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A B S T R A C T

Background: Late distant recurrence (DR) remains a significant challenge in estrogen receptor (ER)–positive/ 
Human Epidermal Growth Factor Receptor 2 (HER2)–negative breast cancer, especially in premenopausal pa
tients. This study aimed to develop a machine-learning model predicting late DR risk in premenopausal patients 
and to assess the clinical benefit of extended endocrine therapy (ET) according to risk stratification.
Methods: This retrospective multicenter study included patients aged ≤45 years with ER–positive/HER2–
negative breast cancer who underwent surgery between January 2000 and December 2011. This study was 
designed as a landmark analysis, with the effective baseline set at 5 years after surgery. Eligible patients had five 
to 10 years of follow-up and received adjuvant ET for at least two years. The primary outcome was late DR, 
defined as distant metastasis occurring between five and 10 years after surgery.
Results: Among 1701 included patients (median age, 41 years), late DR occurred in 108 patients (6.3%). A 
machine-learning model using eight clinicopathologic variables demonstrated strong predictive performance 
(AUC = 0.78). Patients classified as high-risk by the model exhibited significantly worse late DMFS compared to 
low-risk patients (HR,7.36; 95% CI,4.43–12.20; P<0.001). Among high-risk patients, those who received 
extended ET had significantly improved late DMFS compared to those who did not (HR,0.32; 95% CI,0.18–0.55; 
P < 0.001). In low-risk patients, extended ET was not associated with a statistically significant benefit (HR,0.45; 
95% CI,0.16–1.22; P = 0.081).
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Conclusion: The machine-learning model effectively stratified patients into distinct DR risk groups and high
lighted the benefit of extended ET in high-risk patients. This model supports tailored decision-making regarding 
extended ET in premenopausal patients with ER–positive/HER2–negative breast cancer.

1. Background

Hormone receptor-positive breast cancer accounts for approximately 
60-75% of all breast cancers, making it the most common subtype. Es
trogen receptor (ER)-positive/human epidermal growth factor receptor 
2 (HER2)-negative breast cancer is known for having a favorable prog
nosis among various breast cancer subtypes [1]. However, late distant 
recurrence (DR), occurring more than five years after breast cancer 
surgery, remains a significant challenge [2]. A meta-analysis studying 
mortality and recurrence in patients with ER-positive breast cancer after 
five years of tamoxifen treatment observed a cumulative risk of delayed 
recurrence reaching approximately 40%, depending on stage, over 20 
years after diagnosis [3].

Patients with hormone receptor-positive breast cancer typically un
dergo adjuvant endocrine therapy (ET) for five years after surgery, and 
in many cases, the treatment is extended for up to 10 years. Although 
extended therapy has been shown to have a positive effect on preventing 
recurrence, it does not impact overall survival [4,5]. However, 
long-term ET increases the risk of complications such as menopausal 
symptoms, endometrial cancer, thrombosis, and bone fractures [6]. 
These side effects significantly impact the patients in terms of quality of 
life and often serve as a crucial factor leading to treatment discontinu
ation [7,8]. Particularly in younger patients, treatment persistence is a 
critical determinant of outcomes. A recent nationwide study by Dumas 
et al. demonstrated that younger age is significantly associated with 
lower ET persistence, which directly correlates with an increased risk of 
recurrence [9]. Understanding these age-specific challenges in treat
ment adherence is essential for assessing the risk of late recurrence and 
optimizing long-term management in premenopausal survivors.

Therefore, it is essential to weigh the risks and benefits when 
considering extended ET. Predicting late recurrence informs clinical 
decision-making about its necessity. In postmenopausal patients, the 
Clinical Treatment Score at 5 years (CTS5), developed using clinical 
factors from the ATAC cohort and validated in the BIG 1-98 trial, has 
been established as a late DR risk prediction model [10]. However, 
several validations in premenopausal women have indicated that CTS5 
has reduced predictive performance, with lower AUC values and an 
underestimation of risk [11–16].

Currently, clinical recommendations regarding extended ET 
following five years of luteinizing hormone-releasing hormone agonist- 
based treatment are largely extrapolated from data in postmenopausal 
populations. The findings from the recent EBCTCG meta-analysis, which 
demonstrated that extended ET significantly reduces the risk of recur
rence, are also primarily based on studies of postmenopausal patients 
[17]. Furthermore, even within these large-scale analyses, several crit
ical limitations have been identified by the authors: the trials were often 
underpowered to assess overall survival, the follow-up period after 
treatment completion was relatively short, and treatment adherence was 
not explicitly accounted for.

Given the influence of age and menopausal status on treatment 
outcomes in breast cancer, there is a clear need for new prediction 
models specifically designed for premenopausal patients. In this study, 
we aimed to develop a risk prediction model for late DR in premeno
pausal women using a machine-learning system with multicenter pa
tients. This model could be used to evaluate the risk of late DR for 
individual patients with breast cancer and to determine whether 
extended ET would benefit high-risk patients.

2. Methods

2.1. Study population and data collection

This was a retrospective study of patients who underwent primary 
breast cancer surgery at multi-institutional comprehensive breast cancer 
centers in South Korea between January 2000 and December 2011. 
Patients with ER-positive/HER2-negative breast cancer aged 45 or 
younger were included. We excluded patients with less than 60 months 
of follow-up, less than 24 months of ET, or who were postmenopausal. 
Additionally, patients who received neoadjuvant systemic therapy, with 
synchronous bilateral breast cancer, or with metastatic breast cancer at 
diagnosis were excluded. We also excluded patients who were diagnosed 
with DR within five years of primary surgery. However, patients with 
local recurrence within five years of follow-up were included. Given that 
the study focused on late DR occurring between 5 and 10 years after 
surgery, patients with less than 60 months of follow-up were excluded. 
Accordingly, the effective study baseline for all analyses was established 
at 5 years after the primary surgery.

Postoperative surveillance was conducted in accordance with con
ventional clinical recommendations, with specific examinations and 
schedules determined by the attending physician at each institution. 
Generally, follow-up included annual or semi-annual physical exami
nations and history taking. Breast imaging, consisting of mammography 
and/or breast ultrasonography, was performed every 6 to 12 months. 
Systemic work-ups to detect distant metastasis were performed on an 
annual basis or as needed, depending on the patient's disease stage and 
the physician's clinical judgment.

In this study, we defined late DR as distant metastasis that occurred 
between five and 10 years after surgery. To ensure accurate machine- 
learning training for predicting late DR, we excluded patients who 
were lost to follow-up within 10 years without late DR (Table S4) or had 
confirmed DR after 10 years. A total of 1701 patients were finally 
included in the study. For the development of the extended ET model 
based on the late DR prediction model developed in this study, we 
included 1213 patients who did not receive extended ET (Fig. 1). 
Although the 488 patients who received extended ET were excluded 
from the model development cohort, they were included in the subse
quent analyses to evaluate the impact of extended ET based on the 
predicted risk.

The data of the patients were retrospectively obtained from medical 
records. The pathologic staging was determined in accordance with the 
8th American Joint Committee on Cancer staging manuals [18]. The 
necessity for obtaining informed consent was waived as the study was 
carried out retrospectively. The study was approved by the Institutional 
Review Boards of the participating institutions (IRB Nos. 2022-01-123, 
3-2022-0034, and H-2112-058-1282) and conducted in accordance 
with the ethical principles of the Declaration of Helsinki.

2.2. Machine learning-based model development

We used a machine learning–based approach to predict late DR at 10 
years by classifying patients into two groups: those who experienced DR 
between five and 10 years and those who did not. Four models were 
constructed using different combinations of predictors. The 6-feature 
model included age, tumor size, and number of positive lymph nodes 
as continuous variables, and nuclear grade, histologic grade, and pro
gesterone receptor status as categorical variables. Two 7-feature models 
added either ovarian function suppression (OFS) or chemotherapy. The 
final 8-feature model incorporated both OFS and chemotherapy.
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The patients were randomly divided into five equal-size folds, with 
one fold used for validation and the other four folds used for training in 
each iteration. Every fold was used for validation across five iterations. 
This 5-fold cross-validation process was repeated three times using 
different seeds. We reported the average values obtained from the three 
sets of 5-fold cross-validation.

When the variables of a patient are entered into the final 8-feature 
model, the output is the late DR probability value, indicating the like
lihood of late DR. This late DR probability quantifies the degree of 
similarity between the variables of the patients and those who experi
enced late DR and is presented as a value between 0 and 1. A probability 
value approaching 1 suggests a higher similarity between the charac
teristics of the patient and those observed in patients who developed late 
DR.

2.3. Statistical analysis

Baseline characteristics were compared using the independent t-test 
for continuous variables and the chi-square or Fisher's exact test for 
categorical variables. Distant metastasis-free survival (DMFS) between 
five and 10 years was analyzed using the Kaplan-Meier method with the 
log-rank test. Univariable and multivariable Cox proportional hazards 
models were used to identify factors associated with late DR. Multi
collinearity was assessed using the variance inflation factor, with a 
threshold of 5.0. The cut-off value of the prediction model was deter
mined using the ROC curve and Youden's Index for binary outcomes, and 
the Contal and O'Quigley method for survival data [19]. All statistical 
analyses were performed using R version 4.2.2 (R Foundation for Sta
tistical Computing, Vienna, Austria). Two-sided P-values <0.05 were 
considered statistically significant.

3. Results

3.1. Clinicopathologic characteristics of patients

The baseline characteristics of all 1701 patients and the extended ET 
model development group are summarized in Table 1. The median 
follow-up duration of the patients was 143.7 months (interquartile range 
[IQR], 128.4-167.8 months). The median age at the time of surgery was 
41 years (range, 21-45). Among the 1701 patients, 108 patients (6.3%) 

developed late DR. Most patients had early-stage breast cancer with 
pathologic T1 (960 patients, 56.4%) and T2 (656 patients, 38.6%), and 
with pathologic N0 (993 patients, 58.4%) disease. The treatment vari
ables included chemotherapy, extended ET, and the addition of OFS. In 
this study 1359 patients (79.9%) received adjuvant chemotherapy, 488 
patients (28.7%) underwent extended ET, and 300 patients (17.6%) 
received additional OFS.

3.2. Development and performance of the late DR risk prediction model

We first developed a machine-learning model using clinicopatho
logic factors to predict the risk of late DR between five and 10 years after 
surgery. The final model, incorporating 8 clinicopathologic features, 
demonstrated strong predictive performance with an area under the 
curve (AUC) of 0.78 in the Balanced Random Forest (BRF) model. This 
model effectively addressed imbalanced datasets through a resampling 
strategy that ensured equal sample sizes between groups. Among the 
various machine-learning algorithms evaluated, the BRF model exhibi
ted a stronger performance relative to the others. Detailed performance 
metrics for different algorithms, including logistic regression, support 
vector machines, and random forests, are presented in Table 2 and 
Fig. 2. Additionally, the performances of 6- and 7-feature models for 
each algorithm are summarized in Table S1.

3.3. Comparison of the risk groups stratified by the model

Using the late DR prediction model, 1701 patients were classified 
into 989 (58.1%) low and 712 (41.9%) high-risk groups based on the 
late DR probability cut-off of 0.48, as determined by methods described 
previously (Fig. S1). The distribution of late DR probabilities for the 
total patients is shown in Fig. S2.

A comparison of clinicopathologic and treatment characteristics 
between the low and high-risk groups revealed statistically significant 
differences in many variables, demonstrating that the groups were well 
stratified according to risk (Table S2). The median age of the low-risk 
group was 42 years (IQR, 39-44 years), while the high-risk group had 
a median age of 39 years (IQR, 36-42 years), indicating that patients in 
the high-risk group were significantly younger at the time of surgery. 
The high-risk group demonstrated significantly worse pathologic char
acteristics compared to the low-risk group, with a higher proportion of 

Fig. 1. Schematic diagram of the study. 
aPatients who experienced local recurrence within five years were included in this study.
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patients having advanced pathologic T and N stages (both P < 0.001), 
higher nuclear grades (nuclear grade III: 35.0% for the high-risk group 
vs. 17.4% for the low-risk group, P < 0.001) and histologic grades 
(histologic grade III: 32.9% for the high-risk group vs. 13.0% for the low- 
risk group, P < 0.001), and a greater percentage of progesterone 
receptor-negative tumors (13.2% for the high-risk group vs. 6.3% for the 
low-risk group, P < 0.001). There were also significant differences in the 
type of surgery performed, with a higher proportion of mastectomies 
(48.4% for the high-risk group vs. 31.5% for the low-risk group; P <
0.001) and axillary lymph node dissections (73.2% for the high-risk 
group vs. 37.4% for the low-risk group; P < 0.001) observed in the 
high-risk group. In addition, late DR was significantly more frequent in 

the high-risk group than in the low-risk group, occurring in 90 and 18 
patients, respectively (12.6% vs. 1.8%; P < 0.001).

3.4. Cox proportional hazard regression analysis for late DR

In univariable analysis, late DR was significantly associated with 
younger age (HR per 1 year increment = 0.89; 95% CI, 0.86-0.92; P <
0.001), advanced pathologic T stages (pT2 vs. pT1: HR, 3.37; 95% CI, 
2.19-5.19; P < 0.001; pT3 and 4 vs pT1: HR, 4.42; 95% CI, 2.22-8.83; P 
< 0.001) and N stages (pN1 vs. pN0: HR, 2.71; 95% CI, 1.72-4.26; P <
0.001; pN2 vs. pN0: HR, 4.87; 95% CI, 2.88-8.24; P < 0.001), higher 
histologic grade (histologic grade III vs. histologic grade I: HR, 3.23; 
95% CI, 1.62-6.42; P < 0.001), total mastectomy (HR, 2.49; 95% CI, 
1.70-3.66; P < 0.001, vs. breast-conserving surgery), and axillary lymph 
node dissection (HR, 3.61; 95% CI, 2.29-5.68; P < 0.001, vs sentinel 
lymph node biopsy). In multivariable analysis, adjusted for variables 
such as age, pathologic T and N stages, histologic grade, adjuvant 
chemotherapy, and extended ET, younger age and higher pathologic N 
stage were identified as significant independent factors associated with 
late DMFS (Table S3).

Among treatment-related variables, adjuvant chemotherapy was 
associated with an increased risk of late DR in univariable analysis (HR, 
2.27; 95% CI, 1.22–4.24; P = 0.010). However, this association did not 
remain statistically significant in multivariable analysis (adjusted HR, 
0.65; 95% CI, 0.27–1.19; P = 0.267). The suppression of ovarian func
tion did not show a significant association with late DR in this study (HR, 
0.87; 95% CI, 0.52–1.45; P = 0.582). Notably, extended ET was iden
tified as a strong protective factor against late DR (adjusted HR, 0.31; 
95% CI, 0.18–0.54; P < 0.001).

Table 1 
Clinicopathologic and treatment characteristics.

Variables Total patients (n = 1701) Model development group (n = 1213)

No. (%) No. (%)

Age, years
Median 41 ​ 41 ​
IQR 38-43 ​ 37-43 ​

T stage
pT1 960 (56.4) 752 (62.0)
pT2 656 (38.6) 408 (33.6)
pT3 83 (4.9) 51 (4.2)
pT4 2 (0.1) 2 (0.2)

N stage
pN0 993 (58.4) 787 (64.9)
pN1 496 (29.2) 312 (25.7)
pN2 157 (9.2) 81 (6.9)
pN3 55 (3.2) 33 (2.7)

Nuclear grade ​ ​ ​ ​
I 250 (14.7) 204 (16.8)
II 1030 (60.5) 747 (61.6)
III 421 (24.8) 262 (21.6)

Histologic grade
I 403 (23.7) 322 (26.5)
II 935 (55.0) 666 (54.9)
III 363 (21.3) 225 (18.5)

Progesterone receptor
Positive 1545 (90.8) 1103 (90.9)
Negative 156 (9.2) 110 (9.1)

Adjuvant chemotherapy
Yes 1359 (79.9) 907 (74.8)
No 342 (20.1) 306 (25.2)

Extended endocrine therapy
Yes 488 (28.7) 0 (0.0)
No 1213 (71.3) 1213 (100.0)

Ovarian function suppression
Yes 300 (17.6) 208 (17.1)
No 1401 (82.4) 1005 (82.9)

Radiation therapy
Yes 1232 (72.4) 877 (72.3)
No 465 (27.3) 333 (27.5)
Unknown 4 (0.2) 3 (0.2)

Breast surgery
BCS 1062 (62.4) 778 (64.1)
TM 639 (37.6) 435 (35.9)

Axillary surgery
SLNB 846 (49.7) 663 (54.7)
ALND 855 (50.3) 550 (45.3)

Abbreviations: IQR, interquartile range; BCS, breast-conserving surgery; TM, 
total mastectomy; SLNB, sentinel lymph node biopsy; ALND, axillary lymph 
node dissection.

Table 2 
Performance measures of the late distant recurrence predictive model.

Algorithms AUC Accuracy Sensitivity Specificity Positive predict value Negative predict value

LR 0.765 0.723 0.670 0.728 0.169 0.964
SVM 0.773 0.721 0.695 0.723 0.171 0.967
RF 0.764 0.815 0.415 0.848 0.183 0.947
BRF 0.783 0.689 0.760 0.683 0.165 0.972

Abbreviations: AUC, area under the curve; LR, logistic regression; SVM, support vector machine; RF, random forest; BRF, balanced random forest.

Fig. 2. ROC curves of the late distant recurrence risk prediction model. 
Abbreviations: LR, logistic regression; SVM, support vector machine; RF, 
random forest; BRF, balanced random forest.
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3.5. Late DMFS according to risks and extended ET

Kaplan-Meier survival analysis was conducted to evaluate late DMFS 
based on the risk stratification of the model. Patients were divided into 
four groups based on their late DR risk status (high-vs. low-risk) based 
on our late DR prediction model and whether they received extended ET. 
In the model development group of patients who did not receive 
extended ET, those classified as high-risk showed significantly worse 
outcomes than those classified as low-risk (Fig. 3A). When including all 
patients, those who were high-risk without receiving extended ET 
showed worse survival than those who received extended ET and all 
low-risk patients (Fig. 3B). Among patients in the high-risk group, 
extended ET was associated with a significant improvement in late 
DMFS compared to patients who did not receive extended ET (log-rank 
P < 0.001; HR, 0.32; 95% CI, 0.18–0.55; P < 0.001; Fig. 3C). However, 
extended ET did not result in a statistically significant improvement in 
late DMFS in low-risk patients (log-rank P = 0.081; HR, 0.20; 95% CI, 
0.03–1.50; P = 0.117; Fig. 3D).

4. Discussion

In this large-scale retrospective multicenter study, we developed a 
model using a machine-learning system to predict late DR in young ER- 
positive/HER2-negative breast cancer patients. Our algorithm was 
developed to help identify high-risk groups associated with five to 10- 
year recurrence in young breast cancer patients and select patients 
who require consideration for extended ET.

Breast cancer with an ER-positive/HER2-negative subtype is known 
to have a relatively favorable prognosis [20,21]. However, concerns 
about late DR beyond five years remain [22]. With advancements in 
breast cancer treatment, the prognosis of other subtypes, such as 
HER2-positive and triple-negative breast cancer, has improved [23]. 
Consequently, the importance of late recurrence in 
ER-positive/HER2-negative breast cancer has increased. Additionally, 
previous reports have indicated significant differences in survival out
comes between young and old patients with luminal breast cancer [24,
25]. Therefore, predicting late DR in young ER-positive/HER2-negative 
breast cancer patients is of utmost importance.

Nevertheless, previous methods to predict late DR in ER-positive/ 
HER2-negative breast cancer have been validated mostly in post
menopausal women, with premenopausal women constituting only a 
small minority. The CTS5, which utilizes clinicopathologic features, 
including age, stage, and grade to predict late DR, was developed 
exclusively in postmenopausal women within the ATAC and BIG 1-98 
cohorts [10]. In addition, the genetic profiles used in the Breast Can
cer Index (BCI) and EndoPredict score, were validated with cohorts from 
studies such as aTTom and ABCSG6/8, where premenopausal women 
were largely underrepresented [26,27]. However, it has been reported 
that risk factors related to recurrence including pathologic, genetic, and 
environmental elements, vary according to menopausal status [28,29]. 
To address the limitations of previous studies, we constructed a multi
center cohort consisting of young patients and developed a late DR 
prediction algorithm.

To the best of our knowledge, our study represents the first research 
to develop a late DR prediction algorithm in premenopausal ER- 
positive/HER2-negative breast cancer patients. There is little research 
on the risk factors for late DR in premenopausal women. For instance, 
Yamashita et al. only confirmed that tumor size and lymph node 
metastasis are associated with late recurrence in a small cohort of 108 
patients [30]. However, our study not only validated the risk factors for 
late DR in young patients but also developed an algorithm to predict late 
DR based on a large cohort of over 1700 premenopausal patients.

Another strength of our study is that our algorithm is composed 
solely of clinicopathologic factors that are easily obtainable in clinical 
practice. Tests that use multigene assays or genetic profiling are 
expensive and difficult to access, limiting their application in all 

Fig. 3. Kaplan-Meier curves for late distant metastasis-free survival by strati
fication of the model risk groups and extended endocrine therapy. A. Model 
development group. 
Abbreviations: ET, endocrine therapy; HR, hazard ratio; CI, confidence interval.
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patients. In contrast, our model is easily accessible to anyone worldwide.
Evidence on late DR and extended ET in premenopausal ER-positive/ 

HER2-negative breast cancer patients is limited. ATLAS and aTTom 
trials are the only large-scale randomized controlled trials (RCT) asso
ciated with extended ET in premenopausal women, but even in these 
studies, young breast cancer patients under 45 years old account for less 
than 20% of the enrolled population [4,5]. Therefore, our study can be 
considered highly significant in evaluating the role of extended ET for 
premenopausal patients. The validation of our algorithm in another 
large cohort and the implementation of an RCT will provide clearer 
evidence in the future.

The determination of the cut-off value for the machine-learning- 
based late DR prediction model developed in this study required care
ful consideration of multiple factors. With advancements in breast 
cancer treatments and improvements in survival rates, premenopausal 
breast cancer patients now face the prospect of a significantly longer life 
expectancy following diagnosis and treatment [31,32]. However, re
currences lead to additional treatment burden, psychological distress, 
and reduced quality of life for both patients and their families [33]. 
Consequently, it is critical to accurately predict the recurrence risks and 
develop effective prevention and follow-up strategies. Although low-risk 
patients have a lower overall recurrence rate, those with a late DR 
probability of 0.40 to 0.48 may still benefit from shared decision-making 
involving extended ET, given their relatively increased risk.

Multigene assays such as the BCI have been evaluated to guide de
cisions on extended ET. In the aTTom and IDEAL trials, extended ET 
significantly reduced recurrence risk in patients classified as BCI (H/I)- 
High, but not in those with BCI (H/I)-Low, suggesting that BCI may help 
identify patients who are more or less likely to benefit from extended 
therapy [27,34]. Integrating our late DR prediction model with multi
gene assays may further enhance individualized treatment strategies.

The limitation of our study is that it is based on a retrospective 
design, which may introduce selection bias. Nevertheless, we have built 
a large-scale multicenter cohort that is well-selected through the 
meticulous review and revision of the patient data. Additionally, our 
study did not include an analysis of variables such as lympho-vascular 
invasion and Ki-67, which could affect breast cancer prognosis. These 
were excluded due to unavoidable differences in interpretation criteria 
across institutions. Future evaluations may be possible through central 
laboratory reanalysis. Furthermore, because menopausal status was not 
reassessed at the end of the five-year period after surgery, changes in 
menopausal status during follow-up were not reflected in the analysis. In 
addition, the prediction model did not reflect potential heterogeneity 
related to participating centers or histologic subtypes, which should be 
considered a limitation of the present study. We also did not compare the 
performance of our machine-learning based model with multigene as
says. However, given the growing importance of genomic profiling, we 
are collecting tissue samples for future research incorporating genomic 
analyses, which will provide further clinically relevant information.

5. Conclusion

In this retrospective study, we developed a late DR risk prediction 
model using machine-learning system for premenopausal ER-positive/ 
HER2-negative breast cancer patients based on a large multicenter 
cohort. This model offers prognostic information for late DR and will 
assist decision-making for extended ET in each patient. An ongoing 
validation study of this model with a large cohort will further establish 
its clinical significance.
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