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Abstract

Group creativity and innovation are of chief importance for both collaborative learning and
collaborative working, as increasing the efficiency and effectiveness of groups of individuals
performing together specific activities to achieve common goals, in given contexts, is of
crucial importance nowadays. Nevertheless, construction of “the most” creative and
innovative groups given a cohort of people and a set of common goals and tasks to perform is
challenging. We present here our method for semi-automatic construction of “the most”
creative and innovative teams given a group of persons and a particular goal, which is based
on unsupervised learning and it is supported by a multiagent system. Individual creativity and
motivation are both factors influencing group creativity used in the experiments performed
with our Computer Science students. However, the method is general and can be used for
building the most creative and innovative groups in any collaborative situation.

Keywords: Creative Collaborative Working or Learning Groups, Multiagent System,
Unsupervised Learning.

1. Introduction

Group creativity and innovation are of chief importance for both collaborative learning and
collaborative working, as increasing the efficiency and effectiveness of groups of individuals
performing together specific activities to achieve common goals, in given contexts, is of
crucial importance nowadays. Therefore, educational institutions and companies alike have
become more and more interested in increasing group creativity in both learning and working
situations. Creative learning refers to instructional processes that have an extra focus on the
development of creative abilities of individuals. Collaborative creative learning approaches
creative learning that results from interactions and collaborations that take place between
learners, while working together to fulfill common goals, and that has potential to enhance
creativity both at individual level and group level. Moreover, collaborative creativity may be
improved by providing appropriate environments and contexts and by organizing the
individuals in suitable groups, as related work shows. However, it is still quite challenging to
determine in which way the interactions and collaborations that take place inside a group
result in either increases or decreases in creative group performances.

In this paper, we present a method of grouping individuals in creative collaborative
groups whose creativity is increased iteratively. This method is based on an adapted version
of the unsupervised learning algorithm introduced in [40]. The method has been introduced in
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[19] and has been developed and evaluated further in [39], being under implementation with
support from a multiagent system. This method and the corresponding architecture have been
developed from scratch to help us in our continuous work of improving educational processes
in which we are involved. The main contributions of the current work are the new architecture
of the multiagent system, the algorithm for constructing and storing execution plans, the
detailed presentation of an educational experiment performed with our Computer Science
students, based on the proposed method, along with an updated and much more
comprehensive overview of the related work.

However, the method is general and can be used for obtaining the most creative and
innovative groups in any collaborative working or learning situation.

The structure of the paper is as follows: the next section includes the related work, the
third one presents our multi-agent system for building creative groups that are involved in
collaborative working or learning and with which we have done some preliminary tests in
CSCL situations that are presented in Section 4, and the last section include some conclusions
and future work ideas.

2. Related Work

In this section we overview the related work that includes three research directions, i.e.
creativity in groups, modeling group creativity, and approaches similar to ours with regard to
building creative groups. Creativity is a concept highly debated in psychological literature.
Sternberg et al. view creativity as the ability to produce work that is novel (i.e., original,
unexpected), high in quality, and appropriate [34]. Understanding creativity is challenging
and has lead to elaboration of many theories, e.g. the investment theory of creativity |35, 36].
According to that, creative people are the ones who are willing and able to, metaphorically,
buy low and sell high in the realm of ideas. Buying low means working on ideas that are not
well-known or not popular that, however, have an intrinsic potential for growth. When
introduced for the very first time, such ideas may face resistance, but creative people will
fight it, and, in the end, they have an important opportunity to “sell” high, an innovative,
influential, or popular idea, achieving this way a creativity habit [36]. Some authors point out
that creativity is multifaceted and can be assessed by measuring fluency (creative production
of nonredundant ideas, insights, problem solutions, or products), originality (uncommonness
or rarity of these outcomes), and flexibility (how creativity expresses itself when using
comprehensive cognitive categories and perspectives) [27].

Nevertheless, group creativity is a recent topic in the literature pointing to the social
nature of the creative act [8]. Group creativity means more that summing up the individual
creativities of the members, as the interactions that take place between them within the group,
the diversity of members’ backgrounds, abilities, and knowledge generate added value in
creative processes. Thus, the importance of interactions between the group members and their
role in stimulating creative processes contribute to increased group synergy. Several
cognitive, social, and motivational factors influence the increase of group creativity such as:
exchange of ideas, potential for competitiveness that allow individuals to compare their
performances with the ones of their teammates, concept, product and perspective sharing,
intrinsic motivation, openness to new experiences, etc. [3].

Amabile introduced the componential theory of creativity, along with the elements that
influence creativity: at individual level (domain-relevant skills, creativity-relevant processes,
and task motivation) and external (the social environment in which the work takes place).
The domain-relevant skills refer to the knowledge and expertise of the individual in a specific
field, while the creativity-relevant processes to individual characteristics that favor creativity:
cognitive style, personality traits etc. Task-motivation is the internal individual motivation.
Moreover, the author points out that a central tenet of the componential theory is the intrinsic
motivation principle of creativity [2]. In his model of group creativity, Sawyer sees creativity
as a synergy between synchronic interactions and diachronic exchanges [29]. While
developing his multilevel model of group creativity, Taggar highlights that besides including
creative members, team creativity is significantly influenced by relevant processes that
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emerge as part of group interaction [38]. Moreover, creativity evolves over time within teams
and is influenced by the climate of creativity, an essential feature in the multilevel model of
group creativity of Pirolla-Merlo and Mann [25].

Contextual factors that influence creativity are divided in three categories [45]:
(1) facilitators of team creativity (supervisory and co-workers support, psychological safety,
group process), (2) obstructers of generation of creative ideas (conformity, insufficient
resources, bureaucratic structure), and uncertain factors (team diversity, conflicts in teams,
group cohesion). An interactionist perspective on organizational creativity is shown in the
interactionist model of individual creative behavior of Woodman et al. Thus, group creativity
is seen as a function of individual creative behavior “inputs”, the interaction of the
individuals involved (e.g. group composition), group characteristics (e.g. norms, size,
cohesiveness), group processes (e.g. approaches to problem solving), and contextual
influences (e.g. the larger organization, the task). Moreover, organizational creativity is seen
as a function of the creative outputs of its constituent groups and contextual influences
(organizational culture, reward systems, resource constraints, the larger environment, etc).
This multifaceted mix boosts the gestalt of creative output (new products, services, ideas,
procedures, processes, etc.). When building creative groups several characteristics may be
considered, at various levels: individual (cognitive abilities/style, personality, intrinsic
motivation, knowledge), group (cohesiveness, size, diversity, role, task, problem-solving
approaches), and organizational (culture, structure, strategy, technology, resources, rewards
etc.) [41], [43]. An outline for organization of group creative processes is proposed in [23]. A
creative idea generation process was considered with respect to the social interactions inside
the selected group, based on general principles from soft computing mathematical models.

Limited experiments with grouping individuals in creative groups are available in the
literature. In [17], students involved in collaborative learning are grouped based on their
learning styles. A research project that investigates empirically whether knowledge sharing in
community contexts can result in group knowledge that exceeds the individual knowledge of
the group’s members and concludes that this is the hallmark of collaborative learning is
available in [33]. An experimental study that worked on the assumption that shared cognition
influences the effectiveness of collaborative learning and is crucial for cognitive construction
and reconstruction of meaning is available in [37]. The work towards an intelligent
collaborative learning system able to identify and target group interaction problem areas is
available in [31]. Intense social interaction and collaboration are proven to provide for
creation of learning communities that foster higher order thinking through co-creation of
knowledge processes [15]. In [10], the “optimal class” is seen as a high performing
cooperative group with positive interdependence. The issue of identifying peers and checking
their suitability for collaboration, as an essential pre-collaboration task, is approached in [13],
which concludes that a more personalized cooperation can take place provided that individual
tastes and styles are considered. In [22], the authors approach the liberating role of conflict in
group creativity, as a possible solution for weaknesses of group creativity, namely social
loafing, production blocking, and evaluation apprehension. They have carried out an
experiment in two countries to prove that brainstorming may benefit significantly from
dissent, debate, and competing views, stimulating this way divergent and creative thought.
In [26], the authors build up on two main ideas, namely that creative groups fuel both
innovation and organizational change and that collaborative systems can be used to team up
individuals across the globe in creative groups. They are concerned with the relation between
individual creative preference and group creative performance across different phases of
creative problem solving, in a group supported system. After experimenting with 250
students, their results indicate that group member creative styles play an important role in
determining the groups’ productivity as well as certain qualities of the solution they pick.
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3. GC-MAS - A Multiagent System for Building Creative Teams

This section includes a brief presentation of our multi-agent system for building creative and
innovative teams. The goal is grouping individuals in “the best” teams possible and our
approach is innovative in the sense that grouping individuals in creative and innovative teams
in an iterative semi-automated process has not been performed yet, up to our knowledge. This
work builds up on previous work [19], where the very first architecture of the system was
introduced. However, after experimenting with it, we have refined it further and reduced the
number of agents, some of them having more complex roles, such as the facilitator agent.

The current system architecture includes the following agents, in which all the agents are task
agents, except for CommGC (Fig. 1):

o The Communication Agent (CommGC) has a dual role, being responsible with
interfacing with the users (both students and instructors) and with the agents,
along with managing the activities of the other agents;

o The Creative Groups’ Builder (BuildGC) is an agent that assists the construction
of creative groups based on an unsupervised learning algorithm;

o  The Creativity Evaluation Agent (EvalGC) assesses each group creativity;

o The Creativity Booster (EnvrGC) boosts development and maintenance of
contextual environments that provide for increasing group creativity;

o The Facilitator Agent (FclGC) facilitates a more efficient group interaction, e.g.
by sustaining the team members who are shyer or less active. It also provides
support for seeking out and taking on otherwise neglected tasks that have
potential to facilitate creative group performances.

CommGC acts as a middle agent and has a horizontally stratified structure, in which each
level is connected directly to both the input sensors and the output effectors (software entities
that perform particular actions). Each level acts as an individual agent that provides the
expected action. The two levels of CommGC are as follows: (1) the social level that ensures
the communication with the other agents, the users, and with the external environment, as a
true personal/interface agent, and (2) the administrative level that coordinates the actions of
all the agents (see Fig. 2).

GOMAS

BuildGC Sensors Effectors

CommGC FelGC

Environment
Users (stud. teachers)
- Learning context

Environment
Users (students, teachers)
Learning context

[Ctassieation techniques

Fig. 1. GC-MAS - the bird’s eye view Fig. 2. The architecture of
architecture. CommGC.

The agents BuildGC, EvalGC, EnvrGC and FclGC are execution agents that perform
precise actions in construction of creative groups. They have a very simple structure, are goal-
oriented, and use plan libraries or classification techniques to perform their duties, as it can be
seen in Fig. 3. At the core of execution agents is their plan library, as planning is essentially
automatic programming: the design of a detailed course of action which, when executed,
will result in the achievement of some desired goal [44). A plan library (PL) is defined by a
set of inputs (plans) PL={P,, P, ..., P,}, which an agent uses to achieve its goals. Such an
input includes the plan’s pre-conditions, body, and its post-conditions. A plan P; is defined as
P=<prei, body, post>. The pre-condition is defined by a logical expression and each time
the value of this expression is true the specified/associated plan is executed. The post-
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condition specifies the goal that an agent is supposed to fulfill. The body of a plan is a
computer program specified by a sequence of primitive actions that is executed when its pre-
condition is true (1).

< actions_sequence >=< primitive_action >< actions_sequence > |NULL @)

The plans are built using a constructor. One of the most well-known algorithms for this
purpose is the STRIPS planning algorithm, in which a means-ends analysis is performed to
find an action sequence that will lead to achieving the goal [6]. Planning is seen as a search of
an action sequence in a state space based on the pre-conditions and on the outcomes of the
actions. Another approach consists in adaptation of the existing plans to a specific situation
(case based reasoning) [1]. The plan constructor is seen as a black box that returns a plan
solution given a plan description. In GC-MAS, we use the algorithm for constructing and
storing a plan in Fig. 4. First, we abstract the state of the system and its goal and we model
them with a conjunction of primitive states (2), respectively of primitive goals (3) i.e. that
cannot be decomposed any further. For example, primitive states could be the learning style is
visual or the motivation of the student is intrinsic. A primitive rule is defined as follows:
if state then primitive_action. A priority function is associated to each primitive rule P: R—>N,
where R is a set of rules and N is the set of natural numbers. The priority function helps
solving the selection conflict when for the same pre-condition more than one action may be
chosen. In such cases, the action with the highest value of priority function will be selected.
The primitive actions and rules are stored in libraries available to each agent. The algorithm
generates a plan that leads the system to achieve the goal g starting from a state st.
Two situations are similar if their composing states and goals are similar. Two states Statel
and State2, respectively two goals Goall and Goal? are similar if their similarity index is
above a fixed threshold (4, 5).

State = sty A sty A ... ASt, 2)

Goal=g NG, A ... ANgnm 3)

Statel = styq AStiy A ... Astyy, State2 = sty AStyy A ... AStyy, 4)
state_indeXgimirarity = 1{St11, St12, ..., Stin} N {Styq, Stoy, ..., Stom}

Goall = g11 A g12 Ao Ng1n Goal2 = g1 A Gz Ao Aoy (5)

goal_indeXsimiarity = {911, 912, -+ 91n} N {921, 922, ++» Gam}|

Execution agent Input Data: State (st) Goal (g)

Plans’ library

Effectors

Goal oriented
level

Sensors

-
Output Data: Plan
Fig. 3. The architecture of an execution Fig. 4. The algorithm for plan
agent. construction.

Case 1. A similar situation does exist, so there is a plan whose pre-condition is similar
with the system state and the plan post-condition is similar with the desired goal
(Fig. 5). This plan is selected, adapted if necessary for the similar situation, and then stored in
the plan library. The procedure for plan adaptation is as follows:

e If the system state contains the plan pre-condition and the agent’s goal is included
in the plan post-condition then the plan remains unchanged;

e If a goal that is not included in the plan post-condition exists then a backward
search is performed in the state space (built from the plan libraries and rules) to



AUTHOR ET AL. AUTHOR GUIDELINES FOR THE PREPARATION...

determine a sequence of primitive actions that leads to that goal, given the
system’s state. This particular sequence of primitive actions is included in the
selected plan to obtain its adaptation to a similar situation.

sty AN st, A A st state

oo | At 2 A [

‘ sequence of primitive actions ‘

A m AN m Post-condition

g N g N N goal

ke >

<5

Fig. 5. A similar situation exists.

Case 1I. A similar situation does not exist

For each sub-goal g; of the goal, a sequence of primitive actions is searched so that their
execution leads to the desired goal starting from a particular state. The action sequences that
are found this way are further combined to form the body of a plan.

BuildGC - The Creative Groups’ Builder aims at construction and iterative refinement of
creative groups taking into account factors that boost creativity, their interdependencies and
the purpose of building of particular creative groups. The input data for BuildGC are student
data (individual features that influence group creativity), group data (the purpose of
constructing creative groups, i.e. the problem to be solved, the task to be completed, the
research to be undertaken etc., the group size, the diversity of group members, etc., and
support data generated by both users and other agents autonomously or as a result to the
queries addressed by BuildGC. The output data of BuildGC consists of both the most creative
learning groups buildable and the queries to other users and agents with respect to the process
of group construction. In our experiments, BuildGC had the plan structure as follows: the pre-
conditions consisted of each student’s creativity features, the body consisted in a prediction
reasoning tool based on an adapted version of the Q-learning algorithm [19], [40], while the
post-condition included the best organization of a cohort of students in creative groups so that
the value of Q is the largest possible for each group. In brief, this algorithm is a reward
learning algorithm that starts with an initial estimate Q(s, a) for each pair <state, action>.
When a certain action a is chosen in a state s, the intelligent system (the agent BuildGC in our
case) gets a reward R(s, a) and the next state of the system is acknowledged. The function
value-state-action is estimated as:

Q(s,a) = Q(s,a) + a(R(s,a) + ymax,Q(s',a’) — Q(s,a)) (6)

Where a € (0,1) is the learning rate, y € (0,1) is the discount factor, and s’ is the state
reached after executing the action a in the state s. The way in which the values for the
learning rate and for the discount factor should be selected is discussed in [14]. Value 0 for
the learning rate means that the value for Q is never updated and that the system never learns.
Selection of a higher value means that learning is faster. In our first experiments, we used a
0.5 learning rate. The discount factor has values between 0 and 1. Closeness to 1 means that a
future reward is more important to the system than an immediate reward, i.e. that the
importance of a future reward is increased, as y is still below 1. A balance between the
immediate rewards and the past rewards is sought for in dynamic environments.

From GC-MAS’s point of view, the environment consists in the students, the instructor,
and the learning context (as in [28]). For BuildGC, the agent that computes the best grouping
of a cohort of students in creative teams, the environment is the structural organization in a set
of groups. However, the groups’ structure changes over time, as the agent learns from its
interactions with its environment how to construct more and more creative groups. To fulfill
its goal of building the most creative k groups, BuildGC uses the GC-Q-learning adapted
algorithm [19]. In this case, the reward is the “value of group creativity” that ranges between
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1 and 5. The goal here is to obtain a final state, namely an optimal organization of students in
groups, each such group having a creativity value larger than a desired threshold. The GC-Q-
learning algorithm is as follows:

1. Build a bi-dimensional matrix Q for all the possible pairs <state, action>. The
columns of this matrix consist of (¢, ¢, ..., ¢, HO_group, action_number, q). A value
of the action_number of i means that if a particular type of student (given by his
creativity vector c¢;, ¢y ..., ¢,) will be moved to the group having the value of
no_group i then her contribution to group creativity is quantified by q (in this stage).
All the elements in the q column may be initialized with 0 or with a randomly chosen
low value. On each line of the matrix, the data that corresponds to each type of
student involved in the grouping process is included, i.e. the values of his
characteristics, the current group number, the action number, and the value computed
for g (that quantifies a potential for creativity). One particular type of student could
have more related lines, one for each combination <current group number, action>;

2. Initialize the optim_policy with an initial policy. In our case, the optimal policy is the
optimal grouping of students for boosting group creativity. The initial grouping is set
by the instructor and the students together;

3. Group the students and have them carry on working sessions, in which each group’s
creativity is assessed and its score is assigned to the reward R(s,a). The values of
R(s,a) are obtained for now with help from human experts. We may say that R
materializes that potential for creativity (q). Then, the matrix Q is re-calculated for
each such working session. This procedure is shown below.

procedure working session computation

select action of (optimal policy) /* student grouping*/
compute R(s,a)

compute table Q /* using formula (6)*/

4. Analyze the group creativity for each group against the global objective (the optimal
grouping policy), which is getting closer to the maximum value possible for R, for
each group or for all the groups. Re-iterate from step 3, if necessary.

Once the optimal policy consisting in tuples (¢;, ¢3, ..., ¢, group number) is obtained and
BuildGC has learned enough, predictions may be made for each new type of student, given his
set of characteristics. The predictions consist of a series of group numbers, which are
presented sorted decreasingly according to the contribution made by that particular generic
student to each group’s creativity. Thus, the first number in the series is of the group in which
that generic student would contribute the most to the group creativity, the second one of the
group in which she would make the second best contribution, and so on. Other classification
techniques may be used as well (neural network based classifiers, Bayes classifiers, decision
trees, or support vector machines). A detailed description of the Bayesian networks-based
classification techniques can be found in [7], [11]. We have already worked on this idea of
building the most creative and innovative collaborative groups using Bayes classifiers with
encouraging results [18].

EvalGC - The Creativity Evaluation Agent supports assessing of group creativity based on
criteria for measuring ideation, namely novelty, variety, quantity, and quality [30]. It uses a
plan library to achieve its goals of (1) recording the ideas generated by the group and
classifying them, (2) calculating the frequency of good ideas’ production (as the number of
innovative and useful ideas per time unit), and (3) keeping the creativity score and ensuring
the communication via CommGC.

EnvrGC - The Creativity Booster aims to enhance group creativity by providing for
contextual environments that include consistent activators that contribute to creativity
boosting. The agent works by “pushing on” the creativity triggers specific to the situation. In
our case, this action can be performed using a fuzzy controller with which we have worked
previously [20].



AUTHOR ET AL. AUTHOR GUIDELINES FOR THE PREPARATION...

Facilitator Agent-FclGC provides for a more efficient group interaction, e.g., by
sustaining the team members who are shyer or less active, and by supporting seeking out and
taking on otherwise neglected tasks that have potential to increase creative group
performances. The execution plans of this agent are presented below:

FclGC - Execution plan 1

Pre-condition: whenever the number of ideas generated per minute is more than 10;

Body: the agent asks the online group members to focus on the task to do, following their
common goal; specific creativity triggers: advising; motivation;

Post-condition: group refocuses on the task at hand, draws some conclusions.

FclGC - Execution plan 2

Pre-condition: whenever a group member has not been active, generating ideas or
contributing to the discussions for 5 minutes;

Body: the agent asks that member to say a new idea or to make a comment on what it has
been said so far; specific creativity triggers: advising; motivation;

Post-condition: a new idea/comment made by the less active member is generated.

FclGC pro-actively prevents situations in which group members focus entirely on coming
up with their own ideas and ignore completely (to build on) the ideas of others, which is an
essential added value of working together in a group [4]. For this situation, the execution plan
of FclGC is as follows:

FclGC - Execution plan 3

Pre-condition: every 15 minutes or every 25 ideas generated;

Body: the agent asks the online group members what they think about the ideas generated
so far and if they could build up on them for a while instead of generating new ideas; specific
creativity triggers: reviewing and replaying session histories;

Post-condition: students overview previous ideas and build up on them for 5 minutes.

4. A Real World Educational Experiment

To use this method, one needs to initially group the students randomly or based on their
interpersonal affinities, then have them work as groups in a particular (educational or
working) scenario, after which their group creativity can be assessed. Based on their creativity
characteristics and using the adapted Q-learning algorithm, the composition of the groups
may change in order to reach the global creativity objective. The goal here is to obtain a final
state, namely an organization of students in groups, in which either each group will have a
creativity value larger than a desired threshold or the average creativity on all the groups will
be higher than such a threshold). Further on, the obtained data (group creativity is the reward
of the algorithm) is fed back to the algorithm and, this way, it learns over time what is the
best option of moving a (particular type of) student in the group in which s/he has the
maximum contribution to the group’s creativity. Globally, for a pool of students, the objective
is to group the students so that the global creativity objective is reached [39].

After clarifying the conceptual aspects of GC-MAS, we have been concerned with
investigating the viability of our approach and therefore we have tested it in some educational
scenarios with our Computer Science students (both undergraduate and graduate). In this
section, we present briefly an educational experiment performed using the proposed approach.
More details about a similar larger experiment may be found in [39]. The main stages of the
experiment have been as follows:

1. The evaluation of each student’s individual creativity and motivation using several
evaluation tools. To assess individual creativity, we have used both the Gough
Creative Personality Scale [9] [39] and an extended version of the Creative
Achievement Questionnaire [4] that we have adapted for Computer Science students.
We present here the data obtained using Gough Scale, which is simpler and easier to
understand. Generally, the Gough Score values range between -12 and 18. The
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student motivation can be low (having value 0), middle (1), or high (2) and it has
been determined using our adapted questionnaire based on MSLQ (Motivated
Strategies for Learning Questionnaire) [24] [39].

2. |Initial organization of students in groups based on their inter-personal affinities.
Have them carry the first online brainstorming session. Evaluation of the group
creativity for each group. If the global objective has been reached then stop.

3. Activation of the BuildGC agent for the students’ cohort to group them in the most
creative groups possible. First, this agent will indicate for each student to which
group will contribute the most to group creativity. Based on that, a student may be
moved to a group for which his q value is among first 30% in decreasing order (zo
raise the potential for increasing group creativity). Then the collaborative creative
activity takes place, in our case a second online brainstorming session.

4. Evaluation of group creativity for each group involved in the experiment. If the global
objective has not been reached, re-iterate from stage 3.

The experiment included three online brainstorming sessions on subjects of interest for
them: (1) the improvement of both the curricula and the syllabuses for our Computer Science
programs (undergraduate and graduate), (2) the preferred teaching and learning methods, and
(3) the enhancement of their student life within university and campus. Each session had to
end with a final conclusion on the issues discussed. We used brainstorming here just for
measuring group creativity, but any kind of appropriate evaluation can be used.

For this experiment, the O matrix had 45 lines and 5 columns. Each column consists in,
respectively, the Gough score, the motivation value, the current group number, the action
number (that means to move her in the group in which she would contribute the most to group
creativity, given her characteristics), and the ¢ value. On each line of the matrix we have the
data that correspond to each type of student involved in the grouping process, i. e. the values
for: the Gough score, the motivation, the current group number, the action number, and the
value of q. We present below some experimental results obtained while trying to group in
increasingly creative teams several pools of students having various values for the creativity
pair (Gough score, motivation value). In this experiment, we had 5 types of students
characteristic-wise with these pairs as follows: (3,1), (3,2), (2,1), (2,2), and (4,1), and we
have studied 9 possible groups. In Table 1 the sample data for the students having the pairs
(2,1) and (4,1) are shown. The interpretation of this data is that a student with the pair (2,1)
would contribute the most to the group creativity if s/he would be in group 2, and
decreasingly - in group 5, 7, 8 or 4. A student with (4,1) would contribute the most to the
group creativity if s/he would be in group 3, and decreasingly - in group 5, 7, 9, or 6.

Table 1. Sample Data for Students with Creativity Pair (2,1) — left and (4,1) — right.

Gough  Student Action - 1 Gough  Student Action —
score motivation ov° o Qvalue score  motivation L ovC to Q value
group no group no
2 1 1 0 4 1 1 0
2 1 2 3,5 4 1 2 0
2 1 3 0 4 1 3 3,78875
2 1 4 1,9 4 1 4 0
2 1 5 2,705 4 1 5 2,777188
2 1 6 0 4 1 6 2,277188
2 1 7 2,54 4 1 7 2,612188
2 1 8 2,54 4 1 8 0
2 1 9 0 4 1 9 2,612188

However, the individuals are not grouped and re-grouped indefinitely, as the algorithm
learns during time in which group a person should be to contribute the most to group’s
creativity. So, it can make a recommendation in this sense. In our particular case, during our
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work with the students involved, throughout their university years, both as undergraduate and
graduate, we have evaluated the creativity of the teams obtained in this way and the results
show that they are, indeed, more creative than ad-hoc or buddy teams, as they consistently
obtain better evaluations of teamwork results [18, 19], [39]. But the method is general and can
be used in any collaborative working situation where increasing group creativity is required.

5. Conclusions and Future Work

We introduced here our semi-automated method of grouping team members in increasingly
creative groups, which has been tested using a multiagent system prototype. Moreover, we
have performed some experiments for grouping individuals involved in online brainstorming,
the results being encouraging so far. Thus, our first results show that students can be more
creative provided that they are included in appropriate groups for activities that involve
teamwork [18, 19], [39]. The importance of taking into account how the teams are made for
such activities is pointed out once again in accordance with the results of other similar
research [10], [12], [13], [15], [17], [22], [31], [33], [37]. It seems to make more sense to
apply this semi-automatic grouping method for groups of people aiming at becoming teams,
over long periods of time, such as university or working years. Though, the method can be
used also for groups formed for shorter periods of time because it is based on characteristics
that quite often have the same values for different people (for instance, the creativity pair
<individual creativity, motivation>), so the process does not need to start from scratch each
time, but just build up on previous results. More tests on various scenarios need to be
performed, in various learning or working activities, with diverse pools of individuals, using
control groups, and so on. More factors that influence group creativity need to be taken into
account too, for example, group interactions and the way they develop over time, and also
evaluation of group creativity using appropriate metrics.

Development of a software tool that implements the method presented here would be very
useful to assist in construction of the most creative and innovative groups in particular
learning or working scenarios and contexts and in other collaborative scenarios as well. Other
future work ideas include corroborating the results obtained with several creativity evaluation
scales, assessment of creativity before and after activities assumed to help trigger creativity
and innovation, inclusion of contextual and organizational factors, using various classifiers,
improving the algorithm, and, finally, offering the method as an online open service.

References

1. Aamodt, A., Plaza, E.: Case-based reasoning: Foundational issues, methodological
variations, and system approaches. Al Communications. 7(1), pp. 39-59. 10S Press
(1994).

2. Amabile, T. M.: Componential Theory of Creativity. In: Kessler, E. H. (ed.),
Encyclopedia of Management Theory, pp. 135-140, SAGE Publications Inc. (2013).

3. Baruah, J., Paulus, P. B.: Enhancing Group Creativity: The Search for Synergy. In:
Mannix, E. A., Goncalo, J. A., Neale M. A. (eds.), Creativity in Groups , Research on
Managing Groups and Teams Series. 12, pp. 29-56, Emerald Group (2009).

4. Bolinger, A. R., Bonner, B. L., Okhuysen, G. A.: Sticking together: the glue role and
group creativity. In: Mannix, E. A., Goncalo, J. A., Neale M. A. (eds.), Creativity in
Groups, Research on Managing Groups and Teams Series. 12, pp. 267-291, Emerald
Group (2009).

5. Carson, S., Peterson, J. B., Higgins, D. M.: Reliability, Validity, and Factor Structure
of the Creative Achievement Questionnaire. Creativity Research Journal. 17(1),
pp. 37-50. Taylor & Francis (2005).

6. Fikes, R. E., and Nilsson, N.: STRIPS: A new approach to the application of theorem
proving to problem solving. Artificial Intelligence. 5(2), pp. 189-208. North-Holland
Publishing Company (1971).



ISD2018 SWEDEN

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Friedman, N., Geiger, D., Goldszmidt, M.: Bayesian Network Classifiers. Machine
Learning. 29, pp. 131-163. Kluwer Academic Publishers (1997).

Gorny, E. (ed.): Group creativity. Dictionary of Creativity: Terms, Concepts,
Theories & Findings in Creativity Research, (2007), http://creativity.netslova.ru/
Group_creativity.html. Accessed April 17, 2018.

Gough, H. G.: A Creative Personality Scale for the Adjective Check List. Journal of
Personality and Social Psychology. 37, pp. 1398-1405. American Psychological
Association (1979).

Israel, J., Aiken, R.: Supporting Collaborative Learning with an Intelligent Web-
based System. International Journal of Artificial Intelligence and Education. 17(1),
pp- 3-40. Springer (2007).

Joyce, J.: Bayes' Theorem. In: Zalta E. N. (ed.), The Stanford Encyclopedia of
Philosophy (2003) http://plato.stanford.edu/entries/bayes-theorem/. Accessed April
17,2018.

Koschmann, T.: Dewey's Contribution to the Foundations of CSCL Research. In:
Proceedings of Conference on Computer Support for Collaborative Learning,
Foundations for a CSCL Community, pp. 17-22, Boulder, CO, USA, (2002).

Kumar, V.: Computer Supported Collaborative Learning - Issues for Research,
https://pdfs.semanticscholar.org/2ecb/60766155¢3bc0e435ae63964b93148b2adfa.pdf.
Accessed April 17, 2018.

Leon, F., Sova, I, Galea, D.: Reinforcement Learning Strategies for Intelligent
Agents. In: Proceedings of the 8th International Symposium on Automatic Control
and Computer Science, lasi (2004).

Ada W. W. Ma: Computer Supported Collaborative Learning and Higher Order
Thinking Skills: A Case Study of Textile Studies. The Interdisciplinary Journal of E-
Learning and Learning Objects. 5, pp. 145-167 (2009).

Mannix, E., Goncalo, J. A., Neale, M. A.: Creativity in Groups, Research on
Managing Groups and Teams Series, 12. Emerald Group Publishing Limited (2009).
Martin, E., Paredes, P.: Using Learning Styles for Dynamic Group Formation in
Adaptive Collaborative Hypermedia Systems. In: Proceedings of the 1st International
Workshop on Adaptive Hypermedia and Collaborative Web-based Systems, pp. 188-
198 (2004).

Moise G., Vladoiu M., Constantinescu Z.: Building the Most Creative and Innovative
Collaborative Groups Using Bayes Classifiers. In: Panetto H. et al. (eds) On the Move
to Meaningful Internet Systems. OTM 2017 Conferences. Lecture Notes in Computer
Science, 10573, pp. 271-283. Springer, Cham (2017).

Moise, G., Vladoiu, M., Constantinescu, Z.: GC-MAS - a Multiagent System for
Building Creative Groups used in Computer Supported Collaborative Learning. In:
Proceedings of the 8th International KES Conference on Agents and Multi-agent
Systems — Technologies and Applications, Advances in Intelligent Systems and
Computing. 296, pp. 313-323. Springer, Cham (2014).

Moise, G.: Fuzzy Enhancement of Creativity. In: Chiu D. K.W. et al. (eds.), New
Horizons in Web Based Learning, LNCS, 7697, pp. 290-299. Springer-Verlag (2014).
Moise, G.: Triggers for Creativity in CSCL. In: Proceedings of the 9th International
Scientific Conference eLearning and Software for Education, pp. 326-331, Editura
Universitatii Nationale de Aparare "Carol I", Bucuresti (2013).

Nemeth, C. J., Personnaz, B., Personnaz, M., Goncalo, J.A.: The Liberating Role of
Conflict in Group Creativity: A Study in Two Countries. European Journal of Social
Psychology. 34 (4), pp. 365-374. John Wiley & Sons Ltd (2004).

Petry, F. E., Yager, R. R.: Principles for organization of creative groups. Journal of
Ambient Intelligence and Humanized Computing. 5(6), pp. 789-797. Springer
International Publishing (2014).

Pintrich, P. R., Smith, D. A., Garcia, T., Mckeachie, W. J.: Reliability and
Predictive Validity of the Motivated Strategies for Learning Questionnaire (MSLQ).
Educational and Psychological Measurement. 53(3), pp. 801-813. Sage (1993).


http://link.springer.com/bookseries/11156
http://link.springer.com/bookseries/11156
http://journals.sagepub.com/author/Pintrich%2C+Paul+R
http://journals.sagepub.com/author/Smith%2C+David+A+F
http://journals.sagepub.com/author/Garcia%2C+Teresa
http://journals.sagepub.com/author/Mckeachie%2C+Wilbert+J

AUTHOR ET AL. AUTHOR GUIDELINES FOR THE PREPARATION...

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

Pirola-Merlo, A., Mann, L.: The Relationship Between Individual Creativity and
Team Creativity: Aggregating Across People and Time. Journal of Organizational
Behavior. 25(2), pp. 235-257. John Wiley & Sons Ltd (2004).

Ray, D. K., Romano Jr., N. C.: Creative Problem Solving in GSS Groups: Do
Creative Styles Matter? Group Decision and Negotiation. 22(6), pp. 1129-1157.
Springer Science+Business Media B.V. (2013).

Rietzschel, E. F., De Dreu, C. K. W., Nijstad, B.A. : What are we talking about, when
we talk about creativity? Group creativity as a multifaceted, multistage phenomenon.
In: Mannix, E. A., Goncalo, J. A., Neale M. A. (eds.), Creativity in Groups, Research
on Managing Groups and Teams Series. 12, pp. 1-27, Emerald Group (2009).

Russel, S. and Peter Norvig, P.: Artificial Intelligence: A Modern Approach.
Prentice-Hall, Inc. (2010).

Sawyer, R. K.: Group creativity: Music, theater, collaboration. Psychology Press
(2003).

Shah, J. J., Vargas-Hernandez, N.: Metrics for measuring ideation effectiveness.
Design Studies. 24(2), pp. 111-134. Elsevier Science (2003).

Soller, A., Abu Issa, A. S.: Supporting Social Interaction in an Intelligent
Collaborative Learning System. Internationa Journal Artificial Intelligence in
Education. 12(1), pp. 40-62. Springer (2001).

Stahl, G., Koschmann, T., Suthers, D.: Computer-Supported Collaborative learning:
An historical perspective. In: Cambridge Handbook of the Learning Sciences, Sawyer
R. K. (ed.), pp. 409-426, Cambridge University Press, Cambridge, UK (2006).

Stahl, G.: Cognition in Computer Assisted Collaborative Learning. Journal of
Computer Assisted Learning. 21, pp. 9-90. Blackwell Publishing Ltd. (2005).
Sternberg, R. J., Lubart, T. 1., Kaufman, J. C., Pretz, J. E.: Creativity. In: The
Cambridge Handbook of Thinking and Reasoning, K.J. Holyoak, R.G. Morrison,
pp. 351-369, Cambridge University Press, New York (2005).

Sternberg, R. J., Lubart, T. I.: An Investment Theory of Creativity and its
Development. Human Development. 34(1), pp. 1-31 Karger International (1991).
Sternberg, R. J.: The Assessment of Creativity: An Investment-Based Approach.
Creativity Research Journal. 24(1), pp. 3—12. Taylor & Francis (2012).

Stoyanova, N., Kommers, P.: Concept Mapping as a medium of shared cognition in
Computer-Supported Collaborative Learning.  Journal of Interactive Learning
Research. 13(1), pp. 111-133. AACE (2012).

Taggar, S.: Individual Creativity and Group Ability to Utilize Individual Creative
Resources. The Academy of Management Journal 45(2), pp. 315-330. (2002).
Vladoiu M., Moise G., Constantinescu Z.: Towards Building Creative Collaborative
Learning Groups Using Reinforcement Learning, accepted for publication at the 27th
International Conference on Information Systems Development ISD 2018 (2018).
Watkins, C.: Learning from Delayed Rewards, PhD Thesis, pp. 95-96, University of
Cambridge, England (1989).

Woodman, R. W., Sawyer, J. E., Griffin, R. W.: Toward a Theory of Organizational
Creativity. Academy of Management Review. 18(2), pp. 293-321 (1993).

Woodman, R. W., Schoenfeldt, L. F.: An Interactionist Model of Creative Behaviour.
Journal of Creative Behavior. 24(4), pp. 279-290. John Wiley & Sons Ltd (1990).
Woodman, R. W., Schoenfeldt, L. F.: Individual Differences in Creativity: An
Interactionist Perspective. In: Glover, J. A., Ronning, R. R., Reynolds, C. R. (eds.),
Handbook of Creativity, pp. 77-92, Plenum Press, New York (1989).

Woolbridge, M. and Jennings, N. R.: Agent Theories, Architectures, and Languages:
a Survey. In: Intelligent Agents, LNCS 890, pp. 1-22, Springer-Verlag (1995).

Yeh, Y. C.: The Effects of Contextual Characteristics on Team Creativity: Positive,
Negative, or still Undecided. Working papers in Contemporary Asian Studies, 38,
Lund, Sweden: Centre for East and South-East Asian Studies, Lund University,
http://www.lunduniversity.lu.se/lup/publication/3127670. Accessed April 17, 2018.



