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Abstract: Breast cancer is one of the common malignancies among females in Saudi Arabia and
has also been ranked as the one most prevalent and the number two killer disease in the country.
However, the clinical diagnosis process of any disease such as breast cancer, coronary artery diseases,
diabetes, COVID-19, among others, is often associated with uncertainty due to the complexity and
fuzziness of the process. In this work, a fuzzy neural network expert system with an improved gini
index random forest-based feature importance measure algorithm for early diagnosis of breast cancer
in Saudi Arabia was proposed to address the uncertainty and ambiguity associated with the diagnosis
of breast cancer and also the heavier burden on the overlay of the network nodes of the fuzzy neural
network system that often happens due to insignificant features that are used to predict or diagnose
the disease. An Improved Gini Index Random Forest-Based Feature Importance Measure Algorithm
was used to select the five fittest features of the diagnostic wisconsin breast cancer database out of the
32 features of the dataset. The logistic regression, support vector machine, k-nearest neighbor, random
forest, and gaussian naïve bayes learning algorithms were used to develop two sets of classification
models. Hence, the classification models with full features (32) and models with the 5 fittest features.
The two sets of classification models were evaluated, and the results of the evaluation were compared.
The result of the comparison shows that the models with the selected fittest features outperformed
their counterparts with full features in terms of accuracy, sensitivity, and sensitivity. Therefore, a
fuzzy neural network based expert system was developed with the five selected fittest features and
the system achieved 99.33% accuracy, 99.41% sensitivity, and 99.24% specificity. Moreover, based on
the comparison of the system developed in this work against the previous works that used fuzzy
neural network or other applied artificial intelligence techniques on the same dataset for diagnosis of
breast cancer using the same dataset, the system stands to be the best in terms of accuracy, sensitivity,
and specificity, respectively. The z test was also conducted, and the test result shows that there is
significant accuracy achieved by the system for early diagnosis of breast cancer.

Keywords: neural network; fuzzy logic; breast cancer; random forest; dataset

1. Introduction

Cancer is a group of diseases that are characterized by the uncontrollable spread and
growth of abnormal cells [1,2]. Therefore, if the spread and growth of abnormal cells is not
controlled, it may lead to death. Breast cancer is one of the multifactorial genetic disorders
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or diseases that is likely associated with the effect of multiple genes in the combination of
environmental factors and lifestyle [3,4]. Breast cancer is one of the most common types of
cancer and one of the deadliest cancers after lung cancer [5–7]. It is also the most common
cancer among women, even though it happens in men and also where the growth of the
cell starts in the breast of women or men [8]. Breast cancer occurs when certain cells in the
breast become abnormal and multiply uncontrollably to form a tumor [9,10]. Breast cancer
is one of the common malignancies among females in Saudi Arabia [11–14]. According to
the GLOBOCAN report of the year 2018, there were 3629 new cases of breast cancer, which
amounts to 14.8% of the total new disease cases in Saudi Arabia, with 899 deaths, which
amounts to 8.5% of the total death cases [10,15]. Breast cancer is ranked as the one most
prevalent and the number two killer disease in Saudi Arabia [9,16–18].

Clinical diagnosis or decision making related to the procedure tailored to define the
reason for the disease of the patients is largely complex, and its precision depends upon
the interpretation of the medical personnel’s elevated perception and experience [19–21].
However, the conventional clinical diagnosis process of diseases is often associated with un-
certainty and ambiguity due to complexity and fuzziness in the course of diagnosis of most
of the deadly diseases, such as breast cancer, coronary artery diseases, diabetes, waterborne
diseases, among others [20,22,23]. Therefore, since the conventional procedure for medical
diagnosis involves uncertainty and ambiguity, recently, two or more artificial intelligence
techniques are combined to carry out research to overcome the limitations of underperfor-
mance and the inefficiency of using an intelligence (AI) technique for the development of
intelligent systems for the diagnosis of diseases, such as multidimensionality, nonlinearity,
uncertainty, and vagueness [24–27]. Hence, fuzzy logic and neural networks are being used
to develop expert systems to deal with such uncertainty and ambiguity [28–30].

Expert system is an AI based system that imitates the decision-making ability of human
experts to complement humans while making various decisions [19,29–32]. Expert system has
three components which include knowledge acquisition, knowledge reasoning, and knowl-
edge presentation [5,30]. The knowledge acquisition, which involves knowledge transfer from
a human expert to the knowledge base of the expert, is the most challenging task during
the development of the expert system [19,25,29]. Therefore, historical datasets are currently
being used to generate or transfer human expertise using artificial learning techniques from
it for subsequent transfer to the knowledge base of the expert system [20,33,34]. However,
most of the datasets contain many features, which many of them might be insignificant if
not irrelevant for diagnosis of diseases [34–36]. Hence, if these insignificant features are
not removed, they might cause a heavier burden on the overlay of the network nodes of
the fuzzy neural network system, which would reduce the diagnosis accuracy, increase
the time needed for the training, and make the interpretation of diagnostic results of the
system very difficult to be understood [37–40]. Therefore, feature selection techniques are
used to determine the significant score or how useful and important the features are for
predicting a target feature [41–44]. Machine learning is also one of the sub-branches of
AI that deals with the ways in which machines learn from experience [45,46]. Machine
learning algorithms are being used to develop the diagnostic models of many diseases
and they helped the systems to learn the diagnosis data, identify useful patterns during
the learning process, and minimize human interference in making decisions. The research
questions that this work answered include the following:

i. How to develop an expert system that would address the uncertainty often associ-
ated with diagnosis of breast cancer?

ii. How to address the heavier burden on the overlay of the network nodes of fuzzy
neural network system with feature selection technique?

iii. How to find out the five fittest features of the diagnostic wisconsin breast cancer
database among 32 features of the dataset?

iv. How to justify why the five fittest features of the diagnostic wisconsin breast cancer
database are more important than using all of the feature dataset with the help of
machine learning algorithms?
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The motivation of this work is to develop a fuzzy neural network-based expert for
early diagnosis of breast cancer in Saudi Arabia that would address the uncertainty and
ambiguity associated with the diagnosis process of the disease and also the heavier burden
on the overlay of the network nodes of the fuzzy neural network system that often happens
due to insignificant features that are used to predict or diagnose the disease.

2. Related Work

Many AI techniques have been used for the diagnosis and prognosis of breast cancer.
A neuro-fuzzy based expert system for diagnosis of breast cancer has been developed in the
work of [47] and the system achieved 76% sensitivity and 97% specificity. In Reference [48],
a machine learning based system for cancer screening was developed; the system was
designed to diagnose cancer to determine whether it is benign or malignant using the
artificial neural network. The network was trained using a back-propagation algorithm and
then a neuro-fuzzy system was developed based on the model. In the work of [49], a hybrid
expert system that combines an incremental fuzzy neural network and fuzzy linguistics for
the diagnosis of cancer to deal with the uncertainty associated with clinical decision making
was developed. The system was developed on the wisconsin breast cancer screening dataset
which contains 683 records, each with 9 characteristics such as clump strength, parallelism
in cell size, cell shape similarity, etc., and the proposed approach had achieved 99.08%
accuracy and 98.74% sensitivity. The study of [50] introduced and developed a neural
network fuzzy system for skin cancer identification and classification. The system involved
preliminary processing and optimization of the tumor location using the color detection
method, followed by extracting the color and the appropriate region. Classification system
for high blood pressure based on a neuro-fuzzy approach was proposed in the study of [30];
the system was tested using sample data of 10 patients, each with inclusion parameters,
i.e., age, body mass index (BMI), blood pressure (BP), heart rate (HR), and one risk limit as
an output variable for the model. In the work of [24], a fuzzy relational model with generic
algorithm for early diagnosis and detection of breast cancer in Saudi Arabia was proposed.
In the work of [36], a particle swarm optimization was embedded into k-nearest neighbor,
naïve Bayes, and fast decision tree algorithms to improve the breast cancer prediction
accuracy by the models developed with the algorithms. Fuzzy ID3 algorithm was proposed
in the work of [5] for early prediction of breast cancer to increase the classification accuracy
of the decision tree, and the study identified the proposed algorithm as robust and reliable.
A semantic rule-based diagnostic decision-making support system for the diagnosis of
breast cancer was proposed in the work of [3], and the system was found to be able to
diagnose breast cancer accurately. A fuzzy approach for pre-diagnosis of breast cancer
from fine needle aspirate analysis was proposed in the work of [51], and the ability of the
approach to diagnose breast cancer accurately varies from 65% to 98%.

Although many works have been carried out on AI based diagnostic systems for
breast cancer, especially the fuzzy neural network-based expert system, there is a need to
propose more AI based methods that would address the uncertainty of diagnostic decision
making and the heavier burden on the overlay of the network nodes of the system to
improve the accuracy, specificity, and sensitivity of the system. Hence, in this study, a fuzzy
neural network expert system with an improved gini index random forest-based feature
importance measure algorithm has been proposed for early diagnosis of breast cancer in
Saudi Arabia to address the below identified challenges:

i. The heavier burden on the overlay of the network nodes of fuzzy neural network-
based expert system is due to many insignificant features that are used to predict or
diagnose the disease

ii. The uncertainty and ambiguity are often associated with diagnostic decision making
of breast cancer.
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3. Methods and Materials

In this section, the methodology used for development and implementation of fuzzy
neural network expert system with an improved gini index random forest-based feature
importance measure algorithm for early diagnosis of breast cancer in Saudi Arabia is
discussed. Figure 1 shows the materials and methods involved in the methodology.
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3.1. Dataset Collection, Preprocessing, and Feature Selection

In this phase, the relevant dataset of the problem domain is collected, preprocessed,
and cleaned. Therefore, only relevant data would be collected with the help and guidance
of human experts of the problem domain to be modeled. Missing data are also dealt with
in this phase and the redundant and derived features of the dataset are also discarded.
When building a system or model in real life, it is almost rare that not all the features
in the dataset are useful to build a model [52]. Adding redundant variables reduces the
generalization ability of the model and may also reduce the overall accuracy of a model
or system [27,53–55]. Furthermore, adding increasing variables to the system or models
increases the overall complexity of the model [7,27].

We used an improved random forest gini index algorithm proposed by [56] as a
feature selection technique that assigns a score to input features based on how useful and
important they are for predicting a target feature of the dataset. Random forest algorithm
is one of the popular machine learning approaches for analyzing high dimensional data
and building models. An important reason for its popularity is the availability of feature
selection or variable importance measures [57,58]. Random forest algorithm is a feature
selection technique that assigns a score to input features based on how useful and important
they are for predicting a target feature of the dataset [59]. The algorithm is a nonparametric
technique that builds trees from a random subset of features used for classification and
regression, respectively. The most widely used feature selections of random forest algorithm
are impurity importance and permutation importance. The impurity importance is known
as mean decrease in impurity and called the Gini index algorithm. The gini index algorithm
provides multivariate feature importance scores which are relatively cheap to obtain, and
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the techniques have been successfully applied to high dimensional datasets arising from
microarrays [39,42,52].

The Gini index algorithm was based on gini theory. The basic idea of gini index theory
is that, let us assume S is a set of samples s and these samples have k classes (Ci, i =1, . . . , k).
Therefore, we can divide S into k subsets according to the differences between the classes.
Let us assume Si is a sample set that belongs to class Ci and that si is the sample number of
set Si, then the Gini index of Set S can be obtained using equation:

Gini(S) = 1−∑m
i=1 P2

i (1)

where Pi stands for the probability which is estimated with si/s, for any samples that belong
to Ci. The minimum of Gini (S) is 0, and all of the members in the set belong to same class,
indicating that maximum useful information can be obtained. Thus, with the maximum of
Gini (S), indicate that the minimum useful information can be obtained.

A novel gini index algorithm based on gini index theory for text feature selection was
proposed by Reference [59] and it was expressed in below equation:

Gini(W) = P(W)
(

1−∑m
i=1 P(Ci |W )2

)
+ P

(
W
)(

1−∑m
i=1 P

(
Ci
∣∣W)2

)
(2)

where W is a feature and Ci is i-th class among the classes. The expression eliminates the
affection factor that expresses the words that do not appear and adopts a measure of purity
instead of impurity to be emphasized P(W) factor, called Gini–A, as expressed in the below
equation:

Gini(W) = P(W)∑m
i=1 P(Ci |W )2 (3)

Therefore, considering the unbalanced distribution of classes, the posterity probability
where the feature W appears ∑i P(W|CI)

2, to replace P(W), called Gini–B as shown in the
below equation:

Gini(W) = ∑m
i P(W|Ci )2 P(Ci |W )2 (4)

Thus, if feature W appears in every class Ci, the maximum value of Gini Value = 1, can
be obtained.

Random forest gini index algorithm has been receiving increased attention as a feature
selection due to some of its advantages, which include flexibility, fastness, and robust
approach toward handling high dimensional data [58,60]. However, despite its numerous
advantages, random forest algorithm as a feature selection technique has some limitations,
which include bias in favor toward features with many categories or many possible split
points and high minor allele frequency [40,58,61,62]. However, many works have been
conducted to address the issue of the bias of random forest gini index algorithm [63]. In
this study, we used the improved random forest gini index algorithm proposed by [56].
The algorithm contains three reformulated gini index expressions for feature selection to
address the issue of the bias of the random forest gini index algorithm. The improved
algorithm was reformulated based on Shang’s gini index, expressed by Reference [59] and
discussed earlier. In order to address the bias of Gini index algorithm for feature selection,
Equation (3), namely IGini–A, as shown below:

IGiniA(W) = ∑m
i=1 P(Ci |W )2 (5)

Thus, P(W) is eliminated from Equation (3), because most of the features have low
frequencies in the dataset, the P(W) are very small, and the gini values are more influenced
by P(W) than P(Ci |W )2, likewise for features with high frequencies, P(W) is relatively
higher, and thus gini values are more influenced by P(W). Therefore, calculating gini values
with P(Ci |W )2 is more efficient and it addresses the bias of Gini index.
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The Gini values obtained by the equation can be normalized by logarithm base 2 of
the probability P(W) and its absolute value to reduce the range of P(W) and keep positive.
This can be obtained with the below equations, namely IGini–B:

IGiniB(W) =
1

log2P(W) ∑m
i=1 P(Ci |W )2 (6)

Equation (6) above is more efficient at estimating specific features and general features
to further address the bias of the Gini index. In order to normalize the probability of
P(W|Ci) and produce unbiased Gini values, below equations, namely IGini–C below can
be used:

IGiniC(W) = | 1

log2P(W|Ci )2 |∑
m
i=1 P(Ci |W )2 (7)

3.1.1. Classification Models with Full Features

In this phase, five renowned machine learning algorithms, which include logistic
regression, support vector machine, k-nearest neighbor, random forest, and gaussian
naïve bayes algorithms, would be used to develop classification models with full features
of the dataset and models would be tested with the option of 10-folds cross-validation
techniques. The training dataset would be used for evaluation of the models. Below is a
short description of the five renowned machine learning algorithms:

i. Logistic regression algorithm is used to model the probability of an event or certain
classes and it uses logistic function to model binary dependent features or variables
against the independent one [34]. Logistic regression does not really have any
critical hyper parameters to tune. Sometimes, you can see useful differences in
performance or convergence with different solvers [64].

ii. Support vector machine (SVM) is being used to model data for classification and
regression analysis, respectively [34]. SVM builds a set of hyper plane in infinite
dimensional space which might be used for regression or classification or even
other tasks such as the detection of outliers. SVM provides a large number of hyper
parameters to tune. Perhaps the first important parameter is the choice of kernel
that will control the manner in which the input variables will be projected [65].

iii. K-nearest neighbor is also a learning algorithm that stores all the existing cases and
classifies new cases based on the measure of similarity and it classifies a case by
a vote of the majority of its neighbors with the case that is being given the most
common category among its closest neighbors, measured by a distance function. If
K = 1, then that case is assigned to its nearest neighbor [16,66]. The most important
hyper parameter for k-nearest neighbor is the number of neighbors [65].

iv. Random forest is a learning algorithm for regression and classification by building
a multitude of decision trees at training time and producing the class that is the
mode of the classes of the individual decision trees [61]. The algorithm consists
of a number of individual decision trees that work as an ensemble where each
decision tree in the random forest gives out a class of prediction and the class with
majority votes becomes the predictive model. [66]. The most important parameter
is the number of random features to sample at each split point of the maximum of
features [64,67].

v. Gaussian naïve bayes is a learning algorithm for probabilistic classification by
applying bayes theorem with strong independence assumption between dataset
features [35]. The learning algorithm is highly scalable, which requires a number of
parameters linear in the number of features in the learning problem [34]. Moreover,
naïve Bayes has almost no hyper parameters to tune, so it usually generalizes well.
One thing to note is that, due to the feature independence assumption, the class
probabilities output by naïve bayes can be pretty inaccurate [65].
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3.1.2. Classification Models with Selected Fittest Features

In this phase, the five fittest features selected with an improved random forest gini
index algorithm proposed by [56] would be used to develop classification models with five
renowned machine algorithms mentioned earlier and models would be tested with the
option of 10-folds cross-validation technique.

3.1.3. Comparative Analysis of the Performance Evaluation of Classification Models

In this phase, five classification models developed with full features and five classi-
fication models also developed with the five fittest features selected with an improved
random forest gini index algorithm would be compared. The classification models would
be evaluated with the aid of confusion metric. The metric consists of information about the
actual and predicted cases of the models. Figure 2 shows the confusion matric classification
measure representation. Therefore, the classification models developed with the five fittest
features selected with an improved random forest gini index algorithm would be evaluated
against the classification models developed with full features based on accuracy, sensitivity,
and specificity.
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i. Accuracy: It is used to determine the efficiency of the models in terms of the number
of the corrected predicted breast cancer cases against the total number of available
instances of the dataset as defined by the formula:

TP + TN
TP + TN + FP + FN

(8)

ii. Sensitivity: It is used to determine the efficiency of the models in terms of the number
of predicted positive cases of the breast cancer against the total number of actual
positive instances of the dataset as defined by the formula:

TP
TP + FP

(9)

iii. Specificity: It is used to determine the efficiency of the system in terms of using
the predicted negative cases of the breast cancer against the total number of actual
negative instances of the dataset as defined by the formula:

TP
TP + FN

(10)
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3.2. Selection of the Size of Training Dataset

Selection of the size of the training dataset is also very critical for the efficiency and
accuracy of diagnosis of the fuzzy neural network-based expert system [68]. Large size of
the training dataset may increase the accuracy of the inference techniques, but it would
however cause a heavier burden on the overlay of the network nodes. The methodology
uses the limited training dataset with features of the dataset with the highest feature ranking
score to build a simpler and more reliable fuzzy neural network-based expert system.

3.3. Rule Generation from Dataset

In this phase, diagnosis rules are being generated from the selected training dataset.
The rules are the fundamental part of the knowledge base of the fuzzy neural network-
based expert system. The training set of n inputs and a single output represent a dynamic
expert system which can be defined by n features y1, y2, . . . yn.

3.4. Rule Optimization

In this phase, the fuzzy rules being generated from the selected training dataset are
redefined using the neural network technique. Therefore, five network neural layers are
to be used for redefining the fuzzy rules and each layer defines the inference mechanism
steps in the fuzzy neural network-based expert system. Figure 3 shows the five network
neural layers of the fuzzy neural network-based expert system inference mechanism.
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3.4.1. Input Layer

The neurons of the input layer have a linear function and it represents the system input
features which are the current state of the system. Thus, the output of the neurons lying on
the input layer are the corresponding input values and those neurons in this layer transmit
the input features directly to their respective membership modules in the second layer.

3.4.2. Fuzzification Layer

In this layer, the input features of the system are being fuzzified into corresponding
fuzzy values. Thus, the neurons in this layer convert the scalar values of the input fea-
tures received from the input layers to their corresponding fuzzy values. Therefore, the
membership values of each input feature are determined.
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3.4.3. Fuzzy Rules Layers

This layer is also called the knowledge base of the predicator because it contains
the possible combination of all input features of the system and performs logical AND
operations. Therefore, the neurons in this layer represent the fuzzy rules of the system
and the numbers of neurons are equal to the number of fuzzy rules. The main function
of the neurons in this layer is to perform logical AND operations by the product of their
respective input features of the system and pass the output to the next layer.

3.4.4. Inference Layer

In this layer, the neurons identify the firing rules corresponding to the set of input
features of the system. Therefore, the neurons represent the output membership sets and
each neuron combines all its input features AND operation. Therefore, the output of each
neuron shows the stretcher of its input rules.

3.4.5. Defuzzification Layer

This layer has only one neuron that represents the final out of the system and it takes
the input from the output fuzzy rules and combines them into single fuzzy rules. In this
layer, defuzzification for converting the fuzzified output into corresponding crisp values
of the input features of the system are being performed. Back propagation learning is
used to rule optimization to adjust the parameters of the membership functions optimally.
Therefore, the training data of input and output are compared with the system output and
the errors are propagated backwards through the network from the output layer to the
input layer with the aim of modifying the membership functions of the neurons in layer 2.

4. Fuzzy Neural Network Expert System with an Improved Gini Index Random
Forest-Based Feature Importance Measure Algorithm
4.1. Dataset Collection, Preprocessing, and Feature Selection

Breast cancer dataset was collected from UCI public database (University of California) [69].
The dataset is called the diagnostic wisconsin breast cancer database and it has 32 features
and 569 instances. In this phase, the dataset went through the cleaning process where
missing, noisy, and irrelevant data were eliminated. There are no missing values in the
dataset as shown in Figure 4.
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The dataset has 32 features and 569 instances, but not all of them are useful to build the
system and they may reduce the generalization ability and overall accuracy of the system.
An Improved Gini Index Random Forest-Based Feature Importance Measure Algorithm
was used as a feature selection technique that assigns a score to all input features based on
how useful and important they are for predicting breast cancer in Saudi Arabia. Figure 5
shows the importance measure scores of the features of the dataset and Figure 6 shows the
graphical presentation of the feature ranking scores.
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Based on the importance measure scores of the features of the dataset, we choose the
five fitness features of the dataset for the development of the fuzzy neural network-based
expert system to reduce a heavier burden on the overlay of the network nodes of the system.
This would help to build a simpler and more reliable system. The five fittest features of the
dataset include radius mean, texture mean, perimeter mean, area mean, and smoothness
mean. Table 1 shows the unit and value ranges of the features of the dataset.

Table 1. Unit and value ranges of the features.

SN Features Units Range

1 RadiusMean mm 6.981–28.11
2 TextureMean dimensionless 9.71–39.28
3 PerimeterMean mm 43.79–188.5
4 AreaMean µm2 143.5–2501
5 SmoothnessMean mm 0.05263–0.1634
6 The Diagnosis of Breast Tissues malignant (0), benign (1) 0,1

1 µm (micrometer) = 1 × 10−6 m; 1 mm (millimeter) = 1 × 10−3 m.

4.1.1. Classification Models with full features

Five machine algorithms, which include logistic regression, support vector machine, k-
nearest neighbor, random forest, and gaussian naïve bayes learning algorithms, were used
to develop classification models with full features of the dataset. The models were evaluated
with 10-folds cross-validation techniques. The result of the experimental performance
evaluation of classification models has been shown in Table 2 and Figure 7, respectively.
Random forest, in terms of accuracy, and specificity random-forest–forest-based model
achieved the highest accuracy of 76.20% and 93.40% specificity, respectively. While in terms
of sensitivity, the gaussian naïve bayes based model has the highest sensitivity of 87.12%.

Table 2. Performance evaluation result of classification models with full features.

Model Accuracy (%) Specificity (%) Sensitivity (%)

Logistic regression 66.30 74.24 36.80
Support vector machine 75.00 85.20 56.00

K-nearest neighbor 66.10 75.40 67.19
Random forest 76.20 93.40 71.16

Gaussian naïve bayes 70.00 78.70 87.12
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4.1.2. Classification Models with Selected Fittest Features

Logistic regression, support vector machine, k-nearest neighbor, random forest, and
gaussian naïve bayes learning algorithms were used to develop classification models with
only five fittest selected features of the dataset. The models were evaluated with 10-folds
cross-validation techniques. The result of the experimental performance evaluation of
classification models has been shown in Table 3 and Figure 8, respectively. In terms of
accuracy, random forest-based also achieved the highest accuracy of 95.61%, while in terms
of specificity, the gaussian naïve bayes based model achieved the highest specificity of
98.34% and, in terms of sensitivity, the k-nearest neighbor-based model achieved the highest
sensitivity of 98.11%.

Table 3. Performance evaluation of classification models with five fittest selected features.

Model Accuracy (%) Specificity (%) Sensitivity (%)

Logistic Regression 95.60 96.90 90.11
Support vector machine 95.60 97.45 78.51

K-nearest neighbor 94.74 98.00 98.11
Random forest 95.61 93.56 88.45

Gaussian naïve bayes 93.86 98.34 87.18
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4.1.3. Comparative Analysis of Performance Evaluation of the Classification Models

In this study, we used three performance evaluation metrics which include accuracy,
sensitivity, and sensitivity. Hence, the experimental results of the classification models with
full features and classification models with selected fittest features, respectively, are shown
in Table 4.

The results of the comparative analysis of the type of performance evaluation of
classification models of both classification models with full features and classification
models with five selected fittest features show that the models with five selected fittest
features outperformed their counterparts with full features in terms of accuracy, sensitivity,
and sensitivity, as shown in Figures 9–11, respectively.
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Table 4. Performance evaluation of classification models with full features against that of the models
with selected fittest features.

Model.

Accuracy of
Models with
Full Features

(%)

Accuracy of
Models with

Selected Fittest
Features (%)

Specificity of
Models with
Full Features

(%)

Specificity of
Models with

Selected Fittest
Features (%)

Sensitivity of
Models with
Full Features

(%)

Sensitivity of
Models with

Selected Fittest
Features (%)

Logistic
regression 66.30 95.61 74.24 96.90 36.80 90.11

Support vector
machine 75.00 95.60 85.20 97.45 56.00 78.51

K-nearest
neighbor 66.10 94.74 75.40 98.00 67.19 98.11

Random forest 76.20 95.61 93.40 93.56 71.16 88.45
Gaussian naïve

bayes 70.00 93.86 78.70 98.34 87.12 87.18
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4.2. Selection of the Size of Training Dataset

The dataset has been split into 80% training and 20% testing sets to avoid over flitting
and under flitting of the system, respectively.

4.3. Rule Generation from Dataset

As the dataset has been split into 80% training and 20% testing sets to avoid over
flitting and under flitting of the system, respectively. The dataset was used to generate
the rules that would be used for the diagnosis of breast cancer. In this study, MALTAB
neuro-fuzzy designer toolbox was used to generate the rules. The dataset was saved to
MATLAB workspace and loaded it on the toolbox as shown in Figures 12 and 13 shows the
trend of the trained dataset.
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4.4. Rule Optimization

In this step, the fuzzy rules being generated from the selected training dataset are
redefined using the neural network technique. Therefore, five network neural layers are
to be used for redefining the fuzzy rules and each layer defines the inference mechanism
steps in the fuzzy neural network-based expert system.

4.4.1. Input Layer

The five fittest features are the inputs of the system, which would have a linear function
to represent the current state of the system. Therefore, the inputs of the system include
radius mean, texture mean, perimeter mean, area mean, and smoothness mean, and the
membership of each input would be determined in the next layer.

4.4.2. Fuzzification Layer

The five fittest selected features of the dataset which are the input of the system, which
include radius mean, texture mean, perimeter mean, area mean, and smoothness mean, are
to be fuzzified in this layer. The inputs are the neurons of this layer which are the scalar
values of the input features received from the input layer; therefore, their corresponding
fuzzy values are to be determined by using the membership function. Fuzzification is the
process of converting the scalar values of the inputs of the system to their corresponding
fuzzy values and the process is carried out with fuzzy logic [70,71]. Fuzzy logic is a
multivalued logic unlike traditional logic where the value is either 0 or 1, but fuzzy logic
has an infinite number of values between 0 and 1 [70]. In fuzzy theory, A fuzzy set B in Y is
defined as a set of ordered pairs =, ( ), ∈ a where µB (x) is called the membership function
of set B.

MB(y) :→ {0, 1}, where µβ(y) = 1 is totally in B; (11)

MB(y) = 0 i f y is not is B; (12)

0 < µβ(y) < 1 i f y is party in B. (13)

The fuzzy logic allows for having possible options of choices. For any element y of
the set Y, the member function of µB(u) is equal to the degree that y is an element of the
set Y [31,51]. Therefore, the infinite value between 0 and 1 is considered and called the
order of membership function. The membership function expresses the ambiguity and
uncertainty by overlapping values to avoid the problem of sharp boundaries of values [19].
Therefore, there are many membership function distributions; however, for the input
features of the system, the trapezoid membership function distribution is used, while for
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the output feature of the system, triangle membership function distribution is used. The
trapezoidal membership function distribution is represented as Trapezoidal (x; a, b, c, d). The
membership function values at x = a, x = b, x = c, and x = d are set equal to 0.0, 1.0, 1.0, and
0.0, respectively. The trapezoidal membership function expressed in Equation (6) below:

trapezoid ( x; a, b, c, d) = max
(

min
(

x− a
b− a

, 1,
d− x
d− c

)
, 0
)

(14)

The triangular membership function is donated by Triangle (x; a, b, c). The membership
function values at x = a, x = b, and x = c are set equal to 0.0, 1.0, and 0.0, respectively. The
triangular membership function expressed in Equation (7) below:

triangle ( x; a, b, c) = max
(

min
(

x− a
b− a

, 1,
c− x
c− b

)
, 0
)

(15)

Table 5 above shows the input and output feature ranges with linguistic terms and
membership function of the system. The trapezoid membership function distribution is
used for inputs and output of the system was calculated and visualized in MATLAB Fuzzy
Logic Toolbox. Figures 14–18 show the visualized membership functions of the linguistic
variables of radius mean, texture mean, perimeter mean, area mean, and smoothness mean
input features of the system, respectively, and Figure 19 shows the visualized membership
functions of the linguistic variables output feature.

Table 5. Input and output features, ranges on linguistic terms, and membership function.

Input (Features) Range Linguistic Term Membership Function

RadiusMean
<10 Smaller

Trapezoid7–28 Normal
>21 Larger

TextureMean
<15 Smaller

Trapezoid10–30 Normal
>25 Larger

PerimeterMean
<40 Smaller

Trapezoid30–180 Normal
>160 Larger

AreaMean
<150 Smaller

Trapezoid130–2200 Normal
>2300 Larger

SmoothnessMean
<0.04 Smaller

Trapezoid0.06–0.14 Normal
>0.12 Larger

Diagnosis
<1 Mild

Triangle1–2 Healthy
>2 Severe
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4.4.3. Fuzzy Rules Layers

The fuzzy rules are generated in this layer called the knowledge base of predicator,
because it contains the possible combination of all fuzzified values of system inputs with
performed logical AND operations. In fuzzy logic, the universal set Y:Y→[0,1] is called the
universe of discourse, or simply the universe. The implication Y→[0,1] is the abbreviation
for the IF-THEN rule: —IF y is in Y, THEN its MF µY(y) is in [0,1].‖, where µY(x) is the
membership function of y. The universe Y may contain either discrete or continuous values.

Therefore, the neurons in this layer represent the fuzzy rules of the system and the
numbers of the neurons are equal to the number of fuzzy rules. The main function of the
neurons in this layer is to perform logical AND operations by the product of their respective
input features of the system and pass the output to the next layer. Below are the same with
the sample of fuzzy rules:

i. (RadiusMean == Larger) & (TextureMean == Normal) ) & (PerimeterMean == Normal) )
& (AreaMean == Normal ) & (SmoothnessMean == Small) => (Diagnosis == Mild)

ii. (RadiusMean == Normal) & (TextureMean == Normal) ) & (PerimeterMean == Normal) )
& (AreaMean == Normal) ) & (SmoothnessMean == Normal) => (Diagnosis == Healthy)

iii. (RadiusMean == Larger) & (TextureMean == Larger) ) & (PerimeterMean == Larger) )
& (AreaMean == Larger) ) & (SmoothnessMean == Larger) = > (Diagnosis == Severe)

iv. (RadiusMean ==Small) & (TextureMean == Normal) ) & (PerimeterMean == Normal) )
& (AreaMean == Normal ) & (SmoothnessMean == Normal) => (Diagnosis == Healthy)

v. (RadiusMean == Lager) & (TextureMean == Small) ) & (PerimeterMean == Normal) )
& (AreaMean == Small) ) & (SmoothnessMean == Larger) => (Diagnosis == MIld)

vi. (RadiusMean == Normal) & (TextureMean == Small) ) & (PerimeterMean == Normal) )
& (AreaMean == Small ) & (SmoothnessMean == Normal) => (Diagnosis == Healthy)

vii. (RadiusMean == Small) & (TextureMean == Larger) ) & (PerimeterMean == Normal) )
& (AreaMean == Small) ) & (SmoothnessMean == Larger) => (Diagnosis == Mild)

viii. (RadiusMean == Normal) & (TextureMean == Small) ) & (PerimeterMean == Normal) )
& (AreaMean == Normal ) & (SmoothnessMean == Normal) => (Diagnosis == Healthy)

ix. (RadiusMean == Larger) & (TextureMean == Larger) ) & (PerimeterMean == Larger) )
& (AreaMean == Larger) ) & (SmoothnessMean == Larger) => (Diagnosis == Severe)

4.4.4. Inference Layer

In this layer, the neurons identify the firing rules corresponding to the set of input
features of the system. Therefore, the neurons represent the output membership sets and
each neuron combines all its input features AND operation. Therefore, the output of each
neuron shows the stretcher of its input rules. Figure 20 shows how each neuron combines
all its input features AND operation.
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4.4.5. Defuzzification Layer

As shown in Figure 21, this layer has only one neuron that represents the final out of
the system, as it takes input from the output fuzzy rules and combines them into single
fuzzy rules. Therefore, all the fuzzified outputs that have been shown in the figure are
defuzzified into corresponding crisp values. Back propagation learning is used to rule
optimization to adjust the parameters of the membership functions optimally. Therefore,
the training data of input and output are compared with the system output and the errors
are propagated backwards through the network from output layer to input layer, with the
aim of modifying the membership functions of the neurons in layer 2.
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Figure 21. Fuzzy Neural Network Expert System for Early Diagnosis of Breast Cancer in Saudi Arabia.

A centroid is employed in this work for defuzzification, called the center of area or
center of gravity, where z is the output feature, and (z) is the membership function of
the aggregated fuzzy set A referring to z. The centroid method defuzzifies the system’s
diagnosis result’s undefined values, which is the output of the system to crisp values.
Figure 22 shows that the defuzzification layer of the system.

ZCOA =

∫ ·
Z µA (z) · zdz∫ ·
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5. Performance Evaluation of Fuzzy Neural Network Expert System with an Improved
Gini Index Random Forest-Based Feature Importance Measure Algorithm

The fuzzy neural network expert system with an improved gini index random forest-
based feature importance measure algorithm for early diagnosis of breast cancer in Saudi
Arabia has been developed and carefully evaluated to determine its performance against
other systems that have been developed with other AI approaches. The system has been
used to predict breast cancer on, randomly selected, 300 instances from the wisconsin
diagnostic breast cancer dataset, considering only the five fittest features which have the
highest random forest gini based importance measure scores. The features include radius
mean, texture mean, perimeter mean, area mean, and smoothness mean. Figures 23–25
show how the system predicts and diagnoses breast cancer on the healthy, mild, and severe
linguistic variables basis.
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Table 6 shows the results of system diagnosis of breast cancer based on the healthy,
mild, and severe cases, which were 300 randomly selected instances from the wisconsin
diagnostic breast cancer dataset.

Table 6. Results of system for diagnosis of breast cancer.

Class No. of Instances No. of Corrected Diagnosis No. of Wrong Diagnosis

Healthy 131 130 1
Mild 80 80 0

Severe 89 88 1
Grand Total 300 298 2

The system was used to diagnose the breast cancer based on five fittest features
selected with an improved gini index random forest-based feature importance measure
algorithm and the following performance evaluation techniques were used to determine
the efficiency of the system:

iv. Accuracy: It is used to determine the efficiency of the system in terms of the percentage
of suspected breast cancer patients that were able to predict correctly against the total
number of available instances and it is defined using the formula:

TP + TN
TP + TN + FP + FN

(17)

v. Sensitivity: It is used to determine the efficiency of the system in terms of the percentage
of mild and severe cases of breast cancer patients that is able to predict correctly against
the total number of positive cases of the instances and it is defined using the formula:

TP
TP + FP

(18)

vi. Specificity: It is used to determine the efficiency of the system in terms of the percent-
age of healthy cases of breast cancer patients that is able to predict correctly against
the total number of negative cases of the instances and it is defined using the formula:

TP
TP + FN

(19)

Note: TP stands for True Positive, FP stands for False Positive, TN stands for True
Negative, FN stands for False Negative.
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Table 7 shows the results of the performance evaluation result of the expert system
and Figure 26 shows the chart presentation of the results. The system achieved 99.33%
of accuracy for the ability to correctly diagnose healthy, mild, and severe cases of breast
cancer patients, while for the ability to diagnose mild and severe cases of breast cancer
patients correctly, the system achieved 99.41% sensitivity. In addition, likewise for the
ability to correctly diagnose healthy cases of breast cancer patients, the system achieved
99.24% specificity.

Table 7. Performance evaluation result.

Accuracy (%) Specificity (%) Sensitivity (%)

99.33 99.24 99.41
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The result of the performance evaluation obtained from the fuzzy neural network ex-
pert system with an improved gini index random forest-based feature importance measure
algorithm in this work has been compared with previous works that used fuzzy neural
network and other applied artificial intelligence techniques on the same dataset for the
diagnosis of breast cancer using the same dataset instances. Table 8 shows the comparison
between the proposed method and existing works using the WBCD dataset.

Based on the comparison between the proposed method and existing works using the
WBCD dataset, the proposed method of this work stands to be the best with the achievement
of 99.33%, 99.41%, and 99.24% for accuracy, sensitivity, and specificity, respectively.
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Table 8. Comparison between the proposed method and existing works using WBCD dataset.

Reference Technique Accuracy (%) Sensitivity (%) Specificity (%)

Proposed Method
Fuzzy neural network expert system with an

improved gini index random forest-based feature
importance measure algorithm

99.33 99.41 99.24

Ref. [36] Automatic fuzzy database definition 94.53% NA NA
Ref. [3] A semantic rule-based approach NA 89.00 81.00

Ref. [51] fuzzy method for pre-diagnosis of breast cancer
from the fine needle aspirate analysis NA 85.43 98.59

Ref. [39] Breast cancer diagnosis using GA feature selection
and Rotation Forest 96.00 94.67 97.69

Ref. [12] Normalized neural networks for breast
cancer classification 99.27 NA NA

Ref. [38] artificial metaplasticity
neural network 99.26 NA NA

Ref. [72]
An expert system for detection of breast cancer

based on association rules
and neural network (for four inputs)

95.60 NA NA

Ref. [72]
An expert system for detection of breast cancer

based on association rules
and neural network (for eight inputs)

97.40 NA NA

Ref. [36]
Particle swarm optimization feature selection

for breast cancer recurrence prediction
(naïve bayes)

81.30 63.20 86.90

Ref. [36] Particle swarm optimization feature selection
for breast cancer recurrence prediction (Reftree) 80.00 36.80 93.89

Ref. [36]
particle swarm optimization feature selection

for breast cancer recurrence prediction (K-nearest
neighbors (IBK))

75.00 42.10 85.29

Therefore, this work addressed all the research questions that we have assumed in
the Introduction. In this work, we have developed an expert system that addressed the
uncertainty often associated with diagnosis of breast cancer with a fuzzy logic technique.
The heavier burden on the overlay of the network nodes of the fuzzy neural network system
were addressed by leveraging the feature selection technique. We have found out the five
fittest features of the diagnostic wisconsin breast cancer database, among 32 features of the
dataset, by leveraging the improved gain index random forest-based feature importance
measure algorithm. We have also justified why the five fittest features of the diagnostic
wisconsin breast cancer database are more important than using an all feature dataset,
where we have built evaluated machine learning models with logistic regression, support
vector machine, k-nearest neighbor, random forest, and Gaussian naïve Bayes algorithms
with both full features and selected five fittest features selected, respectively, evaluated
them, and compared the results of the evaluation.

6. Statistical Testing

In order to be assured the results obtained from the performance evaluation of the
fuzzy neural network expert system with an improved gini index random forest-based
feature importance measure algorithm are truly accurate and not produced by chance, the
statistical z-test was performed using R package. The null hypothesis assumes that there is
no significant accuracy achieved by fuzzy neural network expert system with an improved
gini index random forest-based feature importance measure algorithm for diagnosis of
breast cancer, while the alternative hypothesis assumes that there is significant accuracy
achieved by fuzzy neural network expert system with an improved gini index random
forest-based feature importance measure algorithm for diagnosis of breast cancer. Using a
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record of the healthy, mild, and severe cases of breast cancer on the 300 randomly selected
instances of the wisconsin diagnostic breast cancer dataset, the null hypothesis that there is
no significant accuracy achieved by fuzzy neural network expert system with an improved
gini index random forest-based feature importance measure algorithm for diagnosis of
breast cancer is rejected, since the p-value obtained from the test, p-value < 0.0001, is less
than the significance level, 0.05. That is, the proportion of the correctly diagnosed breast
cancer cases by the system is greater than the proportion of incorrectly diagnosed cases.
Thus, there is significant accuracy achieved by the fuzzy neural network expert system
with an improved gini index random forest-based feature importance measure algorithm
for diagnosis of breast cancer.

7. Conclusions

Breast cancer is one of the multifactorial genetic disorders or diseases that is likely
associated with the effect of multiple genes in the combination of environmental factors
and lifestyle. It is one of the common malignancies among females in Saudi Arabia and
is ranked as the one most prevalent and the number two killer disease in Saudi Arabia.
However, the conventional clinical diagnosis process of diseases is often associated with
uncertainty and ambiguity due to complexity and fuzziness in the course of diagnosis of
most of the deadly diseases, such as breast cancer, coronary artery diseases, diabetes, and
waterborne diseases, among others. Hence, in this study, a fuzzy neural network expert
system with an improved gini index random forest-based feature importance measure
algorithm has been developed to address the challenges which include the heavier burden
on the overlay of the network nodes of fuzzy neural network-based expert system due
to many insignificant features that are used to predict or diagnose the disease and the
uncertainty and ambiguity often associated with diagnostic decision making of breast
cancer. The fuzzy neural network expert system with an improved gini index random
forest-based feature importance measure algorithm achieved 99.33% accuracy for the ability
to correctly diagnose healthy, mild, and severe cases of breast cancer patients, while for
the ability to diagnose mild and severe cases of breast cancer patients correctly, the system
achieved 99.41% sensitivity and, likewise for the ability to correctly diagnose healthy cases
of breast cancer patients, the system achieved 99.24% specificity. Moreover, based on the
comparison of the system with previous works that used fuzzy neural network or other
applied artificial intelligence techniques on the same dataset for predicting breast cancer,
the system stands to be the best with the achievement of 99.33%, 99.41%, and 99.24%
for accuracy, sensitivity, and specificity, respectively. Z-test statistical testing was also
conducted, and the testing result shows that there is significant accuracy achieved by the
system for diagnosis of breast cancer. In the future, the method used in this work would be
used in some other domains to further ascertain its accuracy.

Limitation and Future Direction

Fuzzy neural network expert system with an improved gini index random forest-based
feature importance measure algorithm for early diagnosis of breast cancer in Saudi Arabia
has been developed in this work and the system proved to be very efficient in addressing
the challenges of the heavier burden on the overlay of the network nodes of fuzzy neural
network-based expert system. This is due to many insignificant features that are used
to predict or diagnose the disease and uncertainty and ambiguity often associated with
diagnostic decision making of breast cancer. However, in future research, there is a need
to apply the method used in this work in other domains, such as agriculture, mining,
education, and learning. In the future research, fuzzy type 2 instead of type 1 would also be
leveraged and a new feature selection would be proposed to make the system more robust
and efficient.
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