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Abstract – In the early stages of breast cancer, inefficient treatment methods, as well as the patient's health condition may 
impact the patient's lifetime expectancy. In this study, given a set of explanatory variables that include the patient's 
demographics, health condition, and cancer treatment regimen, our objective is to investigate the performance of four different 
machine learning methods including an artificial neural network, Support Vector Machines and Random Forests. 
To achieve this ultimate goal, we utilize these three methods with a ten-fold cross validation to predict the one year, five years, 
ten years and fifteen years survivability of the breast cancer patients after initial diagnosis. The results of each method are 
compared with respect to accuracy, sensitivity, specificity, and area-under-the-curve (AUC) metrics. 
According to the proposed methodology, we observe that the Random Forest method shows better performance when 
compared to the others in most of the evaluation criteria that have been used in this study. In addition, in all prediction models, 
the stage of the cancer has been determined as the most important predictor of breast cancer survivability. 
The current study can be utilized by the medical practitioners as well as medical researchers for potential prospective studies. 
Needless to say, such outcomes can be considered as a decision support mechanism, not as a primary decision maker. 
 
Index Terms – Artificial Intelligence, Breast Cancer, Data Mining, Machine Learning, Prediction 
 
I. INTRODUCTION AND LITERATURE 
 
Breast cancer is the second most common cause of 
death after lung cancer among women in the US 
(Breast Cancer Statistics). While the number of new 
breast cancer cases reported each year has been stable 
over the last 10 years, American Cancer Society 
estimated that there will be 252,710 new cases and 
40,610 deaths due to breast cancer in 2017 in the U.S 
[1]. Patients facing a cancer diagnosis want to know 
what their future may entail and what prognosis they 
can expect to encounter. This knowledge can help 
patients and their loved ones to plan for treatment 
options, think about any possible lifestyle changes, 
and plan their finances as well as other important 
decisions. It also helps doctors plan out possible 
treatment paths, understand possible outcomes of 
different prognosis, and make more informed 
decisions, in addition to being better able to guide their 
patients. Although the exact causes of breast cancer 
cannot be determined, medical researchers and 
practitioners do know the factors impacting the 
prediction of survival [2]. 
 
Statistical and data mining methodologies are 
increasingly being applied in an effort to capitalize on  
healthcare data being stored by many hospitals and 
organizations and gain useful knowledge that can 
potentially contribute to the entire system , that 
potentially will increase the system efficiency 
according to reference [3]. Also, reference [4] argue 
that data mining methods provide insights into cancer 
diagnosis for clinicians by providing evidence for 
statistical results. For example, reference [5] uses 
neural networks to improve the efficiency of breast 

cancer diagnosis using mammograms. Reference [6] 
generate classification rules using neural networks and 
apply it to breast cancer diagnosis in order to 
demonstrate the accuracy of neural networks for the 
diagnosis. In a later study, reference [7] use artificial 
neural networks, decision trees and logistic regression 
to develop prediction models for breast cancer 
survivability over 5-year period. They also use 10-fold 
cross validation to prevent biased estimations for 
performance comparison purposes. In a similar study, 
reference [8] argue that their results provide better 
than those of reference [7]  predictions for 
survivability of breast cancer patients over 10 -year 
period in terms of decision tree model as a result of 
using more patient data. Reference [9] evaluate a 
hybrid data mining method for cancer prognosis by 
utilizing interference techniques together with fuzzy 
decision tree models. 
 
Although the aforementioned studies focus on 
predicting survival of a cancer patient, these methods 
only focus on one time-period [10]. However, it is also 
important to understand whether an identified 
predictor is important both in short- and long-term 
survival. Furthermore, none of the cancer studies have 
considered sampling approaches to prevent class 
imbalance problems that occur due to significant 
differences in survival classes in most survival 
datasets. The objectives of this study are to develop a 
hybrid data-driven model approach by predicting the 
survivability of breast cancer patients and analyzing 
the varying impacts of variables on predicting breast 
cancer survivability over 1-, 5-, 10- and 15-years 
period. The methodology we have devised is 
explained in the next section. 
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II. METHODOLOGY 
 
In this study, we adopt a hybrid data analytical method 
consisting of 5 consecutive steps. The first stage has 
been divided into 4 steps: a) Data was obtained from 
the SEER program [11], and the data is cleaned in 
order to eliminate duplicate and unnecessary 
variables, resulting in 53,732 records with 20 
variables; 
b) Different datasets are created from the original data 
to evaluate temporal effects on each variable for the 
time intervals of 1, 5, 10, 15 years; 
c) Genetic Algorithms (GA) and the statistical method 
Least Absolute Shrinkage & Selection Operator 
(LASSO) are employed for feature selection; and 
d) Balancing methods for imbalanced datasets, namely 
RUS (random under-sampling) and SMOTE 

(synthetic minority oversampling technique), are 
applied to prepare our datasets for training our model. 
In Stage 2, the data is fed to the data mining algorithms 
with a 10-fold cross validation technique to train the 
data mining models. The models we have used are 1) 
Random Forest, an ensemble learning method based 
on decision trees; 2) Artificial neural networks (ANN), 
a learning classification results from these prediction 
models and sensitivity analysis is used on the models 
to learn about the importance of the variables for each 
model. 
In Stage 4, an information fusion technique is used to 
combine important variable sets obtained from the 
individual models in the previous stage. In the last 
stage, the combined important variable sets are 
compared to each other according to the year they 
belong to. 

 
III. RESULTS AND DISCUSSION 
 
A. Variable Selection Results 
In previous studies using the same dataset, researchers manually selected variables and reduced them to 15. Our 
goal was to use a data driven methodology instead of human intuition and domain knowledge. Using the 
aforementioned methods for variable selections, we select 7 to 9 variables, achieving performance at par with the 
variables selected using domain knowledge. A brief descriptions of these variables is provided in Table I. Our 
study also includes models that separate the output variable on four time based intervals, and therefore we have 
four sets of variables selected by each of the variable selection algorithms, as shown in Table II. 
 

Variable Description 

Breast.AdjustedAJCC.6th.Stage EOD 3rd Edition and Collaborative Stage disease information. 

Regional.Nodes.Positive The exact number of regional lymph nodes examined by the pathologist that were found to contain 
metastases. 

Grade A measurement of how closely the tumor cells resemble the parent tissue, organ of origin. 

SEER.historic.stage.A Simplified version of stage: in situ, localized, regional, distant, & unknown. 

Age.Recode..1.Year.olds The age at Diagnosis (single-year ages). 

EOD.Extension The farthest documented extension of tumor away from the primary site. 

Primary.Site The site in which the primary tumor originated. 

PR.Status.RecodeBreast.Cancer Includes prognostic indicators for breast cases (Tumor marker 2), information needed to stage the 
case, clinically relevant information, or prognostic information 

ER.StatusRecodeBreast.Cancer Includes prognostic indicators for breast cases (Tumor marker 1), information needed to stage the 
case, clinically relevant information, or prognostic information 

Tumor.Marker.2 Prognostic indicators for breast cases (PRA 1990-2003) and testis cases. 

RX.Summ.Surgery.Type A surgical procedure that removes and/or destroys tissue of the primary site performed as part of 
the initial work-up or first course of therapy. 

Table I.  Description of variables 
 

Variables 
1 Year 5 Year 10 Year 15 Year 

GA Lasso GA Lasso GA Lasso GA Lasso 

Breast.AdjustedAJCC.6th.Stage  ✓ ✓ ✓ ✓ ✓ ✓ ✓ 
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Regional.Nodes.Positive ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

Grade ✓  ✓ ✓ ✓ ✓ ✓ ✓ 

SEER.historic.stage.A ✓ ✓  ✓  ✓  ✓ 

Age.Recode..1.Year.olds ✓  ✓ ✓ ✓ ✓ ✓ ✓ 

EOD.Extension ✓ ✓ ✓ ✓ ✓ ✓  ✓ 

EOD.Lymph.Node.Involv ✓  ✓ ✓ ✓ ✓  ✓ 

Primary.Site ✓        

PR.Status.RecodeBreast.Cancer ✓   ✓ ✓ ✓ ✓ ✓ 

ER.StatusRecodeBreast.Cancer ✓   ✓ ✓ ✓   

Tumor.Marker.2     ✓    

RX.Summ.Surgery.Type    ✓ ✓ ✓ ✓ ✓ 

Table II.  Variables selected for each time interval 
 
[1] Survival 

interval [2] Model [3] AUC [4] Accuracy [5] Sensitivity [6] Specificity 

[7] 1-Year 

[8] RF w/ SMOTE 
[9] RF w/ RUS 

[10] 0.862(0.022) 
[11] 0.850(0.028) 

[12] 0.847(0.005) 
[13] 0.793(0.006) 

[14] 0.744(0.057) 
[15] 0.790(0.054) 

[16] 0.849(0.005) 
[17] 0.793(0.006) 

[18] ANN w/SMOTE 
[19] ANN w/RUS 

[20] 0.870(0.022) 
[21] 0.864(0.022) 

[22] 0.807(0.006) 
[23] 0.800(0.004) 

[24] 0.786(0.045) 
[25] 0.780(0.057) 

[26] 0.807(0.007) 
[27] 0.801(0.005) 

[28] SVM w/ SMOTE 
[29] SVM w/ RUS 

[30] 0.853(0.023) 
[31] 0.842(0.028) 

[32] 0.827(0.009) 
[33] 0.781(0.012) 

[34] 0.777(0.044) 
[35] 0.810(0.052) 

[36] 0.828(0.009) 
[37] 0.781(0.013) 

[38] 5-Years 

[39] RF w/ SMOTE 
[40] RF w/ RUS 

[41] 0.815(0.006) 
[42] 0.811(0.005) 

[43] 0.789(0.007) 
[44] 0.748(0.006) 

[45] 0.684(0.020) 
[46] 0.744(0.015) 

[47] 0.805(0.010) 
[48] 0.749(0.009) 

[49] ANN w/ SMOTE 
[50] ANN w/ RUS 

[51] 0.829(0.005) 
[52] 0.825(0.005) 

[53] 0.755(0.005) 
[54] 0.739(0.006) 

[55] 0.738(0.011) 
[56] 0.749(0.012) 

[57] 0.757(0.006) 
[58] 0.738(0.008) 

[59] SVM w/ SMOTE 
[60] SVM w/ RUS 

[61] 0.815(0.007) 
[62] 0.808(0.006) 

[63] 0.747(0.006) 
[64] 0.734(0.005) 

[65] 0.767(0.015) 
[66] 0.768(0.014) 

[67] 0.744(0.009) 
[68] 0.729(0.007) 

[69] 10-Years 

[70] RF w/ SMOTE 
[71] RF w/ RUS 

[72] 0.783(0.008) 
[73] 0.785(0.007) 

[74] 0.767(0.009) 
[75] 0.734(0.008) 

[76] 0.650(0.016) 
[77] 0.704(0.013) 

[78] 0.796(0.013) 
[79] 0.742(0.010) 

[80] ANN w/ SMOTE 
[81] ANN w/ RUS 

[82] 0.794(0.006) 
[83] 0.789(0.007) 

[84] 0.736(0.008) 
[85] 0.732(0.007) 

[86] 0.699(0.015) 
[87] 0.692(0.012) 

[88] 0.746(0.009) 
[89] 0.743(0.009) 

[90] SVM w/ SMOTE 
[91] SVM w/ RUS 

[92] 0.781(0.010) 
[93] 0.776(0.007) 

[94] 0.721(0.007) 
[95] 0.712(0.006) 

[96] 0.733(0.015) 
[97] 0.734(0.013) 

[98] 0.718(0.007) 
[99] 0.706(0.008) 

15-Years 

RF w/ SMOTE 
RF w/ RUS 

0.735(0.008) 
0.738(0.008) 

0.702(0.007) 
0.701(0.007) 

0.647(0.015) 
0.656(0.013) 

0.734(0.010) 
0.727(0.010) 

ANN w/ SMOTE 
ANN w/ RUS 

0.740(0.006) 
0.741(0.006) 

0.689(0.006) 
0.693(0.005) 

0.650(0.010) 
0.625(0.009) 

0.711(0.008) 
0.733(0.006) 

SVM w/ SMOTE 
SVM w/ RUS 

0.745(0.008) 
0.744(0.007) 

0.704(0.006) 
0.702(0.006) 

0.644(0.011) 
0.641(0.017) 

0.738(0.008) 
0.737(0.013) 

Table III.  Classification results using SMOTE and RUS with different models 
B. Classification Results 
In our study, we evaluated our models using commonly used performance measures namely accuracy, sensitivity, 
specificity and AUC. We had 24 models (3 learning algorithms x2 sampling algorithms x 4 time intervals). The 
classification results of all models are shown in Table III. 
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C. Sensitivity Analysis Results 
Sensitivity analysis is a method to understand the cause and effect relationship between the predictors and the 
output variable in the prediction models. The results of the sensitivity analysis for each of the 24 models are shown 
in Fig. 1 through 3. 
 

 
Fig. 1 - Sensitivity analysis for ANN 

 
Fig. 2 - Sensitivity analysis for SVM 

 
Fig. 3 - Sensitivity analysis for RF 

 
For the 1-year time interval, the first seven variables have been found as important using all three classification 
algorithms; however, the importance score for each variable assigned by algorithms varies. For instance, RF and 
SVM found “Breast.AdjustedAJCC.6th.Stage” the most important variable where ANN assigned only 0.769 as 
importance score and found “SEER.historic.stage.A” the most important variable. Additionally, in the 15-year 
time interval, ANN and SVM assigned relatively very high importance values to the “SEER.historic.stage.A” 
variable while RF did not find it important enough for prediction. A similar situation can be observed in the 5-year 
and 10-year time intervals for “Age.Recode.1. Year.olds” and “Grade” variables respectively as well among many 
others. To get a unified result of the importance of the variables, as presented by all the models, we used 
information fusion. The results of information fusion are shown in Fig. 4. 

 
Fig.  4 - Information fusion for variable importance 
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After information fusion, we see the importance scores 
of variables more clearly and comparably. As seen in 
Fig. 4, in every time interval, 
“Breast.AdjustedAJCC.6th.Stage” and 
“Regional.Nodes.Positive” variables were found the 
first and second most important variables respectively 
with slightly different scores. SEER.historic.stage.A, 
which describes the cancer stage at diagnosis, seems to 
be important for the first interval of 1 year only. The 
reason for this maybe that patients who were only 
diagnosed at advanced stages may have not survived 
for a long interval, and hence the patients that survived 
into the longer time intervals did not require this 
feature for their prognosis. The 
“Regional.Nodes.Positive” variable, which describes 
the number of regional lymph nodes that were found to 
contain metastases, was determined to have a 
significant impact on the survival time of the patient. 
Furthermore, the “Grade” variable was found to be the 
third most important variable in the 1, 5, and 10-year 
time intervals while it is the least important variable in 
the 15-year time interval. 
 
CONCLUSION 
 
In this paper, we have proposed a novel approach to 
develop models to accurately predict outcomes and 
survival time of a cancer. We have also formulated a 
methodology to understand how the importance of 
various factors changes at various stages of the 
progression of cancer. These tools can be very helpful 
to medical practitioners and decision makers. They 
can be used to augment decision making processes 
with data driven predictions, to determine better 
prognosis and treatment courses after undergoing 
careful consideration and scrutiny by healthcare 
professionals and domain experts. In this study, we 
have developed a methodology that is a good 
candidate for such a decision support system. The 
model identifies interesting variables, their behavior 
over different time intervals, as well as predictions of 
survival over those time intervals. The performance of 
the models in prediction outcomes at various time 
intervals is good enough to warrant consideration by 
medical practitioners to be used as decision support 
tools. We have been able to achieve the same 

prediction performance with 7 and 9 variables 
identified through machine learning methods, as 
studies that used 15 manually selected variables. 
Moreover, we’ve extracted the importance of these 
variables and their changes over time intervals 
revealing the underlying dynamics between factors. 
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