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ABSTRACT: Luminal breast cancers (BC) are the most common subtype, with human epidermal growth factor receptor 2 
negative being the most prevalent. Currently, the genetic-based Oncotype DX score is the widely used metric for determining 
recurrence probability, but the 21-genes it utilizes are difficult and time-consuming to obtain data for. This study aimed to use 
machine learning classification to predict composite scores for recurrence probability based on easier-to-access data, selected 
from feature importance identified by the model(s). Four classification models were trained and tested to predict BC recurrence: 
random forest (RF), logistic regression (LR), gradient boosting (GBM), and decision tree (DT). The models were compared by 
their F1 score. The most significant variables from the best-performing model trained a Calibrated GBM (chosen as the final 
predictor as it had the highest F1 score at 0.24) to predict composite scores from 0-10. The predictive model returned scores with 
~92% accuracy. Findings showed that the GBM is not reliable for solely binary recurrence prediction due to poor performance 
metrics, but it serves as a promising tool for predicting composite scores for recurrence probability. These scores could be utilized 
in clinical settings to determine intervention plans to improve patient prognosis.  
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�   Introduction
Luminal breast cancers (BC) account for approximately 65% 

of all BC cases, being the most common subtype.1, 2 Human 
epidermal growth factor receptor 2 negative (HER2-negative) 
is the most common for early stage BC, as represented in Fig-
ure 1.3, 4 The number of deaths from BC is estimated to rise to 
2.9 million annually.5 Thus, early diagnosis and effective treat-
ment are crucial for prognosis efforts.1, 6

Machine learning’s (ML) ability to analyze large amounts 
of data makes it promising as a tool for predicting BC recur-
rence.7, 9 Some known important factors include histological 
grade, tumor size, nodes, genomic score, and the Ki67 prolif-
eration index.3 Thus far, the recurrence of BC and its factors 
have not been thoroughly studied through machine learning 
techniques as a consequence of patient recurrence data rarely 
being available in accessible datasets.10

The widely used metric score for BC recurrence probabil-
ity is the Oncotype DX score, a 21-gene recurrence tool that 
examines the activity of genes in the breast tumor tissue.2, 11 

The scores range from 0 to 100, with higher scores reflecting a 
higher probability of BC recurrence as well as the likelihood of 
benefitting from chemotherapy and hormonal therapy. Patients 
who have Oncotype DX scores above 26 benefit most from 
chemotherapy.2 The score was developed mainly for estrogen 
receptor-positive (ER-positive) and HER2-negative BC, and 
it gives an accurate estimation of recurrence probability.11

Genetic patient data for the Oncotype DX score is gen-
erally difficult, tedious, or time-consuming to obtain, so an 
equally accurate recurrence probability score calculated from 
easier-to-access data would be more efficient. This study aims 
to develop a machine learning classification model to predict 
the recurrence of BC based on clinical, histological, immuno-
histochemical, molecular biology, and treatment patient data. 
A second classifier trained by data selected from feature im-
portance identified by the original model(s) will be tested to 
predict accurate composite scores from 0 to 10 for recurrence 
probability.

�   Methods
All computations were performed on Python version 3.11.7 

on JupyterLab 4.0.11. All machine learning models and tech-
niques were provided by the scikit-learn package in Python. 
The research methods are outlined in Figure 2.
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Figure 1: Prevalence of different BC subtypes. Data gathered from the 
National Cancer Institute SEER (Surveillance, Epidemiology, and End 
Results Program).4 The visual presents the HER2-negative subtype as the 
most prevalent of all breast cancer cases (~70%).
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Data Collection and Curation:
A publicly available and anonymous Oncotype DX patient 

dataset containing 321 patients was originally obtained from 
the Georges Francois Lecler Cancer Centre and North Trév-
enans County Hospital, both in France.12 The dataset was 
accessed via data.world, which provided a convenient platform 
for data retrieval. The dataset was originally in French and was 
translated into English.

The columns NBlock and Block ODX were removed as they 
had no significance on patient recurrence in the context of the 
data, since they were present for patient identification. The on-
cogenetic consultation, mutation, HER2 IHC, and HER2 SISH 
columns were removed as they had 70% or more missing in-
formation. Imputing data for these columns would not be a 
proper representation of patient data as there is not enough 
basis for estimates. The Stage pTNM column was removed be-
cause it had too many unique values to be significant enough 
for predicting BC recurrence. While mutation patterns are 
strong indicators of cancer recurrence, the data set used in 
this study had a weak basis for clinical staging correlation and 
would give biased results if the empty data were to be predicted. 
Finally, the last contact date and last contact status columns were 
removed. The date provides no information and does not have 
a recurrence metric. Pre-testing showed that these columns 
had little to no impact on changing recurrence predictions, as 
the most prominent variables consisted of clinical, histological, 
immunohistochemical, molecular biology, and treatment data 
native to the dataset. The few deceased patients in the dataset 
in the last contact status column were removed to keep only 
patients who survived from HER2-negative BC.

Any patients who had blank data for the Recurrence column 
were removed from the dataset. For the remaining data col-
umns that had missing information, these values were filled in 
using mode imputation to ensure data consistency for model 
training. Additional data curation included removing second-
ary or tertiary values from cells that had more than one value 
and changing all classification columns with string/character 
data to numeric classification (0, 1, 2, etc)

Patient data for the node type, histological type, and histological 
subtype columns were represented with a range of values. These 
columns were expanded to better visualize the types of each 

that occurred for each patient. For example, a patient could 
have either a 0, 1, or 2 for the node type column, with each 
value representing ‘no sentinel node or dissection’ (column 1), 
‘sentinel node’ (column 2), or ‘axillary dissection’ (column 3), 
respectively. The original column was split into three, with 
each patient recording either a 0 (does not have) or a 1 (does 
have). A patient who has only sentinel and axillary dissection 
nodes would have a 0 for column 1, and a 1 for columns 2 and 
3.

The dataset was standardized for columns that had numer-
ic values using scikit-learn pre-processing. This was done to 
ensure uniformity and consistency between data columns for 
model efficiency. After data curation, the dataset was split 65% 
for model training and 35% for model testing, resulting in 191 
training patients and 104 testing patients.

The provided recurrence column had classes 0 and 1, with 
0 representing no recurrence of BC and 1 representing recur-
rence. This column was highly imbalanced, with more than 
90% of the patients recording class 0 (non-recurrence) and a 
much smaller proportion for class 1 (recurrence). To prevent 
overfitting for the models, the majority class was down-sam-
pled, and the minority class was up-sampled to balance the 
target column for the training set. This resulted in a training 
dataset with a combined 92 rows: 50 for class 0 and 42 for 
class 1.

Model Training and Testing for Binary BC Recurrence Pre-
diction:

Four classification models were used initially to test BC 
recurrence prediction: random forest (RF), logistic regres-
sion (LR), gradient boosting (GBM), and decision tree (DT). 
These models were chosen for their previous usage in BC 
studies involving diagnosis and prognosis analysis, and pri-
marily for their ability to record feature importance, which 
was considered for predicting the composite scores later in the 
study. Each of the models was evaluated with F1 score (har-
monic mean of precision and recall), accuracy (proportion of total 
correct predictions), precision (proportion of predicted positive in-
stances that are true positives), recall (sensitivity; proportion of 
true positive instances correctly identif ied), and specif icity (the 
proportion of true negative instances correctly identif ied). The 
models were compared by their respective F1 scores. Receiver 
operating characteristic (ROC) curves and confusion matrices 
were created for each model to compare efficacy.

Random Forest (RF). The random forest model is a type of 
supervised learning, where the model uses patterns in the data-
set to make predictions based on labeled data.13 Random forest 
is an expansion on decision trees;13, 14 As the method may 
suggest, random forest models typically perform better than 
decision tree algorithms, as it is a multi-faceted approach.14 
Decision trees split data into subsets at each node by choosing 
the feature that best separates the data, and repeat this pro-
cess recursively until reaching a final prediction.13 In a random 
forest, each “tree” votes on a prediction, and the class with the 
highest number of votes is the final prediction.13-15 Random 
forest is typically favored for medical studies and has shown 
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Figure 2: Workflow of the research methods. The chart displays the process 
from sole BC recurrence prediction to the final composite score prediction 
methods.
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sufficient results.14, 16 The random forest algorithm is presented 
in Figure 3.

Logistic Regression (LR). The logistic regression algorithm 
finds the relationship between features and outcome proba-
bility through a sigmoidal curve. Simply, logistic regression 
returns the likelihood of an outcome when given individual 
features.13, 17 The model produces single numerical values from 
0 to 1 from numeric features.13

Gradient Boosting (GBM). A gradient boosting classifier 
sequentially builds an ensemble of weaker models, typical-
ly decision trees, where each new model is trained to correct 
errors from the previous ones;18 Gradient boosting gradual-
ly improves overall predictive accuracy by fitting consecutive 
models.18 Boosting is an improvement on simpler ensemble 
techniques like decision trees or random forests by iteratively 
training new models from prior mistakes.

Each model is able to return the variables that had the most 
impact in predicting the target column (feature importance). It 
can be thought of as determining the “decision-making power” 
for each data variable.

Predicting the Recurrence Probability Composite Scores:
The same 92-row training dataset for binary recurrence pre-

diction was used for training and testing the model to generate 
composite scores, with an 80:20 training/testing split. Howev-
er, the model was trained only with the top 21 features, or the 
features that had a significant numeric score. Significant nu-
meric scores were regarded as scores that had a positive value, 
meaning that they contributed to a notable percentage of the 
prediction. For example, a score with a value of 0.15 represents 
a 15% contribution to the total importance of the recurrence/
non-recurrence prediction. The classifier for composite score 
prediction was trained with the same algorithm(s) as those 
of the model for binary BC prediction. While the variable 
range was limited in this regard, through feature importance 
selection, the model still utilized the provided data to identi-
fy patterns between patient data and their assigned Oncotype 
DX score.

Out of the top 21, variables that had no real impact on patient 
prognosis were removed, such as diagnosis year and birth year. The 
model that was used for score prediction was a calibrated GBM, as 

it had the highest F1 score compared to the other classif iers when 
predicting recurrence. * Explained in Results.

Regular classifiers will return raw scores while a calibrat-
ed one adjusts scores to provide more accurate probabilities, 
meaning that the predictions more accurately reflect the true 
likelihood of an outcome. Calibration techniques provide a 
more proper reflection of recurrence probability through the 
composite scores. The recurrence target column remained in 
the training set but was removed in the testing set for the 
model to predict scores purely from patient data.

�   Result and Discussion 
All charts/graphs were created using the matplotlib package 

in Python.

Evaluation of the Models for Recurrence Prediction:
The five recorded performance metrics for each model are 

presented in Table 1. In this context, classes are predicted by 
the model (true positives - recurrence and true negatives – 
non-recurrence), so the F1 score is a preferred metric rather 
than accuracy to compare model performance, as it is the nu-
meric mean of precision and recall.

Apart from accuracy and specificity, all models returned rel-
atively low performance metrics (values closer to 1.0 indicate 
better performance in the field). Random forest showed the 
highest accuracy (0.89), the highest specificity (0.97), and the 
highest precision (0.25) compared to the other models, but 
had a low F1 score (0.12). As briefly mentioned in the meth-
ods, the Gradient Boosting Classifier was chosen as the final 
recurrence predictor as it had the highest F1 score (0.24).

The ROC curve was plotted for the Gradient Boosting 
Classifier, as shown in Figure 4. The curve shows model per-
formance by plotting the true positive rate (y-axis) compared 
to the false positive rate (x-axis).

Figure 3: Visual of the random forest algorithm. The algorithm is an 
expansion of decision tree classification, seen in the diagram as a culmination 
of several subtrees. The visual presents how the algorithm uses “votes” from 
each subtree to reach a conclusion.

Table 1: Performance metrics of the four classifiers to predict BC recurrence. 
The table shows that the Gradient Boosting (GBM) classifier resulted in the 
highest F1 Score (indicated in bold), but did not perform sufficiently in other 
metrics.
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negative predictions. Out of 79 cases of negative instances 
(non-recurrence), the model was able to predict 74 accurately, 
with the other 5 predictions returning false negatives. However, 
out of 25 that did have recurrence, the model was only able to 
predict 4 accurately, with the other 21 returning false positives. 
These results, displayed in the confusion matrix, show that the 
model is accurate at predicting negative instances (~94% cor-
rect predictions) but poor at predicting positive instances (16% 
correct predictions). These metrics correlate to the model’s low 
scores for specificity (true negative rate) and sensitivity (true 
positive rate) from Table 1. Thus, the model is highly accurate 
for predicting non-recurrence in patients but is not very accu-
rate at predicting recurrence.

Composite Score Results:
The feature importance for the GBM is presented in Figure 

5.
The five most important features for recurrence prediction 

identified by the model were diagnosis year, surgery, onco-
type score, progesterone receptor (PR) Allred score, and PR 
percentage, with numeric scores of ~0.25, ~0.17, ~0.10, and 
~0.06, respectively.

Examples of composite scores for patients in the testing data-
set are presented in Table 3. The calibrated Gradient Boosting 
Classifier was able to accurately predict composite scores to 
reflect the probability of BC recurrence (~92% accuracy). A 
score greater than 5 and closer to 10 indicates a higher proba-
bility of recurrence. Conversely, a score less than 5 and closer to 
0 indicates a lower probability of recurrence, a similar system 
to Oncotype DX. The calibrated model was trained with all 
the top 21 variables from the feature importance graph (Fig-
ure 5), excluding diagnosis year, oncotype score, and year of birth. 
Diagnosis year and year of birth were insignificant variables 
as the “diagnosis age” was already provided for each patient. 
Specifically, the diagnosis year and year of birth columns were 
values that had little correlation to the recurrence predictions. 
The distant recurrence percentage was included as a variable 
in composite score training to serve as a proxy for metastat-
ic potential. The metric reflects the likelihood of the tumor 
spreading to distant organs over time and helps the training 
model better understand the biological behavior and aggres-
siveness of the tumor. The distant recurrence percentage is 

The Area under the curve (AUC; blue-dotted line) is repre-
sentative of random guessing. Ideally, peak model performance 
would result in an ROC curve that is closest to the top left 
corner of the graph, somewhat like a logarithmic function. 
Figure 4 shows that although the ROC curve for the model 
is higher than the AUC curve, it does not necessarily achieve 
high performance. It reflects only a slightly better performance 
than random guessing.

The confusion matrix is another method to evaluate the per-
formance of a classification model by displaying the number 
of true/false positives and negatives predicted by the model 
for the testing dataset. The confusion matrix for the Gradient 
Boosting Classifier is outlined in Table 2.

The testing dataset consisted of 104 rows but was imbal-
anced for the recurrence column due to the original Oncotype 
DX dataset, so there was a considerably higher number of 
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Figure 4: The ROC curve for the GBM compared to the area under the 
curve (AUC). The figure shows that the model’s correlation between false and 
true positive predictions is similar to that of random guessing, indicated by its 
close distance to the AUC line.

Figure 5: A bar graph that visualizes and compares the feature importances 
for the Gradient Boosting Classifier, showing which data columns (variables) 
are considered the most important for predicting BC recurrence. Features that 
did not have significant values were excluded from the analysis.Table 2: Confusion matrix for the testing dataset for the Gradient Boosting 

Classifier. The table shows strong results for the GBM classifier’s negative 
prediction capability. Conversely, the GBM classifier is unreliable for 
predicting positive instances.
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more easily accessible patient data for calculating recurrence 
probability rather than the 21-genes used for calculating the 
Oncotype DX score.

�   Conclusion 
In this study, four classification machine learning models 

were trained and tested with recurrence data from HER2-neg-
ative BC patients in France to determine the most important 
factors for recurrence and use them to predict an efficient 
composite score based on easier-to-obtain data to reflect a pa-
tient’s chances of BC recurrence.

The Gradient Boosting Classifier overall is not a great meth-
od for predicting BC recurrence in hospital settings. While not 
sufficient for solely recurrence prediction, the GBM is practi-
cal for predicting composite scores. However, the model does 
show promise, but requires refining for recurrence prediction. 
This predictive score could be utilized in hospital settings to 
determine correct intervention plans to improve patient prog-
nosis.

Future Work:
The Oncotype DX dataset used in this study was fairly lim-

ited with the number of patients, but the key downside was 
the imbalance of the recurrence data. More than 90% of the 
patients recorded non-recurrence, while a few recorded recur-
rences, which required artificial balancing of the data. While 
still an accurate estimation of recurrence data, this placed a bias 
on negative instance prediction compared to positive instance 
prediction for the testing datasets. Training and testing a mod-
el with a larger BC recurrence dataset with a larger scope, with 
more true and balanced prognosis data, should be done to yield 
higher performance results for classification models.

Additionally, common clinical practice is to use one dataset 
for model training and a separate test for model validation. 
Regarding breast cancer recurrence, there is a scarcity of pub-
licly available, anonymous datasets with true recurrence data, 
which is the sole reason that breast cancer recurrence is an un-
der-studied field of oncology. To compensate, the dataset used 
in this study was split to create separate sets for training and 
testing, with the testing dataset having no predicted/imputed 
data to mitigate bias for model validation. Thus, using a larger 
and more diverse data set is a prospective endeavor to boost 
performance for the models used in this study.

Applying the methodology and composite score prediction 
techniques used in this study for other cancers and diseases, 
such as cardiovascular disease, may help to better understand 
recurrence probability predictors.
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