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Abstract—This paper describes our last research results in
the field of evolutionary algorithms for rule extraction applied
to classification (and image annotation). We focus on the data
mining classification task and we propose evolutionary
algorithm for rule extraction. Presented approach is based on
binary classical genetic algorithm with representation of 'if-
then' rules and we propose two specialized genetic operators.
We want to show that some search space reduction techniques
make possible to get solution comparable to others from
literature. To present our method ability of discovering the set
of rules with high F-score we tested our approach on four
benchmark datasets and ImageCLEF competition dataset.
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I. INTRODUCTION

he size of datasets is growing constantly and as cannot

be analysed it by human being so we use automating
process, so-called Knowledge Discovery in Databases
(KDD) which is a part of Machine Learning domain. The
most interesting, from this paper point of view, is its one
stage — data mining (DM). The data mining is an interdisci-
plinary field and its essence is knowledge acquisition from
large amount of data. As our data might contain useful hid-
den and implicit the knowledge, the extracted knowledge
can be successfully used in very important real-world do-
mains such as image annotation.

As Evolutionary Algorithms (EA) are metaheuristics that
search the solution search space and can be easily applied
for data mining tasks, such as clustering, prediction, classifi-
cation and rule induction (paper [8] is a great survey of EA
applications to KDD). Rule discovering (or rule induction)
is most studied data mining task and its main goal is to build
model of given data that describes it with possible best accu-
racy. Such model can be based on intuitive 'if-then' rules
where: if-part (antecedent) attribute conditions and then-part
(consequent) contain predicted class value (label). The clas-
sifier quality (accuracy of the gained model) can be tested
on unseen data and measured by prediction error value.

EA is group of metaheuristics inspired by nature (Dar-
winian evolution theory) where the fittest individuals have
better chance to survive and EA is widely used in data min-
ing tasks (e.g. [2][3][5][15][20]). EA codes the problem so-
lution as an individual and operates its features with aid of
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genetic operators (usually by mutation and crossover). Qual-
ity of individual is given as fitness function and its better
value gives the higher probability of getting an offspring. In
rule discovering task, the main motivation is to discover the
rules with high predictive accuracy value. In literature we
can find some approaches based on natural evolution that
extends simple EA (e.g. classical genetic algorithm [9][12])
by some additional elements. For instance, commonly used
if-then form of rule can be a single individual (Michigan ap-
proach) or included in ruleset form of individual (Pittsburgh
approach). Mostly, there is used the Pittsburgh approach as
it takes into consideration a rule interaction and is more nat-
ural and intuitive.

Interesting EA based method, so-called Genetic Program-
ming (GP) can be found in [3], where individual is repre-
sented by logic tree that corresponds to logical expression
such as rule: “If attribp>5 and (attrib;=2,5 or atrrib,<1,3)
then class;” to describe attributes' conditions of given class
in chest pain diagnosis. The rule is presented as decision
tree, where internal nodes are operators and leaf nodes rep-
resents attributes and corresponding condition values.

The multipopulation EA is based on the natural phenome-
na of coevolution (CoEvolutionary Algorithm, CoEA),
where fitness function evaluation of few populations runs
effectively in parallel way. Such method is proposed in [15],
where individuals are selected from a few populations by
cooperative selection pressure by choosing the best, previ-
ous fitness or classical selection method. There is used a col-
laboration pool size (from each population a group of the
candidate individuals is selected) or a collaboration credit
assignment (based on a selection of » individuals, where its
optimistic, the average or pessimistic version is used). An-
other CoEA (presented in [20]) operates on populations that
correspond to ruleset of n rules (where n is a parameter)
linked by token competition as a form of the niching
method. Paper [17] describes approach that takes into con-
sideration distributed genetic algorithm for rule extraction
task, where is presented positive influence of dynamic data
partitioning distribution model to classifier accuracy.

There is also another strong trend in EA applications in
DM - usage of specialized genetic operators. In Pittsburgh
approach to classification task it is very important that indi-
vidual representation consists of a complete classifier where
rules cooperate and recombination operator causing its sepa-
ration may make worse its classification accuracy. In [20]
above problem is discussed and there is proposed a symbiot-
ic combination operator which is a kind of heuristic that ana-



74

lyzes results of changes in newly created individual. Anoth-
er type of genetic operator specialization can be the usage of
some hill-climbing algorithms to improve individuals (as
candidate solution) by making “minor” modifications: if it
causes fitter individual, given change is accepted. As a mat-
ter of fact, this causes the Baldwin effect [12]. Also, in evo-
lution process ruleset can be modified in pruning procedure
(e.g. [5]) - is optimized by removing unused/invalid attribute
condition according to information gain measure value
and/or examines results by some small changes in the rule-
set. Also, we can find hybridization as a quite strong trend,
where main motivation of such propositions is to build ap-
proach and link advantages of connected methods.

The remainder of this paper is organized as follows. De-
tails of problem definition and our approach for rule discov-
ering task is presented in section 2. Research methodology,
used benchmark dataset and results of experiments are pre-
sented in section 3. Finally, section 4 presents conclusions
and future research directions.

II. CAREX: CoEVOLUTIONARY ALGORITHM FOR RULE
EXTRrACTION

Proposed method uses standard EA schema and starts a
learning process with initial population (usually created ran-
domly) and next individuals of current population are evalu-
ated: each individual receives a fitness function value that
corresponds to quality of proposition of given problem solu-
tion. In next step EA checks if stop conditions are not met:
usually it is limit of generations and the best individual fit-
ness value is acceptable (success). If stop criteria is not met
EA runs the selection procedure that defines a seed of the
new generation; next it is a communication between individ-
uals (by crossover operator) and the independent trial (by
mutation operator). The whole process repeats until some
stopping condition is met. The crucial issue in evolutionary
based method is the definition of individual representation
schema, genetic operators (mutation and crossover) and
evaluation function form, that give information about the in-
dividual fitness function value. In this section above ele-
ments are described.

A. Representation schema

In CAREX approach we decided to construct individual
representation schema as simple as possible to get reduction
of solution search space size. This is gained by coding of ar-
guments value in binary representation (usually 2x8 bits per
arguments) and only two logical operators: IN and NOT _IN.
This methodology makes possible to use simple genetic al-
gorithm, as we wanted to show that there is no need of EA
extension to get solution comparable to others based on lit-
erature. Also we shown that there is possibility to build a
specialized genetic operators.

We considered Michigan and Pittsburgh [12] approaches
and finally CAREX system implements both, but in our re-
search we use only the Pittsburgh model to keep all rules in-
teractions in one individual. Therefore individual is repre-
sented as the set of rules (ruleset) that can assign instance to
one class (if the task is to find completely one class descrip-
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tion, so-called one-class-model) or to get model of all class-
es presented in dataset the individual consists of rules con-
nected to class identifiers (all-class-model) as follows:

RuleSet:= {Ruleo, .. .,Rulenl

Each rule is represented as the set of commonly used if-
then type rules IF <attributes conditions> THEN
<class_identifier> as follows:

Rulel.: = IFA, and...and A THEN classj

Where class; symbol represents given class identifier, and
A;,I€[0,...,n| represents a numeric range for a condition
for i-th attribute as follows:

A, : =attribute ;operator (a,b]

where bellow operator can be:

IN|(a,b|—a<attribute,<b or
NOT_IN|a,b|— attribute, <a or attribute, >b

where a<b and a,b€IR . Above representation is
strictly based on conditions combination for selected at-
tributes. We decided to use only two operators to keep indi-
vidual representation as simple as possible. For instance,
rule is:

IF attribute,IN(0.1,0.5|and
attribute,NOT_IN(1.0,1.2) THEN class,

Above rule describes all instances with values from range
<0,1; 0,5> for attribute,. Another condition takes into con-
sideration attribute,, where its value cannot be in range <1,0;
1,2>. Data described by conjunction of conditions are pro-
posed to label with class.,.

In CAREX we decided to use binary vector representation
thus we are allowed to use classical binary genetic operators
to manipulate individual's particles. To avoid a drastic
change of attribute value we use a Gray code. Also each at-
tribute is extended by one enabled/disabled bit. Before
CAREX starts, the dataset is preprocessed: instances are an-
alyzed to recognize domains for all attributes. Then, each at-
tribute domain is mapped into binary vector. That allows to
keep each individual valid and there is no need to waste ex-
tra CPU time for repairing or removing invalid attribute val-
ues.

In proposed representation we use only “AND” logical
operator, therefore EA to describe some set of instances as
two separate conditions using ruleset as two connected rules.
Indeed, the relation between these rules is logical disjunc-
tion, and indeed there exist a sort of rules coevolution phe-
nomena.

B. Fitness Function

Generally, in EA, fitness function evaluation is very criti-
cal issue. Its definition decides about shape of solution land-
scape and must be defined very carefully. As rule extraction
problem corresponds to data mining and our individual is a
ruleset we can use commonly used classifier measure. In
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classification the main goal is prediction of the value
C,€ C (class) analyzing values of attributes X ; of given in-

[O nl

stance  X;= [Xisee e X | where X?EX defines solution
landscape. Thus classification task is based on explore set of
[X1,€ )55 X,1,C,) to build model m(x,|: X —C that

labels unseen instance X, € X . Evaluation of rule is con-
nected to its quality as classifier. In such context of data
mining domain, the terms true positives (#p), true negatives
(tn), false positives (fp) and false negatives (fi) we can de-
fine recall :

recall= b M

tp+fp

and precison measure as follows:

tp
tp+fn

The recall value tells only if given rule labels instances in
proper way, precision informs if rule covers all labeled data
by proper class identifier. Above formulas say a lot about
rule classification quality but there are two separate values.
Although EA should use only one value to evaluate rule in
literature (e.g. [3]) we can find some combinations of these
values. However, we decided to use measure based on modi-
fied van Rijsbergen's effectiveness measure (Fscore) [18],
than can be used also in data mining, as it combines preci-
sion and recall:

precision= )

Fscore=
1—«a 3

recall

precision

where a can give a predominance of one of two elements,
but we established its value on 0,5 to keep two elements
equal. If Fiscore value is near 1 means that evaluated rule
has high quality as it corresponds to maximizing problem.
Bellow Fscore measure is very useful as fitness function
form, but for comparison of gained results in literature is
used other measure of predictive accuracy, as a rule quality
measure, defined as follows:

_ tptin “)
accuracy= —————
tp+fptfn+tn

where  tp/tn/fp/fn correspond  respectively to  true

positive/true negative/false positive/false negative to denote
accuracy of classification in given set of instances.

We do not use accuracy formula as fitness function be-
cause of more practical features of Fscore. As individual is a
ruleset the fitness function value is calculated as the average
value of Fscore of all existing in dataset classes. Such form
of fitness function occurs some distortions specially when
dataset is dominated by one class and others have small rep-

resentation. In dominated datasets we can use stratified
crossover mechanism to reduce such problem.

C. Genetic operators

Our individual is represented by binary vector which can
be operated by classic binary operators in simple way. Ran-
dom modification of selected bit works as mutation (SM,
Simple Mutation) and inserts new information into chromo-
some. To deliver communication in population in CAREX
we developed one-point crossover (0OX) that links two indi-
viduals to build the new one as combination of their genes.
As all individuals have the same size, there is no situation of
invalid individual creation using the random cut position.
The high efficiency of basic set of genetic operators (SM
and OX) in CAREX encouraged us to construct some spe-
cialized operators. We developed and tested two: Directed
Mutation (DM) and Best Class Crossover (BCX).

Directed Mutation (DM)

This operator is not semi blind as simple mutation (SM)
and it tries to direct evolution process by increasing the mu-
tation probability if given rule has low quality (fitness func-
tion value is low). Given Rule; mutation probability is given
according to below formula:

P, =P, *(2—Fit"™(Rule,)) )
where P, is constant mutation probability given to whole

EA. The Fitdm'( Rule,) formula part gives a value of

fitness value of given class; classification accuracy. The mo-
tivation is to change rules in class that has worst quality val-
ue (near 0,0), but it is almost absent when value is near 1,0
(the best quality). Of course, such directed mutation selects
rules to modification but if such direction is too hard it could
stuck the whole learning process in local optima. To avoid
such situation we establish an increasing parameter as maxi-
mal value to double P, value.

Best Class Crossover (BCX)

The standard crossover operator (such as OX) does not
take into consideration specific problem knowledge. It just
randomly cuts individuals and randomly generates a new in-
dividual. Our main motivation was to build a new crossover
operator that uses specific domain knowledge and links two
individuals more effectively. We inspired slightly the BCX
operator (presented in [13] which, in its base form, is used
for graph coloring problem, we developed the other version
of BCX (Best Class Crossover), which is presented as pseu-
do code on Blad: Nie znaleziono zrédta odwotania.

The BCX operator takes two RuleSet P, and P, as
parental individuals and returns the newly generated as re-
sult. The offspring is compilation of two parental individuals
based on analyse which a parental RuleSet has better accura-
cy of given class description ¢; — its rules are included in
newly generated offspring individual. Such operation is re-
peated for each class independently.

The operator is specific form of communication between
individuals where each of them gives the best part of select-
ed rules and it is very useful, but its frequent usage is rather
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function crossover BCX ( RuleSet P,
RuleSet P, )
begin
RuleSet Off :=Q

foreach class c;

begin
if (Fit"(Py)>Fit“(PY))
then Off :=Off UP{
else Off :=0ff UPY
end
return Off

end

Fig 1. BCX operator pseudocode

risky. As it is determinate, it can cause loss of diversity in
population and premature convergence indeed. Such opera-
tor we use not more than P,<0,1.

D. CAREX programming platform speedup

Our experiments needed programming platform and we
decided to use Java language. To make experiments less
time consuming we developed:

* data buffering, all data are stored in RAM memory
not in hard drive — it makes data query more effec-
tive and less time consuming,

* data indexing based on binary search that gives us
more effectively access to our data,

» data sequence covering based on attributes condi-
tion cascade techniques that give evaluation func-
tion of each rule less time consuming,

* evaluation cache, that stores in RAM memory rules
that were already evaluated and in evolution
process are without any changes. Thanks this
mechanism time for evaluations is significantly re-
duced.

Such low level programming techniques (not connected to
EA conception directly) make experiments less time con-
suming. It is worth mentioning because of stochastic char-
acter of EA, where experiments must be repeated many
times.

III. COMPUTATIONAL EXPERIMENTS AND RESULTS

Evaluation of learning method is important to compare re-
sults against other methods. This can be done experimental-
ly. We developed in Java a research environment that sup-
ports learning and rule validating process. To evaluate pre-
dictive classification ability of developed model we split
data into train and test data using commonly used crossvali-
dation method.

First, there are used train data to generate RuleSet by
CAREX to get possible high accuracy (Fscore is used as fit-
ness function). Learning process based on evolution runs us-
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ing selection, mutation and crossover operators. For evalua-
tion accuracy of gained rules there is used train dataset, but
when evolution process is finished test dataset is used to val-
idate predictive accuracy of generated RuleSet. To minimal-
ize a random elements influence on our research we use 5x2
crossvalidation (according to research presented in [7]).
Also to reduce influence of stochastic aspect of EA to our
research the whole evolution process is repeated 10 times to
each crossvalidation fold.

A. Used datasets

To show CAREX application we decided to use bench-
mark data set from UCI data Repository [21]. From set of
187 datasets we selected four connected to important real-
world domains such as biology, medicine, chemical indus-
try, food industry or health care, as follows:

. iris: 150 instances, 4 attributes, 3 classes

(distribution: 50/50/50),

. (pima indians) diabetes: 768 inst., 8 attributes, 2
classes (distrib.: 500/246),

. glass: 214 instances, 9 attributes, 6 classes
(distribution: 70/17/76/13/9/29)

. wine: 178 instances, 13 attributes, 3 classes
(distribution: 59/71/48)

First dataset (Fisher's iris flower) is benchmark for each
new classification algorithm. The diabetes dataset includes
medical records of medical review if the patient shows signs
of diabetes according to the World Health Organization cri-
teria. The third dataset consists of glass identification in
chemical industry data. The last one (wine) contains results
of chemical analysis of wines grown in the same region in
Italy.

B. Experimental CAREX

We experimented to establish CAREX algorithm optimal
parameters values. The most influential parameter is the
probability of mutation (see its influence on average predic-
tive accuracy presented on Fig 1). Our experiments showed
that CAREX results are the most stable and the best in
P,=0,01. Probability of crossover P,=0,2 but our first re-
search result showed that crossover has minor influence on
CAREX results.

Another very important CAREX issue is population size
and number of generations. We developed several experi-
ments series to establish its optimal values. Results of such
experiments are showed in Fig 2, where influence of num-
ber of births (as product of population size and number of
generations) to average accuracy of developed model in iris
dataset is presented. We used population size and genera-
tions number from set {10,20,50,100,200 and 1000}. The
Fig 3 shows that the optimal value of births is between 10
and 20 thousands, which is connected to population size 100
and 200-400 generations.

The higher values of births make CAREX less effective —
it is more time consuming learning process and we do not
have the significant increase of accuracy value.
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Basically, we tested two types of selection methods: tour-
nament selection and roulette wheel selection. The best re-
sults were achieved in tournament selection, where individu-
als are selected without replacement to the pool size of 2 or
10 individuals. The roulette wheel method causes smaller se-
lection pressure and makes learning process less effective.
In our experiments we do not use elitism parameter.

C. Effectiveness of CAREX

This part of paper presents experiments connected to pop-
ulation size and genetic operators usage influence on
CAREX effectiveness. Evaluation of CAREX approach in
the context of four benchmark dataset is given. Used values
of EA parameters are presented in Table 1.

Table 1. CAREX parameters used in experiments

parameter name IRIS DIABETES | GLASS | WINE
Population size 200 20 200 100
Number of generations 200 200 500 200
Prob. of crossover [OX] 0,2 0,2 0,2 0,2
Prob. of mutation [DM] 0,01 0,01 0,01 0,01
Selection method 10 2 10 10
Number of rules 5 10 30 15

In CAREX an individual is represented by set of rules and
this number strictly depends on used dataset: usually we use
about 3-5 rules per class. As different datasets have various
CAREX parameters requirements are presented in Table 1.
The population size in our approach usually equals to 100-
500 individuals. Number of generations gives evolution
process the “time” to work out a solution but we experimen-
tally tested that there is no need to extend it to not more than
1000 generations. Another important aspect of EA is selec-
tion — we experimentally developed a tournament selection
of 2 or 10 individuals. A mutation operator (Pm) rate is ex-
perimentally set to 0,01. Stop condition is met if individual
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Fig 2. CAREX mutation prob. value' influence on average predictive ac-
curacy [iris dataset]

that has Fsc equals to 1,0 (success) or number of generation
is exceed (fail).

Corresponding to literature we compare results of
CAREX with other methods (see Table 2) - we selected EA
based methods (e.g. CORE [20], CCE [15], ESIA [11]) and
classical C4.5 [16] algorithm. For each dataset we presented
results of each selected method (as it is given in literature):
the average predictive accuracy, standard deviation value
and maximal value of observed accuracy. Unfortunately, not
for all dataset the results are given in the literature.

We can observe that CAREX achieves the best accuracy
for iris dataset. Also comparable results gain CORE method
and EMA-AIS. It is worth to mention that difference is very
small (near to statistical error value). For diabetes dataset
we can see that CAREX does not achieve the best accuracy
(but comparable to classical C4.5 algorithm). It is outper-
formed by CORE and EMA-AIS method. It is also worth
mentioning that EMA in its basic form gives comparable re-
sults to CAREX, while EMA-AIS is the hybrid of EMA
with AIS and gives potentially better solution. Comparison
of predictive accuracy value in glass dataset to other meth-
ods shows that CAREX results can successfully compete
with other methods. Unfortunately, stochastic element of
CAREX causes relatively large value of standard deviations
(8,75%). That value is very puzzling, because ESIA ap-
proach uses 5-fold cross-validation and standard deviation
equals to 0,03%. Dataset wine results presented in the above
table show that given dataset is no problematic for CAREX.
We compared our results with two other approaches, and
CAREX outperforms classic C4.5 and gives results compa-
rable to SEA method.

C. ImageCLEF Photo Annotation competition dataset —
first results
In previous section we presented CAREX method applied
to benchmark UCL Repository datasets. Improved high
CAREX efficiency, we applied it to practical problem. We
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Fig 3. CAREX - number of births and its influence on average predic-
tive accuracy [iris dataset]
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Table 2. Performance comparison for the benchmark dataset.

Average predicative accuracy [%], standard deviation and best value of accuracy are given [%].

IRIS DIABETES GLASS WINE
CAREX 96,671,5 (99,1) | 73,89+1,0 (76,43) | 75,49%8,75 (83,54) | 93,93%3,68 (100)
CORE [20] 96,61£2,35 (100) | 75,34%2,3 (80,15) n.u. n.u
C4.5[16] 93,67+3,73 (100) | 73,13+2,5 (77,39) | 67,72+12,27 (?) 89,03+7,55 (?)
CCE [15] 95,40+3,28 (100) n.u. n.u. n.u
ESIA [11] 95,33+3,0 (?) 70,18+0,21 (?) 72,4310,03 (?) n.u.
EMA [2]* 94,59+3,9 (100) | 73,23+2,13 (77,08) n.u. n.u
EMA-AIS [2]* | 97,0240,83 (100) | 75,23+1,4 (77,6) n.u. n.u.
SEA[10] 95,572 (?) n.u. 0,68+? (?) 94,59+7,55 (?)

decided to generate rules in photo annotation problem — and
we used benchmark dataset from ImageCLEF conquest [14].
Automatic Image/photo annotation problem [4] needs
method for multiclass labeling images, as problem concerns
a number of classes and large size of datasets. There is many
approaches in literature based on decision trees, suport vec-
tor machine (SVM) and others (survey can be found in [1]).
The ImageCLEF conquest dataset consists of 8000 im-
ages labeled by 93 classes (words). We do not use any seg-
mentation methods and we use 18 global image Tamura [19]
features such as coarseness, contrast or directionality. We
run CAREX method using 10 individuals to run 100 genera-
tions to get one word annotation. The example of such run is

.|l||l|\ ’l \wllll\ll
Sad b
A !
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0,1 Cg |
0 s i A L AL
4 10 16 22 28 34 40 46 52 58 64 70 76 82 88 94100
1 7 1319 25 31 37 43 49 5561 67 73 79 85 91 97

generations

EEFSC max #8ACC -¥ FSCavg -& FSC min

Fig 4. Example of CAREX run of Photo ImageCLEF word Neutral Il-
lumination'. CAREX parameters: 2 Rules, popsize=10,
generations=100. P..=0.01. P.=0.2

presented on Fig 4, where is shown the best Fscore, average
Fscore, worst Fscore and best Accuracy in given evolution
process. Evolutionary Algorithm searches the whole solu-
tion space effectively and even so small population (only 10
individuals) makes possible to get optimal solution.

Some initial experiments were done and effectiveness of
presented CAREX method is very promising. First results
were presented in Table 3, where the best of 10 word were

shown. The average Fscore for 10 chosen words equals to
74,5%. However, these words are frequent and the average
F-score value in dataset equals 26%. Example of 2 rules

Table 3. CAREX results for 10 best words for ImageCLEF
images dataset

word records Fscore Precision Recall Accuracy
Visual_Arts 3346 0,590 0,419 1,000 0,420
No_Visual_Time | 3271 0,590 0,429 0,946 | 0,462
Cute 3909 0,657 0,490 | 0,998 | 0,491
Outdoor 4172 0,697 0,560 | 0,923 | 0,581
Day 4198 0,710 0,570 | 0,941 | 0,597
Natural 4593 0,730 0,575 | 0,999 | 0,576
No_Blur 5240 0,792 0,656 | 0,999 | 0,656
No_Persons 5467 0,812 0,684 1,000 | 0,684
No_Visual_Season | 6646 0,908 0,831 1,000 | 0,831
Neutral_lllumination| 7483 0,968 0,939 1,000 0,938

average 0,745

generated on word 'Neutral Illumination' with very high val-
ue of Fscore:

IF a4 IN<58,128;341,378>
AND a7 NOT_IN<170,012;266,089>

AND a8 NOT IN<291,938;312,497>
AND al3 NOT IN<169,923;265,895>
AND ald IN<178,128;345,282>
AND al5 IN<19,201;218,386>

THEN class = 'Neutral Illumination'
[Rec=0,013 Prec=0,981 Acc=0,077 Fsc=0,027]

IF a7 NOT_IN<586,874;603,571>

THEN class = 'Neutral Illumination'
[Rec=1,000 Prec=0,935 Acc=0,935 Fsc=0,967]

The CAREX in the first results is very promising but also
needs some extra ImageCLEF experiments connected to
specialized genetic operators, another set of features (not
only 18 Tamura features), segmentation influence to
CAREX effectiveness and time consuming EA run as extra
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tests. Another positive aspect of CAREX usage is very intu-
itive rule representation that allows to understand the anno-
tation description by the human.

IV. CONCLUSIONS AND FURTHER WORK

The presented method CAREX is based on EA and sim-
ple binary solution representation. We wanted to show that
binary based EA can be effective in searching a large search
space in data mining tasks. We presented results of perfor-
mance based on four benchmark databases. The CAREX re-
sults are compared to other methods and show that CAREX
is able to compete successfully in rule induction/classifica-
tion task. Also, in our opinion CAREX has great potential in
this area of research. However, experiments results showed
some problems, especially connected to stochastic aspects of
presented approach — in our opinion the standard deviation
value of results is too high to be accepted in real-world ap-
plications. We presented first experiment results on real
world of image annotation problem using the ImageCLEF
dataset. Results of developed experiments encourage to con-
tinue work on CAREX.

We plan further research into two main directions. First,
fitness function modification by adding some niching meth-
ods to make it more competitive. Other way we see in spe-
cialization of genetic operators, including some ruleset im-
proving methods such as hill climbing, local search type or
simple pruning rules procedure and discovering potential la-
beling conflicts in the whole ruleset.
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