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Translational Relevance  

Despite standard-of-care endocrine therapy, distant recurrence remains a major 

concern for patients with hormone receptor–positive/HER2-negative early breast 

cancer. Recently, CDK4/6 inhibitors (ribociclib, abemaciclib) have been shown to reduce 

the risk of recurrence in their respective clinical trial populations; better understanding 

individual patient risk will improve clinical decision making. In this study, a machine 

learning model was developed that can accurately predict distant recurrence risk over 

10 years. The model was extensively validated with data from real-world patients and 

clinical trial participants eligible for treatment with ribociclib. Moreover, the model was 

used to predict the benefit of treatment with ribociclib on distant recurrence risk in a 

real-world population. This model supports the use of machine learning models in 

optimizing treatment decisions in this patient population.  
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Abstract 

Purpose: Despite current standard-of-care endocrine therapy, distant recurrence 

remains a concern for patients with HR+/HER2− early breast cancer (EBC). 

Understanding individual recurrence risk would aid in clinical decision making. We used 

machine learning to identify risk factors and develop recurrence risk prediction models. 

Experimental Design: Predictor variables were identified by gradient boosting and 

used to train models on a large, diverse real-world dataset of patients with stage I–III 

HR+/HER2− EBC obtained from the US-based, electronic health record-derived 

deidentified Flatiron Health Research Database. An elastic net–penalized Cox 

proportional hazards model was validated internally with real-world data and externally 

with data from the NATALEE trial of ribociclib in patients with HR+/HER2− EBC. 

Prediction and outcome concordance for distant recurrence and treatment effect were 

analyzed with Harrell’s concordance index (C-index) and integrated Brier score (IBS); 

model performance over time was determined by dynamic AUC analysis. 

Results: The model accurately predicted distant recurrence in the real-world cohort 

(n=7842; C-index: 0.85 [95% CI: 0.8461–0.8598]; IBS: 0.05 [95% CI: 0.0443–0.0495]) 

over time (AUC >0.7 through 10 years); internal validation and sensitivity analyses 

confirmed model performance. External validation with the NATALEE NSAI alone arm 

yielded a lower but still discriminative performance (C-index: 0.66). Training on 

NATALEE data improved concordance (C-index: 0.70); the NATALEE-trained model 

predicted a 3.2% reduction in distant recurrence at 48 months with ribociclib treatment 

in the real-world cohort. 
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Conclusion: A machine learning model was developed that accurately predicted distant 

recurrence in HR+/HER2− EBC. The identified predictor variables and developed 

models may aid risk-based personalized treatment decision making. 
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Introduction 

Breast cancer remains the most common cancer in women, causing 2.3 million new 

cases in 2022, and continues to increase in incidence and mortality globally, with 

predicted increases in new cases and deaths of 38% and 68%, respectively, by 2050 (1, 

2). Hormone receptor–positive (HR+)/human epidermal growth factor receptor 2–

negative (HER2–) breast cancer is the most common subtype, accounting for 

approximately 70–75% of all cases (3, 4), and most patients with breast cancer are 

diagnosed with early breast cancer (EBC) (5). 

Current standard of care for HR+/HER2− EBC consists of a combination of surgery, 

radiotherapy, and systemic adjuvant treatment, such as chemotherapy and/or endocrine 

therapy (ET) (2). However, disease recurrence remains a substantial concern (6-9). 

Moreover, most recurrence presents as distant recurrence (6-10), which is generally 

uncurable (11), dramatically affecting survival and quality of life. Recently, adjuvant 

treatment with the cyclin-dependent kinase 4/6 inhibitors (CDK4/6i) ribociclib and 

abemaciclib have shown promise in reducing recurrence risk, significantly prolonging 

invasive disease–free survival (iDFS) for patients with HR+/HER2– EBC (6, 12) in their 

respective trial populations (NATALEE, monarchE), and have received regulatory 

approval based on these trials (13, 14). Accurately predicting recurrence risk is critical 

for guiding treatment decisions and improving outcomes. 

Traditional factors used to predict recurrence risk include tumor size, nodal involvement, 

histological grade, and lymphovascular invasion (15); the application of these 

anatomical factors in clinical practice has improved risk prediction. Subsequently, tumor 

biology has been characterized to augment these traditional risk factors, including 
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biomarker tests such as Ki-67 biomarker score and genomic tests examining gene 

expression. Tools including Oncotype DX, EndoPredict, PREDICT, and MammaPrint 

have been applied to breast cancer management with some success; for example, 

Oncotype DX application impacted approximately one-third of treatment decisions 

across studies (16). Methodologies to combine genomic test results with other risk 

factors have been developed, such as RSClin, a tool that combines Oncotype DX 

Recurrence Score with several patient characteristics and tumor anatomical features 

(17), and EPclin, which combines EndoPredict results with tumor anatomical features 

(18). However, careful selection of additional predictive variables has been shown to 

improve the predictive performance of models (19, 20), suggesting that algorithms 

accounting for a wide breadth of predictive variables will result in improved model 

accuracy. 

Machine learning models can integrate and analyze complex data, with the promise of 

more precise risk estimation through the integration of clinical, pathologic, radiologic, 

demographic, and genomic data (21). Thus, these models can be leveraged to improve 

precision medicine approaches in the management of patients with HR+/HER2– EBC. 

Nevertheless, challenges for the clinical implementation of these tools remain, including 

model bias owing to insufficient training data in terms of size and breadth of the 

datasets (22). Due to its breadth and applicability, real-world data (RWD) provides the 

opportunity to train robust machine learning models. Moreover, clinical trial data can be 

used to validate RWD-based machine learning models to improve estimation accuracy 

and clinical applicability (23). In this study, we used machine learning to identify 

predictive factors for distant recurrence via model training on RWD, develop and 
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validate distant recurrence risk models by training on RWD and clinical trial data 

separately, and assess the ability of the validated clinical trial data–trained model to 

predict the treatment effect on distant recurrence risk in a real-world setting. The aim of 

this study was to develop a personalized prognostic assessment for a broad range of 

patients with HR+/HER2– EBC to ultimately improve patient management and treatment 

decision making. 

Methods 

RWD-based machine learning model study design 

This study used the US-based, electronic health record-derived deidentified Flatiron 

Health Research Database (24). The identification period was from 1 January 2011 to 

30 April 2024; the index date for patients was the date of initiation of adjuvant therapy 

(i.e., first treatment, either drug therapy or radiotherapy, following surgery). The post-

period included all available data following and including the initial diagnosis date. 

Patients 

From the Flatiron Health electronic health record (EHR)–derived deidentified database, 

de-identified patients aged ≥18 years with stage I–III HR+/HER2− EBC at diagnosis 

who had undergone surgery and initiated adjuvant ET were included. Exclusion criteria 

included a metastatic diagnosis before the index date, treatment with clinical study 

drugs in any setting (i.e., neoadjuvant, adjuvant, locoregional, or metastatic) during the 

study period, and treatment with a CDK4/6i (Supplementary Fig. 1). This study, which 

used deidentified data per expert determination, does not constitute human subjects 

research under the Common Rule and thus did not require IRB oversight or patient 

informed consent. 
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Data from the NATALEE trial were used for external validation studies (Supplementary 

Methods). The NATALEE study design has been described previously (25). The 

NATALEE trial was conducted in accordance with the provisions of the Declaration of 

Helsinki and Good Clinical Practice guidelines. The trial protocol and all amendments 

were approved by an institutional review board or independent ethics committee at each 

site. The conduct of the trial was overseen by a steering committee that included 

participating international investigators, representatives of the sponsor, and a patient 

advocate. An independent data monitoring committee assessed efficacy and safety data 

in accordance with the trial protocol. All patients provided written informed consent.  

Study endpoints 

Distant recurrence, defined as whether an individual experienced an event of distant 

recurrence, was the primary endpoint of this prediction exercise. Distant recurrence–

free survival (DRFS), defined as whether an individual experienced an event of distant 

recurrence or death (any cause), and overall survival (OS; i.e., death from any cause) 

were also assessed (26). Survival endpoints such as DRFS and OS can be used to 

account for possible bias arising from death as a competing risk event. Additional details 

are provided in the Supplementary Methods. 

RWD-trained machine learning model development and predictor variable 

identification 

To identify variables to include in machine learning model training, 19 baseline 

characteristics closely associated with distant recurrence or death were examined using 

a gradient-boosting embedded method. The characteristics tested were chosen based 
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on consultation with clinical experts, published literature, and data availability in the 

Flatiron Health database. The variables evaluated were age at diagnosis, race, 

menopausal status, Eastern Cooperative Oncology Group (ECOG) performance status, 

Charlson comorbidity index (CCI) score, breast cancer laterality, body mass index 

(BMI), percentage of ER+ cells, percentage of PR+ cells, HER2 immunohistochemistry 

status, Ki-67 biomarker score, Oncotype DX Recurrence Score (cutoff values were 

adapted from commercial cutoff points defining low risk [score <18], intermediate risk 

[18–30], and high risk [≥31] categories) [27]; however, a single cutoff of 18 was used as 

few patients fell into the high-risk category), tumor size, nodal status, tumor grade, 

tumor histology, time from diagnosis to surgery, re-excision after primary surgery, and 

primary surgery margin. All numerical variables with missingness above 60% were 

excluded from the analyses. For categorical variables with missingness above 30%, a 

category designated “unknown/not documented” was created; this approach retains all 

observations in the dataset while maintaining information about the extent of 

missingness. Missing values were handled via k-nearest neighbor imputation. 

A decision tree was used to identify cutoff values for some variables (Supplementary 

Methods); these variables were subsequently treated as binary. For the prediction of 

distant recurrence, these variables included percentage of ER+ cells (≤88.0% vs 

>88.0%), percentage of PR+ cells (≤66.7% vs >66.7%), BMI (<18.5, 18.5–24.99, 25–

29.99, 30–34.99, ≥35), Oncotype DX Recurrence score (<18, 18–30, >30), and Ki-67 

biomarker score (≤20% vs >20%). For the OS model, the binary cutoff for percentage of 

PR+ cells was ≤85.1% vs >85.1%; all other variable binary cutoffs were the same 

across the models. 
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The 10 predictor variables most closely associated with distant recurrence were used to 

develop a “base model” using an elastic net–penalized Cox proportional hazards 

approach (Supplementary Methods), and this approach was compared to multiple 

machine learning models such as gradient boosting, survival support vector machine, 

random survival forest, and extra survival tree. Model selection was performed via 

cross-validation in the training set consisting of 80% of the Flatiron Health dataset. 

Machine learning risk prediction model development 

A RWD-trained model with parameters and model architecture selected as described 

above was trained to predict distant recurrence using data from 80% of patients in the 

Flatiron Health database that met the selection criteria described above. For sensitivity 

analysis, separate models with subgroups defined by follow-up time and adjuvant 

treatment to assess distant recurrence risk as well as models to assess DRFS and OS 

endpoints were also developed. Additional details are provided in the Supplementary 

Methods. 

The performance of the machine learning models was evaluated on the remaining 20% 

of patient data that made up the held-out test set, using Harrell’s concordance index (C-

index, 0.5–1.0; 1.0 = perfect concordance) and, in the case of ties, the integrated Brier 

score (IBS; 0–0.25; 0 = perfect concordance). All computations were performed using 

1000 bootstrap iterations. We report the mean across these iterations and the 95% 

confidence intervals (CIs). The contribution of each predictor variable to the risk of 

distant recurrence, DRFS, or OS events was assessed with Shapley values and 

proportional hazards hazard ratios. To evaluate model performance over time, the 

standard area under the curve (AUC) metric was extended using a time-dependent 
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approach. Specifically, a dynamic AUC was applied, which accounted for changes in 

event status (e.g., recurrence) by distinguishing between individuals who experienced 

the event by a given time point t (cumulative cases) and those who remained event-free 

at t (dynamic controls). This method enabled assessment of how accurately the model 

predicted the occurrence of an event within a specified time horizon rather than at a 

fixed point. Dynamic AUC analysis was conducted to determine the accuracy of each 

model in predicting distant recurrence, DRFS, or OS and to evaluate the influence of 

each predictor variable on model performance over time. P values were determined by 

Wald test and are reported at the α = 0.05 level. 

Validation of the RWD-trained machine learning distant recurrence risk prediction 

model with NATALEE trial data 

The selection of predictor variables used in the RWD-trained machine learning model 

was validated using clinical trial data by training a separate model on the NATALEE 

nonsteroidal aromatase inhibitor (NSAI) alone arm (i.e., the control arm of the NATALEE 

study without ribociclib treatment), using variables in the NATALEE dataset that 

matched as closely as possible to the 10 selected predictor variables in the Flatiron 

Health dataset. 

The generalizability of the RWD-trained model was assessed by predicting on the 

NATALEE NSAI alone arm data, using the C-index to determine model accuracy. 

Sensitivity analysis was carried out using both weighted and unweighted models trained 

on RWD for patients with stage I–III disease and a model trained on RWD for patients 

with stage II/III disease, which were applied to the NATALEE NSAI alone arm data for 

risk prediction. Additional details are provided in the Supplementary Methods. 
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Estimation of the ribociclib treatment effect on distant recurrence risk using a 

weighted Cox model 

Similar to the RWD-trained machine learning model, the clinical trial data–based model 

was trained using the same 10 predictor variables with 80% of the NATALEE population, 

and the model’s performance was confirmed using the C-index and IBS on the 20% 

held-out test set. To assess the ribociclib treatment effect on distant recurrence risk in a 

real-world setting, the optimal machine learning architecture from discovery was 

retrained to best estimate ribociclib treatment benefit on distant recurrence risk. Thus, a 

Cox proportional hazards model weighted based on identified variable differences 

between the Flatiron Health patients with stage II/III disease and NATALEE NSAI alone 

arm patients (Supplementary Fig. 2) was trained with 80% of the entire NATALEE 

cohort and fitted using the 10 predictor variables along with treatment (ribociclib plus 

NSAI vs NSAI alone) as a covariate. The model was then tested in the remaining 20% 

of the NATALEE cohort. 

After model-fitting and evaluation, the weighted Cox proportional hazards model trained 

on the full NATALEE cohort was used to predict the survival outcomes of the Flatiron 

Health cohort (stage I–III, without CDK4/6i treatment) to estimate the potential ribociclib 

treatment effect on distant recurrence risk. In a sensitivity analysis, an unweighted Cox 

proportional hazards model was also fitted to predict distant recurrence risk.  

Data availability 

Novartis is committed to sharing patient-level data and supporting clinical documents 

from eligible studies with qualified external researchers. Requests are reviewed by an 
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independent panel based on scientific merit. All shared data are anonymized in 

accordance with applicable laws and regulations to protect patient privacy. Details on 

data availability and the request process are provided at 

www.clinicalstudydatarequest.com. The data supporting findings from this study also 

originated from Flatiron Health, Inc. These deidentified data may be made available 

upon request and are subject to a license agreement with Flatiron Health, Inc. 

Interested researchers should contact cgdb-fmi@flatiron.com to inquire about licensing 

terms. Sample code for reproducibility can be found at https://osf.io/rnsua/. 

 

Results 

RWD-trained machine learning models and predictor variables 

From the Flatiron Health database, 7842 patients with stage I–III HR+/HER2− EBC who 

received adjuvant ET, but not a CDK4/6i, between January 2011 and April 2024 were 

included (Table 1), 382 (4.9%) of whom experienced distant recurrence, 994 (12.7%) a 

DRFS event, and 829 (10.6%) an OS event.  

According to gradient-boosting modeling and determination of Shapely values and Cox 

proportional hazards hazard ratios for each predictor variable, the variables most 

closely associated with increased distant recurrence risk in the “base model” were 

greater nodal involvement, larger tumor size, greater tumor grade, Ki-67 biomarker 

score >20%, longer time from diagnosis to surgery, and older age at diagnosis, whereas 

Oncotype DX Recurrence Score <18, percentage of PR+ cells >66.7%, percentage of 

ER+ cells >88.0%, and postmenopausal status were the variables most closely 

associated with decreased distant recurrence risk (Fig. 1). Several variables in the 

http://www.clinicalstudydatarequest.com/
https://osf.io/rnsua/
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dataset contained missing values, which were addressed through imputation. The 

proportion of missing data varied by variable. Oncotype DX Recurrence Scores and Ki-

67 biomarker scores were missing in 58.5% and 55.5% of cases, respectively. Given 

that these tests are typically ordered based on specific clinicopathologic features, the 

assumption of missing completely at random was considered to be unlikely. Instead, 

missing at random, in which the probability of missingness is thought to be to depend on 

observed covariates, was assumed. Additional missing data were observed for race 

(11.8%), menopausal status (6.5%), and tumor grade (0.6%). 

Multiple types of machine learning models, developed using the 10 predictor variables 

most closely associated with distant recurrence identified above, were applied to 

determine the best-performing model regarding concordance of predicted and actual 

distant recurrence in the Flatiron Health cohort outcome data. While random survival 

forest, survival support vector machine, elastic net–penalized Cox proportional hazards 

model, gradient boosting, and extra survival trees produced similar concordance 

between predicted and actual distant recurrence events, the elastic net–penalized Cox 

proportional hazards model (Fig. 2, Supplementary Table 1), with a C-index of 0.85 

(95% CI: 0.8461–0.8598) and an IBS of 0.05 (95% CI: 0.0443–0.0495), was chosen for 

the distant recurrence “base model” based on its interpretability, clinical plausibility, and 

ease of deployment compared with the other approaches; thus, this model was used for 

all downstream analyses. Results from the elastic net–penalized Cox proportional 

hazards model without imputation, as well as a version excluding nodal status, are also 

reported (Supplementary Tables 2 and 3).  
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Given the inherent potential biases in RWD, multiple sensitivity analyses were 

performed, and distant recurrence prediction models were developed to account for 

potential confounders due to differences in follow-up time (Supplementary Table 4, 

Supplementary Fig. 3A) or adjuvant treatment with chemotherapy (Supplementary 

Table 5, Supplementary Fig. 3B), which displayed similar importance for predictor 

variables, except a notable addition of BMI and race for the “adjuvant chemotherapy 

model.” DRFS (Supplementary Fig. 3C) and OS (Supplementary Fig. 3D) prediction 

models showed similar variable importance, with a slightly greater influence of age at 

diagnosis and ECOG performance status. All sensitivity analysis models demonstrated 

similar concordance between predicted and actual outcomes (5-year follow-up model: 

C-index: 0.83; IBS: 0.04; adjuvant chemotherapy model: C-index: 0.75; IBS: 0.09; 

DRFS model: C-index: 0.74; IBS: 0.09; and OS model: C-index: 0.77; IBS: 0.07).  

Accuracy of the RWD-trained machine learning models and contributions of the 

predictor variables to distant recurrence risk over time 

For the elastic net-penalized Cox model trained on data from patients with stage I–III 

HR+/HER2− EBC who received adjuvant ET, but not a CDK4/6i (“base model”), distant 

recurrence risk prediction accuracy was high, particularly for the first 48 months after 

diagnosis, with a dynamic AUC >0.85 (Fig. 3). The prediction accuracy decreased 

slightly over time, but the dynamic AUC remained >0.70 through 120 months. 

Bootstrapping (1000 iterations) indicated high model stability, as reflected by narrow CIs 

for the overall time-dependent AUC curve. Regarding the contribution of the individual 

predictor variables to the accuracy of the machine learning model prediction, Oncotype 

DX Recurrence Score <18, postmenopausal status, percentage of PR+ cells >66.7%, 
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percentage of ER+ cells >88.0%, and older age at diagnosis increased in importance 

over time, whereas the importance of tumor grade and time from diagnosis to surgery 

remained stable. 

Validation of the RWD-trained machine learning model in Flatiron Health RWD and 

NATALEE trial data 

To externally validate the developed machine learning model, NATALEE trial data were 

employed. The characteristics of the Flatiron Health and NATALEE populations were 

first compared. Patients with stage II/III disease from the Flatiron Health cohort and 

those from the NATALEE trial NSAI alone arm had generally similar characteristics; 

differences between the populations included age (median: 52 vs 62 y; p<.001) 

(Supplementary Table 6) (8). Moreover, the survival without distant recurrence of the 

Flatiron Health population was also similar to that of the NATALEE NSAI alone and 

ribociclib plus NSAI arm populations (Supplementary Fig. 4). The “base model” trained 

on data from patients with stage I–III HR+/HER2– EBC was applied to the NATALEE 

NSAI alone arm and remained predictive, with slightly lower performance than in the 

Flatiron Health cohort (C-index: 0.66). For additional sensitivity analyses, we 

determined whether retraining the model on only patients with stage II-III disease in the 

Flatiron Health cohort (to better match the inclusion criteria of NATALEE, which 

excludes stage I disease) or reweighting parameters according to differences in variable 

distribution between the Flatiron Health and NATALEE cohorts altered model 

performance. Both of these approaches resulted in performance similar to that of the 

original “base model, without a significant increase in predictive accuracy ” (C-index: 

0.65 and 0.66, respectively) (Supplementary Fig. 4). 
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NATALEE data–trained machine learning model and prediction of ribociclib 

treatment effect on distant recurrence risk 

Training the machine learning model on data from 80% of the NATALEE NSAI alone 

arm, using the same 10 predictor variables, and evaluating it on the remaining 20% 

yielded slightly improved concordance between distant recurrence risk prediction and 

actual recurrence (C-index: 0.70, IBS: 0.06). 

Training a weighted Cox proportional hazards model on NATALEE data, now including 

ribociclib treatment status as an 11th predictor variable, was performed to evaluate the 

generalizability of model training with the 10 selected variables to the NATALEE cohort. 

This model, applied to the NATALEE cohort, yielded a C-index of 0.68; tumor size, nodal 

status, percentage of PR+ cells, and Ki-67 biomarker score were confirmed as 

significantly contributing variables (Fig. 4). Ribociclib plus NSAI treatment, as a 

predictor variable, had a hazard ratio of 0.66 (95% CI: 0.55–0.80), representing a 34% 

relative reduction in risk of distant recurrence across the follow-up period.  

This machine learning model was then applied to the full Flatiron Health cohort (patients 

with stage I–III disease, without CDK4/6i treatment) to predict the risk of distant 

recurrence in a real-world population over time. At 36 months, there was a 2.4% 

reduction in predicted distant recurrence risk with ribociclib plus NSAI vs NSAI alone 

(95.2% vs 92.9%), which increased to a 3.2% reduction in predicted distant recurrence 

risk at 48 months (93.4% vs 90.2%) (Fig. 5). For the unweighted model, reductions in 

predicted distant recurrence risk with ribociclib plus NSAI vs NSAI alone were identical 

to the weighted model (36 months: 95.2% vs 92.9%; 48 months: 93.4% vs 90.2%). 

Discussion 
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To improve patient outcomes in this era of novel therapeutics for patients with EBC, 

better prediction of distant recurrence and survival risk is needed to optimize treatment 

decisions. In this study, a machine learning model was developed on the basis of 

clinical, pathologic, and genomic factors, which predicted distant recurrence in 

HR+/HER2− EBC with high discriminatory performance. 

Nineteen variables were assessed for their association with distant recurrence. The 

Shapely analysis (Fig. 1) in the distant recurrence model revealed that tumor status, 

nodal status, and tumor grade were among the most influential predictors. Their 

importance in our model aligns with traditional clinicopathologic risk stratification 

approaches such as the Nottingham Prognostic Index and clinical tools like NHS 

PREDICT (27). Additionally, the strong contribution of the Oncotype DX score reinforces 

the recognized value of genomic risk profiling in HR+/HER2− disease, as supported by 

the TAILORx trial and related work (28). The proportions of ER- and PR-positive cells 

and the Ki-67 index also emerged as key features, reflecting tumor biology and 

proliferative capacity—attributes that have well-documented associations with 

recurrence and endocrine resistance (29-32). Other variables, such as menopausal 

status, time from diagnosis to surgery, and age at diagnosis, have similarly been 

implicated in previous studies as prognostically relevant in EBC (33-38). Notably, we 

identified time from diagnosis to surgery as an important variable for estimating distant 

recurrence risk, which has recently been associated with breast cancer–free survival 

(33, 39), but to our knowledge has not been previously examined in prognostic 

algorithms (17, 18, 40-42). In addition, while other prognostic tools (e.g., RSClin, EPclin, 

breast cancer index [BCI], PREDICT) are derived from a similar range of clinical, 
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pathologic, and genomic factors, they currently include a lower number of variables 

(ranging from 3 to 8, depending on the model) (17, 18, 40-42). Importantly, PREDICT 

has undergone multiple updates to include additional variables, which has led to 

corresponding improvements in model performance (20, 41, 43, 44). However, unlike 

the machine learning model presented here, PREDICT does not include genomic 

testing results, time from diagnosis to surgery, or menopausal status. Additionally, while 

RSClin did not report C-index or IBS in their validation cohort (17), an independent 

analysis using the National Cancer Data Base reported a C-index of 0.574 for OS (45). 

Similarly, EPclin has demonstrated a C-index of 0.69 (46), which is lower than the 

performance observed with the model presented in this study when applied to the 

Flatiron dataset and comparable to its performance in the NATALEE dataset. Together, 

these studies demonstrate that inclusion of additional variables in model training for this 

patient population can potentially improve prediction performance. 

We also trained models with DRFS and OS as endpoints to determine whether this 

approach could support prediction of outcomes with a survival component with similar 

accuracy and to account for death as a competing risk event. These models had slightly 

lower predictive accuracy than the “base model” for distant recurrence. Systemic health 

indicators such as ECOG performance status and age at diagnosis were more 

predictive in the models incorporating survival events than in the distant recurrence 

models, whereas biomarkers such as percentages of HR+ cells and Ki-67 biomarker 

score were less important. This finding suggests that factors directly linked to health 

measures were more important to the models predicting survival endpoints and that 

recurrence endpoints were more closely related to disease biology characteristics. 
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Taken together, these data suggest that models intended to predict distant recurrence 

risk should focus on recurrence-specific outcomes, rather than on composite outcomes 

(i.e., DRFS) or mortality (i.e., OS), to achieve optimal performance. 

The external validation of RWD-trained machine learning models on the NATALEE 

randomized clinical trial dataset with good predictive accuracy supports the 

generalizability of the model. This validation step is a notable advantage of our study 

because many contemporary studies do not include formal validation with independent 

clinical trial data (47). External validation with a dataset representative of the target 

population is recommended for the development of models with the goal of clinical 

application (23). Each of the tested models performed similarly, supporting the validity of 

the machine learning model and its applicability in the clinical setting. Notably, the 

elastic net–penalized Cox proportional hazards model demonstrated strong predictive 

performance even without nodal status, supporting its potential utility in clinical settings 

in which this information may be missing or unavailable—as in trials such as Choosing 

Wisely, SOUND, and INSEMA, in which nodal status was not available. 

Analysis of the predictive ability of the RWD-trained machine learning model over time 

revealed a high level of accuracy through 10 years, with the highest accuracy in the first 

48 months. The contributions of the individual predictor variables to model accuracy 

shifted over time, with most variables increasing in their contribution, such as 

percentage of ER+/PR+ cells, Oncotype DX Recurrence Score, menopausal status, and 

age at diagnosis. Notably, markers of ET sensitivity (i.e., percentage of ER+/PR+ cells) 

may therefore be more predictive of later distant recurrence than of early distant 

recurrence. This result may indicate that a higher percentage of ER+/PR+ cells is 
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protective against distant recurrence via prolonged ET efficacy, whereas a lower 

percentage may result in ET insensitivity, diminishing the effectiveness of standard-of-

care ET. Previous studies of RSClin, which includes age and tumor grade and size 

along with Oncotype DX Recurrence Score, have shown that Oncotype DX Recurrence 

Score alone is not as accurate as the combination of Oncotype DX Recurrence Score 

and clinical variables; additionally, the Oncotype DX Recurrence Score has a more 

distant association with distant recurrence risk over time (48). In contrast, the impact of 

Oncotype DX Recurrence Score on model performance increased over time in our 

model, indicating that when considered in combination with the predictor variables used 

in this model, Oncotype DX Recurrence Score remains an important prognostic factor. 

The machine learning model was also trained on data from the NATALEE NSAI alone 

arm to tailor the model to the approved patient population eligible for ribociclib 

treatment, which comprises patients with a high risk of recurrence (25); this model 

performed similarly for predicting distant recurrence risk. Estimation of the ribociclib 

treatment effect on distant recurrence risk in the full NATALEE cohort by the NATALEE 

data–trained model yielded a predicted treatment effect on distant recurrence (HR: 0.66, 

95% CI: 0.55–0.80) in a range similar to the actual measured iDFS (HR: 0.75, 95% CI: 

0.62–0.91) and DRFS (HR: 0.72, 95% CI: 0.58–0.89) benefits of ribociclib plus NSAI in 

the NATALEE trial (8). Furthermore, applying this model to the entire real-world 

population in this study yielded a predicted reduction in distant recurrence risk, which 

increased over time to 3.2% at 48 months. To our knowledge, this is the first application 

of a machine learning model to predict the ribociclib treatment benefit for distant 

recurrence risk in a real-world population. 
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This study has some limitations. Systemic differences in the recording of clinical 

variables across clinics from which data was retrieved by Flatiron Health may exist, 

which could lead to unexpected biases in model performance. Moreover, real-world 

studies relying on electronic health records can have residual confounding signals from 

unmeasured, mis-measured, or mis-specified confounders (49). High missingness in 

important variables (e.g., Oncotype DX Recurrence Score in the NATALEE cohort) can 

also impact the reliability of the study results. Additionally, selection bias may exist if 

patients die prior to the end of the follow-up period, which is complicated by the fact that 

survival and/or follow-up is likely to differ between patients with and without distant 

recurrence, leading to potential under- or overestimation of distant recurrence risk. 

Another key limitation was the use of data from a US-based real-world population; 

future studies may be needed to verify the generalizability of the results to a global 

population. Finally, the index in the real-world and NATALEE data differed (i.e., start of 

treatment vs day of randomization, respectively), allowing for up to a 12-month delay to 

treatment initiation in the NATALEE cohort compared with the real-world cohort, which 

could influence estimation of the ribociclib treatment effect on distant recurrence risk. 

Nevertheless, the extensive validation of the model results with multiple machine 

learning models, training datasets, and validation datasets and similarity of predictions 

to actual outcomes observed in the NATALEE trial suggest that model performance was 

not substantially affected. Additionally, the use of real-world demographically diverse 

data from the Flatiron Health database of US patient data enhances the generalizability 

of the machine learning model. External validation conducted with the global NATALEE 
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trial data also provides robust support for the generalizability of the distant recurrence 

risk prediction model for application to patients with HR+/HER2− EBC. 

This study supports the possibility of accurately predicting personalized risk of distant 

recurrence and survival, and the identified predictor variables and developed machine 

learning models may aid clinicians and patients with HR+/HER2− EBC in risk 

stratification. Moreover, the model can be applied to treatment decision making in the 

adjuvant setting, informing personalized surveillance or adjuvant therapy escalation/de-

escalation strategies. Future studies with larger, more diverse real-world datasets 

representing a more diverse EBC population (including Asian patients) with additional 

clinical and genomic variables may improve model performance, and additional 

treatments could be included to expand treatment effect prediction. Finally, incorporation 

of additional multimodal data (e.g., digital pathology, ctDNA testing) could improve the 

predictive accuracy and personalization of the model output. Together, future studies 

can lead to the development of a decision support tool for clinical application. 
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Figures and Tables 

Table 1. Flatiron Health patient baseline characteristics. 
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Characteristic N = 7842 

Median age at dx (range), years 64 (22–85) 

Race, n (%) 

     White 

     Black or African American 

     Other than White or Black 

     Unknown/not reported 

  

5409 (69.0) 

622 (7.9) 

889 (11.3) 

922 (11.8) 

Menopausal status, n (%) 

     Pre-/perimenopausal 

     Postmenopausal 

     Unknown/not documented 

  

1522 (19.4) 

5814 (74.1) 

506 (6.5) 

T status, n (%)
a
 

     T1 

     T2 

     T3 

     T4 

  

5167 (65.9) 

2173 (27.7) 

393 (5.0) 

109 (1.4) 

N status, n (%)
b
 

     N0 

     N1 

     N2 

     N3 

  

5745 (73.3) 

1668 (21.3) 

282 (3.6) 

147 (1.9) 

Tumor grade, n (%) 

     Grade 1 

     Grade 2 

     Grade 3 

     Unknown/not documented 

  

2275 (29.0) 

4176 (53.3) 

1341 (17.1) 

50 (0.6) 

Oncotype DX Recurrence Score, n (%) 

     <18 

     18-30 

     >30 

     Unknown/not documented 

  

2017 (25.7) 

990 (12.6) 

244 (3.1) 

4591 (58.5) 

Ki-67 biomarker score, n (%) 

     ≤20% 

     >20% 

     Unknown/not documented 

  

2053 (26.2) 

1439 (18.3) 

4350 (55.5) 

Received chemotherapy, n (%) 

     Neoadjuvant 

     Adjuvant 

     No 

  

388 (4.9) 

1503 (19.2) 

5997 (76.5) 

Received adj. radiotherapy, n (%) 4418 (56.3) 

Received adj. targeted treatment, n (%) 10 (0.1) 

Median follow-up, years (IQR) 4.8 (4.75) 

a
 T1, ≤2 cm; T2, >2 cm but ≤5 cm; T3, >5 cm; T4, any size with direct extension to chest wall and/or skin 

(ulceration or macroscopic nodules) (AJCC 8th edition). 
b
 N0, node negative; N1, 1–3 axillary lymph 

nodes; N2, 4–9 axillary lymph nodes; N3, 10+ axillary lymph nodes (AJCC 8th edition). 

adj., adjuvant; AJCC, American Joint Committee on Cancer; dx, diagnosis; IQR, interquartile range.
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Figure 1. Mean absolute Shapley values to predict distant recurrence (A), impacts of variables on model output (B), and 

Cox proportional hazards hazard ratios (C) for a machine learning model trained on patients with stage I–III HR+/HER2− 

EBC who received adjuvant endocrine therapy, but not a CDK4/6i, from the Flatiron Health database.

a
 Ordinal variable treated as continuous. Linear assumption supported by data. Hazard ratio in C indicates change with one step of variable (e.g., 

N0 to N1). 
b
 Multivariate imputation by chained equations used to impute missing values. 

c
 Unknown/not documented category created when 

summarizing baseline variables with >30% missing data was excluded from model analyses. 
d
 Binary variable indicating condition that is met. 

Hazard ratio in C indicates change associated with meeting stated condition. 
e
 Cutoff associated with recurrence according to machine learning 

decision tree method. 
f
 Red indicates a high value (continuous variables) or that stated condition is met (binary variables). 

g
 Negative Shapley 

value indicates association with reduced DR risk and vice versa. Individual data points with same value (e.g., pts with N0 disease) are stacked. 

CDK4/6i, cyclin-dependent kinase 4/6 inhibitor; dx, diagnosis; ER, estrogen receptor; N, nodal; PR, progesterone receptor; T, tumor.
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Figure 2. Machine learning model performance scores with 95% confidence intervals 

indicated for each model. 

 

C-index, concordance index; IBS, integrated Brier score; SVM, support vector machine. 
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Figure 3. Accuracy of 10-variable machine learning model trained on patients with 

stage I–III HR+/HER2− EBC who received adjuvant ET, but not a CDK4/6i, from the 

Flatiron Health database to predict distant recurrence and variables’ contributions to 

model accuracy over time. 

Relative importance was calculated as the ratio of the AUC of the independent variable to the AUC for the 

machine learning model. Gray shading indicates 95% confidence interval calculated for the overall 

population. 

AUC, area under the curve; CDK4/6i, cyclin-dependent kinase 4/6 inhibitor; EBC early breast cancer; ER, 

estrogen receptor; ET, endocrine therapy; HER2−, human epidermal growth factor receptor 2–negative; 

HR+, hormone receptor–positive; N, nodal; PR, progesterone receptor; T, tumor. 
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Figure 4. Treatment effect of ribociclib in NATALEE population on the risk of distant 

recurrence. 

  

Adapted weighted NATALEE-trained Cox proportional hazards model using treatment as a predictor and 

the NATALEE full population. 

a
 Ordinal variable treated as continuous. Linear assumption supported by data. Hazard ratio indicates 

change with one step of variable (e.g., N0 to N1). 
b
 Multivariate imputation by chained equations used to 

impute missing values. 
c
 Unknown/not documented category created when summarizing baseline 

variables with >30% missing data was excluded from model analyses. 
d
 Binary variable indicating 

condition that is met. Hazard ratio indicates change associated with meeting stated condition. 
e
 Cutoff 

associated with recurrence according to machine learning decision tree method. 

dx, diagnosis; ER, estrogen receptor; N, nodal; PR, progesterone receptor; T, tumor. 
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Figure 5. Treatment effect of ribociclib in real-world Flatiron Health population on the 

risk of distant recurrence. 

 

Adapted weighted NATALEE-trained Cox proportional hazards model using the NATALEE full population 

to predict risk of distant recurrence in a real-world population, assuming all patients were treated with 

ribociclib plus NSAI or with NSAI. 

NSAI, nonsteroidal aromatase inhibitor; RIB, ribociclib. 
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