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Abstract-In this paper, the classification rule-mining 
problem is considered as a multi-objective problem rather than 
a uni-objective one. Metrics like predictive accuracy and 
comprehensibility, used for evaluating a rule can be thought of 
as different criteria of this problem. Predictive accuracy 
measures the accuracy of the rules extracted from the dataset 
where as, comprehensibility is measured by the number of 
attributes involved in the rule and tries to quantify the 
understandability of the rule. Using these measures as the 
objectives of rule mining problem, this paper uses gene 
expression programming to extract some useful and 
understandable rule. The discovered rule/knowledge is 
expressed in the form of IF-THEN high-level statement. Gene 
expression programming recently been introduced as one of 
the components of evolutionary algorithms and its attributes 
like simple linear representation and easy to implement, 
motivate us to use for mining classification rule with multiple 
objectives. It is often criticized when applied to classification 
rule mining with multiple objectives, because of the amount of 
computational resources it requires. However, we believe that 
it has a lot of potential to perform global search by exploring a 
large space. The rule antecedent part may contain different 
combinations of predictor attributes while the consequent part 
contains only the goal attribute. The searching process is 
guided by a fitness function considering both predictive 
accuracy and comprehensibility. Experiments with several 
benchmark datasets have generated rules for each class with 
acceptable predictive accuracy and comprehensibility.

I. INTRODUCTION

With the growing volume of data and limited 

knowledge extraction capabilities, recently there is a large 

interest in the area of data mining, where the goal is to 

reveal useful rule and ultimately knowledge from the data 

being mined. Among various data mining tasks, the 

extraction of classification rule in a uni-objective domain is 

considered as a fundamental activity. Given a set of 

predefined, disjoint target classes {C1, C2,...,Cn}, a set of 

input features{F1, F2 ,..., Fn}, and a set of training data T 

with each instances taking the form {v1, v2,..., vm}, where vi

(i=1,2,...,m) is in the domain of feature Fi and associated 

with a unique target class label, the task is to build a set of 

IF-THEN rules that can be used to predict the target class 

for a newly unseen data given its input attributes’ values. 

Rule induction (e.g., CN2 [6]) and decision tree algorithms 

(e.g., CHAID [34], CART [5], ID3 [35], and C4.5 [28]) are 

traditionally employed to derive classification rules from 

data; these algorithms can quickly generate rules that are 

accurate. The main demerit associated is that, the generated 

rules are often more complex than necessary and not easy to 

comprehend. The reason behind is that the local, greedy 

search performed by traditional algorithms selects only one 

feature at a time and, therefore, the feature space is 

approximated by a set of hypercubes. In real-world 

applications, the feature space is often very complex and a 

large set of such hypercubes might be needed to 

approximate the class boundaries among different classes. 

The genetic classifiers, which are based on evolutionary 

algorithms such as genetic algorithm (GA) [14] and genetic 

programming (GP) [18], have been proposed as an 

alternative method. Based on the principle of natural 

selection and Darwin’s theory of survival of the fittest, 

evolutionary algorithms operate by iteratively evolving a 

population of chromosomes, encoding candidate solutions, 

through genetic operators, i.e., selection, crossover, and 

mutation, to find an optimum solution. Unlike most 

traditional rule-learning algorithms, genetic classifiers 

perform a global search in which genetic operators can 

select many attributes at a time and it is not that easy to 

comprehend for human being.  

Multi-objective evolutionary algorithms (MOEAs) are a 

popular approach to confronting these types of problem. A 

lot many research contributions by Dehuri et al. exist in [36, 

37] as a problem solving tools of Rule Mining. The use of 

EAs as a tool of preference is due to such problems being 

typically complex, with both a large number of parameters 

to be adjusted, and several objectives to be optimized. EAs, 

which can maintain a population of solutions, are in addition 

able to explore several parts of the Pareto front 

simultaneously. Gene expression programming (GEP) simil-

arly has these characteristics, so given the promising result 

in the uni-objective domain a transfer to the Multi-objective 

domain seems a natural progression.   

GEP [11] is a new technique of evolutionary algorithm 

for data analysis and recently being rule mining. GEP uses 

fixed/variable length one-dimensional arrays of chromo-

somes to represent computer programs in the form of 

expression trees of different shapes and sizes, and 

implements a GA to find the best program. GEP combines 

the best attributes of both GA and GP, while overcoming 

some of their individual limitations. In this paper, we have 

used GEP for mining classification rules with multiple 

objectives. The discovered rules are high order in the sense 

that the rule antecedents can involve any logical or 

mathematical combination of attributes. 

The remaining sections of this paper are organized as 

follows. In Section 2, we have given a quick review of 

learning classification rules through evolutionary 

algorithms. Section 3 can be treated as heart of the work: 

known as GEP for classification rule mining with multiple 

objectives. Simulation and results are presented in Section 4 

and Section 5 draws the conclusions and some paths for 

future extension.  
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II. A QUICK REVIEW OF EVOLUTIONARY 
ALGORITHMS FOR CLASSIFICATION RULE 

The robustness and domain-independent capabilities of 

EAs attracts researchers to evolve a set of classification 

rules. For example, a machine learning prediction called 

learning classifier systems (LCS) [20], CS-1 (cognitive 

system level one) introduced in 1978 [15] and so on. Since 

then many different types of classifier systems have been 

described in the literature. Genetic algorithm (GA) based 

classifier systems usually fall into two basic categories: the 

Michigan approach and the Pittsburgh approach. The main 

difference between these two stems from the chromosome 

encoding schemes in the population of individuals. In the 

Michigan approach, e.g., CS-1, each individual with fixed 

length encodes a single prediction rule. In this approach 

there are at least two possibilities for discovering a set of 

rules. The first one is let each run of the GA discover a 

single rule (the best chromosome produced in all 

generations) and simply run the GA multiple times to 

discover a set of rules. But the disadvantage of this strategy 

is that it is computationally expensive, requiring many GA 

runs. The second possibility is to design a more elaborate 

GA where a set of individuals-possibly the whole 

population-corresponds to a set of rules.  Whereas in the 

Pittsburgh approach, each individual is represented by a 

variable-length string and encodes a complete set of rules, 

for example, GABIL [9], GIL [16], HDPDCS [27], and LS-

1 [31], etc. The Pittsburgh approach is better suited for static 

domains and batch-mode learning, in which all training 

samples are available before the learning process starts, and 

the Michigan approach is more flexible to handle 

incremental-mode learning, in which training samples arrive 

over time and dynamically changing domains [7].  So far we 

have discussed EAs for solving single objective problems 

but in reality a large number of applications tightened with 

multiple objectives. For example, the classification rule 

mining has two objectives like classification accuracy and 

comprehensibility and they are competing and conflicting to 

each other.

Genetic programming (GP) known as the ancestor of 

GEP was introduced by Koza and his group [18]. Koza 

introduced the idea of using GP to induce a decision tree 

classifier, which was represented by a LISP S-expression 

[19]. Since then, several investigations have employed GP 

to develop decision trees [4], [23], [25].  The basic ideas 

involved in using GP for building a decision tree are as 

follows. The terminal set consists of the names of the 

classes (goal attribute values) to be predicted. The function 

set consists of the names of predictor attributes. Actually, 

each predictor attributes name is considered by (GP) as a 

function, whose returned value depends on the value of the 

corresponding attribute in the data being mined. Such 

classifiers limit the generated programs to decision tree 

structures, which are more constrained than standard genetic 

programs returning real values. Since 1990s, many GP-

based frameworks have been studied for discovering explicit 

classification rules instead of decision trees [2], [10], [12], 

[17], [32]. GP is receiving more attention recently because 

unlike most data mining algorithms, GP can discover the 

underlying relationships in the data and express them in any 

logical, mathematical combinations of input attributes. GP 

manipulates variable size genomes, thus allowing to adapt 

better solution structure to the data compared with GA, 

therefore, GP is more open-ended than GAs. But this comes 

with a cost, i.e., GP is more difficult to navigate in much 

larger search spaces.

As we already discussed, to develop a standard GP-

based classifier for a given problem, one must first define 

the GP’s terminal set and function set. The terminal set
usually consists of all input attributes and a random number 

generator; the function set may contain some mathematical, 

comparative, and logical operators. Each individual, i.e., a 

parse tree, in the GP population, encodes a candidate rule 

and the objective is to minimize the classification error rate 

through genetic manipulations, where classification is done 

by comparing the output of the GP expression to a given 

threshold. For a two-class problem, one GP expression is 

sufficient to predict whether or not a given feature vector 

belongs to one class. The division between negative and 

nonnegative output values acts as a natural boundary 

between two classes. In this way, for an n-class (n > 2) 

problem, multiple threshold “bands” need to be determined. 

However, finding meaningful division points over the set of 

numeric values the GP expressions may return is difficult. 

There exist two methods to select the bands: static range 

selection and dynamic range selection [21]. Another simple 

and often-used approach for solving multi class problems 

using GP is to break the n-class problem down into n binary 

classification problems and run the GP n times, each time 

solving a binary problem [10], [17]. This method is called 

“binary decomposition” [21] or “one-against-all learning” 

[13]. For each class, one GP expression is generated to 

predict whether a given instance belongs to that class or not.  

GP-based classifiers also have some weak spots. For 

example, the closure property of standard GP requires that 

all the variables, constants, arguments for functions, and 

values returned from functions must be of the same data 

type. This property is satisfied when the standard GP is 

applied on classification problems with numeric data. Some 

systems [2], [8], [10], use only Boolean attributes or 

booleanize all the attributes being mined, and then apply 

logical operators in order to meet the closure property. 

Strongly typed GP (STGP) [24] (sometimes called 

constrained-syntax GP) and the grammar-based GP have 

been proposed to deal with this problem when addressing 

classification problems with a mixture of continuous and 

nominal attributes GP [3]. Moreover, GPs tree-based 

individuals typically result in bloating [29], i.e., 

uncontrolled growth in the size of individuals over the 

course of genetic manipulations, such as subtree crossover 

and various kinds of mutation. The bloat can be controlled 

by proper coordination between the fitness function and the 

genetic learning operators. Only when there is such a proper 

coordination the search may progress successfully.  

Although GP has got much success for solving 

classification problem based on a single objective but a 

limited progression has been made in multi-objective 

domain. However, its complex representations and difficulty 

in implementation motivate us to transfer GEP from uni-

domain to multi-objective domain. 

III. GEP FOR MULTI-OBJECTIVE CLASSIFICATION
RULE MINING 
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Like GP, five general components, the function set,
terminal set, fitness function, control parameters, and the 

criteria to stop [18], must be determined when using GEP to

solve a problem. Unlike the parse tree representation in

canonical GP, GEP uses a variable-length character strings

to represent computer programs, which are afterwards

expressed as parse trees (called “expression tree” in GEP) of

different sizes and shapes when evaluating their fitness.

During reproduction it is the chromosomes of the 

individuals, not the expression trees (ETs) that are

reproduced with modification and transmitted to the next

generation.

Thus, in GEP, the search space is separated from the

solution space, which can result in benefits such as

unconstrained search of the genome space, while still

ensuring validity of the program’s output as noted in [1].

The original GEP technique was proposed by Ferreira [11],

in which GEP chromosomes may consist of one or more

genes of equal length. In this paper, we consider one-gene

chromosomes and use a slightly different version described

as follows.

A. GEP Chromosomes and ETs 
Each GEP chromosome is composed of a list of 

symbols with a variable length, which can be any element

from the function set and the terminal set. For example,

from the function set {+, -, *, /, sqrt}, and the terminal set 

{a, b, c, d, 1}, a typical GEP chromosome (with size 15) can

be:

cbabdsas ||||||/|*|1||/|*||| ��  (3.1) 

where “|” is used to separate elements for easy reading; s is

the square root function; 1 is a constant; and a, b, c, d are

variable (or attribute) names. The above is typically named

as Karva notation, or K-expression [11]. A K-expression can

be mapped into an ET following a width-first fashion. The

conversion starts from the first position in the K-expression,

which corresponds to the root of the ET and reads through

the string one-by-one. For each node (from left to right) in

one layer in the ET, if it is a function with n (n >= 1) 

arguments, then the next n symbols in the K-expression are 

attached below it as n child branches. Otherwise, each

terminal node forms a leaf of the ET. This tree expanding

process continues layer-by-layer until all leaf nodes in the 

ET are composed of elements from the terminal set. For 

example, the sample chromosome (3.1) can be expressed as

Figure 1.

The sample chromosome can be further expressed in a 

mathematical form as (3.2) 

cb

a

bd
a

�
�
�
�

�
�
	� *

*

1
                (3.2) 

The inverse process, i.e., the conversion of an ET into a K-

expression, is also very straightforward, just recording the

nodes from left to right in each layer of the ET, from root

layer down to the deepest one to form the string, e.g., the

expression tree in Fig. 1 is recorded as chromosome (3.1). 

Like GP, the function set and terminal set must have the

closure property: each function must be able to take as its

arguments any value of data type which can be returned by a 

function or assumed by a terminal. Furthermore

mathematical errors are prevented, by using protected

functions. For instance, if division by zero is attempted,

protected division returns the value of division by a very

small number ( 0001.0
� ).

GEP chromosomes have fixed length, which is 

predetermined for a given problem. Thus, in GEP, what

varies is not the length of chromosomes, but the size of the

corresponding expression trees. This means that there exist a

certain number of redundant elements, which are not useful

for the genome-ET mapping. For example, the following

chromosome:

dbasbdcas |||*|||||||||/|| ����                   (3.3) 

has the same length of 15 as chromosome (3.1), but its valid

K-expression size is 8, i.e., only the first eight elements are 

used to construct the solution function a
bd

c
�

�
, with

the corresponding expression tree shown in Figure 2. 

-

/

c +

a

bd

s

So the valid length of a K-expression may be equal or

less than the length of the chromosome. In order to

guarantee that only legal expression trees are generated, the

original GEP technique employs a head-tail method. Each

chromosome is composed of a head and a tail. The head

may contain symbols from both the function set and the

terminal set, whereas the tail contains only terminals.

Figure 2.A Simplified Expression Tree 

+

*

/

1

s

a

s

*

bd

/

a

b c

-

B. Fitness Functions
As we discussed in Section 1, the discovered rules

should have i) high predictive accuracy and ii) high

comprehensibility. Now we will discuss the metric

corresponding to these two criterions and how they are

formulate the fitness function of the classification rule. 
Figure 1. Example of GEP Expression Tree 
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Predictive accuracy: 

A confusion matrix can measure the performance of the

classification rule with respect to predictive accuracy. Table

I illustrates the confusion matrix corresponding to two-class

classification rule mining.

The labels in each quadrant of the matrix have the following

meaning:

TP: The number of instances having predicted class C and
actual class C.

FP: The number of instances having predicted class C and
the actual class C’.

FN: The number of instances having predicted class C’ and
actual class C.

TN: The number of instances having predicted class C’ and
actual class C’.

Intuitively the higher the values of TP and TN and lower

the values of FP and FN, the better the classification rule.

Comprehensibility:
The comprehensibility is a kind of subjective concept- a 

rule can be less comprehensible for a user but very high

comprehensible for another user. However to avoid difficult

subjective issues, the rule mining literature often uses an

objective measure of rule comprehensibility: in general, the

shorter (the fewer number of variables in) a rule, the more

comprehensible it is.  The same principle applies to a rule

sets. In general the fewer the number of rules in a rule set, 

the more comprehensible it is. Mathematically,

Comprehensibility = �||,
||

||
D

N
D ,

where the actual number of variables used in the rule is

denoted as |D| and the total number of attributes possible in 

a rule is denoted as |N|. The notation theta is known as 

minimum threshold. 

C. GEP Algorithm and Operators 
Like GA and GP, the GEP algorithm begins with an

initial population of chromosomes, which are randomly

generated, linear strings with a variable length. Then, the

linear chromosomes are expressed as ETs and the fitness of

each individual is evaluated based on the weighted average

of the predefined fitness functions such as predictive

accuracy and comprehensibility. The individuals are then 

selected according to fitness to form a new generation, i.e.,

the higher the fitness value, the more chance an individual

has to be selected. The selected individuals are also subject

to reproduction with modification, through genetic operators

like crossover, mutation, and rotation. The individuals of

this new generation are, in their turn, subjected to the same

developmental process: expression of the genomes,

selection, and reproduction. The process is repeated for a

certain number of generations or until a solution has been 

found. Figure 3 shows the flow chart of the GEP Algorithm.

In GEP, individuals are often selected and copied into

the next generation according to fitness by tournament

selection [14] with elitism, which guarantees the survival

and cloning of the best individual to the next generation.

Variation in the population is introduced by conducting

genetic operations on selected chromosomes, which include

the following. 

1) Crossover, in which two parent genomes are randomly

chosen and paired to exchange some elements between

them. There are two kinds of crossover: one-point, and

two-point crossover, working in the same fashion as

that in GAs. 

2) Mutation, in which the symbols at any position in a 

genome are subject to a random change according to a

certain probability. Note that like crossover, a mutation

in the coding sequence of a chromosome usually 

drastically reshapes the ET. For example, the case of

mutation changes at two positions, which results in the 

corresponding ET reshaping. 

The output chromosomes from these operators must pass

the validity test to ensure that they can form valid 

expression trees within the predefined chromosome size

limit. If an individual produced by a genetic operator does

not pass the test, the operator will be performed repeatedly

until the offspring passes the test. Since the valid length of a

K-expression never exceeds the limit of the predefined

chromosome length, GEP has the tendency to produce

shorter programs.

IV. SIMULATION AND RESULTS 

The performance of the GEP algorithm is evaluated

using the several benchmark classification databases taken

from the UCI machine repository [33] and its corresponding

site is ftp://ftp.ics.uci.edu/pub/machine-learning-databases/.

Actual Class

C C’
C TP FPPredicted Class 

C’ FN TN

M u ta te  th e  C h r o m o s o m e  w i th  P M

C ro s s o v e r  C h ro m o s o m e P a i r s  w i th P C

E v a lu a te th e  F i tn e s s o f  E x p r e s s io n  T re e s

N e w  P o p u la t io n  b y T o u rn a m e n t  w i th

E li t i s m

In i t ia l iz e  th e p o p u la t io n

E x p re s s  C h ro m o s o m e s  a s  E x p re s s io n  T r e e s

T e rm in a t io n  C r i te r io n

S a t i s f ie d ?

Y e s

T e rm in a te

Table I. Confusion Matrix for a 

Classification Rule

Figure 3. Flow Chart of GEP Algorithm
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A. Description of the Dataset 
IRIS Dataset: a classification data set based on

characteristics of a plant species (length and thickness of its 

petal and sepal) divided into three distinct classes (Iris
Setosa, Iris Versicolor and Iris Virginica). In total there are 

150 records each with 4 attributes and 50 records belongs to 

each class. The database is divided into two sets each

containing 75 total records and 25 from each class. However

steps have been taken to select the records randomly and

placed into both the sets. Alternatively one set is used for 

training while the other set is used for testing. 

AUSTRA Dataset: The Australian credit approval

dataset contains 690 instances in 14 dimensions distributed

into two classes. 

CLOUD Dataset: This dataset is derived from AVHRR 

images. It consists of 2048 instances in 10 dimension

distributed into two classes. 

CLEVE Dataset: This dataset is derived from clinical

test results consists of 296 instances in 13 dimension

distributed into 2 classes. 

GERMAN Dataset: This is German credit data consists 

of 1000 instances in 20 dimensions distributed into 2 classes.

HABERMAN Dataset: This dataset is based on the survival

of patient’s undergone surgery for breast cancer consists of

306 instances in 3 dimensions distributed into 2 classes. 

HEART Dataset: This dataset derived from the 

diagnoses of people with heart problem consists of 270

instances in 13 dimension distributed into 2 classes. 

HOUSEVOTES84 Dataset: This data set relates to the 

votes for U.S. House representatives consists of 16

dimensions distributed into 2 classes. 

PIMA Dataset: The pima Indian diabetes dataset based

on clinical tests consists of 768 instances in 8 dimensions

distributed into 2 classes. 

WINE Dataset: This dataset based on the chemical

analysis of wine consists of 178 instances in 13 dimensions

distributed into 3 classes 

Table II, III, and IV provides the summary information

of these above-mentioned datasets from various dimensions.

TABLE II 

Name of Data Set No. of 
classes

No. of 
Features

Type of Data 

Austra 2 14 Mixed

Cloud 2 10 Numeric

Cleve 2 13 Mixed

German data 2 20 Mixed

Haberman 2 3 Numeric

Heart 2 13 Numeric

HouseVotes84 2 16 Categorical

Iris 3 4 Numeric

Pima 2 8 Numeric

Wine 3 13 Numeric

TABLE III 

Name of Data 
Set

Size Class 1 Class 2 Class 3 

Austra 690 307 383 -

Cloud 2048 1024 1024 -

Cleve 296 160 136 -

German data 1000 700 300 -

Haberman 306 225 81 -

Heart 270 150 120 -

HouseVotes84 435 267 168 -

Iris 150 50 50 50

Pima 768 268 500 -

Wine 178 59 71 48

TABLE IV 

Name of Data 
Set

No of 
classes

No of 
Features

Class-wise distribution of 
Dataset

Austra 2 14 307+383

Cloud 2 10 1024+1024

Cleve 2 13 160+136

German data 2 20 700+300

Haberman 2 3 225+81

Heart 2 13 150+120

HouseVotes84 2 16 267+168

Iris 3 4 50+50+50

Pima 2 8 268+500

Wine 3 13 59+71+48

B. Rule Generation by the GEP algorithm 
In our approach the GEP algorithm is used to discover a 

single rule (the best individual produced in all generations)

with respect to the predictive accuracy and 

comprehensibility and simply run the GEP multiple times to

discover a rule for each class. An obvious disadvantage of

this strategy is that it is computationally expensive,

requiring many GEP runs. For example if there are three

classes in a dataset then the algorithm needs to run thrice.

As an illustration, the rules generated for the three different

classes of IRIS dataset are given below. 

IF
� �

)5.133
3

12
3( ���

�
� xx

x

xx
x THEN  Setosa

IF
� �

)5.21
4

14
5.1( ��

�

 x

x

xx
THEN  Versicolour

IF ( 5.24
4

2 
� x
x

x
) THEN  Verginica

Similarly, the rules generated from other datasets,

considered for our experiments are given below. Further, if

the dataset has only two classes then we have generated only

one rule for a particular class.

Rule for Austra dataset 

IF 069 
� xx THEN class1.

Rule for Cloud dataset 

IF 0)(* 845 
� xxx THEN class2.

Rule for Cleve dataset 

IF 0)( 12102 
�� xxx THEN class1. 

Rule for German dataset 

IF 0316 
� xx THEN class2. 

Rule for Haberman dataset 

IF 0)/))(((*001.0 322 
� xxxsqrtsqrt
THEN class2. 

Rule for Heart dataset 

IF 094 
� xx THEN class1.

Rule for HouseVotes84 dataset 

IF 0154 
� xx THEN class2. 

Rule for Pima dataset 

IF 0))((*)/( 7538 
� xsqrtxxx THEN

class1.

Rules for Wine dataset 
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IF THEN class1. 0413 
� xx

IF THEN class2. 0)/(* 7510712 
�� xxxxx

IF THEN class3. 0610 
� xx
C. Classification Performance

The classification performance of the GEP algorithm is

presented in Table VIII. As an illustration the performance

of IRIS dataset is presented by three confusion matrices

obtained by the three rules are shown below in Table V,

Table VI, and Table VII. Although we can present the

confusion matrix of all other datasets but due to the space

limitations we restrict ourselves with the illustration of IRIS

dataset only.
TABLE V 

CONFUSION MATRIX FOR CLASS SETOSA

Actual

c c
c 50 0

P
re

d
ic

te
d

c 5 95

 TABLE VI 

CONFUSION MATRIX FOR CLASS VERSICOLOUR

Actual

c c
c 42 8

P
re

d
ic

te
d

c 4 96

TABLE VII 

CONFUSION MATRIX FOR CLASS VERGINICA

Actual

c c
c 50 0

P
re

d
ic

te
d

c 0 100

In the above Tables c represents the class and c
represents not class. Table VII shows the percentage of

correct classification done by the different rules. 
TABLE VIII 

PERCENTAGE OF CORRECT CLASSIFICATION BY DIFFERENT RULES

Class Name % of Correct Classification 
Setosa 96.6667

Versicolour 92.0000

Verginica 100.000

The result for the class Virginica is the best where as the

rule generated for the versicolour gives comparatively poor

performance. However the average performance of the

classifier i.e. 96.23% is acceptable. The average percentage

of correct classification of other dataset is given in Table IX. 

TABLE IX 

AVERAGE PERCENTAGE OF CORRECT CLASSIFICATION 

Name of Data Set Average Percentage of correct 
classification of classes 

Austra 69.1304

Cloud 87.6465

Cleve 75.3378

German data 71.2000

Haberman 74.1830

Heart 71.1111

HouseVotes84 74.4789

Pima 65.4948

Wine 87.4532

V. CONCLUSION 

We have presented a GEP approach for multi-objective

classification rule mining. Like GAs, the chromosomes in 

GEP are linear, compact, and easy to genetically manipulate;

like GP, the evolved computer programs in the form of

expression trees exhibit a certain amount of functional

complexity. And the inter-translation of chromosomes and

ETs is pretty straightforward. Moreover, GEP exhibits more

simplicity, i.e., the user need not explicitly specify the 

genotype-to-phenotype mapping (e.g., through a BNF

grammar), compared with other linear GPs such as binary

GP (BGP) [1], GADS [26], or grammatical evolution (GE)

[30]. On account of these characteristics, i.e., simplicity,

high efficiency, and functional complexity, GEP combines

the advantages of both GAs and GP, while overcoming

some of their limitations, which offers great potentiality to

solve complex modeling and optimization problems.

GEP harnesses the power of genetic search to detect 

underlying but unknown relationships among data and

express them as mathematical expressions, which

overcomes the shortcomings of local, heuristic, and greedy

search based algorithms. The reason of performance

improvement is due to the global searching capability of

GEP to produce the appropriate non-linear boundaries

between the classes in the data space. Furthermore, the GEP

approach is more efficient and tends to generate shorter

solutions compared with canonical tree-based GP classifiers,

which ultimately increases the comprehensibility of the rule.

We tested our GEP classifier with several bench marking

datasets and obtained quite satisfactory results. Our future

work will focus on Pareto dominance solution with respect 

predictive accuracy and comprehensibility and rule

refinement without compromising these two objectives.
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