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Abstract— Breast cancer is one of the world's leading causes of 
cancer death of women. Generally, human breast tissue cells 
emerge this cancer. This causes loss of breast as well as precious 
lives. Usually in people over 50 years have the risk of this types of 
cancer. So, early detection for this disease is very crucial to save 
the valuable lives. This paper develops a 10 fold cross validated 
mathematical model to detect breast cancer using symbolic 
regression of multigene genetic programming (MGGP). Data for 
MGGP is retrieved from UCI machine learning repository data 
set and is used for training and testing the 10 fold cross validated 
mathematical model. The developed model produces fast and 
accurate results for both training and testing data set. The error 
rate is very negligible for both benign and malignant type of 
breast cancer. The cross validated model shows the higher 
accuracy with respect to existing techniques. 

Keywords- Breast cancer; multigene genetic programming; 
cross validation; confusion matrix; symbolic regression; 
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I.  INTRODUCTION 

The rate of death by breast cancer is growing day by day. 
People are being affected by this disease is increasing rapidly. 
Women are mostly affected by this cancer, but men can also 
be affected. According to the American Cancer Society [1], 
the possibility of being affected by breast cancer in women 
during her life is a little less 1 in 8, and the possibility of dying 
from this disease is about 1 in 35. By detecting at an earlier 
stage it is easy to decline the unwanted death. 

 
It is badly necessary to develop such a mathematical model 

which can be used at low computing devices like smartphones. 
When a mathematical model is developed then there is no 
need to handle or process all the data to diagnosis the disease. 

 
There are several testing and diagnosing procedures 

available to detect this disease. One of them is biopsy testing. 
In this way the biopsy is taken from the breast of the patient. 
The accuracy of this testing is very high but it is painful for 
the patient so that many of them are not interested to test their 
disease in this way that causes the loss of breast or can even be 
catastrophic [2]. Using the conventional imaging (CI), or the 
more complex imaging the breast cancer detection and 
recurrence diagnosis is achieved. There also used much more  

expensive nuclear imaging, such as MRI (magnetic resonance 
imaging), PET (positron emission tomography), etc. If we 
point out that the average accuracy of using the modern, but 
very expensive process at the same time, medical imaging 
methods for detecting breast cancer recurrent events is about 
80% according to [3], [4]. Very recent famous Hollywood 
actress Angelina Jolie endured a precautionary double 
mastectomy. As she carried a defective BRCA1, she had an 
87% risk of evolving breast cancer [5]. 

 
This paper introduces a mathematical model that classify 

the input data if it is benign type of breast cancer or malignant 
type of breast cancer. We have used multigene genetic 
programming symbolic regression to detect the breast cancer.  
The dataset for breast cancer is available at Wisconsin 
Diagnostic Breast Cancer WDBC, UCI machine learning 
repository web site [6]. The data are preprocessed and then it 
is used as input data to the multigene genetic programming 
based system. 

 
The section II of this paper covered the related works that 

summarize the research on the field of breast cancer, overview 
of genetic programming and multigene genetic programming at 
section III, methodology is used for detecting breast cancer is 
discussed at section IV, implementation and results analysis 
including inputs and output discussed at section V and the 
conclusion has been discussed at section VI. 

II. RELATED WORKS 

There had been taken place several researches in this field. 
Many researchers are introduced several kinds of methods & 
techniques from several point of view of this disease, so that 
their results are varied from each other. 

 
In [5], the authors compared two model for detecting breast 

cancer. One model is Support Vector Machine (SVM) and 
another one is MLP Backpropagation NN (MLP BPN). In [7] 
Genetic Programming (GP) was applied to extract features 
using the Fischer criterion. In another approach, discussed in 
[8] preprocessed data from the Wisconsin Diagnostic Breast 
Cancer (WDBC) is directly fed as terminal values to a genetic 
programming algorithm. The required output is compared with 
the output of the algorithm. The algorithm computed the  
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Figure 1. Flow chart of the GP algorithm [15] 
 

 
fitness of the output also. The algorithm implements the 
genetic programming strategy and it converges to the solution. 

 
By using decision trees the authors [9] showed an 

implementation for predicting the disease. They approach a 
prediction for those people who are addicted by tobacco and 
alcohol. In [10] the authors presented four models 
implemented to diagnose and predict breast cancer. The 
models are BPN Algorithm, Radial Basis Function Networks 
(RBFN), Linear Vector Quantization (LVQ) and Competitive 
Learning Network (CLN). They showed that the LVQ model 
performs better than the other models. 

 
A. KELES and A. KELES [11] had performed a study to 

diagnose the breast cancer using fuzzy rules. They used the 
NEFCLASS as the Neuro Fuzzy Classification tool and found 
positive prediction 75% and negative prediction 93%. In [12] 
the authors implemented a method which evaluate the synaptic 
weight, transfer function and the architecture are obtained 
minimum classification error (CER) as well as minimum mean 
square error (MSE). They used Artificial Bee Colony (ABC) 
algorithm to optimize the Artificial Neural Network (ANN). In 
[13] the authors tested the breast cancer as well as number of 
nonlinear problems by implementing the Particle Swarm 
Optimization (PSO) algorithm. Using FNA dataset the authors 
used modified form of Fogel’s Evolutionary programming and 
found an average success of 97.26% [14]. 

 
The main drawback of the discussed methods, it is 

mandatory to use heavy computational devices to classify the 
disease. Moreover, there is no ultimate model which can be 
separated from the raw data. In this scenario where we need a 
generalized model which can be used in everywhere without 
considering the computational cost of the applied devices, the 
proposed mathematical model is suitable to use. 

III. MULTIGENE SYMBOLIC REGRESSION USING GP 

   Genetic Programming (GP) [16] works on the principles of 
Darwin’s natural selection that select the best and discard the 
rest. It works with population of individuals. Each and every 
individuals are potential to reach the goal. The initial 
population is generated by the randomly taking of leaf nodes 
(variables) and the functions. The variables and functions are 
varied with respect to the problem. New Generation is 
produced by replacing the old population by crossover and 
mutation technique. The crossover combines two individuals 
into one individual. The mutation technique changes the 
function node of selected individual and produces a new 
individual. The generation are remodeled by the old 
generation. The flow chart of standard genetic programming is 
illustrated in Fig. 1. 
 
   Generally the multigene genetic programming is used for 
symbolic regression. The multigene genetic programming 
works with multiple genes which are produces each 
expression to evaluate the regression process. For evolving 
mathematical equation which takes n × m matrix of inputs X 
and predicts n × 1 vector of output Y where N is means 
number of observation of response variable and M means the 
number of input for predicted variables [16]. The main 
difference between the multigene symbolic regression and the 
genetic programming is the weight of the linear combination 
of the outputs. In symbolic regression using MGGP, there has 
weight for the linear combination of the outputs. 
 
   An example of multigene model is shown in Fig. 2. The 
presented model can be introduced mathematically as given in 
(1). 

( )( ) ( )a + a 0.41x1+ tanh x2x3 + a2 0.45x1 1 3+ x2  (1)

 
Figure 1. Multigene Symbolic Regression Model of (1). 

 
MGGP produces the mathematical model automatically by 
using the GPTIPS toolbox [17]. According to GPTIPS there is 
a bias term b0 and input variables b1, b2, … bG are used to scale 
the each output tree or gene. The structure of multigene 
symbolic regression is illustrated in Fig. 3. 

 

Figure 3. Symbolic regression for y output vector and b0 bias term and b1, b2, 
…, bG input variables [17]. 
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For symbolic regression bias term and weight for each 
variable may be required to fit the result. The bias term is a 
numeric value which is added or subtracted from the 
summation of the resultant expression. 

IV. METHODOLOGY 

A. Data Preprocessing 

Data preprocessing is the step where data modification takes 
place if necessary. There may have missing attributes in the 
data set. The missing values may be replaced by the mean, 
median etc. value for that attribute. Finally the data set are 
randomized to ensure the proper distribution of the data. 

B. Model Discovery 

   The preprocessed data are applied to the MGGP and 
calculated the results. MGGP discovers the mathematical 
model by training the data set. Training phase learns the data 
set from attributes and testing set predicts the result for the 
data set as well as estimates predictive accuracy. 

C. Cross Validation 

The 10 fold cross validation [18] is used to validate the 
mathematical model. In 10 fold cross validation, 9 folds are 
used for training and the remaining one for testing. This 
process continues 10 times by cyclic order. 

Experiment 1: 
Test     Train     

Experiment 2: 
 Test    Train     

. 

. 

. 

Experiment 10: 
    Train     Test 

D. Model Selection 

For each fold of the 10 fold cross validation Root Mean 
Square Error (RMSE) is calculated. The average error would 
be calculated by the formula [18]: 

1
.

1

n
Avg RMSEiRMSE in

= 
=

 
 

(2) 

The model should be selected based on the fold whose RMSE 
is near or equal to Avg.RMSE.  

E. Evaluation of Mathematical Model Using Confusion 
Matrix 

To show the performance of the mathematical model we have 
used the confusion matrix [19]. The confusion matrix which is 
formed by TP, TN, FP and FN for actual and predicted class. 
The meanings of the terms are as follows, 
 

   

   

   

   

TP True Positive

TN True Negative

FP False Positive

FN False Negative

=
=
=

=

 

TABLE I.  INPUTS AND OUTPUT PARAMETERS 

Type Attribute Variable Domain 
Inputs Clump Thickness x1 1-10 

 Uniformity of Cell Size x2 1-10 

 Uniformity of Cell Shape x3 1-10 

 Marginal Adhesion x4 1-10 

 Single Epithelial Cell Size x5 1-10 
 Bare Nuclei x6 1-10 

 Bland Chromatin x7 1-10 

 Normal Nucleoli x8 1-10 

 Mitoses x9 1-10 

Output Predicted class y Benign, 
Malignant 

 
The values of the confusion matrix is used to calculate the 
accuracy, precision, specificity, sensitivity, recall, Fscore of 
the mathematical model by using following formulas: 

( )
TP + TN

Accuracy    
TP + FP + TN + FN

=   

 
(3) 

( )   
  

TP
Precision

TP FP
=

+
 

 
(4) 

( )
   

  

TN
Specificity

FP TN
=

+
 

 
(5) 

( )  
  

TP
Sensitivity

TP FN
=

+
 

 
(6) 

( )
2

  
2     

TP
Fscore

TP FP FN

×
=

× + +
 

 
(7) 

V. IMPLEMENTATION AND RESULTS ANALYSIS 

 
A. Inputs and Fitness for MGGP 

The UCI data consists of nine input variables and one 
output (2, 4) which are illustrated in Table I. The numeric value 
2 represents that it is of benign type and 4 represents that it is 
of malignant type breast cancer. There are 16 missing instances 
in the WDBC data set. The database contains the ‘sample code 
number’ which is not required for classification process that’s 
why it is discarded. 

TABLE II.  MGGP TUNING PARAMETERS 

Parameters Input 
Population size 2000 
Number of generation 1000 
Selection mechanism Tournament 
Tournament Size 10 

Crossover Type Two-point 
Number of Genes 7 
Max. tree depth 4 
Probability of Crossover 0.85 

Probability of Mutation 0.1 
Threshold value 0.003 
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We have chosen following function set for the MGGP: 

 { } ,  ,  ,  /,  sin,  cos,  tanh,  log,  sqrt, expF = + − ×  

   The parameters for MGGP are listed in Table II. We have 
used the fitness function which is described here as RMSE. 
The minimum value of RMSE represents the better accuracy of 
the solution. The equation for the RMSE is described below: 

2
(y )

n

ii
R M S E

n

y i
 −

=

 

(8)

 
B. Experimental Results 

We have run the program 10 times for the 10 fold cross 
validation and found ten model as well as RMSE. By 
calculating the Avg.RMSE according to (2) the final model is 
selected whose RMSE value is near or equal to the Avg.RMSE. 
The results found for that final model is discussed below. 

 
The fitness value is very much close to zero for the higher 

number of generation during the training session which 
indicates the better trained model. The pictorial view of fitness 
versus generation is illustrated in Fig. 3. The figure shows that 
it goes to downward and becomes close enough to the zero 
level of fitness for the higher generation of MGGP evaluation 
process. We found the best fitness value 0.1303 for 1000 
generation. 
 

The selected cross validated mathematical model contains 
the bias term is 5.235 which is added to the expression. The 
values of bias and weights are depicted in Fig. 4. 
 

The RMS error calculated for training as well as testing 
data set. The RMS error rate is shown in Fig. 5. The figure 
implies that the MGGP model is well trained. The figure 
shows that the predicted result for testing set is more accurate 
when the training is much higher. The prediction for benign 
and malignant type of breast cancer is highly positive and 
error rate for testing data set is very low. The comparative 
analysis of error rate of actual result and predicted result for 
both training data set and testing data set is depicted in Fig. 6. 
The positive prediction rate for each data sample is highly 
close enough to the actual result during training period. 
Similarly in testing, the positive prediction is also close 
enough to the actual result. There are some points which are 
overlapped with each other of actual results and predicted 
results. The error rate for both actual results and predicted 
results is negligible. 

 
Figure 3. Evolutionary history of training data set 

 

 
Figure 4. Bias and weight of each gene. 

 

 
Figure 5. Error rate for benign and malignant type of breast cancer. 
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Figure 6. Representation of predicted result and actual result 

 

  The overall expression of the selected mathematical model is 
illustrated in Table III. The constructed expression combines 
the result found for each gene as well as the bias term. 
 

Table IV. shows the findings of accuracy, precision, 
specificity, sensitivity, F-score of the selected mathematical 
model 
 

C. Comparison of the Model with Other Methods 

The accuracy and RMSE of the selected mathematical model 
is given in Table V. It also compares the accuracy and RMSE 
with the SVM method and MLP BPN method [5]. The table 
shows that RMSE rate for SVM method is 0.1774 and MLP 
BPN methods is 0.2032 which is much higher than 0.1303 
which is found from the selected mathematical model. Besides 
the accuracy of SVM method and MLP BPN methods

TABLE III.  DEVELOPED MATHEMATICAL MODEL 

 
y = 

 
 

TABLE IV.  FINDINGS OF THE CONFUSION MATRIX 

Parameters Values 
Benign Malignant 

Accuracy 0.9928 0.9928 
Precision 0.9935 0.9917 
Specificity  0.9876 0.9956 
Sensitivity 0.9956 0.9876 

F-score 0.9945 0.9896 

TABLE V.  COMPARISON OF METHODS ON DATA SET 

Methods RMSE Accuracy 
SVM [5]* 0.1774 96.85% 
MLP BPN [5]* 0.2032 94.99% 
Developed model using MGGP 0.1303 99.28% 
*Calculated by using hold out method 
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are 96.85% and 94.99% respectively whereas the selected 
mathematical model shows the accuracy of 99.28%. The 
statistics shows that the selected mathematical model is more 
accurate than any other methods exist. Moreover, the existing 
methods have used the hold out method to formulate the 
model and to calculate the results. The hold out method is not 
sufficient and erroneous also because the data are reserved for 
training and testing. But in 10 fold cross validation there the 
data frequently used for training and testing in a cyclic fashion 
and produces a more reliable model than the hold out method. 
 

VI. CONCLUSION 

Breast cancer detection is very important in the field of 
medical science as well as Bioinformatics. In this paper we 
have developed a 10 fold cross validated mathematical model 
by using symbolic regression of multigene genetic 
programming to detect breast cancer. Detecting breast cancer 
by using symbolic regression is easy and low cost as well. The 
developed cross validated model successfully detect and 
classify the types of breast cancer. The benign and malignant 
are efficiently detected by the developed cross validated 
mathematical model. The error rate of the mathematical model 
is very negligible which means the prediction is close enough 
to accurate result. The biomedical process like as image 
processing, the electrical process like sensing from patient are 
erroneous because the accuracy of these process is not stable 
all the time because of the limited lifetime of instrument. In 
this way, the developed model by multigene symbolic 
regression is reliable than any other process has been 
mentioned. 
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