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Dynamic Group Formation as an Approach to
Collaborative Learning Support

Ivan Srba and Maria Bielikova, Senior member, IEEE

Abstract—In the current time of globalization, collaboration among people in virtual environments is becoming an important
precondition of success. This trend is reflected also in the educational domain where students collaborate in various short-term
groups created repetitively but changing in each round (e.g. in MOOCs). Students in this kind of dynamic groups quite often
encounter various difficulties, which are obvious mainly when the students’ characteristics do not complement each other. In
spite of various group formation methods aimed to solve the group compatibility problem, most of the existing approaches do
not consider dynamic groups. We describe (i) a proposal of a novel group formation method based on Group Technology
approach, which considers feedback on students’ collaboration to improve group formations; (ii) an application of the method as
a part of a collaborative platform PopCorm, which provides students in the created groups with a set of real-time collaboration
tools; (iii) a long-term experiment in which the groups created by our method achieved significantly better results in comparison

with the reference approaches. Our results indicate that considering feedback from students’ collaboration can improve the
group formation process as the groups created by our method achieved higher collaboration quality with next iterations.

Index Terms—Collaborative learning, computer science education, computer uses in education, distance learning

1 INTRODUCTION

N the recent years, collaboration among people became

an integral and essential part of the web. Users collabo-
rate and communicate in different kinds of communities
and groups across different domains. This trend is present
also in educational systems where collaboration is com-
monly employed not only to share and learn new
knowledge but also to develop students’ soft skills (e.g.
communication skills, self-reflection and self-regulation).
Especially, the research area of Computer-Supported Col-
laborative Learning (CSCL) studies how to effectively link
together fast advance in computer science with collabora-
tive learning in small groups [1].

The rising popularity of web-based learning systems
caused that many students with different characteristics,
skills and aims are supposed to collaborate on common
tasks. From one point of view, this diversity has a benefi-
cial effect on creative and successful collaboration. On the
other hand, personal differences do not have to be compat-
ible with each other and consequently students’ collabora-
tion is not very successful in many cases.

Therefore, collaboration support plays an important
role to face this problem. This support is especially sub-
stantial during a group’s creation process which can sig-
nificantly influence following collaboration. Thus for effec-
tive students’ collaboration, we have to solve a challenging
task how to successfully identify study groups and help
students to find appropriate collaborators [2].

There exist several methods which solve a group for-
mation problem in the educational domain. The significant
part of these methods focuses on long-term groups which
collaborate on complex tasks during several days or even
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weeks. Another part of existing methods is aimed to pro-
pose short-term groups but they usually consider only a
single assignment of students into groups ignoring follow-
ing collaboration.

The main subject of our research are dynamic groups in
which members collaborate on short-term tasks and stu-
dents are repetitively assigned to groups whose composi-
tion differs in each round. This kind of dynamic groups ap-
pears especially in online learning systems, in which stu-
dents learn self-controlled and are not mutually synchro-
nized, such as in Massive Open Online Courses (MOOCs),
where:

1. Only limited information about students is avail-
able.

2. Rules for successful group creation are unknown
or change significantly in time.

3.  Groups need to be created ad-hoc and in real time
while considering student’s actual context and
online presence.

All these limitations cause that existing approaches are
not very suitable to create dynamic groups. Therefore, the
main contribution of this paper is a proposal of a novel
method for dynamic (iterative) formation of small short-term
and virtual study groups which is supposed to perform bet-
ter under the given conditions. The proposed method is
fundamentally based on its iterative application and on
feedback provided by the evaluation of collaboration
achieved in the created groups. Following analysis of the
existing group formation methods and the requirements of
educational context (i.e. collaborative solving of short tasks
that exercise primarily new topics), we decided to base the
design of our method on the Group Technology approach.

Any such method cannot exist without its application in
a real collaborative environment. For this reason, we paid
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attention to the design and implementation of the collabo-
rative environment too. We introduce a collaborative plat-
form named PopCorm that serves two purposes: 1) as an
example how to implement the approach within a learning
environment, and 2) as a tool to be used for the method’s
validation. We are aware of a gap between fast growing
collaboration software and its real application in the field
of CSCL [3]. PopCorm represents an innovative learning
environment with a set of real-time collaboration tools.
These tools are based on the latest web technologies and
represent an important source of automatically collected
feedback to the proposed group formation method.

The paper is organized as follows: we describe group
development models with focus on lifecycle phases which
are present in dynamic groups in Section 2; Section 3 pre-
sents two models of collaboration support: scripting and
collaboration management model; our proposed method is
introduced in Section 4; we describe its application in the
learning environment PopCorm in Section 5 together with
a description of performed experiments in Section 6; fi-
nally, conclusions are proposed in Section 7.

2 GROUP DEVELOPMENT IN ONLINE ENVIRONMENT

The basic concept of CSCL is collaboration which takes
place in more or less explicitly defined groups. This collab-
oration is not performed in one consistent phase. Actually,
groups are creating, developing and finally closing. This
process can be described as a lifecycle of small groups.
Groups’ effectiveness and successfulness depends on dif-
ferent circumstances during entire groups’ lifecycle [4].

A lot of various models of groups’ lifecycle exist. One of
the most cited and the most analyzed one is Tuckman’s
small group development model. In 1965, Tuckman [5]
proposed a model with 4 stages of group development:
forming, storming, norming and performing. Later, in
1977, Tuckman and Jensen [6] reviewed the original model
and added a final stage called adjourning.

Tuckman’s model has been already successfully applied
to localized long-term study groups (e.g. [7]) but it is not
very suitable for groups in online environments which we
are interested in. The main reason is that the purpose of
stages storming and norming is to build up strong relation-
ships and a common collaboration plan. However, while
these attributes play an important role in long-term
groups, distributed groups (e.g. those created in various
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MOOCs) involve students with more loosely tied relations
as well as dynamic groups usually do not solve tasks that
require a complex planning. Nevertheless, Tuckman’s
model becomes the base for many other specialized
groups’ lifecycle models. One of them is group develop-
ment model proposed by Daradoumis et al. [4], [8], which
was proposed especially for needs of collaborative learn-
ing and working in virtual long-term groups.

The main focus of our research is, however, to support
short-term virtual groups. These groups exist only for a
very short time (usually less than one hour) and thus their
lifecycle is simplified in comparison with long-term
groups. The phase of productive performing follows im-
mediately after finishing the group formation process. Af-
ter achieving the group’s goal, the short phase of group
closing can appear (see Figure 1).

2.1 Group Formation

The main goal of the first stage of group development is to
solve a problem how to assign students to groups. The tra-
ditional approaches to solve this problem are to select stu-
dents randomly, let students group by themselves or
group them manually by a teacher [9]. These approaches,
however, have quite substantial disadvantages.

Randomly selected groups can be highly unbalanced
what can likely lead to an ineffective composition of
groups. Moreover, the random selection ignores any sug-
gestions what a successful group should look like.

The second possibility is to shift the responsibility for
group creation to students. Some researches indicate seri-
ous problems when the group formation process was man-
aged by students themselves (e.g. [10]). Students tend to
create homogenous groups on the basis of existing social
relationships or their knowledge level (i.e. good student
with other good ones). This trend prevents spreading of
knowledge and ideas between students in new social com-
munities. Another problem can be caused by minority stu-
dents. If they are isolated in groups, this isolation can con-
tribute to more intensive feeling of loneliness which can fi-
nally cause their inactivity. Daradoumis et al. [4] in their
experiment conclude that 21 out of 138 students in total
were not able to find and join any group. By evaluation of
questionnaires at the end of the experiment, authors iden-
tified the source of this problem. The students did not re-
alize the importance of the group formation process or
they became involved in this process very lately.

(a) LP( Forming j—)[ Storming j—)[ Norming HPerformingj—)[ Adjourningj
A )

(c) \>| Formation

(T T T T T \
» Performing '—N\ Closing }'

Fig. 1. Comparison of small group development models: (a) the referential Tuckman’s model of long-term localized groups [6]; (b) model of long-
term virtual groups proposed by Daradoumis et al. [4], [8] and (c) the adaptation of previous two models to short-term virtual groups.
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Finally, a teacher can manually assigns students into
groups according to information known about students. A
teacher can approach this task intuitively and join together
those students whose combination he or she believes can
lead to active collaboration. This kind of manual group for-
mation can be very difficult and time-consuming [11], es-
pecially for a big amount of students or in a case when a
teacher does not know students well. In addition, the com-
plexity of this approach increases when we create hetero-
geneous or mixed groups where the count of all possible
group assignments can be really high [12].

In order to create better study groups, automatic com-
puter-supported methods are proposed. Employing com-
puter support in the group creation process can lead to sev-
eral important advantages. Especially, it is possible to con-
sider a large amount of information even from very differ-
ent sources. In addition, group creation can be performed
very fast and anytime on demand by students or a learning
system itself. Last but not least, computer support allows
to create anonymous groups in which members do not
know their identity.

We identified a big amount of various educational
group formation methods. We propose a categorization of
different approaches according to the most important at-
tributes of these methods (see Figure 2).

Computer-supported
group formation
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paricipation
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Repeated
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i

Fig. 2. Categorization of the existing computer-supported ap-
proaches to group formation.

According to students’ involvement. Some methods in-
volve students’ participation in the group formation pro-
cess (e.g. [13]). Students are asked to specify their personal
characteristics (e.g. interests or self-evaluated level of
knowledge) or preferences (e.g. group or task preferences).
Consequently, group formation methods can take ad-
vantage of these students’ inputs and propose more suita-
ble groups. On the other hand, this approach has several
notable disadvantages, such as students may not wish to
spend an additional time with filling questionnaires (espe-
cially in the case of short-term collaboration). In addition,
self-evaluated characteristics can be significantly skewed
due to a natural trait of subjective rating.

Another option is that the group formation process can
be performed without any active participation of students.
In this case, the group formation process usually consists
of three steps: initiating a group formation process by a
teacher or a learning environment, identifying peer learn-
ers who fulfill requirements for participating in the group
and negotiating with potential participants [14]. All three
steps can be supported by adaptive educational systems.

According to formation frequency. Nonrecurring
methods for group formation produce a single assignment
of students into groups and thus, these methods usually do
not consider their following development.

As opposite to this approach, iterative methods suppose
that group formation will repeat in several following
rounds and, therefore, they can take into consideration
feedback from the previous students’ assignments.

According to types of methods. One of the most used
approaches employed in automatic group formation meth-
ods is a constraint-based approach in which group for-
mation can be viewed as a constraint satisfactory problem.
Students’ characteristics together with constraints for
group assignments are commonly defined by means of Se-
mantic Web technologies, especially ontologies (e.g. FOAF
ontology employed in the approach proposed by [11]). The
main disadvantage of these methods is the assumption
that a teacher can determine which constraints influence
collaboration and make it more effective in all possible sit-
uations. However, the current state of the research does
not provide a clear answer to this question.

Another type of methods for group formation is numer-
ical methods that do not require exact rules for students’
assignments into groups in comparison with constraint-
based methods. Student’s characteristics are usually repre-
sented by an n-dimensional vector where a value in each
dimension corresponds to the strength of the particular
student’s attribute. Two students can be compared by cal-
culating a difference between values of their vectors. This
approach allows us to employ any existing technique of
clustering for the group formation purpose. Due to data-
driven nature of numerical methods, they are successfully
applied also in learning environments where education is
unstructured and we do not have enough information
about students and the educational domain (e.g. [15]).

According to characteristics. Last but not least, group
formation methods employ different students” characteris-
tics which are used to propose a group composition.
Widely used are learning styles (e.g. Felder-Silverman
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learning styles model), knowledge levels, personality traits
(e.g. personality dimensions according to the well-known
NEO-FFI questionnaire) or preferences (e.g. a familiarity
with other students) [16].

Discussion. Computer-supported group formation
methods are able to outperform traditional methods since
they are able to consider more extensive amounts of input
data. Existing methods consider various sources of stu-
dents’ characteristics, such as questionnaires, social net-
works, wikis or blogs. However, most of these methods do
not consider important feedback from subsequent collabo-
ration (e.g. quality of achieved collaboration). We suppose
that this feedback has a potential to significantly improve
the group formation process. In addition, most of existing
methods assume that it is possible to decide in advance for
all cases which aspects make collaboration really effective
and successful. However, this information is not well
known in the current state of the research.

2.2 Group Performing

Group performing is the next important stage of dynamic
groups’ lifecycle because creating appropriate groups itself
is not a guarantee of successful and effective collaboration.
Therefore, it is necessary to supply students also with a
suitable learning environment which supports collabora-
tive activities by an appropriate computer-based assis-
tance. In order to facilitate collaborative learning, number
of tools and functions have been designed and applied in
various learning environments so far. They have been clas-
sified into 5 categories in [17].

Appropriate means for dialogue and action. Tools for
dialogue and action represent the most important part of
each learning environment. These tools, also termed as
groupware, represent the main means for learners in their
collaborative activities. They can be divided into two main
categories: communication (e.g. an email, a chat) and inter-
action tools (e.g. a text or a graphical editor). Communica-
tion tools are dedicated to supporting activities (e.g. nego-
tiating, decision making, or task management). On the
other hand, interaction tools are designated to solve the
collaborative task itself and thus their suitability greatly
depends on a particular task. Interaction as well as com-
munication tools can support asynchronous or synchro-
nous mode of collaboration.

Functions for supporting students’ self-regulation or
guidance. Besides collaborative communication and inter-
action tools, it is important to provide students with tools
for their self-regulation or guidance. If a learning system
presents appropriate visualizations of students’ collabora-
tive activities, students’ have a possibility to develop their
self-regulation and communication skills and thus im-
prove their following collaboration.

Functions for workspace awareness. Creating aware-
ness about activities of other users in the shared workspace
is essential for achieving effective collaboration [18]. Work-
space awareness is defined as “the up-to-the moment un-
derstanding of other users’ interaction with the shared
workspace” [19]. The example of a workspace awareness
tool is a participant list with online presence or a position
of other participants” text-cursor (e.g. in Google Docs).
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Functions related to community level management.
Besides workspace awareness, it is essential to supply
learners also with tools and functions for management of
activities and materials produced amongst whole commu-
nity [17]. This requirement leads to creation of various
management tools above learning materials and a commu-
nity itself (e.g. repositories of learning materials).

Facilities related to teachers” assistance. Last but not
least, learning environments applied in formal or non-for-
mal learning settings contain facilities which support
teacher’s or instructor’s assistance. The precondition for
providing assistance to learners is an overview about ac-
tivities currently performed in a learning environment. A
teacher can benefit from individual, collaborative and even
comparative information based on analysis of all interac-
tions [17]. Quite significant part of the research in Technol-
ogy Enhanced Learning (TEL) is concerned with learning
analytics aiming to provide teachers as well as students
with appropriate information about their collaboration.
Results of learning analytics are usually presented by dif-
ferent kinds of visualizations or dashboards.

Discussion. Collaboration and its effectiveness substan-
tially depends on available tools and functions. However,
despite rapid development of collaborative tools outside
the educational domain, learning systems only very slowly
adapt modern techniques (e.g. real-time collaboration).

2.3 Group Closing

The lifecycle of short-term virtual groups can sometimes
consist of the third phase which is group closing. It is a
very short stage during which members of a particular
group have a possibility to review the achieved solution
and collectively confirm the completion of the task being
solved. During group closing, students usually use for ne-
gotiation the same standard communication tools, which
are employed during the group performing phase.

3 COLLABORATIVE LEARNING SUPPORT

Despite many studies (e.g. [20]), which confirm that collab-
orative learning correlates with a wide range of positive
outcomes (e.g. improved learning, increased productivity,
higher motivation), collaborative learning does not work
automatically for all learners [21]. This is especially true for
short-term groups in which members have not cooperated
before and their individual goals are predominant [22].
Therefore, it is important to provide students with educa-
tional support during whole groups” lifecycle which is re-
ferred as to scaffold collaboration.

Particular methods to provide educational support can
be based on various underlying collaboration scaffolding
models. In general, there are two main complementary ap-
proaches [23]: by structuring the collaborative process
(commonly by scripting) or by regulating (as widely used
collaboration management model does).

3.1 Scripting

Methods based on scripting are mostly employed in the
CSCL domain during learning process where uncon-
strained collaboration does not lead to expected results. A
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collaboration script is a predefined set of instructions pre-
scribing particular phases of collaboration, e.g. how stu-
dents should form groups, how they should interact and
how they should solve an assigned problem [23]. Scripting
can occur at different levels of granularity [24]:

1. Macro-scripts are high-level models which de-
scribe a sequence of activities performed by users
who play usually different roles.

2. Micro-scripts are dialogue models which are di-
rectly embedded in collaborative environments.

Scripting was confirmed as a promising approach of
scaffolding collaboration which results in improved learn-
ing [25]. However, at the same time, scripting is criticized
for restricting users’ freedom and independence. This phe-
nomenon is called over-scripting [23]. Adaptive scripting
methods were proposed to deal with this problem by defi-
nition of elements that can be easily adapted but without
reducing the added value of the collaborative process [25].
These elements are called intrinsic. On the other side, ex-
trinsic elements are those which cannot be adapted in any
way (e.g. due to technological or pedagogical restrictions).

3.2 Collaboration Management Model

The concept of collaboration management model was in-
troduced by [26] and was confirmed as a successful way
how to scaffold collaborative learning [27]. In comparison
to scripting, it is based on decisions made in run-time ra-
ther before collaboration begins. Collaboration manage-
ment model refers to a simple process of continuous com-
paring a current state of collaboration with a desired state.
This process consists of four phases (see Figure 3):

1. The data collection phase involves observing stu-
dents’ interaction. User activities are recorded as
logs which are stored for later processing.

2. Inthe second phase, obtained log records are pro-
cessed to derive high-level variables called indica-
tors. Afterwards, the current state of interaction is
represented by a model of interaction, which con-
sists of a set of indicators. These indicators repre-
sent any attribute of the collaboration process,
such as an average time delay between activities.

3. Inthe next step, the acquired model of the current
interaction is internally compared with a model
representing the desired state of interaction.

Construct Model of
Interaction

Metacognitive Tools
Mirroring

Collect Interaction Systems

4. And finally, if there are any discrepancies be-
tween the current and the ideal model of interac-
tion, the system can advise or recommend users
how to suppress this undesirable difference.

Moreover, authors proposed a categorization of collab-
orative systems according to the number of phases of col-
laboration management which are performed:

1. Mirroring tools which only collect raw interaction
data (phase 1);

2. Metacognitive tools which derive a model of in-
teraction (phase 2) and optionally compare it with
an ideal model (phase 3);

3. Guiding systems which advice how to improve
collaboration (phase 4).

3.3 Towards Dynamic Group Formation

As the lifecycle of dynamic groups omits the warm-up
phases (i.e. storming and norming phases as described in
Tuckman’s model or the consolidation phase introduced in
the model proposed by Daradoumis et al.), the composi-
tion of dynamic groups has a very strong influence on fol-
lowing collaboration. Therefore our main intent is to scaf-
fold students” collaboration primarily by means of the
group formation phase. We combine the concepts of both
scaffold models, scripting as well as collaboration manage-
ment model, to provide dynamic groups with a complex
collaborative environment which supports learning by
means of adaptive group formation. The core of this envi-
ronment is a group formation method which we describe
in the following section.

4 DyNnAmMIC GROUP FORMATION

According to the state of the art in computer-supported
group formation techniques, we identified several draw-
backs of the existing methods which cause that these meth-
ods are not very suitable to create dynamic groups that are
created on demand while various domain-specific re-
strictions have to be considered (e.g. to involve only those
students who are currently online). The existing methods
commonly do not consider results achieved by the created
groups; rely on well-specified rules how to create success-
ful and effective groups; and are too static to be employed
in online and dynamic environments. Moreover, they
mostly produce only a single partition of all students into

Desired State of
Interaction

Metacognitive
Tools

Compare Current State of

Users <

T

Guiding Systems

Data

Advise/Guide
Interaction

Fig. 3. Collaboration management cycle as proposed in [26].
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groups which is not suitable to create dynamic groups. Fol-
lowing this motivation, we introduce a method [28] which
is designed to meet three requirements:
1. Feedback from the previous collaboration activi-
ties needs to be taken into account.
2. The method has to continuously learn how suc-
cessful groups should be created.
3. The method has to create groups in real-time and
students have to be served fast.

The last requirement means that as soon as students fin-
ish solving a task in a group, the achieved results must be
reflected immediately in the following group proposals.

With the reference on the proposed categorization of
computer-supported group formation methods (Section
2.1), the proposed method does not involve students in the
group formation process, belongs to the group of iterative
and numerical approaches, and is independent on particu-
lar characteristics.

4.1 Problem Formalization

The main goal of our method is to propose study groups
by finding compatible learners on the basis of their indi-
vidual characteristic. We consider learners’ characteristics
as compatible when their combination leads to positive out-
comes (e.g. high and low level of knowledge about a par-
ticular domain topic).

Input data to the proposed method are composed of two
matrices: 1) a matrix of characteristics” compatibility and 2)
a matrix of assignments of the characteristics to students
(see Figure 4).

The matrix of characteristics’ compatibility is defined as
follows. Let C be the set of all characteristics C = {Cj}, j=
1,2,...,n. Every characteristic is represented by an n-di-

mensional vector ¢; = G c]-"), where:

jo b
. (1 if ¢sshould be combined with ¢;
C}—{ 0 if ¢;should not be combined with ¢;
The matrix of assignments of characteristics to students
is defined as follows. Let L be the set of all learners L = {I;},
k =1,2,...,m. Every learner is represented by an n-dimen-
sional vector [, = (I}, 12, ..., [}, where:
Ii = { 1 if characteristic c; is typical for learner [,
k=10 ifcharacteristic c; is not typical for learner [,
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The expected output data from the method are clusters
of compatible students. A particular study group can be
created with any combination of students from the same
cluster. The specific combination and the number of stu-
dents depends on domain-specific preferences. It means
that besides characteristics’ compatibility, we can take into
consideration any preferences and suggestions how
groups should be formed - it is possible to utilize: 1) pre-
vious group assignments (e.g. combine only students who
have not collaborated together so far or on the other side
preserve group stability to avoid too many group
switches); 2) knowledge which is necessary to solve the as-
signed task (e.g. create a group where all required roles are
present); or 3) technology-specific preferences (e.g. involve
only those students who are currently online).

After the group finishes solving of the assigned task,
collaboration and the achieved results are evaluated. Each
combination between characteristics present in the group
is strengthened according to the achieved evaluation. It
means that the better students’ collaboration was the more
compatible the characteristics are.

In addition, some students’ collaborative characteristics
(e.g. those that describe collaborative behavior) can be au-
tomatically derived from group interaction, too. Therefore,
it is possible to consider student’s activities to update the
matrix of assignments of characteristics to students. The
precondition is that there is a technique how to automati-
cally analyze students’ collaboration and identify expres-
sions of these characteristics (e.g. by means of learning an-
alytics or sentence openers as we propose in Section 5.1).

The input matrices may be filled in various ways, such
as by questionnaires, external sources (e.g. academic infor-
mation systems, social networks) or existing user models.
However, since the method is fundamentally driven by
feedback from group interaction, its true power is that the
input matrices do not have to be known at the beginning
of collaboration at all. The cold start problem can be solved
by the random composition of the first groups. Conse-
quently, both matrices are continuously learned and im-
proved by means of returned feedback. Moreover, this ap-
proach enables the required adaptation to changing condi-
tions under which groups achieve positive results.

Qﬂs

Characteristics’ compatibility

Assignment of
Characteristics to Students

Dynamic Group
Formation Method

i

003 2 e
w—ﬁégggﬁ—» ﬁ@ —

. Group Interaction
Clusters of Compatible

Students

J

Fig. 4. Schema of the proposed method. An input to the method consists of two matrices: a matrix of assignments of characteristics to students
and a matrix of characteristics’ compatibility. An output from the method consist of clusters of compatible students.
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4.2 Group Technology Approach

Recently, many methods and techniques developed for
various domains were applied to group formation in the
educational domain, e.g. genetic algorithms [29], particle
swarm optimization [30] or ontologies [11]. On the basis of
the stated requirements on the proposed method, we de-
cided to employ Group Technology approach.

According to Selim, et al. [31] Group Technology (GT)
is an approach to manufacturing and engineering manage-
ment that helps manage diversity by capitalizing on un-
derlying similarities in products and activities. The main
task in GT approach is so-called Cellular Manufacturing
problem, which is inspired by the design of optimal distri-
bution of machines which cooperate on production of a set
of parts” families. It is necessary to identify families of sim-
ilar parts and machines to solve the problem of optimal
distribution of cooperating machines. This process is called
cell formation. In other words, groups of machines should
be located in the close proximity in order to produce a par-
ticular family of similar parts and thus minimize the pro-
duction and transfer time [32].

Group Technology approach seems to solve a similar
problem as we have. Analogy between domain entities can
be easily found. It is possible to replace a machine with a
student, a part with a characteristic, an assignment of parts
to the machine with an assignment of characteristics to the
student, and a family of similar parts with a set of compat-
ible characteristics. Moreover, we can find this analogy
also in goals; instead of optimizing a machine production
we need to optimize a group composition.

Several works employing Group Technology approach
in the CSCL domain exist. Pollalis, et al. [33] proposed a
method for learning objects” recommendation to study
groups according to students” knowledge of domain terms.
Two input matrices were used. The first one represented
student’s knowledge; the second one represented similar-
ity or mutual dependency of domain terms which was de-
rived from common occurrence in the same learning ob-
ject. The output was clusters of students and learning ob-
jects which were suitable for these students to learn.

Similar approach is described in [32] and [34]. The main
goal of this research was to identify sets of students which
use similar strategies to solve mathematical exercises. Sim-
ilarly to the previous work, two matrices were calculated:
the dynamic matrix representing an assignment of strate-
gies to students and the static matrix representing mutual
similarity of strategies. The output was clusters of students
and assigned groups of strategies. The identified clusters
are used to assign a new task to a particular group of stu-
dents according to strategies familiar to the members of the
group and suitable to solve this task as well.

As opposed to the previous two works, authors in [35]
considered only one matrix. This matrix represented teach-
ers and subjects they teach. A hybrid grouping genetic al-
gorithm was used to identify groups of similar subjects.

The described works document achieving interesting
results in the experiments with the methods based on GT
approach in the educational domain. It supports that GT
can be applied in the educational domain and support ef-
fective education in spite of its technological background.

4.3 Group Formation Based on Group Technology
Our dynamic group formation process represents a stand-
ard cell formation problem as described in Section 4.2. Sev-
eral approaches to solve the problem of cell formation are
described in [31]. The most appropriate for our goal are
procedures based on cluster analysis, especially array-
based clustering techniques. In the proposed method, the
calculation is performed in several steps:

1. Calculation of vectors” comparison values.

2. Calculation of similarity and relevance coefficients.

3. Creation Group Compatibility Matrix.

4. Clustering on Group Compatibility Matrix.

Calculation of vectors’ comparison values. First of all,
three values are defined for each learner vector [, € L and
characteristics vector ¢; € C. These values are calculated by
comparison of these vectors as follows:

1. Value a is the number of characteristics contained

in both vectors.

2. Value b is the number of characteristics which
learner [, has but are not compatible with the char-
acteristic ¢;.

3. Value c is the number of characteristics which the
particular learner [, does not have but are compati-
ble with the characteristic ;.

Calculation of similarity and relevance coefficients.
Similarity (SC) and relevance coefficients (RC) are defined
with these three values. Similarity coefficient is actually
well-known Jaccard coefficient and represents how the
user is related to the characteristic. On the other hand, rel-
evance coefficient expresses how well the characteristic is
compatible with characteristics which the user already has.

SCe) =35

a
RC (lk B Cj) = m

Creation Group Compatibility Matrix. By means of
similarity and relevance coefficients, Group Compatibility
Matrix, GCM = (aij),i € [1,n],j € [1,m], is calculated as:

_ (1 ifSC > %€ andRC = 6%¢
= {0 else

Values 65¢, 9R¢ € (0,1) represent minimal thresholds for
similarity and relevance coefficient. Algorithm starts with
thresholds set to 1 and continuously decreases them until
a valid GCM matrix is found. The GCM matrix is valid as
soon as each student has at least one assigned characteris-
tic.

Clustering on Group Compatibility Matrix. Finally, it
is necessary to perform clustering on the GCM matrix with
any array-based clustering algorithm. For our purpose
Modified Rank Order Clustering (MODROC) was used.
Output data from our method is the GCM matrix in which
the clusters of students and the characteristics are concen-
trated along the main diagonal (see Table 1). An assign-
ment of a student to a cluster means that the student has
these characteristics or these characteristics are compatible
with characteristics which are typical for the student. Iden-
tified clusters of students represent the required output of
the proposed method.
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TABLE 1
AN EXAMPLE OF CLUSTERED GCM MATRIX ACQUIRED IN THE
QUALITATIVE EXPERIMENT

Collaborative characteristic L1 L2 L3

-
EaN
-
[8)]
-
(8]

[

Warn of mistake
Accept warn of mistake
Write comment

Write general message
Ask for explanation
Give explanation
Propose action

Accept action

O O O O ©O O Fr B, B
O O O O O o o B~

O O O O O rBr O o o
P P P P B O O O O
o P P P P O O O o
© B P B P O O O O

Write praise

4.4 Extension of Group Formation Method

It is possible to extend the proposed method by considera-
tion of several categories of characteristics, e.g. the first cat-
egory can represent demographic information about stu-
dents (e.g. age, gender) and the second one can represent
collaborative characteristics (e.g. argumentation and
reaching consensus).

The separate matrix of characteristics’” compatibility is
used for each category of relevant characteristics and our
method is applied on each matrix individually. As the re-
sult, several GCM matrices are obtained and thus each stu-
dent is assigned to as many clusters of students and char-
acteristics as the number of characteristics” categories is. It
means that we can combine these clusters to create even
more appropriate groups. Similarly as in the basic version
of the method, specific way how to combine clusters de-
pends on particular categories of characteristics and do-
main specific requirements. An example of students’ as-
signment to several clusters of students and characteristics
is displayed in Table 2. If we receive a request to assign the
student 1; to a new group, we can for example:

1. Focus on student’s actual context in the learning
system and use those clusters of students and
characteristics which are relevant to his or her ac-
tual context, i.e. if the student 1, is reading a learn-
ing object about design patterns, we can use a
combination of specialization and knowledge of
programming languages. We will achieve that
students in the created group will be able to talk
about applying design patterns in the well-known
domain (web applications or DB systems) and in
the familiar programming language (Ruby).

2. Another possibility is to create a new group with-
out focus on the particular category of related cat-
egories. We can consider only those students who
have common all categories of characteristics with
student I; (I¢) or at least two categories (I3, ¢, 17).

5 COLLABORATIVE ENVIRONMENT FOR DYNAMIC
GRoOUP FORMATION

As we stated before, the proposed method is the core part
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TABLE 2
EXAMPLE OF AN ASSIGNMENT OF STUDENT L1 TO SEVERAL
CLUSTERS OF STUDENTS AND CHARACTERISTICS
Cluster of stu-

Category of related Cluster of character-

characteristics istics dents
S Web applications,
Specialization I1, s, |
P DB systems b 1o
High knowledge of
Knowledge of pro- 9 W_ g
ramming lanauages Ruby, medium 11, 13,1, |7
g glanguag knowledge of PHP
. . Active, communi-
Collaborative behavior Iy, 12 13, 16, |7

cative

of our collaborative environment. The design of collabora-
tive environment is, however, substantially domain spe-
cific. We decided to apply our method in the formal learn-
ing settings in which students assigned into dynamic
groups solve short-term practical tasks that supplement a
one-term class, which is held at a university. More specifi-
cally, we situate the collaborative environment into context
of a class dedicated to the basics of software engineering. We
implemented this kind of collaborative environment as a
collaborative platform named PopCorm (Popular Collabora-
tive Platform).

5.1 Guiding System based on Micro-scripts

According to the analyses of the most common approaches
to scaffolding collaboration (see Section 3), we designed
collaborative platform PopCorm as a guiding system
which capitalizes on the positive effects of micro-scripting.
Collect interaction data. Current information technolo-
gies are able to capture students” overall interaction quite
precisely. However, it is possible to automatically capture
interaction only on a very low-level (e.g. a plain text of a
message sent in a chat). To describe interaction better, there
are several approaches which include natural language
processing (e.g. sentiment analyses) or data mining (e.g.
categorization or sequential pattern mining). However, it
is not a trivial task to apply these approaches in collabora-
tive learning environments because despite their signifi-
cant improvement in the recent years, they are still limited
in understanding and interpreting communication [36].
Therefore, we decided to employ another solution
which is to structure the collaborative interface by micro-
scripting approaches, and more specifically by sentence
openers. Sentence openers refer to a communication inter-
face in which users select a beginning of a sentence (e.g. “I
suggest to...”) and complete the sentence with the rest of
the message they would like to communicate with others.
This kind of micro-scripting techniques allow us to au-
tomatically describe interaction also on a high level. More-
over, groups, in which members communicate via a struc-
tured interface, show more intensive orientation on find-
ing the solution in comparison with groups in which mem-
bers communicate via an unstructured interface [37]. In ad-
dition, students by themselves tend to use a structured dis-
cussion (the experimental study performed in [37] shows
that the structured messages represented about 58 % of all
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sent messages). On the other hand, strictly structured com-
munication interface can negatively influence collabora-
tion, especially in cases where students need to communi-
cate in a way which is not adequately supported by the
provided interface (so called problem of over-scripting).

In PopCorm, we applied the sentence openers to struc-
ture communication among students by means of 16 dif-
ferent types of messages selected according to McManus
and Aiken’s taxonomy of Collaborative Skill Network [38].
This taxonomy defines a set of sentence openers that cor-
respond to conversation skills commonly used during col-
laborative learning and problem solving, such as propose
a better solution, accept a proposal, ask for an explanation
or provide an explanation. To solve the problem of too
strictly structured interface (over-scripting), we decided to
include also 2 additional types of messages: a general mes-
sage and a comment, which can be used when students
cannot assign their message to any of the predefined types.

Construct model of interaction. Consequently, the cap-
tured interaction is used to derive the high-level variables
describing the collaboration process. There are several
models how to evaluate technology-mediated collabora-
tive learning. Authors in [39] consider a multidimensional
model proposed by [40] as the most representative one and
refined this model to include 7 indicators of collaboration
quality which we adopted in the design of the collabora-
tive platform:

Sustaining mutual understanding (1;).
Information exchanges for problem solving (I,).
Argumentation and reaching consensus (I3).
Task and time management (I,).

Sustaining commitment (I5).

Shared task alignment (I).

Fluidity of collaboration (/).

Each of these indicators is automatically calculated on
the basis of recorded activities in the proposed structured
interface. The indicators I; _5 are calculated as a proportion
of positive activities (i.e. those that positively contribute to

NGOk L=

Popular
Collaborative

Logged in user van Srba Do not assign new tasks

the particular dimension) in all activities (i.e. a sum of ac-
tivities with a positive and negative influence). The indica-
tors Is_, are calculated as an equality in distribution of ac-
tivities among members or in time respectively. In addi-
tion, a teacher can manually add the eighth indicator rep-
resenting a quality of the created solution itself (Ig). All in-
dicators are represented by a value in the interval (0, 1).

An overall evaluation of collaboration quality (OE) is
calculated as a weighted arithmetical average (with
strengthen teacher’s evaluation of the achieved solution)
from all eight indicators as follows:

=il +31
10

Compare current state of interaction to desired state.
The desired state of collaboration is represented by the in-
dicators which values are equal to 1s. In other words, the
desired state of evaluation is achieved when the overall
evaluation reach value 1.

Advise/guide interaction. After finishing solving the
tasks, the collaborative platform PopCorm provides stu-
dents with visualizations of all 8 indicators. In addition, it
advises students how to collaborate better and more effec-
tively if some of these indicators reach only very low val-
ues in comparison with the ideal state of collaboration.

OE =

5.2 Collaborative Tools and Functions

To provide students with an attractive system, we based
PopCorm’s implementation on several concepts well-
known from content creation tools (e.g. Google Docs), such
as collaboration in real-time or a timeline of content evolu-
tion (for further information about PopCorm see [41]).
Moreover, PopCorm provides all functions and tools
which are essential for effective and successful group per-
formance (see Section 2.2). According to the requirements
of the selected course, we have recognized the need to de-
sign one communication tool: a semi-structured discus-
sion; and three interaction collaborative tools: a text editor,
a graphical editor and a categorizer (see Figure 5).

PopCorm

Platform

Task text

Propose 2-3 types of different categories of programming languages. Give several examples for each category.

Text editor Categorizer
Procedural * % Object-oriented * ®  Functional
c e Java = Fi#
=% =
& Add item c# = LIsP
%
Visual Basic ‘IF' & Add item
R 1
W Add item

& Add category

— al ls
_'“. B Contact  (l) Logout - =

¥ Propose better solution
A& Warn of mistake
& Ask for explanation

% Ask for example
£ Ask for attention
() Propose action

@ General message W Admire
R
@ Ilvan Srba
[ = ® Example User
3 -
[
S

Ivan Srba warn of mistake L+ 1] %)
Text with mistake:

Visual Basic
Mistake description:

is in bad category

Example Liser accept warn of mistake
You are right

Fig. 5. Screenshot from the collaborative platform PopCorm; the categorizer tool is displayed on the left side. The sentence openers are
available in the upper right corner. Below the sentence openers, there is the online presence with further information about student’s current

activity. In the lower right corner, the history of communication is placed.
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The semi-structured discussion represents a generic com-
munication tool independent of the particular type of the
task at hand. As the discussion represents a main tool for
communication, it is based on the sentence openers ap-
proach (previously described in Section 5.1) and provides
18 types of messages, which we decided to use to structure
the communication among students.

The text editor as an interaction tool is suitable for collab-
orative writing of free text. It provides functionality for
parallel editing of written text by several users at the same
time together with the conflict resolution in the case when
two users edit the same part of the text simultaneously. In
addition, the text editor promotes students” authorship by
colored text highlighting (each group member has as-
signed his or her unique color). We based the implementa-
tion of the text editor on the open source online editor
Etherpad (http:/ /etherpad.org).

The graphical editor provides the opportunity to collabo-
rate visually by draft drawing, especially by designing
UML diagrams. Its functionality covers drawing vector
shapes, importing raster images and adding text notes. As
well as the text editor, also the graphical editor was de-
signed to support content synchronization in real time. It
means that students can collaborate on the same drawing
without any restrictions. In the implementation of the
graphical editor, we proceeded from the drawing editor
SVG-edit (https:/ /code.google.com/p/svg-edit).

Last but not least, the categorizer is a special tool devel-
oped for solving different types of tasks that result in one
or more lists (categories). The categorizer allows learners
to create categories or items, move items from one category
to another and reorder items in categories with a standard
drag-and-drop technique.

Other tools provided by PopCorm include user online
presence, students’ profiles, administration, and student or
class-wide statistics dedicated to teachers.

6 EXPERIMENTS

The collaborative platform PopCorm became the main
means to evaluate the proposed method. We evaluated our
method and the collaboration platform in two phases.
Firstly, we performed a qualitative experiment with sev-
eral selected participants. Secondly, a quantitative experi-
ment was conducted to evaluate the performance of dy-
namic groups on a wider audience of students.

6.1 Experimental Setup

During both experiments, PopCorm was integrated with
an educational system ALEF [42]. ALEF is dedicated pri-
mary for individual learning and indirect collaboration. In-
direct collaboration in ALEF includes text annotations (i.e.
text highlighting, tagging, error reporting), supplementing
learning materials with external sources or collective eval-
uation of test answers [43]. Therefore, students were able
to use ALEF as a valuable source of information while solv-
ing collaborative tasks in PopCorm.

Characteristics. In the experiments, we used two cate-
gories of characteristics to illustrate the universal design of
our method: collaborative skills and personality traits.
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Collaborative skills refer to collaborative learning conver-
sation skills defined in McManus and Aiken’s Collabora-
tion Skill Taxonomy. They can be automatically assigned
to students according to the most used messages in the
semi-structured discussion. The matrix of assignments of
these characteristics to students was unknown at the be-
ginning of the experiment and it was continuously learned.
Similarly, the matrix of collaborative skills’ compatibility
was continuously updated according to the overall evalu-
ation achieved in the created groups.

As personality traits we used assignments of students
into 5 domains of adult personality: extraversion, neuroti-
cism, conscientiousness, openness to experience and
agreeableness. To obtain these assignments, students, who
participated at the experiments, filled out NEO Five Factor
Inventory (NEO-FFI) questionnaires which were evalu-
ated by a team of psychologists. Some studies (e.g. [44])
suggest which combinations of NEO-FFI personality di-
mensions lead to better study results. However, results of
these studies are not very representative and thus we de-
cided to derive personality traits’ compatibility from feed-
back provided to the method similarly as in the case of col-
laborative skills.

Collaborative tasks were defined in a way that enables
active participation of every group member. In our exper-
iments, the tasks were created by a teacher. Alternatively,
tasks can be created by students themselves. We used 70
collaborative tasks according to seven different types of
tasks which are suitable for the domain of software engi-
neering, nevertheless they can be easily used also in a num-
ber of different domains:

1. Group discussions about any general problem, e.g.
discus under which circumstances it is suitable to
develop software with agile methods.

2. Explanations of domain relevant terms, e.g. explain
what a composition and an aggregation means in
data modeling.

3. Proposals to some well-defined problems, e.g. pro-
pose a state diagram of a bug report in issue track-
ing systems.

4. Listings of particular items, e.g. list at least five most
important software attributes of an application for
electronic banking.

5. Comparisons of two entities, e.g. compare COTS
and MOTS applications.

6. Advantages/Disadvantages of an entity, e.g. give
advantages and disadvantages of use case points.

7. Pros/Cons of two entities, e.g. compare two models
of software lifecycle. The first student defends a wa-
terfall model, the second one defends an iterative
model.

6.2 Qualitative Experiment

The purpose of the qualitative experiment was to evaluate
attributes of the proposed method; namely, how well the
proposed method is able to identify the clusters of compat-
ible students and consider feedback from the created
groups to learn both input matrices. In addition, the exper-
iment was also an opportunity to get valuable comments
on the implementation of the collaboration platform. Five
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TABLE 3
STATISTICS OF THE RESULTS ACHIEVED IN THE QUANTITATIVE EXPERIMENT

Metric Value  Additional notes

Number of students 110  Students attended the 2" year of the bachelor study (the average age was 21 years).
Number of groups 254  Additional 35 groups were created but students were not able to start collaboration.
Number of activities 3763 Each activity corresponds to one sent message in the semi-structured discussion.

participants in total took part in the qualitative experiment
and solved 12 tasks. The proposed method was able to
identify three clusters of students and collaborative char-
acteristics at the end of the experiment (see Table 1).

6.3 Quantitative Experiment

The second phase of our evaluation consisted of the quan-
titative experiment which was realized during the summer
term 2011/2012 as a part of the bachelor degree course
Principles of Software Engineering at the study pro-
gramme Informatics, Slovak University of Technology in
Bratislava.

Detailed statistics of the quantitative experiment are
provided in Table 3. The experiment lasted approximately
2 months. During this time, 110 students in total voluntary
participated in 254 created groups and 3 763 activities were
recorded. We found out that students were able to solve
the prepared tasks in 11 minutes in average.

For both categories of characteristics, the performance
of groups created using our method was compared with a
reference method and a traditional approach (randomly
created groups). As the reference method, we decided to
use a numerical method based on k-means clustering. For
purpose of the clustering, each student was represented by
a vector of his or her assignments of characteristics.

Particular groups were created from online students ei-
ther randomly or from the clusters that were derived from
collaborative skills or personality traits as well as created
by the proposed or reference method. A balanced mecha-
nism was used to employ all combinations of methods and
categories of characteristics equally. The group size was re-
stricted to 2 or 3 members (triads were preferred when the
sufficient number of students from the same cluster of
compatible students were online at the same time).

Consequently, the most suitable task was assigned to
the created group. Tasks that 1) have not been solved be-

fore by any member of the group; and 2) practice just lec-
tured topics were preferred. As soon as students finished
solving a task in one group, they were asked whether they
wanted to continue in collaborative learning in another
group (with a different composition).

For each type of groups, we compared the automatic
evaluation of collaboration quality (by 7 high-level indica-
tors described in Section 5.1), the teachers” manual evalua-
tion of the created solution (the eighth high-level indicator)
and the overall evaluation. The experiment was double-
blinded so teachers as well as students were not informed
about the method used to create the particular group.

As the results show (see Table 4), groups created by our
method achieved more effective and successful collabora-
tion in comparison with other two approaches in all three
kinds of evaluation. In addition, the groups created by the
proposed method achieved better evaluation for both cat-
egories of characteristics that have been used as inputs for
the evaluated methods.

In general, the achieved evaluation of groups can be
rated as satisfying in spite of the fact that the groups did
not achieve the state of ideal collaboration (the overall
evaluation and the partial evaluations should theoretically
reach values 1, however, this value represents collabora-
tion which can be hardly achieved in practice, e.g. all mem-
bers would have to send exactly the same number of mes-
sages in the discussion).

We evaluated also students’ subjective perception of
collaboration. Students were asked to provide explicit
feedback at a 5-point scale after finishing collaboration (1
means poor collaboration and 5 means excellent collabora-
tion). When collaborative skills were considered, groups
created by the proposed method achieved a notably higher
feedback evaluation in comparison with other types of
groups. For personality traits, higher feedback was
achieved in the groups created by the reference method.

COMPARISON OF THE RESULTS ACHIEVED BY GROUFTSAC?IR:EEAiED BY THE EXAMINED GROUP FORMATION METHODS
Characteristics Group Formation Method Overall evaluation  Collaboration Solution Feedback
Used as input to method Interval (0, 1) L-1; Ig Interval (1, 5)

Proposed (Group Technology) 0.451 +0.125 0.36 £0.12 0.69 +0.23 3.96 £1.50
Collaborative skills Reference (k-means) 0.380+0.114 0.29+0.12 0.61+0.20 3.40+1.65
Traditional (Random selection)  0.404 +0.122 0.32+0.13 0.62+0.23  3.18+1.95
Proposed (Group Technology) 0.456 +0.125 0.36 +0.13 0.72+0.21 3.63+1.58
Personality traits Reference (k-means) 0.322 +0.117 0.29+0.14 040+0.25 3.92+1.11
Traditional (Random selection)  0.408 +0.122 0.32+0.13 0.64+0.22 342+1.83
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This result can be explained by a fact that the groups cre-
ated by the reference method were homogenous and also
the previous study [44] confirmed that students tend to
create homogenous groups on the basis of their personality
traits (e.g. an extrovert with another extrovert).

A one-way ANOVA was employed to determine an ef-
fect of the group formation method on the groups” overall
evaluation. When collaborative skills were considered, we
got p-value 0.0028, F(2, 251) = 6.03, n? = 0.046. Similarly,
for personal traits we got p-value 0.0267, F(2, 251) = 3.677,
n? =0.028. Thus, the achieved results reveal that the appli-
cation of the particular group formation method leads to
statistically significant difference in the overall evaluation
with the moderate effect size. A post-hoc Tukey-Kramer
test showed that the differences between the mean of over-
all evaluation of groups created by the proposed method
and other two means are significantly different, while the
difference between means of randomly and reference
groups is not significant.

Finally, we evaluated the iterative improvement of the
proposed method during the experiment. In other words,
we examined how well the proposed method was able to
learn input matrices (the assignments of collaborative
characteristics to students and mutual characteristics’ com-
patibility) and thus improve group formation by utilizing
provided feedback. A Pearson correlation between moving
average of the overall evaluation (interval = 5 groups) and
the order of iteration (r = 0.311, p = 0.005) pointed out the
increasing performance of the proposed group formation
method (all experiment settings and circumstances re-
mained stable for the whole time of the experiment).

6.4 Additional Analyses to Quantitative Experiment

The quantitative experiment provided us also with a pos-
sibility to gather valuable information about collaborative
learning in the purely real-time learning environment
which is still only very rare in the educational domain.

Students. First of all, we analyzed the degree of stu-
dents” involvement in the experiment. The number of tasks
solved during the experiment was generally diverse (X =5,
SD = 4.72). Students with worse study results tend to solve
more tasks than other students (r = 0.29, p < 0.001). On the
other hand, their average evaluation is lower than average
evaluation of the groups with better students (r =0.25, p =
0.001). We can explain this result by the influence of moti-
vation. Students, who actively participated in the experi-
ment and achieved the most successful results, were re-
warded. Despite this undesired negative influence, it is im-
portant to see that the better students achieved the better
average evaluation.

Groups. The collaborative platform created 208 groups
consisting of two members, and 46 groups consisting of
three members during the experiment. Triads achieved a
higher average overall evaluation (¥ = 0.442, SD = 0.109) in
comparison with couples (X = 0.405, SD = 0.125), however,
this difference is statistically insignificant, ANOVA: F(1,
252) =3.411, p = 0.0659, n? = 0.0134. The higher evaluation
rate was caused mainly by more intensive interaction
which influences the high-level indicators of collaboration
quality, such as argumentation and reaching consensus or
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time and task management.

Additionally, we evaluated a correlation between teach-
ers’ manual evaluation and other automatically calculated
indicators. The highest correlation was calculated for flu-
idity of collaboration (r = 0.35, p < 0.001), sustaining mu-
tual understanding (r = 0.18, p = 0.002), argumentation and
reaching consensus (r = 0.18, p = 0.002) and information
exchanges for problem solving (r = 0.16, p = 0.005). We can
derive several findings from these results. The more suc-
cessful groups are those in which students are able to di-
vide the assigned task into several partial problems and af-
terwards participate on their solving with approximately
the same share. Furthermore, the quality of collaboration
is also positively influenced by the content that is created
to be clearly understandable by all group members. Espe-
cially, we positively judge the influence of argumentation
and reaching consensus because students expressed their
agreement and disagreement with the proposal of other
group members. This fact is in the contrast with results of
similar researches where students tend to avoid critical
evaluation of other group members. However, creative
conflict is considered as a very important aspect of success-
ful collaborative learning [45].

Activities. Finally, we were interested in a correlation
between students’ activities (messages in the semi-struc-
tured discussion) and the quality of achieved results. We
calculated the highest correlation between teachers’” man-
ual evaluation and following activities: write a praise (r =
0.28, p < 0.001), propose an action (r = 0.23, p < 0.001) and
warn of a mistake (r = 0.20, p < 0.001). Based on the calcu-
lation of how many students use the defined messages, we
can derive additional interesting findings. As the most stu-
dents used accept the proposed action (n = 55), write a
praise (n = 47) and propose an action (n = 40), the collabo-
ration process and the achieved results are positively influ-
enced by students’ self-regulation. Students are able to in-
dependently manage their collaboration, warn other mem-
bers about eventual imperfections of the created solution
and thus improve the result of their collaboration. We pos-
itively evaluate also the finding that students are able to
motivate themselves mutually by writing a praise for a
well created contribution to the overall solution.

7 DIScuUsSION AND CONCLUSION

Nowadays, collaboration between learners is present in
many web-based educational applications. This trend
causes that we have to face new challenges. One of them is
a study group composition, which plays an important role
as it can significantly influence the process of collaborative
learning. In spite of many existing methods to group for-
mation, there are a lot of unresearched possibilities how to
improve collaboration. We focused on one of them, namely
on how to create dynamic short-term groups iteratively
and automatically without student participation.

Our main contribution is the proposal of the novel
method for automatic formation of dynamic groups based
on Group Technology (GT) approach. In contrast to the ex-
isting methods for group formation based on GT approach,
the proposed method is applied iteratively. This allows us
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to take into consideration already achieved students’ re-
sults and adjust the input parameters to provide better
support during following collaboration. It means that we
can start the group formation process with no or minimal
information about learners and related characteristics. Our
method automatically learns which collaborative charac-
teristics are typical for students and which characteristics
should be combined together to achieve more effective col-
laboration. It means that the proposed method can be char-
acterized as a theory-free bottom-up approach.

We have successfully applied the proposed method in
the collaborative platform PopCorm which provides stu-
dents with the appropriate environment for effective com-
munication and collaboration. It was also used as a tool to
evaluate the proposed method during an experiment with
110 students. The results of the experiment show that the
study groups created by the proposed method achieved
the higher collaboration quality in comparison with the
reference groups.

We identified many possibilities how to improve cur-
rent design of the proposed method and its application in
collaborative learning. We have not focused on task assign-
ments to created groups in our work. It provides promis-
ing possibility how to further improve learners’ collabora-
tion because each group has different characteristics and
different tasks are suitable in a particular moment of col-
laboration. Personalization of task assignment based on
task’s and group’s attributes (e.g. knowledge of relevant
domain terms which are necessary to achieve correct task
solution) represents an interesting potential. Group recom-
mendation principles can be employed here [46].

The design of our method is quite universal (especially
due to the independence on particular characteristics) and
thus the method has a potential to be applied in informal
learning settings (e.g. in workspace) and also outside of the
educational domain. In our further work, we plan to study
how dynamic groups can support collaboration in
knowledge sharing applications based on communities.
More specifically, we are interested in Community Ques-
tion Answering systems, such as Yahoo! Answers or Stack
Overflow.
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