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Highlights

• Novel fitness functions F2 score and D score is proposed.

• Proposed fitness functions tackle the problem of unbalanced breast cancer data classification.

• F2 score gives more weight age to minority classes.
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Abstract

Breast Cancer is a common disease and to prevent it, the disease must be identified at earlier stages. Available breast cancer
datasets are unbalanced in nature, i.e. there are more instances of benign (non-cancerous) cases then malignant (cancerous) ones.
Therefore, it is a challenging task for most machine learning (ML) models to classify between benign and malignant cases properly,
even though they have high accuracy. Accuracy is not a good metric to assess the results of ML models on breast cancer dataset
because of biased results. To address this issue, we use Genetic Programming (GP) and propose two fitness functions. First one
is F2 score which focuses on learning more about the minority class, which contains more relevant information, the second one is
a novel fitness function known as Distance score (D score) which learns about both the classes by giving them equal importance
and being unbiased. The GP framework in which we implemented D score is named as D-score GP (DGP) and the framework
implemented with F2 score is named as F2GP. The proposed F2GP achieved a maximum accuracy of 99.63%, 99.51% and 100%
for 60-40, 70-30 partition schemes and 10 fold cross validation scheme respectively and DGP achieves a maximum accuracy of
99.63%, 98.5% and 100% in 60-40, 70-30 partition schemes and 10 fold cross validation scheme respectively. The proposed
models also achieves a recall of 100% for all the test cases. This shows that using a new fitness function for unbalanced data
classification improves the performance of a classifier.

Keywords: Breast Cancer, Unbalanced data, Genetic Programming, Fitness Function.

1. Introduction

Our body is composed of many millions of tiny cells, each a self-contained living unit. Normally, each cell
coordinates with the others that compose tissues and organs of our body. One way that this coordination occurs is
reflected in how our cells reproduce themselves. Normal cells in the body grow and divide for a period of time and
then stop growing and dividing. Thereafter, they only reproduce themselves as necessary to replace defective or dying
cells. Cancer occurs when this cellular reproduction process goes out of control and some of the body’s cells begin
to divide without stopping and spread into surrounding tissues. In other words, cancer is a disease characterized by
uncontrolled, uncoordinated and undesirable cell division [Gatenby and Brown, 2017]. Unlike normal cells, cancer
cells continue to grow and divide for their whole lives, replicating into more and more harmful cells. Cancers form
solid tumors, which are masses of tissue. As cancer cells divide and replicate themselves, they often form into a
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clump, known as a tumor [Aravanis, Lee, and Klausner, 2017]. Tumors cause many of the symptoms of cancer by
pressuring, crushing and destroying surrounding non-cancerous cells and tissues.

Tumors come in two forms; benign and malignant [Pena-Reyes and Sipper, 1999]. Benign tumors are not can-
cerous, thus they do not grow and spread to the extent of cancerous tumors. Benign tumors are usually not life-
threatening. Malignant tumors, on the other hand, grow and spread to other areas of the body [Muto, Bussey, and
Morson, 1975]. The process whereby cancer cells travel from the initial tumor site to other parts of the body is known
as metastasis [Müller, Homey, Soto, Ge, Catron, Buchanan, McClanahan, Murphy, Yuan, Wagner, et al., 2001].

Breast cancer is a malignant cell growth in the breast [Muto, Bussey, and Morson, 1975]. If left untreated, cancer
spreads to other areas of the body. Excluding skin cancer, breast cancer is the most common type of cancer in women,
accounting for one of every three cancer diagnoses. The incidence of breast cancer rises after age 40 [Moss, Cuckle,
Evans, Johns, Waller, Bobrow, et al., 2006]. The highest incidence (approximately 80% of invasive cases) occurs in
women over age 50. This disease like other cancer diseases is still under research and so far, no globally available
preventive measures have been proposed. The best way to prevent breast cancer is the identification of the disease at
early stages and taking preventive measures before it spreads to other tissues.

The early and accurate identification of this disease is done based on the study of previous diagnosis data, gathering
useful information from the past data. This process can be aided by concepts and techniques from computer science
field. ML techniques enable the system to learn from previous data and based on the learning, the system can predict
and give results on new unseen data. The available datasets of breast cancer are unbalanced because there are more
instances of benign values, thereby signifying that it is important to develop a framework which deals with these
scenarios. Datasets can be termed as unbalanced if one of its classes is represented by only a small number of training
instances (called the minority class) while the other classes make up the majority [Beyan and Fisher, 2015]. Due to
the influence of the larger majority class on traditional training criteria in the fitness function, the classifier results
tend to have good accuracy on the majority class but has insufficient accuracy on the minority class(es) [Japkowicz
and Stephen, 2002].

In recent years, the presence of unbalanced datasets have been encountered in different areas of wide range of
issues, such as face recognition [Leng, Yu, and Jingyan, 2017],the analysis of satellite imagery detection of oil
spills [Mera, Bolon-Canedo, Cotos, and Alonso-Betanzos, 2017], panel data [Ye, Xu, and Wu, 2018], medical di-
agnostic decision making [Bhardwaj, Sakalle, Bhardwaj, and Tiwari, 2018, Bhardwaj, Tiwari, RameshKrishna, and
Vishaal Varma, 2015]. Thus the classification of datasets has substantially received more attention. The use of ML in
medical science is increasing gradually and significantly [Kononenko, 2001, Polat, Güneş, and Arslan, 2008]. Most
frameworks use accuracy as a metric to evaluate the results [Polat and Güneş, 2007a], but in the case of unbalanced
dataset classification, accuracy gives biased results [Patterson and Zhang, 2007]. Therefore, in this paper, we intro-
duce two new fitness functions, F2 score and Distance score (D score), to evaluate the GP framework for addressing
the problem of unbalanced breast cancer data classification. F2 score improves the performance of the classifier by
focusing more on leaning about the minority class. Learning about minority class is important in medical data, as the
minority data contains more relevant information. D score handles unbalanced data by learning about both the classes
by giving them equal importance i.e., by being unbiased with the classes. To show the usefulness of our proposed
DGP and F2GP frameworks, we have trained a GP framework using accuracy as the fitness function and compared
the results. To show the superiority of our methods, we have also compared our proposed DGP and F2GP frame-
works with Back Propagation Neural Network (BPNN), Koza & Rice model, Average Class Accuracy in fitness (Ave)
and Genetically Optimized Neural Network (GONN) on 60-40, 70-30 partition schemes and also on 10-fold cross
validation scheme. To show the superiority of our methods, we have also compared our proposed DGP and F2GP
frameworks with Back Propagation Neural Network (BPNN) [Hagan, Demuth, Beale, and De Jesús, 1996], Koza &
Rice model [Koza and Rice, 1991], Average Class Accuracy in fitness (Ave) [Bhowan, Johnston, and Zhang, 2012]
and Genetically Optimized Neural Network (GONN) on 60-40, 70-30 partition schemes and also on 10-fold cross
validation scheme.

2. Related Works

Several works have been done in medical data diagnosis and identifying the healthy and unhealthy cases [Bhard-
waj, Tiwari, Krishna, and Varma, 2016, Bhardwaj, Tiwari, Varma, and Krishna, 2014]. Breast cancer specific works
have been done as well to classify the malignant and benign cases properly. As medical datasets are usually unbalanced
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[Jafari-Marandi, Davarzani, Gharibdousti, and Smith, 2018], therefore works have also been done in unbalanced data
classification. Few of the related works on breast cancer diagnosis and unbalanced data classification are as follows:

Nilashi, Ibrahim, Ahmadi, and Shahmoradi [2017] proposed a new knowledge-based system for classification of
breast cancer disease in which Expectation Maximization (EM) is applied as a clustering method. Further Classifica-
tion and Regression Trees (CART) are utilized to generate the fuzzy rules used for the classification of breast cancer
disease. To overcome the multicollinearity issue, Principal Component Analysis (PCA) has been incorporated in the
proposed knowledge-based system. The method they proposed used non-incremental data mining techniques. The
method achieved an accuracy of 93.2% and 94.1% on Wisconsin Breast Cancer Database (WBCD) and Mammo-
graphic mass dataset respectively.

Jafari-Marandi, Davarzani, Gharibdousti, and Smith [2018] proposed a decision-oriented Artificial Neural Net-
work (ANN) classification method called Life-Sensitive Self-Organizing Error-Driven (LS-SOED) which enhances
ANNs performance in decision-making. LS-SOED combines the supervised and unsupervised learning power of
ANN in such a way that least misclassification cost is achieved. The datasets used for this work were Wisconsin
Breast Cancer Database (WBCD) and Wisconsin Diagnosis Breast Cancer (WDBC). This paper shifted the focus of
improvement from higher accuracy towards better decision-making. The results of LS-SOED on two datasets and the
comparison with three other state of the art techniques revealed the diagnosis decisions that are made with LS-SOED
can collectively save more than 38 (30 + 8) years of human life for 340 patients (253 + 57).

Marcano-Cedeño, Quintanilla-Domı́nguez, and Andina [2011] proposed an improvement in neural network train-
ing for pattern classification which was inspired by the biological meta-plasticity property of neurons and Shannons
information theory. The Artificial Metaplasticity Multilayer Perceptron (AMMLP) algorithm achieved a more efficient
training while maintaining MLP performance. The WBCD was used to test the proposed algorithm. AMMLP per-
formance was tested using classification accuracy, sensitivity and specificity analysis, and sion matrix. The AMMLP
algorithm resulted 97.89% in specificity, 100% in sensitivity and with the total classification accuracy of 99.26%.

Bhardwaj and Tiwari [2015] proposed genetically optimized neural networks in which they introduced new
crossover and mutation operations which reduced the destructive nature of these operations. They genetically evolved
a neural network to optimize its architecture and achieved a classification accuracy of 98.24% and 99.6% and 100%
for 50-50, 60-40 and 70-30 train-test split.

Lee, Jun, and Lee [2017] proposed a method to deal with unbalanced data, they proposed a new weight adjustment
factor that was applied to weighted SVM which acted as a weak learner of the AdaBoost algorithm. The methodology
was tested on various datsets such as Seismic-bumps, Cardiotocography, SPECTF heart, Indian liver patient, German
credit, Vertebral column, and Spambase. F-measure and AUC metrics were used to evaluate the results. Their method
was tested on 10 real unbalanced datasets and had shown good results.

Li, Song, Qin, and Hao [2018] proposed deep variance network in which a hierarchical bayesian model is em-
bedded in a CNN framework to improve the performance on unbalanced data. DVN-furnished VGG achieves nearly
state-of-the-art performance (95.7% accuracy), where each class has a more balanced accuracy than original VGG
network and other networks can also gain performance improvement ranging from 2.3% to 6.9%. On MNIST bench-
mark, the DVN-furnished Caffenet network achieves state-of-the-art performance (only with 0.25% error rate), whose
error rate has been reduced by 52.83%.

Bhowan, Johnston, and Zhang [2012] proposed four new fitness functions in GP framework to improve classifiers
performance on unbalanced data. The datasets used were Ionosphere (Ion), SPECT Heart, Yeast (Yst 1 and Yst 2),
Pedestrian Images and Balance Scale. The proposed fitness functions were implemented on six real world unbalanced
datasets and were compared with traditional fitness functions. They were also compared with AUC based fitness
function. The proposed fitness function AUCe had drastically lesser training time then the existing AUC based fitness
function but had comparable performance. The other fitness functions had lesser training time but were statistically
similar to AUCe on four tasks.

Unbalanced data sets problem is defined by the case, when the number of majority (negative) class instances
outnumbers the amount of minority (positive) class instances [Buda, Maki, and Mazurowski, 2018]. Considerable
research work efforts have been made in the field of unbalanced datasets. The previously proposed methods and
solutions for the stated problem has been the major emphasis for background study of this paper, which helped us
configure and devise new fitness functions. Also in many streams it is observed that the minority class samples tend
to contain more valuable information when compared with samples in the majority class, therefore, it is essentially
important to construct a model which is successfully able to learn about the minority class(es) and can also perform
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classification on the unbalanced data in the real world.
Gong and Kim [2017] proposed an effective ensemble classification method called RHSBoost, evaluating the

sampling techniques. This classification rule uses random under sampling and ROSE sampling under a boosting
scheme. It is seen that as the number of iterations increases the AUC values of RHSBoost also increases for most
datasets but it cannot be generalized. They calculated the paired t-test statistics for 16 real data for each ensemble size
and compared the RHSBoost approach with other ensemble methods. In summary, the classification performance of
RHSBoost appears to better than many real datasets. However, the dominance of RHSBoost is slightly weaker for
large iterations such as 75 and 100.

3. An overview of Genetic Programming and Fitness Function

3.1. Genetic Programming

GP [Koza, 1992] is a ML framework inspired by Darwin’s theory of evolution. It first creates random individuals
or solutions known as GP trees and then evolves them until an optimal solution is found. It evolves the solution using
reproduction, crossover and mutation operators. As multiple solutions are created with operators like crossover and
mutation, GP does a better job in exploring the search space and reaching a globally optimal solution. The steps of
GP are described next.

3.1.1. Initialization
In a GP tree, each internal node contains an operator and each terminal node contains an operand. To achieve this,

Function set F and Terminal set T are:
F = {+,−, /, ∗} (1)

T = { f eature variables o f dataset} (2)

where +, -, *, / are normal arithmetic operators and the division operator (/) gives result 0 if a divide by 0 operation
occurs. At each level, random selection of node value happens from sets F or T. If a functional node is selected then 2
nodes must be added beneath it. If terminal node is selected then tree generation stops for that node. We created 100
such trees as initial population. The fitness of a GP tree is calculated using a fitness function and a tree is said to be fit
if the value given by the fitness function is high.

3.1.2. Operators
GP framework uses three operators to generate and evolve solutions. These operators are reproduction, crossover

and mutation. In reproduction, the elite solutions or GP trees are directly passed to the next generation. We pass
top 10% of the GP trees to the next generation. The trees are evaluated based on fitness function. In crossover, two
GP trees are selected and their randomly selected subtrees are swapped to produce two new off-springs. We used
constructive crossover operation [Bhardwaj, Tiwari, Varma, and Krishna, 2014] in which local hill climbing method
is used. In local hill climbing, children are passed to next generation if they are better than their parents in terms of
fitness values. This crossover operation is applied to next 80% of the GP trees. In mutation, a randomly selected node
from a GP tree is changed to produce a new mutated tree which is then passed in the next generation. We applied
mutation to the last 10% of the GP tree population. Experimentation is carried on the dataset with parameter values
given in Table 1.

3.1.3. Termination
The GP programs are evolved until one of the following criterion is met

• The number of fitness evolutions reaches 40,000.

• Fitness value of GP tree reaches 1.0.

The evolution process leads to development of better programs in each successive generation. The individual with
highest fitness value is considered as the globally optimal individual.
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Table 1. Parameters Value for GP architecture
Parameter Value
Probability of Crossover Operator (Pc) 80%
Probability of Mutation Operator (Pm) 10%
Probability of Reproduction Operator (Pr) 10%
Population Size (k) 100
Initialization Method Random
Initial Maximum Depth of the Tree 6
Initial Minimum Depth of the Tree 3
Function Set +, -, *, / (protected division, division by 0 is 0)
Terminals Feature Variables of the dataset
Termination Criterion 40,000 fitness evaluations or fitness value = 1.0

Table 2. Confusion Matrix for Accuracy

Actual positive Actual negative
Predicted positive 0 0
Predicted negative 10 90

3.2. Fitness Function

Fitness function is a metric used to evaluate and assess a GP tree [Liang, Zhang, and Browne, 2017]. A solution
with a higher fitness measure is considered better than a solution with a lower one. A widely used fitness function is
accuracy which is the ratio of number of correct predictions and total number of predictions made. Fitness function
helps in the training process and a good fitness function is the key to a good optimal solution. Various research works
have been done on fitness functions in unbalanced data [Ragalo and Pillay, 2018, Fernández-Ares, Mora, Garcı́a-
Sánchez, Castillo, and Merelo, 2017, Klusáček and Jirsı́k, 2016, Patterson and Zhang, 2007]. Although accuracy
is a good fitness metric for balanced datasets, there is need to use new fitness functions especially with unbalanced
datasets like medical data in which there are more examples of healthy patients compared to unhealthy ones.

A very simple and well known fitness function is accuracy (Acc). It is equal to the fraction of correct predictions
out of total number of predictions. Accuracy is given as:

Acc =
T P + T N

T P + T N + FP + FN
× 100 (3)

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives, respectively.

• True positive (TP): A patient having breast cancer is detected as having breast cancer.

• True negative (TN): A patient not having breast cancer is detected as not having breast cancer.

• False positive (FP): A patient not having breast cancer is detected as having breast cancer.

• False negative (FN): A patient having breast cancer is detected as not having breast cancer.

Accuracy is not a very good metric when dealing with unbalanced datasets because it counts the number of correct
predictions indifferent of the type of class. It gets biased towards the majority class and gives false and misleading
results. For example, if a dataset has 90 majority class samples and 10 minority class samples, and a model is able to
identify all the majority class samples and none of the minority class samples, as shown in Table 2, then accuracy will
be 90%. The confusion matrix shown in Table 2, shows that accuracy is high even when a model fails to identify all
the samples of one class. Accuracy gives biased results with unbalanced data therefore is not a good metric to work
as a fitness function for GP. Therefore, it is essential to devise new fitness functions which address the drawbacks of
accuracy. In the next section, we describe our proposed fitness functions.
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4. Proposed fitness functions

Due to the unbalanced nature of breast cancer datasets, most ML models fail to classify between benign (non-
cancerous) and malignant (cancerous) cases properly, even though they have high accuracy. As observed in the
previous section, accuracy gives biased results with unbalanced data, which makes it inefficient to work as fitness
function for GP. To resolve the issues related to classification of unbalanced data, we apply GP to propose two new
fitness functions that are F2 Score and D score. F2 score gives more weight to recall i.e., identification of minority
class instances is given more importance, the other one is known as D score which learns about both the classes by
giving them equal importance.

4.1. F2 Score

The traditional F-measure or balanced F-score is method that combines precision and recall. The F2 score is
derived from Fβ score which computes a weighted harmonic mean of Precision and Recall. The β parameter controls
the weighting. For F2 score, the value of β is 2. Fβ score is given as :

Fβ = 1 + β2 × precision × recall
(β2 × precision) + recall

(4)

For F-2 score, the value of beta is 2, because this value 2 gives twice weightage to recall [Likarish, Jung, and Jo,
2009]. In medical domain, identification of minority instances is more important as compared to majority data as
minority data contains more useful information therefore recall should be given more importance. So, for breast
cancer classification, we choose F2 score because it gives more importance to minority class (malignant class) while
classification. F2 score is given as below.

F2 =
5 × precision × recall

(4 × precision) + recall
(5)

where

precision =
T P

T P + FP
(6)

recall =
T P

T P + FN
(7)

The method F2 score has been not highlighted as a novel fitness function but has been implemented with GP frame-
work for the first time. Several works have been done before which use F2 score but no work has been published
which uses F2 score with GP for breast cancer classification as per our knowledge. We have used GP framework for
unbalanced medical data classification with F2 score as the fitness function.

4.2. Distance Score (D score)

D score is a novel fitness function designed to work well with unbalanced datasets. It overcomes the biased nature
of accuracy by learning about both minority and majority classes with equal importance. During training of a GP tree,
all the instances are passed through the tree and output is computed from the tree. If the output is greater than the
threshold value (0), the instance is said to belong to minority class or malignant class, else it belongs to majority or
benign class. The distance of the output from the threshold is calculated and this distance is multiplied by the output
itself. Distance serves as the weight for the GP tree output, therefore larger the distance, higher is the weight and
better is the prediction. We follow this step of distance multiplication for both the classes and compute the individual
class scores. This score is denoted as C1 for majority class and C2 for minority class. The range of both C1 and C2 is
0 to 1, with 0 being worst and 1 being the best score. Finally, to compute D score, we take harmonic mean of C1 and
C2. Harmonic mean is taken because even if one of the values between C1 and C2 is 0, then the D score would be 0.
This ensures that for a high D score, both C1 and C2 should be high.
D score is given as :

Dsc =
2 ×C1 ×C2

C1 + C2
(8)
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where C1 is given as

C1 =

∑Nma j

i=0 sig(PMa ji ) × |T − sig(PMa ji )|
Nma j

× f unc(1, PMa ji ) (9)

and C2 is given as

C2 =

∑Nmin

i=0 sig(PMini ) × |T − sig(PMini )|
Nmin

× f unc(1, PMini ) (10)

where

f unc(1, k) =



1, if k ≤ 0 for majority class instance

1, if k > 0 for minority class instance

0, otherwise

(11)

In equation 9, NMaj refers to number of samples of the majority class, PMaji refers to GP tree output on ith instance
of the majority class. In equation 10, NMin refers to number of samples of the majority class, PMini refers to GP tree
output on ith instance of the majority class. T refers to threshold (0 in our case), or boundary for classification. We
follow the 0 class threshold approach, in which output greater than 0 is considered as belonging to majority class and
less than 0 is considered as belonging to minority class.
Since output of GP tree can range from -∞ to∞, therefore it is necessary to limit their values for calculations. We use
sigmoid (sig) function to limit their values between -1 and 1. Sigmoid function is given as:

sig(x) =
2

1 + e-x
− 1 (12)

The term | T-sig(x) | in equations 9 and 10 refer to the distance of GP output from the threshold which is 0. This
distance is then multiplied by the sigmoid of GP tree output as shown in equations 9 and 10. Outputs which lie further
from the threshold are given more weightage by virtue of distance. The range of D score is 0 to 1, where 0 denotes
worst score and 1 denotes best score.

To implement our fitness functions, we modify the traditional GP algorithm and add our proposed fitness function
to calculate the fitness of the trees. Algorithm 1 shows the algorithm for D-score GP (DGP) model and Algorithm 2
shows the algorithm for our F2GP model.

Algorithm 1 Algorithm for DGP model
1:Initialize the GP tree randomly
2:Initialize c1, c2, dsc, tp, tn, fp, fn and threshold as 0
3:Pass the training data instances in the GP tree
4:Evaluate the GP tree
5:Apply the sigmoid function(as defined in the equation12) to the output of the GP tree evaluated in step 4
6:If output > 0 and class == minority then c1=c1+(output*(output-threshold)) and tp=tp+1 else go to step 7
7:If output > 0 and class == majority then fp=fp+1 else go to step 8
8:If output ≤ 0 and class == majority then c2=c2+(output*(output-threshold)) and tn=tn+1 else fn=fn+1
9:Repeat steps 4 8 for each sample of the training data
10:c1=c1/(tp+fn), c2=c2/(tn+fp
11:dsc= (c1*c2)/c1+c2)
12:return dsc
13:Generate the next generation using crossover, reproduction and mutation operators
14:If the termination criterion satisfied, stop the generation.

The tree in figure 1 is one of the best trees which was generated in one of the 10 GP runs on applying the above
defined algorithm for DGP model on 60-40 partition. The advantage of using GP is that it also selects the important
features, as seen feature 5 and feature 7 are not part of the GP tree hence making them non-important features. Features
5 and 7 are also not there in any other best tree of any GP run.
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Algorithm 2 Algorithm for F2GP model
1:Initialize the GP tree randomly
2:Initialize c1, c2, dsc, tp, tn, fp, fn and threshold as 0
3:Pass the training data instances in the GP tree
4:Evaluate the GP tree
5:Apply the sigmoid function(as defined in the equation12) to the output of the GP tree evaluated in step 4
6:If output > 0 and class == minority then c1=c1+(output*(output-threshold)) and tp=tp+1 else go to step 7
7:If output > 0 and class == majority then fp=fp+1 else go to step 8
8:If output ≤ 0 and class == majority then c2=c2+(output*(output-threshold)) and tn=tn+1 else fn=fn+1
9:Repeat steps 4 8 for each sample of the training data
10:c1=c1/(tp+fn), c2=c2/(tn+fp
11:f2= (5*p*r)/((4*p)+r)
12:return f2
13:Generate the next generation using crossover, reproduction and mutation operators
14:If the termination criterion satisfied, stop the generation.

Figure 1. One of the best tree generated in one of the 10 GP runs of D-score on 60-40 partition scheme

5. Results and Discussions

The proposed GP framework as a classifier was implemented in Python (3.6) and on an Intel i7 7th gen laptop of
3.4 GHz with 16 GB of RAM. Our GP framework was trained by following the parameters described in Table 1. The
methods BPNN, Koza & Rice Model, Ave and GONN used for comparison were implemented on our system with
same parameters and configuration. The parameter values used in training for the experiment are described in Table 1.
The activation function used for BPNN and GONN are sigmoid. The results obtained were used for comparison with
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Table 3. Feature description of Breast Cancer dataset

Wisconsin Breast Cancer Database Description
Attribute Number Attribute Values Mean Standard Deviation
1. Clump Thickness 1-10 4.44 2.83
2. Uniformity of cell size 1-10 3.15 3.07
3. Uniformity of cell shape 1-10 3.22 2.99
4. Marginal Adhesion 1-10 2.83 2.86
5. Single Epithelial Cell Size 1-10 2.23 2.22
6. Bare Nuclei 1-10 3.54 3.64
7. Bland Chromatin 1-10 3.45 2.45
8. Normal Nucleoli 1-10 2.87 3.05
9. Mitoses 1-10 1.60 1.73

Table 4. Class distribution of breast cancer dataset after preprocessing

Class Distribution
Class Number of instances Percent of total instances
Benign 444 65
Malignant 239 35

the proposed methods. All the stated methods are executed 10 times and were implemented on the same system to
ensure that the parameters and configuration for all the attributes remain identical, so that the results and comparisons
observed are unbiased and unambiguous. This section is further divided into 3 parts namely dataset description, data
preprocessing, performance measures, results and comparison with other state of the art methods. These parts are
described ahead.

5.1. Dataset description

The objective of the dataset was to identify the number of benign and malignant classes. Samples arrived peri-
odically, therefore, reflects this chronological grouping of the data. This grouping information appears immediately
below, having been removed from the data itself. Each variable except for the first was converted into 11 primitive
numerical attributes with values ranging from 0 to 10, 10 indicating the most abnormal state. This dataset is widely
utilized because it has a large number of instances (699), is virtually noise-free and has just a few missing values.
Out of 699, 16 instances have some missing values. The dataset is available on the UCI ML repository [Bache and
Lichman, 2013]. Table 3, shows the attribute information of the breast cancer dataset.

5.2. Data Preprocessing

The data can be observed as noise-free and has 16 missing values, which are the Bare Nuclei for 16 different
instances. Considering the dataset adopted, the pre-processing will focus to manage the missing attributes The total
instances of data are 699 along with 16 missing attributes. Precisely there are 14 missing values from benign and 2
missing values from malignant. To handle these missing features, the instances/rows where values were missing have
been deleted. The elimination of these attributes sorts the dataset with the new total of 683 instances. Therefore, it is
essential that before running the algorithm the dataset must be pre-processed, so it does not deal with missing values,
and it has a better performance when learning from a dataset with discretized nominal values. Table 4, shows class
distribution after preprocessing.

In the field of ML, it is a practice to partition the dataset in different training-testing ratio. We applied different
partition schemes on the dataset to test our proposed fitness functions. 60-40 and 70-30 training-testing partition
schemes were applied on the dataset. We also applied a 10-fold cross validation scheme [Hastie, Tibshirani, and
Friedman, 2009] in which dataset is divided into 10 blocks of approximately equal size. 90% or 9 blocks of the data
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are used for training and 10% or 1 block is used for testing. This process is repeated 10 times so that, each time a
different data block is used for testing. Table 5, shows the number of training and testing instances in each partition
scheme.

Table 5. Training and Testing Set Partition

Training-Testing
Partition (%)

Total Training Records Total Testing Records

60-40 410 273
70-30 478 205
10-fold cross validation 615 68

Table 6. Confusion Matrix

Predicted positive Predicted negative

Actual positive True positive (TP) False negative (FN)
Actual negative False positive (FP) True negative (TN)

5.3. Results

To evaluate our proposed DGP and F2GP frameworks with BPNN, Koza & Rice, Ave, and GONN, we have used
the accuracy, confusion matrix, recall(sensitivity), specificity, and mann-whitney test. To compare our DGP and F2GP
with BPNN, Koza & Rice, Ave, and GONN, we generated confusion matrices for our models and compared them with
others. A confusion matrix is a matrix that is often used to describe the performance of a classifier on a set of test data
for which the true values are known. Table 6 shows a confusion matrix for two class problem, it contains two rows
and two columns. Each element of the matrix denotes four possible outcomes, i.e. True positive (TP), True negative
(TN), False positive (FP), False negative (FN). In this matrix, elements along the main diagonal indicate the correct
classification. Whereas, elements along the off-diagonal indicates an error in classification. Various fitness measures
like precision, recall, accuracy etc. can be calculated for a classifier with the help of a confusion matrix.

Table 7 displays the confusion matrices obtained by BPNN, Koza & Rice, Ave, GONN and GP along with the
confusion matrices obtained by the stated methods, F2 Score and D Score. We have displayed the best confusion
matrix obtained after 10 GP runs of each method. As seen in Table 7, the proposed fitness functions have been
able to classify between malignant and benign cases very accurately. This shows that a better fitness function can
improve the performance of a classifier by a lot. It is also seen in Table 7, that standard GP is not able to identify
four malignant (minority) cases for 60-40 partition scheme, six malignant cases for 70-30 partition scheme and two
malignant cases for 10 fold cross validation. The proposed DGP and F2GP identified all the malignant cases for each
partition scheme. This shows that standard accuracy is not a good fitness function for breast cancer classification and
the proposed fitness function do a better job in classification of malignant and benign cases. We also created a GP
framework using same parameters value defined in Table 1 and used accuracy as the fitness function rather than D
score and F2 score to show the superiority of our proposed fitness functions.

For all the partition schemes, as stated in Table 5, we trained the GP tree with the proposed fitness functions D
score and F2 score. For the testing data, we tested the model with the proposed fitness functions. Table 8, shows the D
score values on different partition schemes for testing data. A high D score value suggests a very good performance of
a classifier which is completely unbiased. However, Table 8 also displays the mean, minimum and maximum values
obtained after 10 GP runs.

To compare our work with other models we also calculated the accuracy of our models using the confusion
matrix. The accuracy calculated is compared to BPNN, Koza, Ave and GONN. Table 9, shows the comparison of
the accuracies our models with the stated ones. In Table 9, we have compared the mean and max accuracies of our
methods with BPNN, Koza and Rice, Ave and GONN. As seen in Table 9, the proposed models show a very high and
better accuracy compared to the other models and very much comparable to the GONN model. Table 9 shows the
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Table 7. Confusion Matrix for BPNN, Koza & Rice, GONN, Standard GP, Ave and proposed DGP and F2GP on different partition schemes.
Type Classifier Desired Output Output results for 60-40 partition Output results for 70-30 partition Output for 10 fold cross validation

Malignant Benign Malignant Benign Malignant Benign
BPNN Malignant 81 14 64 8 20 3

Benign 6 172 4 129 1 43
Koza & Rice Malignant 83 12 64 8 21 3

Benign 5 173 3 130 1 43

GONN
Malignant 94 1 72 0 24 0
Benign 0 178 0 133 0 44

GP
Malignant 91 4 67 5 22 2
Benign 6 172 7 126 1 43

Ave Malignant 91 4 68 4 23 1
Benign 6 172 4 129 0 44

F2GP Malignant 95 0 72 0 24 0
Benign 1 177 1 132 0 44

DGP Malignant 95 0 72 0 24 0
Benign 1 177 3 130 0 44

Table 8. D score for different partition schemes

Training-Testing
Partition (%)

Mean Min Max

60-40 0.970 0.9516 0.988
70-30 0.971 0.952 0.978
10 fold crossover 0.980 0.950 0.990

comparison of accuracies of the proposed methodology with the other existing models. The mean and max accuracy
for 60-40 & 70-30 were calculated precisely for 10 GP runs for each partition scheme and the results obtained were
displayed. This again confirms our assertion that a better fitness function can improve the performance of a classifier.

Table 9. Comparison of Accuracy of BPNN, Koza & Rice, GONN, Ave, DGP and F2GP.

BPNN Koza & Rice GONN Ave DGP F2GP
Training-Testing Partition Mean Max Mean Max Mean Max Mean Max Mean Max Mean Max

60-40 92.28 92.67 92.84 93.77 99.11 99.63 95.58 96.33 99.33 99.63 99.24 99.63
70-30 93.45 94.14 94.4 94.16 99.21 100 95.91 96.09 97.89 98.5 99.27 99.51

10-Fold Cross validation 89.11 89.7 93.47 94.6 99.26 100 96.315 98.52 99.39 100 99.7 100

To evaluate the performance of our methods, we also calculated the F2 scores of other methods from their con-
fusion matrices and compared them with our methods. Table 10, shows F2 scores of our methods and also compares
them with the F2 scores of other methods. It is clear from Table 10, that the proposed methods outperform other
methods in terms of F2 scores thereby making our methods superior than others.

As medical data is usually unbalanced and the relevant information is stored in the minority class data, recall
becomes an important metric to measure and evaluate any classifier. As recall measures the performance on minority
or positive class, a high recall is important for a classifier dealing with medical datasets. We have calculated recall and
compared with other methods which deal with medical data. Table 11, shows the recall values for different methods
along with the proposed ones. The proposed methods, F2 score and D score have achieved comparatively similar
results to that obtained by the GONN model, in all the possible scenarios. But specifically in case of recall, the
proposed methodology has been observed to deliver better results as shown in Table 11. In unbalanced medical data,
recall is a very important metric as it states the performance of a classifier on the minority class. Minority class which
is malignant breast cancer in our dataset, are much more important to identify therefore it is important to give more
weight to recall. In that sense, we say that our method outperforms all the other proposed methods. It is clear from
Table 11, that the proposed DGP and F2GP are superior than other models in terms of recall which confirms that
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F2GP and DGP are very useful in the case of medical diagnosis. The proposed models achieve 100% recall for all the
cases and outperform the GONN model as well.

Table 12 compares the specificity values of the proposed DGP and F2GP methods with BPNN, Koza & Rice, Ave
and GONN. Specificity measures the correctly healthy identified patients out of all the healthy patients. It is clear
from the results that our method is showing comparable results.

The statistical significance of the results is shown using the Mann-Whitney test [Corder and Foreman, 2009]. The
Mann Whitney two tailed test is a non parametric test of the null hypothesis that it is equally likely that a randomly
selected value from one sample will be less than or greater than a randomly selected value from a second sample.
Classification accuracy of the methods is compared to calculate the p-value. If the value of p is less than 0.001 than
the results are said to be highly significant and for p values grater than 0.05 the results are said to be not significantly
different. The result is shown in Table 14 and 15. The results are statistically different when we compare F2GP to
BPNN, Koza & Rice, and Ave methods for every training-testing partitions. However, when compared to GONN
method the results are not significant for 60-40 and 70-30 partitions but for 10 fold cross validation the results are
showing significance. Similarly, for DGP method, the results are highly significant when we compared it to BPNN,
Koza & Rice, and Ave methods. However, when compared to GONN method, the results are not significant for 60-40
partitions only but for 70-30 and 10 fold cross validation the results are showing significance.

The proposed F2GP and DGP frameworks prove to be better than other state of the art methods for breast cancer
classification because of their ability to handle unbalanced datasets. As minority data contains relevant information
therefore F2 score focuses on learning about the minority samples, thereby making it a good fitness function for
unbalanced data. D score gives equal importance to both minority and majority class by being unbiased. This enables
D score to learn about both the classes and perform well on both of them.

Table 10. Comparison of F2 score of BPNN, Koza and Rice, GONN, Ave, DGP and F2GP
Type of Classifier F2 Score for 60-40 partition scheme F2 Score for 70-30 partition scheme F2 Score for 10 fold cross validation scheme

Mean Max Mean Max Mean Max
BPNN 0.853 0.867 0.885 0.899 0.839 0.854
Koza & Rice 0.872 0.886 0.894 0.90 0.876 0.889
GONN 0.965 0.991 0.961 1.0 0.963 1.0
Ave 0.936 0.941 0.939 0.943 0.958 0.966
DGP 0.986 0.998 0.984 0.991 0.982 1.0
F2GP 0.989 0.998 0.984 0.997 0.983 1.0

Table 11. Comparison of recall of BPNN, Koza and Rice, GONN, Ave, DGP and F2GP
Type of Classifier Recall for 60-40 partition scheme Recall for 70-30 partition scheme Recall for 10 fold cross validation scheme

Mean Max Mean Max Mean Max
BPNN 0.841 0.852 0.881 0.890 0.821 0.833
Koza & Rice 0.854 0.873 0.869 0.888 0.862 0.875
GONN 0.951 0.989 0.954 1.0 0.959 1.0
Ave 0.948 0.957 0.939 0.944 0.951 0.958
DGP 0.989 1.0 0.992 1.0 0.987 1.0
F2GP 0.984 1.0 0.985 1.0 0.991 1.0

Table 12. Comparison of Specificity of BPNN, Koza & Rice, GONN, Ave, DGP and F2GP.

BPNN Koza & Rice GONN Ave DGP F2GP
Training-Testing Partition Mean Max Mean Max Mean Max Mean Max Mean Max Mean Max

60-40 95.28 96.62 96.14 97.19 99.31 100 95.28 96.62 98.36 99.43 98.56 99.43
70-30 95.47 96.99 96.84 97.74 99.38 100 95.92 96.99 97.39 97.74 99.17 99.24

10-Fold Cross validation 96.11 97.72 96.47 97.72 99.26 100 98.84 100 99.36 100 99.48 100
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5.4. Comparison with other methods

The proposed DGP and F2GP frameworks have been compared with other works in the literature applied on WBC
dataset. Table 16, compares the accuracy of other methods with our proposed methods. It is clear from Table 16,
that the proposed methods have a better accuracy than other methods in the literature. It should be noted that the
other compared works have not specified weather there results represent minimum, maximum or mean values and the
partition scheme used is also not specified. Proposed method DGP achieved an accuracy of 99.6%, 98.5% and 100%
for 60-40, 70-30 partition schemes and 10-fold cross validation respectively. Proposed method F2GP achieved an
accuracy of 99.63%, 99.51%, and 100% for 60-40, 70-30 partition schemes and 10-fold cross validation respectively.
The results show that the proposed F2GP and DGP models are able to handle the unbalanced dataset and can be used
as a good alternative for breast cancer classification.

5.5. Work on other datasets

To show the generalizability of our proposed method, the proposed methods have also been applied on other
medical and non medical larger datasets like Breast Cancer Histology dataset [Mooney, 2017], NIH Chest X-Ray
dataset [of Health Chest X-Ray Dataset, 2018] and Credit Fraud dataset[ULB, 2018]. Table 13 shows the average
accuracy, average d score, and average F2 score of GONN and proposed methods on 10-fold cross validation. It is
clear from our results that our method perform well on other medical and non medical larger datasets as compared to
GONN method. It shows that our method can be applied for complex and real world problems.

Table 13. Results on other datasets

Dataset DGP F2GP GONN
Avg. Accuracy Avg. D-score Avg. Accuracy F2 score Avg. Accuracy F2 score

Breast Cancer Histology 0.85 0.83 0.82 0.81 0.79 0.76
Credit fraud 0.925 0.89 0.89 0.875 0.90 0.89

NIH Chest X-ray 0.863 0.86 0.85 0.83 0.82 0.80

Table 14. p-value comparison for F2GP using Mann-Whitney test
Training-Testing Partition BPNN Koza & Rice (1991) GONN Ave

p-value Significance p-value Significance p-value Significance p-value Significance

60-40 2.871 x 10 -11 Highly Significant 2.7703 x 10-11 Highly Significant 0.345 Not Significant 1.15 x 10 -8 Highly Significant
F2GP 70-30 2.002 x 10 -11 Highly Significant 1.7721 x 10-11 Highly Significant 0.145 Not Significant 1.127 x 10 -5 Highly Significant

10-fold cross validation 3.236 x 10 -11 Highly Significant 1.9703 x 10-11 Highly Significant 0.0075 Significant 1.002 x 10 -8 Highly Significant

Table 15. p-value comparison of DGP using Mann-Whitney test
Training-Testing Partition BPNN Koza & Rice (1991) GONN Ave

p-value Significance p-value Significance p-value Significance p-value Significance

60-40 2.871 x 10 -11 Highly Significant 1.9703 x 10-11 Highly Significant 0.231 Not Significant 1.117 x 10 -8 Highly Significant
DGP 70-30 2.565 x 10 -11 Highly Significant 1.458 x 10-11 Highly Significant 1.450 x 10 -5 Highly Significant 1.27 x 10 -8 Highly Significant

10-fold cross validation 3.551 x 10 -11 Highly Significant 1.8603 x 10-11 Highly Significant 0.0095 Significant 1.063 x 10 -8 Highly Significant

6. Conclusion

In this work, a novel fitness function termed as D score has been proposed for addressing the problems related
to the classification of unbalanced dataset. Along with D Score we have sufficiently proved the worth of F2 score
as a fitness function for classifications. The concept of GP has supported the execution of these fitness functions.
The WBCD dataset is employed to test the stated methodology. The methods D score and F2 score are experimented
and evaluated in comparison to the other benchmark algorithms like BPNN, GONN and Kozas model for elaborate
study. An average accuracy of 99.33%, 97.89% and 99.39% is achieved by DGP for 60-40, 70-30 training-testing
partitions and 10 fold cross validation scheme respectively. In comparison to BPNN, GONN, Ave and Kozas model,
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Table 16. Comparison of classification accuracies of different studies with proposed DGP and F2GP

Author Year Method Classification Accuracy (%)
Lavanya and Rani [2012] Decision Tree Algorithm 92.97
Tran, Xue, and Zhang [2017] CGPFC 93.98
Quinlan [1996] C4.5 94.74
Hamilton, Cercone, and Shan [1996] RAIC 95.00
Nauck and Kruse [1999] Neuro-Fuzzy 95.06
Abonyi and Szeifert [2003] Supervised fuzzy clustering 95.57
Tran, Xue, and Zhang [2016] MultGPFC 96.22
Örkcü and Bal [2011] Real Coded GA 96.5
Chen, Yang, Liu, and Liu [2011] RS-SVM2 96.72
Pena-Reyes and Sipper [1999] Fuzzy-GA 97.36
Malmir, Farokhi, and Sabbaghi-Nadooshan [2013] ICA 97.75
Polat and Güneş [2007b] LS-SVM 98.53
Albrecht, Lappas, Vinterbo, Wong, and Ohno-Machado [2002] LSA machine 98.8
Mahanipour and Nezamabadi-pour [2019] GSAMFC 99.19
This study DGP1 99.6
This study DGP2 98.5
This study DGP3 100
This study F2GP1 99.63
This study F2GP2 99.51
This study F2GP3 100
1 Result for 60-40 training-testing data
2 Result for 70-30 training-testing data
3 Result for 10-fold cross validation

the DGP achieves maximum accuracies of 99.63%, 98.5% and 100% for the partition schemes of 60-40, 70-30, and 10
fold cross validation, whereas the F2GP achieves maximum accuracy of 99.63%, 99.51% and 100% for the partition
schemes stated. As the work in this paper focuses on the data of minority class, we emphasize the role play of recall
function with regards to the classification procedure. The comparisons of recall values for the different methods over
various partition schemes proves the superiority of DGP and F2GP in contrast to the previously proposed techniques.
In conclusion, we can say that the results of the proposed methods have been verified to outperform all the other
existing approaches to solve the classification issues of unbalanced datasets.

In view of limitation, the fitness functions proposed in this paper are precisely tested on breast cancer dataset. It is
a two class dataset and and the size of this data is very small. Therefore the other real world data can be evaluated for
generality of the functions. The fitness functions proposed as the solution methods for unbalanced data classification,
does not works on complex issues of introns and bloats which are the specified technical problems of a GP tree that
severely affects the quality of its performance as a classifier.

As part of future work, we aim to examine our proposed methodology on other unbalanced datasets to have wider
range of results for analysis of our classification results. We also plan to test the working of these fitness functions
with multiple class datasets, to check the quality of classification and efficiency of the methods proposed. In addition
to these, we’re also interested in applying the proposed methods on variety of datasets. As in this paper it has only
been tested on a numerical data so further we plan to extend our results for classification on different types of data
available in medical field such as images, signals, etc.
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