
Learning Ensemble of Decision Trees through
Multifactorial Genetic Programming

Yu-Wei Wen and Chuan-Kang Ting
Department of Computer Science and Information Engineering and

Advanced Institute of Manufacturing with High-tech Innovations

National Chung Cheng University

Chia-Yi 621, Taiwan

Email: {wyw100u, ckting}@cs.ccu.edu.tw

Abstract—Genetic programming (GP) has received consider-
able successes in machine learning tasks such as prediction
and classification. Ensemble learning enables the collaboration
of multiple classifiers and effectively improves the classification
accuracy. Learning an ensemble of classifiers with GP can simply
be achieved by repeated runs of GP; however, the computational
cost will be multiplied as well. Recently, multifactorial evolution
was proposed to concurrently solve multiple problems with a
single population. This study utilizes the multifactorial evolution
and designs a multifactorial genetic programming (MFGP) for
efficiently learning an ensemble of decision trees. In the MFGP,
each task is associated with one run of GP. The multifactorial
evolution enables MFGP to evolve multiple GP classifiers for
an ensemble in a single run, which saves a substantial amount
of computational cost at repeated runs of GP. The experimental
results show that MFGP can learn an ensemble with comparable
accuracy, precision, and recall to conventional ensemble learning
methods, whereas MFGP requires much less computational
resource. The satisfactory outcomes validate the advantages of
MFGP in ensemble learning.

Index Terms—Multifactorial evolution, ensemble learning, ge-
netic programming, decision tree.

I. INTRODUCTION

Decision tree is a well-known machine learning technique

and has successfully solved many classification and predic-

tion problems, e.g., stock market trend prediction, medical

diagnosis, and rainfall forecasting [1–6]. In a real-valued

decision tree, each node comprises a condition associated with

a specific feature, a comparison operator, and a threshold

value. Entropy and Gini index are two common measures

for selection of nodes in a decision tree. The process of

building a decision tree is usually greedy, which suffers from

being trapped in local optima. Inspired by natural evolution,

evolutionary algorithms (EAs) manipulate a population of

candidate solutions to search for the optimal solutions. Several

dialects of EAs, e.g., genetic algorithm, evolution strategy, and

genetic programming, have been designed and successfully

solved various search and optimization problems. In particular,

genetic programming (GP) [7] has shown to be effective

in seeking the optimal decision tree by using evolutionary

operators such as selection, crossover, and mutation. GP has

achieved a considerable amount of results better than conven-

tional decision tree methods [8–12].

Beyond a single classifier, ensemble learning uses a number

of classifiers to improve the classification accuracy. Ensem-

bles of diverse classifiers generally exert positive effects on

accuracy and reduce the overfitting situation. To construct

an ensemble, the methods such as boosting, bagging, feature

reduction, and data sampling are used to segment data for

training. The learning algorithms are then applied on these

data subsets to generate multiple classifiers, from which the

final decision can be made by majority voting or weighted

voting.

As for GP, the classifiers of an ensemble can be obtained

by repeated runs of GP in that its stochastic nature leads to

convergence to different niches (corresponding to different

classifiers) over the search space [8–10, 13, 14]. Brameier

and Banzhaf [15] compared several fusion methods for a set

of classifiers evolved by GP. Zhang and Bhattacharyya [16]

applied multiple GP models on data subsets for classification

among large-scale data. The repeated runs of GP, however,

substantially increase the computational cost at ensemble

learning.

Recently, Gupta et al. [17] proposed the multifactorial

optimization (MFO), which aims to solve multiple prob-

lems concurrently with a single population. The multifac-

torial evolutionary algorithm uses a real-coded chromosome

representation to unify the representations for numerical and

combinatorial optimization. Accordingly, a chromosome can

simultaneously represent the candidate solutions for different

types of problems. The MFO greatly increases the efficiency

of evolutionary algorithms in dealing with more than one

problem; in addition, it can achieve better solution quality than

solving a single problem.

In view of these advantages, this study proposes the mul-

tifactorial genetic programming (MFGP), which introduces

multifactorial evolution to GP for ensemble learning. The

MFGP evolves multiple GP classifiers concurrently with one

single population to save the computational cost of ensemble

learning. That is to say, the MFGP consumes a similar amount

of computation to standalone GP but generates multiple clas-

sifiers for the ensemble at once.

The remainder of this paper is organized as follows. Sec-

tion 2 reviews the related work. The proposed MFGP is

elucidated in Section 3. Section 4 presents the experimental

results. Finally we draw conclusions of this work in Section 5.
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Algorithm 1 Genetic Programming (GP)

Initialize the population

Evaluate individuals

repeat
repeat

Select parents from the population

Recombine parents to generate offspring

Evaluate offspring

Add offspring to the subpopulation

until Subpopulation is filled

Select the individuals to survive

until Termination criterion is satisfied

II. RELATED WORK

Decision tree can generally be learned by a top-down

splitting mechanism based on entropy or Gini index. It can also

be learned by a global search algorithm such as GP. Training

decision tree with information gain or Gini index is done by

a top-down process that computes and compares entropy or

classification error to determine a node. This learning process

is usually greedy and may lead to missing the global optimal

decision tree. The top-down tree building methods ordinarily

have lower cost than GP; however, decision trees trained by

GP have higher classification accuracy [11].

The ensemble technique has shown to be effective to im-

prove the classification accuracy of GP-based decision trees

[13, 14, 18]. Nonetheless, building an ensemble of decision

trees requires several times of training, which induces higher

computational cost than building a single decision tree. For

example, an ensemble of five GP-based decision trees requires

5 runs of GP, while each GP evolution is a computationally

expensive process. Parallel GP is able to efficiently learn an

ensemble of classifiers on distributed computation environ-

ments [8, 9]. However, the total computational cost remains

unchanged.

Multifactorial evolution facilitates evolutionary multitask-

ing, which can simultaneously solve multiple optimization

tasks with one population in a single evolution. Gupta et

al. [17] proposed the multifactorial evolutionary algorithm

(MFEA) to realize the concept of evolutionary multitasking.

With a user-defined chromosome mapping method, MFEA

can solve multiple tasks concurrently and obtain even better

solution quality than a single task does.

III. MULTIFACTORIAL GENETIC PROGRAMMING

This study presents the MFGP aiming to efficiently learn an

ensemble of GP classifiers. Evolutionary multitasking allows

MFGP to learn an ensemble with much less computational

resource than traditional GP requires. This section introduces

GP for classification and then describes the proposed MFGP

in detail.

A. Genetic Programming for Classification

Genetic Programming uses genetic operators, i.e., selection,

crossover, and mutation, to evolve tree-represented chromo-

Figure 1. Crossover in GP

Figure 2. Mutation in GP

somes for optimal performance on given tasks. Algorithm 1

shows the pseudocode of GP. Compared to other EAs, GP is

featured in the use of trees for representation. For example,

GP uses parse tree and decision tree to represent candidate so-

lutions, whereas genetic algorithm uses strings (e.g., Boolean

string, integer string, and real-valued vector).

In the light of tree structure, one-point crossover is widely

used in GP. This crossover operator randomly selects a subtree

in each parent and then exchanges the two subtrees. Figure 1

illustrates the crossover operation in GP. Mutation is another

genetic operator used in GP. The mutation operator randomly

chooses a subtree and replaces it with a random one (cf.

Fig. 2). In GP, crossover is viewed as a major operator,

whereas mutation is a minor operator and seldom performed.

For classification, the fitness function of GP can be defined
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Figure 3. Flowchart of GPEn1

by the training accuracy. The fitness of individual x is calcu-

lated by

f(x) =
number of instances correctly classified by x

number of instances in the training set
. (1)

A node of real-valued decision tree indicates a condition and

the paths to other nodes. The condition comprises a feature,

a comparator, and a threshold value. To use GP to find the

optimal decision tree, the candidate trees are represented as

individuals. Then GP applies the evolutionary scheme and

genetic operators to evolve the individuals toward the optimal

decision tree [11, 14].
Ensemble is promising for enhancement of GP performance.

The members of an ensemble can be obtained by applying

selection strategies on the final population of GP. Selection of

decision trees is similar to setting weights for each decision

tree: Both are associated with the importance of each decision

tree in the ensemble. The present study denotes this ensemble

construction approach as GPEn1. Specifically, GPEn1 selects

the n decision trees with highest prediction accuracy to

construct the ensemble, where n represents the ensemble size.

Figure 3 shows the process of GPEn1.
Another approach uses repeated runs of GP to construct the

ensemble. For example, feature selection and data sampling,

such as random forest, can be used to segment the original data

into several subsets; then GP is applied to train decision trees

on each data subset. The resultant classifiers from all data sub-

sets can then form an ensemble. Without data segmentation,

repeated runs of GP on the same training data can also result

in different decision trees due to the stochastic nature of GP.

In this way, an ensemble is formed by the best decision trees

obtained from multiple runs of GP. The method of running GP

repetitively to construct the ensemble is denoted as GPEn2.

Figure 4 illustrates the process of GPEn2.

Figure 4. Flowchart of GPEn2

B. Multifactorial Genetic Programming

Multifactorial evolutionary algorithm (MFEA) is capable of

solving multiple optimization problems simultaneously. This

study proposes a novel MFEA, i.e., the MFGP, to concurrently

generate multiple classifiers for ensemble learning. In MFEA,

a problem to be solved is regarded as a task. Following this

notion, the MFGP formulates the learning of classification

model as an optimization problem of maximizing the accuracy.

Learning a decision tree is thus regarded as a task in the

MFGP.

To learn an ensemble of K decision trees, the MFGP

initializes K tasks and evolves them simultaneously toward the

optima. The objective function of the j-th task Tj is defined

by fj : Xj → R, where Xj denotes the search space of Tj .

In addition to fitness values, MFEA defines four measures for

evaluation of individuals with respect to different tasks.

Definition 1 (Factorial Cost). The factorial cost ψi
j of an

individual pi on task Tj is defined by

ψi
j = f i

j − δij , (2)

where f i
j denotes the prediction accuracy of pi on Tj , and δij

is the penalty for over-complex individual.

Note that the factorial cost in MFGP is defined to be

maximized, which is different from the original definition in

[17].

Definition 2 (Factorial Rank). The factorial rank rij is defined

as the performance rank associated with factorial cost ψi
j .

For a pair of individuals having the same factorial cost

on Tj , random tie-breaking is used to distinguish the two

individuals.

Definition 3 (Scalar Fitness). The scalar fitness ϕi of indi-

vidual pi is defined by the inversion of the best rank over all

tasks:

ϕi =
1

minj∈{1,...,K} rij
. (3)
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Algorithm 2 Multifactorial Genetic Programming (MFGP)

Initialize the population

Evaluate individuals on all tasks

Compute factorial rank and skill factor

repeat
repeat

Randomly select parents from the population

Perform assortative mating � Algorithm 3

Vertical cultural transmission � Algorithm 4

Evaluate factorial cost on the task of skill factor

Add offspring to the subpopulation

until Subpopulation is filled

Update factorial rank, scalar fitness, and skill factor

Select the individuals to survive

until Termination criterion is satisfied

Definition 4 (Skill Factor). The skill factor τi is the task that

pi performs best among all tasks. Formally, the skill factor of

pi is defined by

τi = argmin
j∈{1,...,K}

rij . (4)

The above measures are used to evaluate individuals consid-

ering multiple optimization problems. Note that the measure

values need to be updated in each generation.
According to the principle of natural evolution and bio-

cultural model, the MFGP applies assortative mating, recom-

bination (crossover or clone), vertical cultural transmission,

and survival selection, to evolve candidate solutions into the

optima for all given tasks. In the beginning, MFGP generates

the initial population randomly, in which every individual is

evaluated on all tasks and accordingly its factorial rank and

skill factor are computed. Then MFGP conducts the evolu-

tionary process: In each generation, random parent selection

is applied and followed by assortative mating, recombination,

and vertical cultural transmission to generate offspring. In the

reproduction process of MFGP, if the two randomly selected

parents have the same skill factor, the assortative mating

performs crossover to produce offspring, which will inherit

the skill factor from their parents. Otherwise, crossover is

performed with a predetermined probability and the offspring

will inherit skill factor from one of its parents. Afterward,

offspring are evaluated according to their own skill factor.

The (μ + λ) survival selection is adopted with respect to

the scalar fitness. Algorithms 2–4 present the framework,

assortative mating, and vertical cultural transmission of MFGP,

respectively.
In MFEA, the population is implicitly partitioned into K

sub-populations by the skill factor and assortative mating.

To diversify the decision trees obtained from the K sub-

populations, the MFGP further scrambles the dataset for each

task by randomly mapping the feature indexes. For example,

Table I shows that, for Task 1, its feature number one corre-

sponds to the fourth feature (feature D) in the dataset, number

two corresponds to the first feature (feature A), and so on.

The three tasks will then work on the datasets with different

Algorithm 3 Assortative mating

For two randomly selected parents pa and pb:

if τa == τb then
Recombine pa and pb to generate ca and cb

else if Mating is probabilistically enabled then
Recombine pa and pb to generate ca and cb

else
Clone pa and pb to generate ca and cb, respectively

end if

Algorithm 4 Vertical cultural transmission

Child ca has either one parent pa or two parents pa and pb:

if ca has two parents then
ca inherits skill factor randomly from pa or pb

else
ca inherits skill factor from pa

end if

feature sequences, helping to generate diverse decision trees.

Figure 5 presents the flowchart of MFGP.

IV. EXPERIMENT RESULTS

This study conducts several experiments to examine the per-

formance of MFGP for ensemble learning in the classification

problems. The test datasets include Australian Credit Data

(ACD), German Credit Data (GCD), Liver Disorders Data Set

(LD), and Pima Indians Diabetes Data Set (PID) from the UCI

Machine Learning Repository [19]. Table II summarizes the

properties of these four test datasets. In the experiments, all

data values are normalized to [0, 1]. The performance metrics,

to wit, accuracy, precision, and recall, are obtained from 10-

fold cross-validation and each fold includes 10 trials of test

algorithms.

This study uses three decision trees for an ensemble in

the experiments. The maximum depth of decision tree is

set to 14 in order to prevent GP from bloating. The test

algorithms include GP, GPEn1, GPEn2, and MFGP. For a

classification problem, GP uses the resultant best individual (a

single decision tree) as the classifier, GPEn1 adopts the best

three individuals of a single run to form an ensemble, GPEn2

conducts GP three times for the ensemble consisting of three

best individuals, and MFGP enables concurrent evolution of

three GP to form the ensemble through a single run. Table III

lists the parameter setting for the four test algorithms in the

experiments.

Table I
AN EXAMPLE OF RANDOM MAPPING OF FEATURE INDEXES FOR

DIFFERENT TASKS IN THE DATASET

A B C D E

Task 1 2 4 5 1 3
Task 2 3 2 4 1 5
Task 3 3 1 5 2 4

5296 2016 IEEE Congress on Evolutionary Computation (CEC)
Authorized licensed use limited to: Wikipedia. Downloaded on June 22,2024 at 14:29:21 UTC from IEEE Xplore.  Restrictions apply. 



Figure 5. Flowchart of MFGP

Table II
PROPERTY OF DATASETS

Dataset Volume #Features #Labels #Label1 #Label2

ACD 690 14 2 387 303
GCD 1000 20 2 700 300
LD 345 6 2 200 145
PID 768 8 2 500 268

Table III
PARAMETER SETTING

Parameters GP GPEn1 GPEn2 MFGP

Population size 2000
Parent selection Random selection
Crossover One-point crossover with pc = 1.0
Survival selection (μ+ λ)
Selection criterion Fitness Fitness Fitness Scalar
#Generations 250
Voting scheme of
ensemble

– Majority Majority Majority

#Decision trees in an
ensemble

1 3 3 3

#Runs of evolution 1 1 3 1
Cross-validation 10-fold cross-validation

Figure 6 shows the convergence of training accuracy against

generations for GP, GPEn1, GPEn2, and MFGP, where the

indexes (a), (b), and (c) of GPEn2 denote the three runs of GP,

and those of MFGP denote the three tasks. The results show

that GP, GPEn1, and GPEn2 have similar convergence speed,

which is reasonable since they carry out separate runs of GP.

By contrast, MFGP converges slower and has lower training

accuracy than GP, GPEn1, and GPEn2 due to the effect of

multitasking in MFGP.

Next, we investigate the classification accuracy of the four

test algorithms on the datasets. Although MFGP has slower

convergence and lower training accuracy than the other three

algorithms, Table IV and Fig. 7 show the advantages of MFGP

in test accuracy, which is the key indicator of classification

performance. The results show that MFGP and GPEn2 both

outperform GP and GPEn1 in terms of test accuracy on all

datasets. The test accuracy of MFGP and GPEn2 is very close;

nonetheless, MFGP requires only 1/3 number of fitness eval-

uations of GPEn2. Through multifactorial evolution, MFGP

gains comparable classification accuracy but requires much

lower computational cost than GPEn2 does. Moreover, MFGP

achieves higher accuracy than GP and GPEn1 do under a

similar number of fitness evaluations.
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Figure 6. Variation of training accuracy of GP, GPEn1, GPEn2, and MFGP against generations

Considering the fact that accuracy may be misleading if

the data set is unbalanced, we further examine the precision

and recall of the four algorithms. Precision measures the

number of correctly classified positive instances against the

number of instances classified as positive. High precision

is desirable for reducing the number of negative instances

that are incorrectly predicted as positive instances. On the

other hand, recall measures the number of correctly classified

positive instances against the number of positive instances.

High recall is desirable for reducing the number of positive

examples that are incorrectly predicted as negative examples.

According to Table IV and Fig. 7, MFGP and GPEn2 achieve

higher precision and recall than GP and GPEn1, except GP

gains highest recall on ACD. This tendency is similar with

the results of test accuracy. Noteworthily, MFGP constructs

the ensemble and attains the solution quality (i.e., accuracy,

precision, and recall) comparable to GPEn2 but requires only

the computational cost of a single run like GP and GPEn1.

These satisfactory outcomes show the great advantages of

MFGP in ensemble learning.

V. CONCLUSIONS

Multifactorial evolution is a powerful mechanism enabling

EAs to solve multiple problems at the same time. This paper

introduces multifactorial evolution to GP as the MFGP to

reduce the computational cost at ensemble learning. In the

MFGP, each task is associated with one run of GP. Through

multifactorial evolution, the MFGP can achieve multiple GP

classifiers to form the ensemble in a single run.

This study carries out experiments to examine the effective-

ness of the proposed MFGP. The experimental results show

that MFGP achieves classification accuracy, precision, and

recall comparable to the ensemble generated by multiple runs

of GP, and yet the MFGP requires only the computational

cost of a single run. These satisfactory outcomes show the

advantages of MFGP in ensemble learning. They also validate

the utility of multifactorial evolution.

For future work, it is promising to apply MFGP to other

ensemble techniques such as bootstrap aggregating, dimension

reduction, and data sampling. Advanced design of MFGP

operators is also helpful to improve its performance.
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