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Abstract
Purpose: The present study sought to identify prognostic factors for breast cancer survival and
recurrence using a machine learning approach and electronic medical record data.

Methods: We used a machine learning technique called feature selection to identify factors in�uencing
breast cancer prognosis, and factors affecting survival and recurrence in a Cox regression model.

Results: History of relapse, type of surgery, diagnostic route, SEER stage, and hormone therapy all
affected breast cancer survival. Recurrence of breast cancer was affected by age, history of diabetes,
breast reconstruction, pain, breast lumps, nipple discharge, and the presence of other symptoms.
According to the survival analysis based on feature selection, patients with diabetes had a signi�cantly
higher risk of early recurrence of breast cancer (hazard ratio, 4.8; 95% con�dence interval, 2.04–11.2, p <
0.05).

Conclusions: The present study identi�ed several factors associated with breast cancer prognosis. While
survival was affected by the diagnostic route, recurrence was primarily in�uenced by breast cancer
symptoms and other underlying health conditions. A more accurate and standardized model considering
time-to-event data could be developed in the future to evaluate prognostic factors and predict prognoses,
and for clinical validation

Introduction
According to Global Cancer Statistics 2020, breast cancer is the most commonly diagnosed cancer and
leading cause of cancer mortality in women worldwide [1]. The National Cancer Institute recently reported
an annual incidence rate for female breast cancer of 12.9% [2]. Breast cancer is a highly heterogeneous
disease with multiple risk factors and clinical outcomes associated with biologically distinct subtypes of
breast tumors [3, 4]. Accurate cancer prognosis, along with early diagnosis, has become a necessity in
oncology for effective clinical management of patients [5]. As with most types of cancer, accurate
prognosis for breast cancer is important, as it informs the patient about likely disease progression,
enables patient-speci�c treatments to be implemented, and allows policymakers to compare mortality
rates among hospitals [6].

Cancer prognosis has mainly been predicted using clinical data, such as age at diagnosis, histological
type, hormone therapy, lymph node status, and tumor characteristics [7, 8]. However, few prognostic
models consider the behavior, psychological health, and quality of life of patients, despite the critical role
of these factors in predicting cancer prognosis [9, 10]. The inconsistency in the clinical and nonclinical
factors included in prognostic models, and the limited accuracy of these models due to manual entry of
variables, has been improved by using electronic medical record (EMR) data to develop automated
prognostic models in oncology [11]. EMRs, which include a wide range of personal and clinical data
recorded in real time, offer numerous bene�ts including easy transfer of patient information, support of
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optimal decision-making by care providers, and insight into the relationship between healthcare provider
practice patterns and prognosis [12].

In addition to greater use of EMR data, there has been a gradual shift toward leveraging arti�cial
intelligence (AI) for cancer prognosis prediction. As a sub�eld of AI, machine learning (ML) methods have
been successfully applied for cancer prognosis prediction [5]. Deep learning (DL) algorithms, as a
subtype of ML, have also improved the accuracy of cancer prognosis relative to traditional analytic
methods, such as Cox proportional hazard regression, the Kaplan-Meier estimator, and the log-rank test
[13]. Although ML and DL are useful for discovering new patterns in high dimensional data, one of their
disadvantages is that they tend to disregard time-to-event data due to their focus on predictions of death
and recurrence [6]. To overcome this problem, a hybrid ML approach using time-to-event data is being
devised for survival analysis, as a means of integrating traditional and novel methods [14, 15].

The present study sought to identify prognostic factors for breast cancer survival and recurrence using
ML approaches and EMR data.

Materials And Methods
Data source

This study utilized secondary data collected from breast cancer patients at Konyang University Hospital
(KUH), which participated in the construction of a nationwide big data platform. The Korea Cancer Big
Data Platform is a multi-database system that collects and stores electronic cancer patient data on
diagnoses, examinations, treatments, and surgeries. KUH currently has 1,900 breast cancer patients; the
cancer registration data of 896 of these patients were analyzed in this study.

Data preprocessing

Variables with missing data were excluded from the analysis. Additional data were collected from the
cancer register. Table 1 presents the variables in the dataset analyzed in this study.
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Table 1
Description of dataset variables

Independent variables

Demographics Gender, age, marital status, number of childbirths

General
characteristics

Medication status, menopausal status, HRT, current smoking status, breastfeeding,
contraceptive use, insomnia

Past medical
history

Diabetes mellitus, tuberculosis, hypertension, heart disease, smoking history, other
health conditions

Family health
history

Cancer, hypertension

Surgery
characteristics

Surgery type (total mastectomy, breast-conserving surgery), ALND, SLNB, breast
reconstruction

Preoperative
screening

Asymptomaticity, pain, breast lump, axillary lump, nipple discharge, axillary pain

Cancer
registration
data

Foreign, laterality, cancer topography, “morphological diagnostic” method,
diagnostic route, SEER stage, chemotherapy, radiotherapy, hormone therapy,
immunotherapy

Dependent
variables

 

Survival Status, time

Recurrence

HRT hormone replacement therapy, ALND axillary lymph node dissection, SLNB sentinel lymph node
biopsy, SEER stage The Surveillance, Epidemiology and End Results stage

Data splitting and oversampling

The dataset was divided into training and test sets. Imbalances were detected in the death and recurrence
data. As imbalanced datasets are likely to result in over�tting in some ML models [16], we applied the
synthetic minority oversampling technique (SMOTE) to the training dataset. In this technique, the minority
class is oversampled by creating “synthetic” examples rather than replacing the data [17].

Feature selection

Feature selection was used to determine prognostic factors for breast cancer. Feature selection is an ML
technique that reduces dimensionality by removing redundant and irrelevant features from an original
dataset based on certain criteria [18, 19]. Feature selection reduces noise in the data and improves the
performance of the model [20]. LASSO regression was used in this study as the feature selection
algorithm. Formulated by Robert Tibshirani in 1996 [21], LASSO is a powerful method for regularization
and feature selection [22]. LASSO performs feature selection by estimating the regression coe�cients for
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non-signi�cant features, which are close to zero. The LASSO method achieves good predictive accuracy
by reducing the variance caused by shrinking and removing coe�cients, and enhances interpretability by
eliminating variables not associated with the response variable [22]. To evaluate the feature selection
results, we generated an ML-based prognostic model. Techniques to evaluate model performance include
random forest (RF), support vector machine (SVM), and logistic regression (LR). 10-fold cross-validation
was applied to the model to prevent over�tting. Finally, we analyzed the performance of the model using
a receiver operating characteristic curve.

Statistical analysis
Hazard ratios (HRs) with 95% con�dence intervals (CIs) were calculated to assess the associations of
prognostic factors with breast cancer survival and recurrence using multivariate survival analysis. All
statistical analyses were conducted using R software (version 4.0.0; R Foundation for Statistical
Computing, Vienna, Austria).

Results
The prognostic impact of the features selected using the LASSO method is shown in Table 2. In the case
of survival, binary deviance was lowest when �ve features were selected. This result was different from
that of recurrence, where binary deviance was lowest when eight features were selected. Among the
factors affecting the likelihood of death of breast cancer patients, recurrence had the highest coe�cient.
When recurrence was the intercept, a history of diabetes mellitus (DM) had the greatest impact. The LR
recurrence prediction model demonstrated the best performance (area under the curve: 0.83).
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Table 2
Statistics for the prognostic factors

Variable Categories Alive

(n = 841)

Dead

(n = 55)

p-value

Recurrence No 812 (94.7) 45 (5.3) <0.001

Yes 29 (74.4) 10 (25.6)

Type of surgery No 366 (90.6) 38 (9.4) <0.001

Mastectomy 56 (98.2) 1 (1.8)

Breast-conserving
surgery

419 (96.3) 16 (3.7)

Diagnostic route Health screening 383 (97.5) 10 (2.5) <0.001

Accidental discovery 13 (68.4) 6 (31.6)

Symptoms 308 (93.3) 22 (6.7)

Unknown 137 (89.0) 17 (1.9)

SEER stage In situ 131 (98.5) 2 (1.5) <0.001

Localized 325 (96.7) 11 (3.3)

Regional 233 (94.3) 14 (5.7)

Distant 26 (68.4) 12 (31.6)

Unspeci�ed 126 (88.7) 16 (11.2)

Hormone therapy Negative 610 (92.4) 50 (7.6) <0.01

Positive 231 (97.9) 5 (2.1)

    No recurrence (n =
857)

Recurrence

(n = 39)

 

Age (years) ≤ 40 119 (96.7) 4 (3.3) 0.24

41–64 603 (96.0) 25 (4.0)

≥65 135 (93.1) 10 (6.9)

History of DM No 823 (96.4) 31 (3.6) <0.001

Yes 34 (81.0) 8 (19.0)

Breast
reconstruction

No 823 (96.0) 34 (4.0) <0.05

Accidental discovery: Discovered incidentally during surgical examination
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Variable Categories Alive

(n = 841)

Dead

(n = 55)

p-value

Yes 34 (87.2) 5 (12.8)

Pain No 812 (96.1) 33 (3.9) <0.05

Yes 45 (88.2) 6 (11.8)

Breast lump No 542 (97.8) 12 (2.2) <0.001

Yes 315 (92.1) 27(7.9)

Nipple discharge No 834 (95.9) 36 (4.1) 0.18

Yes 23 (88.5) 3 (11.5)

Other symptoms No 802 (96.3) 31 (3.7) <0.01

Yes 55 (87.3) 8 (12.7)

SEER stage In situ 133 (100.0) 0(0.0) <0.001

Localized 325 (96.7) 11 (3.3)

Regional 233 (94.3) 14 (5.7)

Distant 32 (84.2) 6 (15.8)

Unspeci�ed 135 (94.4) 8 (5.6)

Accidental discovery: Discovered incidentally during surgical examination

Performance of the prognostic factors

The statistics for the prognostic factors derived by feature selection are shown in Table 3. In total, 74.4%
(29/39) of the recurrence group survived, and recurrence was a signi�cant prognostic factor for mortality
(p < 0.001). Regarding type of surgery, which was also a signi�cant prognostic factor for mortality (p <
0.001), the death rate was highest in the no surgery subgroup (38/404; 9.4%). SEER stage (p < 0.001),
diagnostic route (p < 0.001), and hormone receptor therapy (p < 0.01) were also signi�cant prognostic
factors for mortality. In total, 6.9% (10/145) of patients aged ≥ 65 years experienced recurrence and the
difference in recurrence among the age groups was not signi�cant. In total, 19.0% (8/42) of the patients
with a history of DM experienced breast cancer recurrence, and DM was a signi�cant prognostic factors
for mortality (p < 0.001).
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Table 3
Multivariate analysis of prognostic factors for breast cancer

Prognosis Variable Categories HR (95% CI) p-value

Overall
Survival

Recurrence No 1  

Yes 2.98 (1.44–6.07) <0.01

Type of surgery None 1  

Mastectomy 0.53 (0.07–4.14) 0.55

Breast-conserving surgery 0.33 (0.16–0.68) <0.01

Diagnostic route Health screening 1  

Incidentally discovered 11.15 (2.38–21.5) <0.001

Symptoms 2.49 (1.11–5.60) <0.05

Unknown 1.29 (0.53–3.18) 0.58

SEER stage In situ 1  

Localized 1.16 (0.24–5.67) 0.85

Regional 1.26 (0.25–6.41) 0.79

Distant 7.96 (1.52–41.8) <0.05

Unspeci�ed 1.79 (0.34–9.32) 0.49

Hormone therapy No 1  

Yes 2.12 (0.79–5.74) 0.14

Recurrence

-free survival

Age (years) ≤ 40 1  

41–64 1.3 (0.44–3.9) 0.63

≥ 65 2.7 (0.78–9.2) 0.12

History of DM No 1  

Yes 4.8 (2.04–11.2) <0.001

Breast reconstruction No 1  

Yes 2.1 (0.72–5.9) 0.18

Pain No 1  

Yes 1.1 (0.40–3.3) 0.81

Breast lump No 1  

Yes 2.8 (1.32–5.8) <0.01
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Prognosis Variable Categories HR (95% CI) p-value

Nipple discharge No 1  

Yes 1.9 (0.54–6.4) 0.33

Other symptoms No 1  

Yes 1.3 (0.51–3.5) 0.58

SEER stage In situ/localized 1  

Regional 2.4 (1.03–5.4) <0.05

Distant 7.3 (2.35–22.9) <0.001

Unspeci�ed 4.0 (1.55–10.1) <0.001

In the multivariate survival analysis, SEER stage (HR, 7.96; 95% CI, 1.52–41.8; p < 0.05) and diagnostic
route (HR, 11.15; 95% CI, 2.38–21.5, p < 0.001) were poor prognostic factors. In the recurrence analysis,
patients who had diabetes had a signi�cantly higher risk of early breast cancer recurrence (HR, 4.8; 95%
CI, 2.04–11.2, p < 0.001). A history of diabetes mellitus had the highest coe�cient, where univariate and
multivariate analyses both showed that a history of diabetes was associated with a signi�cantly higher
risk of early recurrence. Table 4 presents the results of the multivariate analysis.

Discussion
In the present study, we analyzed EMR data to identify signi�cant prognostic factors for breast cancer
survival and recurrence using a combination of ML approaches and the Cox proportional hazard model.
History of recurrence and SEER stage were related to breast cancer prognosis, and the type of surgery and
diagnostic route were prognostic factors for breast cancer survival. A history of diabetes and the
presence of a breast lump were prognostic factors for breast cancer recurrence.

Among the diagnostic routes, an incidental diagnosis of breast cancer (i.e., not during formal cancer
screening or surveillance) in the absence of symptoms related to the tumor [23] was associated with a
signi�cantly higher risk of death than diagnoses via breast screening. Although it is di�cult to draw
de�nite conclusions regarding the effect of the diagnostic method on survival time due to a lack of
relevant studies, breast cancer detected by regular health screening is an independent prognostic factor
for breast cancer and associated with a more favorable survival rate [24, 25]. Future research should build
on these �ndings and explore potential reasons for prognostic differences between screening-detected
and incidentally detected breast cancer. Consistent with the present �ndings, previous research has
reported that breast cancer patients who experience recurrence tend to report breast lumps [26]. Although
the clinical signi�cance of a breast lump for the risk of recurrence has already been established, our
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�ndings based on big data and an ML approach provide con�rmatory evidence that a breast lump is a
key prognostic factor.

Notably, a history of diabetes increased the risk of early recurrence of breast cancer in this study. Previous
prognostic analyses have emphasized the need to consider underlying diseases. For example, meta-
analyses have revealed that poor overall and disease-free survival are associated with breast cancer
among patients previously diagnosed with diabetes [27]. Furthermore, cooccurring cardiovascular and
pulmonary diseases are likely to increase the risk of death in breast cancer patients [28]. Although the
effect of diabetes on the early recurrence of breast cancer has been extensively investigated [27], our
study provides additional evidence, based on ML and big data analysis, of the vital role that underlying
health conditions play in breast cancer prognosis.

A strength of this study was the use of data from “scalable” EMRs of hospitals to identify key prognostic
factors for breast cancer. Conventional prognostic predictions of breast cancer use data restricted in
terms of populations or hospitals, or based on randomized controlled trials [6]. In contrast, EMR systems
are comprehensive databases that help physicians to document patient care and contain detailed lists of
patient symptoms. This expands the scope and accuracy of prognostic predictions. Despite these
advantages of EMR systems, there are also some disadvantages, including redundant, missing or
inaccurate data, and internally inconsistent progress notes [29], all of which pose a threat to patient
safety. Thus, EMR systems require meticulous updating and maintenance.

Several limitations of this study should be discussed. First, we analyzed partial big data breast cancer
datasets. Analysis of full datasets remains a challenge, as libraries of all breast cancer cases have not
yet been compiled. Moreover, although hormone therapy, for example with estrogen or progesterone, is a
key prognostic factor for breast cancer, this was not analyzed in the present study. In addition, while
oversampling was done due to the relatively small number of patients available for the study, the
elimination of variables with a large amount of missing data may have substantially affected the results.
Nonetheless, the hybrid LASSO-Cox method used in this study was effective for identifying the most
pertinent prognostic factors and improved the precision of the Cox proportional hazard model by omitting
redundant features [14]. It is also notable that LASSO regression, which has strengths in terms of feature
selection, was applied given that it has not been used extensively in breast cancer prognostic studies.
Finally, our study demonstrated the immense potential of big data and ML techniques for obtaining new
insight into breast cancer; in this manner, we have obtained a deeper understanding of the clinical course
of the disease [30].

Conclusion
This study aimed to identify prognostic factors for breast cancer survival and recurrence through analysis
of a comprehensive dataset (EMR system). By combining traditional statistical methods and ML, we
con�rmed key prognostic factors for breast cancer, such as a history of diabetes, which also showed an
association with the risk of early recurrence. The most important task to achieve accurate prognostic
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predictions using real-time health and medical data is to develop a standardized model that allows
analysis of time-to-event data, to further evaluate prognostic factors and predict prognoses, and assess
clinical validity.

Abbreviations
EMR electronic medical record

AI arti�cial intelligence

ML machine learning

DL deep learning

SMOTE synthetic minority oversampling technique

HR hazard ratios

CIs con�dence intervals

HRT hormone replacement therapy

ALND axillary lymph node dissection

SLNB sentinel lymph node biopsy

SEER stage The Surveillance, Epidemiology and End Results stage
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Figures

Figure 1

Study �ow chart.
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Figure 2

Best prognostic factors based on LASSO
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Figure 3

Recurrence-free survival time by history of diabetes mellitus.


