented with a single attention head to limit model com-
plexity and the number of trainable parameters, and the model
was optimized using the Adam optimizer with weight decay
(4 x 107°), introducing a mild L2 regularization effect to con-
strain parameter magnitudes.

Based on the WCH cohort of HR*/HER2™ EBC patients
(n="768), the dataset was divided into a training set (n = 640)
and a test set (n = 128) using stratified random sampling to
ensure balanced distribution of samples. Model performance
was objectively assessed using the C-index, which quantifies
the agreement between the predicted risk ranking and the
actual observed outcomes.

Handling missing modality inputs in

intermodal fusion

When a modality-specific representation required by inter-
modal fusion is unavailable, e.g., the WSI-derived feature
embedding is missing for a given patient, we replace the absent
modality input with a learnable embedding vector. Concretely,
we instantiate a parameter missing embedding using torch.
nn.Parameter, initialized to zeros and matched in dimension-
ality to the corresponding modality feature. For each sample,
a binary availability indicator (mask) is used to determine
whether the modality feature is observed. During the forward
pass, the missing modality slot in the fusion input is filled with
missing embedding, whereas observed modalities retain their
original embeddings. The completed multimodal input is then
fed into the intermodal fusion backbone to produce the fused
representation and final prediction.

Training is performed end-to-end under the standard super-
vised objective. The loss is computed using ground-truth labels,
and gradients backpropagate through the fusion backbone into
missing embedding, allowing it to be updated jointly with all
other network parameters by the optimizer. Through iterative
optimization, missing embedding adaptively learns a data-driven
representation that compensates for the missing modality input,
enabling robust fusion and inference under incomplete multi-
modal inputs.
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Statistical analysis

All statistical analyses and visualizations were performed using
R (version 4.3.2). Kaplan-Meier curves and the log-rank test
were used to assess differences in RES and OS between high-
risk and low-risk groups. Time-dependent AUC was plotted
using the R packages “riskRegression” and “survival” Differences
in variables between groups were compared using the Wilcoxon
test. Spearman’s rank correlation was used to evaluate associa-
tions between the MRRP score and various variables. Model
performance was assessed using the C-index and time-dependent
AUC. A 2-sided P value of <0.05 was considered statistically
significant.
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