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ABSTRACT

Accurate prognostic prediction in early breast cancer is essential for tailoring adjuvant
therapy, yet existing clinical tools remain limited in their ability to integrate high-

dimensional electronic medical record (EMR) data for joint multi-endpoint risk
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assessment. We developed EMR-BCEP, a multitask deep learning framework using
routine breast cancer EMR data and incorporating the Multilabel Synthetic Minority
Over-sampling Technique (MLSMOTE) and dynamic loss weighting optimization
(DLWO) to simultaneously predict five clinically relevant prognostic endpoints. EMR-
BCEP was developed and internally tested in a cohort of 7,457 patients and externally
validated in an independent cohort of 1,125 patients. In the internal test set, EMR-BCEP
outperformed corresponding single-task models, with AUROC gains of 0.12, 0.06, 0.04,
0.05 and 0.07 across the five endpoints, and its performance was largely preserved in
external validation. To support clinical translation, EMR-BCEP has been deployed as

an online interactive platform, freely accessible at https://maolab.tech/breast cancer.
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INTRODUCTION

Breast cancer is the most common malignancy among women worldwide and
represents the second leading cause of cancer-related mortality in female patients. Its
incidence has been continuously rising in recent years'?. According to projections, by
2040, there will be over 3 million new cases of breast cancer annually, with over 1
million deaths each year®. With the increasing emphasis on breast cancer screening and
advancements in standardized diagnostic and therapeutic techniques, the cure rate for
breast cancer patients has significantly improved*>. In this context, as survival
outcomes continue to improve and patients live longer, breast cancer has increasingly
transitioned into a condition requiring long-term disease management, in which the
evaluation of treatment response and prognosis plays an important role in shaping
survival outcomes and patient quality of life®. However, conventional prognostic
assessment methods primarily rely on pathological characteristics, biomarkers, and
imaging data, which require regular follow-ups and reassessments. These approaches
are often time-consuming and susceptible to subjective interpretation. Therefore, there
is an urgent need for more precise and efficient decision-support tools to improve the

clinical management of breast cancer patients.

Artificial intelligence (Al) has been increasingly applied in breast cancer management,
with its most notable impact in the field of early screening. By improving diagnostic
accuracy and reducing healthcare costs, Al-based screening systems have demonstrated
significant advantages over traditional approaches’”. Recent studies have shown that
Al techniques are also widely utilized in treatment evaluation and prognosis prediction.
For instance, Boeri et al. performed an early evaluation of machine learning (ML)
models for breast cancer prognosis, predicting local —regional recurrence, distant
metastasis, and breast cancer—specific mortality using clinicopathological features'’.
Song et al. developed ML models leveraging 15 clinical variables from electronic
medical record (EMR) data to predict patient survival'l. Teng et al. employed SEER
population-based data to construct a nomogram predicting overall survival (OS) and
breast cancer-specific survival (BCSS), facilitating individualized risk stratification.
Collectively, these studies demonstrate the versatility of ML approaches in predicting
diverse prognostic endpoints across clinical and population-based datasets!?. The
ability to accurately predict cancer prognosis not only empowers patients with a clearer
understanding of their condition but also supports clinicians in making evidence-based

decisions and optimizing treatment strategies'>'°>. However, prognostic tasks in breast
3
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cancer, including recurrence risk and survival prediction, are intrinsically correlated
because they share overlapping clinical, pathological, and molecular determinants.
Most existing approaches are based on separate single-task learning frameworks, in
which individual prognostic endpoints are modeled independently or evaluated
sequentially. This approach may limit the integration and effective utilization of
multidimensional patient data, hindering shared information across related outcomes,
and ultimately leading to the loss of valuable cross-task information. In contrast,
multitask learning (MTL) enables the simultaneous optimization of related clinical
objectives, facilitating knowledge sharing across tasks and improving model
generalization. Recent studies have demonstrated that MTL can effectively capture
complementary patterns among heterogeneous data modalities and outperform single-
task models in predictive performance, offering significant advantages in multi-source

information integration and precision medicine applications'¢8,

Although multitask learning provides an effective framework for integrating
heterogeneous information and enhancing prognostic modeling in breast cancer, its
performance can still be hindered by the inherent class imbalance within medical
datasets!*2!. Such imbalance arises when certain clinical outcomes or disease states are
underrepresented, resulting in a majority class of common cases and a minority class of
rare but clinically significant events®. Standard Al algorithms are typically optimized
under the assumption of balanced data, and this imbalance can bias models toward the
majority class while neglecting minority instances, thereby significantly degrading
predictive performance. This issue is particularly critical for clinically important but
underrepresented outcomes, as it increases the risk of misclassification and limits the
model’s clinical utility’*»**. Consequently, addressing class imbalance is crucial for
developing reliable predictive models that are both sensitive and equitable in medical
applications. Beyond addressing class imbalance, an additional challenge lies in the
effective utilization of EMR data within multitask learning frameworks. Despite the
growing interest in data-driven prognostic modeling, few studies have explored the
joint prediction of multiple prognostic endpoints using EMR data. Most existing
approaches rely on population-based datasets (e.g., SEER) or single-center structured

data, which constrains model generalizability and limits clinical transferability.

In this study, we developed EMR-BCEP, a multitask learning framework for predicting
multi-endpoint prognosis in breast cancer. Leveraging clinical diagnostic and

therapeutic data, the model simultaneously predicts five key outcomes—BCSS,
4
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invasive disease-free survival (iDFS), distant disease-free survival (D-DFS),
locoregional relapse-free survival (L-RFS), and OS. Furthermore, to mitigate class
imbalance, we incorporated a multilabel synthetic over-sampling (MLSMOTE)
strategy with semantic preservation to ensure balanced learning across endpoints®> 27,
The model was trained and validated using data from two independent centers, and its

predictions were further used to generate clinical decision support recommendations.
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RESULTS

EMR-BCEP is a multitask learning model designed to simultaneously predict five
clinically relevant prognostic outcomes in early breast cancer using EMR data. Fig.1
illustrates the schematic overview of this study. To rigorously evaluate its predictive
capability, the model was trained and tested on the development cohort and
subsequently assessed on an independent validation set, ensuring a comprehensive

evaluation of its generalizability and robustness.
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Fig. 1: Schematic Diagram of the Breast Cancer Prognostic Assessment Multitask Model.

EMR-BCEP is a multitask learning model that can predict five endpoint events: BCSS, iDFS, D-
DFS, L-RFS, and OS. Performance was evaluated in an internal test set and an independent external

validation cohort.
Preparation of breast cancer clinical data

We obtained EMR data from breast cancer patients diagnosed and undergoing
postoperative adjuvant therapy from the breast cancer database at West China Hospital,
Sichuan University, which were used for model development and performance
evaluation. After sample screening and data preprocessing, a total of 7,457 patient
records were included. The average age of patients was 48.17 + 9.64 years, with 7,427
females (99.60%) and 30 males (0.40%). The dataset was randomly split into training
and internal test sets at an 8:2 ratio. Additionally, EMR data from 1,125 breast cancer
patients in the phase of postoperative adjuvant therapy were collected from the Xijing
Hospital, serving as an external validation cohort. This cohort had a mean age of 49.09
+ 10.60 years, including 1,120 females (99.56%) and 5 males (0.44%). Demographic
characteristics of the datasets are summarized in Table 1.
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Characteristics of the breast cancer clinical data included in this study are as follows:

sex, age, ethnicity, education level, weight (kg), height (cm), body surface area (m?),

marital status, reimbursement ratio, menopausal status at diagnosis, primary or

recurrent status, HER2 FISH, diagnosis, ER, ER percentage, PR, PR percentage, CK5/6,

Ki67, HER2, WHO grade, surgery type, surgery name, chemotherapy regimen,

radiotherapy mode, T, N, pN, M, and clinical stage. Among these, surgery name and

diagnosis were unstructured textual features, while the remaining 28 features were

structured. In addition, the frequency distribution of each categorical value was

computed to characterize the underlying data composition (Supplementary Table 1).

Table 1 Demographic characteristics of the training, internal test and external validation sets.

Characteristics

Age years, mean = SD

Age groups, 1 (%)

11-20
21-30
3140
41-50
51-60
61-70
71-80

81+

Ethnicity, n (%)

Han
Tibetan

Yi

Qiang

Hui
Others
Sex, n (%)
Female

Male

Training (n = 5965)

48.11 £9.71

1(0.02)
178(2.98)
1072(17.97)
2560(42.92)
1446(24.24)
633(10.61)
71(1.19)
4(0.07)

5851(98.09)
68(1.14)
13(0.22)
11(0.18)
7(0.12)

15(0.25)

5938(99.55)
27(0.45)

Internal test
(n =1492)

48.41 £9.38

2(0.13)
36(2.41)
241(16.15)
655(43.90)
395(26.47)
140(9.38)
23(1.56)
0(0.00)

1463(98.06)
18(1.21)
4(0.27)
3(0.20)
1(0.07)

3(0.19)

1489(99.80)
3(0.20)

External validation
(n =1125)

49.09 + 10.60

1(0.09)
33(2.93)
170(15.11)
374(33.24)
313(27.82)
163(14.49)
60(5.33)
11(0.99)

1109(98.58)
2(0.18)

0(0)

0(0)
12(1.07)

2(0.17)

1120(99.56)
5(0.44)



143

144

145
146
147
148
149
150
151
152
153
154

155
156
157
158
159
160
161
162
163
164
165
166
167
168
169

170

n: Number of patients.
Preprocessing of prognostic endpoints

The five endpoints in this study —BCSS, iDFS, D-DFS, L-RFS, and OS —were
modeled as binary classification tasks. Endpoint assessment was conducted within a
fixed 5-year follow-up period after surgery, and all events were defined as those
occurring within 5 years postoperatively. Patients without events during the 5-year
follow-up were assigned a label of O (favorable outcome), whereas those who
experienced events within this period were assigned a label of 1 (unfavorable outcome).
Event determination was conducted by experienced breast cancer clinicians based on
patient follow-up data. The date of surgery was considered to be the starting point for

all endpoint events. Detailed label distributions for the five tasks are presented in Table
2.

All endpoints exhibited marked class imbalance. To address this issue, MLSMOTE was
applied to the training set, after which the degree of class imbalance was reassessed.
Fig. 2 depicts the label distributions for each task before and after MLSMOTE
application, showing improvements in the proportion between common and less
frequent labels. Additionally, after applying MLSMOTE, the maximum imbalance ratio
(MaxIR) and mean imbalance ratio (MeanlIR) decreased by 0.39 and 0.82, respectively,
demonstrating a substantial mitigation of class imbalance (Supplementary Table 2).
Model performance before and after MLSMOTE was subsequently compared. One set
of results was obtained using the original, non-resampled data, while the other was
based on MLSMOTE-augmented data. Performance was evaluated using Macro-F1
(MacroFM) and Micro-F1 (MicroFM) (Supplementary Table 3). In the internal test set,
MacroFM increased from 0.03 to 0.30 and MicroFM from 0.04 to 0.31. In the external
validation cohort, both MacroFM and MicroFM increased from 0.01 to 0.16. These
consistent gains demonstrate that MLSMOTE effectively mitigates class imbalance and

substantially enhances the model’s generalization capability.

Table 2 Label statistical analysis of five tasks: BCSS, iDFS, D-DFS, L-RFS, and OS.

.. Internal test External validation
Task Training (n = 5965)
(n =1492) (n =1125)
BCSS, n(%)
Death 330(5.53) 83(5.56) 22(1.96)
Survival 5635(94.47) 1409(94.44) 1103(98.04)

8
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174
175

176

177
178
179
180

iDFS, n(%)

Recurrence 669(11.22) 167(11.19) 79(7.02)
No recurrence 5296(88.78) 1325(88.81) 1046(92.98)
D-DFS, n(%)
Recurrence 621(10.41) 155(10.39) 58(5.16)
No recurrence 5344(89.59) 1337(89.61) 1067(94.84)
L-RFS, n(%)
Recurrence 438(7.34) 109(7.31) 59(5.24)
No recurrence 5527(92.66) 1383(92.69) 1066(94.76)
0OS, n(%)
Death 404(6.77) 101(6.77) 31(2.76)
Survival 5561(93.23) 1391(93.23) 1094(97.24)
n: Number of patients.

BCSS iDFS D-DFS L-RFS 0s

00

112

na

0 0 0'”

') 0.,‘ D 0 0

Fig. 2: Label distribution diagram before and after applying MLSMOTE.

The upper half shows the original label distribution for the five tasks, while the lower half shows

the label distribution for the five tasks after applying MLSMOTE.

EMR-BCEP performance on internal test set

Based on a multitask learning framework, EMR-BCEP utilizes 30 features as input,
including 28 structured features and 2 unstructured features, and its performance was
evaluated on the internal test set. For the five tasks—BCSS, iDFS, D-DFS, L-RFS, and

OS—the multitask model achieved area under the receiver operating characteristic
9
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curve (AUROC) values of 0.76, 0.72, 0.72, 0.75, and 0.76, respectively. Compared to
the single-task models, which yielded AUROCS of 0.64, 0.66, 0.68, 0.70, and 0.69, this
corresponds to improvements of 0.12, 0.06, 0.04, 0.05, and 0.07, demonstrating strong
discriminative ability. AUROC curves for five tasks are shown in Fig. 3. Additionally,
the multitask MacroFM and MicroFM scores were 0.30 and 0.31, substantially higher
than the single-task scores of 0.23 and 0.24, indicating superior classification results for
imbalanced multilabel data (Supplementary Table 4). Accuracy metrics for the model

are reported in Supplementary Table 5.

Performance stratification of EMR-BCEP on the internal test set was conducted by age
(Fig. 4a) and molecular subtype (Fig. 4b). For age stratification, within the primary
clinical population aged 31-70 years, EMR-BCEP consistently outperformed the single-
task model across all five tasks, demonstrating more stable and uniform predictive
advantages. In contrast, in the two extreme age groups with relatively smaller sample
sizes (21-30 and 71-80 years), the performance of EMR-BCEP showed greater
variability, with inconsistent performance differences across tasks and reduced
advantages or comparable performance to the single-task model in some endpoints. For
molecular subtype stratification, across the three major molecular subtypes—Luminal
A, Luminal B (HER2 negative), and Luminal B (HER2 positive) — EMR-BCEP
achieved markedly higher AUROC values than the single-task model across all five
tasks, representing the most prominent predictive advantage. For the Triple-negative
and Others subtypes, EMR-BCEP maintained superior performance in most tasks, with
relatively weaker results observed only for iDFS in the Triple-negative subtype and D-

DFS in the Others subtype, while overall differences remained limited.
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Fig. 3: Receiver operating characteristic (ROC) curves for the EMR-BCEP model and single-

task model on internal test set.

a ROC curve for BCSS. b ROC curve for iDFS. ¢ ROC curve for D-DFS. d ROC curve for L-RFS.

e ROC curve for OS.
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EMR-BCEP model and the single-task model on internal test set.

a Age-stratified comparison results between EMR-BCEP and single-task models for BCSS, iDFS,
D-DFS, L-RFS, and OS. b Molecular subtype-stratified comparison results between EMR-BCEP
and single-task models for BCSS, iDFS, D-DFS, L-RFS, and OS.

External validation
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In the external validation cohort, EMR-BCEP continued to demonstrate robust
predictive performance. For the five tasks—BCSS, iDFS, D-DFS, L-RFS, and OS—
the multitask model achieved AUROC values of 0.76, 0.62, 0.66, 0.63, and 0.69,
respectively. Compared to single-task models, improvements of 0.05, 0.02, 0.01, and
0.04 were observed for BCSS, iDFS, L-RFS, and OS, respectively, whereas
performance on D-DFS was maintained without deterioration, indicating strong cross-
center generalizability (Supplementary Fig. 1). The multitask model also achieved
MacroFM and MicroFM scores of 0.16, both higher than those of the single-task models
(Supplementary Table 6). Overall, these results indicate that EMR-BCEP maintains
stable and superior classification performance on an independent dataset. We further
conducted age-stratified and molecular subtype-stratified analyses in the external
validation cohort, and the overall trends were consistent with those observed in the

internal test set (Supplementary Fig. 2).
Comparison with machine learning model

We further compared the performance of EMR-BCEP with that of the traditional
machine learning model, extreme gradient boosting (XGBoost)?®. Since XGBoost
cannot directly model unstructured text data, only the same 28 structured features were
used for training and evaluation to ensure comparability. Under this structured-feature-
only setting, EMR-BCEP achieved AUROCs of 0.67, 0.61, 0.64, 0.61, and 0.65 across
the five tasks on the internal test set, and 0.70, 0.60, 0.62, 0.62, and 0.64 on the external
validation set, respectively. Compared with the version incorporating unstructured
features, overall AUROC values were reduced, indicating a measurable contribution of
text information to model discrimination. For XGBoost, the AUROCSs on the internal
test set were 0.79, 0.75, 0.74, 0.79, and 0.79, whereas those on the external validation
set decreased to 0.49, 0.51, 0.52, 0.51, and 0.50, respectively. Although XGBoost
achieved higher performance on the internal test set than EMR-BCEP trained without
unstructured data, this advantage did not generalize to the external validation cohort.
Overall, EMR-BCEP demonstrated more stable discriminative performance across

internal and external datasets under the same structured input setting.
Comparison of dynamic loss weight optimization methods (DLWOQO)

To highlight the impact of dynamic loss weight optimization (DLWO), we performed
an ablation analysis by comparing the multitask model trained with and without DLWO,

while keeping the model architecture, input features, and training settings identical
13
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across all five prognostic tasks (Fig. 5). Incorporation of DLWO led to consistent
improvements in predictive performance, with AUROC increases of 0.01, 0.05, 0.05,
0.06, and 0.05 for BCSS, iDFS, D-DFS, L-RFS, and OS, respectively, compared with
the model trained using fixed loss weights (without DLWO). These results demonstrate
that dynamic loss weight allocation facilitates more balanced optimization across tasks
and improves overall classification performance.
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Fig. 5: ROC curves with and without dynamic loss weight optimization method.

a ROC curve for BCSS. b ROC curve for iDFS. ¢ ROC curve for D-DFS. d ROC curve for L-RFS.
e ROC curve for OS.

Online platform for clinical application

To facilitate clinical adoption and decision support, we integrated the multitask breast
cancer prognostic prediction model into a web-based interactive platform. Clinical
users can input the 30 required features, and the system will generate real-time
individualized risk predictions for the five prognostic tasks—BCSS, iDFS, D-DFS, L-
RFS, and OS. The web application also supports visual presentation of prediction
results, enabling straightforward interpretation and practical use by clinicians. In
addition, the model has been deployed as a mobile application, which is accessible for

download via the web-based platform.
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DISCUSSION

This study proposes EMR-BCEP, a multitask learning-based model for breast cancer
prognostic assessment, which demonstrated robust predictive performance and cross-
center generalizability in a dual-center retrospective cohort. The main contributions are
as follows: (1) we developed a multitask learning framework to jointly encode
structured and unstructured clinical data for predicting five interrelated breast cancer
prognostic indicators (BCSS, iDFS, D-DFS, L-RFS, OS); (2) we implemented a
dynamic loss-weight mechanism to balance learning across tasks, ensuring consistent
performance improvements for all prognostic endpoints; (3) by combining MLSMOTE
with a semantics-preserving text augmentation strategy, we mitigated multilabel
imbalance and enhanced prediction of rare events; (4) the optimal model was deployed
as a web-based interactive platform for real-time personalized risk prediction in clinical

practice.

Prognostic assessment is an often overlooked yet critically important component of
breast cancer management. EMR-BCEP employs a multitask learning framework to
predict five key prognostic endpoints in breast cancer. Our results demonstrate that,
compared with single-task models, the multitask approach yields consistently superior
performance in the internal test cohort, improving the AUROC for BCSS, iDFS, D-
DFS, L-RFS, and OS by 0.12, 0.06, 0.04, 0.05, and 0.07, respectively. It also achieved
higher scores on imbalance-sensitive metrics such as MacroFM and MicroFM. This
advantage arises from the high inter-task correlations among breast cancer prognostic
indicators: by enabling knowledge and representation sharing across related tasks, MTL
reduces redundant feature learning and improves data efficiency, offers a more holistic
patient assessment, mitigates the information-loss limitations inherent to single-task

models, and enhances generalization and predictive performance®’-3

. Moreover,
existing breast cancer prognostic studies still predominantly rely on TNM staging,
molecular markers, and genomic assays. By leveraging EMR data that encompass both
structured (demographic, pathological, and treatment features) and unstructured
(physician narrative notes) data, our study demonstrates that accurate, multi-endpoint
prognostic prediction can be generated from routinely collected EMR data. This
indicates that effective prognostic modeling does not necessarily depend on costly or
specialized testing. In resource-limited settings, such a model may serve as a practical
tool to support clinical decision-making and optimize healthcare resource allocation,

thereby helping reduce disparities between high- and low-resource environments>>-¢,
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Class imbalance remains a major challenge in medical artificial intelligence. In breast
cancer prognostic tasks, adverse events such as death, recurrence, or distant metastasis
occur at inherently low rates, resulting in a highly skewed label distribution in real-
world clinical data. Traditional training procedures tend to favor the majority class,
overlooking minority-class patterns and leading to biased predictions. To address this
issue, EMR-BCEP incorporates an MLSMOTE-based strategy combined with
semantics-preserving text augmentation. Our results show that this approach effectively
balances label distributions, improves AUROC for rare events, and enhances MacroFM
and MicroFM performance, indicating better recognition of minority outcomes and
greater model stability. Moreover, EMR-BCEP is compatible with advanced Al and
deep learning pipelines, providing a scalable framework for multi-label medical data

analysis.

In the age-stratified analysis, EMR-BCEP demonstrated stable and balanced predictive
advantages in the primary clinical population aged 31-70 years, which is closely related
to the sufficient sample size and relatively concentrated clinical characteristics within
this age group. Through multitask learning with shared representations, the model can
capture key associations from multidimensional features across tasks, resulting in
superior performance compared with single-task models across multiple prognostic
endpoints. For the younger (21-30 years) and older (71-80 years) groups, the model
exhibited greater performance variability, likely due to limited sample sizes, increased
disease heterogeneity, and uneven distribution of clinical features, which restrict the
learning of shared representations and lead to more pronounced differences across
tasks*73%. This result suggests that optimizing model strategies for different age groups
could help enhance the personalized predictive capability for breast cancer*”*°. In the
molecular subtype-stratified analysis, EMR-BCEP outperformed single-task models in
most tasks and subtypes, indicating that the multitask shared representation strategy
enhances model generalizability across different biological contexts. For the three
major subtypes—Luminal A, Luminal B (HER2 negative), and Luminal B (HER2
positive)—sufficient sample sizes and balanced feature distributions allowed the model
to fully learn cross-task shared representations, resulting in substantial AUROC
improvements across all five tasks and demonstrating the most pronounced predictive
advantages. For other molecular subtypes, due to limited sample sizes and higher
heterogeneity, EMR-BCEP showed slight performance decreases in certain tasks, and
in some cases performed lower than single-task models. However, the differences were
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minimal, indicating that multitask shared representations still provide effective

predictive capabilities in these subtypes without evident performance degradation.

External validation in an independent cohort further supported the generalizability and
stability of EMR-BCEP, with favorable performance across all prognostic tasks and
consistent adaptability to diverse patient subgroups. Beyond demonstrating predictive
performance in a separate dataset, these results suggest a certain degree of robustness
to center shift and case-mix shift, which may arise from differences in institutional
practice patterns, patient characteristics, treatment strategies, and outcome distributions.
This is particularly important for clinical translation, as such heterogeneity is
unavoidable in real-world settings. Therefore, the external validation findings support
the potential applicability of EMR-BCEP beyond the development center and provide

preliminary evidence for its deployment across institutions and regions.

From a clinical application perspective, EMR-BCEP offers several advantages for
personalized breast cancer management. By integrating predictions across the five
prognostic tasks of breast cancer, the model generates personalized survival curves that
enable intuitive long-term risk assessment and facilitate more precise treatment
planning. For high-risk patients, it can prompt therapy intensification (e.g., optimizing
endocrine therapy, adding immunotherapy, or enhancing chemo/radiotherapy), while
avoiding overtreatment in low-risk cases. It also optimizes follow-up scheduling via
risk stratification, prioritizing high-risk patients and reducing unnecessary monitoring
for low-risk patients, alleviating resource burden—particularly valuable in resource-
limited settings. Moreover, it empowers patients to participate in informed decision-
making by understanding their individualized prognosis, improving adherence and

long-term health outcomes.

ML models such as XGBoost have demonstrated strong performance in structured
clinical prediction tasks. In this study, although XGBoost outperformed the EMR-
BCEP model on the internal test set, its AUROC scores in the external validation cohort
were substantially lower. This discrepancy suggests that while tree-based ensemble
methods can effectively capture dataset-specific patterns, they may overfit the training
distribution and fail to maintain discriminative performance when confronted with
distributional shifts. In contrast, EMR-BCEP, built upon a unified multitask learning
framework, jointly optimizes multiple clinical endpoints to learn shared representations,

effectively mitigating task-specific overfitting and promoting the extraction of domain-
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invariant features—thereby enabling more stable predictions across heterogeneous data
sources. Moreover, the integration of unstructured clinical text enhances the model’s
ability to encode semantic and contextual information that cannot be captured by
structured variables alone. Traditional machine learning models, however, are
inherently limited in this regard, as they cannot directly model unstructured clinical
narratives—hindering their capacity to leverage the rich contextual and semantic

information embedded within EMR data.

The main limitations of our study concern both the number of data centers and the
characteristics of the dataset. First, our analyses relied on data from only two
institutions—West China Hospital of Sichuan University and Xijing Hospital—which
may inevitably introduce regional and institutional biases. We recognize that breast
cancer prognosis is shaped not only by biological heterogeneity, including molecular
subtypes and clinical stages, but also by variations in treatment strategies, healthcare
resources, and patient demographics. A dual-center cohort is unlikely to fully capture
this complexity, and therefore the generalizability of our findings to broader populations
remains limited. Second, because our dataset was retrospectively derived from EMR
data, it inevitably suffers from missing values, inconsistent documentation, and
underrepresentation of rare subtypes. These issues may affect the robustness of our
model and its potential clinical utility. To overcome these limitations, future work
should aim to incorporate larger, prospective, multicenter cohorts that better reflect the
diversity of real-world clinical settings. We believe that only through such broader
validation can prognostic models be ensured to be not only technically feasible but also

genuinely valuable in clinical practice.

In conclusion, EMR-BCEP provides accurate predictions for breast cancer prognosis,
including BCSS, iDFS, D-DFS, L-RFS and OS, with potential to guide individualized
treatment decisions and resource allocation. MTL enhances the use of deep learning
(DL) on EMR data for prognostic assessment. While performance varies across breast
cancer subtypes, the model’s ability to integrate multimodal data improves prognostic
reliability. Future research should include diverse populations and disease stages, and
incorporate prospective clinical data to further validate applicability and accelerate

clinical implementation.
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METHODS
Study design and dataset

This study is a retrospective, dual-center investigation utilizing data from the breast
cancer databases of West China Hospital, Sichuan University, and Xijing Hospital. We
retrospectively retrieved EMR data of patients diagnosed and treated for breast cancer
at West China Hospital, Sichuan University between January 2010 and December 2019,
and at Xijing Hospital between January 2013 and December 2018. Collected clinical
information included patient demographics, medical history and diagnosis, pathology
results, surgical records, chemotherapy and radiotherapy. All participants provided

informed consent, and all data were de-identified to protect patient privacy.

The objective of this study was to develop and evaluate EMR-BCEP. During model
development, a total of 13,545 breast cancer treatment records from 10,727 patients at
West China Hospital, Sichuan University were initially included. Records related to
preoperative neoadjuvant therapy and recurrence/metastasis salvage treatment (3,647
records) were excluded first, followed by exclusion of 2,441 records with less than five
years of follow-up, resulting in a final cohort of 7,457 patients with corresponding
postoperative adjuvant treatment records, with only one treatment record included for
each patient. The dataset was split into training and testing sets at an 8:2 ratio by patient
identifiers, ensuring independence between the two groups. Specifically, 5,965 records
were used for model training and 1,492 for testing (Fig. 6). Breast cancer treatment
records of 1,125 patients from Xijing Hospital were used as an external validation

cohort for model evaluation.
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425 Fig. 6: Summary of clinical datasets used for development, testing, and external validation of
426 EMR-BCEP.
427 To develop and evaluate EMR-BCEDP, this study included 7,457 postoperative adjuvant treatment
428 phase medical treatment data from 7,457 patients for model training and testing, and included 1,125
429 breast cancer medical treatment data from 1,125 patients for external validation.
430 Data preprocessing
431 In this study, all clinical breast cancer treatment data were exclusively from patients
432 diagnosed with breast cancer, healthy individuals were not included. All patients
433 underwent pathological confirmation and received one or more treatment modalities,
434 including chemotherapy, radiotherapy, endocrine therapy, and targeted therapy.
435 To ensure high-quality data, we performed data preprocessing. First, all treatment
436 records were aligned by matching patient identifiers with corresponding diagnosis and
437 treatment dates, and outliers were removed by setting acceptable value ranges and
438 formats. Next, unstructured clinical text data were preserved in their original form for
439 subsequent model input. Structured data were divided into continuous and categorical
440 variables. Continuous variables, such as age and body surface area, were normalized to
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the [0, 1] range using min-max scaling, while categorical variables were processed
using label encoding, assigning each category as an integer value starting from 0 and
increasing sequentially. Finally, missing values were imputed with -1 as a dedicated
sentinel value to explicitly indicate missingness. This fixed-value imputation strategy
is a simple and practical preprocessing approach in machine learning, and it allowed
the model to distinguish missing entries from valid observed values. The dataset was
divided into training and internal test sets at an 8:2 ratio at the patient level. To prevent
information leakage, all preprocessing parameters were obtained from the training set
only, and the same transformation rules were subsequently applied to the internal test

set and the external validation cohort.
Definition of breast cancer prognostic endpoints

The complex task of evaluating breast cancer prognostic assessment can be
decomposed into multiple related subproblems, which are interconnected through
shared factors or representations. Treating these subproblems independently as separate
single-task models overlooks the rich interrelations among them, potentially
compromising evaluation performance. In this study, we selected five highly correlated
tasks: BCSS, iDFS, D-DFS, L-RFS, and OS. The criteria for each endpoint were based
on the guidelines reported by Gourgou-Bourgade et al. in the breast cancer randomized

clinical trial (RCT) framework*!.

BCSS reflects mortality specifically attributable to breast cancer, serving as a measure
of breast cancer—specific prognosis. iDFS indicates the occurrence of invasive
recurrence, distant metastasis, or death, representing an important metric for assessing
post-treatment disease control. D-DFS measures the incidence of distant metastasis or
death, evaluating systemic tumor control. L-RFS denotes whether local or regional
recurrence occurred, a key indicator of local treatment efficacy. OS represents overall
patient mortality regardless of cause and is a core endpoint for assessing overall survival
and treatment benefit. All endpoint events were defined within a 5-year follow-up
period, and only events occurring within 5 years after surgery were considered in this

study.
Selection of EMR-derived predictive features for model development

A total of 99 clinical breast cancer features were initially collected. While a large

number of features can provide the model with sufficient information for improved
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prediction performance, high-dimensional data in practical applications may introduce
redundancy or noise, potentially degrading predictive accuracy. Furthermore, collecting

multi-dimensional features can be challenging.

In this study, a stepwise feature selection approach was employed. First, feature
inclusion was guided by clinically validated multidimensional prognostic models
reported in prior large-scale breast cancer studies***. Based on these established
feature systems and considering data availability within our cohort, 30 core clinical
features with demonstrated prognostic relevance were selected for subsequent analysis.
Second, correlation analysis was performed on 28 numerical features. Only three pairs
of features exhibited correlations exceeding 80%, therefore no features were removed.

Additionally, two unstructured features were retained.
Data synthesis using the MLSMOTE algorithm

In this study, to address the prevalent label imbalance across the five breast cancer
prognostic tasks (BCSS, iDFS, D-DFS, L-RFS, and OS), we adopted a multi-label data
augmentation strategy tailored for joint modeling of structured and unstructured
features. This approach is based on MLSMOTE combined with a neighbor-based
sampling method for textual features, aiming to generate augmented training data that
preserves both label correlations and semantic consistency. We constructed the feature
space using 28 structured features and synthesized samples based on MLSMOTE to
effectively increase the proportion of positive classes in the multi-label training set. For
the two unstructured textual features, given the non-differentiable nature of text
interpolation, we designed a semantic-preserving strategy based on sample
neighborhood. Specifically, the textual fields were directly inherited from nearest-
neighbor cases instead of being artificially fabricated, thereby avoiding semantic noise
or invalid text generation while preserving authentic medical language representations
within the real clinical context. The number of synthetic samples was determined
according to the imbalance ratio of each prognostic task. Specifically, minority class
samples were oversampled until the class imbalance ratio (IR) was reduced below 1.5,
rather than forcing the class distribution to become fully balanced. This strategy aimed
to mitigate class imbalance while minimizing the risk of introducing excessive synthetic
samples. To determine the optimal augmentation scale, synthetic samples were
generated at five preset levels (3,000, 3,500, 4,000, 4,500, and 5,000), and model

performance was evaluated under each setting. The final synthetic sample size was then
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chosen according to the configuration that achieved the best overall performance. To
maintain methodological rigor and comparability across experimental settings, the
MLSMOTE-based augmentation procedure was consistently applied to both multitask

and single-task training datasets.
Construction of Early Breast Cancer Prognostic Assessment models

The multitask model for evaluating the prognosis of early breast cancer consists of three
components: a shared encoder module, a multitask decoder module, and a dynamic loss
weight optimization module. The details of each component are illustrated in Fig.7. The
shared encoder module comprises a structured data encoder and an unstructured data
encoder. It takes breast cancer diagnosis and treatment data as input, extracts features
from both structured and unstructured data separately, and integrates them. The
multitask decoder module then uses task-specific prediction heads for each endpoint to
decode the integrated features and generate task-specific predictions. Finally, to
optimize the training process in multitask learning, we introduce a dynamic loss
optimization module, where task-specific loss weights are adaptively adjusted
throughout training. In the following sections, we will provide a detailed description of

each component.
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Fig. 7: EMR-BCEP model architecture.

a Input module of the EMR-BCEP model. X, represents structured data, and X, represents
unstructured data. b Shared encoder module. It consists of two parts: a structured encoder and an
unstructured encoder. ¢ Multitask decoder module. Different tasks use specific decoders to decode
the fused features. d Dynamic loss weight optimization module. w; represents the weights of

different tasks.
Shared encoder module

The shared encoder module is designed to extract features from both structured and
unstructured data and integrate them into a unified representation space. Structured data

are encoded using a fully connected neural network (FCNN), which is well suited to
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high-dimensional inputs and supports nonlinear classification and regression across
large feature spaces. The model takes structured clinical data of breast cancer patients,
X, as input and outputs the structured feature representation, h,. The unstructured data
encoder is based on a multi-head self-attention mechanism (Multi-Head Self-Attention,
MHSA). It takes unstructured data, X,,, as input and outputs the unstructured feature
representation, h,. Before being processed by the MHSA module, the unstructured
data is first transformed into a vector representation of length 256 through an
embedding layer, ensuring that the model can effectively learn semantic features in a
high-dimensional space. Next, deep feature modeling is performed using six self-
attention Transformer layers, each containing eight independent attention heads. Each
attention head captures global dependencies in different subspaces of the text. After
multi-head attention computation, the extracted features are concatenated and passed
through a linear transformation to integrate information, forming a comprehensive
contextual representation. Following each MHSA layer, a feedforward network (FFN)
is applied to further enhance feature representation capability. The FFN consists of two
fully connected layers, with a hidden dimension of 2048. Overall, the model alternates
between six layers of MHSA and FFN, effectively capturing deep semantic information
from the data to provide robust feature representations for downstream tasks. Finally,
the structured features h; and unstructured features h, are concatenated to form the

fused feature representation H, which is used for downstream task decoding:
H =hs+ hy (D
Multitask decoder module

During the multitask decoding phase, all tasks share a common base decoder module
(Fig. 7), which is built on a convolutional neural network (CNN). The module employs
convolutional layers with a kernel size of 3 to capture local feature patterns, followed
by pooling operations to progressively extract higher-level representations, and ReLU
activation for nonlinear transformation. In this study, task type was found to have a
substantial impact on model generalizability and performance. To accommodate the
specific requirements of different tasks, the model adopts task-specific fully connected
neural networks (FCNNs) in the hidden layers. The outputs are mapped through a
Sigmoid activation function to yield class probabilities. This design allows each task to

benefit from shared feature representations while preserving task-specific structures
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and prediction objectives, thereby enabling efficient modeling and prediction across

multiple prognostic endpoints in breast cancer.
Dynamic loss weighting module

Multitask learning improves performance by sharing representation information,
leading to better results compared to single-task training. It helps alleviate model
overfitting and enhances generalization ability. However, the scale of losses for
different tasks may vary, causing one task to dominate the overall loss, while the other
tasks fail to influence the learning process of the shared layers. To address this issue,

we employed a dynamic loss weight optimization strategy***

. This strategy
automatically adjusts the weight of each task based on its learning progress, overcoming
the limitations of traditional static weight allocation. First, for each task, we define a
learnable uncertainty parameter o, and use the softplus function to ensure it remains
positive. This ensures stable convergence for the weighted sum of all task losses. The

weight w for each task is then computed as follows:
w = log(1 + ¢2) (2)

Next, we propose a dynamic weight optimization method based on task weight

normalization, calculated as follows:

L

=2*W2*loss+w (3)

Finally, the individual task losses, including the dynamic weights and regularization

adjustments, are summed to obtain the final loss:

n
Liator = Z L; (4)
i=1

Model evaluation

In this study, the data used for training and internal test the multitask model for early
breast cancer prognostic assessment was randomly split. To ensure fairness in
comparison, both the multitask model and single-task models were trained and internal
tested on the same training and internal test set. All models were implemented using
PyTorch 2.4.1 on an Ubuntu 24.04 LTS system. The host was equipped with an Intel(R)
Xeon(R) Gold 6226R CPU and an NVIDIA RTX A6000. During training, the batch
sizes were set to 128 with a total of 100 epochs.

26



595
596
597
598
599
600
601

602

603

604

605

606

607

608

609
610

611

612
613
614

615
616
617

618

MeanlR and MaxIR are used to estimate the imbalance rate in a dataset, as defined in
the appendix. We employed macro-average and micro-average F1 scores (MacroFM
and MicroFM) to analyze the performance of the model on the original dataset versus
the MLSMOTE-augmented dataset, MacroFM equally weights performance across
tasks, MicroFM emphasizes overall performance by aggregating samples across classes.
For given TP, FP, FN, and TN denote the number of true positives, false positives, false

negatives, and true negatives for a single task, precision and recall are defined as:

Precision = TP )
recision = TP n FP

Recall = — - 6)
R

The F1 score is calculated as:

F1 = 2 Precision * Recall %
= E S
Precision + Recall

MacroFM and MicroFM are obtained by averaging the F1 scores across L tasks:
1 L]
MacroFM = mz F1(TP;, FP;, TN;, FN;) (8)
i=1

|L| |L| |L| |L|

MicroFM = F1(Z TP, Z FP, Z TN, Z FN)) 9)
i=1 i=1 i=1 i=1

Model performance was evaluated using AUROC, ROC curves, accuracy, MacroFM,

and MicroFM.
Statistical analysis

In this study, all statistical analyses were performed using Python 3.8. For continuous
variables, we calculated the mean and standard deviation (SD). For discrete variables,

we recorded their frequency of occurrence.

AUROC was used as the primary performance metric. Each experiment was performed
five times with different random seeds while keeping the same data split and parameter

settings.

Ethics and informed consent
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This study was approved by the Clinical Test and Biomedical Ethics Committee of West
China Hospital, Sichuan University (reference number 2020 (427)) on 14 May, 2020.

All study participants signed consent forms electronically.
Data availability

Limited deidentified data used for the analysis presented in this work can be made
available to qualified researchers upon request. Please contact Dr. Xiaowei Mao, the

corresponding author, via email at xiaowei.mao@uestc.edu.cn.
Code availability

The code for EMR-BCERP is available at https://github.com/MaoLab-CD/Breast cancer.
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