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Abstract
Wart disease (WD) is a skin illness on the human body which is caused by the human papillomavirus (HPV). This study mainly
concentrates on common and plantar warts. There are various treatment methods for this disease, including the popular immu-
notherapy and cryotherapy methods. Manual evaluation of the WD treatment response is challenging. Furthermore, traditional
machine learning methods are not robust enough in WD classification as they cannot deal effectively with small number of
attributes. This study proposes a new evolutionary-based computer-aided diagnosis (CAD) system using machine learning to
classify theWD treatment response. The main architecture of our CAD system is based on the combination of improved adaptive
particle swarm optimization (IAPSO) algorithm and artificial immune recognition system (AIRS). The cross-validation protocol
was applied to test our machine learning-based classification system, including five different partition protocols (K2, K3, K4, K5
and K10). Our database consisted of 180 records taken from immunotherapy and cryotherapy databases. The best results were
obtained using theK10 protocol that provided the precision, recall, F-measure and accuracy values of 0.8908, 0.8943, 0.8916 and
90%, respectively. Our IAPSO system showed the reliability of 98.68%. It was implemented in Java, while integrated devel-
opment environment (IDE) was implemented using NetBeans. Our encouraging results suggest that the proposed IAPSO-AIRS
system can be employed for the WD management in clinical environment.
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Introduction

Wart disease (WD) is a skin illness on the human body caused
by the human papillomavirus (HPV). Three main groups of
warts are: epidermodysplasia verruciform is (EV), cutaneous
and mucosal [1]. The cutaneous warts are very general ail-
ments in both adults and children which have significant prev-
alence with 3% to 13% among general population and approx-
imately 33% among primary school children [2, 3]. There are
four different types of warts such as common, flat, filiform,
and plantar warts. Usually, common warts can be observed on
the hands, flat warts are frequently observed on the legs and
on the back of the hands [4], while plantar warts are usually
seen on the soles of the feet [5]. This study mainly concen-
trates on common and plantar warts. There are various treat-
ment methods for these types of wart diseases. However, this
study considers two widely popular treatment methods: im-
munotherapy and cryotherapy. Since patients respond differ-
ently to different treatment methods, the physicians are inter-
ested to find the customized treatments. Therefore, it is impor-
tant to characterize the wart disease, and thereby evaluate the
therapy or treatment response on the patients having this dis-
ease. This study tries to provide a novel methodology based
on machine learning (ML) techniques to classify the WD
treatment response. There have been a few studies in the lit-
erature that have investigated the WD treatment response
problem using different ML methods [1, 6, 7]. These studies
suffer from the following drawbacks: first, the current ML-
methods applied for WD evaluation have low accuracies and
not robust enough to be reliable. Second, the current methods
are not fully automated and as a result, the manual evaluation
of the WD treatment response suffers from subjectivity and
laboriousness. Furthermore, the current methods are biased,
since the sample size is small. Hence, no extensive research
has been done to explore all facets of ML-based strategies to
investigate WD treatment response.

Different types of ML-based methods can be used in
computer-aided diagnosis (CAD) system which has shown to
be effective in providing second opinion to the physicians in
many fields of healthcare [8] such as neurology [9, 10], cardi-
ology [11, 12], endocrinology [13, 14], dermatology [15] and
diabetic retinopathy [16]. This semi-automated detection ap-
proach not only save the lives of the patients but is also more
economical and represents a faster diagnosis process.

It may be noted that due to the importance of ML tech-
niques, it has been successfully applied on various diseases
[16–31]. Akben [1] proposed a new methodology using the
fuzzy informative images and decision trees for the detection
of WD. Author has applied ML methods on both cryotherapy
and immunotherapy data sets and obtained accuracies of
94.40% and 90% for cryotherapy and immunotherapy data
sets, respectively. In another study by Uzun et al. [6] have used
k-Nearest Neighbors (KNN) algorithm on cryotherapy and

immunotherapy data sets. They have obtained the highest ac-
curacy of 80% for both data sets forK = 7. Khozeimeh et al. [7]
proposed an expert system for selection of wart treatment
methods. In their study, they treated 90 patients with immuno-
therapy and 90 patients with cryotherapy and liquid nitrogen.
They were able to predict the results of the treatment method
with the accuracy of 80% using a fuzzy rule-based system.

Recently, particle swarm optimization (PSO) is one of the
more prominent evolutionary computation methods intro-
duced which offers several advantages such as [32]: (1) it is
an intelligence-based paradigm, (2) does not have mutation
calculation and overlapping issues, and (3) offers simplicity
in calculation. The only challenge is that the PSO was initially
non-adaptive in nature.

Adaptive approaches are well-known techniques used to
improve the performance of conventional methods. These ap-
proaches have been effec t ive ly combined wi th
different methods such as PSO [33] and genetic algorithms
(GAs) [34]. The PSO method includes a collection of several
particles that move in the search space in which each particle
has two characteristics: position and velocity. Generally, the
PSO method updates the position of particles using a personal
best position (pbest) and a global best (gbest). The adaptive
approaches allow a better features search capability over clas-
sical PSO [33]. The adaptive PSO further suffers from
updating the velocity and position of particles, which lowers
the performance of the CAD system. We have removed this
weakness by setting the maximum and minimum velocity
limit of particles and dynamically adjusting the control param-
eters c1 and c2 during the solution search process. We call this
as improved adaptive particle swarm optimization (IAPSO)
method.

The PSO algorithm has been extensively used for the diag-
nosis of heart disease [35, 36], in health care [37], for
the Parkinson disease detection [38], for the detection of hem-
orrhage [39], in neurological application [40], for the breast
cancer detection [41, 42] and for Alzheimer’s disease detection
[43, 44]. The adaptive PSO has also been used to attain better
accuracy during the breast cancer diagnosis [45]. The effective-
ness of APSO, which is an optimization method, has been
shown in a variety of applications such as sonar image se-
quences [46], humanoid robots [47] and tandem blade optimi-
zation [48]. The velocity and position of particles have signif-
icant effect on the performance of APSO. The reason for that is
that the position and velocity of each particle is updated during
the iteration so that each particle moves closer to a better solu-
tion. In this study, we update the position and velocity of each
particle to improve the performance of APSO. The proposed
method is called IAPSO (improved APSO).

Our database consisted of 180 records taken from the original
immunotherapy and cryotherapy data equally (90 records for
each of the original data types). To avoid the effect of variation
in the IAPSO method, we first normalized the data set as part of
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the data preparation and preprocessing step. Cross-validation
(CV) protocol was employed to test our machine learning para-
digm consisting of five partition protocols (K2, K3, K4, K5, and
K10). The CV protocol was evaluated using several performance
metrics that includes: precision, recall, F-measure, and accuracy.
We benchmarked our algorithm against the previously published
method called artificial immune recognition system (AIRS). We
further evaluated our CAD system by swapping the core classi-
fier of IAPSO (withAIRS) by six different classifiers (shown as a
general block in Fig. 1) namely simple AIRS, Bayes network
(BN), Multilayer Perceptron (MLP), J48, Random forest (RF),
and hierarchical LVQ (H-LVQ) to understand the generalization
behavior of the ML system. As part of the performance evalua-
tion of the ML system, we further computed the reliability index
(RI). The system was implemented in the Java, while integrated
development environment (IDE) was implemented using
NetBeans.

The velocity and position of particles in APSO was up-
dated in two major steps. We first set the maximum and min-
imum velocity limits of particles. Then, the values of c1 and c2
were adjusted. Therefore, the main contributions of this study
can be listed as follows: (1) it presents a new standard WD
database, (2) it applies different partition protocols from each
method to check the performance of the algorithms, (3) it
improves the performance of classical PSO (IAPSO), and
(4) it describes a novel evolutionary-based approach to im-
prove the performance of AIRS using IAPSO for WD treat-
ment response. Our results demonstrate that IAPSO can im-
prove the performance of the AIRS method on a WD data-
base. Moreover, the proposed methodology outperformed the
five classical methods used for comparison.

The rest of the work is structured into seven main sections
which are as follows. Section BClinical data^ describes the clin-
ical data sets used in our research followed by the proposed
methodology in Section BThe proposed methodology .̂
Section BIAPSO architecture^ provides our proposed methodol-
ogy for classification of the WD treatment response. The

experimental protocols are presented in Section BExperimental
protocols^, followed by the results description in
Section BResults^. The performance evaluation and discussion
are provided in Section BPerformance evaluation^, followed by
Section BDiscussion^. Finally, we have presented the conclu-
sions in Section BConclusion^.

Clinical data

The main data used in this paper comprised of two data sets:
plantar and common warts data. Both of these data sets were
gathered in the dermatology clinic of Ghaem Hospital in
Mashhad, IRAN between the period of January 2013 and
February 2015. These data sets can be downloaded from the
UCI machine learning repository [7, 49–51]. The information
from 180 patients with plantar and common warts was record-
ed. Each data set includes 90 records. We believed that the
numbers of records in these data sets were not enough for
optimal performance of the new algorithm. To tackle this chal-
lenge, we introduced a new standard WD database which was
designed by combining both data sets and therefore consisted
of 8 features selected for 180 records. Thus, the new data set:
(1) includes more records; and (2) has more features, com-
pared to the old data sets. The important point about the com-
bined data set is that it has no missing values, which is very
critical for ML techniques. More information about the attri-
butes and the statistical summary of the original and new data
sets are briefly discussed below.

The cryotherapy and immunotherapy data sets

The first data set includes seven features from 90 patients,
collected when the cryotherapy approach was used. The sec-
ond data set includes eight factors gathered from 90 patients
when the immunotherapy approach was used. More informa-
tion about these two data sets can be found in [7, 49–51].

Fig. 1 Global architecture of
application of machine learning
algorithms for Wart disease
prediction
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The combined wart data (CWD)

The original data sets used two different treatment methods.
Thus, we combined both data sets to make a new data set. In
addition, we would argue that these treatment methods can be
considered as a prediction feature for WD. Since the first data
set includes seven factors and the second data set includes eight
factors, we tried to use all common factors available in both
data sets. Hence, the induration diameter of initial test feature
existing in the second data set was removed. Furthermore, we
added a new factor named BProcedure of treatment^ as an input
variable with other common factors (see Table 1):

The proposed methodology

This study applied a new machine learning (ML) system on
the WD data set. The proposed ML-based system (named
IAPSO for AIRS) is presented in Fig. 2. The preprocessing
approach was used as an initial step in our proposed method-
ology. In the first step of the study, the min-max normalization
approach was applied. Then, the classical AIRS system was
applied on the data set. In the second step, the performance of
AIRS was optimized using the improved version of the APSO
algorithm (IAPSO). The K-fold cross validation was
employed for training-testing of the system. The general view
of the proposed approach is given in Fig. 2.

Figure 2 indicates that, we first applied the data preprocessing
approach using the min_max normalization technique. Different
fold cross validation techniques (K2,K3,K4,K5, andK10) were
used on the training and testing data. The parameters of the
AIRS algorithm were optimized using the IAPSO method.
Figure 3 shows the application of PSO and AIRS, in combina-
tion, on the WD data set. We have used an improved version of
PSO (named IAPSO) as one of the widely employed techniques
for optimizing parameters in the AIRS method.

The procedure of IAPSO for AIRS describes the stage of
hybridization between IAPSO and AIRS. This stage starts
with the use of IAPSO by initializing the position and velocity
of particles. Then, to find out the fitness value of each particle,
the AIRS algorithm is executed. The position of particles that

have been initialized in the IAPSO process consists of 7
values which will be used as parameters in the AIRS algo-
rithm. The AIRS algorithm is run until the stop criteria are
met, and then the accuracy value is obtained. The accuracy
value is used as a fitness value of a particle and the IAPSO
process is resumed until the maximum number of iterations is
reached. The whole process of the proposed IAPSO method
for AIRS is shown in Algorithm 1, in Appendix 2.

IAPSO architecture

This study introduces a new diagnosis model for the detection
of WD. Our major hypothesis was validated using one classi-
fier namely, AIRS, one evolutionary algorithm (PSO), one
WD data set (the new one), min-max normalization approach
and five different cross-validation (K = 2, 3, 4, 5, and 10)
protocols. We briefly explained the AIRS, PSO, IAPSO, and
min-max normalization approaches in the following sections.
In this work, we have used 5 well-known ML techniques,
namely NB, MLP, J48, RF, and H-LVQ.

Particle swarm optimization

The Particle SwarmOptimization (PSO) algorithm is a stochas-
tic optimization strategy which cannot make any assumptions
regarding the gradient of the objective function introduced by
Eberhart and Kennedy [52, 53]. This method was inspired from
the natural social behaviors and dynamicmovements with com-
munications of various birds, insects and fishes. Indeed, the
PSO updates the position of particles using a personal best
position (pbest) and a global best (gbest) [54]. More informa-
tion about PSO is presented in [55–57] and Appendix 3.

The PSO as one of the optimization methods expected to
perform well to improve the quality of solutions. This paper
uses the application of PSO to improve the quality of solutions
provided by AIRS to identify diseases accurately by adding
adaptive mechanisms. In a previous study, an improvised
PSO was carried out by converting particle coordinates when
updating the velocity, which is called Rotated Particle Swarm
(RPS) [58]. The calculation process uses a matrix and hence

Table 1 The combined wart data
set (CWD) No. Feature Range Type

1. Response to treatment Yes or No Output (target)

2. Gender 88 Men and 92 Women Input

3. Age (years) 15–67 Input

4. Time elapsed before treatment (month) 0–12 Input

5. The number of warts 1–19 Input

6. Types of wart (Count) 1– Common (101), Plantar (31), Both (48) Input

7. Surface area of the warts c (mm2) 4–900 Input

8. Procedure of treatment 1 = Immunotherapy and 2 = Cryotherapy Input
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requires a long computing time. In another study [59], a particle
transfer mechanism was proposed. The transfer mechanism

removes the fitness personal best value obtained previously if
the average value is less than the threshold. In our opinion, this

Wart Data (WD)Protocol Type 

Normalized WD Normalized WD

Offline Classifier

Optimization 

(IAPSO)

Online 

Classifier

Ground Truth 

Labels

Offline Training 

Parameters 

Predicted 

Class

Offline Wart Classification System Online Wart Classification System

Classifier 

Type

Classifier 

Type

Normalization Normalization

Training WD Testing WD

Fig. 2 The general view of the
proposed system

Start

Initialize Velocity and Position of 

Particles

For each Particle call AIRS() to 

Calculate the Fitness Value

Assign the Parameter Values

Calculate Affinity between Memory 

Cell and Training Antigen

Clone the Memory Cell based on its 

Affinity and Put them into ARB Pool

Calculate Total Stimulation of ARBs 

in each Class

Store the best ARB into Memory Cell

Calculate Distance between Memory 

Cell and Test Antigen

Calculate Accuracy

Set Personal Best (Pbest) and 

Global Best (Gbest)

Update Velocity and Position of 

Particles

Set the Minimum 

and Maximum 

Velocity Limit of 

Particles

Make Gbest as a Solution

End

AIRS()

Change the Values 

of c1 and c2

Adaptively

Fig. 3 Illustration of the parameter optimization procedure in the proposed IAPSO-AIRS system: the bolded boxes show how the position and velocity
of each particle is updated
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approach is good because its solutions can avoid local optimum
solutions and use of mutation processes in genetic algorithms.
However, if the particle transfer is too far away, then the particle
might come out of the search area because of the selection of an
incorrect new solution point. Therefore, our study uses mini-
mum and maximum particle velocity settings to avoid particles
coming out of the search area. In addition, the control param-
eter settings are also added to adjust particle movements adap-
tively according to fitness values so that particles can find better
solutions in each iteration.

Improved PSO

The process of updating the velocity and position of particles
is carried out using Eq. D.1and Eq. D.2. In this study, we
initialized PSO by setting the minimum and maximum veloc-
ity limits for each particle in the search space. The velocity
limits are influenced by the minimum and maximum values of
each parameter used. Calculation of the minimum and maxi-
mum velocity limit of particles is shown in eqs. (1) and (2).

vmaxi ¼ k� xmaxi−xminið Þ
2

ð1Þ

vmini ¼ −vmaxi ð2Þ
where, k is a random number with a range of values [0, 1]. In
this study, the value of k equal to 0.6 was used, v maxiis the
maximum velocity limit of a particle in the search space, v
mini is the minimum velocity limit of a particle in the search
space, x maxi is the maximum value limit of a parameter, and x
miniis the minimum value limit of a parameter.

The improvement of PSO was also carried out by applying
random injection mechanism each iteration in multiples of 3.
The mechanism was performed by generating random parti-
cles which thenwere inserted into the population. The purpose
of the random injection mechanism is to prevent search results
from being trapped at the local optimum solution.

Adaptive PSO

The performance of PSO is strongly influenced by the balance
of social and cognitive parameters. Determination of the pa-
rameter values c1 and c2 is an important factor in determining
the balance parameters to produce optimal solutions.
Parameters that are not well determined will affect the perfor-
mance of PSO and lead to a premature convergence.

PSO as a population-based search algorithm which is often
trapped in a local optimum solution. This is because there are
many particles that move freely in the search space to find a
solution. The poor settings of the PSO parameters used, such
as particle starting points, particle velocity, and control param-
eters that regulate the movement of particles, causes particles
to move inefficiently.

The use of adaptive mechanism in the PSO is expected
to regulate particle movements during the solution search
process. The control parameters in this case are the fitness
values that regulate particle movements and can be
changed adaptively at certain iterations by adjusting to
the quality of solutions. If most of the particles in the
search space have a fitness value greater than the fitness
value obtained in the previous iteration, then the value of
the cognitive parameters must be increased for these par-
ticles to move faster in order to get closer to the personal
best of each particle. Conversely, if the particles in the
search space tend to produce a fitness value that is worse
than the fitness value in the previous iteration, it means
that the control parameter is not able to direct the particle
to a better solution so that the cognitive parameter value

Table 3 Initial results obtained using the classical AIRS algorithm
applied on the new WD dataset with 180 records

Class PRE REC FM ACC (%)

K2 Success 0.840 0.882 0.861 –

Failure 0.745 0.672 0.707 –

Weighted Average 0.808 0.811 0.809 81.11

K3 Success 0.824 0.824 0.824 –

Failure 0.656 0.656 0.656 –

Weighted Average 0.767 0.767 0.767 76.66

K4 Success 0.882 0.815 0.847 –

Failure 0.686 0.787 0.733 –

Weighted Average 0.815 0.806 0.808 80.55

K5 Success 0.840 0.882 0.861 –

Failure 0.745 0.672 0.707 –

Weighted Average 0.808 0.811 0.809 81.11

K10 Success 0.825 0.874 0.849 –

Failure 0.722 0.639 0.678 –

Weighted Average 0.790 0.794 0.791 79.44

Bold values indicate the highest classification metrics

Table 2 The summary of training for the AIRS algorithm

Parameter Value

Threshold of Affinity 0.482

Total instances for training 180

Total replacements of memory cell 69

Mean ARB clones for each refinement iteration 94.716

Mean total resources for each refinement iteration 144.319

Mean pool size for each refinement iteration 112.225

Mean memory cell clones for each antigen 16.8

Mean ARB refinement iterations for each antigen 2.094

Mean ARB prunings for each refinement iteration 103.17
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must be decreased. In addition, if the best particle in the
current iteration has a fitness value greater than the fitness
value obtained in the previous iteration, then the value of
the social parameter needs to be added so that the particle
can move faster in order to get closer to a better solution.
Conversely, if the fitness value obtained at this time is
smaller than the fitness value in the previous iteration,
then the particle will be directed to do a search around
the point of the solution that has been obtained previous-
ly. Thus, the particles in the search space will make dif-
ferent adjustments to the movement so that the solution
obtained is not a local optimum solution [60].

This study used an adaptive PSO mechanism to dy-
namically adjust the control parameters c1 and c2 during
the search process. The adaptive PSO mechanism is based
on the fitness value of each particle in each iteration, so
that the values of c1 and c2 change adaptively. Eq. (3) is
used to update c1 and c2 adaptively:

c
0
1 ¼ c1 þ 0:05 and c

00
1 ¼ c1−0:05

c
0
2 ¼ c2 þ 0:05 and c

00
2 ¼ c2−0:05

�
ð3Þ

where c
0
1 is used to update the value of c1 when more

than 20% of particles in the population have a new Pbest
value that is better than the Pbest value in the previous
iteration. If the number of particles that have a new Pbest
value is better than the Pbest value in the previous itera-
tion (should be less than 20%), then the value of c1 will

be reduced using c
0 0
1. The c

0
2 is used to update the value of

c2 when the Gbest value in the current iteration is better
than the Gbest value in the previous iteration. Conversely,
if the Gbest value in the current iteration does not in-

crease, then the value of c2 will be reduced using c
0 0
2.

Min-max normalization

The min-max normalization approach executes a linear
transformation on the principal data [61]. This technique
is a way to map a value d of P to d′ in the range
[new_min(p), new_max(p)]. Basically, the min-max nor-
malization is computed using d′, where min(p) is the min-
imum value of the feature and max(p) is the maximum
value of the feature. It should be expressed that the min-
max normalization approach maintains the relation among
the principal data values.

Artificial immune recognition system (AIRS)

Individual bodies have a special kind of defense system
called the Bimmune system^ [62]. This system protects
our body from various diseases caused from pathogens,
germs, and other toxic substances. The artificial immune
system (AIS) algorithm is a computationally intelligent
and rule-based machine learning method that has been
widely applied to solve various complex computational or
engineering problems (e. g., pattern recognition) [63–67].
The initial AIS was developed from the theoretical immu-
nology field in mid-1980. In other words, AIS is a learning
algorithm that was inspired from the human being immune
system [68]. This study uses the AIRS algorithm, which is a
kind of supervised learning of AIS [69]. Bai [32] showed
that there is a mapping between the immune system and
AIRS, which is given in [32, 62–69].

Classical classification techniques

As we discussed earlier, this work compares the perfor-
mances of the proposed method with five well-known ML
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algorithms. The algorithms used are as follows: Bayes
network (BN), multilayer perceptron (MLP), J48, random
forest (RF), and hierarchical LVQ (H-LVQ). More infor-
mation regarding each algorithm can be found in [70–79].

Experimental protocols

In the present work, we have applied data pre-processing
(min-max normalization), one classical algorithm (AIRS),
and one evolutionary technique (IAPSO). We have carried
out three experimental protocols, including (i) applying tradi-
tional AIRS on the wart data, (ii) optimization of parameters in
AIRS using IAPSO, and (iii) discussion and comparison of
the proposed method with other classifiers.

Experimental protocol 1: AIRS

The major objective of this section is to assess the per-
formance of the classical AIRS method on WD and
CWD data sets. In the first experiment, the AIRS algo-
rithm was applied. The summary of training is shown in
Table 2:

Due to the randomization of the data using the K-
fold cross validation, the second experiment was repeat-
ed 20 times (with T = 20 trials). It should be noted that,
in this step, we ran the method 20 times and then all
metrics were averaged. For this step, Weka 3.8 was
used as an open source data mining tool which was
carried out on a PC computer equipped with Windows
7, Pentium Dual Core CPU E5300 @2.60 GHz and
2 GB RAM.
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Experimental protocol 2: IAPSO for AIRS

The second experiment (optimization) was implemented in
Java Version: 1.8.0, when NetBeans 8.0.2 was used as IDE.
Here, we used a Windows 10 operating system with Intel i5
2.4GHz CPU and 8.00 GB RAM. Several tests were per-
formed to determine the best parameters to be used in the
IAPSO for AIRS algorithm. The testing phase consisted of
several testing sets and different parameter vcombinations,
including the number of particles, the number of iterations,
the value of inertia weight, and the values of c1 and c2.
Testing the number of particles was used to determine the
number of particles necessary to produce the optimal solution.
The number of particles used in this test scenario ranged from
5 to 50. The number of iteration used was 10, the weight of
inertia 0.5, and the values of c1 and c2 2 for both of them.

Experimental protocol 3: IAPSO for AIRS on different
partition protocols

The evaluation of the performance of the proposed methodol-
ogy for different partition protocols was the main objective of
this section. Here, the proposed methodology was applied on
the CWD data set with different partition protocols (K2, K3,
K4, K5, and K10) and then several performance metrics such
as precision (PRE), recall (REC), F-measure (FM), and accu-
racy (ACC), were evaluated.

Results

Results of experimental protocol 1: AIRS

In this work, we first applied the classical AISR method
on the CWD and the original immunotherapy and

cryotherapy data (90 records for each of the original data
types), separately. It should be noted that for each parti-
tion protocol (K = 2, 3, 4, 5, and 10), AIRS was repeated
20 times and then the averages of various measures were
presented. The performance of AIRS was investigated
using PRE, REC, FM, and ACC for two different classes

Table 4 Results of the classification (IAPSO for AIRS) using optimal
parameters and K10 applied on the new data set

Trial Number PRE REC FM ACC (%)

1 0.8859 0.8762 0.8807 89.44

2 0.8826 0.8833 0.8814 88.33

3 0.8782 0.8720 0.8750 88.88

4 0.8908 0.8844 0.8875 90.00

5 0.8898 0.8735 0.8807 89.44

6 0.8839 0.8865 0.8852 89.44

7 0.8762 0.8815 0.8787 88.88

8 0.8787 0.8787 0.8787 88.88

9 0.8891 0.8943 0.8916 90.00

10 0.8882 0.8937 0.8908 90.00

11 0.8806 0.8888 0.8844 89.44

12 0.8787 0.8787 0.8787 88.88

13 0.8830 0.8858 0.8844 89.44

14 0.8752 0.8808 0.8778 88.88

15 0.8771 0.8822 0.8795 88.88

16 0.8847 0.8872 0.8859 89.44

17 0.8882 0.8937 0.8908 90.00

18 0.8898 0.8735 0.8807 89.44

19 0.8830 0.8858 0.8844 89.44

20 0.8806 0.8888 0.8844 89.44

Average 0.8832 0.8835 0.8831 89.33

Bold values indicate the highest values of classification metrics
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(success and failure). In the first step, AIRS was applied
on separate data sets to check the performance of the
algorithm (see Table 10 in Appendix 4). It can be noted
from Table 10 that AIRS has yielded 91.11% (K4) and
82.22% (K2) for the cryotherapy and immunotherapy data
sets, respectively. This means that the AIRS algorithm has
provided comparable results according to other published
works [7]. The results obtained using the classical AIRS
algorithm on the CWD data set are presented in Table 3.

It can be noted from Table 3 that classical AIRS has
provided a better performance for the Bsuccess^ class and
a weaker performance for the Bfailure^ class. In other
words, AIRS showed good classification results for only
one class. Therefore, we tried to enhance the performance
of AIRS using the IAPSO technique. In the rest of the
study, we considered the weighted average of each proto-
col for the AIRS method.

Results of experimental protocol 2: IAPSO

In this experiment, the parameters of AIRS were optimized
using the proposed methodology (IAPSO). To get the best
values of our parameters, the proposed methodology was test-
ed for the number of particles, the number of iterations, the
value of inertia weight, and finally the values of c1 and c2. The
test results for the number of particles are shown in Fig. 4.

It can be seen from Fig. 4 that the average fitness value
increases with an increase in the number of particles.
However, upon reaching a certain point, the fitness value stops
augmenting. The fitness values tend to be stable when the
number of particles is above 25, which means that 25 is the
optimal number of particles. The second tests was for the
number of iterations that necessary to produce the optimal
solution. The number of iterations used in this test scenario
ranged from 5 to 50. The number of particles used was 25, the

Fig. 9 Comparison of performances of different ML algorithms in terms of ‘PRE’ for the CWD data set

Fig. 10 Comparison of
performances of
different ML algorithms in terms
of ‘REC’ for the CWD data set
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weight of inertia was 0.5, and the values of c1 and c2 were 2.
Test results for the number of iterations are shown in Fig. 5.

In Fig. 5, it can be seen that the average fitness value
increases when the number of iterations increases. This
increase in fitness value occurs for iterations 5 to 20 but
tends to be stable when the number of iterations is above
20. This condition indicates that the number of optimal
iterations is 20. In the third step, the value of inertia
weight was tested. This value is used to determine the
amount of inertia weights needed to produce the optimal
solution. The values of inertia weights used in this test
scenario were0.4, 0.5, 0.6, 0.7, 0.8, and 0.9. The number
of particles used was 25, the number of iterations was 20,
and the values of c1 and c2 were 2. Test results of this test
are shown in Fig. 6.

Figure 6 shows that the best value of inertia is equal to
0.7 and the average fitness value decrease when larger

values of inertia weight were applied. Larger values of
inertia weight make the exploration process faster by
searching globally. Hence, it gets stuck into a local opti-
mum solution. Smaller values of inertia weights make the
particles more likely to perform local searching or exploi-
tation [72]. In this study, the best found value of inertia
weight was 0.7. The last test was for the values of c1 and
c2. The values of c1 used in this test scenario were 0, 1, 2,
3, and 4 with the condition c1 + c2 = 4. The number of
particles used was 25, the number of iterations was 20,
and the value of inertia weight was 0.7. The test results
for the values of c1 and c2 are shown in Fig. 7.

Figure 7 shows that the best parameters used to gen-
erate the optimal solution are when the values of c1 and
c2 are 2. With a smaller value of c1, the convergence to a
certainsolution will occur quickly so that it has a tenden-
cy to produce a local optimal solution because the

Fig. 11 Comparison of performances of different ML algorithms in terms of ‘FM’ for the CWD data set

Fig. 12 Comparison of
performances of different
ML algorithms in terms of ‘ACC’
for the CWD data set

220 Page 12 of 23 J Med Syst (2019) 43: 220



process of updating leads to a social component.
Conversely, with a smaller value of c2, fewer particles
interact with each other because the process of updating
leads to a cognitive component of each particle. This
causes the particles to remain in the area around their
initial position [80]. Based on the test results shown in
Figs. 4, 5, 6 and 7, it can be seen that the optimal pa-
rameters of IAPSO are as follows: the number of parti-
cles is 25, the number of iterations is 20, the value of the
inertia weight is 0.7, the value of c1 is 2, and the value
of c2 is also 2.

Table 4 shows an example of the classification of WD
using the optimal parameters obtained from the test re-
sults. Since APSO is a stochastic algorithm, the experi-
ment was performed 20 times to get the average values of
PRE, REC, FM, and ACC. It should be noted that K10
helped provide the best average accuracy.

It can be noted from Table 4 that the best accuracy is 90%
obtained using the proposed methodology with K10.
Moreover, the average accuracy in Table 4 is 89.33%.

Results of experimental protocol 3: IAPSO on different
partition protocols

The third experiment was conducted to evaluate the perfor-
mance of the proposed methodology with different partition
protocols (K2, K3, K4, K5, and K10). Therefore, AIPSO-
AISR was applied with these five protocols on the CWD data.
Test results for the inertia weights are shown in Fig. 8.

Fig. 8 shows that K10 has indicated the best average
accuracy compared to other four protocols with an aver-
age accuracy of 89.33%. In addi t ion, K10 has
provided the highest average value of FM as compared
to the other four protocols with the average of 88.3%.
Moreover, we applied 5 classical ML techniques (BN,
MLP, J48, RF, and H-LVQ) on the new data set to check
the performance of the proposed methodology. It may be
noted that for each of these classifiers, the highest value
of each metric was selected. The results are illustrated in
Figs. 9, 10, 11, and 12.

It can be noted from Figs. 9-12 that the proposed
IAPSO for AIRS algorithm has yielded the highest PRE,
REC, FM, and ACC rates as compared to classical clas-
sifiers. Thus, we could argue that the IAPSO for AIRS
algorithm is very effective for an early diagnosis of WD.

Performance evaluation

Benchmarking improved APSO against AIRS

Since the improvement of AIRS was one of the main objec-
tives of this study, we compared the performance of classical
AIRS and opt imized AIRS us ing the proposed
IAPSO evolutionary method. Thus, the obtained resultsin
first, second, and third experiments were compared. The im-
provement obtained using IAPSOwith AIRS is important (see

Table 5 Performance analysis of AIRS versus IAPSO for AIRS

Protocol Improvement

PRE REC FM ACC (%)

K2 0.068 ↑* 0.065 ↑ 0.065 ↑ 7.22 ↑

K3 0.11 ↑ 0.11 ↑ 0.11 ↑ 11.67 ↑

K4 0.059 ↑ 0.066 ↑ 0.062 ↑ 6.67 ↑

K5 0.085 ↑ 0.082 ↑ 0.084 ↑ 8.89 ↑

K10 0.10 ↑ 0.10 ↑ 0.10 ↑ 8.89 ↑

Average 0.0844 ↑ 0.0846 ↑ 0.0842 ↑ 8.668↑

* Note: ↑ means that the value was improved after using the proposed
model

Bold values indicate the highest values of classification metrics

Fig. 13 Bar chart demonstrating
the mean classifier accuracies for
different classifiers (for K = 5,
T = 20)
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Table 5), which is a key point for medical and healthcare
subjects.

As Table 5 shows, the accuracy of IAPSO with AIRS is
much higher than that of the traditional AIRS algorithm for all
protocols (K2, K3,K4,K5, andK10). Moreover, it can be seen
that not only the accuracy values, but those of the other met-
rics (PRE, REC, and FM) have also improved. These results

demonstrate that K3 achieved the maximum optimization in
terms of all metrics (PRE, REC, FM, and ACC), followed by
K10.

Moreover, the system classifier accuracy (η(c)) calculation
for all parameters was evaluated by using all five sets of pro-
tocols and all trial sets for each classifier. The formula for η(c)
is given by Eq. 4:
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Table 6 Comparison of performances of the proposed method against previous studies using the same WD data

Author and Year Data type / Data Size # Selected
Features (input)

Partition type Best Classifier ACC (%)

Akben [1] (2018) cryotherapy / 90 6 10-fold The fuzzy informative
images + decision trees

94.40

Akben [1] (2018) immunotherapy / 90 7 10-fold The fuzzy informative
images + decision trees

90.00

Uzun et al. [6] (2018) cryotherapy / 90 6 NA KNN (K = 7) 80.00

Uzun et al. [6] (2018) immunotherapy / 90 7 NA KNN (K = 7) 80.00

Khozeimeh et al. [7] (2017) cryotherapy / 90 6 10-fold Fuzzy Logic 80.70

Khozeimeh et al. [7] (2017) immunotherapy / 90 7 10-fold Fuzzy Logic 83.33

Guimarães et al. [81] (2018) immunotherapy / 90 7 70% for training
and 30% for testing

Fuzzy neural networks 83.33

Alizadehsani et al. [82] (2018) cryotherapy / 90 4 NA LIBSVM 91.11 ± 6.67

Alizadehsani et al. [82] (2018) immunotherapy / 90 5 NA LIBSVM 88.89 ± 6.33

Nugroho et al. [83] (2018) Merged data / 180 6 90% for training
and 10% for testing

C4.5 + RFFW 87.22

Jia et al. [84] (2019) immunotherapy / 90 7 10-fold LDA+ AFS +C4.5Tree 80.73 ± 0.0262

Junio Guimarães et al. [85] (2019) cryotherapy / 90 6 10-fold Fuzzy neural network
(FNN)

88.64

Junio Guimarães et al. [85] (2019) immunotherapy / 90 7 10-fold Fuzzy neural network
(FNN)

84.32

Proposed Method cryotherapy / 90 6 5-fold (K5) IAPSO + AIRS 94.44

Proposed Method immunotherapy / 90 7 2-fold (K2) IAPSO + AIRS 84.44

Proposed Method CWD / 180 7 10-fold (K10) IAPSO + AIRS 90.00
average (89.33)
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η cð Þ ¼ ∑k¼K
k¼1 ∑

t¼T
t¼1η c; k; tð Þ
K � T

ð4Þ

The results are illustrated in Fig. 13.

Reliability analysis

The reliability index (RI) of the CAD/ML system helps to
evaluate the performance of a CAD/ML system. RI is the ratio
of the standard deviation of the classification accuracy and the
mean of the classification accuracies for all protocols. The
reliability index (named ξN) of the system is computed using
Eq. 5:

ξN %ð Þ ¼ 1−
σN

μN

� �
� 100 ð5Þ

where σN is the population standard deviation and μN is the
mean of all accuracies for K = 2, 3 4, 5, and 10 and T = 20.
Note that the population standard deviation can be calculated
as follows:

σ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N
∑
N

i¼1
xi−μð Þ2

s
ð6Þ

where xi represents an individual value, μ represents the
mean/expected value, and N represents the total number
of values. Here, we consider all accuracies obtained by
different protocols for each method. For example, we
carried out IAPSO with AIRS 20 times for each protocol
(K = 2, 3 4, 5, and 10) on the new WD data set. Then, all
accuracies were used to calculate RI (100 accuracies in
total). The results are presented in Fig. 14.

As Fig. 14 shows, the RI values for the proposed meth-
od applied on the new WD data set is 98.68%, while the
accuracy for the immunotherapy and cryotherapy data sets
are 98.87% and 99%, respectively.

Discussion

Claims

This study proposed a novel evolutionary-based system
to classify the WD treatment response. The proposed
methodology was applied with AIRS classifier. It can

be seen from Table 5 that our IAPSO method significant-
ly improved the performance of traditional AIRS classi-
fier in the classification of the WD treatment response.

Khozeimeh et al. [7] used the same data sets; however,
they applied their methods on each data set separately. We
combined two original data sets and created a new data set
with more records, as suggested in [7], to apply various
machine learning algorithms. Uzun et al. [6] investigated
the same data set in their study and emphasized the need
to have a bigger data set. Our model showed valuable
performance results for early diagnosis of WD. The risk
stratification can be improved further by adding the path-
ophysiological factors.

Benchmarking

Several prediction studies were carried out on the clas-
sification and diagnosis of WD. Their results are shown
in Table 6.We compared our results with previous stud-
ies in the literature (see Table 6). In this regard, differ-
ent aspects of each paper are considered: (i) type of
data used in each paper, (ii) the size of data, (iii) the
number of various features used during design of the
ML system, (iv) partition type of each data, (v) type
of the algorithm applied during the training/testing
steps, and (vi) performance measures (metrics).

In Table 6, all reported studies have used original 90
records. Hence, we applied our new method on the same
original data to compare our performance with prior stud-
ies. We have obtained the highest performance using the
combination of the IAPSO and AISR methods for cryo-
therapy data with the accuracy of 94.44% (K5), while our
methods yielded the second highest accuracy of 84.44%
(K2) for immunotherapy data. In other words, our new
method had the best average accuracy. Also, we have
obtained the accuracy of 90% using our IAPSO-AISR
method with 180 data set.

A special note on classifiers

The proposed classifier is the main part of the proposed
CAD system. We have selected six different algorithms
including AIRS, BN, MLP, J48, RF, and H-LVQ that
have been tested using five different partitioning proto-
cols (K2, K3, K4, K5, and K10). The main objective was
to investigate the performance of AIRS and then com-
pare it with other selected classifiers. To optimize the
performance of AIRS, we have used an improved adap-
tive PSO (IAPSO) technique, added random injection,
and applied the hybridization mechanism with simulated
annealing. The proposed method showed the best
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performance compared to AIRS and other traditional
classifiers. We have observed that the protocol K10 ap-
plied on the new data has provided the best perfomances
in many cases. Our findings indicate that the IAPSO for
AIRS method was the best classifier followed by RF,
while the MLP and J48 classifiers have performed
averagely.

Strengths, weaknesses and extensions: perspectives
for future work

This research introduced the risk stratification system,
called IAPSO for AIRS, which was shown to classify
accurately a group of 180 WD patients affected by two
types of warts: common and plantar warts. Current re-
search presents an evolutionary-based technique that
provides an average classification accuracy of 89.33%
when 10-fold cross validation is used (see Table 4).
Nevertheless, the proposed ML-based system still has
potential for optimization. Furthermore, many other
classification techniques can be used instead of AIRS.
In this study only PSO was used instead of other evo-
lutionary algorithms (EAs). Hence, in our future work,
we aim to use other EAs, such as GA [86], genetic
programming, covariance matrix adaptation evolution
strategy (CMA-ES), and cellular evolutionary algorithm.
Moreover, we aim to apply different ensemble tech-
niques (e. g., bootstrap aggregating (bagging), boosting,
stacking, voting, Bayesian model combination) either
with AIRS or even with the IAPSO for AIRS algorithm.
In the future, we also intend to apply different types of
fuzzy logic methods, such as type-2 fuzzy logic, learn-
ing vector quantization (LVQ) technique in our pro-
posed methodology [87–91], genetic ensembles of clas-
sifier [92] as well as different levels of genetic optimiz-
er [93].

Conclusion

An accurate evaluation of treatment response to wart
disease (WD) is a challenging task for physicians. In
the current study, we investigated the treatment response

in immunotherapy and cryotherapy: two popular WD
treatment methods. We combined the two original wart
data sets and created a new data set (each had 90 re-
cords), comprising 180 records. The proposed IAPSO
method returned the precision, recall, F-measure and
accuracy values of 0.8908, 0.8943, 0.8916 and 90%,
respectively, using the K10 protocol. The average im-
provement of precision, recall, F-measure and accuracy
over the artificial immune recognition system (AIRS)
were 8.44%, 8.46%, 8.42% and 8.668%, respectively.
In the future, the described IAPSO system can be fur-
ther improved using deep learning approach if more
WD-related data become available. We also intend to
improve the performance of the proposed method by
testing other optimization and evolutionary techniques,
such as genetic algorithms, memetic algorithms, ant col-
ony optimization, bees algorithm, artificial bee colony
algorithm, and Cuckoo search using huge data.

Compliance with ethical standards

Conflict of interest Author Moloud Abdar declares that he has no
conflict of interest. Author Vivi Nur Wijayaningrum declares that
she has no conflict of interest. Author Sadiq Hussain declares that
he has no conflict of interest. Author Roohallah Alizadehsani
declares that he has no conflict of interest. Author Pawel
Plawiak declares that he has no conflict of interest. Author U
Rajendra Acharya declares that he has no conflict of interest.
Author Vladimir Makarenkov declares that he has no conflict of
interest.

Ethical approval We used two secondary datasets taken from the
UCI public website (http://archive.ics.uci.edu/ml/datasets/
Immunotherapy+Dataset) and (http://archive.ics.uci.edu/ml/
datasets/Cryotherapy+Dataset+). No ethics approval is required for
these datasets.

Animal studies This article does not contain any studies with animals
performed by any of the authors.

Informed consent Informed consent was obtained from all individual
participants included in the study.

220 Page 16 of 23 J Med Syst (2019) 43: 220

http://archive.ics.uci.edu/ml/datasets/Immunotherapy+Dataset
http://archive.ics.uci.edu/ml/datasets/Immunotherapy+Dataset
http://archive.ics.uci.edu/ml/datasets/Cryotherapy+Dataset
http://archive.ics.uci.edu/ml/datasets/Cryotherapy+Dataset


Appendix 1

List of Abbreviations/Symbols

Table 7 Shows the list of all
Abbreviations/Symbols used in
this study

SN Abbreviations/Symbols Description

1 ML Machine Learning
2 DM Data Mining
3 IDE Integrated Development Environment
4 C Total number of classifiers (7)
5 K Total number of partition protocols (5)
6 T Total number of trials (20)
7 K2 Protocol of partition (1/2 samples for training and 1/2 for testing)
8 K3 Protocol of partition (2/3 samples for training and 1/3 for testing)
9 K4 Protocol of partition (3/4 samples for training and 1/4 for testing)
10 K5 Protocol of partition (4/5 samples for training and 1/5 for testing)
11 K10 Protocol of partition (9/10 samples for training and 1/10 for testing)
12 AIRS Artificial Immune Recognition System
13 IAPSO Improved Adaptive Particle Swarm Optimization
14 ACC Accuracy
15 PRE Precision
16 REC Recall
17 FM F-Measure (F1 Score)
18 N Total data size for the data set
19 k-NN k-Nearest Neighbors
20 BN Bayes Network
21 MLP Multilayer Perceptron
22 J48 J48 Classifier
23 RF Random Forest
24 H-LVQ Hierarchical LVQ
25 CAD Computer-Aided Diagnosis
26 CDSS Clinical Decision Support System
27 CDSA Clinical Decision Support Algorithm
28 UCI University of California, Irvine
29 AT Affinity Threshold
30 RI Reliability index
31 ξN Reliability index for data set
32 σ The population standard deviation
33 μ The mean of all accuracies for all protocols
34 ag The antigen
35 MC The memory cell set
36 ClonalRate The number of mutated clones
37 HyperClonalRate The number of mutated clones a memory cell
38 maxstim The maximum stimulation value
39 minstim The minimum stimulation value
40 min(p) The minimum value of a feature
41 max(p) The maximum value of a feature
42 v maxi The maximum velocity limit of a particle in the search space
43 v mini The minimum velocity limit of a particle in the search space
44 x maxi The maximum value limit of a parameter
45 x mini The minimum value limit of a parameter
46 AFF Affinity
47 EUC-DIS Euclidean Distance
48 AT A delegate of the average affinity over whole training data set
49 STI Stimulation
50 NC Number of Clonal
51 CR Clonal Rate
52 HCR Hyper Clonal Rate
53 ab.r The constant clonal rate (ab.resource)
54 ARGM Argmax
54 d′ The mapped value of d
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Appendix 2

Flowchart of the proposed IAPSO for AIRS

Algorithm 1: IAPSO for AIRS
Inputs:
Wart disease data set

Outputs:
E – evaluation coefficients and confusion matrix

P – classification of wart disease (WD) treatment response 

Procedure of IAPSO
For each particle

Initialize particle position randomly

Initialize particle velocity

End
Do

For each particle

Calculate fitness value using Procedure of AIRS

If the fitness value > the personal best fitness value (Pbest)
Set current value as the new Pbest

End if
End for
Choose a particle with the best fitness value of all the particles as Gbest
For each particle

Update particle velocity by calculating the minimum and maximum velocity limit

Update particle position

End for
If 20% Pbest in the current iteration >Pbest in the previous iteration

Increase the value of c1

Else 
Decrease the value of c1

End if
If Gbest in the current iteration >Gbest in the previous iteration

Increase the value of c2

Else 
Decrease the value of c2

End if
If iteration % 3 = 0

Generate a new particle with random position and velocity

End if
While maximum iteration is not attained

Procedure of AIRS
For each antigen

Select memory cell that has highest affinity to antigen from memory cell pool

Create a pool of B-cells, which consists of the offspring of the selected memory cell

Do
Clone and mutate most highly stimulated B-cell
Remove least stimulated B-cells

While stimulation level > threshold

If affinity of the best B-cell > affinity of best memory cell
Add the best B-cell to the memory pool
Remove the memory cell from the memory pool

End if
End for
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Appendix 3

Initialization of particle position

In this study, a particle consists of 9 dimensions that
describe the parameters to be used in the AIRS algo-
rithm. These values are randomly selected in different
value ranges for each parameter. The range of values for
each parameter used in this study are presented in
Table 8:

An example of particle initialization is shown in Table 9.

Table 9 shows that a particle consists of 9 dimensions:
affinity threshold scalar, clonal rate, hypermutation rate, mu-
tation rate, total resources, stimulation threshold, ARB cell
pool size, memory cell pool size, and k-NN with different
values. These values are then used as parameters in AIRS.

Fitness value

The fitness function is used to find out how well the
position has been found by each particle. A particle that
has a high fitness value indicates that the position of the
particle is close to the optimal solution. The higher the
fitness value of a particle, the closer the particle posi-
tion to the optimal solution. The fitness value can be
obtained after applying the values of a particle to the
parameters used in AIRS. AIRS will conduct a training
process using these parameters. After the training pro-
cess is done, the test process will be performed by
calculating the suitability of the classification result with
the actual class data. Therefore, the fitness value will be

calculated using the accuracy, as shown in ACC.
Moreover, the performances of the methods are evaluat-
ed using the other metrics such as precision, recall, and
F-Measure, which are indicated as PRE, REC, and FM.

ACC ¼ TPþ TN

TPþ FPþ FNþ TN
&PRE ¼ TP

TPþ FP

REC ¼ TP

TPþ FN
&FM ¼ 2� PRE� REC

PREþ REC

8><
>:
where, True Positive (TP) is the value obtained when
the actual class of the data was 1 (Success) and the
predicted was also 1 (Success), True Negative (TN) is
the value obtained when the actual class of the data was
0 (Failed) and the predicted was 0 (Failed), False
Positive (FP) is the value obtained when the actual class
of the data was 0 (Failed) and the predicted was 1
(Success), False Negative (FN) is the value obtained
when the actual class of the data was 1 (Success) and
the predicted was 0 (Failed).

Table 8 Mapping between the immune system and AIRS

Parameter Range

Affinity Threshold Scalar (ATS) [0, 1]
Clonal rate [1, 19]
Hypermutation rate [1, 19]
Mutation rate [0, 1]
Total resources [150, 300]
Stimulation threshold [0, 1]
ARB cell pool size [0, 10]
Memory cell pool size [0, 10]
k-NN [1, 7]

Table 9 Example of a particle

ATS Clonal
Rate

Hypermutation
Rate

Mutation
Rate

Total
Resources

Stimulation
Threshold

ARB Cell
Pool Size

Memory Cell
Pool Size

k-NN

0.1545 10.0 18.0 0.2398 112.0 0.0709 3 5 1
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