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Abstract—M ulti-population genetic algorithms have been
used with success for several multi-objective optimization
problems. In this paper, we present a new general multi-
population genetic algorithm for evolving decision trees. It was
designed to improve the possibility of evolving balanced decision
trees, smultaneously optimized for the predictions of each class.
Single-population genetic algorithms namely tend to construct
decision trees with great variance in single class accuracies. The
proposed approach is tested over 10 UCI datasets, and it is
compared with a single-population genetic algorithm as well as
with traditional decision-tree induction algorithms. Results show
that the designed multi-population approach provides
classification results comparable to C4.5 and CART in terms of
accuracy and tree size, while outperforming them regarding
balanced solutions (in ter ms of average class accuracy and range
of single-class accur acies).

Keywords—genetic algorithms; machine learning;
classification; decision trees, multi-population genetic algorithm

I. INTRODUCTION

Decision trees (DT) are one of the most widely used data
classification method. They are relidble and provide
classification performance comparable with other classification
approaches. DTs are especially popular because of their
simple, transparent and straightforward representation,
resulting in a classification process that one can easly
interpret, understand, validate and learn from. Indeed, DTs are
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directed acyclic graphs that can be easily read as a digunction
of conjunctions in the form of i f -t hen classfication rules.
DTs are the preferred model in application domains in which
understanding the reasons that lead to a certain prediction is as
important as the prediction itself (e.g., medical diagnosis [1]
and protein function prediction [2]).

Most DT induction algorithms employ the top-down greedy
strategy for building the trees (e.g., C4.5 [3] and CART [4]).
Nonetheless, the top-down approach is prone to faling into
local-optima since it locally optimizes a criterion for each node
of the tree in a recursive fashion. For addressing this issue,
researchers turned to evolutionary algorithms (EAS) as a means
to avoid local-optima by performing a robust globa search on
the space of candidate DTs, usually achieving enhanced
predictive performance a the expense of increased
computational cost [5, 6]. As EAs evolve solutions in
accordance with the given fitness function, they can generally
optimize solutions regarding a single criterion, which is usually
the predictive performance (such as accuracy or F-measure). In
the case of DTs, however, there are several other criteria which
could (or should) also be optimized, like complexity (DT size)
and attributes cost, just to name a few. To address this issue,
researchers usually use advanced fitness calculation methods,
like the weighted sum of various measures [7] or the
lexicographic approach [8] in order to obtain better DTs.

EAs have been extensively applied to supervised learning
in the past decades, specialy for the problem of data
classification. Classification can be regarded as an optimization
problem, where the goa is to find a function f that better
approximates the unknown true function f responsible for
mapping attribute values from the input space into discrete
categories (decision clases), f: X — Y. It has been already
demonstrated in many applications that EAs can improve the
classification performance of DTs[5].

In this paper, we address the challenge of improving the
balance of evolutionary induced DTs by using a multi-



population genetic algorithm (MPGA). In our previous work,
we have designed an ad hoc MPGA for prediction of churning
telecommunication customers [9]. Encouraged by the results,
here we generalize the approach by designing a new MPGA for
DT induction. It consists of two co-evolving populations of
DTs, where each population is being evolved regarding a
different criterion, and the information exchange between two
populations provides the means to generate one single balanced
solution.

The remaining of this paper is organized as follows.
Section 2 presents an overview of multi-population genetic
algorithms, and introduces our novel approach for evolving
balanced decision trees. Section 3 details the methodology
employed for performing the experimental analysis, whose
results are presented in Section 4. Finally, Section 5 concludes
the paper with our final thoughts and lists some future work
possihilities.

1. MULTI-POPULATION GENETIC ALGORITHM
FOR INDUCING DECISION-TREES

A. Multi-Population Genetic Algorithms

Genetic agorithms (GAs), one of the most important
representatives of EAs, are capable of exploring a wide range
of search space when the selection pressure is properly
controlled, while crossover and mutation evolve solutions
towards local optima, keeping the needed genetic diversity.
The evolutionary search for the solution is directed towards the
optimal solution based on a predefined fitness function.

In this paper, the optimal solution isthe best DT for agiven
dataset. However, the evaluation of a DT is generally a multi-
objective problem (MOP), since different criteria — for
instance, the overal accuracy, F-measure, average class
accuracy, and size — influence the quality of aDT. Usually, the
fitness function in such cases is defined as a weighed sum of
all of the above single objectives. The problem with the
weighted formula approach is that the improvement of one
single parameter generally leads to the worsening of others. As
the solution in the evolutionary search needs to build up before
it can reach an adequate level of quality, the problem of such
aggregated multi-objective fitness functions is that the solution
becomes hiased towards only afew objectives.

To overcome this problem, the evolutionary search should
have the capability of preserving the building blocks needed to
optimize the solution towards several objectives. In other
words, the occurrence of premature convergence should be
avoided. Various techniques such as the objective aggregation
technique, the objective aternate technique, and the Pareto-
based technique have been proposed to address this problem,
al with their own disadvantages [10]. One way to overcome
some issues of alternate objectives and standard aggregation is
by using a multi-objective approach, where several solutions
are considered as best (not being dominated by others), each
one dominating others in (at least) one of the objectives,
forming the Pareto front [11]. However, when using the multi-
objective EAs to solve MOP, the problem on how to select
good individuals for the next generation arises [10]. Since a
MOP has multiple objectives that often contradict with each

other, it is difficult to say whether one individual is better than
another if it is better at one objective but it is worse at another
objective[12].

Another way to address this problem is to improve the fine-
tuning capability of asimple GA, for which MPGAs have been
developed in many applications [13], including data mining
[14]. MPGA is an extension of a smple GA by dividing a
population into several isolated subpopulations within which
the evolution proceeds and individuals are alowed to migrate
from one subpopulation to another. In recent years, MPGAS
have been recognized as being more effective both in speed
and solution quality than single-population GAs[14].

B. GA for Decision-Tree Induction

For the induction of balanced DTs, we propose in this
paper a new general MPGA that extends the genTrees
algorithm [15, 6]. Buit first, let us summarize the basic details
of genTrees (GT).

GT representsindividual DTs as binary tree data structures,
where each node has five values (Fig. 1). Node type can be
either class or test node. Depending on the node t ype, i ndex
represents either a decision class number (in this case further
values are ignored) or a test attribute index. In case of
continuous test nodes, split val ue represents a splitting
threshold th: instances with values lower than th proceed to the
left child and the rest proceed to the ri ght child. In
case of discrete test nodes, only the integer part of split
val ue int(th) is used as an index into the set of discrete values
of the corresponding attribute: instances with values equal to
int(th) proceed to the I eft chi |l d whereas instances which
values differ from int(th) proceed to theri ght chil d until a
class (leaf) nodeis reached.

For the selection the binary tournament is used. For
crossover, a randomly chosen training instance is first used to
determine a path (from root to a class node) in both selected
DTs. Then one attribute node is randomly chosen on defined
paths in both selected DTs. Finaly, the two corresponding sub-
trees from the chosen attribute nodes are exchanged. Mutation
can change one of five possible things in a randomly chosen
node within a DT: class number, attribute index, split value,
attribute node into class node (consecutively deleting both sub-
trees), or class node into attribute node (consecutively
constructing both sub-trees). Fitness function will be discussed
later.

node type

index class number / attribute index

split value
left child
right child

splitting threshold / discrete index

link to first {left) sub-tree

N S e 2

link to second (right) sub-tree

Fig. 1. A binary tree-based representation of a DT; a node is a quintuple of
values: node type (class/test attribute), index, split value, and links to
both child nodes (when node is atest attribute).

class node (leaf) / attribute (test) node



C. MPGA for Decision-Tree Induction

The proposed MPGA for the induction of balanced DTs,
hereby called MPGT (multi-population genTrees), consists of
two co-evolving subpopulations which employ the same
initialization, tournament selection, crossover and mutation
operators. Each subpopulation, however, has a different fitness
function, which optimizes a different objective. In a regular
cycle, after a predefined number of generations (migrate
interval) the exchange of DTs between the two subpopulations
occurs according to a predefined parameter (migrate rate).
MPGT isoutlined in Fig. 2.

subpopulation 1 subpopulation 2

‘ Initialization ‘ | Initialization |
| Fitness evaluation ff o, Ll 1 Fitness evaluation ff,,,, |

(optimizing overall F-measure and size) (optimizing avg. class accuracy and size)
I . : I
| Selection I | migration] ” | Selection |
1

| Crossover | | Crossover |

—~{ Mutation ‘ | Mutation |——

Select the best solution
according to ff,,1

Fig. 2. Genera outline of the multi-population genetic decision-tree
induction algorithm MPGT.

From the viewpoint of a single subpopulation, the
migration of DTs is the main difference to a standard single-
population GA for DT induction. For implementing the
migration process, we used the best-worst migration policy
[14]. A set of begt-fit DTs from one subpopulation is selected
(using the normal regular selection), which then replaces a set
of worgt-fit DTs from the other subpopulation (using the
inverse selection). The literature is not consistent in defining
parameters such as migrate rate and migrate interval. Whereas
some researchers perform migration in every generation [11],
others prefer to evolve subpopulations for a certain amount of
generations before migration reoccurs [16]. Since we wanted
some robust setting for al the experiments, we set and fixed
the migrate interval to 100 generations and migrate rate to 1/8
of the population size, which were used throughout
experiments as default values.

The use of two different fitness functions serves as a means
to generate balanced DTs. It is our goal to build accurate DTs
where al single-class accuracies are balanced. Thus, the first
subpopulation will optimize solutions regarding the overall
predictive performance, while the second will optimize
solutions regarding the balanced single-class accuracies. Asthe
evolution tends to produce introns (unreachable nodes because
of contradictory test conditions), the same penalty for larger
treesis added in both cases. Since the F-Measure isregarded as
a more suitable performance prediction measure than accuracy
[17], the fitness function for the first subpopulation is defined
as.
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where S is the total number of instances, n is the number of
nodes in the tree, sf is a size factor that defines how many
additional nodes outweigh one misclassified instance (we set it
to 10), and fm is the F-Measure criterion (harmonic mean of
the precision and recall values). The fitness function for the
second subpopulation replaces the F-Measure by the weighted
single-class accuracy, though keeping the same size penalty, as
shownin (2).

. 1
ffpopz =(1- Zf:l w; s acc;) + P

M

n
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In (2), K is the number of decision classes, acc; is the
accuracy of the i class, and w; is the weight associated to the
i class. By setting different weights, the search can be driven
towards the desired outcome. Fig. 3 represents three possible
scenarios (defined by different weight values and represented
by different lines) of choosing different solutions (represented
by triangle markers) as optimal for a 2-class classification
problem. In general, if a balanced solution is sought, in which
each class is equally important, the class accuracy weights can
be sat to w=1/K (represented by solid line in Fig. 3),
transforming (2) into (3), where there is no need for choosing
weights.

ff;popz = (1 - %25:1 acci) +

[
£ ]=

3)

1

class 2 acourae:

Fig. 3. By setting different weights w; different solutions from the Pareto
front can be chosen as the best ones (example for a dataset with two
classes). Trinagle markers represent several found solutions (a marker
nearest to a single line represents best found solution according to the
criteria).

By employing the described procedure, the balanced DTs
from the second subpopulation will regularly feed the first
subpopulation (and vice-versa) with building blocks needed to
optimize the global solution, which could have dropped out
during the evolution of a single subpopulation towards one
direction within the search space.



Fig. 4 shows an example of the evolution of al the
individuals within MPGT (several stages of a single
evolutionary run for the 2-class churn dataset problem [18] at
generations 0, 50, 150, 250, 500, and 550.). It can be seen how
different subpopulations optimize solutions towards different
directions. When each single subpopulation begins to

converge, the migration introduces new genetic material, thus
preventing the premature convergence and influencing the
remaining of the evolutionary cycle. It can be seen how
solutions converge until generation 500 and then, after
information is exchanged between the two populations, diverge
again in the next 50 generations.

generation=150

generation=0

generation=50

08 fr e e e I e e e e T SR e
T R U Ty N L
02 | e L e e e T —_,———,—,—,—,,———,—,-—a —
[Opopl : H [Opopl ' ' H O popl : : H

O pop2 : _ pop2 L pop2
00 : : ; : O o0 : : | : T : i | : ‘
0,0 02 04 06 08 1,0 0,0 02 04 06 08 1,0 0,0 02 04 06 038 1,0

Fig. 4. The co-evolution of two populations of decision trees for the churn dataset; the x and y axis represent class-1 and class-2 acuracy, respectively (note how
solutions converge until generation 500 and then, after information is exchanged between the two populations, diverge again in the next 50 generations).

Evolution of fitness in single-population Evolution of fitness for twe co-evelving populations

fitness value
fitness value

T
o 50 100 150 200 250 300 350 400 450 500

generations

generations

a) single-population b) two co-evolving populations

Fig. 5. Comparison of fitness evolution for the churn dataset for @) single-population GT, and b) multi-population GT with two co-evolving populations; the
fitness improvements after information exchange in generations 100 and 300 can be easily seen (note that the same amount of computer processing is used per
generation in both cases as the single-population GT contains twice the amount of individuals as one subpopulation in the multi-population GT).
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The influence of migration between subpopulations can be
easily seen when comparing the evolution of a single-
population GT (Fig. 5a) with a MPGT (Fig. 5b). It drives the
individuals to possibly improve after each migration; the
improvement of fitness is most obvious at generations 100 and
300 (migration interval is set to 100 generations).

I1l. EXPERIMENTAL FRAMEWORK AND SETTINGS

To assess the performance of the MPGT agorithm, we
performed an experiment over 10 well-known public datasets
from the UCI machine learning repository [19], presented in
Table 1. First, we compared the resulting DTs with two
variants of a single-population GA: one that uses the overall F-
measure as a fitness function, and another that uses the
averaged class accuracy as a fitness function (all class accuracy
weights are set equally as wi=1/K). We used our genTrees [6,
15] agorithm (GT) as the baseline single-population EA for
DT induction. In a second moment, we compared MPGT with
the two most widely used traditional top-down DT induction
algorithms: C4.5 [3] and CART [4], both with their default
settings.

TABLE I. UCI DATASETSUSED IN THE EXPERIMENT.

# classes| #attributes| #instances| imbalanceratio
breast_cancer 2 9 286 2.36
car 4 6 1,728 11.90
colic 2 22 368 1.71
eye_movements 3 27 10,936 2.81
glass 7 9 214 8.73
heart_statlog 2 13 270 1.25
iris 3 4 150 2.06
segment 7 19 2,310 1.34
sick 2 29 3,772 15.33
sonar 2 60 208 1.14

Adopting the 5-fold cross-validation, all datasets were pre-
divided into five subsets in such a manner that preserved very
similar (practically equal) class distribution. Each subset has
been used as a test set once, while the other four subsets
combined constituted a training set. In this manner, all the
classification algorithms were operating on exactly the same
dataset divisions. Each method was tested on each fold (a pre-
divided training/test set combination) on all the datasets. All
results are based on the average of all five folds, whereas the
results of all the evolutionary methods are additionaly
averaged from 10 evolutionary runs per fold (giving 50
evolutionary runs per dataset).

We used the same settings of genetic parameters for al the
evolutionary runs. binary tournament selection, 100%
probability of crossover, 10% probability of mutation, 2000
generations, only the best fit solution as the elite, information
exchange between populations after every 100 generations.
The population size was 500 individuals in GT and 250 in
MPGT - as there are two co-evolving populations in MPGT,
the same amount of processng was used in both cases to
ensure a fair comparison. These settings can be regarded as
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default for MPGT and were fixed for all the experiments, aswe
wanted some robust setting (for the same reason, we are also
using default parameters for C4.5 and CART).

To provide valid conclusions regarding the performance of
the algorithms that were used in the experiments, statistical
tests were applied by following the approach proposed by
DemSar [20]. These tests seek to compare multiple algorithms
on multiple datasets, and are based on the use of the Friedman
test with the corresponding Nemenyi post-hoc test.

Let R! be the rank of the j" of k algorithms on the i of N
datasets, the Friedman test compares the average ranks of
agorithms, R; = %ZiRL!. The original Friedman statistic and its
adjusted less-conservative version are given by:

2 12N p2 _ k(k+1)?
XF = e [EJR' 4 ] @
_ _(N=Dxxf 5
by = Nx(k-1)—x2 ©)

where the adjusted version is distributed according to the F-
distribution with k-1 and (k-1)(N-1) degrees of freedom.

If the null hypothesis of similar performance is rejected,
then we proceed with the Nemenyi post-hoc test for pairwise
comparisons. The performance of two classifiers is
significantly different if their corresponding average ranks
differ by at least the critical difference

k(k+1)
6N

CD = qq (©)

where critical values g, are based on the Studentized range
statistic divided by V2.

IV. RESULTS

A. Comparing the evolutionary methods

First, we compared the classification performance results of
MPGT with two single-population variants of GT, each having
its fitness function equal to one subpopulation of MPGT: in
GT1 the solutions were optimized for F-measure and tree size
(1), while in GT2 the solutions were optimized regarding the
averaged class accuracy and tree size (3). Results on the test
sets are presented in Table 2. For each dataset, we report the
following data: classification accuracy (acc), F-measure (fm),
averaged class accuracy (aca), range of single class accuracies
(rca), and the size of the generated tree (size). The range of
single class accuracies is the difference between the class with
the highest accuracy and the class with lowest accurecy — the
lower range is better as it means more balanced predictions.
The best obtained results for each measure and each dataset are
written in bold.



TABLEII. RESULTS FOR THE COMPARISON BETWEEN MPGT AND BOTH SINGLE-POPULATION GT VARIANTS.
MPGT GT1 (F-measure + size) GT2 (avg. classacc + size)

acc fm aca rca size acc fm aca rca size acc fm aca rca size
breast_cancer 726 727 .669 .264 32.6 727 .698 .606 .565 10.0 .688 .698 .657 241 12.2
car .945 .946 .886 .199 50.0 .844 821 519 .922 11.0 .841 .852 .870 .280 26.2
colic .843 .843 .836 .103 17.0 .844 .841 .820 .203 7.0 .836 .835 .820 .140 8.6
eye_movements .557 .556 .557 .082 3230 487 483 490 .205 8.2 A73 427 .502 .500 10.2
glass .760 .762 124 .589 64.3 .693 .655 455 .904 130 .595 .576 574 1.00 16.3
heart_statlog .862 .859 .850 .182 338 .858 .855 .846 .188 138 .858 .856 .848 .158 14.6
iris .947 .947 .944 117 6.4 951 951 951 .094 7.0 .962 .961 .959 104 8.6
segment .958 .958 .961 .092 65.0 .763 .761 a77 523 237 .798 .789 .808 .588 20.3
sick .982 .983 .968 .032 204 .933 .900 .500 1.00 3.0 .950 .956 .965 .033 8.6
sonar 787 787 .788 .073 40.6 774 771 778 .210 17.8 .749 745 .750 .198 20.6

Results show that MPGT evolved better DTs in terms of
predictive accuracy in 7 out of 10 datasets, GT1 in two datasets
and GT2 in only one dataset. In terms of F-measure and
averaged class accuracy, MPGT evolved better solutions in 9
out of 10 datasets, and GT2 in one dataset. Regarding class
accuracy variance (expressed through the range of class
accuracies), MPGT evolved better treesin 7 out of 10 datasets,
GT1inone and GT2 in two datasets. When analyzing the tree
sizes, we can observe that the smallest trees are evolved by
GT1 in 8 out of 10 datasets, whereas both MPGT and GT2
evolved the smallest tree in only one dataset.

To evaluate the statistical significance of these results, we
first applied the Friedman test by calculating the average
Friedman ranks, x<2, Fr, and Friedman asymptotic significance
for MPGT, GT1, and GT2, for all 5 measures (acc, fm, aca,
rca, and size). The statistical results are summarized in Table 3.
The critical values here are: asymptotic significance a=0.05,
%°=5.99 for «=0.05, and F(k-1,(k-1)(n-1)) = F(2,18)=3.55 also
for a=0.05. We can see that there is a significant difference
among the methods for all five measures.

TABLE 1. THE STATISTICAL ANALY SISRESULTS FOR THE COMPARISON
BETWEEN MPGT, GT1, AND GT2
acc fm aca rca size
2 6.2 9.6 | 12.359 6.2 12.8
Fs 4.043 8.308 | 14.557 4043 | 16.000
asymp. sig. 0.045 0.008 0.002 0.045 0.002

As the null hypothesis of similar performance is rejected,
we proceeded with the Nemenyi post-hoc test for pairwise
comparisons. Since we have three methods and 10 datasets, the
critical difference is CD=0.74 (for standard 0=0.05). If the
average ranks of two methods differ by at least CD, they can be
considered significantly different (the better being the method
with the lower average rank). The results of the Nemenyi test
are presented in Table 4: a positive difference means a better
result for the first method in the pairwise comparison. All the
significant differences are written in bold. Notice that MPGT
outperformed GT1 in al measures but tree size; MPGT
outperformed also GT2 in terms of accuracy, F-measure, and

averaged class accuracy. Both GT1 and GT2 outperformed
MPGT in terms of tree size. GT1 outperformed GT2 in terms
of tree size, whereas GT2 outperformed GT1 in terms of
averaged class accuracy.

TABLE IV. THE DIFFERENCE BETWEEN AVERAGE RANKS (THE NEMENYI
TEST) FORMPGT, GT1, AND GT2 (CRITICAL DIFFERENCE ISCD =0.74)
acc fm aca rca size
MPGT vs. GT1 +0.7 +1.2 +1.6 +1.1 -1.6
MPGT vs. GT2 +1.1 +1.2 +0.8 +0.7 -0.8
GT1lvs GT2 +0.4 0 -0.8 -04 +0.8

B. Comparing MPGT with C4.5 and CART

The next step was to compare MPGT with two traditional
greedy top-down DT induction agorithms: C4.5 and CART.
Results of performance over the test sets are presented in Table
5. They show that MPGT evolved better DTs in terms of
predictive performance (both the accuracy and F-measure) in 7
out of 10 datasets, C4.5 in one dataset and CART in two
datasets. In terms of averaged class accuracy, MPGT evolved
better solutions in 7 out of 10 datasets, C4.5 in two datasets
and CART in one dataset. In terms of range of class accuracies,
MPGT evolved better trees in 8 out of 10 datasets, whereas
both C4.5 and CART evolved better trees in only one dataset.
When analyzing the size of trees, we can observe that the
smallest trees are evolved by CART in 6 out of 10 datasets,
while MPGT evolved the smallest tree in the remaining 4
datasets.

The dtatistical analysis is summarized in Table 6. We can
see that there is a significant difference among the three
methods in terms of range of class accuracies and tree size. As
the null hypothesis of similar performance is rejected in terms
of the range of class accuracies and tree size, we proceeded
with the Nemenyi post-hoc test for pairwise comparisons. Even
though the Friedman test did not indicate a significant
difference among the methods regarding the remaining
measures (accuracy, F-measure, and averaged class accuracy),
we can still proceed to the pairwise Nemenyi test, which is
known to be less conservative than Friedman's.

59



TABLE V.

RESULTSFOR THE COMPARISON AMONG MPGT, C4.5, AND CART.

MPGT Cc45 CART

acc fm aca rca size acc fm aca rca size acc fm aca rca size
breast_cancer .726 727 .669 .264 32.6 726 .664 .553 799 11.8 720 .675 571 .692 6.2
car .945 .946 .886 .199 50.0 .895 .895 770 443 165.0 973 973 .935 149 1010
colic .843 .843 .836 .103 17.0 .806 .805 .790 .143 10.0 .827 .825 .805 .185 5.8
eye_movements 557 .556 557 .082 3230 .660 .660 .666 103 2399.4 .589 .589 .595 .097 709.8
glass .760 762 724 .589 64.3 722 714 .700 .822 42.3 742 725 672 .878 16.3
heart_statlog .862 .859 .850 .182 338 .823 .820 .812 178 31.0 .821 .817 .807 .232 14.6
iris .947 947 .944 117 6.4 .907 .907 .903 .184 7.8 .907 .907 .903 184 6.2
segment .958 .958 .961 .092 65.0 .954 .954 .958 145 76.3 .955 .955 .958 132 75.7
sick .982 .983 .968 .032 20.4 .993 .993 .969 .055 47.6 .993 .993 .959 .080 44.2
sonar 787 787 .788 .073 40.6 .684 .678 .683 .213 234 .647 .630 .649 405 5.8

The results of the Nemenyi post-hoc test for pairwise
comparisons between MPGT, C4.5 and CART are presented in
Table 7 (the critical difference is CD=0.74). Results show that
MPGT outperformed C4.5 in all measures but tree size (note
though that the Friedman test indicated a significant difference
only in terms of range of class accuracies); MPGT
outperformed CART in terms of averaged class accuracy and
range of class accuracies (the latter being indicated as
significantly different adso by the Friedman test). The only
significant difference between C4.5 and CART is in terms of
tree size, in which CART outperformed C4.5.

TABLE VI. STATISTICAL ANALY SISRESULTS FOR THE COMPARISON
AMONG MPGT, C4.5, AND CART.
acc fm aca rca size
X 4.051 4.667 5.59 9.897 6.2
F¢ 2.286 2.739 3.491 8.816 4.043
asymp. sig. 0132 | 0097 | 0061 | 0007 | 0.045
TABLEVII.  THE DIFFERENCE BETWEEN AVERAGE RANKS (THE NEMENY|
TEST) FOR MPGT, C4.5, AND CART (CRITICAL DIFFERENCE ISCD = 0.74)
acc fm aca rca size
MPGT vs. C4.5 +085 | +0.95 | +0.85 | +1.15 +0.4
MPGT vs. CART +0.65 +0.55 +0.95 +1.25 -0.7
C4.5vs. CART -0.2 -04 +0.1 +0.1 -1.1

V. CONCLUSIONS

This work presented a new general multi-population GA
for evolving DTs caled MPGT. It is a multi-population
extension of a standard single-population GA that achieved
promising results in generating DTs with good predictive
performance and low complexity.

First, we compared MPGT with two variants of single-
population GA: GT1, which optimizes the overall predictive
performance in terms of F-measure; and GT2, which optimizes
the averaged class accuracy. Results show that MPGT is

capable of inducing DTs with significantly better predictive
performance than GT1 and GT2, and which are also more
balanced regarding the single-class accuracies. On the other
hand, MPGT produced on average somewhat larger trees. In a
second moment, we compared MPGT with the two most
traditional greedy top-down DT induction algorithms: C4.5 and
CART. Results show that MPGT is capable of inducing
significantly more balanced DTs with competitive predictive
performance and size. The less conservative post-hoc statistical
test suggests the advantage of MPGT over C4.5 in all measures
but tree size, and also the advantage of MPGT over CART in
averaged class accuracy and balanced single-class accuracies.
In terms of size, there were no significant differences between
MPGT and the two baselines.

As future work, we intend to extend our research towards
employing different genera multi-objective optimization
techniques, such as NSGA-II [12] and also more recent co-
evolutionary techniques, such as multiple populations for
multiple objectives [10]. Additionally, we believe that the
multi-population approach may also leverage our work on
evolving DT induction algorithms with multi-objective hyper-
heuristics[17, 21, 22].
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