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Abstract 

There are many conventional classification approaches to 

classify large scale data. To deal with composite engineering 

problems the traditional classification methods become 

difficult in terms of complexity and efficiency. Thereby, to 

obtain efficient classifier model the attention of researchers is 

much towards the hybrid techniques like fuzzy with Neural 

Network, Genetic Algorithm and decision tree in the 

community of computational Intelligence. These techniques 

along with the optimization algorithm can be used to generate 

fuzzy rule based classifier. 

In this work, an algorithm is proposed to design a fuzzy expert 

system is namely Adaptive Lion Fuzzy System (ALFS) that 

consists of two phases. In Phase I, the membership functions 

are developed based on Uniform Distribution. In Phase II, 

rules are generated using fitness function based on three 

factors such as length, matching and variance. Further, 

optimal rules are produced by adjusting the constants in the 

female update equation of Lion Algorithm (LA). Thus, the 

suggested approach in Phase II is named as Adaptive Lion 

Algorithm (ALA). 

The Performance of the proposed system is evaluated with 

three metrics viz., sensitivity, specificity, and accuracy is 

exploited using three datasets, Statlog, heart disease, and lung 

cancer datasets. From the experimental results it is observed 

that the suggested ALFS has attained the maximum 

performance with sensitivity of 0.98, specificity of 0.959, and 

accuracy of 0.959, respectively as compared with some of the 

existing classification algorithms.       

Keywords: Data classification, Fuzzy system, Rule 

generation, Membership function, optimal rules.                

 

INTRODUCTION 

Presently, managing large quantity of data has become a 

challenging process. Data mining is one of the promising 

areas that attract various industries developed to handle the 

huge volume of data. A challenging and effective approach in 

data mining is data classification [10]. Some of the popular 

classification algorithms available for data mining are 

decision tree classifiers [11], Bayesian classifiers [13], Rule-

based classifiers [12], Artificial Neural Networks (ANNs) 

[15], Lazy Learners, ensemble methods [16], and Support 

Vector Machines (SVMs) [14]. Various techniques have been 

developed to mine the classification rules from the numeric 

data [17] [1].  

The classifiers based on the fuzzy logic system [31] are 

categorized into two, namely pure fuzzy classifiers and Fuzzy 

Rule Based Classification System (FRBCS), also called fuzzy 

expert system [7]. Due to the lack of normalization and 

performance degradation, the former classifiers based on 

fuzzy clustering [19], fuzzy pattern matching [18] and fuzzy 

integral [20] are unsuitable to solve the classification 

problems [5]. The later classifier has a number of membership 

functions and if-then rules, which are generated by the domain 

experts. As a result, rule base is created for the fuzzy expert 

system based on the if-then rules, where qualitative reasoning 

is done to predict the results. The fuzzy rules are obtained 

from the training data space during the absence of domain 

experts. A fuzzy relation can be established depending on the 

if-then rules of the fuzzy logic system to show the relation 

between the input and the output values [21]. The process of 

extracting fuzzy rules from the data space is considered as a 

search problem in high dimensional data space, where every 

point specifies a set of rules, system behavior, and 

membership function [4].  

The FRBCS involves a large number of widespread 

applications [22] that are effectively designed for supporting 

the requirements of intelligent support. Real-time issues in 

varied fields, like classification, classical network 

optimization, pattern recognition, pricing prediction system, 

travel choice behavior models, disease prediction, robotics 

based on behavior, identification of rice quality, etc., adopt 

FRBCS to attain optimized rule learning [23] [6]. The major 

advantage of the fuzzy rule-based classifier [24] is its 

capability of integrating human expert knowledge into the 
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decision making process [5]. To generate and learn the 

classification rules of the fuzzy system, various methods, such 

as simple heuristic procedures, clustering methods [26], 

Genetic Algorithm (GA) [27], and neuro-fuzzy techniques 

[25], are available. Moreover, many heuristic and meta-

heuristic algorithms, such as Particle Swarm Optimization 

(PSO) [28], Firefly [29], Simulated Annealing, Greywolf 

Optimizer [30], Artificial Bee Colony optimization (ABC), 

and so on, are developed based on the behavior of biological 

systems in nature [32] [37]. 

The rest of the paper is structured as follows: The survey 

providing various fuzzy logic systems that are used in the 

literature is described in section 2. Section 3 presents the 

suggested ALFS using the proposed ALA with an appropriate 

block diagram. The ALFS system employed for the 

classification is explained in section 4. The results of the 

suggested ALFS are discussed in section 5 with a comparative 

analysis, and the entire system is summarized in conclusion 

given in section 6. 

 

RELATED WORK 

Xiaodong Liu et al. [1] developed a function similar to the 

coherence membership function to explain fuzzy concepts 

built over the Axiomatic Fuzzy Set (AFS) theory. The 

membership function formed could hold two factors, such as 

fuzziness and randomness. Moreover, a method designed to 

create a classifier based on fuzzy rules using the membership 

functions. The AFS approach is applicable even for the 

datasets with mixed attributes. The major drawback of the 

approach is that it generates a large number of rules. 

To optimize the membership functions and the rules, Binu 

Dennis et al. [2] presented Adaptive Genetic Fuzzy System 

(AGFS) for the classification of medical data. The technique 

projected to i) generate the rules from the data and the 

optimized rules selection based on GA and to describe the 

exploration problem in GA using systematic addition, ii) to 

develop a method for discretization and to scheme the 

membership function, and iii) to formulate a fitness function 

using the frequency of the rules occurred in the training data. 

AGFS is more applicable for the data having high dimension, 

but it does not provide precise rules. 

D. Binu et al. [3] designed a classifier combining Bat 

algorithm with a fuzzy classifier for the effective generation 

of classification rules and membership functions. Here, the 

selection of optimized rules is based on Bat algorithm. The 

objective is to reduce the complexity in designing and 

discretizing the membership function. Even though the 

parameters are adjusted, the convergence rate was not affected 

and the rules produced are not optimized.  

R. Chandrasekar et al. [4] presented a fuzzy system, named 

exponential brain storm fuzzy system, using the traditional 

fuzzy system with modifications in the rule definition. The 

authors developed Exponential Brain Storm Optimization 

(EBSO) algorithm using the exponential model in rule 

derivation. A technique based on uniform distribution is used 

to find the membership function. The system has high 

accuracy in classifying medical data, but requires further 

improvements in the classification. 

Pugalendhi Ganesh Kumar et al. [5] developed a fuzzy expert 

system using microarray data classifier. To find the 

membership function, an algorithm, Ant Bee Algorithm 

(ABA), was presented, combining the benefits of two 

optimization algorithms, Ant Colony Optimization (ACO) and 

Ant Bee Colony (ABC). For the detection of informative 

genes, Mutual Information is utilized. The accuracy of the 

classification was improved, as the classifier had minimum 

false positive rate and large discrimination power. Although 

the accuracy is improved, a large number of genes can 

increase the error rate. 

To overcome the challenges, such as selecting the type, 

parameters, and number of membership function of automatic 

fuzzy system, Neelu Khare et al. [6] designed Brain Genetic 

Fuzzy System (BGFS) to classify the data. The classification 

using BGFS is based on the Exponential Genetic BSO 

(EGBSO) that integrated EBSO with GA. EGBSO is used to 

devise the membership functions, while the rules are found 

using EBSO algorithm. However, BGFS has to consider 

certain factors for the performance improvements. 

P. Ganesh Kumar et al. [7] presented Genetic Swarm 

Algorithm (GSA) by uniting GA and PSO, to obtain the 

optimal set of rules and to adjust the membership function. 

For the improvement of the convergence of GSA and 

accuracy in the microarray classification, advanced genetic 

operators are created. In GSA, the rule set is represented using 

binary strings, whereas the membership function values are 

represented using floating point numbers. The learning ability 

of GSA is better, but the approach consumes a considerable 

CPU time for the classification. 

For the performance improvement of fuzzy rule-based 

systems, Victoria López et al. [8] focused on the utilization of 

information granulation. A positive synergy was formed 

between the approaches used for data sampling for the 

modifications of the algorithm and thereby, creates a genetic 

programming model that utilize the linguistic variables in a 

hierarchical manner. Thus, the authors obtained a Hierarchical 

Fuzzy Rule Based Classification System (HFRBCS) to handle 

the imbalanced datasets. The limitation of the system is that 

the features are to be enhanced to attain better performance. 

 

Challenges: 

The challenges observed in the fuzzy systems studied in the 

literature during the classification of data are as follows, 

 One of the main issues in developing the fuzzy expert 

systems is the generation of fuzzy if-then rules and the 
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membership functions. In such system, the membership 

function is treated as a search problem, where every 

point represents the membership function, a rule set, 

and the behavior of the system [6].  

 Managing the fuzzy rule based classifier itself is a 

complex process, as the search space of the fuzzy rules 

grows exponentially when the number of patterns is 

large. The exponential growth, in turn, makes the 

learning process complex, causing scalability and 

complexity issues [10]. 

 Although the fuzzy system contains the historic data, 

the designing process, such as the development of rule 

set and the membership function is difficult and 

requires the knowledge of domain experts. Hence, it is 

necessary to perform these two processes automatically 

without the requirement of the experts in the fuzzy 

classifier.  

 Another challenge in the fuzzy classifier deals with the 

development of the rules from the historical data. Due 

to the huge data space, the process of generating the 

fuzzy rules is considered as a search problem. 

Moreover, the rules obtained must be precise, to be 

applicable to the fuzzy system, and it must be related to 

the format of classification rules.  

 In [1], the rules are defined from the decision tree. But, 

the challenge is to optimize the rules in two locations, 

such as the length of the rule and the total number of 

rules. Since the consideration of multiple attributes in 

the rules affects the performance of both in terms of 

accuracy and time, the length of the rule is important 

for rule optimization. The number of rules is the total 

available rules that are to be placed in the rule base. 

Another challenge is regarding the weight of the rules, 

as each rule has to be assigned different weights based 

on the importance of the data.  

 

METHODOLOGY 

In this section, an Adaptive Lion Fuzzy System (ALFS) is 

proposed that overcomes the above challenges. As such, fuzzy 

expert system is a system that utilizes a set of membership 

functions and if-then rules to classify the data based on the 

fuzzy relation established between input-output. One of the 

important elements in the fuzzy expert system is knowledge 

acquisition, which is obtained in most of the systems from the 

domain experts.   

Thus, the suggested ALFS method consists of two phases. In 

Phase I, the membership function of each feature based on 

Uniform Distribution are formed. In Phase II, the feasible 

rules are generated using the fitness function. Further, these 

rules are made optimal by adopting Lion Algorithm (LA). 

The proposed ALFS, rather than depending on expert’s 

knowledge, the system generates the rules from the training 

data automatically. The fuzzified input values are matched 

with the rules obtained in the testing phase. The block 

diagram of the proposed ALFS is pictured out in figure 1. 

 

Figure 1: Block diagram of the proposed ALFS  

 

Phase I: 

Uniform distribution based membership function: 

To design the membership function automatically, the 

proposed system follows the uniform distribution. The 

membership function is usually a curve, representing the data 

values mapped to the membership degree. Here, the number 

of membership functions for each feature is specified 

beforehand and the interval is defined based on the deviation 

factor.  

 

Example 1 

Let },,,,{ 54321 pppppX   be a set of 5 members, 

},.....,,{ 821 fffF  be a set of features where 1f  

Bengali, 2f Marathi, 3f Assame, 4f male, 

5f female, 6f Professor, 7f Engineer, 8f Doctor, 

i.e., each feature/attribute is a crisp concept [33] that are 

shown in table 1 
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Consider a database ‘ A ’, having a number of data, as 

represented below,   

              qjpibA ij  1;1;            (1) 

where, p is the number of data, and q is the number of 

features, which is expressed as, 

            qjfD j  1;                (2) 

where, jf represents the 
thj feature in the data. The database 

is partitioned into training data, which is used for the 

generation of rules and membership function, and testing data, 

for the final classification. The training data is discretized in a 

specific interval by sorting the maximum and the minimum 

values of the features based on the deviation factor in 

ascending order. Hence, the maximum and the minimum 

values of each feature and the class are computed. Thus, the 
thq feature has the following representation, 

   qjfff jj

j  1;maxmin             (3) 

where, 
jfmin and 

jfmax  represent the minimum and the 

maximum values of 
thj feature. Each feature is defined with a 

number of membership functions. The membership function is 

assumed to be the triangular membership function that is 

defined using three parameters, such as x , y , and z , in the 

interval specified. Figure 2 shows the triangular membership 

function of 
thj feature.  

 

Figure 2: Triangular Membership Function 

 

Hence, the membership function obtained from the feature 

vector is represented as, 

 mlf jlj  1;               (4) 

where, jl represents the membership function and m is the 

number of membership functions, which is assigned unequal 

value for each feature. The membership function of each 

feature depends on the feature and the three parameters, as 

defined below, 

  l

j

l

j

l

jjjl zyxfF ,,;             (5) 

where, 
l

jx , 
l

jy , and 
l

jz , are the parameters associated with 

thl membership function in the 
thj feature. Hence, for the 

feature jf , the interval I  to define the parameter of the 

membership function is specified within the 

range, 1 mI , based on a factor, known as deviation 

factor, and is given by,  

 
 jjjjjj fkfkffI maxminminmin ,,2,,      (6) 

where, 
jk is the deviation factor, which is computed based on 

the maximum and the minimum values of the 
thj  feature as,               

 
m

ff
k

jj
j minmax              (7) 

where, m is the number of membership functions defined 

for jf . Thus, the first membership function in the 
thj feature 

can be computed as,  
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,;           (8) 

Similarly, the value of 2j is given by, 
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(9) 

Therefore, the
thm membership function of the 

thj feature is 

calculated as, 
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jjm f
fkmf

kmff max

maxmin

min ,
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1
,1;

     

(10) 

where, 
jfmin , 

jfmax  are the minimum and the maximum 

values of 
thj feature, and k is the deviation factor. 

 

Phase II: 

 

Optimal generation of fuzzy rules using proposed 

Adaptive Lion Algorithm: 

The procedure of generating the rules is explained using the 

proposed ALA. To make LA adaptive, the constants in the 

female update process are modified so that the proposed fuzzy 

system is applicable for the classification of even imbalanced 

datasets. The optimal generation of rules in ALA depends on 

the length, matching, and the variance of the rules, which are 

utilized in the fitness function. Hence, it is possible to select 

the optimal fuzzy rules using the proposed ALA based on the 
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fitness function that is adopted in the fuzzy system for the 

classification. Following sections describe the process of 

generating the rules using the proposed algorithm. 

 

Solution formulation: 

The objective of the proposed algorithm is to determine how 

the rules are to be generated. Hence, in ALA, the solution is a 

vector, where the first element indicates the number of rules, 

and the remaining elements define the rules. Let n be the 

number of rules, which is of dimension 2q , where q is the 

number of features and the other two elements, denoted as 2, 

correspond to the class of output and the weight of the rule. 

Hence, the size of the solution vector is   nq  21  and 

the solution is initially generated in random. From the random 

set of solutions of dimension   nq  21 , the optimal one 

is selected using the proposed ALA based on the fitness 

computed. Thus, the fuzzy rules that are optimal for the 

classification of the data can be selected.           

 

Multi-objective fitness function: 

The fitness function of the proposed ALA that helps to 

determine the best solution, i.e. the optimal fuzzy rule, is 

developed using three factors, length of the rule, matching 

count of the rule, and variance of the rule. A solution is 

selected as the best solution if the fitness of the solution is in 

maximum. Hence, the best solution is suggested to have 

reduced length, high matching count, and minimum variance. 

The fitness of the proposed ALA is computed as, 

 

    332211 11 FFFN FIT           (11) 

 

where, 1 , 2 , and 3 are the weights, 1F is the fitness 

factor defining the length, 2F is the factor defining the 

matching, and 3F is that of the variance of the rules.    

 

Length: The first factor considered in the fitness evaluation is 

the length of the rule. Lesser the length of the rule greater is 

its effectiveness. Hence, the rules to be generated must have a 

minimum length. Including length as a factor in the fitness, 

the solution, i.e. the rules, with reduced length can be selected. 

The length of the rule is computed as, 

 
nq

L

F

n

j

N

j





1

1             (12) 

where, 
NL is the length, q is the number of features, and n is 

the number of rules. The value of 1F is between 0 and 1, 

where 0 is the best value and 1 is the worst. 

 

Matching factor: The matching factor finds the matching 

between the rules obtained with the training data. The 

matching is found between the data and the rules, after the 

discretization of the data using the triangular membership 

function. Maximum matching is required for the rule to be 

selected as the best one, which indicates that the rule 

generated matches with the original data. Thus, the matching 

count is given by, 

 

 

np

Ana

F

n

j

j





1

2

,

          (13) 

where,  Ana j , is the function that computes the matching 

of jn with A , and p is the number of data. 2F ranges from 0 

to 1, wherein 0 is the worst value and 1 is the best. 

 

Variance: Variance is the third factor used to evaluate the 

feasibility of the solution. The variance of the rules obtained 

from different classes are computed and is divided by the total 

number of rules, for the normalization of the value in the 

interval [0,1]. The rule that has the minimum variance forms 

the best solution.     

 

 
 

n

Cnv
F

,
3             (14) 

where,  Cnv ,  represents the function computing the 

variance of the rules in each class C . 3F takes a value that 

ranges from 0 to 1 such that 1 is the best case and 0 is the 

worst value. 

 

Proposed Adaptive Lion Algorithm: 

This section explains the proposed ALA to make the 

algorithm adaptive for the extraction of fuzzy rules. LA [32] is 

an optimization algorithm developed based on the unique 

behavior of lion, namely territorial defense, territorial 

takeover, and so on. In LA, if the territorial lion is stronger, it 

attempts to defeat the nomadic lion in the territorial defense. 

ALA is made adaptive by adjusting the constants of the 

female lion update equation of LA. Following are the steps 

involved in the proposed algorithm. 
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I. Initialization: 

The fundamental step of the algorithm is the initialization of 

pride constituted by female lion and male lion, as represented 

below, 

  F

U

FFF YYYY ,,, 21             (15) 

  M

V

MMM YYYY ,,, 21             (16)          

where, U  andV are the total number of female and male 

lions in the pride. In this work, the solutions in U  andV are 

assumed to be 10. Moreover, two nomadic lions, denoted 

as
NY1 and

NY2 , exist in the population, among which 
NY1 is 

initialized in the first step and 
NY2 will be initialized at the 

territorial defense. 

 

II. Fitness Computation: 

After the initialization of
FY , 

MY , and 
NY1 , the fitness of 

each is computed using equation (11). The solution 

among
MY  that has the maximum fitness, represented 

as  MYF , and is selected as the best solution, i.e.  

 Mr YFF  .  

III. Fertility Computation: 

To avoid the problem of convergence in local optima, the 

algorithm updates the female lion in the current population. 

This includes the utilization of few parameters, such as 

laggardness rate, female update count, sterility rate, and 

female generation count. Thus, the female update in LA is 

given as, 

  

           tYbtYbtYtY F

r

M

r

F

r

F

r 12 05.01.01        (17) 

 

where,  tY F

r and  tY M

r  are the 
thr female and male lions 

at the current iteration t , 1b and 2b  are two integers chosen 

randomly between 0 and 1. The performance of LA can be 

improved in solving optimization problems by making it 

adaptive in solving such problems. To make the algorithm 

adaptive, the update equation is modified by replacing the 

random integers with a term adap as given below, 

 

                 tYbtYbtYtY F

r

M

radapadap

F

r

F

r 1221  
        

(18) 

 

where, adap is the adjusting parameter defined based on the 

number of iteration and the fitness values of   tY F
and 

 tY M
as, 

 
  
  













tYF

tYF

t

t
M

F

adap

max

          (19) 

where, t is the current iteration, maxt is the maximum 

iteration,   tYF F
is the fitness of  tY F

, and   tYF M
is 

the fitness of  tY M
. Thus, equation (19) forms the female 

lion update equation of the proposed ALA, which makes it 

suitable to apply for large scale problems.   

 

IV. Mating: 

Mating involves two processes, namely crossover, and 

mutation, wherein four cubs are formed based on the 

crossover probability. The result of crossover is given as, 

 

 4,3,2,1;  sYMYMY F

s

M

s

c          (20) 

where, M is the crossover mask,  is the Hadamard product, 

and 
cY is the cub obtained. Among the four cubs obtained, 

the one with the best fitness is the male cub, 
cmY _

 and the 

second best is the female cub, 
cfY _

 . Both the solutions 

undergo mutation to determine the best 
cmY _

 and
cfY _

 . 

 

V. Territorial defense: 

In territorial defense, the pride and the nomad lions are 

updated based on the survival fight. Here, 
NY2  is initialized 

via mutation. Finally, the lion that wins in territorial defense is 

represented as, 
NomadY . If

MY is defeated, it will be replaced 

by 
NomadY  and a nomad 

NY is selected when its 
Ne  is 

greater than or equal to an exponential function given as 

follows, 

 
    
 N

NN
N

YF

YFYF

uu

u
e

1

21

21

1
1

,max

,max
exp 








         (21) 

where, 1u  denotes the Euclidean distance from 
NY1 to 

MY and 2u  denotes the Euclidean distance from 
NY2 to 

MY . 

Hence,
 

NY is selected based on the following criterion, 
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otherwiseY

EeifY
Y

N

NN

N

;

;

2

11
         (22) 

where, E is the exponential of unity. In territorial takeover, 

the territory is owned by
cmY _

 and
cfY _

when they mature.  

 

VI. Termination: 

The steps from II to V are repeated until the condition to 

terminate the algorithm is met. Finally, the solution having the 

maximum fitness will be selected as the best solution. 

 

Algorithm of Adaptive Lion Algorithm: 

1 Input: 
MY ,

FY ,
LR ,

SR  

2 Output: 
MY  

3 Parameters: Laggardness rate
LR , sterility rate

SR , nomad  

    lions  NN YY 21 , , winner
NomadY ,   

    iteration t . 

4 Begin 

5 Initialize 
MY , 

FY and
NY1  

6  if maxtt 
 

7 Compute the fitness using equation (11)
 

8 Fertility Computations: if  Mr YFF 
 

9 1 LL RR
 

10 else
 

11  Mr YFF   

12 End if 

13 Evaluate  1tY F
using equation (18) 

14 if      tYFtYF FF 1
 

15  1 tYY FF
 

16 End if 

17 Territorial defense: if                                  

           cmNomadcfNomadMNomad YFYFYFYFYFYF __ && 

 18 
NomadM YY    

19 else 

20 Update nomadic coalition by selecting
NY as 

MY using  

     equation   (22)  

21 End if         

22 Territorial Takeover: if    cmM YFYF _    

23 
cmM YY _  

24 End if    

25 if    cff YFYF _  

26 
cff YY _  

27 End if 

28 1 tt  

29 Return
MY  

30 Terminate 

                        

Rule weight Formulation: 

Adjusting the weight of the fuzzy rules obtained is an 

important process, for which most of the FRBCS utilize 

several heuristic and learning techniques. Rule weighting is 

done in the fuzzy systems to utilize the information available 

in the training data for the performance enhancement of the 

classifier. The optimal rules that are generated using ALA 

from the ‘ n ’ rules are different and hence, they have a 

varying degree of suitability. Therefore, it is a necessity to 

consider the most appropriate mechanism for rule weighting. 

In the proposed ALFS, the rules are weighted based on two 

factors, such as matching and length of the rules. Hence, the 

rule weight for the ALFS is computed as, 

   211
2

1
FFRW            (23) 

where, 1F is the length of the rule and 2F represents the 

matching count of the rule with the database. 

 

PROPOSED SYSTEM 

Adaptive Lion Fuzzy System (ALFS): 

In this section, the ALFS designed by adopting the proposed 

ALA in the rule generation, for the classification of data.  

 

 Algorithm of Adaptive lion Fuzzy System: 

1 Input: Measured crisp inputs. 

2 Output: crisp outputs. 

3 begin 

4 Find the membership function using equation (4) 
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5 Generate the rules using fitness equation (11) 

6 Select the optimal rules from equation (18) and (22)  

7 Fuzzy score is generated by using equation (23) 

8 end 

 

After the formation of fuzzy membership function and rule 

base, the classification is performed in the proposed ALFS. As 

depicted in figure 1, the three major components of ALFS are 

fuzzification, fuzzy inference, and defuzzification. The input 

testing data value is converted into a fuzzy value in 

fuzzification, while the inference infers the rule by matching 

the rule base with the input. The set of rules generated using 

ALA, based on the training data given as input, can be 

represented as   nhZZ R

h

R  1; , where n is the total 

number of rules. The if-then rules are generated optimally 

according to the rule weights defined. Finally, in 

defuzzification, the fuzzy score is generated based on three 

linguistic terms, such as ‘small’, ‘medium’ and ‘large’, which 

describes the relation of the input with the class. Based on the 

fuzzy score, the input data is classified as per the class labels 

found in test data.        

 

RESULTS & DISCUSSIONS 

In this section, we present the experimental results of the 

proposed ALFS-based fuzzy rule extraction with the 

performance comparison by taking 3 datasets. Three datasets 

are Statlog [34] (Australian credit approval), heart disease, 

and lung cancer datasets, are utilized for the experimentation. 

The Statlog dataset deals with credit card applications and has 

690 instances and 14 attributes. It consists of eight categorical 

and six numerical attributes. For the protection of confidential 

data, the attribute names and the values are converted into 

meaningless symbols. The dataset has a mixture of continuous 

and nominal valued attributes, with few missing values. The 

second dataset employed for the experiment is the heart 

disease dataset [35], which consists of 303 instances and 76 

attributes. This involves four databases, namely Cleveland, 

Hungary, Switzerland, and VA Long Beach. Among the 76 

attributes available, 14 of them, including age, sex, cp, 

trestbps, and so on, are used commonly for the experiments. 

The sources of the dataset include Hungarian Institute of 

Cardiology in Budapest, University Hospital in Switzerland, 

and so on. The donor of the dataset 2 is David W. Aha. The 

attributes in the dataset 2 are characterized as categorical, 

integer, and real. The third dataset considered is the lung 

cancer dataset [36], which is donated by Stefan Aeberhard. 

The number of instances and attributes in the dataset are 32 

and 56, and the dataset includes three kinds of pathological 

lung cancers. Initially, this dataset was used to demonstrate 

the power of the optimal discriminant plane in an experiment 

performed by Hong and Young.        

 

Experimental Study: 

A comparative analysis is done and the methods employed for 

the comparison are AFSDT [1], AGFS [2], BGFS [6], and 

BSFS [4]. In [1], a fuzzy system, called AFS-DT is developed 

to extract the fuzzy rules from the decision tree, whereas in 

[2], AGFS is designed to classify the medical data by making 

the GFS adaptive. Modifying BSO algorithm, EBSO is 

developed and is utilized in the fuzzy system, to design BSFS 

in [4]. Meanwhile, in [6], another fuzzy system, BGFS is 

presented for data classification using EGBSO that integrates 

GA in EBSO. The performance of these methods is compared 

with that of the proposed ALFS for the evaluation.      

The Performance of the compartive methods is evaluated 

using three metrics, such as sensitivity, specificity, and 

accuracy with the datasets, Statlog (Dataset 1), heart disease 

(Dataset 2), and lung cancer (Dataset 3) and the metrics are  

defined as follows, 

i) Sensitivity: It refers to the proportion of positives correctly 

identified in the classification result. 

ii) Specificity: Specificity gives the measure of the proportion 

of negatives identified exactly from the classification. 

iii) Accuracy: Accuracy is the degree of trueness that gives 

the proportion of true positives or true negatives. 

FNTP

TP
ySensitivit


           (24) 

FPTN

TN
ySpecificit


            (25) 

FPFNTPTN

TPTN
Accuracy




          (26) 

 

where, TN is True Negative, TP is True Positive, FN is 

False Negative, and FP is False Positive. 
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Figure 4: Analysis based on sensitivity using (a) dataset 1, (b) dataset 2, (c) dataset 3 

 

 

Figure 5: Analysis based on specificity using (a) dataset 1, (b) dataset 2, (c) dataset 3 
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Figure 6: Analysis based on accuracy using (a) dataset 1, (b) dataset 2, (c) dataset 3 

 

Comparative Analysis based on sensitivity: 

The analysis based on sensitivity in the comparative methods 

is illustrated using figure 4, for the three datasets by varying 

the percentage of training data, denoted as K, as 70, 75, 80, 

85, and 90. Figure 4.a shows the results analysis based on 

sensitivity using dataset 1. It is observed that when the 

percentage of data is increased, the sensitivity is maximized in 

all the comparative methods. For 70% data, the sensitivity 

attained using AFSDT is 0.906, which increases to 0.968 for 

the maximum percentage of data. The sensitivity produced by 

AGFS and BGFS is 0.903 and 0.9, when 70% is the training 

data. Meanwhile, the proposed system has a sensitivity of 0.95 

and 0.98, for the training data taken as 70% and 90%, 

respectively. In figure 4.b, the sensitivity analysis in all the 

methods compared using dataset 2 is depicted, which clearly 

shows that the proposed system has the maximum sensitivity 

than the other existing methods for all the percentages of 

training data considered. When 0.956 is the maximum 

sensitivity obtained using AFSDT, the proposed ALFS has the 

sensitivity 0.98. The analysis based on sensitivity using 

dataset 3 is sketched out in figure 4.c. The sensitivity obtained 

for 80% training data is 0.8 using AFSDT and AGFS and it is 

increased to 0.864 for the maximum data considered in 

training.     

 

 

 

Comparative Analysis based on specificity: 

Figure 5 pictures out the analysis carried out based on the 

metric, specificity, in all the five methods using the three 

datasets. The specificity analysis using dataset 1 is represented 

in figure 5.a, where the maximum specificity is observed at 

100% training data in all the methods. The maximum 

specificity obtained in the existing AFSDT, AGFS, BGFS, 

and BSFS, is 0.816, 0.821, 0.795, and 0.797, while that in 

ALFS is 0.959, respectively. Figure 5.b shows the analysis 

based on specificity using dataset 2 in all the five methods. 

The specificity of AFSDT, AGFS, BGFS, BSFS, and ALFS, 

is in maximum for 100% training data with values 0.714, 

0.714, 0.625, 0.625, and 0.809, respectively. In figure 5.c, the 

specificity analysis in the comparative methods using dataset 

3 is shown. Initially, as the training data considered is 70%, 

the specificity attained is 0.84, 0.833, 0.808, 0.808, and 0.84, 

by AFSDT, AGFS, BGFS, BSFS, and ALFS, but have the 

specificity of 0.875 for 100% training data. However, the 

proposed system seems to have the maximum specificity than 

the existing methods considered.         

Comparative Analysis based on accuracy: 

The comparative analysis based on accuracy is illustrated 

using figure 6, for the three datasets. Figure 6.a presents the 

accuracy analysis plot using dataset 1, showing the maximum 

accuracy for 100% training data. AFSDT & BSFS attained the 

accuracies as 0.816 and 0.797 with 100% training data, the 

proposed ALFS has an accuracy of 0.959. The analysis based 

on accuracy using dataset 2 is presented in figure 6.b. 
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Table 2: Performance Comparison 

Comparative methods Dataset 1 Dataset 2 Dataset 3 

Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy 

AFSDT 0.968 0.816 0.816 0.956 0.714 0.714 0.864 0.875 0.851 

AGFS 0.968 0.821 0.821 0.955 0.714 0.714 0.864 0.875 0.851 

BGFS 0.967 0.795 0.795 0.955 0.625 0.625 0.857 0.875 0.829 

BSFS 0.967 0.797 0.797 0.955 0.625 0.625 0.857 0.875 0.829 

ALFS 0.98 0.959 0.959 0.98 0.809 0.809 0.98 0.875 0.915 

 

The accuracy measured by AFSDT for 70% data is 0.625, 

which increases to 0.714 at the maximum data considered. 

Meanwhile, the proposed ALFS has the maximum accuracy of 

0.809. In figure 6.c, the chart showing the accuracy analysis 

plotted against varying percentages of data is pictured out. For 

70% data, the accuracy obtained by AFSDT, AGFS, BGFS, 

BSFS, and ALFS, is 0.75, 0.733, 0.733, 0.75, and 0.75, which 

rise to 0.851, 0.851, 0.829, 0.829, 0.915, for the maximum 

data percentage. Thus, it is clear that the proposed ALFS has 

maximum accuracy than the existing methods, for all the 

percentages of data considered.  

 

SUMMARY 

The performance of the proposed ALFS is compared with 

other existing methods like AFSDT, AGFS, BGFS, BSFS, 

and ALFS are shown in table 2. 

The performance evaluation metrics, namely sensitivity, 

specificity, and accuracy, measured by the five comparative 

methods with the maximum percentage of training data it is 

observed that the maximum performance attained by the 

proposed ALFS. For dataset 2, when 0.956 is the maximum 

sensitivity of AFSDT, ALFS has a value 0.98. The accuracy 

measured for the third dataset is 0.851 using AFSDT and 

AGFS. Meanwhile, in BGFS and ASFS, it is reduced to 0.829, 

respectively. From the table2, it is observed that the three 

metrics measured by the comparative methods is maximum 

for the dataset 1, where the proposed ALFS has an accuracy 

of 0.959.  

 

CONCLUSION 

In this paper, an adaptive fuzzy system is designed for data 

classification using the proposed ALFS that modifies the 

traditional fuzzy logic system. In ALFS, the triangular 

membership function is designed for every feature based on a 

uniform distribution. For the training data given, the fuzzy 

rules are generated by proposing ALA, which makes LA 

adaptive by adjusting the constants in the female update 

process. Matching the rules with the fuzzified values obtained 

using the triangular membership function, the score is 

determined, and thereby, the proposed ALFS classifies the 

data. The performance of the proposed system is evaluated 

using three metrics, sensitivity, specificity, and accuracy, and 

is compared with existing AFSDT, AGFS, BGFS, BSFS, and 

ALFS. The experiment is carried out in MATLAB using 

Statlog, heart disease, and lung cancer datasets, where the 

maximum performance is observed for Statlog dataset. From 

the performance comparison, it can be concluded that the 

proposed ALFS has attained the maximum performance in 

terms of the three metrics than the existing methods, with 

sensitivity of 0.98, specificity of 0.959, and accuracy of 0.959, 

respectively.   
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