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ARTICLE INFO ABSTRACT

Accurate medical disease diagnosis is considered to be an important classification problem. The main goal of the
classification process is to determine the class to which a certain pattern belongs. In this article, a new classi-
fication technique based on a combination of The Teaching Learning-Based Optimization (TLBO) algorithm and
Fuzzy Wavelet Neural Network (FWNN) with Functional Link Neural Network (FLNN) is proposed. In addition,
the TLBO algorithm is utilized for training the new hybrid Functional Fuzzy Wavelet Neural Network (FFWNN)
and optimizing the learning parameters, which are weights, dilation and translation. To evaluate the perfor-
mance of the proposed method, five standard medical datasets were used: Breast Cancer, Heart Disease,
Hepatitis, Pima-Indian diabetes and Appendicitis. The efficiency of the proposed method is evaluated using 5-
fold cross-validation and 10-fold cross-validation in terms of mean square error (MSE), classification accuracy,
running time, sensitivity, specificity and kappa. The experimental results show that the efficiency of the pro-
posed method for the medical classification problems is 98.309%, 91.1%, 91.39%, 88.67% and 93.51% for the
Breast Cancer, Heart Disease, Hepatitis, Pima-Indian diabetes and Appendicitis datasets, respectively, in terms of
accuracy after 30 runs for each dataset with low computational complexity. In addition, it has been observed
that the proposed method has efficient performance compared with the performance of other methods found in
the related previous studies.
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data is available, and it can be difficult to describe its structure [9,10].
Alternately, fuzzy logic [11] has the ability to deal with cognitive un-

1. Introduction

In recent decades, the utilization of classification systems in the field
of medical diagnosis has gradually increased. While there is no doubt
that the experience of specialists is very important in the diagnosis
process, expert systems have the ability to support specialists and fa-
cilitate accurate diagnosing in shorter periods of time. In addition, such
systems help to reduce potential mistakes by doctors with limited ex-
perience [1]. Various classification approaches, such as Support Vector
Machine (SVM) [2], Artificial Immune System (AIS) [3] and Artificial
Neural Network (ANN) [4,5], are quite popular for the diagnosing of
many diseases, for instance, breast cancer, heart disease, hepatitis,
diabetes and appendicitis [6-8]. ANN has gained wide attention in
various fields, including classification, due to its ability to learn or
adapt from examples and generalize data. However, ANN is only con-
sidered an effective artificial intelligence method when enough training
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certainties in a manner similar to that of humans [12]. Fuzzy logic is
used to improve the ability of the neural network and increase its
learning rate [13]. Thus, the combination of a neural network and fuzzy
logic in one system leads to the creation of another computational tool
called a fuzzy neural network (FNN), which combines the advantages of
both approaches [12,13]. In spite of the fact that the FNN/NN has many
advantages, it still suffers from some drawbacks, such as slow training
speed, high approximation error, and poor convergence problems [14].
Thus, it does not seem suitable for use as a powerful tool for accurate
diagnosis. Moreover, the wavelet neural network (WNN), which has
drawn much research interest, combines both the wavelet function and
neural network [14,15]. The main advantages of the WNN are better
generalization capability [16], faster learning property [14,16], and
smaller approximation errors and sizes of networks than NN [14]. Due
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to these great advantages, it is able to overcome the obstacles of FNN/
NN, especially in highly nonlinear systems [14]. Therefore, the Fuzzy
Wavelet Neural Network (FWNN), which merges the wavelet function,
neural network and fuzzy system, has been considered in different ap-
plication areas [17-19]. In addition, the Functional Link neural net-
work (FLNN) [20] is characterized by simple architecture and low
computational complexity of the network. Consequently, it effectively
achieves fast convergence rate. This encourages the utilization of the
FLNN in classification tasks [21,22]. Considering the aforementioned
discussion, in this paper, a new hybrid method called Functional Fuzzy
Wavelet Neural Network (FFWNN) is proposed. This method utilizes
the functional link neural network (FLNN) and the wavelet function in
the consequent part of the fuzzy rules.

The training of the FFWNN, to find the best values of FFWNN
parameters and the global optimal solution, is considered to be a very
crucial process. The functional fuzzy wavelet neural network has many
parameters, including the weights, dilation, translation, center and
width of the membership function parameters. This process requires
robust optimization techniques to make the performance of the FFWNN
more accurate and efficient. According to a comparison study [23-26]
of various recent nature-inspired optimization algorithms, including
Particle Swarm Optimization (PSO) [27,28], Differential Evolution (DE)
[29,30], Teaching Learning-Based Optimization (TLBO) [31], Artificial
Bee Colony (ABC) [32,33], and the Firefly Algorithm (FA) [34,35], the
TLBO algorithm is more accurate, effective and efficient, thus ex-
hibiting superior performance. Moreover, TLBO has balanced explora-
tion and exploitation abilities, so it does not encounter the problem of
becoming trapped in local minima [36].). In addition, TLBO is utilized
as an optimization algorithm for continuous nonlinear large-scale pro-
blems [23]. Thus, in this study, the teaching learning-based optimiza-
tion (TLBO) algorithm is utilized to adjust the weights, dilation and
translation parameters in FFWNN.

The rest of this paper is organized as follows. In Section 2, previous
related studies are presented. Sections 3 through 5 provide a brief in-
troduction to the concepts of the structure of the fuzzy wavelet neural
network (FWNN) and functional link neural network (FLNN) and an
overview of the teaching learning-based optimization algorithm
(TLBO), respectively. Section 6 depicts the framework of the proposed
method (TLBO-FFWNN). In Section 7, accuracy, complexity, sensitivity,
specificity and kappa analysis are given. Section 8 explains and dis-
cusses the experimental results. Finally, a conclusion is given in Section
9.

2. Related works

Throughout recent decades, several studies have been concerned
with solving classification problems, especially the classification of
medical datasets. In 2007, Socha and Blum proposed a hybrid method
based on the Ant Colony Optimization (ACO) algorithm and Back
Propagation (BP) algorithm to train feed-forward neural networks for
medical classification problems. The results showed that the perfor-
mance of the ACO algorithm is comparable with that of the BP algo-
rithm and better than that of the Genetic Algorithm (GA) [37]. [38]
designed a hybrid system of a fuzzy neural network (FNN) and artificial
neural network (ANN) for diagnosing diabetes and heart diseases,
where the classifier parameters were optimized by the Back Propaga-
tion (BP) algorithm. The results showed that the proposed method is
comparable with other methods [38]. In addition [39], proposed a
system for heart disease diagnosis by using a neural network ensemble
model that combines several individual neural networks, but this
method increased the complexity and the execution time [39]. [4]
presented a classification approach for diagnosing heart disease using
Multi-Layer Perceptron (MLP) with the Back Propagation learning al-
gorithm, as well as a feature selection algorithm that used 8 features
instead of 13. The results showed that the accuracy rate was enhanced
by 1.1% in the training data set and 0.82% in the testing data set [4].

Computers in Biology and Medicine 112 (2019) 103348

[6] applied centripetal accelerated particle swarm optimization
(CAPSO) to enhance the learning of an Artificial Neural Network (ANN)
to classify the data of various standard medical datasets [6].

Then [40], utilized the Ant Colony Optimization (ACO) algorithm to
train a feed-forward neural network for pattern classification. More-
over, the ACO training algorithm is hybridized with gradient descent
training. The results showed that the ACO algorithm can be a useful
technique in neural network training for pattern classification, espe-
cially when it is hybridized with gradient descent training methods
[40]. [41] proposed the use of a GA algorithm for optimizing ANFIS to
solve physical work rate classification [41]. Moreover [42], developed a
new ensemble of classifiers that enables the efficient recognition of
heart disorders based on support vector machines classifier genetic and
optimization of classifiers parameters and novel genetic training uti-
lized for combining classifiers [42]. [43]; proposed a new emotion re-
cognition system based on facial expression images, which employed
biorthogonal wavelet entropy for feature extraction and utilized fuzzy
multiclass support vector machine for classification. Statistical analysis
showed that this method is efficient [43]. In addition, in 2017, Wang S.
et al. utilized wavelet contour analysis for backbone detection and then
merged wavelet packet entropy (WPE) with fuzzy support vector ma-
chine (FSVM) for spine classification. The results showed that this
method is promising and has some advantages that can reduce the
noise, error rate and computing time, in addition to increasing the
computing efficiency [44].

All previous studies have shown that the classification accuracy has
not yet reached the desirable level. However, because the main objec-
tive of all previous studies was to increase the classification accuracy,
thereby making the disease diagnosis process more accurate and effi-
cient, it is, therefore, highly necessary to propose a new hybrid method
to increase the classification accuracy and decrease the error rate.

3. Fuzzy wavelet neural network (FWNN)

The structure of FWNN, described in Fig. 1, contains seven layers
[18,45-47], as described below:

Layer 1: there is no computation in this layer, wherein each node in
this layer directly transmits the values of the input variables to the
second layer.

Layer 2: the values of input variables are fuzzified in this layer,
wherein each node represents one fuzzy set. Thus, the output of layer 2
represents the membership value of the input variable to the corre-
sponding fuzzy set based on the selected membership function.

Layer 3: this layer receives the membership degrees of the inputs
from the previous layer to create the antecedent part of each fuzzy rule,
wherein each node in this layer represents one fuzzy rule. The output of
this layer can be calculated using equation (1).

q
= (x) = A (x;
=) = I14]09) W
where II refers to the product operation and Aﬁ acts as a membership
function that is used to calculate the membership degrees of the input
variables. In this study, a Gaussian membership function is used, which

can be represented by equation (2).

l: 2
oo oo {259)
J (2)

In equation (2), c} and a} represent the center and width of the
membership function, respectively.

Layer 4: nodes in this layer are called consequent nodes because
they represent the consequent part of the fuzzy rules. Each node con-
tains the wavelet function (ybij). The wavelet function is a waveform that
has limited duration, and the mean value of this duration is zero. This
function has two parameters, i.e., the dilation parameter and transla-
tion parameter.
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Fig. 1. The general structure of a Fuzzy Wavelet Neural Network [18].

In FWNN, fuzzy rules can be represented by the following equation:

R:if x1is Al , and x2is A} ... and xq is A}
then y; = w; 23:1 Py () )

where R! refers to the ith rule, and (1 < i < c), where c is the number of
the rule. x; refers to the jth input, and (1 <j < q), where q is the
number of input variables, while y, refers to the ith output from the
wavelet neural network (WNN). In the wavelet neural network, which
is described in Fig. 2, the output can be calculated using equation
(4).where w; refers to the weight coefficients and 3, represents a set of
wavelet functions, which are called the wavelet family, and is defined
computationally using equation (5).
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P05 = p| T—L| a5 #0

@ (5)
where aj;and bj; represent the dilation and translation parameters of the
wavelet function, respectively, and ¢ refers to the mother wavelet,
which can be calculated using the Mexican hat wavelet function, which
can be represented as in equation (6).

1
—1 -2
Jial 6)
Layer 5: this layer integrates layer 3 with layer 4. The output of this
layer is calculated by multiplication of the outputs of the third layer
with the outputs of the fourth layer using equation (7).

P(x) =

Ls(i) = p;*y, ™

where 1 =i < c and c refers to numbers of fuzzy rules and wavelet
functions.

Layer 6: the output of this layer involves two parts. The first part
(L%) can be calculated using a sum operation of the outputs of the fifth
layer, which can be represented using equation (8)

c
L¢ = D 1,
gH ®
The second part (L2)can be calculated using a sum operation of the
outputs of the third layer, which can be represented using equation (9)

Lﬁb = Z'u.
= ©)

Layer 7: this layer acts as a defuzzifier, and the overall output of
FWNN is calculated in this layer using equation (10)

— Zf:l szl
P (10)

4. A brief overview of functional link neural network (FLNN)

FLNN has been conveniently used for function approximation, and it has
also emerged as an important tool for solving classification problems due to
its single-layer property, i.e., it does not have hidden layers [48]. Thus,
FLNN has low computational complexity and fast training speed due to it
optimizing fewer weight parameters [21,48,49]. In FLNN, the values of the
input variables are mapped to a higher dimensional space by functional
expansion using trigonometric functions [50,51], which enhances the input
representation and achieves linear separability in the extended space [48].
For instance, if there are two input variable samples x = [x;, x]", the result
of functional expansion using trigonometric functions will be

Fig. 2. The structure of a Wavelet Neural Network [18].
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@ = [x, sin(pi*x), cos(pi*x), X%, sin(pi*x), cos(pi*x)]|" . Therefore, the
number of the basis function (@) will be 3*N, where N represents the
number of input variables. The local output of the FLNN, y, is given by
using equation (11) [48].

M
%= 20 W ()
e an
where x is the input variable and wy; represents the weight that connects
the basis function number k (¢,) with the jth output node of the FLNN. M
represents the total number of the basis function.

5. Teaching learning-based optimization algorithm (TLBO)

The teaching learning-based optimization algorithm (TLBO), pro-
posed by Ref. [31]; is a learner teaching process-inspired algorithm
[31]. This optimization algorithm depends mainly on two vital com-
ponents, which are the teacher and the learners, where the learners can
get knowledge via the teacher, who is usually considered to be a highly
learned person (teacher phase), and via interacting with other learners
(learner phase) [31,47,52,53].

In the TLBO algorithm, the group of n learners in a class is con-
sidered a population. Each learner represents a solution for the given
optimization problem and the number of dimensions (D) of each solu-
tion, which are considered as different subjects offered to the learners
and actually represent the parameters involved in the objective function
of the given optimization problem. The learners’ grades are considered
to be a fitness value of the optimization problem, and the best solution,
which has the best fitness value, is considered to be a teacher
[47,52-55].

The attractive characteristic of the TLBO algorithm is that it is a
simple mathematical model because it does not contain any specific
parameter [56,57], and it is one of the most powerful tools for finding
the optimal solution in a shorter computational time period [26].

The implementation of the TLBO algorithm is divided into two
phases, namely, the “teacher phase” and “learner phase.” The im-
plementation of these two phases will be explained in the following
subsection [31,47,58]:

1) Define the optimization problem and initialize the common para-
meters, which are population size (ps), which represents the number
of learners (n), and the subjects (m) offered to the learners. In ad-
dition, set the value of the maximum number of iterations and the
values of the constraints variables (Ib, ub), which denote lower and
upper boundaries, respectively.

2) Generate the initial population randomly with (n) rows and (m)
columns within [Ib, ub] and then calculate the objective function
value of each solution using f(x), where x = 1, 2, 3, ..., n. The results
are sorted in ascending order corresponding to population size (ps),
as shown in matrix (1) (ascending order is convenient for finding the
minimum value; the maximum value can be obtained by multiplying
by —1 before the objective).

Al1 Az1 Arln—l Ar]n - F
Ar A2 AL AL |- f@

Ps= P : : @
AP AR AR AR f(r-D)
AAR AR AN | )

where f(1) < f(2) ... < f(n-1) < f(n). Therefore, the first learner
Al = (AlA} ... A)) is considered to be the best solution (teacher).

3) In the teacher phase, calculate the mean of the population column-
wise where:
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e _ {mean[z”: Ali) mean(zn: Ag) mean[zn: ALJ}

i=1 i=1 i=1

12

4) The teacher tries to improve the average grade of the students using:
At = Al (AN = TpA™") (i = 1,2,3,...,n) 13)

where A""! represents the improved learners, A’ represents the current
learners, r; is a random number in the interval [0,1], A' is the desired
mean, A" is the current mean [59], and T is a teaching factor that is
not a parameter of the TLBO algorithm: it is calculated randomly using
equation (14), which decides the value of the mean to be changed [53].

Tr = round[1 + rand(1)] (14)

In A" if the value of any variable is less than Ib or greater than ub,
it is equal to b or ub, respectively [60].

If the objective function value of the new solution f (4™") is better
than the objective function value of the current solution f (4"), then the
current solution is replaced by the new solution using equation (15).

If f(Ar™) < f(A), then Al = A"ielse A = A (15)

5) In the learner phase, a learner interacts randomly with other lear-
ners to enhance his or her knowledge.
6) Select two learners randomly, such as A' and A/, where i # j.

A= A4 (A = A if (A) < f(A)) (16)
Anew.i — A + n(Aj —Al)lff(A]) <f(Aj) (17)

In A", if the value of any variable is less than Ib or greater than ub,
it is equal to Ib or ub, respectively.

If the objective function value of the new solution f (A"") is better
than the objective function value of the current solution f{A!), then the
current solution is replaced by the new solution using equation (15).

7) Duplicate solutions are modified to avoid becoming trapped in local
optima by using a mutation process on randomly selected dimen-
sions of the duplicate solutions before executing the next iteration.

8) Sort the results in ascending order corresponding to (ps).

9) Repeat (3) through (5) until the termination condition is satisfied.

6. The proposed method of TLBO-FFWNN

The learning process of FFWNN is achieved by iteratively adjusting
the FFWNN parameters. Due to the previously mentioned character-
istics of the TLBO algorithm, this algorithm will be utilized for updating
the linkage weights, dilation parameters and translation parameters of
the FFWNN for five different datasets, which are Breast Cancer, Heart,
Hepatitis, Pima-Indian diabetes and Appendicitis. The structure of
FFWNN is predefined according to each type of dataset. The TLBO al-
gorithm will find the optimal values of FFWNN parameters for the fixed
structure.

The fuzzy rule for the proposed method FFWNN_TLBO can be re-
presented in equation (18):

R:if x1is A, and x2is Aj ....and xq is A}
then u; = w; Z?:l P, () * kazl Wi @ (%) (18)

where the consequent part of the fuzzy rule is the result of multiplying
the output of the wavelet function (equation (4)) with the output of
FLNN (equation (11)), and u; represents the output of layer 5.

To conduct the training process, a sample of data, which is called
training data, is used as the input variables to the FFWNN. Then, the
mean square error (MSE), which represents the objective function of the
TLBO algorithm and the output of the FFWNN, is calculated using
equation (19) [61].
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Fig. 3. The general structure of the proposed hybrid Functional Fuzzy Wavelet
Neural Network (FFWNN).

K=1 j=1 19

where 1 < p< P represents the number of input patterns, Ny refers to
the number of nodes in the out putlayer, t; represents the desired
output, and O; represents the actual output of the FFWNN.

This function is used to calculate the fitness value for each in-
dividual in the population. The population in the TLBO algorithm
consists of multiple solutions, and each solution represents one learner.
Each learner contains a group of values, and the number of these values
is determined based on the number of FFWNN parameters that must be
adjusted. In this study, the parameters are weights for both WNN
(wwnn)and FLNN (wgrny), dilation and translation. The number of
parameters depends on the network structure for each dataset, which
are shown in the following table:

Each learner is initialized randomly and then updated in each
iteration to get the optimal solution (learner with minimum MSE). This
optimal solution will be used in the testing process with the testing
dataset as an input to the trained network. The actual outputs of the
network will be compared with the desired outputs to find the ability of
FFWNN to diagnose diseases.

Fig. 3 represents the general structure of the proposed hybrid
Functional Fuzzy Wavelet Neural Network (FFWNN).

The main steps of training FFWNN by using the TLBO algorithm are:

1) Set the values of the selected dataset as inputs of FFWNN.

2) Initialize each learner (weights, dilation parameters, translation
parameters) randomly within [-1,1]. Then, initialize the common
parameters of the TLBO algorithm, which are the population size,
dimension and maximum iteration number.

3) Let Cycle = 1.

4) Calculate the fitness value of each learner based on a predefined
fitness function based on equation (19).
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Fig. 4. Flowchart of the proposed FFWNN-TLBO method.

Table 1

The number of parameters for FFWNN that must be updated.
Dataset wwNN  wpny  Dilation Translation Total

parameter parameter number
Breast Cancer 3 81 27 27 138
Heart 3 117 39 39 198
Hepatitis 3 171 57 57 288
Pima-Indian 3 72 24 24 123
diabetes

Appendicitis 3 63 21 21 108

5) Update the weight, dilation, and translation parameters using the
TLBO algorithm.

6) Choose the best learner with best fitness value as a global solution,
which represents the best values of weight, dilation, and translation
parameters.

7) Let Cycle = Cycle +1.

8) Repeat steps (3) through (6) until the prespecified maximum itera-
tion number is reached. Fig. 4 shows the flowchart of the proposed
FFWNN-TLBO method.

7. Accuracy, complexity, sensitivity, specificity, and kappa
analysis

The computational efficiency is based on several factors, which are
computational cost, memory requirements and structural cost. The cost
of learning strategies considers the most affected factor in the compu-
tational cost. Additionally, the cost of learning strategies can be affected
by input parameter adaption, antecedent parameter adjusting fuzzy
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Table 2
A summary of the datasets.
Dataset No. of instances No. of features No. of classes Data type
Breast Cancer 683 9 2 Numerical
Heart 297 13 2 Numerical & categorical
Hepatitis 80 19 2 Numerical & categorical
Pima-Indian diabetes 768 8 2 Numerical
Appendicitis 106 7 2 Numerical
o ™N
Table 3 Specificity = ———%
Numbers of patterns in both training and testing with both 5-CV and 10-CV. TN + FP (22)
Dataset 5.CV 10-CV where TP, which represents True Positive, and TN, which represents
True Negative, are classified correctly as (disease or no disease), re-
Training Testing Training Testing spectively. Additionally, FP, which represents False Positive, and FN,
Breast Cancer 546 137 614 69 which represents False Negative, are classified incorrectly as (disease or
Heart 237 60 267 30 no disease), respectively.
Hepatitis 64 16 72 8 Kappa is a measure of “true” agreement as shown in the inter-
Pima-Indian diabetes 614 154 691 77 pretation of Kappa [64], which is calculated using equation (23)
Appendicitis 84 22 95 11

rule growing, consequent parameter adjusting, rule recruitment and
rule pruning, which are based on the number of rules, number of data
samples and input features [62,63]. The complexity load of the pro-
posed (TLBO-FFWNN) is influenced by input parameter adaption,
antecedent parameter adaption and consequent parameter adaption,

_0A-CA
T 1-cA (23)

where:

OA is the relative observed agreement among raters.
CA is the hypothetical probability of chance agreement

Interpretation of Kappa

Poor Slight Fair Moderate Substantial Almost perfect
Kappa 0.0 20 40 .80 1.0
Kappa Agreement
<0 Less than chance agreement
0.01-0.20  Slight agreement
0.21-0.40 Fair agreement
0.41-0.60  Moderate agreement
0.61-0.80  Substantial agreement
0.81-0.99  Almost perfect agreement

which are of the order O(q(u*r), O(0) and O(m + (2u*r) +r), respec-
tively, where m = 3u*r, r represents the number of fuzzy rules, u re-
presents the number of features of the training samples, and q is the
number of data samples. Hence, the total computational load of (TLBO-
FFWNN) is of the order O(q(u*r) +m+ (2u*r)+r). In addition, the
memory requirement of (TLBO-FFWNN) is of the order O(m + (2u*r)
+(u*r) +r + q). Moreover, the overall adjusting parameters, which are
stored in the memory, represent the structural cost. Accordingly, the
structure cost of (TLBO-FFWNN) is of the order O(m + (2u*r) +r).

Additionally, Accuracy, sensitivity, specificity, and kappa are
common metrics that are utilized to measure the performance of the
classifier. These metrics are calculated as follows [6,38]:

Classification accuracy = (1-MSE)*100 (20)
TP
Sensitivity = ————%
YT TP rEN 1)

8. Experimental results and discussion

To investigate the performance of the new hybrid TLBO-FFWNN,
five medical datasets, Breast Cancer, Heart Disease, Hepatitis, Pima-
Indian diabetes and Appendicitis, are utilized (see Table 1). These da-
tasets include two mixed types of data: numerical and categorical, with
different numbers of patterns and input variables. All these datasets
were obtained from the UCI machine learning repository [65] except
the Appendicitis dataset, which was obtained from the KEEL dataset
repository [66,67]. Table 2 presents a summary of these datasets.

Breast cancer is an irregular growth of cells that appears in the
breast tissue. These cells may divide quickly and create masses called
tumors. There are two types of tumors: noncancerous (benign) and
cancerous (malignant). A malignant tumor damages healthy tissues.
The naming of breast cancer came from the malignant tumor that ori-
ginated from breast cells. One of the most common causes of cancer
deaths among women is breast cancer [1,68], especially among women
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Table 4
Classification accuracy and the error rate of TLBO-FFWNN for all datasets with 5-CV.
Datasets Exp.1 Exp.2 Exp.3 Exp.4 Exp.5 Avg.
Error rate  Acc. Error rate  Acc. Error rate  Acc. Error rate  Acc. Error rate  Acc. Error rate  Acc.
Breast Cancer (ps = 50) train  0.015 98.48 0.013 98.62 0.014 98.55 0.011 98.81 0.009 99.05 0.012 98.70
test 0.004 99.58 0.011 9891 0.017 98.22  0.021 97.85 0.034 96.51 0.017 98.21
Breast Cancer (ps = 100) train  0.016 98.37 0.013 98.66  0.01 98.97 0.011 94.28  0.009 99.05 0.011 97.86
test 0.004 99.57 0.012 98.78 0.018 98.16  0.021 97.90  0.032 96.74  0.017 98.23
Heart (ps = 50) train  0.051 94.94 0.046 95.32  0.054 94.54  0.052 94.72  0.058 94.17  0.052 94.73
test 0.221 77.87  0.069 93.01 0.074 92.53 0.079 92.05 0.071 92.88 0.102 89.66
Heart (ps = 100) train  0.049 95.02 0.053 94.66  0.048 95.12  0.05 94.99 0.051 94.83  0.050 94.92
test 0.218 78.13  0.067 93.24  0.079 92.01 0.084 91.52  0.073 92.62  0.104 89.50
Hepatitis (ps = 50) train  0.003 99.61 0.011 98.85 0.009 99.09  0.009 99.07 0.014 98.54  0.009 99.03
test 0.096 90.39 0.177 82.26  0.039 96.08  0.048 95.11  0.007 99.21  0.073 92.61
Hepatitis (ps = 100) train  0.003 99.67  0.004 99.53 0.013 98.60  0.006 99.34 0.011 98.83  0.007 99.19
test 0.108 89.18 0.275 72.48  0.022 97.77  0.076 92.35 0.021 97.85 0.100 89.92
Pima-Indian diabetes (ps = 50) train  0.078 92.17 0.073 92.66 0.073 92.62 0.084 91.53  0.078 92.11  0.077 92.21
test 0.1 89.95 0.09 90.84 0.16 83.48 0.11 88.54  0.081 91.89 0.108 88.94
Pima-Indian diabetes (ps = 100)  train  0.077 92.29  0.072 92.7 0.073 92.62 0.073 92.65 0.074 92.54  0.073 92.56
test 0.09 90.62  0.086 91.35 0.12 87.2 0.082 91.72  0.092 90.77  0.094 90.33
Appendicitis (ps = 50) train  0.017 98.21 0.026 97.32  0.022 97.70  0.034 96.58  0.027 97.25 0.025 97.41
test 0.058 94.12  0.096 90.36  0.078 92.18 0.054 94.51 0.136 86.36  0.084 91.5
Appendicitis (ps = 100) train  0.026 97.37  0.021 97.85 0.026 97.35 0.034 96.59  0.027 97.26  0.026 97.28
test 0.051 94.8 0.090 90.95 0.059 94.07  0.047 95.29  0.063 93.61 0.062 93.74

between 40 and 55 years old. Breast cancer is considered the first cause
of death among women after lung cancer [1]. The breast cancer dataset
was generated by Ref. [69]. The aim of this dataset is to predict whether
a tumor is malignant or benign. This dataset contains 238 instances
with a benign tumor and 445 instances with a malignant tumor.
Heart disease is a term that refers to any disturbance that makes the
heart function abnormally [47,70]. When the coronary arteries, which
are responsible for supplying oxidized blood to the heart, are narrowed

or blocked, the blood flow to the myocardium is decreased. This re-
presents the main reason for the emergence of heart disease in humans.
There are several factors that may increase the risk of this disease, in-
cluding diabetes, smoking, obesity, a family history of heart disease,
high cholesterol, and high blood pressure [39,70,71]. The Cleveland
Heart dataset was collected by Detrano (1988). This dataset is used to
predict the presence or the absence of heart disease. It contains 160
normal instances and 137 abnormal instances.

Table 5

The results of 30 runs in terms of accuracy.
Experiments Training Testing

Breast cancer Heart hepatitis diabetes appendicitis Breast cancer Heart hepatitis diabetes appendicitis

1 97.96 90.66 97.15 90.69 96.04 97.77 91.5597 88.03 88.14 91.04
2 97.77 87.4486 96.004 87.37 95.06 98.49 94.02 94.81 84.57 96.69
3 98.23 88.6888 95.92 87.99 96.08 99.46 90.58 89.4 89.49 89.56
4 98.01 89.5939 96.72 89.48 96.63 99.13 86.69 94.64 90.6 91.53
5 98.22 90.0428 96.01 88.47 94.28 99.15 89.78 98.34 88.76 97.57
6 97.87 89.117 96.88 88.99 96.63 99.19 89.97 93.44 89.81 84.36
7 97.64 88.3912 96.96 92.4 94.68 98.37 92.04 93.17 92.06 93.75
8 97.63 87.217 97.65 92.09 94.5 98.43 92.22 87.72 88.54 96.08
9 97.84 94.8472 99.19 87.13 94.49 96.02 92.08 87.59 83.97 95.44
10 98.57 86.9854 98.98 92.6 95.23 98.24 91.84 89.91 86.95 99.27
11 98.21 90.95 96.78 91.3 95.96 97.21 92.35 87.91 88.56 90.1
12 97.52 88.12 95.84 87.21 95.36 98.11 93.75 95.5 84.1 94.25
13 98.11 89.23 96.17 88.1 95.25 98.15 89 90.1 86.45 91.23
14 97.99 90.1 96.15 89.78 97.32 99.23 87.41 95.11 88.6 93.56
15 98.5 89.9 95.99 88.15 93.19 99.69 90 99.24 90.2 95.5
16 98.12 89 98.1 88.56 96.22 99.2 89.35 93.45 88.52 86.73
17 96.99 87.45 95.21 92.4 94.36 97.89 92.92 92.15 93.41 93.75
18 97.52 88.1 97.15 91.98 94.25 98.65 91.58 88.21 89.41 94.67
19 98.02 95.12 99.02 87.12 95.2 96.03 92.1 88.5 85.97 96.5
20 98.23 87.12 98.76 92.24 95.71 98.64 92.23 90.1 86.95 98.57
21 96.41 88.98 98.54 89.41 95.99 98.71 89.35 87.15 89.15 91.04
22 98.59 88.68 96.91 88.15 93.65 97.56 94.11 93.4 85.21 96.69
23 97.15 85.37 94.65 86.44 97.35 98.86 90.41 92.65 90.41 89.56
24 96.45 90.21 96.81 90.15 97.65 96.41 88.26 92.67 89.97 91.53
25 99.21 89.62 95.99 88.47 95.31 99.75 89.68 95.52 88.62 97.57
26 98.65 89.57 96.54 88.99 97.67 98.51 87.52 90.89 90.61 84.36
27 97.12 88.57 97.63 90.95 93.97 98.53 94.68 90.65 90.5 93.75
28 96.13 87.81 96.36 89.95 95.78 96.51 93.54 86.24 88.26 96.08
29 95.89 95.24 98.75 89.57 95.83 98.65 94.36 88.23 83.97 95.44
30 99.19 87.65 98.67 92.6 94.17 98.73 89.65 87.12 98.57 99.27
Mean 97.7913 89.3260 97.0494 89.6243 95.460333 98.309 91.1009 91.3946 88.6776 93.514666
Std. 0.81718 2.30432 1.22599 1.90511 1.1859594 1.01391 2.18791 3.48492 3.02353 3.9925186
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Table 6
The results of 30 runs in terms of sensitivity.
Experiments Training Testing
Breast cancer Heart hepatitis diabetes appendicitis Breast cancer Heart hepatitis diabetes appendicitis
1 96.8 84.21 66.66 64.66 84.61 93.13 62.5 66.66 44.44 50
2 97.67 78.94 66.66 35.41 71.42 100 76.92 100 40 100
3 97.68 74.66 66.66 27.95 70.58 97.77 61.53 33.33 50 50
4 97.62 80.3 71.42 43.13 81.25 95.55 75 100 44.44 50
5 98.94 89.65 80 48.88 57.14 97.72 81.81 100 50 66.66
6 97.9 68.13 100 44.68 72.22 97.82 70 50 48.48 50
7 95.5 92.59 66.66 66.86 63.15 97.72 72.72 50 57.14 100
8 98.4 76.92 80 62.5 64.28 97.77 90.9 50 44.11 100
9 99.73 87.27 100 61.36 66.66 93.33 58.82 100 36.11 50
10 96.73 75.4 100 64 66.66 100 75 50 45.45 100
11 96.1 85.21 66.66 65.45 83.42 93.45 61.89 66.66 44.32 50.68
12 96.9 78.65 66.75 35.62 73.14 99.87 77.65 99.73 41.56 99.363
13 97.63 74.42 66.66 28.01 69.15 96.78 62.45 33.53 50 50
14 96.91 82.51 72.12 42.92 81.46 96.13 75.99 99.76 43.91 51.18
15 99 90.21 79.92 48.95 57.47 98.12 83.45 99.98 50.13 66.63
16 98.1 71.2 99.98 44.32 72.87 97.24 71.19 51.12 48.12 52.13
17 95.11 94.56 66.54 67.45 63.98 97.35 73.14 52.18 57.21 100
18 98.4 75.92 82.51 62.98 65.84 98.23 91.24 50 45.36 99.97
19 98.92 88.12 100 60.45 66.98 93.12 58.14 100 36.12 49.98
20 96.43 76.89 99.97 63.78 66.66 100 77.56 51.24 46.53 100
21 97.13 83.45 65.73 65 84.39 93.24 93.56 65.73 43.56 49.89
22 98.17 78.94 66.66 35.97 71.89 99.63 77.52 100 39.99 100
23 97.95 73.89 67.31 26 70.45 96.48 66 34.09 51.23 50.47
24 97.87 81.56 7.93 45.37 80.79 95.13 78.02 100 44.91 49.34
25 98.67 88.63 79.58 49.51 58.47 96.48 81.67 99.89 52.02 67.01
26 97.25 69.76 99.34 44.71 73.45 98.73 69.41 50 48.69 50.76
27 96.32 90.45 67 67.11 62.91 94.62 73.14 49.76 58.24 99.91
28 99.89 74.12 79.76 62.45 66.37 96.78 92.83 50.64 43.91 99.74
29 98.24 86.45 99.47 61.75 66.66 91.87 59.43 99.96 35.91 51.13
30 95.68 73.68 99.87 65.34 67.02 99.94 73.21 49.76 45.15 99.93
Mean 97.588 80.8896 77.7273 52.0856 70.0446666 96.8 74.0896 70.134 46.2346 71.82577
Std. 1.19253 7.21472 19.354 13.4920 7.72642743 2.40436 10.1245 25.8535 5.76069 23.81917
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Fig. 5. (a,b). The experiment results in terms of Sensitivity.

Hepatitis is an inflammation of the liver, and the most common
causes of this disease in the world are liver viruses. Scientists have
discovered five unique viruses that cause hepatitis: Hepatitis A, B, C, D
and E, all of which lead to liver disease, but there are great differences
between them [72,73]. There are several major risk factors for hepa-
titis: transfusion of contaminated blood, tattoos and piercing, drug
abuse, and sexual contact [72]. The objective of the Hepatitis dataset
[74] is to predict whether a patient with hepatitis will live or die. This
dataset contains 80 instances, where 67 instances of them are in the
LIVE class and 13 instances are in the DIE class.

The term diabetes includes a number of metabolic disorders that
lead to increased blood sugar concentration [75,76]. Diabetes occurs
when the body fails to produce insulin properly, which is necessary to
regulate glucose [77]. There are several factors that cause diabetes, the
most prominent being genetic and environmental factors [75]. How-
ever, this disease can be controlled by healthy nutrition, exercise

programs and weight loss [77]. The Pima-Indian diabetes dataset [65]
is used to diagnose whether a person has diabetes or not. This dataset
contains 268 diabetes positive class examples and 500 diabetes negative
class examples.

Appendicitis is an acute inflammation of the appendix, which is the
most common abdominal surgical emergency [78]; Petroianu 2012). In
typical cases, the pain of appendicitis appears in the lower right area of
the abdomen [78]. Appendicitis can occur at any age, although it rarely
occurs in elderly people [78,79]. Moreover, the incidence of this disease
in men is higher than that in women [79]. The Appendicitis dataset
[66,67] includes 106 patients, where 21 patients have appendicitis and
85 patients do not. To make the results of the testing process more
reliable, K-Fold Cross-Validation [80] is used because it guarantees that
all data are used for training and testing. According to this method,
each dataset in this study is divided equally into 5 and 10 folds. Then,
one of them will be selected for testing, and the rest will be utilized for


https://www.sciencedirect.com/science/article/pii/S1743919112000246

J.S. Majeed Alneamy, et al.

Computers in Biology and Medicine 112 (2019) 103348

Table 7
The results of 30 runs in terms of Specificity.
Experiments Training Testing
Breast cancer Heart hepatitis diabetes appendicitis Breast cancer Heart hepatitis diabetes appendicitis
1 88.5 68.58 93.65 72.22 91.46 92 63.63 80 67.79 77.77
2 90.74 62.85 86.95 65.15 90.12 96 76.47 85.71 69.04 88.88
3 91.11 64.58 89.39 64.04 92.3 100 70.58 80 68.85 77.77
4 86.8 66.16 90.76 66.55 92.4 100 61.11 85.71 70 88.88
5 89.74 66.98 88.05 68..94 82.95 96 63.15 100 82.85 100
6 89.22 65.34 91.04 66.66 93.5 100 65 83.33 75 77.77
7 91.5 65.72 90.9 75.47 90.78 96 68.42 75 69.84 90
8 87.44 61.39 95.16 74.56 87.65 95.83 78.94 83.33 72.09 920
9 88.84 82.16 100 66.92 88.75 83.33 76.92 85.71 65.85 88.88
10 93.51 62.13 98.38 75 88.75 88.88 77.77 83.33 72.72 90
11 88.1 67.35 92.85 73.42 92.34 91.66 64.51 79.99 68.14 78
12 90.64 63.14 87.54 66.14 89.75 95.32 77 86 70.5 88.61
13 89.96 65.49 90.27 63.89 93.15 99.89 71.13 79.99 68.1 78
14 86.32 67.57 91.13 66.43 91.46 100 62.25 86.02 69.57 89.23
15 90.02 67.08 87.63 69.02 83.51 95.45 63.78 99.9 83.4 99.9
16 89.35 66.13 91 66.25 92.51 100 65.9 84.2 74.89 77.62
17 89.46 67.45 91.87 76.33 89.41 95.87 69.41 74.89 70 89.81
18 93.2 62.73 96.81 74.23 88.06 96.51 79.51 83.19 72.98 89.73
19 87.14 83.24 99.32 67.42 89.01 84.51 77.65 86.23 66 89
20 87.42 63.51 99.51 74.19 89.35 89.35 78 84.12 72.89 89.71
21 89.21 67.06 94.15 73.51 92.41 91.48 63.63 79.51 68.91 78.61
22 91 63.14 87.52 66.51 89.58 95.99 76.47 86.52 70.86 89.11
23 91.78 65.71 90.45 65.21 93.15 99.68 70.58 79.51 69.51 78.37
24 86.32 66.89 89.84 67 91.45 100 61.11 84.61 69.31 88.33
25 90.1 67.02 87.5 70 82.14 95.78 63.15 99.9 83.51 99.12
26 89.91 66.13 91.75 67.35 92.15 99.98 65 84.5 74.95 77.51
27 91.26 66.32 91.35 76.19 90.81 95.45 68.42 74.31 70.32 89.66
28 88 60.56 96.48 75.81 88.15 79.51 78.94 84.55 73.41 89.73
29 88.14 83.21 99.99 67.06 88.52 83.33 77.32 86.61 66.34 89.01
30 92.45 62.75 99.9 74.12 89.32 88.88 77.19 84.55 73.21 89.91
Mean 89.5726 66.9456 92.7046 69.8844 89.829666 94.2226 70.4313 84.374 71.6943 86.964
Std. 1.93598 5.77880 4.27710 4.25471 2.9137231 5.79251 6.56412 6.31927 4.65887 6.7667460
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Fig. 6. (a,b). The experiment results in terms of Specificity.
training. user of this algorithm does not have adequate knowledge regarding the

Table 3 shows a number of patterns that have been selected in both
the training and testing process for each experiment with both 5-CV and
10-CV.

As mentioned previously, the TLBO algorithm has common para-
meters, which are population size (ps) and the dimension of each so-
lution (D).

In this research, the value of the parameter D, which represents the
weight, dilation and translation parameters of FFWNN, is varied for
each dataset. For the Breast Cancer dataset, the value of the D para-
meter equals 138. For the Heart dataset, the value of the D parameter
equals 198. The value of the D parameter equals 288 for the Hepatitis
dataset. For the Pima-Indian diabetes dataset, the value of D equals 123.
However, the value of the D parameter for the Appendicitis dataset
equals 108.

In addition, the value of the (ps) parameter is varied because the

appropriate value of this parameter. In this study, the training process is
repeated twice. First, it is repeated in five separate experiments for each
dataset with two different (ps) values, which are 50 and 100. Second,
the training process is repeated in ten separate experiments for each
dataset with (ps = 50). The maximum iteration number, representing
the stopping condition, is set to 500 for all experiments. Additionally, in
FFWNN, the numbers of fuzzy sets, fuzzy rules, wavelet functions, and
basis functions were each equal to three.

The maximum classification accuracy and the minimum error rate,
which are obtained in training and testing FFWNN based on the TLBO
algorithm on the Breast Cancer, Heart, Hepatitis, Pima-Indian diabetes
and Appendicitis datasets with 5-CV, are demonstrated in Table 4. In
Table 4, Exp. indicates the experiment, Acc. represents the classification
accuracy value, and Avg. refers to the average value. From Table 4,
some observations can be derived. In the case of the Breast Cancer
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Table 8
The results of 30 runs in terms of Kappa.
Experiments Training Testing
Breast cancer Heart hepatitis diabetes appendicitis Breast cancer Heart hepatitis diabetes appendicitis
1 0.86 0.44 0.57 0.28 0.65 0.84 0.21 0.46 0.1 0.2
2 0.89 0.294 0.23 0.002 0.5 0.96 0.52 0.6 0.09 0.74
3 0.89 0.3273 0.406 —0.04 0.61 0.96 0.32 0.14 0.15 0.23
4 0.85 0.3631 0.49 0.06 0.68 0.93 0.34 0.6 0.14 0.38
5 0.9 0.4068 0.41 0.14 0.22 0.93 0.41 1 0.31 0.74
6 0.88 0.3085 0.58 0.06 0.65 0.96 0.31 0.33 0.24 0.23
7 0.8 0.3949 0.44 0.37 0.53 0.93 0.38 0.25 0.19 0.62
8 0.87 0.2525 0.72 0.33 0.45 0.93 0.66 0.33 0.16 0.62
9 0.9 0.6814 0.94 0.09 0.5 0.77 0.34 0.6 0.01 0.38
10 0.9 0.2754 0.94 0.34 0.5 0.9 0.52 0.33 0.18 1
11 0.87 0.45 0.59 0.31 0.66 0.85 0.23 0.46 0.1 0.19
12 0.9 0.32 0.26 0.003 0.52 0.97 0.53 0.59 0.08 0.75
13 0.88 0.33 0.41 —0.041 0.62 0.96 0.36 0.15 0.16 0.24
14 0.86 0.37 0.5 0.05 0.69 0.94 0.35 0.59 0.13 0.39
15 0.88 0.41 0.42 0.15 0.24 0.95 0.42 0.99 0.3 0.76
16 0.87 0.31 0.59 0.07 0.69 0.96 0.33 0.34 0.23 0.25
17 0.79 0.4 0.46 0.38 0.54 0.94 0.39 0.27 0.18 0.61
18 0.88 0.27 0.75 0.34 0.46 0.93 0.68 0.34 0.15 0.59
19 0.91 0.69 0.95 0.08 0.51 0.78 0.35 0.61 0.02 0.36
20 0.89 0.28 0.95 0.35 0.52 0.95 0.55 0.32 0.16 0.99
21 0.85 0.43 0.58 0.29 0.66 0.83 0.23 0.45 0.12 0.19
22 0.88 0.3 0.24 0.003 0.51 0.95 0.58 0.59 0.08 0.75
23 0.87 0.33 0.41 —0.05 0.62 0.91 0.33 0.12 0.17 0.22
24 0.85 0.37 0.5 0.07 0.7 0.93 0.35 0.7 0.14 0.37
25 0.89 0.41 0.42 0.15 0.23 0.95 0.43 0.9 0.32 0.75
26 0.87 0.31 0.58 0.07 0.66 0.91 0.33 0.32 0.28 0.24
27 0.79 0.4 0.45 0.39 0.54 0.92 0.4 0.23 0.19 0.64
28 0.86 0.26 0.73 0.34 0.47 0.92 0.67 0.31 0.16 0.63
29 0.89 0.69 0.95 0.08 0.51 0.78 0.35 0.59 0.02 0.39
30 0.91 0.28 0.95 0.35 0.49 0.89 0.58 0.31 0.19 1
Mean 0.871 0.37846 0.58053 0.16723 0.5376666 0.911 0.415 0.46066 0.15833 0.515
Std. 0.03133 0.11916 0.22426 0.15192 0.1305078 0.05743 0.12984 0.23368 0.08030 0.261478
The results of expermints in terms of Kappa (training) The results of expermints in terms of kappa (testing)
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Fig. 7. (a,b). The experiment results in terms of kappa.

dataset, the average error rate of testing FFWNN in both population
sizes of 50 and 100 is the same. However, the highest average classi-
fication accuracy for testing FFWNN (98.23) is obtained when the po-
pulation size is equal to 100. In the case of the Heart dataset, the
minimum average error rate of testing FFWNN with 0.102 is obtained
when the population size is equal to 50, and the maximum average
classification accuracy for testing FFWNN (89.66) is acquired when the
population size is equal to 50. Moreover, in the case of the Hepatitis
dataset, the minimum average testing error rate of 0.073 is achieved
when the population size equals 50. Additionally, the highest average
classification accuracy for testing FFWNN (92.61) is obtained when the
population size is equal to 50. In addition, the minimum average testing
error rate (0.094) and maximum classification accuracy (90.33) in the
case of Pima-Indian Diabetes dataset are obtained when the population
size equals 100. Finally, the minimum average testing error rate (0.062)
and maximum classification accuracy (93.74) in the case of the

10

Appendicitis dataset are reached when the population size equals 100.

In conclusion, the classification accuracy and the error rate are close
to each other in both population sizes (50, 100). Additionally, in-
creasing the population size leads to increasing the training duration
time. Therefore, in 10-CV experiments, the value of the population size
(ps) is set to 50.

For more accurate performance evaluation, all of the experiments
are repeated 30 times based on 10-CV. In Table 5 and Fig. 8, TLBO-
FFWNN provides the average maximum classification accuracy (mean)
and standard deviation (std.): Breast Cancer produced 98.30% classi-
fication accuracy with 1.01 std., Heart produced 91.10% classification
accuracy with 2.18 std., Hepatitis produced 91.39% classification ac-
curacy with 3.48 std., Pima-Indian diabetes produced 88.67% with 3.02
std, and finally, Appendicitis produced 93.51% classification accuracy
with 3.99 std. As seen in Table 6 and Fig. 5, the average sensitivity
values for testing the proposed method on Breast Cancer, Heart,
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Table 9
The results of 30 runs in terms of error rate.
Experiments Training Testing
Breast cancer Heart hepatitis diabetes appendicitis Breast cancer Heart hepatitis diabetes appendicitis
1 0.0204 0.0934 0.0285 0.0931 0.0396 0.0223 0.084403 0.1197 0.1186 0.0896
2 0.0223 0.125514 0.03996 0.1263 0.0494 0.0151 0.0598 0.0519 0.1543 0.0331
3 0.0177 0.113112 0.0408 0.1201 0.0392 0.0054 0.0942 0.106 0.1051 0.1044
4 0.0199 0.104061 0.0328 0.1052 0.0337 0.0087 0.1331 0.0536 0.094 0.0847
5 0.0178 0.099572 0.0399 0.1153 0.0572 0.0085 0.1022 0.0166 0.1124 0.0243
6 0.0213 0.10883 0.0312 0.1101 0.0337 0.0081 0.1003 0.0656 0.1019 0.1564
7 0.0236 0.116088 0.0304 0.076 0.0532 0.0163 0.0796 0.0683 0.0794 0.0625
8 0.0237 0.12783 0.0235 0.0791 0.055 0.0157 0.0778 0.1228 0.1146 0.0392
9 0.0216 0.051528 0.0081 0.1287 0.0551 0.0398 0.0792 0.1241 0.1603 0.0456
10 0.0143 0.130146 0.0102 0.074 0.0477 0.0176 0.0816 0.1009 0.1305 0.0073
11 0.0179 0.0905 0.0322 0.087 0.0404 0.0279 0.0765 0.1209 0.1144 0.099
12 0.0248 0.1188 0.0416 0.1279 0.0464 0.0189 0.0625 0.045 0.159 0.0575
13 0.0189 0.1077 0.0383 0.119 0.0475 0.0185 0.11 0.099 0.1355 0.0877
14 0.0201 0.099 0.0385 0.1022 0.0268 0.0077 0.1259 0.0489 0.114 0.0644
15 0.015 0.101 0.0401 0.1185 0.0681 0.0031 0.1 0.0076 0.098 0.045
16 0.0188 0.11 0.019 0.1144 0.0378 0.008 0.1065 0.0655 0.1148 0.1327
17 0.0301 0.1255 0.0479 0.076 0.0564 0.0211 0.0708 0.0785 0.0659 0.0625
18 0.0248 0.119 0.0285 0.0802 0.0575 0.0135 0.0842 0.1179 0.1059 0.0533
19 0.0198 0.0488 0.0098 0.1288 0.048 0.0397 0.079 0.115 0.1403 0.035
20 0.0177 0.1288 0.0124 0.0776 0.0429 0.0136 0.0777 0.099 0.1305 0.0143
21 0.0359 0.1102 0.0146 0.1059 0.0401 0.0129 0.1065 0.1285 0.1085 0.0896
22 0.0141 0.1132 0.0309 0.1185 0.0635 0.0244 0.0589 0.066 0.1479 0.0331
23 0.0285 0.1463 0.0535 0.1356 0.0265 0.0114 0.0959 0.0735 0.0959 0.1044
24 0.0355 0.0979 0.0319 0.0985 0.0235 0.0359 0.1174 0.0733 0.1003 0.0847
25 0.0079 0.1038 0.0401 0.1153 0.0469 0.0025 0.1032 0.0448 0.1138 0.0243
26 0.0135 0.1043 0.0346 0.1101 0.0233 0.0149 0.1248 0.0911 0.0939 0.1564
27 0.0288 0.1143 0.0237 0.0905 0.0603 0.0147 0.0532 0.0935 0.095 0.0625
28 0.0387 0.1219 0.0364 0.1005 0.0422 0.0349 0.0646 0.1376 0.1174 0.0392
29 0.0411 0.0476 0.0125 0.1043 0.0417 0.0135 0.0564 0.1177 0.1603 0.0456
30 0.0081 0.1235 0.0133 0.074 0.0583 0.0127 0.1035 0.1288 0.0143 0.0073
Mean 0.022086 0.10673 0.02950 0.10375 0.0453967 0.01691 0.08899 0.08605 0.11322 0.064853
Std. 0.008171 0.02304 0.01226 0.01905 0.0118596 0.01013 0.02187 0.03484 0.03023 0.039925
The results of expermints in terms of accuracy (training) The results of expermints in terms of accuracy (testing)
B Mean B Mean
= Std. = Std.
(a) training (b) testing
Fig. 8. (a,b). The experiments result in terms of accuracy.
The results of expermints in terms of error rate (testing) The results of expermints in terms of error rate (training)
0.12 0.12
0.1 0.1
0.08 0.08
0.06 0.06
g:g; o gg; = Mean
5 mStd. 0 mStd.
(?Q@" & & ; }‘& -‘#}e" § &\"
& & € N &
& ¢ (\(\&'b L
o
(a) training (b) testing

Fig. 9. (a,b). The experiment results in terms of error rate.
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Table 10

Number of rules, number of parameters, running time.

Computers in Biology and Medicine 112 (2019) 103348

Cancer, Heart, Hepatitis, Pima-Indian diabetes and Appendicitis are

Datasets Rule Time (sraining)  TIME (resting) ~ NO. Of
Number (minutes) (seconds) parameters
Breast Cancer 3 89.87 0.0011 138
Heart 3 46.95 0.0015 198
Hepatitis 3 23.50 0.0013 288
Pima-Indian 3 99.62 0.0016 123
diabetes
Appendicitis 3 18.13 0.0012 108

0.91, 0.41, 0.46, 0.15 and 0.51 with standard deviations of 0.05, 0.12,
0.23, 0.08 and 0.26, respectively. Table 9 and Fig. 9 presents the
minimum error rate that is obtained in training and testing the pro-
posed TLBO-FFWNN method for all datasets:

In addition, the training and testing duration times of the TLBO-
FFWNN method for all datasets are shown in Table 10.

For more clarity of the experiment results, a boxplot is used for all

benchmark parameters in terms of Sensitivity, Specificity, Kappa,

Hepatitis, Pima-Indian diabetes and Appendicitis are 96.8, 74.08,
70.13, 46.23 and 71.82, with standard deviations of 2.40, 10.12, 25.85,
5.76 and 23.81, respectively. Additionally, as shown in Table 7 and
Fig. 6, the average specificity values for testing the proposed method on
Breast Cancer, Heart, Hepatitis, Pima-Indian diabetes and Appendicitis
are 94.22, 70.43, 84.37, 71.69 and 86.96 with standard deviations of
5.79, 6.56, 6.31, 4.65 and 6.76, respectively. In Table 8 and Fig. 7, the

rate.

Accuracy and error rate. As shown in Fig. 10, the proposed method
achieved the highest values for the breast cancer dataset in terms of
Sensitivity, Specificity, Kappa, and Accuracy and the lowest value in
terms of error rate. Alternately, the proposed method achieved the
worst values for the Pima-India diabetes dataset in terms of Sensitivity,
Specificity, Kappa, and Accuracy and the highest value in terms of error

Moreover, to show the effectiveness of the proposed method, the
performance of TLBO-FFWNN is compared with the performance of

. other classification methods from the literature entries that
averages of kappa values for testing the proposed method on Breast
The expermints results for 30 run in testing phase
The expermints results for 30 run in testing phase
100 — — 4
1 T 7] IE
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Breast Cancer Heart Hepatitis diabetes  Appendicitis Breast Cancer Heart Hepatitis diabetes  Appendicitis
Datasets Datasets
The expermints results for 30 run in testing phase The expermints results for 30 run in testing phase
100 - - 1 100 1
| T 2 T
951 I L 98 | 4
90+ [ ol L l J
| s
851 94 4
g ef L S 92 | 1
& | 8
75} 1 90 |
|
70t é e | .
651 L 86 L | | 1
6ot - | 84 €L L]
Breast Cancer Heart Hepatitis diabetes  Appendicitis Breast Cancer Heart Hepatitis diabetes  Appendicitis
Datasets Datasets
The expermints results for 30 run in testing phase
016 - A
014} ‘
012k | | 1
01 .
5 0o} \ 1
o | uE
0.06[ J_ 1
|
oo - | 1
002k | [
L * 1
o 4
Breast Cancer Heart Hepatitis diabetes  Appendicitis
Datasets

Fig. 10. Boxplot of all datasets for all metrics.
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Table 11
A comparison of the proposed method and other classification methods based
on average classification accuracy.

Methods Breast Heart Hepatitis Pima- Appendicitis
Cancer Indian
diabetes

Proposed (TLBO-FFWNN)  98.30 91.10 91.39 88.67 93.51

TLBO-FWNN / 90.29 / / /
neural network ensembles / 89.01 / / /
ANN + FNN + BP / 868 / 84.24 /
BSFP-PSO-FNFN-CUI 92.55 76.33 / / /
ISO-FLANN / / 75.72 / /
CAPSO-MLP / 81.85 71.29 72.99 /
PSO-MLP / 7111  68.71 72.40 /
GSA-MLP / 56.67 67.74 56.43 /
ICA-MLP / 66.67 64.25 64.61 /
NB 9599 / / / /
MLP 9527 / / / /
Jas 95.13  / / / /
SMO 9.99  / / / /
IBK 94.56  / / / /
SMO, IBK, NB, MLP 97.13 / / / /
SMO, IBK, NB, J48 97.28 / / / /
AR + NN 956  / / / /
NN 952  / / / /
V-ELM / / / / 87.80
V-ELM_AP / / / / 89.04
K-NN 97.6  / / 77 89.4
MLP + BP / / / / 85.8
SMLP / / / / 88.2
SVM / / / / 88.1
LVQ 96.0 828 / 75.0 87.8
+2 +3.7 +27 +7.8
WLVQ 97.4 832 / 77.4 88.7
+1.3 *43 *43 + 8.4
LION + SVM 98 98.15 / 83.72 /
+19 *17 +43
LION(M1) +SVM 98.29 97.41 / 83.60 /
+1.8 +2.7 + 4.5
LION(M2) +SVM 97.71  96.30 / 82.94 /
+23 *15 +45
LION(M1 +M2)+ SVM 98 + 97.04 / 84.24 /
2.13 +21 +4.2
B TLBO-FFWNN
99 W BSFP-PSO-FNFN-CUI
98 B NB
97 - = MLP
9% mJ48
95 mSMO
94 M IBK
93 m SMO, IBK, NB, MLP
] W SMO, IBK, NB, J48
92 - AR +NN
91 uNN
90 - W K-NN
89 - LvQ
Breast Cancer = WLVQ
lion+SVM
m lion(M1) +SVM
i lion(M2) +SVM

Fig. 11. Classification Accuracy on the Breast Cancer dataset.

experimented on the same datasets.

Table 11 compares the testing classification accuracy of the pro-
posed method with that of other methods (TLBO-FWNN) [47]; neural
network ensembles [39]; hybrid system of ANN and FNN and back
propagation algorithm (ANN + FNN + BP) [38]; hybrid Particle
Swarm Optimization and Black Stork Foraging Process for learning

13

Computers in Biology and Medicine 112 (2019) 103348

M TLBO-FFWNN

120 H TLBO-FWNN

100 ® Neural network

_ ensembles
® ANN + FNN + BP

80
60 m BSFP-PSO-FNFN-CUI

40 B
= CAPSO-MLP

20 -
m PSO-MLP

m GSA-MLP

Heart Disease

m ICA-MLP

Fig. 12. Classification Accuracy on the Heart Disease dataset.

100
90
®TLBO-FFWNN
80
20 mISO-FLANN
60 u CAPSO-MLP
50
® PSO-MLP
40
30 B GSA-MLP
20 ICA-MLP
10
0

Hepatitis

Fig. 13. Classification accuracy on the hepatitis dataset.

100 B TLBO-FFWNN
90 1 ® ANN + FNN + BP
80 —

70 - —m CAPSO-MLP
60 —
m PSO-MLP
50 —
40 - —m GSA-MLP
30 —
20 | W ICA-MLP
10 - ~mK-NN
0 _
Pima-Indian diabetes ™ LVQ

Fig. 14. Classification Accuracy on the Pima-Indian diabetes Dataset.

Functional Neural Fuzzy Network (BSFP-PSO- FNFN-CUI) [81]; Im-
proved PSO and learning Functional Neural Fuzzy Network (ISO-
FLANN) [50]; Centripetal Accelerated PSO and Multi-Layer Perceptron
(CAPSO-MLP) [6]; (PSO-MLP) [6]; Gravitational Search Algorithm and
MLP (GSA-MLP) [6]; Imperialist Competitive Algorithm with MLP (ICA-
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96
%4 ® TLBO-
92 FFWNN
mV-ELM
90
33 = V-ELM_AP
86 ® K-NN
84
m MLP+BP
82
80 SMLP
Appendicitis

Fig. 15. Classification Accuracy on the Appendicitis dataset.

MLP) [6]; decision tree (J48) [82]; Multi-Layer Perception (MLP) [82];
Naive Bayes (NB) [82]; Sequential Minimal Optimization (SMO) [82];
Instance Based for K-Nearest neighbor (IBK) [82]; association rules and
neural network (AR + NN) [83]; Voting-based Extreme Learning Ma-
chine (V-ELM), Voting-based Extreme Learning Machine with accuracy-
based ensemble pruning (V-ELM_AP) [84]; k-nearest neighbor (K-NN),
Multi-Layer perceptron + Back Propagation, search-based algorithm
for Multi-Layer Perceptron (SMLP), Support Vector Machine (SVM) [8];
Learning Vector Quantization (LVQ) algorithm, Weighted Learning
Vector Quantization (WLVQ) algorithm [7]; and lion's algo-
rithm + support vector machine [85]. Table 11, Fig. 11, Fig. 12,
Fig. 13, Fig. 14 and Fig. 15 show a comparison of the classification
accuracy (testing phase) for the proposed method (TLBO-FFWNN) and
other existing methods on the Breast Cancer, Heart Disease, Hepatitis,
Pima-Indian diabetes and Appendicitis datasets, respectively.

The TLBO algorithm is used to manipulate the parameters of the
FFWNN (weight, dilation, and translation). Various experiments have
been conducted to ensure that all patterns in each dataset are used in
the learning and testing process based on 5- and 10-fold cross-valida-
tion. From the obtained results, it can be concluded that TLBO-FFWNN
has superior performance for all datasets, except the Heart dataset, with
low computational complexity. For future research, the feature selec-
tion technique can be utilized to obtain more accurate results.

The proposed method (TLBO-FFWNN) has the best performance
among all other methods across all datasets, except the LION + SVM
method on the Heart dataset because the author used feature selection.

9. Conclusion

In this paper, the Teaching Learning-Based Optimization (TLBO)
algorithm has been applied to evolve the learning of the proposed
FFWNN method for classifying five medical datasets: Breast Cancer,
Heart Disease, Hepatitis, Pima-Indian diabetes and Appendicitis.

The TLBO algorithm is used to manipulate the parameters of the
FFWNN (weight, dilation, and translation). Various experiments have
been conducted to ensure that all patterns in each dataset are used in
the learning and testing process based on 5- and 10-fold cross-valida-
tion. From the obtained results, it can be concluded that TLBO-FFWNN
has superior performance for all datasets, except the Heart dataset, with
low computational complexity. For future research, the feature selec-
tion technique can be utilized to obtain more accurate results.
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