
Expert Systems With Applications 118 (2019) 506–521 

Contents lists available at ScienceDirect 

Expert Systems With Applications 

journal homepage: www.elsevier.com/locate/eswa 

Optimal learning group formation: A multi-objective heuristic search 

strategy for enhancing inter-group homogeneity and intra-group 

heterogeneity 

Soheila Garshasbi a , ∗, Yousef Mohammadi b , Sabine Graf c , ∗, Samira Garshasbi d , Jun Shen 

e , ∗

a Young Researchers and Elites Club, Central Tehran Branch, Islamic Azad University, P.O. Box 13185-768, Tehran, Iran 
b Petrochemical Research and Technology Company (NPC-rt), National Petrochemical Company (NPC), P.O. Box 14358-84711, Tehran, Iran 
c School of Computing and Information Systems, Athabasca University, 1200 10011-109 Street, Edmonton, AB T5J3S8, Canada 
d Faculty of Built Environment, University of New South Wales, Sydney 2033, Australia 
e School of Computing and Information Technology, University of Wollongong, Wollongong, NSW, Australia 

a r t i c l e i n f o 

Article history: 

Received 10 March 2018 

Revised 13 August 2018 

Accepted 16 October 2018 

Available online 17 October 2018 

Keywords: 

Group formation 

Multi-objective optimization 

Collaborative learning 

Inter-group homogeneity 

Intra-group heterogeneity 

Computational intelligence 

a b s t r a c t 

In modern education systems, plenty of research suggests that clustering the learners into optimal learn- 

ing groups based on their multiple characteristics is a determining effort in enhancing the effectiveness 

of collaborative learning. Although there have been several evidences on developing and implementing 

appropriate computational tools to handle classification processes in expert and intelligent systems, the 

effectiveness and accuracy of optimal grouping algorithms are still worth improving. For instance, the 

majority of grouping processes in collaborative learning environments is orchestrated through single- 

objective optimization algorithms, which need to be revisited due to some intrinsic limitations. In this 

paper, we propose a novel algorithm capable of properly addressing a variety of optimization problems 

in optimal learning group formation processes. To this end, a multi-objective version of Genetic Algo- 

rithms, i.e. Non-dominated Sorting Genetic Algorithm, NSGA-II, was successfully implemented and ap- 

plied to improve the performance and accuracy of optimally formed learning groups. In contrast to the 

previous related works applying single-objective algorithms, the main advantage of our work is simulta- 

neous satisfaction of multiple targets predefined for the formation of optimal learning groups, especially 

the inter-homogeneity and intra-heterogeneity of each learning group, which significantly enhance both 

effectiveness and accuracy of optimal grouping processes in the underlying intelligent systems. Challeng- 

ing the proposed optimization algorithms, both single- and multi-objective optimizers, with a similar 

grouping problem, clearly proved that the single-objective optimization technique has limited control 

and sensitivity to the quality of individual groups. Contrary to single-objective optimization techniques, 

which are mainly governed by adjusting the quality of the groups altogether in average, the proposed 

multi-objective algorithm not only takes the average desirability of all formed groups into account but 

also precisely monitors the fitness of each group in a potential solution distinctively. The generality of 

the proposed algorithm makes it a suitable candidate not only to handle optimal grouping in learning 

environments but also to be competent enough for grouping problems in other domains as well. 

Crown Copyright © 2018 Published by Elsevier Ltd. All rights reserved. 
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1. Introduction 

Principally, collaborative learning as a 21-century trend is a so-

phisticated learning model established based on group interaction,

i.e. the proper combination of the learners’ effort s to achieve a

collective task ( Gabbert, Johnson, & Johnson, 1986; Tolmie et al.,

2010 ). In this learning methodology, the learners have the oppor-
∗ Corresponding authors. 

E-mail addresses: garshasbi.soheila@yahoo.com (S. Garshasbi), sabineg@atha 

bascau.ca (S. Graf), jshen@uow.edu.au (J. Shen). 

P

 

i  

i  

https://doi.org/10.1016/j.eswa.2018.10.034 

0957-4174/Crown Copyright © 2018 Published by Elsevier Ltd. All rights reserved. 
unity to communicate with other group members, present their

deas and experiences, and exchange diverse viewpoints for joint

nowledge construction ( Wilkinson & Fung, 2002 ). Undoubtedly,

ollaborative learning encourages critical thinking skills and results

n more efficient performances in comparison with competitive or

ndividualistic learning systems ( Alfonseca, Carro, Martín, Ortigosa,

 Paredes, 2006; Francescato et al., 2006; Francescato, Mebane,

orcelli, Attanasio, & Pulino, 2007 ). 

It is noteworthy to mention that the term collaborative learn-

ng is frequently applied for all educational methodologies involv-

ng joint intellectual effort s from small group projects to more
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pecific group activities known as cooperative learning ( Amara,

acedo, Bendella, & Santos, 2016; Huang et al., 2017; Strijbos &

ischer, 2007 ). Some of the key elements of collaborative learning

an be referred to as positive interdependence, considerable inter-

ction, individual accountability, social skills, and group processing

 Emerson, English, & McGoldrick, 2016 ). 

Classification of learners into optimal learning teams is one of

he most challenging areas in collaborative learning to enhance the

earning rate and quality. Basically, the most determining factors

n optimal learning group formation processes are inter-group ho-

ogeneity and intra-group heterogeneity ( Moreno, Ovalle, & Vicari,

012 ). Inter-group homogeneity means having different groups as

imilar among themselves as possible. On the other hand, enhanc-

ng the complementary role of the learners inside each learning

roup via empowering their differences in their prequalified char-

cteristics is the main goal of intra-group heterogeneity. In fact,

ntra-group heterogeneity enhances the success of a group and

nter-group homogeneity ensures that all groups are equally built

nd therefore equally successful. In other words, inter-group ho-

ogeneity guarantees the success of all learning groups and intra-

roup heterogeneity determines the learning rate and quality for

ach learner inside different groups. 

Optimal group formation in collaborative learning is the main

ocus of the present work; however, the applications of optimal

rouping processes go beyond learning environments. It is widely

elieved that the performance of systems, processes, and prod-

cts can be effectively improved by clustering the key elements

nto optimal groups based on appropriate criteria. As a matter

f fact, grouping problems are basically intricate, computationally

omplex, and time-consuming ( Mutingi & Mbohwa, 2017 ). It is

hought-provoking to mention that grouping processes are com-

on problems in a wide variety of industry scenarios includ-

ng assembly line balancing ( Buyukozkan, Kucukkoc, Satoglu, &

hang, 2016; Chen, Chen, Su, Wu, & Sun, 2012 ), facility location

 Dantrakul, Likasiri, & Pongvuthithum, 2014; Dogan, 2012 ), cell

ormation in manufacturing systems ( Jolai, Tavakkoli-Moghaddam,

olmohammadi, & Javadi, 2012; Mahdavi, Paydar, Solimanpur, &

eidarzade, 2009; Sahin & Alpay, 2016 ), advertisement alloca-

ion ( Dao, Jeong, & Ahn, 2012 ), job shop scheduling ( Chen, Wu,

hen, & Chen, 2012 ), order batching ( Menéndez, Pardo, Alonso-

yuso, Molina, & Duarte, 2017; Scholz, Schubert, & Wäscher,

017 ), data clustering ( Alswaitti, Albughdadi, & Isa, 2018; Boushaki,

amel, & Bendjeghaba, 2018; Wangchamhan, Chiewchanwattana,

 Sunat, 2017 ), vehicle routing problem ( Avci & Topaloglu, 2016 ),

imetabling ( Ahmed, Özcan, & Kheiri, 2015; Tassopoulos & Be-

igiannis, 2012 ), team formation ( Wi, Oh, Mun, & Jung, 2009 ),

earners’ grouping for cooperative learning ( Agustín-Blas, Salcedo-

anz, Ortiz-García, Portilla-Figueras, & Pérez-Bellido, 2009 ), group

aintenance planning ( Rashidnejad, Ebrahimnejad, & Safari, 2018;

ang & Xia, 2017 ), and task assignment problem ( Hassan &

urry, 2016 ). 

In fact, many of these problems share similar characteristics

ending themselves to a common group modeling and optimiza-

ion. Taking into account the common characteristics of group-

ng processes, a flexible computational algorithm is expected to

e designed to solve the problems. The computational algorithm

hould be versatile and robust enough to handle a wide variety of

rouping problems with little or no manipulation. The algorithm

eeds to be both easily adaptable to problem situations and ca-

able of solving large-scale industrial problems in a computation-

lly cost-effective manner. On the other hand, optimal grouping is

n innately multi-objective optimization problem as several targets

hould be simultaneously satisfied. Therefore, optimal group for-

ation problems need to be challenged by robust multi-objective

ptimization methods. 
a  
Recent studies on the implementation of artificial intelligence

ased optimization techniques equipped with heuristics search

trategies have proved high potentialities of the intelligent compu-

ational techniques for successfully solving various grouping prob-

ems. For instance, Particle Swarm Optimization (PSO), Tabu Search,

imulated Annealing, Genetic Algorithms, and Swarm Intelligence

ptimization tools have been employed to challenge the group-

ng problems in different fields of study ( Agustín-Blas et al., 2011;

eng, Da, Xi, Pan, & Xia, 2017; Graf & Bekele, 2006; Kashan,

ashan, & Karimiyan, 2013; Magnisalis, Demetriadis, & Karakostas,

011; Zhou, Hao, & Duval, 2016 ). Applying combined combina-

orial PSO and linear programming, Feng et al. have proposed a

ersatile intelligent tool capable of handling the real-sized inte-

rated cell formation and worker assignment problem ( Feng et al.,

017 ). They have clearly shown that decisions on machine group-

ng, part routing selection, production lot splitting, and worker as-

ignment can be made concurrently by integrating the cell forma-

ion problem and worker assignment problem. Zhou et al. have de-

eloped and put into practice an amalgamated computational tech-

ique based on reinforcement learning and local search to sug-

est a general-purpose solution approach for grouping problems

 Zhou et al., 2016 ). They have illustrated that not only the rein-

orcement learning was capable of obtaining proper information

rom discovered local optimum solutions but also learned infor-

ation could be appropriately used to conduct the search algo-

ithm towards promising regions. Furthermore, Agustin-Blas et al.

ave presented a new model for team formation based on group

echnology ( Agustín-Blas et al., 2011 ). They have considered dif-

erent skills in staff members and set two tough constraints re-

ated to the minimum total knowledge about a resource in a team,

nd the minimum knowledge that a given staff member must have

bout the resources of a team. The developed model has shown

o be well-suited for problems of team formation arising in R&D-

riented or teaching institutions. Moreover, Graf et al. have de-

eloped an appropriate intelligent tool based on Ant Colony Op-

imization algorithm capable of establishing heterogeneous groups

ased on personality traits and the performance of students ( Graf

 Bekele, 2006 ). They have proposed a novel fitness function ca-

able of appropriately quantifying the Goodness of Heterogeneity

GH). They have shown that aiming only at high GH values will

efinitely result in some groups with very high GH and the re-

aining students will form groups with low GH. Hence, to form

roups with a similar degree of heterogeneity, the deviation of GH

alues have been considered additionally. Their experiments have

learly proved that the proposed intelligent algorithms were able

o find stable solutions close to the optimum for different datasets.

As group formation is one of the key processes in collabora-

ive learning, various grouping methods have been proposed in

n attempt to form more effective collaborative learning teams.

hey have mostly taken into account factors related to the learn-

ng state of the learners, their learning style, personality, and

nterpersonal relationships ( Kwon, Liu, & Johnson, 2014; Meslec

 Cur ̧s eu, 2015; Solimeno, Mebane, Tomai, & Francescato, 2008;

ang, 2009 ). In contrast to conventional approaches like random,

xhaustive, and/or self-organized methods, the computational in-

elligence based optimization techniques have demonstrated con-

iderable benefits and outstanding potentialities in optimal group-

ng ( Alberola, Val, Sanchez-Anguix, Palomares, & Teruel, 2016;

wang, Yin, Hwang, & Tsai, 2008; Paredes, Ortigosa, & Rodriguez,

010; Thammano & Moolwong, 2010; Wang, Li, & Liao, 2011; Yan-

ibelli & Amandi, 2012 ). 

The majority of the works presented in the field of optimal

earning group formation by computational intelligence techniques

re single-objective optimizations ( Cruz & Isotani, 2014 ). In other

ords, for any potential solution, the inter-group homogeneity

nd/or intra-group heterogeneity is characterized by an average
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value, i.e. the overall fitness of the solution, reflecting the de-

sirability of constructing groups altogether. Taking their intrinsic

limitations into account, single-objective optimizers are not nec-

essarily capable of cracking the complexities of multi-objective

optimizations and revealing actual global optimum in grouping

problems. Therefore, the performance and accuracy of the single-

objective optimizations need to be reexamined. Over the past few

years, single-objective optimizers have been evaluated by several

research groups. For instance, Wang et al. applied conventional

Genetic Algorithm and developed a code based on the concept

of complementary learning capable of determining optimal learn-

ing clusters for English as a Second Language (ESL) ( Wang et al.,

2011 ). Considering maximum complementarity within each clus-

ter and a minimum total variance among clusters, they proposed

and constructed a fitness function which evaluated potential solu-

tions based on an average value. The results clearly showed that

students in the experimental group had higher performances in

all predefined skills including listening, speaking, and reading sec-

tions. Hwang et al. established a grouping process capable of mod-

eling a set of cooperative learning groups including a large num-

ber of students based on an enhanced Genetic Algorithm approach

( Hwang et al., 2008 ). Minimizing the maximal difference of the av-

erage pre-testing score of any two groups was considered as the

optimization objective. Furthermore, Yannibelli and Amandi pro-

posed a deterministic crowding evolutionary algorithm considering

a grouping criterion widely applied by teachers in the classrooms

( Yannibelli & Amandi, 2012 ). It was mostly based on the learn-

ers’ roles and attempted to form well-balanced groups according

to the roles of the members. They implemented the mentioned cri-

terion following the team role model proposed by Belbin ( Meslec

& Cur ̧s eu, 2015 ). They have concluded that their deterministic evo-

lutionary algorithm not only had been capable of effectively solv-

ing all investigated grouping problems, for which the exhaustive

method had no computationally cost-effective solution, but also

was proved to be more helpful than the random method. Also, ap-

plying an intelligent computational technique based on the socio-

logical concept of human group formation, Thammano and Mool-

wong attempted to find a better solution to classification prob-

lems ( Thammano & Moolwong, 2010 ). They have combined human

group formation theory with the cluster reduction and local min-

imum escaping steps. They have also compared the performance

of their proposed algorithm with that of fuzzy ARTMAP, radial ba-

sis function network, and learning vector quantization. Results in-

dicated that, although the elapsed time for training the proposed

approach was larger but it was more effective than other refer-

enced models in terms of accuracy and size. In addition, Paredes

et al. have proposed an interesting algorithm based on combina-

tion of two complementary techniques, i.e. Faraway-so-close algo-

rithm and TOGETHER visualization tool ( Paredes et al., 2010 ). They

have considered learning styles as the key parameter to improve

both learners and group performance. They have shown that the

proposed technique was capable of producing learning groups with

a good level of heterogeneity in an acceptable period of time. 

Although all the above-mentioned computational intelligence

tools have been implemented and applied for optimal clustering

purposes in applications of expert systems, e.g. cell formation in

manufacturing systems, data clustering, timetabling, and learning

group formation, addressing the optimal grouping processes as in-

tricate multi-criteria optimization problems still requires the devel-

opment, implementation, and application of advanced optimization

algorithms/techniques. By the word ‘advanced’, we try to empha-

size the significance of applying an intelligent and specific opti-

mization technique, which is principally designed to handle multi-

objective optimization problems. 

As for the fact that group formation as a multi-objective opti-

mization problem is an essential and complex step in effective col-
aborative learning, the aim of this paper is to propose a method

ased on heuristic search strategies to enhance inter-homogeneity

nd intra-heterogeneity of learning groups in collaborative learning

nvironments. To achieve this, a versatile, powerful, and compu-

ationally cost-effective multi-objective evolutionary search strat-

gy was implemented capable of grouping any given number of

earners prequalified with multiple characteristics into any num-

er of optimal inter-homogeneous and intra-heterogeneous learn-

ng groups. This paper is one of the first effort s in applying com-

utational intelligence based multi-objective optimization methods

n optimal learning group formation. 

Among all computational intelligence optimization methods

nd also classical deterministic and stochastic optimization tech-

iques, Non-dominated Sorting Genetic Algorithm (NSGA-II) is one

f the most expert vector optimization methods to handle vari-

us multi-objective problems. Even though NSGA-II has been suc-

essfully applied to manage multi-objective optimizations in differ-

nt fields of study, it has not been previously employed in differ-

nt types of optimal grouping problems. In this work, the process

f optimal group formation was studied to enhance learning effi-

iency in collaborative learning environment by applying NSGA-II

s the multi-objective version of Genetic Algorithms. In fact, not

nly the potential solutions were totally analyzed by an average

tness value but also all constructing groups of a solution were

onitored and precisely regulated to fulfill predetermined targets.

n other words, the introduction and implementation of a power-

ul intelligent multi-objective optimization technique for the for-

ation of optimal learning groups with preset level of inter-group

omogeneity and intra-group heterogeneity is the main focus and

istinguishing feature of our work. 

Classifying learners into optimal inter-homogeneous and intra-

eterogeneous groups can help to improve the rate and quality of

he learning process. Course organizers and the learners will bene-

t from optimal grouping as they can achieve the ultimate goal of

ollaborative learning, i.e. joint knowledge construction. The pro-

osed intelligent algorithm has been employed in collaborative

earning in this study; however, it is also capable of effectively han-

ling optimal grouping problems in a wide variety of applications. 

The paper is structured as follows. A comprehensive de-

cription of the proposed evolutionary multi-objective optimiza-

ion algorithm and the details of its implementation in case of

ptimal learning group formation problems are represented in

ection 2 first. Then, a typical and complex case study is well-

efined in Section 3 to test the developed optimizer. In Section 3 ,

e also attempt to describe the computational experiments carried

ut to precisely assess the potentialities of the developed multi-

bjective optimizer and analyze/compare the performance and ac-

uracy of the results obtained for both single- and multi-objective

ptimizers in solving the mentioned case study. Finally, the last

ection contains the conclusion and future research directions. 

. Problem description and optimization methodology 

Almost, all problems one encounters everyday are multi-

bjective ones. In fact, there does not exist any single-objective

roblem in real world. In other words, single-objective problems

re mostly defined for the sake of simplicity. It means that (i)

ost of the time one just selects/considers the most important ob-

ective and neglect the others to convert multi-objective problems

nto single-objective ones. Also, (ii) sometimes he/she just selects

ne objective and considers one or more other objectives as con-

traints. In both cases, the optimization processes are simplified

nd redefined as single-objective optimizations. The fact is that the

est solution for a multi-objective problem is obtained only and

nly if an intelligent expert system based on a multi-objective op-

imization method is applied. A multi-objective problem has many
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Fig. 1. Codifying learners into a well-structured chromosome congruously illustrates the learning groups. In this typical case, 21 learners are clustered into 3 learning groups 

containing 7 people each. 
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olutions known as Pareto optimal solutions. The powerfulness of

io-inspired multi-objective optimization algorithms in case of dif-

erent practical multi-objective optimization problems have been

uccessfully examined and proved by many research groups ( Azari,

arshasbi, Amini, Rashed-Ali, & Mohammadi, 2016; Garshasbi, Kur-

itski, & Mohammadi, 2016; Hosseinnezhad, Saeb, Garshasbi, &

ohammadi, 2017; Shen, Beydoun, Yuan, & Low, 2011; Sun & Shen,

013; Sun & Shen, 2014; Sun & Shen, 2016 ). After all, by principle,

ost of the optimal grouping processes are multi-objective prob-

ems and should be challenged by multi-objective optimizers in a

ulti-objective framework. 

In this paper, multi-objective version of Genetic Algorithms, i.e.

SGA-II, was applied to handle evolutionary grouping process in

n attempt to enhance the performance of collaborative learn-

ng. In fact, the developed algorithm intelligently explores dif-

erent combinations of learners’ characteristics to form optimal

nter-homogeneous and intra-heterogeneous learning groups in a

tochastic manner. It is noteworthy to mention that the powerful-

ess and appropriateness of NSGA-II in optimal group formation

omparing to conventional Genetic Algorithms and other single-

bjective optimizers will also be illustrated in our work. 

Mathematically, the optimization problem is clustering P learn-

rs into Q groups. Here, the total sample of learners is represented

y the following array, S , where subscripts reflect the identification

f the learners. 

 = { s 1 , s 2 , s 3 , · · · , s P } (1) 

It was supposed that each learner was evaluated and prequal-

fied with R characteristics. The normalized characteristics of each

earner are represented as follows: 

 ( s i ) = 

{
c i 1 , c 

i 
2 , c 

i 
3 , · · · , c i R 

}
(2) 

here c i r denotes the normalized score of learner i in characteristic

 . It is obvious that the normalization eliminates the influence of

agnitude and range of variations of different characteristics dur-

ng the optimization process. Eq. (3 ), as a linear transformation, is

tilized to normalize input characteristics in the range of 0 to 1: 

 

i 
r = 

C i r − Min ( C r ) 

M ax ( C r ) − M in ( C r ) 
(3) 

In this equation, C i r represents the input score obtained by

earner i in characteristic r before normalization, while Min ( C r ) and

ax ( C r ) are the minimum and maximum values of characteristic r ,

espectively. 

Principally, computational intelligence techniques are concur- 

ently equipped with all critical components of intelligence in-

luding learning, generalization, and decision-making for model-

ng and optimization of complex nonlinear phenomena ( Russell &

orvig, 2009 ). Artificial Neural Networks and Fuzzy Logic Systems

re the most powerful intelligent modelers, while intelligent opti-

izers include Swarm Intelligence, Simulated Annealing, and Ge-

etic Algorithms. 

Considering its simplicity, flexibility, versatility, and high poten-

ialities to handle a vast variety of problems, Genetic Algorithms

re the most popular optimization techniques and widely applied

n different fields of study ( Jain, Sachdeva, Kachhwaha, & Patel,

016; Li, Lin, & Wang, 2010; Lv et al., 2017; Ma, Hu, Zhang, &

e, 2016; Wang & Shen, 2016; Wang & Shen, 2017 ). Basically, Ge-

etic Algorithms are inspired by the process of natural selection
nd employ heuristic search strategies. They are mostly carried out

y generating a population of potential solutions and stochastically

volving them towards better solutions via the application of pow-

rful genetic operators. Not only are Genetic Algorithms masterful

n single-objective optimizations, but they are capable of meticu-

ously challenging multi-objective optimizations handling two or

ore objectives and constraints concurrently. Among different Ge-

etic Algorithms, NSGA-II is a unique multi-objective version of the

amily being established primarily based on the domination con-

ept. Undoubtedly, it can be considered as one of the most applied

ptimization techniques in different fields of science and engineer-

ng. 

In our work, NSGA-II was put into practice to form optimal

nter-homogeneous and intra-heterogeneous learning groups satis- 

ying several predefined objectives. Except of population sorting, it

ollows all principal stages of single-objective version of Genetic

lgorithms in every respect. A brief description of the algorithm

nd its implementation mechanism for optimal group formation is

resented through the following stages. 

.1. Stage 1: codifying the inputs 

All Genetic Algorithms are initialized by codifying input vari-

bles into a chromosome-like structure resembling a potential so-

ution for the problem under study. The chromosomes, as well-

rganized strings, are comprised of intelligently connected genes

nd transferring the genetic information. Each chromosome as a

enotype virtually represents a physical object as its corresponding

henotype. As grouping a given number of learners into predefined

umber of optimal inter-homogeneous and intra-heterogeneous

earning groups is the main focus of this study, an appropriate

hromosome-like structure is designed in which each learner occu-

ies a unique position (i.e. a gene). A schematic representation of

he designed chromosome is shown in Fig. 1 . As can be observed,

redefined numbers of genes, which are tightly connected to each

ther and signified by colored rectangles, display various groups in

 chromosome. 

The number of groups and the number of learners belong-

ng to each group are defined at this stage. It should be men-

ioned that the number of learners in different groups can be the

ame or not. After defining the chromosome structure, the num-

er of groups and the number of allocated learners for each group

hould not change throughout the optimization process. The issue

f the group formation is predominantly a problem of classifying

he learners into predefined number of groups each containing an

dentical number of learners, i.e. P / Q . In spite of the possibility that

he developed model could precisely handle inter-homogeneous

nd intra-heterogeneous group formation process considering dif-

erent number of learners in distinct groups, clustering members

nto optimal learning groups of the same size was put into prac-

ice in this work. 

.2. Stage 2: generation of initial population 

Defining the chromosome, a preset number of chromosomes,

.e. N IP , are randomly generated as initial population. The new gen-

rations are emerged via the genetic operators capable of adjusting

he gene(s) values to evolve the population and produce optimum
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Fig. 2. Schematic representation of an initial population randomly generated. In this typical case P = 21, Q = 3, and N IP = 4. 
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solutions. Considering the data storage structure defined in previ-

ous section, the main goal in optimal group formation is manipu-

lating the order/position of learners in chromosomes. Each learner

is allowed to occupy only one position inside the chromosome at

any iteration and can change the position based on the decisions

dictated by genetic operators. Hence, to generate initial popula-

tion, the integers between 1 and P should be non-repeatedly dis-

tributed in chromosome structure in a stochastic manner. For in-

stance, Fig. 2 illustrates a four-member initial population of chro-

mosomes designed to cluster 21 learners into 3 learning groups. 

2.3. Stage 3: definition of fitness function 

Subsequent to initial population generation, all chromosomes

should be precisely evaluated based on one or more well-defined

competencies. In Genetic Algorithms, the competencies of chromo-

somes are quantitatively assessed by proper fitness function(s). As

referred above, the maximization of inter-group homogeneity and

intra-group heterogeneity is the main focus of the current study.

Accordingly, an appropriate fitness function should be defined,

qualified enough to meticulously classify chromosomes based on

their quantified inter-group homogeneity and intra-group hetero-

geneity. 

To quantify the inter-group homogeneity and intra-group het-

erogeneity, several mathematical approaches have been developed.

In this work, the mathematical concept proposed by Moreno et al.

was applied with some modifications ( Moreno et al., 2012 ). Ac-

cording to this concept, the inter-group homogeneity and intra-

group heterogeneity is quantified based on the difference between

the mean of each characteristic in formed groups and the mean

of the same characteristic in total sample of learners. To put this

concept into practice, the mean of each characteristic is calculated

for the total sample of learners and represented by the following

array: 

c = { c 1 , c 2 , c 3 , · · · , c R } (4)

where c r is the mean of characteristic r in the total sample of

learners. Then, the mean of each characteristic is calculated for the

learners in each group and represented using an appropriate array.

For instance, the following array represents the mean of character-

istics calculated for the g th Group: 

c ( G g ) = { c 1 ( G g ) , c 2 ( G g ) , c 3 ( G g ) , · · · , c R ( G g ) } (5)

In this relationship, c r ( G g ) denotes the mean of characteristic

r for the learners in the g th Group, i.e. G g . The total difference of

“the mean of each characteristic” in groups constructing chromo-

some i and the total sample of learners, i.e. the mean square error
f Chromosome i , can be calculated as follows: 

MSE ( T otal Groups ) | i = 

(
1 

R × Q 

) Q ∑ 

g=1 

R ∑ 

r=1 

( c r ( G g ) − c r ) 

2 

(6)

This is the mathematical equation mostly used as fitness func-

ion by several research teams to quantify the inter-group homo-

eneity and intra-group heterogeneity in order to form optimal

roups. It can also be expressed more properly through the cal-

ulation of the total average deviation percentage of Chromosome

 from the total sample of learners as follows: 

Er ror ( T otal Groups ) | i = 

RMSE ( T otal Groups ) | i 
Max ( Error ) 

× 100 (7)

= 

√ √ √ √ 

(
1 

R × Q 

) Q ∑ 

g=1 

R ∑ 

r=1 

( c r ( G g ) − c r ) 

2 

×100 

here RMSE is the root mean square error and Max ( Error ) de-

otes the maximum expected error for inter-group homogeneity

nd intra-group heterogeneity which takes the value of 1 consider-

ng the fact that all characteristics are normalized between 0 and 1.

ccording to Eq. (7) , the inter-group homogeneity and intra-group

eterogeneity is evaluated by a value indicating the total average

eviation of “the mean of all characteristics” of all groups from the

otal sample of learners. Therefore, a chromosome with less total

verage deviation percentage is a more favorable solution. 

The preceding statements clearly show that the inter-group ho-

ogeneity and intra-group heterogeneity have been mostly ana-

yzed by a value which reflects the average competencies of all

roups in a solution. The fact is that the minimization of the to-

al error value for a chromosome Eq. (7) may not guarantee the

imultaneous minimization of the error values of all groups con-

tructing the chromosome. In other words, when the optimization

lgorithm is arranged to evaluate each chromosome via an average

tness value, it is set to have no sensitivity to the fitness values,

hich the constructing groups acquire. 

Hence, to attain a global optimum for any group formation

roblem, not only the total error of a chromosome should be taken

nto account but also the error value of each distinct group in

he same chromosome should be individually monitored. In other

ords, it is essential to shift from a single-objective optimization

o a multi-objective one. To consider this aspect, the deviation per-

entage of each group from the total sample of learners should be

eparately calculated and reported. Eqs. (8) and (9) calculate the

ean square error and total deviation percentage of the g th Group
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Fig. 3. Schematic representation of a chromosome along with its corresponding fitness value(s); Case A: Single-objective optimization, Case B: Multi-objective optimization. 
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n chromosome i from the total sample of learners, respectively. 

MSE ( G g ) | i = 

(
1 

R 

) R ∑ 

r=1 

( c r ( G g ) − c r ) 
2 

(8) 

Er ror ( G g ) | i = 

RMSE ( G g ) | i 
Max ( Error ) 

×100 = 

√ (
1 

R 

) R ∑ 

r=1 

( c r ( G g ) −c r ) 
2 ×100 

(9) 

Fig. 3 illustrates a schematic representation of a chromosome

onsisting of 3 learning groups and evaluated based on the above-

entioned mathematical protocols. In the first case (Case A), a fit-

ess value is calculated and reported based on Eq. (7) . In fact, the

hromosome is evaluated by a total error value reflecting its total

verage deviation percentage. 

On the contrary, in Case B, the same chromosome is evaluated

n more detail through calculating and reporting four different fit-

ess values applying Eqs. (7) and (9) . It‘s rather evident that in the

econd case, the algorithm should handle a multi-objective opti-

ization problem and strive to satisfy all objectives concurrently. 

.4. Stage 4: selection of the fittest chromosomes 

Principally, the selection mechanism of the fittest chromo-

omes, to be transferred to next generations and applied to pro-

uce genius offspring, is of vital importance. In case of the single-

bjective optimizations, attempting to satisfy only one predefined

arget, the chromosomes are generally ordered from the most qual-

fied to the unfittest ones according to the calculated fitness value.

hen, the satisfactory chromosomes are picked out through one

r a combination of the available selection mechanisms includ-

ng “merge, sort, truncate”, “elitism”, “roulette wheel”, or “tourna-

ent”. 

Unlike traditional single-objective Genetic Algorithms (i.e. scalar

ptimizations), in the case of multi-objective optimizations (or vec-

or optimizations) attempting to satisfy two or more targets si-

ultaneously, Non-dominated Sorting Genetic Algorithm should

e employed. In contrast to classical deterministic multi-objective

ptimizations, the stochastic evolutionary techniques especially

SGA-II are more considerably functional and computationally ef-

cient alternatives. As noted above, the main difference between

SGA-II and other conventional Genetic Algorithms is the mech-

nism of sorting the potential solutions. In fact, NSGA-II utilizes

he domination concept to sort chromosomes in a multi-objective

ptimization framework. According to this mechanism, the chro-

osomes are sorted based on the “quality” and “diversity” of the

olutions. The former criterion organizes the solutions into classes

amed Pareto fronts and the latter separately puts the members of

ach Pareto front into order by fitness values. 

To classify the chromosomes based on the quality of solutions,

he domination concept is applied. Basically, the first chromosome,

.g. chromosome i dominates the second chromosome, e.g. chro-

osome j if it is not worse than the second chromosome in all

redefined objectives and is definitely better in at least one ob-

ective see Eq. (10 ). If all objectives should be minimized mutually
hen the domination concept is expressed as the following mathe-

atical equation: 

 dom j ⇔ 

{∀ x : F x ( i ) ≤ F x ( j ) x = 1 , 2 , 3 , · · · , N ob j 

∃ y : F y ( i ) < F y ( j ) y ∈ 

{
1 , 2 , 3 , · · · , N ob j 

}
(10) 

here F x ( i ) is the fitness value of chromosome i in objective x and

 obj is the total number of predefined objectives. Comparing all

ossible pairs of solutions, a number or rank is assigned to each

hromosome based on the dominations. Then, the chromosomes

re properly organized into a set of Pareto fronts. Accordingly, non-

ominated chromosomes are placed in the first Pareto front while

he second Pareto front hosts those chromosomes dominated once

y the members in the first front and the front goes on. After-

ards, the chromosomes in the first front are given a rank value

f 1 and those in the second front are assigned the rank value of

 and so on. 

To complete the sorting process, the second criterion is applied

o evaluate the diversity of solutions in all Pareto fronts individ-

ally. It is managed by calculating “Crowding Distance” for each

hromosome. Essentially, the index measures the proximity of a

hromosome to its neighbors in a given Pareto front. It is believed

hat locating in a less crowded region, i.e. the region with large

verage crowding distance, results in a better diversity in the so-

utions and is more preferable. The crowding distance of chromo-

ome i , i.e. C.D .( i ), is defined as follows: 

.D. ( i ) = 

N obj ∑ 

x =1 

d x ( i ) where : d x ( i ) = 

| F x ( i + 1 ) − F x ( i − 1 ) | 
| M ax ( F x ) − M in ( F x ) | (11)

In this equation d x ( i ) is the crowding distance of chromosome i

ith respect to objective x . Also, Min ( F x ) and Max ( F x ) are the min-

mum and maximum values of objective x respectively. 

Having sorted the chromosomes based on the quality and di-

ersity criteria, the optimization algorithm selects a predetermined

umber of the fittest chromosomes to be transferred to the next

eneration and employed for offspring production. Evidently, the

reset amount of crossover rate dictates the number of chromo-

omes to be selected. 

.5. Stage 5: application of genetic operators 

After sorting and selecting the most suitable chromosomes,

hey are utilized to generate new members to be replaced by re-

ected chromosomes of the previous generation. It is mostly han-

led by two well-known powerful genetic operators; crossover and

utation. Principally, both operators are stochastic search tools but

heir searching mechanism and implementation are quite different.

rossover is mainly applied for exploitation while mutation is em-

loyed for exploration. More specifically, crossover operator takes

wo chromosomes as parents from the existing population and at-

empts to generate two new chromosomes as offspring which are

ore similar to the parents. Crossover operator, hence, seeks the

romising regions in the hope to find superior solutions, i.e. lo-

al optima. On the other hand, mutation influences a single chro-

osome and changes it into a new chromosome which may or
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Fig. 4. Schematic representation of different implementation steps of order crossover. Parents #1 and #2 as two potential solutions have 4 groups of 10 learners. 
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may not be in the current population. Thus, the mutation operator

seeks the unexplored regions to guarantee that all regions of the

search space are thoroughly explored and the search is not con-

fined to limited regions. It is crystal clear that the rate and type of

crossover and mutation can be regulated depending on the prob-

lem under study. 

To apply the crossover operator, the transferred chromosomes

from the previous generation should be set up into mating pairs as

potential parents to generate the offspring. To mate the chromo-

somes, different mechanisms including “best-best”, “best-worst”,

“random”, “roulette wheel”, and “tournament” mechanisms can be

employed. Defining the recombination mechanism, the crossover

operator is applied on mated chromosomes. There exist several

types of crossover operators, among which single- and multi-point

crossover operators are the most popular. Basically, these opera-

tors are suitable in case of optimization problems, in which the

genes have no effect on each other, i.e. they are quite indepen-

dent. As can be observed in our study, the designed chromosome

for group formation hosts a permutation of P integers between 1

and P . The application of single- or multi-point crossover opera-

tors, undoubtedly, cannot guarantee the existence of non-repeated

integers in offspring chromosomes. In other words, these opera-

tors are not capable of generating a new permutation of P inte-

gers by mere recombination of parent chromosomes. Thus, an ap-

propriate crossover operator should be practiced for the optimal

group formation problem. To ensure this, many research groups

have applied a specific crossover operator named “order crossover”

( Yannibelli & Amandi, 2012 ). Fig. 4 schematically represents differ-

ent implementation steps of this crossover operator. First of all,

parent #1 is selected. Then, two crossover points are randomly

selected. The obtained substring, highlighted in gray, is directly

copied to the same location of offspring #1. Afterwards, the po-

sition of the selected genes of parent #1 is specified in parent #2

and highlighted in gray. Finally, the vacant positions of offspring

#1 are filled by copying unspecified genes of parent #2, taking the

same order as in parent #2. Changing the roles of parents #1 and

#2, similar steps are followed to generate offspring #2. 

Applying crossover operator on potential mating pairs and gen-

erating the offspring, the mutation operator manipulates some of

the newcomers. The number of offspring chromosomes elected for

mutation process is determined by the mutation rate. In the first

step, the mutation candidates are chosen randomly. Then, one or

more genes of each selected chromosomes are manipulated by the

mutation operator. It should also be noted that the gene(s) are

specified in a stochastic manner for the mutation process. Gener-

ally, the value of a selected gene for mutation is randomly replaced

by another value among the minimum and maximum preset val-

ues of that gene. Like crossover operation, the conventional muta-

tion operator does not work for a chromosome filled by a permu-
ation of P learners. In fact, random alteration of some genes in op-

imal group formation problem cannot guarantee the reappearance

f a new chromosome filled by a permutation of P learners. There-

ore, an appropriate operator should be employed capable of han-

ling mutation of a permutation-type chromosome. The “swap mu-

ation” is one of the most popular mutation operators frequently

pplied by many research groups for permutation-type optimiza-

ions. The implementation of this operator is schematically repre-

ented in Fig. 5 . As can be observed, two random genes of a candi-

ate chromosome are simultaneously selected and their values are

xchanged. Generally, swap mutation successfully generates a new

ermutation-type chromosome. The mutated chromosomes are to-

ally replaced by the ones they are originated from. 

The evolutionary optimization process is repeated from Stage 3

y calculating fitness values of the new population. It stops when-

ver one or more evolved solutions satisfy the predefined target(s).

rincipally, definition of an effective stopping condition is of vital

mportance in iterative modeling and optimizations. It should be

eaningful and able to handle the modeling or optimization pro-

ess quantitatively. On the other hand, taking the number of iter-

tions as the stopping condition into account is not a functional

ethod and logically not acceptable because all AI techniques and

ost deterministic iterative methods operate based on stochas-

ic algorithms. Although most of the works published in optimal

roup formation and other fields of study are based on the number

f iterations, it may or may not result in evolved solutions consid-

ring the stochastic nature of computational intelligence methods.

n other words, the number of iterations does not guarantee the

eliability of the solution(s). If the algorithm is repeated for several

imes it may result in different evolved or unevolved solutions. 

As above-mentioned, in this paper, the fitness function is prop-

rly modified to be able to calculate the deviation of each potential

olution from a reference value. The reference value is defined as

he average of each characteristic of the total sample of learners.

he modified fitness functions ( Eqs. (7 ) and ( 9 )) calculate and as-

ign precise values as the percent error for each individual learning

roup and also a potential solution composed of several learning

roups. 

The flowchart of NSGA-II optimization algorithm is shown in

ig. 6 . Taking the aforementioned computational algorithm into ac-

ount, our program was written in Pascal programming language

Lazarus 1.6.4 IDE) and compiled into 64-bits executable using FPC

.0.2. The Mersenne Twister pseudorandom number generator was

sed to produce the required random numbers for the optimiza-

ion process ( Matsumoto & Nishimura, 1998 ). The random number

eneration subroutine satisfies the tests of uniformity and serial

orrelation with high resolution. The cycle length of the random

umber generator was 2 19937 –1. 
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Fig. 5. Schematic representation of the implementation steps of swap mutation. 

Fig. 6. The flowchart of inter-homogeneous and intra-heterogeneous group formation process by NSGA-II as a multi-objective evolutionary optimization tool. 
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. Results and discussion 

To evaluate the performance and capabilities of the developed

ntelligent algorithm in optimal group formation process, a hypo-

hetical class of 40 learners was selected. The main target was de-

ned as grouping the learners into 4 learning groups each con-

isting of 10 members, satisfying a predefined level of inter-group

omogeneity and intra-group heterogeneity. Moreover, five hypo-

hetical characteristics of different types and range of variations

ere considered for prequalifying the learners. The data type and

ange of variation for each characteristic is shown in Table 1 . To

hallenge the developed evolutionary algorithm, a complex com-
ination of characteristics with different data types and range of

ariations was taken into account. As can be observed, the first

haracteristic is allowed to take only two integer values, i.e. 1 and

. The second characteristic of real data type varies between 0.0

nd 9.0 by step of 0.5. Characteristic 3 is considered to take per-

entage values between 0 and 100 by step of 10. The fourth one is

n integer data type between 1 and 5. The last characteristic is set

o take a real data type between 10.00 and 20.00. In the last col-

mn of Table 1 , some potential examples for each defined scoring

ystem are proposed. 

The learners and their corresponding scores for each character-

stic are listed in Table 2 . It should be noted that all learners’ scores
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Table 1 

The data type and range of variation of hypothetical characteristics applied for prequalification of learn- 

ers. 

Characteristic Type Range of variation Potential example 

Characteristic 1 Integer 1 or 2 Gender (1:Male or 2:Female) 

Characteristic 2 Real 0.0, 0.5, 1.0, …, 9.0 IELTS score 

Characteristic 3 Integer (Percentage) 0%, 10%, 20%, …, 100% Leadership skills 

Characteristic 4 Integer 1, 2, 3, 4, 5 GPA (1:A, 2:B, 3:C, 4:D, 5:E/F) 

Characteristic 5 Real 10.0 0–20.0 0 Communication skills 

Table 2 

The learners’ scores for each characteristic. 

Characteristic 1 

[1 or 2] 

Characteristic 2 

[0.0, 0.5, …, 9.0] 

Characteristic 3 

[0, 10, 20, …, 100%] 

Characteristic 4 

[A, B, C, D, E/F] 

Characteristic 5 

[10.00 – 20.00] 

S1 Female 1.00 9.0 1.00 30 0.30 E/F 1.00 10.25 0.02 

S2 Female 1.00 0.5 0.06 100 1.00 E/F 1.00 19.68 0.97 

S3 Female 1.00 5.0 0.56 20 0.20 C 0.50 15.49 0.55 

S4 Male 0.00 6.5 0.72 90 0.90 E/F 1.00 12.33 0.23 

S5 Female 1.00 8.0 0.89 90 0.90 C 0.50 15.84 0.58 

S6 Male 0.00 9.0 1.00 60 0.60 C 0.50 11.58 0.15 

S7 Female 1.00 7.0 0.78 10 0.10 A 0.00 17.66 0.77 

S8 Male 0.00 4.5 0.50 30 0.30 E/F 1.00 17.84 0.79 

S9 Male 0.00 2.5 0.28 60 0.60 A 0.00 17.45 0.75 

S10 Male 0.00 0.0 0.00 0 0.00 D 0.75 12.19 0.21 

S11 Female 1.00 8.5 0.94 70 0.70 A 0.00 16.45 0.65 

S12 Female 1.00 1.0 0.11 80 0.80 C 0.50 10.36 0.03 

S13 Female 1.00 6.0 0.67 100 1.00 C 0.50 18.90 0.89 

S14 Male 0.00 7.0 0.78 90 0.90 A 0.00 12.67 0.26 

S15 Male 0.00 9.0 1.00 90 0.90 E/F 1.00 19.23 0.93 

S16 Male 0.00 3.0 0.33 90 0.90 C 0.50 17.63 0.76 

S17 Male 0.00 7.5 0.83 70 0.70 C 0.50 15.92 0.59 

S18 Male 0.00 2.5 0.28 100 1.00 B 0.25 12.38 0.23 

S19 Male 0.00 8.0 0.89 50 0.50 B 0.25 10.08 0.00 

S20 Male 0.00 6.5 0.72 90 0.90 D 0.75 14.96 0.49 

S21 Female 1.00 3.0 0.33 60 0.60 E/F 1.00 15.19 0.52 

S22 Male 0.00 9.0 1.00 60 0.60 D 0.75 14.84 0.48 

S23 Male 0.00 2.0 0.22 80 0.80 D 0.75 13.21 0.32 

S24 Female 1.00 4.5 0.50 80 0.80 E/F 1.00 16.19 0.62 

S25 Male 0.00 4.5 0.50 80 0.80 D 0.75 15.83 0.58 

S26 Male 0.00 7.5 0.83 70 0.70 E/F 1.00 15.50 0.55 

S27 Male 0.00 9.0 1.00 80 0.80 B 0.25 19.95 1.00 

S28 Male 0.00 7.5 0.83 40 0.40 C 0.50 10.91 0.08 

S29 Female 1.00 8.0 0.89 60 0.60 C 0.50 15.48 0.55 

S30 Male 0.00 7.0 0.78 10 0.10 D 0.75 11.55 0.15 

S31 Male 0.00 4.0 0.44 50 0.50 C 0.50 18.74 0.88 

S32 Male 0.00 1.0 0.11 40 0.40 E/F 1.00 13.49 0.35 

S33 Female 1.00 0.5 0.06 30 0.30 A 0.00 14.81 0.48 

S34 Male 0.00 9.0 1.00 80 0.80 E/F 1.00 17.94 0.80 

S35 Female 1.00 7.5 0.83 40 0.40 D 0.75 12.87 0.28 

S36 Female 1.00 7.0 0.78 0 0.00 D 0.75 13.13 0.31 

S37 Female 1.00 3.0 0.33 90 0.90 C 0.50 19.71 0.98 

S38 Male 0.00 3.0 0.33 90 0.90 A 0.00 16.22 0.62 

S39 Male 0.00 4.5 0.50 0 0.00 B 0.25 11.89 0.18 

S40 Female 1.00 3.0 0.33 0 0.00 C 0.50 15.16 0.51 

Min 1 0.00 0.0 0.00 0 0.00 1 0.00 10.08 0.00 

Max 2 1.00 9.0 1.00 100 1.00 5 1.00 19.95 1.00 

Mean 1.40 0.40 5.39 0.60 59.00 0.59 3.30 0.58 15.04 0.50 
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were randomly generated applying the developed computer code

in a predefined range of variation for each characteristic. 

The presented dataset is an instance to challenge the developed

algorithm and also compare the potentialities and performances of

single- and multi-objective evolutionary optimization algorithms. 

Our tests have demonstrated that the developed algorithm and

the related computer code are capable of handling all real datasets

collected for any number of learners prequalified with multiple

characteristics, and also under all types of scoring systems. 

The minimum, maximum, and average values of each character-

istic is calculated and reported for the total sample of learners in

Table 2 . To initialize the grouping process, the characteristics were

recalled by the developed computer program as an input text file.

Then, all characteristics were normalized in the range of 0 to 1
pplying Eq. (3 ). The normalized scores are respectively shown in

ray columns of Table 2 . 

The optimization process was carried out based on the

forementioned computational algorithm (see the flowchart in

ig. 6 presented in the previous section). The type of the ap-

lied genetic operators and the values of adjusting parameters for

ingle- and multi-objective evolutionary algorithms are given in

able 3 . As can be seen, the initial population size was set to be

0 0 0. Also, both primary and secondary criteria of domination con-

ept were employed to sort population members at each epoch.

he crossover rate was set to be 50 percent, i.e. half of the exist-

ng ordered population was cleared away at each epoch and re-

laced by newcomers introduced via the recombination of the re-

ained members applying crossover and mutation operators. The
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Table 3 

Type of operators and adjusting parameters utilized in the developed evolutionary 

single- and multi-objective optimization processes. 

Optimization parameter Value 

Initial population size 10 0 0 

Sorting mechanism Non-dominated sorting ( Eqs. (10 ) and ( 11 )) 

Selection mechanism Elitism 

Mating mechanism Roulette wheel 

Crossover mechanism Order crossover 

Crossover rate 50% 

Mutation mechanism Swap mutation (Single-Gene) 

Mutation rate 15% 

Maximum of Error ( G g ) 0.50 

Maximum of Error ( Total groups ) 1.00 
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Fig. 7. Iteration-dependent error variations of single-objective optimization in opti- 

mal group formation. 
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election mechanism transferred half of the elite members to the

ext generation. Afterwards, the selected members were classified

nto mating pairs via the roulette wheel mechanism and experi-

nced order crossover to generate the offspring. Finally, swap mu-

ation operator was applied to mutate 15 percent of the new born

ffspring. 

In our optimization study, the main goal was the optimal group

ormation attaining the preset level of inter-group homogene-

ty and intra-group heterogeneity. As comprehensively explained

n the previous sections, the inter-group homogeneity and intra-

roup heterogeneity were quantified and measured for both ‘indi-

idual groups’ and ‘the total groups constructing a solution’ apply-

ng Eqs. (9 ) and ( 7 ), respectively. The stopping condition was set

o be error value of less than or equal to 1% for a potential solu-

ion Eq. (9 ) in case of both single- and multi-objective optimiza-

ions. Moreover, in multi-objective optimization mode, the maxi-

um acceptable error for each individual group was set to be 0.5%

q. (7 ) to successfully pass the inter-group homogeneity and intra-

roup heterogeneity criteria. Finally, the optimization process was

epeated until the preset targets, i.e. predefined error values, were

stablished. 

To precisely study the capabilities and effectiveness of single-

nd multi-objective Genetic Algorithms, the developed algorithm

nd program were put into practice to cluster the learners

presented in Table 2 ) into 4 inter-homogeneous and intra-

eterogeneous learning groups for both modes of optimization. We

ried to illustrate the importance of handling the optimal group

ormation by multi-objective optimizer. In most of the works pub-

ished on optimal group formation by a single-objective optimiza-

ion technique, only one objective is defined as the desirability

f a potential solution rather than considering the desirability of

ach formed learning group. Hence, in this paper, it has been at-

empted to demonstrate the powerfulness and appropriateness of

ulti-objective optimization in optimal grouping. 

.1. Group formation via single-objective Genetic Algorithm 

To cluster the learners into optimal learning groups applying

onventional Genetic Algorithms, Eq. (7 ) was utilized to evaluate

he fitness of each potential solution. Also, the optimization pro-

ess was immediately terminated when the calculated error for a

olution in a population took a value less than or equal to the pre-

efined error value, i.e. 1.0%. 

The error variation of the best solution in single-objective opti-

ization process demonstrated a decline of errors as the number

f iterations increased ( Fig. 7 ). The figure clearly shows an error

ecline from 4.50% (in the 1st iteration) to 0.99% (in the last iter-

tion) in 119 iterations. In fact, in the last iteration, the algorithm

as successfully evolved the population and found an appropriate

olution with error value (i.e. the total average deviation percent-

ge of the best solution) less than 1.0%. 
The optimum solution obtained by applying the single-objective

enetic Algorithm is shown in Table 4 . The solution is composed

f 4 inter-homogeneous and intra-heterogeneous learning groups

ach consisting of 10 learners. The error values of all individual

roups constructing the optimal solution were separately calcu-

ated and reported based on Eq. (9 ). Despite the fact that the ob-

ained solution has successfully satisfied the predefined target for

ingle-objective optimization, i.e. the preset total error of 1.0%, it

as failed to convince the error value preset for individual groups.

n this case, the calculated error values for groups 1 to 4 were

.0205, 0.7176, 1.4704, and 0.4491% respectively. The mean val-

es of learners’ characteristics along with the deviation percent-

ge for all characteristics were computed and reported in Table 4 .

t is found that the mean values of the first and fourth character-

stics for all groups are exactly equal to the corresponding values

f the total sample of learners. In contrast, remarkable deviations

ere observed for the second characteristic of Group 2 (i.e. 1.25%)

nd the third and fifth characteristics of Group 3 (i.e. 2.00, and

.42% respectively). As can be observed, only the 4th group has had

he chance to satisfy the preset error value controlling the level

f inter-homogeneity and intra-heterogeneity for individual groups,

.e. 0.5%. 

Suffice it here to say that the single-objective optimization

ethod only attempts to satisfy the total error and principally

as limited control and sensitivity to the error values of individ-

al groups. The main shortcoming of single-objective Genetic Al-

orithms is exploring the search space to find optimal solutions in

ulti-criteria problems based on an average fitness value. 

In addition, converting a multi-objective optimization problem

nto a single-objective one and defining one or more constraints

or the simplified single-objective case is actually not the proper

olution for handling multi-objective problems. It is due to the fact

hat in single-objective optimizations, the algorithm tries to regu-

ate and evolve the population (i.e. potential solutions) towards the

est solution considering the predefined objective. In other words,

uring the optimization process it only satisfies the predefined tar-

et via adjusting/improving the fitness value for each potential so-

ution. The predefined constrains are only checked at the end of

terations. Therefore, merely defining the constraint(s) is not an ap-

ropriate approach to handle the multi-objective problems. Multi-

bjective optimization problems should be managed by expert op-

imizers/algorithms professionally designed to simultaneously han-

le several objectives in a multi-objective optimization framework.

n other words, multi-objective optimizers like NSGA-II are capable

f evolving the population (potential solutions) towards optimal
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Table 4 

The optimal learning groups formed based on single-objective Genetic Algorithm. 

Characteristic 1 Characteristic 2 Characteristic 3 Characteristic 4 Characteristic 5 Error (G g ) (%) 

Total learners 

1.40 5.39 59.00 3.30 15.04 –

Group 1: {S23, S7, S30, S2, S24, S17, S38, S19, S36, S20} 

1.40 (0.00%) 5.30 (0.97%) 58.0 0 (1.0 0%) 3.30 (0.00%) 14.86 (1.81%) 1.0205 

Group 2: {S12, S31, S15, S22, S6, S28, S32, S37, S40, S11} 

1.40 (0.00%) 5.50 (1.25%) 58.0 0 (1.0 0%) 3.30 (0.00%) 15.05 (0.11%) 0.7176 

Group 3: {S18, S5, S29, S3, S35, S26, S10, S34, S16, S9} 

1.40 (0.00%) 5.30 (0.97%) 61.0 0 (2.0 0%) 3.30 (0.00%) 15.28 (2.42%) 1.4704 

Group 4: {S8, S27, S4, S25, S14, S33, S21, S1, S39, S13} 

1.40 (0.00%) 5.45 (0.69%) 59.0 0 (0.0 0%) 3.30 (0.00%) 14.97 (0.72%) 0.4491 
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solutions taking all objectives into account concurrently. Hence,

in case of multi-objective optimizations like optimal group forma-

tion, an appropriate professional technique specifically designed to

manage multiple-criteria subjects should be inevitably applied. In

the next section, the application of multi-objective Genetic Algo-

rithm for optimal group formation is discussed in detail. 

3.2. Optimal grouping via multi-objective Genetic Algorithm 

To appropriately implement NSGA-II for optimal group forma-

tion, Eqs. (7 ) and ( 9 ) are simultaneously applied to calculate the

total average error value of a solution and the error value of the in-

dividual existing groups in the same solution, respectively. Hence,

each solution in a population is evaluated based on five different

fitness values. In other words, each group in a potential solution

brings its own fitness value calculated using Eq. (9 ) (totally four

fitness values evaluating four coexisting learning groups in the so-

lution) and one more fitness value is calculated applying Eq. (7 )

to control the overall average desirability of the solution. The op-

timization process stops whenever the total average error value of

the best solution and the error value of each individual group in

the best solution satisfy the predefined targets. 

Fig. 8 represents the fitness values obtained by the best mem-

ber of the population at different iterations. As can be observed,

five objecti ves should be mutually monitored and converged to-

wards the preset target values by heuristic evolution of poten-

tial solutions. The fitness-iteration curves have shown peculiar

variations in contrast to a continuous decline generally observed

in single-objective optimizations. Undoubtedly, there are complex

non-linear interrelationships between the learners’ characteristics,

proposed fitness functions, and applied genetic operators mak-

ing the multi-objective group formation process more complicated

than single-objective optimizations, which are operating mostly

based on simple sorting algorithms. As mentioned in model de-

scription section, NSGA-II efficiently identifies the best solution(s)

at each epoch taking the domination concept and crowding dis-

tance criterion into account. Thus, the potential solutions are con-

tinuously evolved towards the optimal solution in a more intelli-

gent yet stochastic manner. In other words, the fitness values of

the best solution may not necessarily follow a continuous decline

mode. 

As can be seen, the developed algorithm has finalized the opti-

mization process after 169 iterations ( Fig. 8 ). At this stage, an ap-

propriate solution has emerged successfully satisfying all five pre-

set conditions. The fitness values of the best solution in the first

iteration were 17.02%, 5.98%, 15.01%, 2.94%, and 11.83% respectively

while the values were 0.44%, 0.39%, 0.19%, 0.40%, and 0.37% in the

last iteration. It should be emphasized that the first four values re-

flect the error values obtained for groups 1 to 4 (based on Eq. (9 ))

and the last value indicates the total average error value for the

solution calculated by Eq. (7 ). The proposed algorithm has success-

fully declined the fitness values below 0.5% in case of individual
roups constructing the optimal solution and below 1.0% for the

ptimal solution as a whole. The details of the best solution ob-

ained at various iterations can be observed in the Supplementary

nformation. 

The Pareto optimal front (i.e. the first Pareto front containing

on-dominated solutions) obtained in the last iteration is shown

n Table 5 . As can be observed in the last iteration, 28 potential

olutions are located in the first Pareto front and sorted based on

he corresponding crowding distance values ( C.D .). Apparently, ac-

uiring the rank value of 1 has led the solutions to be placed

n the Pareto optimal front in the last stage. Among all the non-

ominated solutions, solution #1 has satisfied all five preset ob-

ectives and stopped the evolutionary search process. As a matter

f fact, in multi-objective optimizations applying NSGA II, the so-

utions located in the first Pareto front are the fittest ones among

ll members of the population and each has the possibility to be

volved to satisfy the preset conditions and stop the optimization

rocess. However, the optimal solution(s) finalizing the evolution-

ry process may not necessarily stand in the first position of the

areto optimal front ordered by crowding distance. 

Table 6 represents the optimal solution and the constructing

nter-homogeneous and intra-heterogeneous groups in detail. As

an be seen, all groups have error value of less than 0.5%. Also, the

ean value of each characteristic for each optimal group is calcu-

ated and reported. The mean values of all characteristics for each

ndividual optimal group are mostly equal to the mean values of

he corresponding characteristics of the total sample of learners.

he deviation percentage of each characteristic is presented in the

arentheses. The mean values of the first, third and fourth charac-

eristics of all individual groups interestingly indicate no deviation

rom the reference values, i.e. the mean values of the total sample

f learners. On the other hand, the maximum deviations are 0.97%

nd 0.87% as can be observed in the second characteristic of Group

 and the fifth characteristic of Group 2 respectively. 

In contrast to single-objective Genetic Algorithm optimization

ethods, NSGA-II as a versatile and powerful multi-objective evo-

utionary search strategy has unique potentialities in optimal inter-

omogeneous and intra-heterogeneous group formation problems.

t can also be effectively implemented to challenge most optimal

roup formation problems with any degree of complexity. The de-

eloped program based on NSGA-II is capable of precisely handling

ptimal group formation problems with any number of learners,

ny number of characteristics (data type and the range of varia-

ion), and any number of groups to be formed in a computation-

lly cost-effective manner. Unlike many other related works apply-

ng iteration as the key decision making factor to finalize the op-

imization process, in this paper, appropriate fitness functions are

efined and put into practice providing the means to preset more

fficient and reliable conditions to stop the evolutionary search-

ng process. Furthermore, practicing ‘a preset number of iterations’

ay not necessarily guarantee the culmination of evolution pro-
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Table 5 

The Pareto optimal front obtained for inter-homogeneous and intra-heterogeneous group formation. 

Eq. (9) Eq. (7) 

Solution Group 1 Group 2 Group 3 Group 4 Error(G1) Error(G2) Error(G3) Error(G4) Error(Total Groups) Rank C.D. 

1 31,8,14,4,3,1,5,38,10,13 26,21,16,6,33,24,28,7,25,17 12,35,34,40,19,2,30,20,27,9 22,15,29,23,11,32,18,37,39,36 0.44 0.39 0.19 0.40 0.37 1 inf. 

2 3,23,18,36,22,13,16,19,40,15 14,32,20,12,2,26,7,17,31,37 35,28,29,6,30,11,21,25,27,10 34,5,4,9,39,24,33,8,1,38 0.35 7.32 7.47 1.05 5.26 1 inf. 

3 16,6,36,26,18,40,15,14,3,24 29,22,33,27,19,21,17,2,28,32 13,11,35,10,31,1,25,4,37,39 12,34,30,20,9,5,38,8,23,7 2.26 0.06 4.98 5.57 3.90 1 inf. 

4 15,39,25,40,36,22,14,37,18,24 4,31,6,33,1,7,16,38,21,26 34,27,35,20,9,13,2,28,17,10 30,11,29,23,3,32,5,8,12,19 0.30 1.40 7.37 7.09 5.16 1 inf. 

5 16,38,36,26,18,40,15,14,3,24 29,22,33,27,19,21,17,2,28,32 13,11,35,10,31,1,30,25,4,9 5,6,7,39,34,8,37,20,23,12 2.82 0.06 3.48 0.99 2.29 1 inf. 

6 15,36,39,18,25,22,14,37,40,24 9,4,29,21,6,33,32,2,28,17 10,13,30,20,11,5,8,31,38,1 7,3,16,26,35,23,34,19,12,27 0.30 4.46 2.20 2.82 2.86 1 inf. 

7 1,14,31,3,5,38,10,8,4,13 29,22,33,27,19,21,17,2,28,32 40,26,7,16,6,24,25,12,35,30 20,34,9,15,23,11,18,37,39,36 0.44 0.06 6.50 6.50 4.60 1 0.83 

8 14,12,25,37,15,39,24,31,6,36 29,22,33,27,19,21,32,2,28,17 10,23,30,34,11,13,20,3,35,38 40,7,5,4,9,18,1,16,26,8 1.44 0.06 0.61 1.18 0.98 1 0.55 

9 18,36,40,15,14,22,25,37,39,24 9,4,2,31,6,33,28,35,3,20 32,13,1,11,30,7,16,17,23,26 38,5,10,34,12,29,8,21,19,27 0.30 2.58 2.71 1.39 2.00 1 0.40 

10 14,12,25,24,31,6,36,37,39,15 29,22,33,27,19,21,2,28,17,32 10,13,30,20,11,3,35,23,38,34 40,18,9,7,5,1,16,26,4,8 1.44 0.06 0.61 1.18 0.98 1 0.39 

11 16,26,38,15,36,18,6,7,40,24 29,22,33,27,19,21,17,2,28,32 13,11,35,10,31,1,25,4,37,39 9,14,8,20,5,3,23,30,12,34 2.39 0.06 4.98 5.06 3.74 1 0.38 

12 22,40,25,36,18,14,37,39,15,24 21,8,9,4,29,31,6,33,2,28 17,10,13,30,3,35,23,11,38,34 27,20,32,5,12,7,1,26,19,16 0.30 4.41 1.93 4.11 3.17 1 0.36 

13 25,40,22,18,36,14,24,37,39,15 9,4,29,31,6,35,34,5,32,33 2,28,17,10,13,8,26,11,23,38 3,16,21,19,12,27,7,20,30,1 0.30 1.15 6.98 6.86 4.93 1 0.36 

14 15,39,25,40,36,22,14,37,18,24 9,4,33,29,31,6,2,28,17,13 11,10,34,23,30,20,3,35,32,5 8,21,1,12,27,7,38,26,19,16 0.30 5.29 6.18 1.26 4.12 1 0.35 

15 15,25,40,36,18,22,14,37,39,24 31,21,16,38,1,7,4,6,33,34 27,35,20,9,13,2,28,17,29,10 30,11,26,3,8,32,23,5,19,12 0.30 1.43 4.41 5.77 3.71 1 0.34 

16 25,40,22,36,18,14,24,37,39,15 9,29,31,2,28,6,33,4,1,17 13,30,20,11,3,35,10,23,38,34 5,16,21,19,12,27,8,32,7,26 0.30 1.92 0.61 2.09 1.46 1 0.33 

17 16,15,36,22,19,3,18,40,23,13 32,14,20,12,2,26,7,17,39,5 29,11,31,9,35,34,4,24,10,28 37,6,30,33,8,1,38,25,27,21 0.35 3.20 2.50 1.91 2.25 1 0.33 

18 15,16,3,36,19,22,18,40,23,13 32,14,20,12,26,7,39,9,5,24 4,29,31,6,2,33,17,37,28,30 11,35,34,10,8,25,38,21,27,1 0.35 4.55 0.51 4.60 3.25 1 0.33 

19 24,22,40,25,36,18,14,37,15,39 9,4,29,34,11,3,32,2,28,31 10,20,5,17,6,13,35,23,30,33 8,38,21,12,27,7,1,26,19,16 0.30 3.78 3.97 1.26 2.82 1 0.30 

20 25,40,22,36,14,37,39,15,18,24 4,33,8,29,31,6,9,2,1,20 28,17,10,13,30,11,3,35,23,38 34,5,32,26,16,21,19,12,27,7 0.30 2.96 5.49 3.51 3.58 1 0.30 

21 15,39,25,40,36,22,14,37,18,24 33,8,29,31,6,9,2,4,28,17 10,13,30,20,11,3,35,23,38,34 5,16,21,19,12,27,7,26,32,1 0.30 5.29 0.61 5.21 3.73 1 0.28 

22 40,25,18,15,36,14,37,39,24,22 4,13,28,17,29,10,3,8,5,38 20,31,35,12,19,2,30,34,27,9 6,33,32,11,23,16,21,26,7,1 0.30 1.11 5.24 5.67 3.90 1 0.24 

23 15,36,39,18,25,22,14,40,37,24 9,4,29,8,2,31,6,33,28,35 3,20,32,13,21,17,30,11,23,38 34,27,5,16,10,26,19,12,1,7 0.30 2.23 2.85 4.05 2.72 1 0.23 

24 15,39,25,40,36,22,14,37,18,24 29,4,11,3,23,34,10,20,32,5 28,33,35,31,13,8,21,38,6,17 12,2,19,9,30,16,26,7,27,1 0.30 4.87 2.77 2.30 3.03 1 0.22 

25 15,39,25,40,36,22,14,37,18,24 33,8,29,31,6,9,2,4,28,17 10,13,30,20,11,3,35,23,38,34 5,16,21,12,27,7,26,19,32,1 0.30 5.29 0.61 5.21 3.73 1 0.03 

26 15,40,36,14,38,16,26,18,3,24 29,22,33,27,19,21,32,2,28,17 13,11,10,35,31,1,25,4,30,9 5,6,7,39,34,8,37,20,23,12 2.82 0.06 3.48 0.99 2.29 1 0.02 

27 15,36,39,18,25,22,14,37,40,24 9,4,29,21,6,33,32,2,28,17 10,13,30,20,11,5,8,31,38,1 7,3,16,26,35,23,34,19,12,27 0.30 4.46 2.20 2.82 2.86 1 0.01 

28 16,36,26,38,18,40,15,14,3,24 29,22,33,27,19,21,17,2,28,32 13,11,35,10,31,1,30,25,4,9 5,6,7,39,34,8,37,20,23,12 2.82 0.06 3.48 0.99 2.29 1 0.00 
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Fig. 8. Iteration-dependent error variations of the multi-objective optimization in optimal group formation: (A) Group 1; (B) Group 2; (C) Group 3; (D) Group 4; and (E) 

Total groups. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

cess in heuristic search strategies equipped with stochastic ex-

ploitation and exploration operators. 

All in all, considering its intricate nature, optimal grouping

as an essential and complex step in a wide variety of applica-

tions should be handled by professional multi-criteria optimiz-

ers to guarantee the accuracy and effectiveness of the optimally

formed groups. Based on the experimental computational results,

the main outcomes of our work can be summarized as follows: 

1. It has been observed that NSGA-II, as the multi-objective ver-

sion of Genetic Algorithms, not only can effectively manage op-

timal grouping problems with any levels of complexity, but also
can be considered as a potential candidate to address unsolved

optimization questions in expert systems with a wide variety of

applications. 

2. Applying the proposed multi-objective optimizer, the group or-

ganizers or course instructors encounter no limitation on either

the type and number of input variables to be optimized or the

type and number of objectives/targets to be satisfied. 

3. Although the solution proposed by the single-objective opti-

mizer satisfied the average desirability of all formed groups al-

together, some of the proposed groups were not able to meet

the preset goals of inter-homogeneity and intra-heterogeneity. 
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Table 6 

The optimal learning groups formed based on the multi-objective Genetic Algorithm, NSGA II. 

Characteristic 1 Characteristic 2 Characteristic 3 Characteristic 4 Characteristic 5 Error(G g ) (%) 

Total learners 

1.40 5.39 59.00 3.30 15.04 –

Group 1: {S6, S37, S25, S26, S33, S7, S20, S8, S1, S18} 

1.40 (0.00%) 5.30 (0.97%) 59.0 0 (0.0 0%) 3.30 (0.00%) 15.05 (0.09%) 0.4366 

Group 2: {S22, S23, S5, S34, S3, S10, S27, S12, S13, S39} 

1.40 (0.00%) 5.40 (0.14%) 59.0 0 (0.0 0%) 3.30 (0.00%) 15.12 (0.87%) 0.3941 

Group 3: {S9, S19, S38, S24, S4, S16, S15, S35, S40, S36} 

1.40 (0.00%) 5.40 (0.14%) 59.0 0 (0.0 0%) 3.30 (0.00%) 14.99 (0.39%) 0.1865 

Group 4: {S2, S28, S17, S30, S31, S29, S11, S14, S32, S21} 

1.40 (0.00%) 5.45 (0.69%) 59.0 0 (0.0 0%) 3.30 (0.00%) 14.98 (0.57%) 0.4009 
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4. The results obtained clearly indicated that the proposed multi-

objective optimizer were capable of discovering the actual

global optimum. In other words, uncovering all possible solu-

tions and reporting the Pareto optimal front, the multi-objective

optimizer, NSGA-II, proved its outstanding capabilities in opti-

mal grouping processes. The proposed solutions were capable

of simultaneously satisfying all predefined targets/constraints

for the whole solution and also all individual formed groups. 

5. The developed optimization tool is intelligently competent to

group any number of learners prequalified with multiple char-

acteristics into any number of inter-homogeneous and intra-

heterogeneous learning groups. Also, it can be challenged by

any complex combination of characteristics with different data

types and range of variations. 

6. Although the number of iterations has been considered as the

stopping criterion in most of the works published in optimal

grouping domain, in our study a reliable stopping condition was

defined and successfully put into practice. It took into account

the deviation percentage of the potential solutions from a pre-

set target value. 

7. Last, but by no means the least, our work is an attempt to pro-

pose a robust vector optimization algorithm to effectively solve

grouping problems in collaborative learning applications. The

generality of the proposed intelligent algorithm makes it a suit-

able candidate to be applied in case of all grouping problems in

a wide range of applications including assembly line balancing,

cell formation in manufacturing systems, timetabling, task as-

signment problem, data clustering, job shop scheduling, modu-

lar product design, vehicle routing problem, advertisement al-

location, and facility location. 

. Conclusion and future work 

A well-structured algorithm was developed capable of grouping

earners into inter-homogeneous and intra-heterogeneous learn-

ng groups in a computationally cost-effective manner. The pro-

ram was equipped with Non-dominated Sorting Genetic Algo-

ithm as one of the most powerful and unique sorting algorithms

n multi-objective optimization problems. The developed Compu-

ational Intelligence technique was applied to handle the optimal

rouping of learners prequalified with different characteristics. Ap-

ropriate fitness functions were defined to precisely calculate the

nter-homogeneity and intra-heterogeneity of all groups construct-

ng a solution as a whole and each individual group in the same

olution. The proposed fitness function has an innate capacity to

uantify the level of inter-homogeneity and intra-heterogeneity for

ach individual group via calculating the deviations of the learners’

haracteristics distributed in different individual learning groups. 

One of the significant aims of our work is to emphasize the

mportance of applying a more appropriate technique for opti-

ization purposes. In other words, the main focus of this paper

s to highlight the importance of applying an optimization tech-
ique, which is principally designed to handle multi-objective op-

imization problems especially the optimal grouping in collabora-

ive learning applications. The experimental results clearly demon-

trated that the single-objective optimizer mostly attempts to pro-

ose a solution satisfying the quality of all formed groups in aver-

ge. In other words, it principally has limited control and sensitiv-

ty to the quality of individual groups. In fact, the performance and

ccuracy of optimally formed groups by single-objective optimiza-

ion algorithm needs to be revisited. 

This problem can be effectively overcome by applying the

ulti-objective optimizers, e.g. NSGA-II. Generally, single-objective

ptimizers are capable of identifying the optimal solution taking

he overall desirability of the potential solutions into account. In

ther words, they basically have limited control on the fitness

alues that individual learning groups acquire during the opti-

ization process. Multi-objective Genetic Algorithm, in remarkable

ontrast, resulted in more reliable optimal solution(s) due to the

mpressively powerful selection and sorting operators specifically

esigned to handle multi-criteria optimization problems. NSGA-

I evolved the populations of potential solutions towards opti-

al inter-homogenous and intra-heterogeneous learning groups 

ia evaluating and filtering the members of populations based on

ifferent preset fitness values. Supported by the simulation re-

ults, our proposed multi-objective algorithm is a proper and re-

iable optimization method for grouping any number of learners

requalified with various characteristics of any data types and

ange of variations into optimal inter-homogeneous and intra-

eterogeneous learning groups. 

In conclusion, the established intelligent computational tool

ased on NSGA-II was capable of effectively handling both single-

nd multi-objective optimization scenarios. The obtained results

evealed that it is a robust and powerful tool to appropriately

olve optimal grouping problems with different levels of com-

lexity. Also, the established computational framework can be ef-

ectively applied by academic and industrial experts to manage

onstant/variable grouping processes and order-dependent/order- 

ndependent grouping problems as well. 

The future research in this area will mainly deal with the ap-

lication of the proposed algorithm, and relevant specific consider-

tion in fitness functions and stopping criteria, to practically man-

ge the optimal learning group formation process in learning sys-

ems. Furthermore, in order to precisely analyze and evaluate the

apabilities of the proposed model in complex systems, we aim to

tudy the implementation of the model to conduct optimal learn-

ng group formation in collaborative learning environments via in-

elligent classification based on learner preferences and learning

asks in flexible learning spaces. Even though the optimal learn-

ng group formation was considered as a constant and order-

ndependent grouping problem in the present work, we aim to

tudy optimal grouping in innovative learning environments, more

pecifically in flexible learning spaces, as a variable and order-
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dependent grouping problem applying the proposed intelligent op-

timal grouping algorithm. Also, we plan to investigate the appli-

cability of the proposed optimizer in handling optimal grouping

problems in other disciplines through the lens of the accuracy and

effectiveness. 
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