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Abstract
Objectives: A novel hybrid multi-objective swarm system is proposed in order to find the optimal feature subset that 
achieves data description with minor redundancy as well as keeps classification performance. Methods/Statistical 
Analysis: The advantages of filter and wrapper approaches characteristics’ are merged simultaneously via different 
phases of optimization. The proposed system based on Modified Moth Flame Optimization algorithm is assessed against 
the original algorithm in different experimentations with a single objective based on using MFO and with a multi-objective 
MFO. The proposed system has been tested over 21 data sets derived from UCI data repository under set of statistical 
assessment indicators. Findings: The experimental results proved the capability of the hybrid multi-objective MFO-2 to 
adaptively search the feature space to find optimal feature subset with highest mutual information and achieves maximum 
classification accuracy and tolerates the problems that are common on both wrapper-based feature selection as well as 
filter based ones. In addition to, the results obtained from using Random Forests ensemble classifier within the proposed 
system proved that the performance of hybrid system based on the modified MFO-2 is superior to the hybrid system 
based on original MFO algorithm in 62% from the data sets, while in case of using the K-Nearest Neighbor classifier we 
can highlight that the proposed hybrid multi-objective MFO-2 outperforms the other single objective MFO-2 as well as the 
hybrid multi-objective MFO algorithm in classification performance but also has a comparable ratio of features selected, 
which confirms that the hybrid multi-objective MFO-2 can select the optimal feature combination with comparable size. 
Application/Improvements: The novel hybrid multi-objective MFO-2 proved the capability to adaptively search the 
feature space and its ability to avoid premature convergence caused by falling in local minima.

1. Introduction
In machine learning and statistics and with the creation 
of huge databases and consequence requirements for 
good machine learning techniques, new problems arise 
and novel approaches to feature selection are in demand 
nowadays. Feature selection, also known as variable selec-
tion, attribute selection or variable subset selection, is the 
process of selecting a subset of the original relevant fea-
tures (variables, predictors) for use in model construction. 
Feature Subset Selection (FSS) is an important pre-pro-

cessing step in supervised and unsupervised classification 
and regression problems. The popular approaches of FSS 
either use a filter based approach which based on data 
description or wrapper based approach that use the clas-
sification algorithm as a guide in the selection process. 
Researchers face a big difficulty to use both conflicted 
objectives of those approaches in the same classification 
system; since they are lake of good classification perfor-
mance and data description as well.

Feature selection techniques are used for the follow-
ing reasons:

https://en.wikipedia.org/wiki/Machine_learning
https://en.wikipedia.org/wiki/Statistics
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•	 To simplify the models in order to make them 
easier for interpretation by researchers/users1.

•	 To minimize the training times.
•	 To enhance generalization by reducing overfit-

ting2 (formally, reduction of variance).

There are two popular filter metrics used for classification 
problems which are correlation and mutual information, 
although neither are true metrics or ‘distance measures’ in 
the mathematical sense, since they fail to obey the triangle 
inequality and thus do not compute any actual ‘distance’ – 
they should rather be regarded as ‘scores’. These scores are 
computed between a candidate feature or set of features 
and the desired output category. There are, however, true 
metrics that are a simple function of the mutual infor-
mation3. Mathematical optimization techniques used to 
be the only tools for optimizing problems before the pro-
posal and existence of heuristic optimization techniques. 
Mathematical optimization methods are mostly deter-
ministic that suffer from a major problem which is local 
optima entrapment4. This makes them highly inefficient 
in solving real problems. Due to this limitation; some of 
heuristic algorithms begin to beproposed, started from 
Genetic Algorithm (GA). Researchers gave high atten-
tion to evolutionary search algorithms after GA, that 
result in proposing different and multiple well known 
algorithms like Particle Swarm Optimization (PSO)5, 
Ant Colony Optimization (ACO)6, Differential Evolution 
(DE)7, Evolutionary Strategy (ES)8 and Evolutionary 
Programming (EP)9.10. Recently, there are new inspiration 
algorithms that have been proposed, one of the most new 
algorithms that developed by4 Moth-Flame Optimization 
(MFO) algorithm which is inspired from the moths navi-
gation in nature, called transverse orientation. A modified 
version of Moth-flame optimization algorithm (MFO-2) 
has been proposed by11, which based on different trans-
verse orientation spiral movement of moths around the 
flames that we used in our research study.

The primary objective of this paper is to propose a novel 
multi-objective MFO-2 algorithm employed for a hybrid 
feature selection system in order to search the space of fea-
tures to find the optimal feature subset that achieve data 
description with minor redundancy described by mutual 
information as well as keeps classification performance. 
The remainder of this paper is organized as the following: 
Section 2 presents the different techniques commonly used 
for feature subset selection. Section 3 provides background 
information of the original MFO algorithm as well as the 

modified MFO-2 algorithm. Section 4 describes the pro-
posed hybrid multi-objective MFO-2 algorithm for feature 
selection, while the experimental results with discussions 
are presented in Section 5. Finally, conclusions and future 
work are provided in Section 6.

2. Feature Selection Techniques
The feature selection methods are typically presented in 
three classes based on how they combine the selection 
algorithm with the model building.

2.1 Filter Method
Filter-based feature selection Figure 1 has become crucial 
in many classification settings. Filter methods analyze 
intrinsic properties of data, ignoring the classifier. The 
filter method can perform two operations, ranking and 
selection where the importance of each individual feature 
is evaluated by neglecting potential interactions among 
elements of the joint sets and in the subset selection, the 
final subset of features to be selected is provided. In some 
cases, these two operations are performed sequentially 
(first the ranking, then the selection)12.The advantages of 
this method are particularly effective in computation time 
and robust to overfitting13.

Figure 1. Filter method for feature selection.

2.2 Wrapper Method
In Wrapper based methods subsets of variables Figure 2 
are evaluated in order to allow and to detect the possible 

https://en.wikipedia.org/wiki/Overfitting
https://en.wikipedia.org/wiki/Overfitting
https://en.wikipedia.org/wiki/Bias-variance_tradeoff
https://en.wikipedia.org/wiki/Correlation
https://en.wikipedia.org/wiki/Mutual_information
https://en.wikipedia.org/wiki/Metric_%28mathematics%29
https://en.wikipedia.org/wiki/Triangle_inequality
https://en.wikipedia.org/wiki/Triangle_inequality
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interactions between variables14. Wrapper methods use 
the classifying algorithm as part of the selection process 
and so; features are selected based on their contribution 
to the performance of a given type of classifier. The wrap-
per method uses cross validation to estimate the accuracy 
of the classifying algorithm for a given set of attributes15.

These methods are suffer from two main disadvantages:

•	 The increasing overfitting risk when the number 
of observations is insufficient.

•	 The significant computation time when the num-
ber of variables is large.

Figure 2. Wrapper method for feature selection.

2.3 Embedded Method
Embedded methods Figure 3 have been proposed recently 
to reduce the classification of learning. This method com-
bines the advantages of Filter and wrapper methods. The 
learning algorithm takes advantage of its own variable 
selection algorithm, so, it needs to know preliminary 
what a good selection is, which limits their exploitation16.

3. Preliminaries

3.1 Modified Moth-Flame Optimization 
Algorithm (MFO-2)
In this new version of the MFO algorithm as stated in11, 
the publisher based on using the hyperbolic (reciprocal) 
spiral. A hyperbolic spiral is a transcendentalplane curve 
also known as a reciprocal spiral. A hyperbolic spiral is 

the opposite of an Archimedean spiral with inversion 
center at the origin, and is a type of Cotes’ spiral. 

Figure 3. Embedded method for feature selection.

Figure 4. Proposed hybrid multi-objective MFO-2 flowchart.

https://en.wikipedia.org/wiki/Transcendental_function
https://en.wikipedia.org/wiki/Plane_curve
https://en.wikipedia.org/wiki/Archimedean_spiral
https://en.wikipedia.org/wiki/Cotes%27_spiral
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3.1.1 Spiral Definition
The hyperbolic (reciprocal) spiral begins at an infinitedis-
tance from the pole in the center (for θ starting from zero 
r = a/θ starts from infinity) and it winds faster and faster 
around as it approaches the pole; the distance from any 
point to the pole, following the curve, is infinite as shown 
in Figure 4 that represent reciprocal spiral and its hyper-
bolic counterpart.

3.1.2 Mathematical Formulation
In the original MFO algorithm we substituted the loga-
rithmic Spiral with our reciprocal (hyperbolic) function 
and update it to reflect the moth movement around the 
flame with a specific direction in MFO-2 algorithm as 
shown in equation (1) as follows:

( ) ( )cos 2
,  .   i j i j

t
S M F D F

t
π

= +
      

(1)

where
S: The Hyperbolic spiral function (movement), which is 
the main component of the algorithm.
Mi:= S(Mi,Fj), indicates the ith moth,
Fj : Indicates the jth flame [11],
D := |Fj-Mi |, the distance of the ith moth for the jth flame, 
t :  A random number in , and defines how much the next 
position of moth should be close to the flame is the clos-
est position to the flame, while  shows the farthest point. 

3.2 Summary of the (MFO-2) Algorithm 
As explained with details in11 the main steps of MFO-2 
algorithm is as follows:
Input: m number of moths or search agents, F number of 
flames, T Maximum number of iterations.
Output: Optimal flame position: f best and Fitness value 
for optimal flame position:f (fbest).

•	 Initialize a population of m flames positions ran-
domly in the search space.

•	 while (Number of iterations <T max) do.

Update the F number of flames N flames to be used 
as follows:

N flames = round 
1*

max
FF l

T
− − 

         
(2)

Where l is the current iteration number, Round 
function used to permit much exploitation of the best 

encouraging solutions by diminish the number of taken 
flames.

for each ith moth (with i ≤ m) do
Calculate the moth fitness

end
if first iteration then

•	 Sort the moths from best to worst according to 
their fitness and place the result in flame matrix.

else
•	 Merge the population of past moths and flames.
•	 Sort the merged population from best to worst. 
•	 Select the best N positions from the sorted 

merged population as the flames.
end if

Calculate the convergence constant r.
Foreach ith moth (with i ≤ m) do

Calculate t as t = (r − 1) ∗rand+ 1;
where rand is a function used to generate a random 

number drawn from uniform distribution in the range [0, 
1].

If i ≤ F then
Update ith moth position according to ith flame usingE-
quation 1.
else
Update ith moth position according to Nflames.
end if
end
end

Algorithm 1: Modified Moth-flame optimization 
(MFO-2) algorithm

In the proposed MFO-2; individual solution is repre-
sented as a continuous vector with the same dimension as 
the number of features in each data set. The values in the 
solution vector are continuous and limited to the range 
[0,1]. During the solution and fitness evaluation, the con-
tinuous values of each solution are mapped to a binary 
(discrete) representation.

4. The Proposed Hybrid Multi-
Objective MFO-2 Feature 
Selection Algorithm
Filter based feature selection approach is one of the com-
mon and popular methods which used by the researchers 
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but this method always have poor performance in attri-
bute reduction as it depends only on measuring the 
importance of attributes which based on the characteris-
tics of data regardless of the classifier used. On the other 
hand wrapper approach searches a very large space of 
attribute combinations which may be inefficient but it is 
much classifier guided and hence; if efficiently used, can 
have better performance. In this study a hybrid feature 
selection system is based on merging the advantage of 
filter based approach in data description and a wrapper 
based approach for achieving high classification accuracy 
via two stages of optimization based on using wrapper 
attribute reduction that is guided by filter-based prin-
ciples controlled by a modified version of moth-flame 
optimization algorithm (MFO-2).

A hybrid multi-objective feature selection system is 
proposed to search the space of features in order to find 
optimal features subset that achieve both data descrip-
tion with minor redundancy and keeps high classification 
performance accuracy. The proposed algorithm is gener-
ally implemented via three-stages; Initialization phase, 
MFO-2 Optimization Filter-based, MFO-2 Optimization 
Wrapper-based as illustrated in Algorithm 2.

In the first phase the initialization of the parameters is 
set to begin the algorithm. In the other two phases of the 
algorithm; a modified moth flame optimization (MFO-
2) algorithm is used to find attribute combination that 
both exploit filter-methods principles and wrapper based 
methods principles.

At the first phase of optimization; MFO-2 uses filter-
based principles described by mutual information via 
maximizes the following fitness function based on mutual 
information index: 

M=avg-avgp          (3)

Where avg is the average mutual information between 
the selected attributes and the class labels and avgp is the 
average mutual information among the selected attributes. 
Avg and avgp are calculated as: The used fitness function 
represents the predictability of attributes from each other 
and the predictability between individual features.

At the end of the first stage; the obtained population is 
a set of solutions that maximizes the mutual information 
in equation in 3. Then the obtained population is used as 
initial solutions for the second level of optimization that 
used MFO-2 algorithm to maximize classification perfor-
mance as follows:

Fitness=COCLR(FSS)         (4)

Where COCLR (FSS) is the correct classification ratio 
at feature set FSS; and it is the most obvious accuracy 
measure. COCLR can be calculated as the percentage of 
correctly classified points (true positives and true nega-
tives) with respect to the total number of points. 

The optimization in this second phase is much guided 
towards enhancing the classification accuracy given a 
preselected ensemble classifier; Random Forests in the 
current case, but the individual evaluation is much time 
consuming than the one used in the first stage. So, the first 
stage is used to motivate the search agents to regions with 
expected promising regions in the attribute space while in 
the second level the optimization uses exploitation to find 
the solution with best classification performance17.

Input: set of m moths, F maximum number of flames, 
Tmax Maximum number of iterations.

Output: f best optimal flame position, f (f best) fitness 
value for optimal flame position.

4.1 Initialization
•	 Initialize set of n moths position corresponding 

to each flame.
•	 Calculate the features mutual information to the 

class information vector using Equation (3).
•	 Calculate the feature to feature mutual informa-

tion matrix.

While (Number of iterations <Tmax ) do

4.2 MFO-2 Optimization Filter-based Phase
•	 Use the “mutual information” in Equation (3) as 

the fitness function.
•	 Set the MFO-2 updating random number/

parameter t to linearly decrease from 1 to 0 with 
iteration number.

Output: a set of solutions that maximizes the mutual 
information in Equation (3).

4.3 MFO-2 Optimization Wrapper-based 
Phase

•	 Use “the classification performance “ in Equation 
(4) as the fitness function.

•	 Set the MFO-2 updating parameter t to decreased 
linearly from 0 to -1 with iteration number.

end
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Algorithm 2: Proposed Hybrid Multi-objective MFO-2

5. Experimental Results and 
Discussions

5.1 Data Sets and Parameters
Table 1 illustrates the data description for 21 data sets 
used for further experiments.

The data sets are selected from the UCI data reposi-
tory18 which are used as a part of the analyses and 
examinations results. The data sets were chosen to have 
different numbers of features and instances of the various 
problems that the proposed algorithms will be tried on. 
The data is divided into 3 equal parts one for training, the 
second part is for validation and the third part is for test-
ing. The training part is used to train the used classifier 
through optimization by MFO-2 and at the final evalua-
tion. The validation part assesses the performance of the 
ensemble random forests classifier at the optimization 
time, finally the testing part is used to evaluate the finally 
selected features (attributes) given the trained classifier.

The experiments are conducted over 70 iterations 
where each iteration is implemented via 12 runs over the 
different data sets, the number of moths in MFO-2 is 8, 
Problem dimension is the same as number of features in 
each data set, search domain is [0,1]. K-Nearest Neighbor 
(KNN) classification algorithm is used in the experiments 
for comparison based on trial and error basis where the 
best choice of (K = 5) is selected as the best performing 
choice on all the data sets.

5.2 Evaluation Criteria
A set of assessment indicators are used to evaluate and 
compare the conducted experiments. Those indicators are 
as follow:

•	 Best fitness: represents the minimum fitness 
function for each optimization algorithm at the 
different L operations of an optimization algo-
rithm and can be formulated as in Equation (5).

1 *min  L i
iBest Opt==         (5)

Where is the optimal solution resulted from run num-
ber i.

•	 Worst fitness: represents the worst solution 
among the best solutions found for running 
each optimization algorithm for L times as in 
Equation (6).

1 *max  L i
iWorst Opt==          (6)

Table 1. Data sets

Data Set No. of Features No. of Instances
Lymphography 18 148
WineEW 13 178
BreastEW 30 569
Breastcancer 9 699
Clean1 166 476
Clean2 166 6598
CongressEW 16 435
Exactly1 13 1000
Exactly2 13 1000
HeartEW 13 270
IonosphereEW 34 351
KrvskpEW 36 3196
M-of-N 13 1000
PenglungEW 325 73
Semeion 265 1593
SonarEW 60 208
SpectEW 22 267
Tic-Tac-Toe 9 958
Vote 16 300
WaveformEW 40 5000
Zoo 16 101

•	 Mean fitness: represents the average of solutions 
acquired from running an optimization algo-
rithm for different L running as in Equation (7).

*
1

1   
L

i

i

Mean Opt
L =

= ∑
         

(7)

•	 Standard deviation (Std) fitness: Is a repre-
sentation for the variety of the acquired best 
solutions found for running a stochastic opti-
mizer for M different times. Std. is employed as 
a pointer for the optimizer stability and robust-
ness, though std. is smaller this implies that the 
optimizer always converges to the same solution; 
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while bigger values for std. mean many random 
results as in equation(8).

2
*

1 ( )
1

iStd Opt Mean
L

= −
− ∑

 
      (8)

•	 T-test: Is statistical importance demonstrates 
regardless of whether the contrast between two 
groups, midpoints in all probability mirrors a 
“real” distinction in the population from which 
the groups were inspected19.

5.3 Results and Discussion
Different types of experiments are conducted using the 
selected 21 data sets over 12 runs; in those runs the used 
classifier in the classification process is Random forests 
which is compared with K-Nearest Neighbor classifier, 
during the experiments the hybrid multi-objective based 
system is compared with single objective approach based 
on using wrapper approach, as well as the results based on 
using MFO-2 is compared with original MFO. The results 
are presented in the following tables.

5.3.1 Approach I: The Results of Applying 
Random Forests Ensemble Classifier
Table 2 outlines the best fitness improvement that 
achieved by applying the hybrid multi-objective MFO-2 
approach and compare it with respect to the single objec-
tive MFO-2 approach over 21 datasets as well as make a 
comparison between using a modified MFO-2 and MFO; 
from the obtained best fitness results we can observe that 
the hybrid multi-objective system based on MFO-2 is 
superior in obtaining the best fitness results with respect 
to the single objective MFO-2 in almost 12 data sets as 
well as it is obvious that the hybrid MFO-2 is performing 
better than the hybrid multi-objective MFO in almost 13 
data sets out of 21 data sets.

Table 3 illustrates the statistical results of mean fitness 
measure where the proposed hybrid Multi OMFO-2 is in 
high comparison with the single objective MFO-2 as well 
as summarizes the obvious achievement of using MOF-2 
than using the original MFO especially in the hybrid 
multi-objective system which ensures the searching capa-
bility of MFO-2.

On the level of worst fitness, we can see from Table 
4 an advance in the worst fitness measure in 11 data sets 
obtained by the hybrid multi objective MFO-2 approach 

over the single objective MFO-2 as well as and obvious 
advance in 14 data sets from applying the hybrid multi 
objective approach based on MFO-2 than applying the 
hybrid approach based on the original MFO algorithm.

The researcher can observe from the Table 5 that the 
hybrid system based on MFO-2 is performing very well 
and in a comparison with respect to the original MFO. 
Using the hybrid wrapper and filter approach produce 
less standard deviation fitness results compared with the 
single MFO system. 

The following tables prove the capability of hybrid 
multi-objective MFO-2 to adaptively search the feature 
space for optimal feature combination and its ability to 
avoid premature convergence that may be caused by fall-
ing in local minima. 

For assessing the significance of performance of the 
proposed hybrid multi-objective approach; the t-test was 
measured in Table 6. Table 6 demonstrates the significant 
advance in using the proposed multi-objective based on 
MFO-2 approach than using the hybrid multi-objective 
approach based on original MFO as well as it proves the 
advance on using single objective approach based on 
MFO-2 than using the original MFO algorithm at a sig-
nificance level of 0.05; that is proves the promising results 
achieved by MFO-2 than the original MFO optimization 
algorithm.

5.3.2 Approach II: The Results of Applying 
K-Nearest Neighbor Classifier
In this approach we implemented our proposed hybrid 
MFO-2 algorithm and the original MFO algorithm in 
case of single and multi-objective methods based on 
using K-Nearest Neighbor classification algorithm, the 
results of the experiment can be summarized into the fol-
lowing tables:

Table 7 provides an obvious view of the best fitness 
result obtained by the proposed multi-objective MFO-2 
(MOMFO-2) compared with the single MFO-2 as well 
as a comparison between the hybrid and single objec-
tive systems based on using the original MFO algorithm 
which proved the high capability of the proposed hybrid 
system in achieving high best fitness compared with other 
system.

Table 8 illustrates the mean fitness results of the pro-
posed hybrid multi-objective MFO-2 compared with 
other systems which shows that the proposed hybrid sys-
tem is in a highly comparative to the single system as well 
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Table 2. Statistical best fitness measure for the compared methods on different data sets

Data Set MultiOMFO2 SingleOMFO2 MultiOMFO SingleOMFO
Lymphography 0.102064 0.100046 0.100034 0.081697
WineEW 0.000031 0.000023 0.000046 0.000031
BreastEW 0.015838 0.010559 0.015838 0.010565
Breastcancer 0.004336 0.004347 0.008649 0.008649
Clean1 0.119536 0.125827 0.132107 0.125828
Clean2 0.034610 0.036411 0.034593 0.035500
CongressEW 0.006940 0.013817 0.013829 0.006946
Exactly 0.006034 0.021002 0.000046 0.018008
Exactly2 0.191605 0.191605 0.191605 0.191605
HeartEW 0.088934 0.088926 0.066706 0.055604
JonosphereEW 0.017145 0.017133 0.034226 0.025688
KrvskpEW 0.012247 0.009438 0.011316 0.012252
M-of-N 0.000046 0.000046 0.000046 0.000046
PenglungEW 0.086990 0.043520 0.047670 0.086995
Semeion 0.028292 0.030178 0.024529 0.028294
SonarEW 0.114321 0.115970 0.101484 0.115977
SpectEW 0.067450 0.056206 0.078676 0.067464
Tic-tac-toe 0.090705 0.109442 0.100068 0.100068
Vote 0.010043 0.020011 0.010043 0.010037
WaveformEW 0.191987 0.198008 0.197391 0.201592
Zoo 0.000025 0.000025 0.000038 0.000031

Table 3. Statistical mean fitness measure for the compared methods on the different data sets

Data Set MultiOMFO2 SingleOMFO2 MultiOMFO SingleOMFO

Lymphography 0.129358 0.129209 0.130818 0.127389
WineEW 0.007036 0.007060 0.009848 0.004238
BreastEW 0.028987 0.026799 0.028994 0.028115
Breastcancer 0.024368 0.023306 0.025450 0.024371
Clean1 0.156219 0.163029 0.156742 0.156744
Clean2 0.041223 0.040920 0.040659 0.040999
CongressEW 0.020157 0.023600 0.023024 0.023615
Exactly 0.128245 0.190573 0.195771 0.179911
Exactly2 0.235280 0.233788 0.234530 0.237529
HeartEW 0.129662 0.126885 0.121337 0.125042
IonosphereEW 0.047052 0.046341 0.047765 0.050610
KrvskpEW 0.022415 0.021011 0.024917 0.028988
M-of-N 0.000301 0.005797 0.000800 0.030535
PenglungEW 0.203343 0.185075 0.192888 0.207281
Semeion 0.034414 0.036611 0.034415 0.035671
OnarEW 0.142387 0.147151 0.136335 0.149534
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SpectEW 0.127370 0.119871 0.125502 0.130184
Tic-tac-toe 0.128855 0.12624 0.131476 0.129900
Vote 0.025869 0.028365 0.030038 0.027542
WaveformEW 0.207139 0.211195 0.209939 0.217592
Zoo 0.036952 0.032056 0.044631 0.034511

Table 4. Statistical worst fitness measure for the compared methods on the different data 
sets

Data Set MultiOMFO2 SingleOMFO2 MultiOMFO SingleOMFO
Lymphography 0.160034 0.160028 0.200024 0.220017
WineEW 0.016986 0.033949 0.017024 0.016986
BreastEW 0.047397 0.042154 0.052680 0.047410
Breastcancer 0.042959 0.038656 0.047261 0.038701
Clean1 0.195006 0.207572 0.182427 0.195001
Clean2 0.049138 0.047773 0.046428 0.050510
CongressEW 0.041388 0.034504 0.034529 0.034542
Exactly 0.318294 0.306314 0.315315 0.312320
Exactly2 0.282262 0.282262 0.270282 0.282262
HeartEW 0.177806 0.166712 0.188908 0.188932
IonosphereEW 0.076962 0.085512 0.085509 0.102601
KrvskpEW 0.029133 0.035699 0.037572 0.046947
M-of-N 0.003048 0.018039 0.009035 0.171193
PenglungEW 0.291680 0.280019 0.320011 0.291686
Semeion 0.047123 0.049009 0.043363 0.045245
SonarEW 0.200012 0.185737 0.200028 0.200020
SpectEW 0.179803 0.179780 0.191042 0.191051
Tic-tac-toe 0.156813 0.159426 0.163071 0.171924
Vote 0.040015 0.050033 0.050020 0.040052
WaveformEW 0.218382 0.223196 0.223183 0.234582
Zoo 0.176478 0.176484 0.176472 0.176478

  
Table 5. Statistical standard deviation measure for the compared methods on the different 
data sets

Data Sets MultiOMFO2 SingleOMFO2 MultiOMFO SingleOMFO
Lymphography 0.019414 0.015743 0.029912 0.036015
WineEW 0.008639 0.011290 0.008641 0.007579
BreastEW 0.009112 0.010149 0.010876 0.012155
Breastcancer 0.010404; 0.009928 0.010584 0.008256
Clean1 0.021592 0.024201 0.018859 0.020502
Clean2 0.003896 0.003635 0.003038 0.004422
CongressEW.dat 0.009947 0.007472 0.008485 0.008032
Exactly 0.121045 0.112365 0.107569 0.093687
Exactly2 0.025039 0.023500 0.022362 0.024736
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as it gives promising performance than the hybrid system 
based on the original MFO algorithm.

Table 6. Significance T-Test for methods pairs of 
approach I

Mehtod 1 Method 2 T-Test

MultiOMFO2 SingleOMFO2 0.38872

MultiOMFO2 MultiOMFO 0.177262

MultiOMFO2 SingleOMFO 0.020418

SingleOMFO2 MultiOMFO 0.655612

SingleOMFO2 SingleOMFO 0.133987

MultiOMFO SingleOMFO 0.319373

For assessing the repeatability of results, Table 9 out-
lines the standard deviation of the obtained fitness values 
of different methods in our comparison, we can remark 
that the proposed hybrid multi-objective MFO-2 achieves 
the best repeatability result than the single system as well 
as it gives highly results compared with the hybrid system 
based on original MFO algorithm, that is an evidence that 
our proposed algorithm can reach similar/same optima 
regardless of the used data set. 

For assessing the significance of performance of the 
proposed method; the t-test was measured in Table 10 
where it illustrates the significant advance in using the 
proposed hybrid multi-objective approach than using 
the single objective approach in both cases of using the 
modified MFO-2 and the original MFO optimization 
algorithms at a significance level of 0.05.

From the following illustrated tables; we can highlight 
that the proposed hybrid multi-objective MFO-2 out-
performs the other single objective MFO-2 as well as the 
hybrid multi-objective MFO algorithm in classification 
performance but also has a comparable ratio of features 
selected, which confirms that the hybrid multi-objective 
MFO-2 can select the optimal feature combination with 
comparable size.

6. Conclusion and Future Work
The main objective of this research paper is to propose 
a novel hybrid multi-objective feature selection system 
based on using a modified moth flame-optimization 
algorithm, the hybrid principle achieved by merging 
the different capabilities of filter-based feature selection 
approach along with the wrapper-based approach into 
an integrated system tofind the optimal feature subset 
that achieve data description with minor redundancy 
described by mutual information as well as keeps classifi-
cation performance. The proposed hybrid multi-objective 
MFO-2 is compared with the single objective modified 
MFO-2 that based on using the wrapper approach only 
and then tested by using different evaluation criteria and 
a set of statistical assessment and it had been compared 
with a hybrid multi-objective system based on using the 
original moth-flame optimization algorithm via differ-
ent experimentation approaches, those approached based 
on using different classification algorithms; one of them 
is based on using a Random Forests ensemble classi-
fier, and the other experiment based on using K-Nearest 
Neighbor as it considered one of the top ten classification 

EeartEW 0.030458 0.028604 0.037736 0.035490
IonosphereEW 0.019792 0.021389 0.015657 0.021698
KrvskpEW 0.004863 0.008202 0.008298 0.011790
M-of-n 0.000865 0.007616 0.002593 0.055549
PenglungEW 0.062625 0.064449 0.081684 0.060076
Semeion 0.006121 0.006295 0.006867 0.004645
SonarEW 0.023263 0.019380 0.030622 0.025461
SpectEW 0.033987 0.039599 0.032435 0.04106
Tic-tac-toe 0.023355 0.016743 0.018981 0.020449
Vote 0.007920 0.009374 0.011276 0.009653
WaveformEW 0.008549 0.006921 0.007585 0.009905
Zoo 0.060284 0.056711 0.054101 0.061202
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Table 7. Statistical best fitness measure for the compared methods on the different data sets 
(App. II)

Data Sets MultiOMFO2     SingleMFO2 MultiOMFO SingleMFO
Lymphography 0.127778 0.127600 0.127600 0.124267
WineEW 0.007692 0.009231 0.007692 0.007692
BreastEW 0.018982 0.018982 0.016491 0.018316
Breastcancer 0.013095 0.013095 0.015317 0.013095
Clean1 0.090367 0.107893 0.108014 0.102091
Clean2 0.040678 0.037727 0.041557 0.039220
CongressEW 0.028284 0.032776 0.029026 0.027776
Exactly 0.038572 0.103123 0.280567 0.065147
Exactly2 0.201059 0.193938 0.201059 0.201059
HeartEW 0.083915 0.085453 0.086991 0.086991
IonosphereEW 0.068632 0.066868 0.066868 0.050116
KrvskpEW 0.032963 0.029307 0.043856 0.039974
M-of-n.dat 0.018033 0.009231 0.009231 0.009231
penglungEW 0.085662 0.088744 0.126585 0.131792
Semeion 0.022538 0.02612 0.023032 0.027739
SonarEW 0.105333 0.093333 0.096217 0.108667
SpectEW 0.061420 0.085260 0.064147 0.065056
Tic-tac-toe 0.215458 0.211014 0.210174 0.210174
Vote 0.036900 0.022100 0.033150 0.038150
WaveformEW 0.201062 0.195183 0.198210 0.206677
Zoo 0.006250 0.006250 0.00625 0.006250

Table 8. Statistical mean fitness measure for the compared methods on the different data sets

Data Sets MultiOMFO2 SingleOMFO2 MultiOMFO SingleMFO
Lymphography 0.162034 0.155408 0.177363 0.171741
WineEW 0.019130 0.024828 0.028392 0.030216
BreastEW 0.034012 0.034248 0.036757 0.041056
Breastcancer 0.036228 0.035878 0.03802 0.036598
Clean1 0.141743 0.136497 0.158631 0.149849
Clean2 0.046047 0.045552 0.048472 0.048761
CongressEW 0.042045 0.046339 0.043963 0.043002
Exactly 0.217271 0.270039 0.301901 0.260664
Exactly2 0.239808 0.237883 0.242160 0.242313
HeartEW 0.129906 0.125241 0.131326 0.135725
IonosphereEW 0.128353 0.125720 0.128892 0.132333
KrvskpEW 0.051495 0.050621 0.055179 0.062067
;,90h7M-of-N 0.068284 0.082020 0.041808 0.080436
PenglungEW 0.207753 0.203606 0.239874 0.234286
Semeion 0.028190 0.033595 0.030743 0.037815
SonarEW 0.139797 0.131158 0.150766 0.149487
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SpectEW 0.135973 0.139020 0.137724 0.141394
Tic-tac-toe 0.244129 0.236957 0.243420 0.241759
Vote 0.049150 0.043400 0.059558 0.048317
WaveformEW 0.218451 0.210385 0.216109 0.220586
Zoo 0.129583 0.106439 0.141381 0.129896

Table 9. Statistical standard deviation measure for the compared methods on the different 
datasets

Data Set MultiOMFO2 SingleMFO2 MultiFOMO SingleMFO
Lymphography 0.026642 0.023179 0.024152 0.033885

WineEW 0.012614 0.016537 0.018761 0.019182
breastEW 0.009792 0.01078 0.010405 0.011159
breastcancer 0.010281 0.01197 0.011208 0.009693
clean1 0.022228 0.015961 0.024135 0.027145
clean2 0.003552 0.005068 0.004977 0.00394
congressEW 0.007449 0.010485 0.011317 0.010015
Exactly1 0.109991 0.05907 0.015092 0.087035
exactly2 0.024324 0.024081 0.024396 0.021142
heartEW 0.030638 0.023858 0.026808 0.03027
ionosphereEW 0.035995 0.02736 0.031410 0.044743
krvskpEW 0.015125 0.014655 0.00910 0.024954
m-of-n 0.031061 0.04770 0.030327 0.056904
penglungEW 0.066634 0.071102 0.072861 0.063216
semeion 0.004874 0.005248 0.004596 0.006914
sonarEW 0.02581 0.024333 0.037402 0.038196
spectEW 0.04372 0.035446 0.040195 0.046656
tic-tac-toe 0.016429 0.019902 0.017792 0.017437
vote 0.011709 0.011435 0.022222 0.009768
waveformEW 0.011553 0.007867 0.012749 0.008054
zoo 0.116607 0.122998 0.120328 0.121223

Table 10. Significance T-test for methods pairs in App II

Method 1 Method 2 T-Test
MultiOMFO2 SingleOMFO2 0.910348
MultiOMFO2 MultiOMFO 0.0005
MultiOMFO2 SingleOMFO 0.003236
SingleOMFO2 MFOMRMR 0.000041
SingleOMFO2 SingleOMFO 0.0015
MultiOMFO SingleOMFO 0.742093
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algorithms. The proposed system is implemented and 
investigated on 21 different data sets from UCI machine 
learning repository. The experimental results proved the 
capability of hybrid multi-objective MFO-2 to adaptively 
search the feature space to find optimal feature subset 
with highest mutual information and achieves maximum 
classification accuracy and tolerates the problems that are 
common on both wrapper-based feature selection as well 
as filter based ones. In addition to, the results proved that 
the performance of hybrid system based on the modi-
fied MFO-2 is significantly better than the hybrid system 
based on original MFO algorithm.

On the basis of future performance, the proposed 
hybrid system can be assessed using more complex data 
sets and evaluated under different evaluation measures 
such as computational time.
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