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ABSTRACT 19 

Accurate prognostic prediction in early breast cancer is essential for tailoring adjuvant 20 

therapy, yet existing clinical tools remain limited in their ability to integrate high-21 

dimensional electronic medical record (EMR) data for joint multi-endpoint risk 22 
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assessment. We developed EMR-BCEP, a multitask deep learning framework using 23 

routine breast cancer EMR data and incorporating the Multilabel Synthetic Minority 24 

Over-sampling Technique (MLSMOTE) and dynamic loss weighting optimization 25 

(DLWO) to simultaneously predict five clinically relevant prognostic endpoints. EMR-26 

BCEP was developed and internally tested in a cohort of 7,457 patients and externally 27 

validated in an independent cohort of 1,125 patients. In the internal test set, EMR-BCEP 28 

outperformed corresponding single-task models, with AUROC gains of 0.12, 0.06, 0.04, 29 

0.05 and 0.07 across the five endpoints, and its performance was largely preserved in 30 

external validation. To support clinical translation, EMR-BCEP has been deployed as 31 

an online interactive platform, freely accessible at https://maolab.tech/breast_cancer. 32 

  33 
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INTRODUCTION 34 

Breast cancer is the most common malignancy among women worldwide and 35 

represents the second leading cause of cancer-related mortality in female patients. Its 36 

incidence has been continuously rising in recent years1,2. According to projections, by 37 

2040, there will be over 3 million new cases of breast cancer annually, with over 1 38 

million deaths each year3. With the increasing emphasis on breast cancer screening and 39 

advancements in standardized diagnostic and therapeutic techniques, the cure rate for 40 

breast cancer patients has significantly improved4,5. In this context, as survival 41 

outcomes continue to improve and patients live longer, breast cancer has increasingly 42 

transitioned into a condition requiring long-term disease management, in which the 43 

evaluation of treatment response and prognosis plays an important role in shaping 44 

survival outcomes and patient quality of life6. However, conventional prognostic 45 

assessment methods primarily rely on pathological characteristics, biomarkers, and 46 

imaging data, which require regular follow-ups and reassessments. These approaches 47 

are often time-consuming and susceptible to subjective interpretation. Therefore, there 48 

is an urgent need for more precise and efficient decision-support tools to improve the 49 

clinical management of breast cancer patients. 50 

Artificial intelligence (AI) has been increasingly applied in breast cancer management, 51 

with its most notable impact in the field of early screening. By improving diagnostic 52 

accuracy and reducing healthcare costs, AI-based screening systems have demonstrated 53 

significant advantages over traditional approaches7-9. Recent studies have shown that 54 

AI techniques are also widely utilized in treatment evaluation and prognosis prediction. 55 

For instance, Boeri et al. performed an early evaluation of machine learning (ML) 56 

models for breast cancer prognosis, predicting local – regional recurrence, distant 57 

metastasis, and breast cancer–specific mortality using clinicopathological features10. 58 

Song et al. developed ML models leveraging 15 clinical variables from electronic 59 

medical record (EMR) data to predict patient survival11. Teng et al. employed SEER 60 

population-based data to construct a nomogram predicting overall survival (OS) and 61 

breast cancer-specific survival (BCSS), facilitating individualized risk stratification. 62 

Collectively, these studies demonstrate the versatility of ML approaches in predicting 63 

diverse prognostic endpoints across clinical and population-based datasets12. The 64 

ability to accurately predict cancer prognosis not only empowers patients with a clearer 65 

understanding of their condition but also supports clinicians in making evidence-based 66 

decisions and optimizing treatment strategies13-15. However, prognostic tasks in breast 67 
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cancer, including recurrence risk and survival prediction, are intrinsically correlated 68 

because they share overlapping clinical, pathological, and molecular determinants. 69 

Most existing approaches are based on separate single-task learning frameworks, in 70 

which individual prognostic endpoints are modeled independently or evaluated 71 

sequentially. This approach may limit the integration and effective utilization of 72 

multidimensional patient data, hindering shared information across related outcomes, 73 

and ultimately leading to the loss of valuable cross-task information. In contrast, 74 

multitask learning (MTL) enables the simultaneous optimization of related clinical 75 

objectives, facilitating knowledge sharing across tasks and improving model 76 

generalization. Recent studies have demonstrated that MTL can effectively capture 77 

complementary patterns among heterogeneous data modalities and outperform single-78 

task models in predictive performance, offering significant advantages in multi-source 79 

information integration and precision medicine applications16-18. 80 

Although multitask learning provides an effective framework for integrating 81 

heterogeneous information and enhancing prognostic modeling in breast cancer, its 82 

performance can still be hindered by the inherent class imbalance within medical 83 

datasets19-21. Such imbalance arises when certain clinical outcomes or disease states are 84 

underrepresented, resulting in a majority class of common cases and a minority class of 85 

rare but clinically significant events22. Standard AI algorithms are typically optimized 86 

under the assumption of balanced data, and this imbalance can bias models toward the 87 

majority class while neglecting minority instances, thereby significantly degrading 88 

predictive performance. This issue is particularly critical for clinically important but 89 

underrepresented outcomes, as it increases the risk of misclassification and limits the 90 

model’s clinical utility23,24. Consequently, addressing class imbalance is crucial for 91 

developing reliable predictive models that are both sensitive and equitable in medical 92 

applications. Beyond addressing class imbalance, an additional challenge lies in the 93 

effective utilization of EMR data within multitask learning frameworks. Despite the 94 

growing interest in data-driven prognostic modeling, few studies have explored the 95 

joint prediction of multiple prognostic endpoints using EMR data. Most existing 96 

approaches rely on population-based datasets (e.g., SEER) or single-center structured 97 

data, which constrains model generalizability and limits clinical transferability. 98 

In this study, we developed EMR-BCEP, a multitask learning framework for predicting 99 

multi-endpoint prognosis in breast cancer. Leveraging clinical diagnostic and 100 

therapeutic data, the model simultaneously predicts five key outcomes—BCSS, 101 
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invasive disease-free survival (iDFS), distant disease-free survival (D-DFS), 102 

locoregional relapse-free survival (L-RFS), and OS. Furthermore, to mitigate class 103 

imbalance, we incorporated a multilabel synthetic over-sampling (MLSMOTE) 104 

strategy with semantic preservation to ensure balanced learning across endpoints25-27. 105 

The model was trained and validated using data from two independent centers, and its 106 

predictions were further used to generate clinical decision support recommendations. 107 

  108 
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RESULTS 109 

EMR-BCEP is a multitask learning model designed to simultaneously predict five 110 

clinically relevant prognostic outcomes in early breast cancer using EMR data. Fig.1 111 

illustrates the schematic overview of this study. To rigorously evaluate its predictive 112 

capability, the model was trained and tested on the development cohort and 113 

subsequently assessed on an independent validation set, ensuring a comprehensive 114 

evaluation of its generalizability and robustness. 115 

 116 

Fig. 1: Schematic Diagram of the Breast Cancer Prognostic Assessment Multitask Model. 117 

EMR-BCEP is a multitask learning model that can predict five endpoint events: BCSS, iDFS, D-118 

DFS, L-RFS, and OS. Performance was evaluated in an internal test set and an independent external 119 

validation cohort. 120 

Preparation of breast cancer clinical data 121 

We obtained EMR data from breast cancer patients diagnosed and undergoing 122 

postoperative adjuvant therapy from the breast cancer database at West China Hospital, 123 

Sichuan University, which were used for model development and performance 124 

evaluation. After sample screening and data preprocessing, a total of 7,457 patient 125 

records were included. The average age of patients was 48.17 ± 9.64 years, with 7,427 126 

females (99.60%) and 30 males (0.40%). The dataset was randomly split into training 127 

and internal test sets at an 8:2 ratio. Additionally, EMR data from 1,125 breast cancer 128 

patients in the phase of postoperative adjuvant therapy were collected from the Xijing 129 

Hospital, serving as an external validation cohort. This cohort had a mean age of 49.09 130 

± 10.60 years, including 1,120 females (99.56%) and 5 males (0.44%). Demographic 131 

characteristics of the datasets are summarized in Table 1. 132 
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Characteristics of the breast cancer clinical data included in this study are as follows: 133 

sex, age, ethnicity, education level, weight (kg), height (cm), body surface area (m²), 134 

marital status, reimbursement ratio, menopausal status at diagnosis, primary or 135 

recurrent status, HER2 FISH, diagnosis, ER, ER percentage, PR, PR percentage, CK5/6, 136 

Ki67, HER2, WHO grade, surgery type, surgery name, chemotherapy regimen, 137 

radiotherapy mode, T, N, pN, M, and clinical stage. Among these, surgery name and 138 

diagnosis were unstructured textual features, while the remaining 28 features were 139 

structured. In addition, the frequency distribution of each categorical value was 140 

computed to characterize the underlying data composition (Supplementary Table 1). 141 

Table 1 Demographic characteristics of the training, internal test and external validation sets. 142 

Characteristics Training (n = 5965) 
Internal test 
(n = 1492) 

External validation 

(n = 1125) 

Age years, mean ± SD 48.11 ± 9.71 48.41 ± 9.38 49.09 ± 10.60 

Age groups, n (%) 

11–20 1(0.02) 2(0.13) 1(0.09) 

21–30 178(2.98) 36(2.41) 33(2.93) 

31–40 1072(17.97) 241(16.15) 170(15.11) 

41–50 2560(42.92) 655(43.90) 374(33.24) 

51–60 1446(24.24) 395(26.47) 313(27.82) 

61–70 633(10.61) 140(9.38) 163(14.49) 

71–80 71(1.19) 23(1.56) 60(5.33) 

81+ 4(0.07) 0(0.00) 11(0.99) 

Ethnicity, n (%) 

Han 5851(98.09) 1463(98.06) 1109(98.58) 

Tibetan 68(1.14) 18(1.21) 2(0.18) 

Yi 13(0.22) 4(0.27) 0(0) 

Qiang 11(0.18) 3(0.20) 0(0) 

Hui 7(0.12) 1(0.07) 12(1.07) 

Others 15(0.25) 3(0.19) 2(0.17) 

Sex, n (%) 

Female 5938(99.55) 1489(99.80) 1120(99.56) 

Male 27(0.45) 3(0.20) 5(0.44) 
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n: Number of patients. 143 

Preprocessing of prognostic endpoints 144 

The five endpoints in this study—BCSS, iDFS, D-DFS, L-RFS, and OS—were 145 

modeled as binary classification tasks. Endpoint assessment was conducted within a 146 

fixed 5-year follow-up period after surgery, and all events were defined as those 147 

occurring within 5 years postoperatively. Patients without events during the 5-year 148 

follow-up were assigned a label of 0 (favorable outcome), whereas those who 149 

experienced events within this period were assigned a label of 1 (unfavorable outcome). 150 

Event determination was conducted by experienced breast cancer clinicians based on 151 

patient follow-up data. The date of surgery was considered to be the starting point for 152 

all endpoint events. Detailed label distributions for the five tasks are presented in Table 153 

2. 154 

All endpoints exhibited marked class imbalance. To address this issue, MLSMOTE was 155 

applied to the training set, after which the degree of class imbalance was reassessed. 156 

Fig. 2 depicts the label distributions for each task before and after MLSMOTE 157 

application, showing improvements in the proportion between common and less 158 

frequent labels. Additionally, after applying MLSMOTE, the maximum imbalance ratio 159 

(MaxIR) and mean imbalance ratio (MeanIR) decreased by 0.39 and 0.82, respectively, 160 

demonstrating a substantial mitigation of class imbalance (Supplementary Table 2). 161 

Model performance before and after MLSMOTE was subsequently compared. One set 162 

of results was obtained using the original, non-resampled data, while the other was 163 

based on MLSMOTE-augmented data. Performance was evaluated using Macro-F1 164 

(MacroFM) and Micro-F1 (MicroFM) (Supplementary Table 3). In the internal test set, 165 

MacroFM increased from 0.03 to 0.30 and MicroFM from 0.04 to 0.31. In the external 166 

validation cohort, both MacroFM and MicroFM increased from 0.01 to 0.16. These 167 

consistent gains demonstrate that MLSMOTE effectively mitigates class imbalance and 168 

substantially enhances the model’s generalization capability. 169 

Table 2 Label statistical analysis of five tasks: BCSS, iDFS, D-DFS, L-RFS, and OS. 170 

Task Training (n = 5965) 
Internal test 
(n = 1492) 

External validation 

(n = 1125) 

BCSS, n(%) 

Death 330(5.53) 83(5.56) 22(1.96) 

Survival 5635(94.47) 1409(94.44) 1103(98.04) 
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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) 

OS, 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. 171 

 172 

Fig. 2: Label distribution diagram before and after applying MLSMOTE. 173 

The upper half shows the original label distribution for the five tasks, while the lower half shows 174 

the label distribution for the five tasks after applying MLSMOTE. 175 

EMR-BCEP performance on internal test set 176 

Based on a multitask learning framework, EMR-BCEP utilizes 30 features as input, 177 

including 28 structured features and 2 unstructured features, and its performance was 178 

evaluated on the internal test set. For the five tasks—BCSS, iDFS, D-DFS, L-RFS, and 179 

OS—the multitask model achieved area under the receiver operating characteristic 180 
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curve (AUROC) values of 0.76, 0.72, 0.72, 0.75, and 0.76, respectively. Compared to 181 

the single-task models, which yielded AUROCs of 0.64, 0.66, 0.68, 0.70, and 0.69, this 182 

corresponds to improvements of 0.12, 0.06, 0.04, 0.05, and 0.07, demonstrating strong 183 

discriminative ability. AUROC curves for five tasks are shown in Fig. 3. Additionally, 184 

the multitask MacroFM and MicroFM scores were 0.30 and 0.31, substantially higher 185 

than the single-task scores of 0.23 and 0.24, indicating superior classification results for 186 

imbalanced multilabel data (Supplementary Table 4). Accuracy metrics for the model 187 

are reported in Supplementary Table 5.  188 

Performance stratification of EMR-BCEP on the internal test set was conducted by age 189 

(Fig. 4a) and molecular subtype (Fig. 4b). For age stratification, within the primary 190 

clinical population aged 31-70 years, EMR-BCEP consistently outperformed the single-191 

task model across all five tasks, demonstrating more stable and uniform predictive 192 

advantages. In contrast, in the two extreme age groups with relatively smaller sample 193 

sizes (21-30 and 71-80 years), the performance of EMR-BCEP showed greater 194 

variability, with inconsistent performance differences across tasks and reduced 195 

advantages or comparable performance to the single-task model in some endpoints. For 196 

molecular subtype stratification, across the three major molecular subtypes—Luminal 197 

A, Luminal B (HER2 negative), and Luminal B (HER2 positive)—EMR-BCEP 198 

achieved markedly higher AUROC values than the single-task model across all five 199 

tasks, representing the most prominent predictive advantage. For the Triple-negative 200 

and Others subtypes, EMR-BCEP maintained superior performance in most tasks, with 201 

relatively weaker results observed only for iDFS in the Triple-negative subtype and D-202 

DFS in the Others subtype, while overall differences remained limited. 203 
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 204 

Fig. 3: Receiver operating characteristic (ROC) curves for the EMR-BCEP model and single-205 

task model on internal test set. 206 

a ROC curve for BCSS. b ROC curve for iDFS. c ROC curve for D-DFS. d ROC curve for L-RFS. 207 

e ROC curve for OS. 208 
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 209 

Fig. 4: Comparison of age stratification and molecular subtype stratification between the 210 

EMR-BCEP model and the single-task model on internal test set. 211 

a Age-stratified comparison results between EMR-BCEP and single-task models for BCSS, iDFS, 212 

D-DFS, L-RFS, and OS. b Molecular subtype-stratified comparison results between EMR-BCEP 213 

and single-task models for BCSS, iDFS, D-DFS, L-RFS, and OS. 214 

External validation 215 
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In the external validation cohort, EMR-BCEP continued to demonstrate robust 216 

predictive performance. For the five tasks—BCSS, iDFS, D-DFS, L-RFS, and OS—217 

the multitask model achieved AUROC values of 0.76, 0.62, 0.66, 0.63, and 0.69, 218 

respectively. Compared to single-task models, improvements of 0.05, 0.02, 0.01, and 219 

0.04 were observed for BCSS, iDFS, L-RFS, and OS, respectively, whereas 220 

performance on D-DFS was maintained without deterioration, indicating strong cross-221 

center generalizability (Supplementary Fig. 1). The multitask model also achieved 222 

MacroFM and MicroFM scores of 0.16, both higher than those of the single-task models 223 

(Supplementary Table 6). Overall, these results indicate that EMR-BCEP maintains 224 

stable and superior classification performance on an independent dataset. We further 225 

conducted age-stratified and molecular subtype-stratified analyses in the external 226 

validation cohort, and the overall trends were consistent with those observed in the 227 

internal test set (Supplementary Fig. 2). 228 

Comparison with machine learning model 229 

We further compared the performance of EMR-BCEP with that of the traditional 230 

machine learning model, extreme gradient boosting (XGBoost)28. Since XGBoost 231 

cannot directly model unstructured text data, only the same 28 structured features were 232 

used for training and evaluation to ensure comparability. Under this structured-feature-233 

only setting, EMR-BCEP achieved AUROCs of 0.67, 0.61, 0.64, 0.61, and 0.65 across 234 

the five tasks on the internal test set, and 0.70, 0.60, 0.62, 0.62, and 0.64 on the external 235 

validation set, respectively. Compared with the version incorporating unstructured 236 

features, overall AUROC values were reduced, indicating a measurable contribution of 237 

text information to model discrimination. For XGBoost, the AUROCs on the internal 238 

test set were 0.79, 0.75, 0.74, 0.79, and 0.79, whereas those on the external validation 239 

set decreased to 0.49, 0.51, 0.52, 0.51, and 0.50, respectively. Although XGBoost 240 

achieved higher performance on the internal test set than EMR-BCEP trained without 241 

unstructured data, this advantage did not generalize to the external validation cohort. 242 

Overall, EMR-BCEP demonstrated more stable discriminative performance across 243 

internal and external datasets under the same structured input setting. 244 

Comparison of dynamic loss weight optimization methods (DLWO) 245 

To highlight the impact of dynamic loss weight optimization (DLWO), we performed 246 

an ablation analysis by comparing the multitask model trained with and without DLWO, 247 

while keeping the model architecture, input features, and training settings identical 248 
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across all five prognostic tasks (Fig. 5). Incorporation of DLWO led to consistent 249 

improvements in predictive performance, with AUROC increases of 0.01, 0.05, 0.05, 250 

0.06, and 0.05 for BCSS, iDFS, D-DFS, L-RFS, and OS, respectively, compared with 251 

the model trained using fixed loss weights (without DLWO). These results demonstrate 252 

that dynamic loss weight allocation facilitates more balanced optimization across tasks 253 

and improves overall classification performance. 254 

 255 

Fig. 5: ROC curves with and without dynamic loss weight optimization method. 256 

a ROC curve for BCSS. b ROC curve for iDFS. c ROC curve for D-DFS. d ROC curve for L-RFS. 257 

e ROC curve for OS. 258 

Online platform for clinical application 259 

To facilitate clinical adoption and decision support, we integrated the multitask breast 260 

cancer prognostic prediction model into a web-based interactive platform. Clinical 261 

users can input the 30 required features, and the system will generate real-time 262 

individualized risk predictions for the five prognostic tasks—BCSS, iDFS, D-DFS, L-263 

RFS, and OS. The web application also supports visual presentation of prediction 264 

results, enabling straightforward interpretation and practical use by clinicians. In 265 

addition, the model has been deployed as a mobile application, which is accessible for 266 

download via the web-based platform. 267 

  268 
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DISCUSSION 269 

This study proposes EMR-BCEP, a multitask learning-based model for breast cancer 270 

prognostic assessment, which demonstrated robust predictive performance and cross-271 

center generalizability in a dual-center retrospective cohort. The main contributions are 272 

as follows: (1) we developed a multitask learning framework to jointly encode 273 

structured and unstructured clinical data for predicting five interrelated breast cancer 274 

prognostic indicators (BCSS, iDFS, D-DFS, L-RFS, OS); (2) we implemented a 275 

dynamic loss-weight mechanism to balance learning across tasks, ensuring consistent 276 

performance improvements for all prognostic endpoints; (3) by combining MLSMOTE 277 

with a semantics-preserving text augmentation strategy, we mitigated multilabel 278 

imbalance and enhanced prediction of rare events; (4) the optimal model was deployed 279 

as a web-based interactive platform for real-time personalized risk prediction in clinical 280 

practice. 281 

Prognostic assessment is an often overlooked yet critically important component of 282 

breast cancer management. EMR-BCEP employs a multitask learning framework to 283 

predict five key prognostic endpoints in breast cancer. Our results demonstrate that, 284 

compared with single-task models, the multitask approach yields consistently superior 285 

performance in the internal test cohort, improving the AUROC for BCSS, iDFS, D-286 

DFS, L-RFS, and OS by 0.12, 0.06, 0.04, 0.05, and 0.07, respectively. It also achieved 287 

higher scores on imbalance-sensitive metrics such as MacroFM and MicroFM. This 288 

advantage arises from the high inter-task correlations among breast cancer prognostic 289 

indicators: by enabling knowledge and representation sharing across related tasks, MTL 290 

reduces redundant feature learning and improves data efficiency, offers a more holistic 291 

patient assessment, mitigates the information-loss limitations inherent to single-task 292 

models, and enhances generalization and predictive performance29-32. Moreover, 293 

existing breast cancer prognostic studies still predominantly rely on TNM staging, 294 

molecular markers, and genomic assays. By leveraging EMR data that encompass both 295 

structured (demographic, pathological, and treatment features) and unstructured 296 

(physician narrative notes) data, our study demonstrates that accurate, multi-endpoint 297 

prognostic prediction can be generated from routinely collected EMR data. This 298 

indicates that effective prognostic modeling does not necessarily depend on costly or 299 

specialized testing. In resource-limited settings, such a model may serve as a practical 300 

tool to support clinical decision-making and optimize healthcare resource allocation, 301 

thereby helping reduce disparities between high- and low-resource environments33-36. 302 
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Class imbalance remains a major challenge in medical artificial intelligence. In breast 303 

cancer prognostic tasks, adverse events such as death, recurrence, or distant metastasis 304 

occur at inherently low rates, resulting in a highly skewed label distribution in real-305 

world clinical data. Traditional training procedures tend to favor the majority class, 306 

overlooking minority-class patterns and leading to biased predictions. To address this 307 

issue, EMR-BCEP incorporates an MLSMOTE-based strategy combined with 308 

semantics-preserving text augmentation. Our results show that this approach effectively 309 

balances label distributions, improves AUROC for rare events, and enhances MacroFM 310 

and MicroFM performance, indicating better recognition of minority outcomes and 311 

greater model stability. Moreover, EMR-BCEP is compatible with advanced AI and 312 

deep learning pipelines, providing a scalable framework for multi-label medical data 313 

analysis. 314 

In the age-stratified analysis, EMR-BCEP demonstrated stable and balanced predictive 315 

advantages in the primary clinical population aged 31–70 years, which is closely related 316 

to the sufficient sample size and relatively concentrated clinical characteristics within 317 

this age group. Through multitask learning with shared representations, the model can 318 

capture key associations from multidimensional features across tasks, resulting in 319 

superior performance compared with single-task models across multiple prognostic 320 

endpoints. For the younger (21–30 years) and older (71–80 years) groups, the model 321 

exhibited greater performance variability, likely due to limited sample sizes, increased 322 

disease heterogeneity, and uneven distribution of clinical features, which restrict the 323 

learning of shared representations and lead to more pronounced differences across 324 

tasks37,38. This result suggests that optimizing model strategies for different age groups 325 

could help enhance the personalized predictive capability for breast cancer39,40. In the 326 

molecular subtype-stratified analysis, EMR-BCEP outperformed single-task models in 327 

most tasks and subtypes, indicating that the multitask shared representation strategy 328 

enhances model generalizability across different biological contexts. For the three 329 

major subtypes—Luminal A, Luminal B (HER2 negative), and Luminal B (HER2 330 

positive)—sufficient sample sizes and balanced feature distributions allowed the model 331 

to fully learn cross-task shared representations, resulting in substantial AUROC 332 

improvements across all five tasks and demonstrating the most pronounced predictive 333 

advantages. For other molecular subtypes, due to limited sample sizes and higher 334 

heterogeneity, EMR-BCEP showed slight performance decreases in certain tasks, and 335 

in some cases performed lower than single-task models. However, the differences were 336 
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minimal, indicating that multitask shared representations still provide effective 337 

predictive capabilities in these subtypes without evident performance degradation. 338 

External validation in an independent cohort further supported the generalizability and 339 

stability of EMR-BCEP, with favorable performance across all prognostic tasks and 340 

consistent adaptability to diverse patient subgroups. Beyond demonstrating predictive 341 

performance in a separate dataset, these results suggest a certain degree of robustness 342 

to center shift and case-mix shift, which may arise from differences in institutional 343 

practice patterns, patient characteristics, treatment strategies, and outcome distributions. 344 

This is particularly important for clinical translation, as such heterogeneity is 345 

unavoidable in real-world settings. Therefore, the external validation findings support 346 

the potential applicability of EMR-BCEP beyond the development center and provide 347 

preliminary evidence for its deployment across institutions and regions. 348 

From a clinical application perspective, EMR-BCEP offers several advantages for 349 

personalized breast cancer management. By integrating predictions across the five 350 

prognostic tasks of breast cancer, the model generates personalized survival curves that 351 

enable intuitive long-term risk assessment and facilitate more precise treatment 352 

planning. For high-risk patients, it can prompt therapy intensification (e.g., optimizing 353 

endocrine therapy, adding immunotherapy, or enhancing chemo/radiotherapy), while 354 

avoiding overtreatment in low-risk cases. It also optimizes follow-up scheduling via 355 

risk stratification, prioritizing high-risk patients and reducing unnecessary monitoring 356 

for low-risk patients, alleviating resource burden—particularly valuable in resource-357 

limited settings. Moreover, it empowers patients to participate in informed decision-358 

making by understanding their individualized prognosis, improving adherence and 359 

long-term health outcomes. 360 

ML models such as XGBoost have demonstrated strong performance in structured 361 

clinical prediction tasks. In this study, although XGBoost outperformed the EMR-362 

BCEP model on the internal test set, its AUROC scores in the external validation cohort 363 

were substantially lower. This discrepancy suggests that while tree-based ensemble 364 

methods can effectively capture dataset-specific patterns, they may overfit the training 365 

distribution and fail to maintain discriminative performance when confronted with 366 

distributional shifts. In contrast, EMR-BCEP, built upon a unified multitask learning 367 

framework, jointly optimizes multiple clinical endpoints to learn shared representations, 368 

effectively mitigating task-specific overfitting and promoting the extraction of domain-369 
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invariant features—thereby enabling more stable predictions across heterogeneous data 370 

sources. Moreover, the integration of unstructured clinical text enhances the model’s 371 

ability to encode semantic and contextual information that cannot be captured by 372 

structured variables alone. Traditional machine learning models, however, are 373 

inherently limited in this regard, as they cannot directly model unstructured clinical 374 

narratives—hindering their capacity to leverage the rich contextual and semantic 375 

information embedded within EMR data. 376 

The main limitations of our study concern both the number of data centers and the 377 

characteristics of the dataset. First, our analyses relied on data from only two 378 

institutions—West China Hospital of Sichuan University and Xijing Hospital—which 379 

may inevitably introduce regional and institutional biases. We recognize that breast 380 

cancer prognosis is shaped not only by biological heterogeneity, including molecular 381 

subtypes and clinical stages, but also by variations in treatment strategies, healthcare 382 

resources, and patient demographics. A dual-center cohort is unlikely to fully capture 383 

this complexity, and therefore the generalizability of our findings to broader populations 384 

remains limited. Second, because our dataset was retrospectively derived from EMR 385 

data, it inevitably suffers from missing values, inconsistent documentation, and 386 

underrepresentation of rare subtypes. These issues may affect the robustness of our 387 

model and its potential clinical utility. To overcome these limitations, future work 388 

should aim to incorporate larger, prospective, multicenter cohorts that better reflect the 389 

diversity of real-world clinical settings. We believe that only through such broader 390 

validation can prognostic models be ensured to be not only technically feasible but also 391 

genuinely valuable in clinical practice. 392 

In conclusion, EMR-BCEP provides accurate predictions for breast cancer prognosis, 393 

including BCSS, iDFS, D-DFS, L-RFS and OS, with potential to guide individualized 394 

treatment decisions and resource allocation. MTL enhances the use of deep learning 395 

(DL) on EMR data for prognostic assessment. While performance varies across breast 396 

cancer subtypes, the model’s ability to integrate multimodal data improves prognostic 397 

reliability. Future research should include diverse populations and disease stages, and 398 

incorporate prospective clinical data to further validate applicability and accelerate 399 

clinical implementation. 400 

  401 
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METHODS 402 

Study design and dataset 403 

This study is a retrospective, dual-center investigation utilizing data from the breast 404 

cancer databases of West China Hospital, Sichuan University, and Xijing Hospital. We 405 

retrospectively retrieved EMR data of patients diagnosed and treated for breast cancer 406 

at West China Hospital, Sichuan University between January 2010 and December 2019, 407 

and at Xijing Hospital between January 2013 and December 2018. Collected clinical 408 

information included patient demographics, medical history and diagnosis, pathology 409 

results, surgical records, chemotherapy and radiotherapy. All participants provided 410 

informed consent, and all data were de-identified to protect patient privacy. 411 

The objective of this study was to develop and evaluate EMR-BCEP. During model 412 

development, a total of 13,545 breast cancer treatment records from 10,727 patients at 413 

West China Hospital, Sichuan University were initially included. Records related to 414 

preoperative neoadjuvant therapy and recurrence/metastasis salvage treatment (3,647 415 

records) were excluded first, followed by exclusion of 2,441 records with less than five 416 

years of follow-up, resulting in a final cohort of 7,457 patients with corresponding 417 

postoperative adjuvant treatment records, with only one treatment record included for 418 

each patient. The dataset was split into training and testing sets at an 8:2 ratio by patient 419 

identifiers, ensuring independence between the two groups. Specifically, 5,965 records 420 

were used for model training and 1,492 for testing (Fig. 6). Breast cancer treatment 421 

records of 1,125 patients from Xijing Hospital were used as an external validation 422 

cohort for model evaluation. 423 
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 424 

Fig. 6: Summary of clinical datasets used for development, testing, and external validation of 425 

EMR-BCEP. 426 

To develop and evaluate EMR-BCEP, this study included 7,457 postoperative adjuvant treatment 427 

phase medical treatment data from 7,457 patients for model training and testing, and included 1,125 428 

breast cancer medical treatment data from 1,125 patients for external validation. 429 

Data preprocessing 430 

In this study, all clinical breast cancer treatment data were exclusively from patients 431 

diagnosed with breast cancer, healthy individuals were not included. All patients 432 

underwent pathological confirmation and received one or more treatment modalities, 433 

including chemotherapy, radiotherapy, endocrine therapy, and targeted therapy. 434 

To ensure high-quality data, we performed data preprocessing. First, all treatment 435 

records were aligned by matching patient identifiers with corresponding diagnosis and 436 

treatment dates, and outliers were removed by setting acceptable value ranges and 437 

formats. Next, unstructured clinical text data were preserved in their original form for 438 

subsequent model input. Structured data were divided into continuous and categorical 439 

variables. Continuous variables, such as age and body surface area, were normalized to 440 
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the [0, 1] range using min-max scaling, while categorical variables were processed 441 

using label encoding, assigning each category as an integer value starting from 0 and 442 

increasing sequentially. Finally, missing values were imputed with -1 as a dedicated 443 

sentinel value to explicitly indicate missingness. This fixed-value imputation strategy 444 

is a simple and practical preprocessing approach in machine learning, and it allowed 445 

the model to distinguish missing entries from valid observed values. The dataset was 446 

divided into training and internal test sets at an 8:2 ratio at the patient level. To prevent 447 

information leakage, all preprocessing parameters were obtained from the training set 448 

only, and the same transformation rules were subsequently applied to the internal test 449 

set and the external validation cohort. 450 

Definition of breast cancer prognostic endpoints 451 

The complex task of evaluating breast cancer prognostic assessment can be 452 

decomposed into multiple related subproblems, which are interconnected through 453 

shared factors or representations. Treating these subproblems independently as separate 454 

single-task models overlooks the rich interrelations among them, potentially 455 

compromising evaluation performance. In this study, we selected five highly correlated 456 

tasks: BCSS, iDFS, D-DFS, L-RFS, and OS. The criteria for each endpoint were based 457 

on the guidelines reported by Gourgou-Bourgade et al. in the breast cancer randomized 458 

clinical trial (RCT) framework41. 459 

BCSS reflects mortality specifically attributable to breast cancer, serving as a measure 460 

of breast cancer–specific prognosis. iDFS indicates the occurrence of invasive 461 

recurrence, distant metastasis, or death, representing an important metric for assessing 462 

post-treatment disease control. D-DFS measures the incidence of distant metastasis or 463 

death, evaluating systemic tumor control. L-RFS denotes whether local or regional 464 

recurrence occurred, a key indicator of local treatment efficacy. OS represents overall 465 

patient mortality regardless of cause and is a core endpoint for assessing overall survival 466 

and treatment benefit. All endpoint events were defined within a 5-year follow-up 467 

period, and only events occurring within 5 years after surgery were considered in this 468 

study. 469 

Selection of EMR-derived predictive features for model development 470 

A total of 99 clinical breast cancer features were initially collected. While a large 471 

number of features can provide the model with sufficient information for improved 472 
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prediction performance, high-dimensional data in practical applications may introduce 473 

redundancy or noise, potentially degrading predictive accuracy. Furthermore, collecting 474 

multi-dimensional features can be challenging. 475 

In this study, a stepwise feature selection approach was employed. First, feature 476 

inclusion was guided by clinically validated multidimensional prognostic models 477 

reported in prior large-scale breast cancer studies42,43. Based on these established 478 

feature systems and considering data availability within our cohort, 30 core clinical 479 

features with demonstrated prognostic relevance were selected for subsequent analysis. 480 

Second, correlation analysis was performed on 28 numerical features. Only three pairs 481 

of features exhibited correlations exceeding 80%, therefore no features were removed. 482 

Additionally, two unstructured features were retained. 483 

Data synthesis using the MLSMOTE algorithm 484 

In this study, to address the prevalent label imbalance across the five breast cancer 485 

prognostic tasks (BCSS, iDFS, D-DFS, L-RFS, and OS), we adopted a multi-label data 486 

augmentation strategy tailored for joint modeling of structured and unstructured 487 

features. This approach is based on MLSMOTE combined with a neighbor-based 488 

sampling method for textual features, aiming to generate augmented training data that 489 

preserves both label correlations and semantic consistency. We constructed the feature 490 

space using 28 structured features and synthesized samples based on MLSMOTE to 491 

effectively increase the proportion of positive classes in the multi-label training set. For 492 

the two unstructured textual features, given the non-differentiable nature of text 493 

interpolation, we designed a semantic-preserving strategy based on sample 494 

neighborhood. Specifically, the textual fields were directly inherited from nearest-495 

neighbor cases instead of being artificially fabricated, thereby avoiding semantic noise 496 

or invalid text generation while preserving authentic medical language representations 497 

within the real clinical context. The number of synthetic samples was determined 498 

according to the imbalance ratio of each prognostic task. Specifically, minority class 499 

samples were oversampled until the class imbalance ratio (IR) was reduced below 1.5, 500 

rather than forcing the class distribution to become fully balanced. This strategy aimed 501 

to mitigate class imbalance while minimizing the risk of introducing excessive synthetic 502 

samples. To determine the optimal augmentation scale, synthetic samples were 503 

generated at five preset levels (3,000, 3,500, 4,000, 4,500, and 5,000), and model 504 

performance was evaluated under each setting. The final synthetic sample size was then 505 
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chosen according to the configuration that achieved the best overall performance. To 506 

maintain methodological rigor and comparability across experimental settings, the 507 

MLSMOTE-based augmentation procedure was consistently applied to both multitask 508 

and single-task training datasets. 509 

Construction of Early Breast Cancer Prognostic Assessment models  510 

The multitask model for evaluating the prognosis of early breast cancer consists of three 511 

components: a shared encoder module, a multitask decoder module, and a dynamic loss 512 

weight optimization module. The details of each component are illustrated in Fig.7. The 513 

shared encoder module comprises a structured data encoder and an unstructured data 514 

encoder. It takes breast cancer diagnosis and treatment data as input, extracts features 515 

from both structured and unstructured data separately, and integrates them. The 516 

multitask decoder module then uses task-specific prediction heads for each endpoint to 517 

decode the integrated features and generate task-specific predictions. Finally, to 518 

optimize the training process in multitask learning, we introduce a dynamic loss 519 

optimization module, where task-specific loss weights are adaptively adjusted 520 

throughout training. In the following sections, we will provide a detailed description of 521 

each component. 522 
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 523 

Fig. 7: EMR-BCEP model architecture. 524 

a Input module of the EMR-BCEP model. Xs represents structured data, and Xu represents 525 

unstructured data. b Shared encoder module. It consists of two parts: a structured encoder and an 526 

unstructured encoder. c Multitask decoder module. Different tasks use specific decoders to decode 527 

the fused features. d Dynamic loss weight optimization module. wi represents the weights of 528 

different tasks. 529 

Shared encoder module 530 

The shared encoder module is designed to extract features from both structured and 531 

unstructured data and integrate them into a unified representation space. Structured data 532 

are encoded using a fully connected neural network (FCNN), which is well suited to 533 



25 

 

high-dimensional inputs and supports nonlinear classification and regression across 534 

large feature spaces. The model takes structured clinical data of breast cancer patients, 535 𝑋௦, as input and outputs the structured feature representation, ℎ௦. The unstructured data 536 

encoder is based on a multi-head self-attention mechanism (Multi-Head Self-Attention, 537 

MHSA). It takes unstructured data, 𝑋௨, as input and outputs the unstructured feature 538 

representation, ℎ௨ . Before being processed by the MHSA module, the unstructured 539 

data is first transformed into a vector representation of length 256 through an 540 

embedding layer, ensuring that the model can effectively learn semantic features in a 541 

high-dimensional space. Next, deep feature modeling is performed using six self-542 

attention Transformer layers, each containing eight independent attention heads. Each 543 

attention head captures global dependencies in different subspaces of the text. After 544 

multi-head attention computation, the extracted features are concatenated and passed 545 

through a linear transformation to integrate information, forming a comprehensive 546 

contextual representation. Following each MHSA layer, a feedforward network (FFN) 547 

is applied to further enhance feature representation capability. The FFN consists of two 548 

fully connected layers, with a hidden dimension of 2048. Overall, the model alternates 549 

between six layers of MHSA and FFN, effectively capturing deep semantic information 550 

from the data to provide robust feature representations for downstream tasks. Finally, 551 

the structured features ℎ௦ and unstructured features ℎ௨ are concatenated to form the 552 

fused feature representation H, which is used for downstream task decoding: 553 H = ℎ௦ +  ℎ௨ (1) 554 

Multitask decoder module 555 

During the multitask decoding phase, all tasks share a common base decoder module 556 

(Fig. 7), which is built on a convolutional neural network (CNN). The module employs 557 

convolutional layers with a kernel size of 3 to capture local feature patterns, followed 558 

by pooling operations to progressively extract higher-level representations, and ReLU 559 

activation for nonlinear transformation. In this study, task type was found to have a 560 

substantial impact on model generalizability and performance. To accommodate the 561 

specific requirements of different tasks, the model adopts task-specific fully connected 562 

neural networks (FCNNs) in the hidden layers. The outputs are mapped through a 563 

Sigmoid activation function to yield class probabilities. This design allows each task to 564 

benefit from shared feature representations while preserving task-specific structures 565 
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and prediction objectives, thereby enabling efficient modeling and prediction across 566 

multiple prognostic endpoints in breast cancer. 567 

Dynamic loss weighting module 568 

Multitask learning improves performance by sharing representation information, 569 

leading to better results compared to single-task training. It helps alleviate model 570 

overfitting and enhances generalization ability. However, the scale of losses for 571 

different tasks may vary, causing one task to dominate the overall loss, while the other 572 

tasks fail to influence the learning process of the shared layers. To address this issue, 573 

we employed a dynamic loss weight optimization strategy44,45. This strategy 574 

automatically adjusts the weight of each task based on its learning progress, overcoming 575 

the limitations of traditional static weight allocation. First, for each task, we define a 576 

learnable uncertainty parameter σ, and use the softplus function to ensure it remains 577 

positive. This ensures stable convergence for the weighted sum of all task losses. The 578 

weight w for each task is then computed as follows: 579 ݓ = log(1 + (2ߪ (2) 580 

Next, we propose a dynamic weight optimization method based on task weight 581 

normalization, calculated as follows: 582 

ܮ = 12 ∗ 2ݓ ∗ ݏݏ݋݈ + ݓ (3) 583 

Finally, the individual task losses, including the dynamic weights and regularization 584 

adjustments, are summed to obtain the final loss: 585 

௧௔௧௢௟ܮ = ∑ ௜௡ܮ
௜=1 (4) 586 

Model evaluation 587 

In this study, the data used for training and internal test the multitask model for early 588 

breast cancer prognostic assessment was randomly split. To ensure fairness in 589 

comparison, both the multitask model and single-task models were trained and internal 590 

tested on the same training and internal test set. All models were implemented using 591 

PyTorch 2.4.1 on an Ubuntu 24.04 LTS system. The host was equipped with an Intel(R) 592 

Xeon(R) Gold 6226R CPU and an NVIDIA RTX A6000. During training, the batch 593 

sizes were set to 128 with a total of 100 epochs. 594 
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MeanIR and MaxIR are used to estimate the imbalance rate in a dataset, as defined in 595 

the appendix. We employed macro-average and micro-average F1 scores (MacroFM 596 

and MicroFM) to analyze the performance of the model on the original dataset versus 597 

the MLSMOTE-augmented dataset, MacroFM equally weights performance across 598 

tasks, MicroFM emphasizes overall performance by aggregating samples across classes. 599 

For given TP, FP, FN, and TN denote the number of true positives, false positives, false 600 

negatives, and true negatives for a single task, precision and recall are defined as: 601 ܲ݊݋݅ݏ݅ܿ݁ݎ = ܶܲܶܲ + ܲܨ (5) 602 

ܴ݈݈݁ܿܽ = ܶܲܶܲ + ܰܨ (6) 603 

The F1 score is calculated as: 604 1ܨ = 2 ∗ ݊݋݅ݏ݅ܿ݁ݎܲ ∗ ݊݋݅ݏ݅ܿ݁ݎ݈݈ܴܲܽܿ݁ + ܴ݈݈݁ܿܽ (7) 605 

MacroFM and MicroFM are obtained by averaging the F1 scores across L tasks: 606 

ܯܨ݋ݎܿܽܯ = |ܮ|1 ∑ ܶ)1ܨ ௜ܲ, ܨ ௜ܲ , ܶ ௜ܰ, ܨ ௜ܰ)|௅|
௜=1 (8) 607 

ܯܨ݋ݎܿ݅ܯ = F1(∑ ܶ ௜ܲ|௅|
௜=1 ∑ ܨ ௜ܲ|௅|

௜=1 ∑ ܶ ௜ܰ|௅|
௜=1 ∑ ܨ ௜ܰ|௅|

௜=1 ) (9) 608 

Model performance was evaluated using AUROC, ROC curves, accuracy, MacroFM, 609 

and MicroFM. 610 

Statistical analysis 611 

In this study, all statistical analyses were performed using Python 3.8. For continuous 612 

variables, we calculated the mean and standard deviation (SD). For discrete variables, 613 

we recorded their frequency of occurrence. 614 

AUROC was used as the primary performance metric. Each experiment was performed 615 

five times with different random seeds while keeping the same data split and parameter 616 

settings. 617 

Ethics and informed consent 618 
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This study was approved by the Clinical Test and Biomedical Ethics Committee of West 619 

China Hospital, Sichuan University (reference number 2020 (427)) on 14 May, 2020. 620 

All study participants signed consent forms electronically. 621 

Data availability 622 

Limited deidentified data used for the analysis presented in this work can be made 623 

available to qualified researchers upon request. Please contact Dr. Xiaowei Mao, the 624 

corresponding author, via email at xiaowei.mao@uestc.edu.cn. 625 

Code availability 626 

The code for EMR-BCEP is available at https://github.com/MaoLab-CD/Breast_cancer. 627 
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