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Novel Approach to Facilitating Tradeoff
Multi-Objective Grouping Optimization

Yu-Shih Lin, Yi-Chun Chang, and Chih-Ping Chu

Abstract—The grouping problem is critical in collaborative learning (CL) because of the complexity and difficulty in adequate grouping,
based on various grouping criteria and numerous learners. Previous studies have paid attention to certain research questions, and the
consideration for a number of learner characteristics has arisen. Such a multi-objective grouping problem is with conflicting grouping
objectives, involving the benefit objective (e.g. learning achievement) and cost objective (e.g. class rank) which are conflicting in
different directions. This study first proposed a novel approach based on the enhancement of a Genetic Algorithm (GA) with the
Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) for facilitating the tradeoff multi-objective grouping
optimization, and based on the proposed approach further developed a web-based group support system to help educators for
adequate grouping of homogeneous inter-group and heterogeneous intra-group. In addition, the distribution of learners in the class was
considered for group formation. Two types of experiments were conducted; one involved a performance analysis against a GA and

the Random approach, and the other entailed a study on CL with 90 participants. The experimental results showed the following:

1) The proposed approach is not only more effective than a GA and the Random approach but also more efficient than a GA. 2) As a
grouping strategy, the proposed approach can facilitate improved learning performance with statistical significance; in other words,

the developed system is able to adequately allocate learners to teams for facilitating CL.

Index Terms—Collaborative learning (CL), decision support, evolutionary computing, genetic algorithms (GAs), IT applications

1 INTRODUCTION

COLLABORATIVE learning (CL) has been defined as learn-
ing in a group through discussion and joint knowledge
construction [1]. CL is consistent with the manner of knowl-
edge construction proposed by Vygotsky [2], according to
which learners acquire new knowledge and skills through
teamwork [3]. CL has been successfully used in education
as a pedagogic strategy to supplement and enrich individ-
ual learning [4] and improve academic performance [5].
Several studies have argued that with advanced computer
technologies, computer-supported CL not only provides a
superior experience but also promotes motivation and
improves learning achievements [6], [7], [8].

In particular, considering that group formation is crucial
in CL, dividing learners into groups has been widely
regarded as essential [1], [9]. Khandaker and Soh [9] stated
that inadequate grouping leads to failed collaboration. For
example, random assignment and self-organized grouping
traditionally have been employed by instructors to allocate
learners into groups. However, random assignment and
self-organized grouping lead to inadequate grouping,
resulting in only certain groups achieving learning goals
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[10], [11], [12]. Consequently, as Moreno et al. [1] stated,
adequate grouping, which considers various criteria for
group formation, facilitates improved interaction and leads
to superior learning results.

However, learning achievement is not the only group-
ing criterion. Liu and Tsai [13] suggested that adequate
grouping does not depend on having members with high
achievements. Moreover, various grouping criteria have
been explored and shown to be related to learner status,
such as knowledge level, communicative and leadership
skills, interests, and learning styles [1], [11], [14], [15].
With increasing numbers of learners, it is difficult for
instructors to consider multiple grouping criteria [14],
[16]. Because the workload for instructors is generally
high, and considering the need for fulfilling various
grouping criteria [3], [17], the complexity of group forma-
tion for effective CL has been likened to solving an NP-
hard problem [1], [3], [14].

Several studies have investigated the grouping problem
in CL. Wang et al. [18] constructed a computer-supported
grouping system based on a GA considering thinking style
of learners. Kyprianidou et al. [15] developed a web-based
grouping system concerning learning styles, and Liu et al.
[11], [19] also considered learning styles in their proposed
intelligent grouping. Ounnas et al. [20] presented a frame-
work based on semantic web technology and logic pro-
gramming, considering the involved constraints and
avoiding the orphan problem. Chan et al. [21] used a GA
considering group complementary scores. Hubscher [17]
used a tabu search algorithm concerning context-specific
preferences for project groups, and a new general criterion,
called evenly skilled, was proposed. Lin et al. [14] enhanced
particle swarm optimization to understand levels and
interests, and Zheng and Pinkwart [22] presented a discrete
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particle swarm optimization considering MBTI (Myers-
Briggs Type Indicator) personality and gender.

Khandaker and Soh [9] proposed iHUCOFS framework
considering the balance of learner competence and compati-
bility. Based on their proposed multi-agents framework,
they implemented the ClassroomWiki considering learning
contribution [23]. Tan et al. [24] presented the location-
based dynamic grouping for collaborative mobile learning;
also, learners’ learning profile, styles, and interests were
considered. Huang and Wu [25] proposed an algorithm
entailing a ubiquitous learning portfolio. Agustin-Blas et al.
[26] presented a model based on the problem of Machine-
Part Cell Formation, and proposed a hybrid GA to solve it.
Yeoh and Nor [27] presented an algorithm considering gen-
der and race. Yannibelli and Amandi [3] proposed a deter-
ministic crowding GA concerning the learner’s role based
on Belbin’s model [28], [29]. Srba and Bielikova [12] consid-
ered feedback from learners’ collaborations for dynamic
groups, because the learner characteristics did not comple-
ment each other in changing short-term groups.

Above studies have paid attention to certain research
questions, and the consideration for a number of learner
characteristics has been arisen. Such problem is difficult
and interesting and has engaged researchers in studying.
For examples, Hwang et al. [16] enhanced a GA to satisfy
multiple grouping criteria, and Moreno et al. [1] further
translated the grouping problem into multi-objective opti-
mization by employing a GA. Consequently, the multi-
objective grouping optimization has been a great impor-
tance in CL.

Each grouping criterion related to a learner’s characteris-
tic is defined as a benefit objective (the higher the more
favorable) or a cost objective (the lower the more favorable).
For example, learning achievement is a benefit objective
because a higher learning achievement is more favorable;
by contrast, class rank is a cost objective because a lower
class rank is more favorable. Because the benefit and cost
objectives conflict in opposite directions and both involve a
tradeoff, the grouping problem considering multiple group-
ing criteria related to learner characteristics can be
described as a tradeoff multi-objective grouping optimiza-
tion. Previous methods involved translating the grouping
criteria to the same direction, which increased not only the
workload but also the probability of mistakes by the instruc-
tors. However, instructors must concentrate on pedagogical
theories for designing CL activities.

In addition, based on educational theories of CL, the typ-
ical grouping strategies involve heterogeneous intra-group
(dissimilar members) and homogeneous inter-group (simi-
lar groups), which are widely used in CL activities [3], [17],
[22], [25]. A heterogeneous group is composed of several
members whose gender, achievements, and skills etc., are
different or complementary. In particular, the group mem-
bers are assigned the levels of low, medium, and high,
which are distributed in the class. A group is a microcosm
of the class, in which the advanced learners help the learn-
ers in need. In addition, to make competition among the
groups fairer, all groups must be balanced and homoge-
neous regarding the overall performance of each group.
However, previous approaches have directed little attention
toward the distribution of learners regarding group

formation, and there is still a lack of feasible solutions. In
addition, addressing the aforementioned multiple grouping
criteria is time-consuming for achieving heterogeneous
intra-group and homogeneous inter-group with a high
number of learners, and increases the workload of instruc-
tors. Therefore, improving the quality of grouping solutions
is difficult.

Hence, this study first proposed a novel approach for
facilitating the tradeoff multi-objective grouping optimi-
zation. Further, a web-based group support system based
on the proposed approach was developed to assist
instructors in allocating learners to heterogeneous intra-
group and homogeneous inter-group. Such a grouping
solution not only prevents inadequate grouping resulting
from random assignment and self-organized grouping,
but also facilitates superior learning interaction within
the group and among the groups. The proposed approach
considers the scalability for multiple grouping criteria
related to learner characteristics, which are defined as
benefits and costs. The distribution of learners in the class
is considered in group formation. To promote a higher
quality of grouping solutions, the proposed approach is
based on the enhancement of a Genetic Algorithm (GA)
with the Technique for Order Preference by Similarity to
Ideal Solution (TOPSIS). The developed system, which is
easy to use, enables instructors to reduce their workload
and the probability of mistakes; consequently, they have
more time to concentrate on pedagogical theories for
designing CL activities, thereby increasing the quality
and efficiency of teaching.

2 GENETIC ALGORITHM

The GA proposed by Holland [30] is population-based and
employs swarm intelligence; it simulates evolutional theory
to search the problem space in multiple parallels and iden-
tify possible alternatives. GAs have been widely studied in
the context of e-learning, in applications such as autoreply
accuracy optimization [31] and learning style identification
[32]. In addition, GAs have been successfully used to
approach solutions to NP-hard problems, for example
the test sheets construction [33]. In this study, a GA was
adopted because of previous relevant experiences of identi-
fying near-optimal solutions to NP-hard problems with an
acceptable computational effort.

3 TECHNIQUE FOR ORDER PREFERENCE BY
SIMILARITY TO IDEAL SOLUTION

The TOPSIS, proposed by Hwang and Yoon [34], is a multi-
ple criteria/objectives decision-making technique entailing
certain alternatives that define a positive-ideal solution and
a negative-ideal solution for each criterion. In addition, each
criterion is defined as a benefit objective or a cost objective.
The positive-ideal solutions maximize the benefit criteria
and minimize the cost criteria, whereas the negative-ideal
solutions maximize the cost criteria and minimize the bene-
fit criteria. For alternative decision making, their orders of
priority are based on a similarity to the ideal solution; in
other words, the most favorable outcome is the nearest to
the positive-ideal solutions and also the furthest from the
negative-ideal solutions.
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L1 L2 Ls L4 Ls Ls L7
C1 70 60 80 50 30 40 90
C2 60 70 90 40 30 50 80 Xy

GCs 3 4 1 6 7 5 2
C: 067 050 083 033 0.00 017 1.00
C: 050 067 100 017 0.00 033 083 X
C 033 050 0.00 0.83 1.00 0.67 0.17
Dy 039 046 0.09 079 100 072 0.14
Dy 062 056 095 023 0.00 029 0.89
Zs 061 055 091 023 0.00 029 0.86

Fig. 1. Matrix regarding S learners with Q grouping criteria.

The TOPSIS comprises four steps: Step 1. Constructing
a decision-making matrix. This step involves constructing
a matrix for considering multiple criteria regarding alter-
natives. The matrix is constructed by allocating the alter-
natives to the left of the matrix, allocating the criteria to
the top of the matrix, and filling the cells <alternatives,
criteria> of the matrix with the values of the criteria of
the alternatives. Step 2. Determining a positive-ideal solu-
tion and a negative-ideal solution. This step entails deter-
mining a positive-ideal solution and a negative-ideal
solution for each criterion based on whether the criteria
represent a benefit or a cost objective. Step 3. Using the
m-dimensional Euclidean distance to compute two meas-
ures. This step involves computing the Euclidean distance
from the positive-ideal solutions for the criteria as one
measure, and the Euclidean distance from the negative-
ideal solutions for the criteria as an additional measure,
for each alternative. Step 4. Computing the relative close-
ness to the ideal solution. This step entails computing the
relative closeness to the ideal solution for each alterna-
tive, on the basis of considering the distance from the
positive-ideal solutions of the criteria and distance from
the negative-ideal solutions of the criteria. The most
favorable alternative considering multiple criteria is that
which is the nearest to the positive-ideal solutions and
also the furthest from the negative-ideal solutions.

The TOPSIS has been successfully employed in various
applications including multiple criteria/objectives decision-
making in, for instance, patent rankings [35], project portfo-
lio selection [36], and reverse logistics contractor selection
[37]. Because the TOPSIS is effective in making decision for
satisfying multiple criteria or objectives problems, it may
be a suitable alternative for achieving tradeoff multiple
grouping objectives.

4 EDUCATIONAL SCENARIO OF GROUPING
PROBLEM WITH TRADEOFF MULTI-OBJECTIVE
GROUPING OPTIMIZATION

A real-life learning scenario is described as follows. In the
school, students are allocated to groups for CL. Teachers
typically consider student characteristics for the grouping
criteria, such as their learning behavior and style, degree of
cooperation, personal preference, and communication. Each
factor is quantified and given a value; in addition, each fac-
tor is defined as a benefit objective or a cost objective. For
factors representing a benefit objective, a high value is
favorable; by contrast, for factors representing a cost objec-
tive, a low value is favorable. For example, teachers

consider the number of completed exercises, total score of
completed exercises, total time to complete exercises,
absence rate, total score of tests, and class rank for grouping.
The number of completed exercises, total score of completed
exercises, and total score of tests are defined as benefit
objectives, because high values are more favorable than low
ones. The total time to complete exercises, absence rate, and
class rank are cost objectives, because low values are more
favorable than high ones. Moreover, because the benefit
and cost objectives conflict in opposite directions, several
factors represent a tradeoff. For example, class rank repre-
sents a tradeoff in conjunction with the number of com-
pleted exercises, total score of completed exercises, and
total score of tests.

Consequently, the aforementioned real learning scenario
can be summarized as follows. The grouping problem is a
tradeoff multi-objective grouping optimization in which a
number of learners must be allocated to groups by consider-
ing multiple grouping criteria related to learner characteris-
tics. In addition, the grouping criteria are defined as benefit
objectives (i.e., the higher the more favorable) and cost objec-
tives (i.e., the lower the more favorable) and are weighted.
Assume the following representations: L = { L;}, 1 <s <S5,
where S denotes the number of learners, s denotes the itera-
tion of S, L denotes a set of S learners, and L, denotes the sth
learner in the set of learners. G = { G, },1 <t < T, where T
denotes the number of needed groups, t denotes the iteration
of T, G denotes a set of T groups, and G; denotes the tth
group in G. C = {C,}, C, € Benefit | Cost, 1 < g < Q, where
Q denotes the number of grouping criteria, 4 denotes the
iteration of Q, C denotes a set of Q grouping criteria, and
C, denotes the gth grouping criterion in C; each grouping
criterion is related to the learner’s characteristic and
defined as a benefit objective or a cost objective. W = { W,
}, where W denotes a set of Q weights, and W, denotes
the gth weight in W; the weight is used for the impor-
tance of the gth grouping criterion. The grouping problem
with tradeoff multi-objective grouping optimization
searches a near-optimal solution for dividing S learners
into T groups by considering Q weighted grouping crite-
ria which represent benefit or cost objectives. Moreover,
the grouping solution needs to satisfy the heterogeneous
intra-group and homogeneous inter-group requirements
to ensure superior learning interaction within the group
and among the groups.

5 NOVEL APPROACH BASED ON ENHANCEMENT
OF GENETIC ALGORITHM WITH TOPSIS

5.1 Preparation

First, the distribution of learners in the class is determined
to form groups. Normal distribution is a general practice in
a class where the levels of learners are categorized as low,
medium, and high. The structures and sizes of groups are
determined according to the distribution.

The S learners with Q grouping criteria are represented
as a matrix, shown in the top part of Fig. 1. The parameter
Xsq denotes the value of the gth grouping criterion of the sth
learner, and it is normalized by (1). The parameter X[,
denotes the normalized value of X,,. In this example, C; is
the total score of completed exercises, C; is the total score of
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tests, and Cj is the class rank,

-/ _ _ . _ .
X=Xy 12?5)(511)/(1?2%)(&1 lrg_lngsq),

e.g. X1, = (70 — 30)/(90 — 30) = 0.67.

(1)

Using the TOPSIS enables obtaining the overall learning
status of the sth learner (denoted as Z;) by considering the
Q grouping criteria. The process comprises the following
four steps:

Step 1. Constructing a matrix regarding S learners with Q
grouping criteria

The matrix facilitates obtaining the overall learning sta-
tus based on multiple grouping criteria for the learners; it is
constructed by allocating the learners to the top of a matrix,
allocating the grouping criteria to the left of a matrix, and
filling the cells <grouping criteria, learners> of the matrix
with the values. The example is shown in the top part of
Fig. 1.

Step 2. Determining the positive-ideal solution and negative-
ideal solution for Q grouping criteria

For the gth grouping criterion, the positive-ideal solution
is the positive-ideal value denoted as V", and the negative-
ideal solution is the negative-ideal value denoted as V.
Each grouping criterion has both the positive-ideal value
and negative-ideal value. The values depend on whether
the grouping criteria are benefit or cost objectives, as shown
in (2) and (3). For example, the total score of completed exer-
cises (C;) and the total score of tests (C,) are benefit objec-
tives, whereas the class rank (Cs) is a cost objective.

C, € Benefit

1,
V=
1 {0, C, € Cost 2)
eg Vii=1,V =1,V =0
C, € Benefit

0,
Vo =
1 { 1, C, € Cost 3)
eg. V =0V, =0,V; =1.

Step 3. Using Euclidean distance to compute two measures for
S learners

As shown in (4), the first measure denoted as D} is used
to compute the distance (Euclidean) from the Q positive-
ideal values for the Q grouping criteria for the sth learner.
As shown in (5), the second measure denoted as D; is used
to compute the distance (Euclidean) from the Q negative-
ideal values for the Q grouping criteria for the sth learner.
The weights of the grouping criteria are considered for both
measures. The example is shown in the bottom part of
Fig. 1, where the weights (W; and W,) are 0.3 for the total
score of completed exercises (C;) and the total score of tests
(Cy), and the weight (W) is 0.4 for the class rank (Cs),

0 1/2
Dl = (Z(X;q - V;>2Wq>
q=1

e.g. DY = ((0.67— 1) x 0.3+ (0.50 — 1)* x 0.3
+(0.33—0)% x 0.4)"/? = 0.39,

4)

0 1/2
Dy = (Z(X;q - V(,)ZWq>

q=1
e.g. DT = ((0.67 — 0)* x 0.3 + (0.50 — 0)* x 0.3
+(0.33 = 1)* x 0.4)"% = 0.62.

Step 4. Computing the relative closeness to the ideal solution
for S learners

The ideal solution is the ideal value of the overall learn-
ing status, which requires considering the positive-ideal
and negative-ideal values of multiple grouping criteria. The
relative closeness to the ideal value is the value of the over-
all learning status (Z,), which involves considering the dis-
tance from the positive-ideal values and distance from the
negative-ideal values for multiple grouping criteria, as
shown in (6). Values that are nearer to the positive-ideal
and further from the negative-ideal indicate a higher overall
learning status. The example is shown in the bottom part of
Fig. 1,

Zy =D, /(D] +D;) ©
e.g. Z3 = 0.62/(0.39 4 0.62) = 0.61.

Based on the mean of Z, of S learners (denoted as 2)
and the standard deviation of Z; of S learners (denoted as
Z°), all learners are arranged into three subsets by apply-
ing (7) according to their overall learning statuses (Z;).
The parameter L® denotes a subset of learners whose
overall learning statuses are below medium (i.e., low).
The parameter L™ denotes a subset of learners whose
overall learning statuses are in the middle (i.e., medium).
The parameter L* denotes a subset of learners whose
overall learning statuses are above medium (i.e., high).
Given that N® denotes the number of learners of the sub-
set LB, NM denotes the number of learners of the subset
LM, and N* denotes the number of learners of the subset
L”. For example, the learner L; belongs to the subset LB
and NP is 1; the learners L;, L,, Ly, and L belong to the
subset LM, and N™ is 4; and the learners L; and L, belong
to the subset L*, and N* is 2,

LP ={L]Z, < Z - 2"}
IM={LJ|Z-2°<2,<Z+2°}
LA ={LJ|Z+2° < Z,}
e.g.
LP = {L]Z, < 0.49 —0.34} = {L5(0.00)}
IM = {L,0.49 — 0.34 < Z, < 0.49 + 0.34}
= {L(0.61), Ly(0.55), L4(0.23), Ls(0.29) }
LA = {1,049 +0.34 < Z,} = {L3(0.91), L7(0.86)}.

(7)

Because S learners divided into T required groups that
have a particular group size, denoted as A, and a number
of remaining learners, denoted as 6 (i.e., S + T = X - 0),
the structure of the group is obtained using (8), based on
the group size (\). The parameter R® denotes the number
of learners whose overall learning statuses are low in the
group. The parameter R™ denotes the number of learners
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RP RM(+1) Ra

.. Gi: Ls, L Ls, L ,Ei=4
Individuah =[ o = " 7" 1 TEos
.. Gi: Lsy Li, L, L ,Ei=4
Individualz = [ G2: Ls, Ls, Ls ] ,E2=3

Fig. 2. Chromosome encoding of feasible solutions.

whose overall learning statuses are medium in the group.
The parameter R”* denotes the number of learners whose
overall learning statuses are high in the group. For exam-
ple, when the required groups (T) are 2, then the group
size (A) is 3 and the remaining learners (0) are 1 (ie., 7 +
2=3--1),

RP = NB/(NB 4+ NM + N%) x A

RM %NM/(NB-FNM—FNA) X A

RY = NA /(NP + NM 4 NA) x ),

where R® 4+ RM + R* = X\ and RM > RE RA >1

e.g.

RE~1/1+4+2)x3x>1
RM~4/(14+4+2)x3=1
RM~2/(1+442)x3x~1.

)

Based on the determined structure of the group, the
number of learners for the aforementioned three subsets is
adjusted by applying (9) and considering the number of
remaining learners (§). The parameter N® denotes the
adjusted number of learners whose overall learning statuses
are low. The parameter N™ denotes the adjusted number of
learners whose overall learning statuses are medium. The
parameter N denotes the adjusted number of learners
whose overall learning statuses are high.

Accordingly, all learners are rearranged into three sub-
sets by applying (10), depending on the order of their
overall learning statuses (Z,) in the class. The parameter
L” denotes an adjusted subset of learners whose overall
learning statuses are low. The parameter L™ denotes an
adjusted subset of learners whose overall learning sta-
tuses are medium. The parameter L* denotes an adjusted
subset of learners whose overall learning statuses are
high. The remaining learners (f) are arranged into the
subset LM on the basis of following normal distribution.
For example, N® is 2 and the learners Ly, Ls belong to
the subset L¥; N™ is 3 and the learners L;, L, Lg belong
to the subset LM; and N*" is 2 and the learners L;, L,
belong to the subset |

N® = RB/(RP + RM + R) x (S - 6)

NM = RM/(R? + RM + RY) x (S —6) + 6

NY = R*/(R® + RM + RY) x (S - 0)

e.g. 9
NY =1/(1+1+1)x (7T—1) =2

N =1/Q+1+1)x(7T—1)+1=3

NY =1/ +14+1)x(T-1)=2

L¥ = {Ls|order(s) < NB/}
LM = {L|N® < order(s) < N® + NM}
LY = {LJN® + NM < order(s) < N® + NM 4 N},

where order Z; in ascent
1<s<S

e.g.
order Z; = {0.00(Ls),0.23(L4), 0.29(Lg),

1<s<S

(10)

0.55(Ls),0.61(L1),0.86(L7),0.91(L3)}
L¥ = {L,|order(s) < 2} = {Ls, Ly}
LM = {L,|2 < order(s) <2+ 3} = {Lg, Ly, L1}
LY = {L,2+3 < order(s) <2+3+2} = {L;, Ls}.

Additionally, given E = {E,;}, where E denotes a set of T
group sizes, and E; denotes the tth group size in E and is
obtained by applying (11) and considering the number of
remaining learners (f). Because the remaining learners (6)
are arranged into the subset L™, a learner is added to R™
for 6 groups. For example, considering one remaining
learner for two required groups, the first group has 3 + 1
(E;) members with (low: 1, medium: 1 + 1, and high: 1); and
the second group has 3 (E;) members with (low: 1, medium:
1, and high: 1).

P A+1« (RERM4+1,RY), 0+#0andt <6

! A« (RE,RM RM),  otherwise

eg. Bl =34+1o (1,1+1,1); B =3 (1,1,1).

(11)

5.2 Chromosome Encoding and Initialization

The chromosome (individual) represents a feasible solution
for grouping and is encoded as a two-dimensional matrix.
Each gene represents a learner (L;), and each row repre-
sents a group (G;) with E; members. Each group is for-
matted based on the determined structure of the group.
For initialization, each gene is randomly assigned a
learner from the subsets LY, L™, or L# according to what
part of RB, RM or R™ this gene belongs to. The example is
shown in Fig. 2.

5.3 Fitness Evaluation
The fitness evaluation facilitates evaluating individual fit-
ness to determine the quality of grouping solutions. An
enhanced TOPSIS is used to compute the quality of group-
ing solutions, as shown in the following steps 1-5.

Step 1. Constructing a matrix regarding I individuals with Q
grouping criteria

The population size, denoted as I, represents the number
of individuals (grouping solutions), 1 < i < I, where i
denotes the iteration of I. Based on multiple grouping crite-
ria, the matrix is constructed and is used to determine the
quality of grouping solutions. Fig. 3 shows an example, in
which C; is the total score of completed exercises, C, is the
total score of tests, and Cj is the class rank.

Step 2. Determining the positive-ideal solution and negative-
ideal solution for Q grouping criteria

As aforementioned, the positive-ideal solution is the pos-
itive-ideal value (Vq+), and the negative-ideal solution is the
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C1 C2 Cs D} D RC: Fi
042 046 058 057 043 043

Individuali - 0.698
;061 056 039 041 059 059
o Gi 063 054 046 044 057 057
Individual2 0.690
, 033 044 056 059 041 041

Fig. 3. Matrix regarding /individuals with Q grouping criteria.

negative-ideal value (V") for the gth grouping criterion. The
values depend on whether the grouping criteria are benefit
or cost objectives, as shown in (2) and (3). For example, the
total score of completed exercises (C;) and the total score of
tests (C,) are benefit objectives, whereas the class rank (Cz)
is a cost objective.

Step 3. Using Euclidean distance to compute two measures for
T groups

For each group, its overall status of each grouping crite-
ria is obtained by applying (12), where G.C, denotes the
mean of the gth grouping criterion of the tth group, and X!,
denotes the value of the gth grouping criterion of the sth
learner who is in the tth group. For example, the members
in the first group (G;) of the first grouping solution (individ-
ual;) are the learners L,, Ls, Ls, and L,, and their total scores
of completed exercises (C;) are 0.50, 0.00, 0.17, and 1.00,
respectively,

Ey
G.C, = (Z X§q> /E,
s=1

e.g. G1Cy = (0.50 +0.00 4 0.17 4 1.00) /4 = 0.42.

(12)

The first measure denoted as D, is used to compute
the distance (Euclidean) from the Q positive-ideal values
for the Q grouping criteria for the tth group, as shown in
(13). The second measure denoted as D; is used to com-
pute the distance (Euclidean) from the Q negative-ideal
values for the Q grouping criteria for the tth group, as
shown in (14). In addition, the weights of the grouping
criteria are considered for both measures. The example is
shown in Fig. 3, where the weights (W; and W,) are 0.3
for the total score of completed exercises (C;) and the
total score of tests (C,), and the weight (Wj3) is 0.4 for the
class rank (Cz)

0 1/2
Df = (Z(chq - v;qu)
q=1

(13)
e.g. Df = ((0.42—1)* x 0.3+ (0.46 — 1)* x 0.3
+(0.58 —0)? x 0.4)* = 0.57
0 1/2
D; = (Z(Gth - VQ)QWQ)
! (14)

e.g. D7 = ((0.42 — 0)* x 0.3 + (0.46 — 0)* x 0.3
+(0.58 — 1)* x 0.4)"* = 0.43.

Step 4. Computing the relative closeness to the ideal solution
for T groups

The ideal solution is the optimal group formation. The
relative closeness to the optimal group formation is the

Fig. 4. Roulette wheel selection.

quality of the group formation, which is determined by the
distance from the positive-ideal values and the distance
from the negative-ideal values for multiple grouping crite-
ria, as shown in (15). The parameter RC; denotes the quality
of group formation of the tth group. The nearer to the posi-
tive-ideal values and the further from the negative-ideal
values RC; is, the higher is the quality of group formation
when multiple grouping criteria are considered. The exam-
ple is shown in Fig. 3

RC, =Dy /(D} + Dy) 15
e.g. RCy =0.43/(0.57 +0.43) = 0.43.

Step 5. Computing the fitness for I individuals

The individual fitness is the quality of grouping solu-
tions. Based on the mean of RC; of T groups (denoted as
RC) and the standard deviation of RC; of T groups (denoted
as RC?), the quality of a grouping solution is obtained by
applying (16). The parameter F; denotes the quality of a
grouping solution of the ith individual, and » denotes both
weights. Based on the quality of group formations (RC,), the
formula (16) involves determining the whole quality of all
groups, and entails determining the difference of quality
among the groups. The higher the quality of group forma-
tion is and the smaller the quality difference of the group
formation among all groups, the higher is the quality of
grouping solutions employing tradeoff multi-objective
grouping optimization. An example is shown in Fig. 3. Note
that, the computational result obtained by the proposed fit-
ness evaluation is between 0 and 1

Fi=wx RC+(1—w)x (1 - RC°)

(16)
eg. Fy = 0.5 x0.5140.5 x (1 —0.12) = 0.698.

5.4 Selection

The selection preserves favorable grouping solutions to con-
tinue quality promotion. A roulette wheel, which is based
on the principle of natural selection, is a widely used
method for facilitating the survival of individuals which are
more suited to propagating offspring. As shown in Fig. 4,
the roulette wheel selection is composed of all individuals
in the population (I) in which an individual with a higher
degree of fitness (F;) has a higher probability of survival
(thereby continuing the evolution). In other words, the
grouping solution with a higher quality (F;) has a higher
probability to be selected for continuing the promotion



LIN ET AL.: NOVEL APPROACH TO FACILITATING TRADEOFF MULTI-OBJECTIVE GROUPING OPTIMIZATION 113

RB RM(+1) RA RB RM(+1) RA
61 [ Lobus p[lolinlyy | Lyl | 7 6 [ Loy
Gz L7,Lig Ly, Lo, Lo LLStil; —7 G2 LipLgg
Gs ‘Lﬂ’“ Le Lys T L13,L19§-‘ 6 G3 \L2JL3

1 Parent_1 Parent_2

RB RM(+1) RA ‘ RB RM(+1) RA
6 [ Iobn |Eotmis | Tl | 7 G | Inbu [Emdaby | laly | 7
Gz Lz Lig | L1, Lo Ly —7 Gz Liy,Lig |Lg Lis Ly —7
Gs ‘L31L14 Lys, Ly L5,L13|_J 6 G _L2'|L3 Lo, Lg L13:L19|4 6

Offspring_1 Offspring_2

Fig. 5. Example of an enhanced C1 crossover.

when using the roulette wheel. For example, the first group-
ing solution (individualy) has a higher probability than the
second grouping solution (individualy).

5.5 Crossover

The crossover facilitates interchanging the group members
between two grouping solutions to alter their quality. Based
on the C1 crossover modification of Moreno et al. [1], the
crossover was enhanced in the current study by considering
the determined structure of a group as follows. Any two
individuals are selected as parents according to the cross-
over probability (denoted as P.). The number of crossover
points is the number of required groups (T). Each crossover
point is randomly generated according to the group size
(Ep. For the first offspring, the genes (L;) at the left side of
the crossover points are fixed in the same manner as the first
parent, and the genes (L,) at the right side of the crossover
points are re-sorted for the respective part of R®, R™, and
R*, according to their positions in the second parent. Fig. 5
shows the example. The number of crossover points is three,
and the crossover points are 2, 5, and 1.

5.6 Mutation

The mutation facilitates exchanging the group members
within a grouping solution to change the group’s quality. In
addition, the mutation was enhanced by considering the
determined structure of a group as follows. For any individ-
ual, three parts of RB, RM and R* are selected according to
the mutation probability (denoted as P,,). The number of
mutation points depends on the number of selected parts.
Any two mutation points are randomly generated in the
different rows (G;) for each selected part. For the off-
spring, two genes (L;) of two mutation points within the
same part exchange their positions; Fig. 6 shows the
example. The parts R® and R are selected for mutation.
The number of mutation points is four, where two muta-
tion points are the learner L; in the group G, and the
learner L; in the group Gj for the part R®, and the other
two mutation points are the learner Lo in the group G,
and the learner L;5 in the group G; for the part R™.

5.7 System Implementation
To assist teachers in directly adopting the proposed
approach in their teaching, a web-based group support

system was implemented. As shown in Fig. 7, the teachers
access the developed system through a user interface, which
includes the settings for the class, grouping criteria, and
parameters of the GA, as well as the grouping solution. The
settings can be adjusted through the various components of
the system, as shown in Fig. 8.

The teachers select the class whose students need to be
allocated into groups by using the class-management
module combined with a student database. When typing
the number of needed groups, the size of each group
is automatically determined. Subsequently, the teachers
select the student characteristics by using the criterion-
management module combined with a student-character-
istic database; the weights of the grouping criteria are
simultaneously determined. Next, the teachers determine
the parameters of the GA as default values or other val-
ues to facilitate the identification of a grouping solution.
Note that, the parameters of the GA might be different
due to different teaching classes and learning scenarios.
The default values produced by the developed system
are current optimal, and they are obtained from the feed-
back of grouping results in past teaching classes and
learning scenarios. Hence, the teachers need not to test
the parameters of the GA; on the contrary, they are able
to concentrate on designing learning activities. The pro-
cess of this identification is based on the model of a GA
with the TOPSIS. According to this model, first, the data
from the learning-portfolio database (according to the

Parent R® RM(+1) RA
Gy | Lz Ly |LgLioL17 | Lalss 7
G, (:E}Lm Ll(é_;;\’LZO Ls, Ly 7
G3 (:l;}llm Leu‘:‘g’;’ Ly3, Lo 6
Offspring R® R Mtl) RA
Gy | Lz Ly |LgLio Li7 | LalLss 7
G, @Lm le@ Ly | Ls Lz 7
G3 @Lm Le L3, Ly 6

Fig. 6. Example of an enhanced mutation.
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Fig. 7. System implementation based on the proposed approach.

students of the selected class and the selected student’s
characteristics) are loaded. Next, the search for grouping
solutions commences according to the determined
parameters of the GA. Finally, the search result provides
the teachers with the ideal grouping solution. In addi-
tion, the quality of the grouping solution and the quality
of the group formation of each group are provided as a
reference.

For the students, the grouping solutions determined
using the proposed approach meet the requirements of
heterogeneous intra-group and homogeneous inter-group
and prevent inadequate grouping. Each group contains
students of distinct levels, namely low, medium, and
high, which is consistent with the distribution of students
in the class. Thus, within the groups, members who are
more capable can help those who require support. In
addition, because groups are based on multiple grouping
criteria, they are balanced and contain students with a
similar performance; this leads to a reduced difference
among the groups. Thus, because competition is fairer
among the groups, the learning motivation is higher.
Teachers typically administer a high number of students
and must consider multiple grouping criteria, which are
related to student characteristics and can be defined as
benefit and cost objectives. The developed system reduces
their workload and the likelihood of mistakes, and pro-
vides them with high-quality grouping solutions. Conse-
quently, the teachers have more time to concentrate on
pedagogical theories for designing CL activities, thereby
increasing the quality and efficiency of their teaching.

6 PERFORMANCE ANALYSIS

To verify the proposed approach based on an enhanced GA
with the TOPSIS (EGA), performance experiments were
conducted to facilitate comparison with two competing
approaches, the GA-based approach of Moreno et al. [1]

5. Parameter Settings of Genetic Algorithm
« Default Values {or type the desired values in the following 4 boxes)

Generation: 1000
Mutation Probability: 0.15

Population Size: 100
Crossover Probability: 0.6

Grouping Selution

6. Perform Overall Quality: 0.82 ( 0.71: good, 0.3: bad )

Groups Low Medinm High Quality

1 511 522.831. 540 519
2 S04 515,820, 832 539
3 514 501, 509, 530 516
4 512,523, 542 545
507, 517, 525 502
503, 526, 543 S18
528,541, 544 S05
524,529, 537 s510

506, 527, 534 538

and the Random approach. The same fitness evaluation
with the TOPSIS were employed in these two competing
approaches, to obtain the individual fitness in the same
scale, for a fair comparison. Two experiments involved
using a simulated dataset and a real dataset, separately. The
experiments were implemented using C programming lan-
guage performed on a laptop equipped with a 2.10 GHz
Core i7 CPU and 4.00 GB RAM.

6.1 Experimental Materials

The simulated dataset consisted of 50 learners (S = 50) and
six grouping criteria (Q = 6) with three benefit and three
cost objectives. The values of the six grouping criteria of the
50 learners and the weights of the six grouping criteria were
randomly generated. The real dataset included online learn-
ing behavior collected from 117 learners by Chiu et al. [38].
This dataset comprised 117 learners (S = 117) and eight
grouping criteria (Q = 8) with four benefit and four cost
objectives; the weights of the eight grouping criteria were
randomly generated.

e Model of Grouping Criteria
anagement z
Module GA with TOPSIS Management Module

r Web-based Group Support System
L User Interface

L S

|

Fig. 8. Architecture of the developed system.
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TABLE 1
Parameter Settings

20 /40 /80 / 100
200 / 400 / 800 / 1,000

Population size (I)
Generation (O)

Crossover probability (P.) 0.6
Mutation probability (P.,) 0.15
Group size (\) 3/4/5
Fitness weight (w) 0.5
Number of trials 100

6.2 Parameter Settings

To ensure an unbiased performance comparison, the val-
ues of the related parameters (shown in Table 1)
were identical for the EGA as well as the GA and Ran-
dom approaches for each dataset. The probabilities of
crossover and mutation were determined according to
Moreno et al. [1]. Regarding the group size, Slavin [39]
indicated that two to six members are suitable for group
formation to perform the CL; therefore, the performance
experiments were constructed in groups containing three
to five members. The number of trials was 100 to ensure
high reliability.

6.3 Comparison Results
Table 2 shows the performance comparison using the simu-
lated dataset, and Table 3 shows the performance compari-
son using the real dataset. The results of the EGA were
superior to those of the GA and Random approaches under
conditions of different population sizes, generations, and
group sizes. Concerning solution quality (5Q), the EGA
yielded a higher SQ than did the GA and Random
approaches, which means that the solution provided by the
EGA was superior. Regarding the standard deviation of the
inter-group (SDE), the SDE of the EGA was lower than that
of the GA and Random approaches. Concerning the stan-
dard deviation of the intra-group (SDA), the SDA of the
EGA was higher than that of the GA and Random
approaches. Based on these two results, the solution identi-
fied by the EGA exhibited a lower SDE and a higher SDA,
which means that the inter-group was more homogeneous
and the intra-group was more heterogeneous. Regarding
executing time (ET;, measured in seconds), the EGA
required a shorter ET than did the GA. Each experimental
result represented an average of 100 trials.

Figs. 9, 10, and 11 show the search process using the sim-
ulated dataset with group sizes of 3, 4, and 5 members,

TABLE 2
Performance Comparison Using the Simulated Dataset
Parameters EGA GA Random
A 0 SQ SDE SDA  ET SQ SDE SDA  ET SQ SDE  SDA  ET
20 200 07876 00017 03923 00562 07858 0.0053 03806 0.0601
40 400 07879 0.0012 03925 02193 07866 0.0038 03821 0.2413
3 80 800 07880 0.0008 03926 0.8750 07873 00024 03831 09586 07742 0.0274 0291 0.0002
100 1,000 07881 00006 03927 13486 07876 00017 03836 1.4803
20 200 07879 0.0010 03707 00501 0.7870 0.0030 03631 0.0554
40 400 07881 0.0006 03707 0.1984 07876 00017 03635 02174
4 g0 800 07883 0.0004 03707 07822 07879 00011 03640 0.8589 07765 0.0231 03138 0.0006
100 1,000 07883 00003 03707 12198 07881 00007 03633 1.3268
20 200 07880 0.0009 03601 00501 07873 0.0023 03561 0.0558
40 400 07882 00005 03602 0.1927 07878 0.0014 03568 0.2189
5 8 800 07883 0.0003 03602 07675 0.7880 0.0008 03566 08507 07781 0.0202 0.3212  0.0006
100 1,000 07883 00002 03603 1.1920 07882 00006 03570 1.3468
TABLE 3
Performance Comparison Using the Real Dataset
Parameters EGA GA Random
A 0 SQ SDE SDA  ET SQ SDE SDA  ET SQ SDE SDA  ET
20 200 07674 00054 00701 02665 07587 00225 00650 02814
40 400 07683 00037 00701 1.0559 07601 0.0198 0.0658 1.0978
3 80 800 07691 0.0023 00700 41532 07611 00179 00662 42802 07498 0.0399 0.0557  0.0009
100 1,000 07694 0.0016 00700 64023 07622 00159 0.0667 6.6779
20 200 07685 0003 0.0684 02496 07618 0.0168 0.0649 0.2681
40 400 07692 00022 0.0684 09917 07626 00152 0.0652 1.0611
480 800 07697 00012 00685 39418 07639 00127 00656 42405 07526 00347 0.0580 0.0011
100 1,000 07700 0.0008 0.0685 6.0892 07647 00112 0.0659 6.5368
20 200 07690 0.0027 0.0673 02454 07632 00142 0.0643 0.2499
40 400 07695 00016 0.0673 09642 07644 00120 0.0646 0.9655
5 80 800 07699 00009 00673 3.6773 07651 00105 00650 38105 07544 0.0314 0.0589 0.0007
100 1,000 07701 00006 0.0672 59099 07663 00081 0.0651 59167
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Fig. 9. Search process using the simulated dataset with a group size of
three members.
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Fig. 10. Search process using the simulated dataset with a group size of
four members.
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Fig. 11. Search process using the simulated dataset with a group size of
five members.

respectively; Figs. 12, , 13, and 14 show the search process
using the real dataset with group sizes of 3, 4, and 5 mem-
bers, respectively; in Figs. 9, 10, 11, 12, 13, and 14, the popu-
lation size is 100 and the generation is the 1,000th. Based on
the search curve depicting the SQ, the EGA exhibited a
search efficiency that was superior to that of the GA algo-
rithm and a convergence that was quicker. Therefore, the
EGA achieved the enhancement proposed in this study.
Concerning initialization, the EGA exhibited a higher SQ
than did the GA algorithm, which means that the EGA had
superior search ability for the problem at the beginning of
the search process. This result demonstrates that the EGA
exhibited a unique initialization behavior, different to that
of the simple random initialization.

7 STUDY ON COLLABORATIVE LEARNING
ACTIVITIES

To validate the grouping strategy based on the proposed
approach for CL, an experimental study was conducted
with 90 freshmen of two classes (taught by the same
teacher), enrolled in a C-programming course in the

Solution Quality Group Size: 3
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Fig. 12. Search process using the real dataset with a group size of three
members.
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Fig. 13. Search process using the real dataset with a group size of four
members.
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Fig. 14. Search process using the real dataset with a group size of five
members.

Department of Computer Science and Information Engi-
neering at a Taiwanese university.

7.1 Competing Grouping Strategy and Considered
Grouping Criteria

In the selected course, the teacher has typically used a self-
organized grouping strategy for CL. However, based on a
self-organized grouping strategy certain teams tend to be
composed of students with a close friendship, and the
remaining teams tend to be composed of the remaining stu-
dents without much motivation. In other words, such
grouping results do not satisfy all students. Hence, the pro-
posed grouping strategy was compared with the strategy of
self-organized grouping.

Forty-five participants in one class were assigned to the
experimental group and employed the proposed grouping
strategy; the remaining 45 participants in the other class
were the control group and employed the self-organized
grouping strategy. According to the results of previous per-
formance experiments, the SQ is most favorable with a
group size of five members; therefore, the number of
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Fig. 15. Procedure of the overall learning activity.

members in a team was five for both groups, consistent with
Moreno et al. [1]. Both the experimental and control groups
comprised nine teams.

For the experimental group, the grouping criteria and
related parameter settings were considered. Regarding the
grouping criteria, six student characteristics collected dur-
ing acquiring the required basic knowledge about program-
ming were employed. These comprised three benefit and
three cost objectives:

Number of completed exercises (benefit).
Total score of completed exercises (benefit).
Total time to complete exercises (cost).
Absence rate (cost).

Pretest score (benefit).

. Class rank (cost).

The weight of each grouping criteria was identical.
Regarding the parameter settings, the crossover probability
was 0.6, the mutation probability was 0.15, and w was 0.5;
the values were the same as in the performance experi-
ments; the population size was 100 and the generation was
the 1,000th because such a SQ was superior in the perfor-
mance experiments.

RN NS

7.2 Procedure Design and Measuring Tools
Fig. 15 shows the procedure of the overall learning activity,
which lasted for 18 weeks. First, two classes were assigned
to be the experimental group and the control group. In the
first eight weeks (Weeks 1-8, 150 min per week), all students
were engaged in acquiring the required basic knowledge
about programming through individual learning. During
these eight weeks, their learning statuses were recorded by
system to be subsequently employed as grouping criteria.
In the ninth week, all students took a middle exam (the pre-
test) of 100 min, and the results were used to assess their
basic knowledge about programming.

Subsequently, two groups were allocated into multiple
teams in preparation for the CL activities, in which the

TABLE 4
t-Test Results for Two Groups on the Pretest
Number of Mean Standard t
students deviation
Experimental group 45 69.40 13.66 0.062
Control group 45 69.22 13.64

experimental group employed the proposed grouping strat-
egy and the control group employed the self-organized
grouping strategy. In the following eight weeks (Weeks
10-17, 150 min per week), the CL activities were conducted
to give the teams one problem-based assignment per week
and a final project. For the CL activities, each member had
to join discussions and interact with their teammates to
complete the task. All teams were asked to demonstrate
their results and report the contribution of each member to
validate the member’s participation. In the 18th week, all
students were asked to take a final exam (the posttest) of
150 min to assess their knowledge level and proficiency in
coding.

Regarding the measuring tools, both the middle and final
exam represented learning achievement with a perfect score
of 100. The middle exam consisted of 60 percent written test
and 40 percent coding test, and the final exam consisted of
40 percent written test and 60 percent coding test.

7.3 Statistical Results

To test whether there was a statistically significant differ-
ence between the experimental and the control groups
regarding the pre- and posttest, the independent-sample t-
test was performed for both groups by using SPSS (ver. 17)
software.

Table 4 shows the t-test results of the pretest for both
groups. For the experimental group the mean was 69.40 and
the standard deviation was 13.66; for the control group the
mean was 69.22 and the standard deviation was 13.64.
According to t = 0.062 (p > .05), it was determined that there
was no statistical evidence to determine a significant differ-
ence between the means of both groups regarding the pre-
test. In other words, students in both the experimental and
control groups had a statistically equivalent basic knowl-
edge of programming.

Table 5 shows the t-test results of the posttest for both
groups. For the experimental group the mean was 81.38 and
the standard deviation was 17.53; for the control group the
mean was 58.36 and the standard deviation was 26.65.
According to t = 4.841 (""p < .001), it was determined that
there was statistical evidence of a significant difference
between the means of both groups regarding the posttest. In
other words, the students in both the experimental and

TABLE 5
t-Test Results for Two Groups on the Posttest
Number of Mean Standard t
students deviation
Experimental group 45 81.38 17.53 48417
Control group 45 58.36 26.65

“p < 0.001
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control groups had statistically different knowledge levels
and proficiency in coding.

As shown in Table 5, the experimental group exhibited a
higher mean and a lower standard deviation than the control
group regarding the posttest. In other words, all students in
the experimental group exhibited a learning achievement that
was superior to that of the students in the control group. Fur-
thermore, the control group exhibited a higher standard devi-
ation, which is consistent with the unbalanced phenomenon
observed in self-organized grouping strategies.

8 DiscussiON AND CONCLUSION

CL has been studied and its effect on learning performance
has been investigated. The grouping problem has become
crucial in a CL environment. The grouping problem is com-
plex, and forming adequate groups is difficult because vari-
ous grouping criteria related to learner statuses must be
satisfied, often with a high numbers of learners. Several
studies have addressed the certain research questions of
grouping problem, and the consideration for a number of
learner characteristics has been arisen. Such multi-objective
grouping problem is with conflicting grouping objectives,
involving the benefit objective (e.g. learning achievement)
and cost objective (e.g. class rank) which are conflicting in
different directions.

Such group problem was defined as a tradeoff multi-objec-
tive grouping optimization in this study, and a novel
approach based on the enhancement of a GA with the TOPSIS
was proposed to facilitate it. Moreover, a web-based group
support system based on the proposed approach was devel-
oped to assist instructors in effectively and efficiently allocat-
ing learners to groups, regarding homogeneous inter-group
and heterogeneous intra-group, while achieving tradeoff mul-
tiple grouping objectives related to learner characteristics, and
considering the distribution of learners in the class.

To verify the proposed approach, a performance analysis
was conducted by comparing the proposed approach with
two competing approaches (i.e., the GA [1] and Random
approaches). The results of the comparison are as follows.
In contrast to GA approach, the proposed approach leads to
not only a superior SQ but also shorter ET for grouping,
while ensuring inter-group that are more homogeneous and
intra-group that are more heterogeneous. Although the
Random approach requires the least ET, it yields the least
favorable SQ. Moreover, regarding the insight into the
search process, the proposed approach is superior to GA
approach in search efficiency and convergence. Hence, the
proposed approach is not only more effective than the GA
and Random approach but also more efficient than a GA.

To validate the grouping strategy based on the proposed
approach, a study on CL was conducted with 90 participants,
who were allocated to experimental and control groups. The
statistical results are as follows. The students in both groups
exhibited no statically significant difference regarding their
basic knowledge before participating in the CL activity; how-
ever, after having participated in CL activities in designated
teams, they exhibited statically significant differences
regarding their knowledge level and proficiency in coding.
In contrast to the students of the control group, all students
in the experimental group exhibited superior learning

achievement during the overall CL activity. Hence, as a
grouping strategy, the proposed approach with developed
system enabled the students to achieve higher learning per-
formance with a statistical significance, by facilitating team
formations that were more appropriate.

Furthermore, the conducted study also collected the
feedback through a simple interview for students in both
the experimental group and the control group, as follows.
In terms of self-evaluation, in the experimental group, no
students (0 percent) had negative experiences in working
with their teammates, and all students were motivated to
work in their teams; but in the control group, some students
(33 percent) had negative experiences in working with
their teammates, and they were not motivated to work in
their teams. In terms of peer-evaluation, most students
(89 percent) of the experimental group thought teammates
had a positive attitude toward their teams, but only some
students (53 percent) of the control group thought team-
mates had a positive attitude toward their teams. In terms
of team-evaluation, in the experimental group, most stu-
dents (89 percent) satisfied the grouping results by the
developed system with proposed grouping strategy, and
they felt comfortable to the teamwork during CL activities;
but in the control group, only some students (53 percent)
satisfied the grouping results by the self-organized group-
ing strategy, and the others (47 percent) felt uncomfortable
to the teamwork during CL activities. To sum up, most stu-
dents of the experimental group gave the positive feedback,
describing the developed system with proposed grouping
strategy as a valuable and fair tool to group them.

However, this study has several limitations. The experi-
mental results were obtained only from the selected course
and selected classes. In other words, the effectiveness of the
developed system with the proposed approach was vali-
dated only through the conducted experimental study. Con-
sequently, additional experimental studies are required to
prove the effectiveness of the proposed approach. For exam-
ple, the developed system could be applied to various types
of course and on a large scale.

ACKNOWLEDGMENTS

This research was partially supported by the National Sci-
ence Council of the Republic of China under grant numbers
MOST 103-2221-E-241 -008 and MOST 104-2221-E-241-014.
The authors thank Hui-Wen Tien and Shun-Hsi Chung for
their assistance in compiling this study. Y. C. Chang is the
corresponding author.

REFERENCES

[1] J. Moreno, D. A. Ovalle, and R. M. Vicari, “A genetic algorithm
approach for group formation in collaborative learning consider-
ing multiple student characteristics,” Comput. Edu., vol. 58, no. 1,
pp- 560-569, Jan. 2012.

[2] L.S. Vygotsky, Mind in Society: The Development of Higher Psycho-
logical Processes. Cambridge, MA, USA: Harvard Univ. Press, Nov.
1980.

[3] V. Yannibelli and A. Amandi, “A deterministic crowding evolu-
tionary algorithm to form learning teams in a collaborative learn-
ing context,” Expert Syst. with Appl., vol. 39, no. 10, pp. 8584-8592,
Aug. 2012.

[4] E.F. Barkley, K. P. Cross, and C. H. Major, Collaborative Learning
Techniques: A Handbook for College Faculty. San Francisco, CA,
USA: Jossey-Bass, Oct. 2004.



LIN ET AL.: NOVEL APPROACH TO FACILITATING TRADEOFF MULTI-OBJECTIVE GROUPING OPTIMIZATION

[5]
[6]

[71

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[271

C.-M. Hsiung, “The effectiveness of cooperative learning,” J. Eng.
Edu., vol. 101, no. 1, pp. 119-137, Jan. 2012.

H.-Y. Sung and G.-]. Hwang, “A collaborative game-based learn-
ing approach to improving students” learning performance in sci-
ence courses,” Comput. Edu., vol. 63, pp. 43-51, Apr. 2013.

G.-J. Hwang, Y.-R. Shi, and H.-C. Chu, “A concept map approach to
developing collaborative mindtools for context-aware ubiquitous
learning,” Brit. |. Edu. Technol., vol. 42, no. 5, pp. 778-789, Sep. 2011.
G.-J. Hwang, H.-C. Chu, Y.-S. Lin, and C.-C. Tsai, “A knowledge
acquisition approach to developing mindtools for organizing and
sharing differentiating knowledge in a ubiquitous learning envi-
ronment,” Comput. Edu., vol. 57, no. 1, pp. 1368-1377, Aug. 2011.
N. Khandaker and L.-K. Soh, “Improving group selection and
assessment in an asynchronous collaborative writing application,”
Int. . Artif. Int. Edu., vol. 20, no. 3, pp. 231-268, 2010.

M. Huxham and R. Land, “Assigning students in group work
projects. Can we do better than Random?,” Innovations Edu. Train-
ing Int., vol. 37, no. 1, pp. 17-22, 2000.

S. Liu, M. Joy, and N. Griffiths, “An exploratory study on group
formation based on learning styles,” in Proc. 13th IEEE Int. Conf.
Adv. Learn. Technol., 2013, pp. 95-99.

I. Srba and M. Bielikova, “Dynamic group formation as an
approach to collaborative learning support,” IEEE Trans. Learn.
Technol., vol. 8, no. 2, pp. 173-186, Apr.-Jun. 2015.

C.-C. Liu and C.-C. Tsai, “An analysis of peer interaction patterns
as discoursed by on-line small group problem-solving activity,”
Comput. Edu., vol. 50, no. 3, pp. 627-639, Apr. 2008.

Y.-T. Lin, Y.-M. Huang, and S.-C. Cheng, “An automatic group
composition system for composing collaborative learning groups
using enhanced particle swarm optimization,” Comput. Edu.,
vol. 55, no. 4, pp. 1483-1493, Dec. 2010.

M. Kyprianidou, S. Demetriadis, T. Tsiatsos, and A. Pombortsis,
“Group formation based on learning styles: Can it improve
students’ teamwork?,” Edu. Technol. Res. Develop., vol. 60, no. 1,
pp- 83-110, Feb. 2012.

G.-J. Hwang, P.-Y. Yin, C-W. Hwang, and C.-C. Tsai, “An
enhanced genetic approach to composing cooperative learning
groups for multiple grouping criteria,” Edu. Technol. Soc., vol. 11,
no. 1, pp. 148-167, 2008.

R. Hubscher, “Assigning students to groups using general and
context-specific criteria,” IEEE Trans. Learn. Technol., vol. 3, no. 3,
pp- 178189, Jul. 2010.

D.-Y. Wang, S. S.]. Lin, and C.-T. Sun, “DIANA: A computer-sup-
ported heterogeneous grouping system for teachers to conduct
successful small learning groups,” Comput. Human Behavior,
vol. 23, no. 4, pp. 1997-2010, Jul. 2007.

S. Liu, M. Joy, and N. Griffiths, “iGLS: Intelligent grouping for
online collaborative learning,” in Proc. 9th IEEE Int. Conf. Adv.
Learn. Technol., 2009, pp. 364-368.

A. Ounnas, H. C. Davis, and D. E. Millard, “A framework for
semantic group formation in education,” Edu. Technol. Soc.,
vol. 12, no. 4, pp. 43-55, Nov. 2009.

T. Chan, C.-M. Chen, Y.-L. Wu, B.-S. Jong, Y.-T. Hsia, and T.-W.
Lin, “Applying the genetic encoded conceptual graph to grouping
learning,” Expert Syst. with Appl., vol. 37, no. 6, pp. 4103—4118, Jun.
2010.

Z. Zheng and N. Pinkwart, “A discrete particle swarm optimiza-
tion approach to compose heterogeneous learning groups,” in
Proc. 14th IEEE Int. Conf. Adv. Learn. Technol., 2014, pp. 49-51.

N. Khandaker and L.-K. Soh, “ClassroomWi-ki: A collaborative
Wi-ki for instructional use with multiagent group formation,”
IEEE Trans. Learn. Technol., vol. 3, no. 3, pp. 190-202, Nov. 2009.

Q. Tan, Kinshuk, Y.-L. Jeng, and Y.-M. Huang, “A collaborative
mobile virtual campus system based on location-based dynamic
grouping,” in Proc. 10th IEEE Int. Conf. Adv. Learn. Technol., 2010,
pp- 16-18.

Y.-M. Huang and T.-T. Wu, “A systematic approach for learner
group composition utilizing u-learning portfolio,” Edu. Technol.
Soc., vol. 14, no. 3, pp. 102-117, Jul. 2011.

L. E. Agustin-Blas, S. Salcedo-Sanz, E. G. Ortiz-Garcia, A.
Portilla-Figueras, A. M. Pérez-Bellido, and S. Jiménez-Fernandez,
“Team formation based on group technology: A hybrid grouping
genetic algorithm approach,” Comput. Oper. Res., vol. 38, no. 2,
pp. 484495, Feb. 2011.

H. K. Yeoh and M. I. M. Nor, “An algorithm to form balanced and
diverse groups of students,” Comput. Appl. Eng. Edu., vol. 19,
no. 3, pp. 582-590, Sep. 2011.

[28]
[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

119

R. M. Belbin, Management Teams: Why They Succeed or Fail. London,
U.K.: Butterworth, Mar. 1996.

R. M. Belbin, Team Roles at Work. Evanston, IL, USA: Routledge,
Jan. 2010.

J. H. Holland, Adaptation in Natural and Artificial Systems: An Intro-
ductory Analysis with Applications to Biology, Control, and Artificial
Intelligence, Cambridge, MA, USA: MIT Press, Apr. 1992.

G.-J. Hwang, P.-Y. Yin, T.-T. Wang, J. C. R. Tseng, and G.-H.
Hwang, “An enhanced genetic approach to optimizing auto-reply
accuracy of an e-learning system,” Comput. Edu., vol. 51, no. 1,
pp- 337-353, Aug. 2008.

Y.-C. Chang, W.-Y. Kao, C.-P. Chu, and C.-H. Chiu, “A learning
style classification mechanism for e-learning,” Comput. Edu.,
vol. 53, no. 2, pp. 273-285, Sep. 2009.

G.-]J. Hwang, B. M. T. Lin, H.-H. Tseng, and T.-L. Lin, “On the
development of a computer-assisted testing system with genetic
test sheet-generating approach,” IEEE Trans. Syst., Man, Cybern.,
Part C: Appl. Rev., vol. 35, no. 4, pp. 590-594, Nov. 2005.

C.-L. Hwang and K. Yoon, Multiple Attribute Decision Making-
Methods and Applications: A State-of-the-Art Survey. Berlin, Ger-
many: Springer-Verlag, 1981.

M. Collan, M. Fedrizzi, and P. Luukka, “A multi-expert system for
ranking patents: An approach based on fuzzy pay-off distribu-
tions and a TOPSIS-AHP framework,” Expert Syst. with Appl.,
vol. 40, no. 12, pp. 47494759, Sep. 2013.

K. Khalili-Damghani, S. Sadi-Nezhad, and M. Tavana, “Solving
multi-period project selection problems with fuzzy goal program-
ming based on TOPSIS and a fuzzy preference relation,” Inf. Sci.,
vol. 252, pp. 42-61, Dec. 2013.

S. Senthil, B. Srirangacharyulu, and A. Ramesh, “A robust hybrid
multi-criteria decision making methodology for contractor evalua-
tion and selection in third-party reverse logistics,” Expert Syst.
with Appl., vol. 41, no. 1, pp. 50-58, Jan. 2014.

C. H. Chiu, H. Y. Yang, T. H. Liang, and H. P. Chen, “Elementary
students’ participation style in synchronous online communica-
tion and collaboration,” Behaviour Inf. Technol., vol. 29, no. 6,
pp- 571-586, Jul. 2010.

R. E. Slavin, “Research on cooperative learning: Consensus and
controversy,” Edu. Leadership, vol. 47, no. 4, pp. 52-54, Dec. 1989.

Yu-Shih Lin received the BS degree in 2007 from
the Department of Information Management,
National United University, Taiwan, the MS
degree in 2009 from the Institute of Information
and Learning Technology, National University of
Tainan, Taiwan, and the PhD degree in 2015 from
the Institute of Computer Science and Information
Engineering, National Cheng Kung University,
Taiwan. His research interests are artificial intelli-
gence in education, computerized testing and
diagnostics, and mobile and ubiquitous learning.

Yi-Chun Chang received the PhD degree in
2009 from the Institute of Computer Science and
Information Engineering, National Cheng Kung
University, Taiwan. She is currently an assistant
professor in the Department of Computer Sci-
ence and Information Engineering, Hungkuang
University, Taiwan. Her research interests are
artificial intelligence in education and computer-
ized testing and diagnostics.

Chih-Ping Chu received the BS degree from the
Department of Agricultural Chemistry, National
Chung Hsing University, Taiwan, the MS degree
in computer science from the University of
California, Riverside, and the PhD degree in com-
puter science from Louisiana State University. He
is currently a professor in the Department of
Computer Science and Information Engineering,
National Cheng Kung University, Taiwan. His
research interests are parallel computing, soft-
ware engineering, web services, and e-learning.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


