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Predicting recurrence among early-stage hormone receptor-positive human epidermal growth factor 
receptor-negative breast cancer (HR+/HER2− BC) is crucial for guiding adjuvant therapy. However, 
studies are limited for patients with low recurrence risk. HR+/HER2− early-stage (T1-2N0-1) invasive 
BC patients who received definitive surgery and followed by endocrine therapy from four independent 
medical centers were included in this retrospective study. Patients from center 1 were used as 
derivation cohort, while those from other centers were combined as an external test cohort. A deep 
learning prognostic model, HERPAI, was developed based on Transformer to predict risk of invasive 
disease-free survival (iDFS) utilizing clinical and pathological predictors. The model performance was 
evaluated using C-index for the overall population and subgroups. Threshold for selecting 5-year 
recurrence risk > 10% was determined. Hazard ratio (HR) was estimated between risk groups for iDFS. 
A total of 6340 patients were included, of whom 5424 were assigned to the derivation cohort (training 
and validation [N = 4882] and internal test cohort [N = 542]), while 916 patients were utilized as external 
cohort. HERPAI yielded a C-index of 0.73 (95% CI 0.65–0.81), 0.73 (95% CI 0.62–0.85), and 0.68 (95% CI 
0.60–0.77), in the validation, internal, and external test cohort, respectively. Consistent performances 
were observed for pre-specified subgroups. High-risk patients were associated with an increased risk 
of recurrence for validation (HR, 2.56 [95% CI 1.25–5.22], P = 0.01), internal test (HR, 2.52 [95% CI 
0.97–6.57], P = 0.06) and external test (HR, 1.94 [95% CI 1.00–3.74], P = 0.049) cohort, respectively. 
HERPAI was a promising tool for selecting vulnerable early-stage HR+/HER2− BC patients who were 
at high-risk of recurrence. It could facilitate the prioritization of patients who may benefit more from 
escalating adjuvant treatment.
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DDFS	� Distant disease-free survival
ER	� Estrogen receptor
PR	� Progesterone receptor
SD	� Standardized deviation
IQR	� Interquartile
MICE	� Multiple imputation with chained equations
BMI	� Body mass index
CV	� Cross validation
AUC	� Area under the curve
DCA	� Decision curve analysis
HR	� Hazard ratio
CDK4/6	� Cyclin-dependent kinases 4 and 6

Breast cancer (BC) is one of the most prevalent malignancies among women worldwide1, of which hormone 
receptor-positive and human epidermal growth factor receptor-negative (HR+/HER2−) subtype accounts for 
the majority2. Although the prognosis of stage I-II HR+/HER2− BC was improved by adjuvant endocrine 
therapy, the 20-year distant recurrence rate was still greater than 10%3. Escalating endocrine treatment (ET) 
with CDK4/6 inhibitors has demonstrated improved invasive disease-free survival (iDFS) for stage II-III HR+/
HER2− BC4–6, though with conflict results7. These trials excluded stage I patients partly due to low recurrence 
risk, however, unmet treatment needs persist among them with a substantial recurrence rate after long-term 
follow-up3. Thus, there is a burning need to identify HR+/HER2− BC patients for escalated adjuvant treatment.

Several prognostic and predictive models were proposed and validated for HR+/HER2− patients8–13. However, 
these models were mostly developed based on all stage I–III BC, which may not be applicable for patients with 
earlier disease stages. Genetic-based clinical decision tools, such as Recurrence Score (RS) from Oncotype 
Dx8 and MammaPrint9, demonstrated less predictive performance among certain populations, including the 
postmenopausal women and the elderly, compared with their counterparts. Additionally, these models utilized 
distant recurrence and overall survival (OS) as their primary outcome11,12, which is less encountered in patients 
with earlier stage and may impose the clinical application in the adjuvant setting. Overall, a significant gap 
persists for developing a robust prognostic model which focuses on early-stage HR+/HER2− BC to predict the 
comprehensive profile of disease recurrence, and to further guide adjuvant treatment.

Here, we sought to develop and validate a prognostic model to predict iDFS among early-stage (T1-2N0-1) 
HR+/HER2− BC with conventional clinical and pathological data.

Methods
Study design and participants
In this retrospective cohort study, female HR-positive BC cancer patients who received definitive surgery and 
were pathologically diagnosed as stage T1-2N0-1M0 per AJCC 8th guideline14, from January 1, 2012, to December 
31, 2023, were screened in four independent medical centers. The overall study design was shown in Fig. 1. The 
inclusion and exclusion workflow were demonstrated in Supplementary Fig. 1. Patients with HER2 positive BC, 
multiple lesions with unavailable IHC results, and HR negative or HER2 positive subtype, were excluded. Also, 
those who received any anti-tumor therapy before surgery, with concurrent other malignancies (defined as time 
from diagnosis less than 5 years), and those who died within 30 days after surgery were excluded.

This study was approved by the Ethical Review Boards of Ruijin Hospital (No. 2023126). Informed consent 
was obtained from all participants in this study. The study was reported consistent with the TRIPOD (transparent 
reporting of a multivariable prediction model for individual prognosis or diagnosis) guidelines15 and was 
performed in accordance with the Declaration of Helsinki.

Outcome definitions
The primary outcome for the prognostic model was invasive disease-free survival (iDFS) per the Standardized 
Definitions for Efficacy End Points (STEEP) system16, defined as the date from surgery to the first occurrence 
of one of the following events: invasive local recurrence, regional recurrence, distant metastasis, contralateral 
breast cancer, second primary invasive cancer, or death from any cause. Recurrence and metastases were 
centrally ascertained via radiological method or biopsy and determined by a radiologist with more than 20 years’ 
experience (W.C) or a pathologist with more than 10 years’ experience (X.W) who majored in BC diagnosis. 
(Supplementary Methods).

Distant disease-free survival (DDFS) and overall survival (OS) were the secondary outcomes. DDFS was 
defined as the date from surgery to the date of distant metastasis of breast cancer at any other site of the body 
(except for the contralateral breast). OS was defined as the date from surgery to the date of death of any cause. 
Patients were followed from surgery completed, until death, loss to follow-up, or study date cutoff (31st March 
2024), whichever came first.

Candidate predictors
Candidate predictors were screened and selected based on clinical practice and previous literature. The 
candidate clinical and pathological predictors were detailed in the Supplementary Methods. Clinical variables 
included age, body mass index (BMI), menopause status, family history, breast surgery modality, and lymph 
node surgery modality. Pathological variables consisted of histological type, histological grade, estrogen receptor 
(ER) expression, progesterone receptor (PR) expression, HER2 expression, Ki67 expression, pathological T stage 
and N stage. (Supplementary Methods).
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Statistical analysis
Continuous variables were summarized using mean (standardized deviation [SD]) and median (interquartile 
[IQR]), as appropriate. Categorical variables were presented as count and percentage. Patients from center 1 
were used as a derivation cohort. The derivation cohort was randomly divided into a training and validation 
cohort (90%) and an internal test cohort (10%). The external test cohort consisted of patients from other three 
independent medical centers.

Multiple imputation with chained equations (MICE) was employed to address missing BMI, tumor size, and 
grade data, under the assumption of missing at random17. Imputation was performed repeatedly to create 20 
datasets for deviation, internal test, and external test cohort, respectively. All estimates were combined using 
Rubin’s rule18 (Supplementary Methods).

The deep learning model, HERPAI, was developed in the training and validation cohort using a fivefold 
cross validation (CV) strategy and was evaluated in the internal test and external test cohort (Supplementary 
Fig. 2). HERPAI was constructed based upon the FT-Transformer model19. Each Transformer layer included 
a multi-head self-attention mechanism and incorporated a position-wise feed-forward network applied to the 
output of the self-attention mechanism. The final outputs from the Transformer layers were passed through 

Fig. 1.  Overall design of this study. (A) Predictors, outcomes, and methodology used in this study. (B) Study 
workflow.
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fully connected layers to predict iDFS (Supplementary Methods, Supplementary Table 1 and Supplementary 
Fig. 2). The Cox regression model and XGBoost were also constructed for comparison with a similar strategy 
(Supplementary Methods, Supplementary Table 1, and Supplementary Fig. 3).

The performance of HERPAI was assessed using C-index for the overall population and pre-specified 
subgroups defined by menopausal status, node involvement status, grade, Ki67 expression, and adjuvant 
chemotherapy and radiation therapy reception. The time-dependent area under the curve (AUC) at 3 and 5 years 
was also reported. The calibration curve was depicted to characterize the calibration ability20. Decision curve 
analysis (DCA) was performed to demonstrate the clinical usefulness21. Similar evaluations were performed for 
the Cox regression model and XGBoost model. We further determined the threshold of HERPAI score to select 
high-risk patient who has a predicted risk of recurrence greater than 10% at 5 years in the validation cohort22. 
The hazard ratio (HR) between high- and low-risk groups was estimated in overall population and pre-specified 
subgroups, respectively. The iDFS rate was calculated for 3- and 5-years in the overall population. The predictive 
value of HERPAI risk group in treatment decisions was explored. The association between HERPAI score and 
clinical and pathological variables were determined using linear regression in the derivation and internal test 
cohort. Also, we examined the association between HERPAI with selected genes in patients with genetic data 
from the derivation and internal test cohort. The associations were determined using linear regression models 
with and without adjusted for age, menopausal status, and family history of breast cancer, to provide insights into 
the biological foundation of HERPAI (Supplementary Methods).

All of the statistical analyses were performed using R statistical software (version 4.3.1). A two-tailed P-value 
less than 0.05 was considered as a sign of statistical significance unless otherwise specified.

Results
Characteristics of the participants
A total of 5424 and 916 patients was included in derivation cohort and external test cohort, respectively. The 
demographic and clinicopathologic characteristic were demonstrated in Table 1. In the derivation cohort, 4882 
(90%) were used for development (median age 57 [IQR, 47–66] years, 3319 [68.0%] were T1 and 3740 [76.6%] 
were N0), while 542 (10%) were utilized for internal test (median age 57 [IQR, 47–66] years, 367 [67.7%] were 
T1 and 402 [74.2%] were N0). External test cohort were consisting of 916 patients (median age 52 [IQR, 45–
62] years, 604 [65.9%] were T1 and 656 [71.6%] were N0) from three independent medical centers. After a 
median follow-up duration of 58.6 (IQR, 30.8–94.5), 56.1 (IQR, 29.5–92.3), and 53.2 (IQR, 38.0–73.5) months, 
a total of 305, 32, and 78 iDFS events were observed for training and validation, internal test, and external test, 
respectively (Supplementary Table 2).

Model performance evaluation
HERPAI yield a C-index of 0.73 (95% CI 0.65–0.81), 0.73 (95% CI 0.62–0.85), and 0.68 (95% CI 0.60–0.77) 
in validation, internal test, and external test cohort, respectively (Fig. 2A). A 5-years iDFS AUC of 0.75 (95% 
CI 0.56–0.93), 0.75 (95% CI 0.43–1.00), and 0.71 (95% CI 0.47–0.94) for HERPAI was observed in validation, 
internal test, and external test cohort, respectively (Fig. 2B). HERPAI demonstrated a good performance with 
good calibration and DCA in all cohorts (Supplementary Fig. 4–5). The majority of the DCA curve was above 
the treat-all and treat-none curve, indicating that HERPAI offered desirable trade-off.

Consistent performances were observed among pre-specified key subgroups (Supplementary Table 3). Of 
note, HERPAI reached C-indices of 0.69 (95% CI 0.52–0.86) and 0.68 (95% CI 0.55–0.81) for patients with and 
without lymph node involvement, respectively; and among patients with or without adjuvant chemotherapy 
(0.69 [95% CI 0.59–0.78] and 0.67 [95% CI 0.41–0.93]) or radiation therapy (0.67 [95% CI 0.53–0.82] and 
0.69 [95% CI 0.59–0.78]) among external test cohort. The 5-year iDFS AUC among subgroups were shown in 
Supplementary Table 6.

Moreover, HERPAI outperformed the Cox regression model, XGBoost model, and other known risk 
factors (including age, T stage, N stage, Ki67 expression, and grade) in predicting iDFS (ranged 0.51–0.61, 
Supplementary Table 3). HERPAI could also predict DDFS and OS with C-indices of 0.68 (95% CI 0.49–0.86) 
and 0.71 (95% CI 0.47–0.94), respectively, among external test cohort (Supplementary Table 4–5 and 7–8). 
Further, HERPAI score was significantly associated with iDFS after adjusted for chemotherapy and radiation 
therapy (Supplementary Table 9). Among patients with genetic data (N = 2795 [51.5%], Supplementary Table 
10), RS were less predictive in comparison with HERPAI (C index for RS, 0.620 [95% CI 0.577–0.662]), especially 
among those for postmenopausal women (C index 0.594 [95% CI 0.540–0.648]) and ER expression < 50% (C 
index 0.607 [95% CI 0.472–0.742]), compared with HERPAI (Supplementary Table 11). Sensitivity analysis 
demonstrated the robustness of HERPAI’s performance in predicting iDFS when accounting for the potential 
effect of COVID pandemic on follow-up and bias due to imputation (Supplementary Table 12). The genetic 
association between HERPAI score and selected genes among patients with genetic sequencing data were 
demonstrated in Supplementary Table 13. Higher HERPAI score were associated with significantly expression of 
BAG1, PR, and STMY3 (coefficient [95% CI], 0.015 [0.002–0.028], 0.020 [0.007–0.033], and 0.018 [0.004–0.032], 
respectively), after adjusted for age, menopausal status, and family history.

Reclassification according to HERPAI score
Approximately 25% of the participants were reclassified as high-risk patients. Elevated recurrence risk was 
observed for high-risk groups among validation (HR 2.56, 95% CI 1.25–5.22, P = 0.01), internal test (HR 2.52, 
95% CI 0.97–6.57, P = 0.06), and external test cohort (HR 1.94, 95% CI 1.00–3.74, P = 0.049) (Fig. 3). Decreased 
5-year survival rate were observed for high-risk groups in validation (88.7% vs 95.3%), internal test (89.3% vs 
95.4%), and external test cohort (88.6% vs 93.9%) (Supplementary Table 14). The shifting between HERPAI risk 
group, RS risk group, and N stage was shown in Supplementary Fig. 6. Reclassification ability among subgroups 
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Development cohort
(N = 4882)

Internal test cohort
(N = 542)

External test cohort
(N = 916)

Age at diagnosis, median (IQR), years 57 (47–66) 57 (47–66) 52 (45–62)

BMI, median (IQR), kg/m2a 23.1 (21.2–25.4) 23.0 (21.5–25.3) 23.7 (21.6–25.9)

Menopausal status, No. (%)

 Pre and peri menopausal 1888 (38.7) 207 (38.2) 445 (48.6)

 Postmenopausal 2994 (61.3) 335 (61.8) 471 (51.4)

Breast cancer family history, No. (%)

 No 4526 (92.7) 501 (92.4) 888 (96.9)

 Yes 356 (7.3) 41 (7.6) 28 (3.1)

Breast surgery modality, No. (%)

 BCS 2057 (42.1) 220 (40.6) 493 (54.5)

 Mastectomy 2825 (57.9) 322 (59.4) 411 (45.5)

Lymph node surgery modality, No. (%)

 SLNB 2201 (45.1) 236 (43.5) 554 (61.8)

 ALND 2681 (54.9) 306 (56.5) 342 (38.2)

Histology, No. (%)

 IDC 4246 (87.0) 480 (88.6) 793 (86.6)

 ILC 210 (4.3) 24 (4.4) 25 (2.7)

 Othersb 426 (8.7) 38 (7.0) 98 (10.7)

Grade, No. (%)c

 I 551 (13.2%) 61 (13.1%) 67 (8.46%)

 II 2859 (68.7%) 316 (67.8%) 539 (68.1%)

 III 751 (18.0%) 89 (19.1%) 186 (23.5%)

ER expression, median (IQR) 95 (90–95) 95 (90–95) 90 (80–90)

PR expression, median (IQR) 70 (15–90) 70 (15–90) 70 (20–90)

HER2 status

 IHC 0+ 1090 (22.3) 118 (21.8) 454 (49.6)

 IHC 1+ or 2+ 3792 (77.7) 424 (78.2) 462 (50.4)

Ki67 expression, median (IQR)d 15 (5–30) 15 (5–30) 20 (10.0–40)

Pathological T stage, No. (%)

 T1mic 41 (1.0) 5 (1.0) 2 (0)

 T1a 283 (5.8) 30 (5.5) 44 (4.8)

 T1b 726 (14.9) 73 (13.5) 144 (15.7)

 T1c 2269 (46.5) 259 (47.8) 414 (45.2)

 T2 1563 (32.0) 175 (32.3) 312 (34.1)

Lymph node involvement, No. (%)

 N0 3740 (76.6) 402 (74.2) 656 (71.6)

 N1mic 139 (2.9) 17 (3.1) 20 (2.2)

 N1 1003 (20.5) 123 (22.7) 240 (26.2)

Adjuvant chemotherapy received, No. (%)

 No 2506 (51.3) 277 (51.1) 238 (26.0)

 Yes 2376 (48.7) 265 (48.9) 678 (74.0)

 EC/TC 1553 (31.8) 165 (30.4) 300 (32.8)

 EC-T 673 (13.8) 86 (15.9) 285 (31.1)

 Otherse 150 (3.1) 14 (2.6) 93 (10.2)

Adjuvant radiation therapy received, No. (%)

 No 2263 (46.4) 258 (47.6) 431 (47.1)

 Yes 2619 (53.6) 284 (52.4) 485 (52.9)
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Fig. 2.  Model performance in validation, internal test, and external test cohort. (A) C index for HERPAI, 
age, T stage, N stage, grade, and Ki67 in predicting iDFS. (B) 3- and 5-year area under receiver operating 
characteristics curve in predicting iDFS.

 

Table 1.  Characteristics of the participants. IQR interquartile range, SLNB sentinel lymph node biopsy, 
ALND axillary lymph node dissection, IDC invasive ductal carcinoma, ILC invasive lobular carcinoma, 
ER estrogen receptor, PR progesterone receptor, HER2 human epidermal growth factor receptor 2, IHC 
immunohistochemistry, EC epirubicin plus cyclophosphamide, TC docetaxel plus cyclophosphamide, EC-T 
epirubicin plus cyclophosphamide followed by docetaxel. aA total of 200 (4.1%), 22 (4.1%), and 15 (1.6%) 
patients were missing for BMI in the derivation, internal test, and external cohort, respectively. bOther 
histological types include papillary carcinoma, mucinous carcinoma, medullary carcinoma, metaplastic 
carcinoma, tubular carcinoma, occult breast cancer, and other histology. cA total of 721 (14.8%), 76 (14.0%), 
and 124 (13.5%) patients were missing for grade in the derivation, internal test, and external test cohort, 
respectively. dThree patients were missing for Ki67 expression in the external cohort. eOther chemotherapy 
regimen includes CMF (Cyclophosphamide, Methotrexate, and 5-Fluorouracil), CEF (Cyclophosphamide, 
Epirubicin, plus 5-Fluorouracil), A-P-C (Adriamycin, Paclitaxel plus Cyclophosphamide).
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was demonstrated in Supplementary Table 15. No significant interaction effects were observed for HERPAI and 
adjuvant chemotherapy or radiation therapy receipt (both P > 0.05).

Discussion
Leveraging conventional clinical and pathological data, we developed and validated a deep learning-based model, 
HERPAI, to predict recurrence and risk stratification among early-stage HR+/HER2− BC patients. Reliable 
performance was observed for HERPAI in both internal and external test cohorts, and key subgroups, including 
node negative population. Furthermore, HERPAI also had the potential in predicting distant metastases and 
overall survival. Notably, HERPAI outperformed other prognostic models including the Cox regression and 
XGBoost based model, and other known risk factors, with a higher C index observed in all cohorts.

Several prognostic and predictive models were proposed for HR+/HER2− BC in the past decades8–13. Some 
of which had been approved by the Food and Drug Administration and widely used, such as Oncotype Dx and 
MammaPrint. However, among elderly population, of whom the carcinogenesis was less contributed to genetic 
predisposition23,24 and was of more heterogeneity23,25, less predictive ability in guiding adjuvant chemotherapy 
was observed for genetic tools like Oncotype Dx8. In comparison with the prognostic value of RS in predicting 
recurrence, our model, HERPAI, utilized routine pathological characteristics instead of gene expression, 
yielded equivalent, and even better performance among most of the subgroups. Further validation in predictive 
value of HERPAI and comparison with standard-of-care decision tools in the setting of escalating adjuvant 
treatment are warranted. Other models, such as CTS5 and PREDICT, focused on distant recurrence and overall 
survival11,12. However, early-stage HR+/HER2− BC experienced a certain number of loco-regional recurrence 
events3,26,27, which would further translate to distant metastases or death28. Here, the STEEP 2.0 criteria were 
utilized for HERPAI’s outcome ascertainment, i.e., iDFS, which consisted of local or regional recurrence, distant 
metastases, secondary primary cancer, and death16. iDFS was widely adopted in clinical trials with adjuvant 
setting, which was more comprehensive in profiling disease progression and was more suitable for those patients 
with relatively low risk of recurrence, compared with stage III disease. These inherent advantages made HERPAI 
more generalizable and more fit for early-stage HR+/HER2− populations.

Moreover, HERPAI showed its potential in identifying high recurrence risk patients even in subgroups 
without pathological risk factors (such as more advanced N stage and higher grade)29–32. For example, in 
patients without lymph node involvement, the C index for predicting iDFS was greater than 0.68 in all three 
cohorts. A substantial proportion of these patients were classified as the high-risk group. These high-risk N0 
patients featured with almost twice to triple elevated recurrence risk, compared with those low-risk N0 patients 
determined by HERPAI (HR 2.57, 3.47, and 1.91 among validation, internal test, and external test cohort, 

Fig. 3.  Reclassification ability of HERPAI among (A) validation, (B) internal test, and (C) external test cohort.
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respectively). Escalation and de-escalation adjuvant treatment among HR+/HER2− BC is a debated topic for 
stage I diseases or tumors without aggressive biological behavior33–35. By leveraging HERPAI, physicians might 
select patients with unmet treatment needs and optimize treatment strategies, even in cases where classical 
clinical-pathological risk factors were absent.

In addition, HERPAI was developed based on Transformer, a deep learning method. Compared with the 
linear survival models, deep learning algorithm could explore the interaction between predictors without a 
pre-specified setting36,37. We also employed continuous variables rather than categorical form for predictors 
including age, BMI, ER, PR, and Ki67 expression, to yield an individual resolution survival prediction. 
Further, a software is developing and will further validate in a prospective, multicenter cohort for the clinical 
implementation of HERPAI. The software enables physicians a visualized comparison of the survival benefit from 
escalated adjuvant therapy, such as escalated ET with CDK4/6 inhibitors, at various time points (Supplementary 
Fig.  7). The absolute risk reduction contributed to escalated adjuvant therapy was estimated by multiplying 
the recurrence risk by the risk reduction reported by previous prospective trials4,5. It facilitates physicians and 
patients to discuss the treatment benefit, as well as the potential toxicity risks together.

This research has some strength. First, to the best of our knowledge, this is the largest study to develop a 
prognostic model in predicting iDFS using multi-center settings. Second, several model strategies were employed, 
including statistical, machine learning, and deep learning methods, which ensured a rigorous methodology 
choice38. Thirdly, only conventional variables from clinical routine and pathology reports were considered 
when developing HERPAI. This minimized the cost of risk stratification and maximized the generalizability of 
HERPAI.

This study also has some limitations. First, the nature of retrospective design may introduce bias. Secondly, 
relative low mortality in this population requires longer follow-up to further test the robustness of HERPAI 
in predicting OS. Third, the current follow-up may underestimate the late recurrence in low-risk population. 
Further update of follow-up is needed to confirm the predictive ability for HERPAI in late recurrence. Besides, 
the adjuvant regimen depended on physician’s preference and may differ between patients though every patient 
underwent multidisciplinary team discussion39,40. The clinical value of HERPAI in guiding adjuvant treatment 
should be further prospectively validated in a homogeneous cohort which received the same treatment. Further 
studies targeting certain subgroups, particularly patients without classical clinical-pathological risk factors, were 
needed to perform a systemic evaluation of HERPAI’s value.

Taken together, we developed and validated a deep-learning based model, HERPAI, that utilizes conventional 
clinical and pathological data to predict recurrence and perform risk reclassification for early-stage HR+/HER2− 
BC patients. HERPAI was a promising tool for selecting vulnerable patients who were at high-risk of recurrence 
and may benefit from escalating adjuvant treatment. Well-designed prospective validations are warranted before 
clinical implementation.

Data availability
The data utilized in this study are available from the corresponding author upon reasonable request. Codes used 
in this study were available on https://github.com/Haoting-shi/HERPAI.
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