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Abstract
Throughout recent years, several researchers have proposed computational tools and algorithms to support team formation
in the classroom. The result is that team formation algorithms have been widely applied in classroom environments to create
well-balanced teams. One of the challenges in designing algorithms for automatic team formation is designing an appropriate
function to estimate team performance, which is used as part of the optimization algorithm that divides students into teams.
This function (referred to as a team evaluation heuristic) serves as an approximation to team performance, which is a complex
phenomenon that is difficult to quantitatively assess in many settings and that cannot be accurately calculated prior to the
task at hand. Despite showing their relative success compared to traditional and manual team formation strategies (manually
employed by lecturers and teachers), there is a lack of research comparing team evaluation heuristics in a real classroom
setting. Such a comparison would help teachers, practitioners, and system designers to appropriately select the most suitable
team formation algorithms. In this article, we present an experimental evaluation that was carried out in a Bachelor’s Degree
Program in Tourism that compares two team evaluation heuristics based on Belbin and Myer-Briggs. The experimental
evaluation was carried out by means of an intelligent, extensible team formation tool whose optimization is based on an
integer linear model that can be extended to support different team evaluation heuristics.

Keywords Team formation · Artificial intelligence · Education · Decision support systems · Team assembly

1 Introduction

Teamwork related skills have emerged as one of the most
prominent competencies to be developed in Higher Educa-
tion [2, 11, 12, 16, 49, 52]. As a consequence, many courses
have included team activities in their curricula to hone this
general competency [30, 39, 46]. This trend responds to the
widely accepted reality that teams are a major component in
a vast majority ofmodern companies [14, 38, 45, 54, 57]. The
reality is that, despite the difficulty of working as a team [8,
29], teams have proven to be successful when dealing with
the increasingly complex problems that are faced in the cur-
rent work environment. Hence, the importance of acquiring
teamwork skills and attitudes.

In the classroom, team activities also have an underlying
learning objective that needs to be accomplished. As high-
lighted by some studies, appropriate team dynamics should
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emerge to reinforce teamwork and to foster learning among
students [51, 59]. If not, students may focus on the negative
consequences and feelings that emerge from negative team
dynamics, deterring them from focusing on the learning task
and honing teamwork skills. Therefore, it is important to
provide an appropriate team environment. Team formation
strategies may help to implement such an environment.

The problem of computationally assisting in forming a
team is not new and has received the attention of different
computer science disciplines. These have provided different
system solutions to the problem. In the literature, these prob-
lems have been regarded as either team assembly or team
formation problems [22, 28]. In this article, we use both
terms interchangeably. Recently, [22] classified systems sup-
porting team assembly based on users’ agency and users’
participation, resulting in four types of systems: optimized
teams, staffed teams, self-assembled teams, and augmented
teams. This article focuses on optimized teams, i.e., systems
where teams are automatically formed based on algorithms
that follow a varied plethora of criteria.
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Systems that support the team assembly problem by pro-
viding algorithms for the automatic formation of optimized
teams have traditionally been studied from the perspective
of artificial intelligence and optimization [28]. Team forma-
tion problems have two associated challenges. On the one
hand, many team formation problems, even in their simplest
variant, are considered NP problems [28]. Therefore, one of
the challenges is to develop efficient algorithms (exact or
approximate), that can find the optimal set of teams based on
some objective function. On the other hand, the other chal-
lenge is to design an appropriate function that estimates the
performance of a set of teams in the real world. In many set-
tings, this challenge boils down to the design of a function
that estimates the real performance of a team for a spe-
cific task. As the reader may suspect, this is not a trivial
task by any means. Team performance is difficult to assess
and define, as it is affected by many (sometimes qualitative)
factors like results, dynamics, work environment, long-term
perspectives, synergies, etc. As a result, this function will
always be an estimation of team performance in the real
world, andmany authors propose proxy functions for approx-
imating team performance that are inspired by organizational
theory, psychology, educational theories, and so forth. We
refer to these functions as team evaluation heuristics since
they act as proxy functions for the performance of a team in
a real setting.

In the context of education, one of the most prominent
factors used as a team evaluation heuristic is personality and
behavior [21, 35, 41, 56]. This is explainable since person-
ality has been shown to influence cooperation [33]. From
the different taxonomies and studies that focus on describing
personality, many authors have focused on proposing team
evaluation heuristics that are either inspired by Belbin’s role
taxonomy [9] or by the Myers-Briggs type indicator [40]
(MBTI). The Belbin taxonomy aims to identify individual
behavioral patterns that arise in successful teams. TheMyers-
Briggs is a popular assessment scale for personality types
across four dimensions. In fact, the two aforementioned the-
ories, Belbin’s theory and Myer-Briggs theory, are perhaps
the two most widespread theories that have influenced the
design of computer-enabled tools and algorithms for team
formation.

Several proposals have studied the performance of team
evaluation heuristics inspired by Belbin or MBTI when
compared to traditional team formation strategies that are
manually carried out by lecturers. These include random
teams, teams that are self-assembled by students, and teams
that are manually created based on the instructors’ exper-
tise [1, 6, 7, 31, 50, 62]. Despite this, there is still a lack
of research comparing the team evaluation heuristics pro-
posed in the literature for optimized team formation. In other
words, even though there is individual support for the use of
some of these team evaluation heuristics versus traditional

criteria, there is no specific research on which team eval-
uation heuristics most positively influence team dynamics
in the classroom. Therefore, there is a need for studies that
compare the team evaluation heuristics inspired by Belbin’s
theory and Myer-Briggs theory, These studies may help to
determine similarities and differences in team performance
and learning.

In addition, many of the studies found in the literature
focus on the effectiveness of the optimization algorithms
designed for team formation in the classroom, or they focus
on showing the benefits of a team evaluation heuristic ver-
sus traditional team formation strategies such as random
assignment or assignment that is basedon the teachers’ exper-
tise. Nevertheless, they offer little insight into how these
computer-enabled tools should be applied in practice, the
problems that may arise when using these tools, the strate-
gies that work best for managing this type of experience, and
what the main advantages and disadvantages are of using
these types of tools.

This article aims to help resolve some of these issues. The
main contribution of this article is that we design and com-
pare two team evaluation heuristics that are based on two of
the most popular theories in the optimized team formation
literature in a real classroom experiment. One is based on
Belbin’s role taxonomy and the other is based on the Myers’
Briggs type indicator. Asmentioned, this is one of the gaps in
the state of the art on team formation problems in the class-
room. Both team evaluation heuristics aim for heterogeneity
on the team, be it roles or personality traits. The reasons
why we focus on comparing two team evaluation heuristics
inspired by Belbin’s role taxonomy and Myer-Briggs the-
ory are that they are two of the most widespread theories
when designing algorithms for team formation and differ-
ent authors have provided individual evidence that strategies
based on these two theories may provide better team dynam-
ics than teams formed manually by lecturers based on their
own traditional criteria [1, 3, 6, 31, 36]. The evaluation was
conducted in the Bachelor’s Degree Program in Tourism at
Universitat Politècnica de València over five academic years
(2014-2019). To the best of the authors’ knowledge, this is
the first study that explicitly compares two team evaluation
heuristics inspired by Belbin and Myers-Briggs despite their
popularity in optimized team formation approaches. In prac-
tical terms, studies that compare different team evaluation
heuristics provide insights and guidelines that lecturers may
use to form teams in their classrooms. In addition, this arti-
cle also contributes to the state of the art by presenting
an intelligent team formation tool based on an integer linear
programming model that allows us to extend it to support a
wide range of team evaluation heuristics. The tool provides
capabilities for lecturers to analyze the performance of their
team activities. Finally, we include interviews with lectur-
ers with insights about the experience and the benefits and
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problems that may arise when using this type of tool. This
will contribute to understanding the practical issues that arise
when using these tools in the classroom.

The remainder of this paper is organized as follows. In
Section 2, we provide a thoughtful review of the mod-
els and tools used for automatized team formation in the
classroom. Section 3 presents the different components of
the team formation tool that was used for the experiments,
including its design, the mathematical formulation of the
problem, and the proposal of the two team evaluation heuris-
tics. Section 4 describes the experiments that we carried out
and the most relevant findings from the results obtained.
Finally, in Section 5, we provide some concluding remarks
and plans for future work.

2 Related work

In this section, we mainly focus on analyzing contributions
that have used a team evaluation heuristic inspired by either
Belbin or by Myer-Briggs. For more detailed and broad
reviews on the topic of algorithmic team formation in the
classroom, the readers are directed to the following reviews
[10, 20, 32, 35, 41].

Alberola et al. [1] designed an artificial intelligence algo-
rithm based on integer programming and Bayesian learning
that creates teams by grouping students with heterogeneous
Belbin roles. The strategy was found to perform better in
many areas than randomly grouping students into teams,
showing how Belbin’s theory may be beneficial in form-
ing teams in the classroom. The algorithms assume that
several team activities are carried out so that feedback can
be gathered on the role played by each individual on the
teams. Similar to their proposal, our proposal also uses inte-
ger programming as an optimization technique. However, the
heuristics implemented in our tool focus on one-shot team
activities. In other words, they do not require previous team
activities to gather information and data about the partici-
pants. [62–65] have proposed several metaheuristics to form
well-balanced teams in the classroom. More specifically, the
authors propose a team formation heuristic that penalizes
teams that lack some Belbin roles or teams where roles are
over-represented. In [65], the performance of a hybrid evo-
lutionary algorithm is tested and compared with previous
algorithmversions based onmemetic and genetic algorithms.
However, to the best of our knowledge, the experiments focus
on comparing the performance of the optimization algo-
rithms and not on assessing the quality of the team formation
heuristic in a classroom. In another work, [17] propose a
team formationmethodology that is based on sociograms that
detect relationships between students and the teacher’s own
judgment on Belbin’s taxonomy. The proposed tool detects
triads on sociograms. Then, triads are provided to lecturers,

who can change teams according to their expertise and Bel-
bin’s theory. The methodology was only tested in a small
pilot experiment involving a limited number of students, and
it was not compared with other team formation criteria. [31]
propose a tool that generates the most promising team struc-
ture for a classroom. It takes into account the demographics
of the students and the number of Belbin roles present on the
team, and it attempts to ensure homogeneity among the learn-
ing styles of the students. The proposed strategy was tested
with success against self-formed teams, manually formed
teams, and a simplified version of the grouping criteria that is
only based on learning styles. However, the team formation
heuristic is not compared with other team formation algo-
rithms based on other principles such as MBTI. [42] propose
a framework for team formation which is based on semantic
web technologies and constraint satisfaction optimization.
This framework is aimed at providing support for lecturers
when forming teams based on Belbin roles and other con-
straints, such as the number of females per group. The authors
evaluate this proposal by running different simulated classes
of students, but no comparison is carried out in a real class-
room with other team formation algorithms. Recently, [7]
and [58] have proposed a genetic algorithm named TalSoR,
whose fitness function fosters teams that are balanced with
respect to Belbin’s role taxonomy and gender representation.
The proposed genetic algorithmhas been used in a real course
in Chemical Engineering for two academic years, where stu-
dents engage in project-based learning. The proposed team
evaluation heuristic is compared with the results obtained
by self-assembled teams from previous academic years. The
results show that the proposed heuristic and the optimiza-
tion algorithm helped the students obtain higher marks in
the course, increased their interest in the topic by the end of
the course, and provided a more positive perception of the
team experience. Finally, [18] carried out a classroom expe-
rience to examine whether or not organizing balanced teams
according to Belbin’s role taxonomy was linked to students’
performance in a business fundamentals course. To do this,
they carried out a posterior analysis of teams that were self-
assembled by the students and compared the performance
of balanced teams with respect to the performance of unbal-
anced teams. The results show that, in general, the students’
performance tends to be less extreme on balanced teams than
on unbalanced teams.

Chen and Lin [13] present a team formation algorithm
based on the compatibility relationships among MBTI per-
sonalities, the teamwork capabilities, and the knowledge of
team members. Different from other works, the goal in the
aforementioned article is not to divide a classroom into teams
but rather to form the most effective team for an engineering
project. Thus, only a single team is needed and provided by
the proposed method. A case study is also presented with
synthetic data, but no real evaluation of the algorithm is car-

123

23885Comparing computational algorithms for team formation in the classroom: a classroom experience



ried out. Another study that is based onMBTI is presented in
[15]. In this case, the authors aim to study the impact of the
personality type of team members in the formation of self-
assembled software engineering teams. The MBTI types of
contributors to the Python Enhancement Proposal are esti-
mated by means of text analysis on social networks. Then,
the authors carried out simulation experiments to understand
what characteristics helped to predict team composition,with
some MBTI dimensions found to be relevant in predicting
team composition. This work differs from other reviewed
works since its aim is not explicitly forming optimal teams
in a classroom but rather understanding some of the fac-
tors that may help the formation of self-assembled teams.
Andrejczuk et al. [6] and [4] propose an algorithm that is
based on finding teams that are proficient for a given task and
whose congeniality is also high. In this work, congeniality is
based both on personality diversity and gender diversity. In
the case of personality diversity, the team evaluation heuris-
tic is inspired by a reduced version of MBTI. The authors
propose two team formation algorithms, one based on an
integer linear programming (ILP) formulation that is capa-
ble of finding the optimal solution and an anytime heuristic
based on local search. The team evaluation heuristic was
tested using several types of tasks in the classroom compar-
ing its results with those of the traditional criteria used by
lecturers in the classroom. The results suggest that the teams
formed by their algorithm are better performing than those
created by traditional lecturers’ strategies. However, no com-
parison is carried out with other team evaluation heuristics.
Varvel et al. [60] use MBTI for team formation in differ-
ent courses such as Computer Engineering, Construction
Management, or Chemical Engineering. This study does not
conclude that a particular combination of personality types
has a more positive impact on team performance as other
studies do. However, knowing these types helps individuals
to improve their communication skills, levels of trust, and
other characteristics that influence teamperformance. Amato
and Amato [3] analyze the relationship between team learn-
ing perceptions and communication styles by using MBTI.
Specifically, this study compares students’ satisfaction when
working with people with similar personality types with peo-
ple who have complementary personality types. This study
does not provide any general conclusion since they found dif-
ferent preferences depending on the course and the subject.
Mazni et al. [36] use MBTI to form teams and analyze their
performance in software engineering courses. This study
concludes that the combination of personality types is key in
determining the performance of the team. According to the
authors, heterogeneous teams were more successful when
developing high-quality software. In contrast, homogeneous
teams were more suitable for less challenging projects.

Other authors have focused on the task of forming teams
in online settings, where normal team dynamics may be

affected by physical distance and lack of familiarity with
teammembers. Thework presented in [50] presents a cluster-
ing approach to team formation that takes into consideration
the activity of online learners on aMOOCplatform. The clus-
tering algorithm aims to group together students that have
similar activity on the platform, with the goal of creating
teams with similar learning aspirations. The clustering algo-
rithm was compared with an algorithm that assigns teams
randomly. The results show how the clustering algorithm
promoted active teams in online settings as well as stu-
dent satisfaction. In [53], the authors propose a set of three
rule-based team formation algorithms that aim to create pro-
ductive, creative, or learning teams in MOOC environments.
The participants were involved in a questionnaire to pro-
vide feedback on the hypothesis used by each of the three
rule-based algorithms mentioned above to create different
alternatives of teams, with the participants validating the
hypothesis behind the creation of productive and learning
teams. In addition to this, the participants validated the logic
behind the team formation mechanisms. However, no exper-
iments were carried out to assess the real performance of
teams formed by the proposed algorithms. Another inter-
esting study is presented in [19], where the authors present
a multi-objective genetic algorithm based on NSGA-II to
form teams that maximize the heterogeneity within teams
and maximize the homogeneity among teams. The attributes
used to group students into teams include gender, an indicator
of leadership, and the communication skills of the students.
However, it should be highlighted that these characteristics
were synthetically created and they do not include informa-
tion about real students nor was the quality of the grouping
criteria tested in a real classroom. To a lesser extent, other
authors have used team evaluation heuristics inspired by
other personality instruments likeBig Five [26]. For instance,
[48] propose a genetic algorithm for grouping students based
on a team evaluation heuristic inspired by the Big Five inven-
tory. The genetic algorithmaims to find balanced teams based
on their personality types and the personality types present
in the classroom. After optimizing the hyperparameters of
the genetic algorithm, the authors carried out a real experi-
ment in the classroom to assess whether or not teams formed
by the genetic algorithm outperformed teams assembled by
the students. The experiments show that higher grades were
achieved by teams formed with the team evaluation heuristic
proposed by the authors. The authors in [34] propose an inte-
ger linear programming model for forming teams centered
around a team leaders. First of all, the authors propose a
method that considers multiple characteristics, including the
Big Five personality traits, to assess the value of a student as a
leader. Once the best leaders are identified, the authors use an
integer linear programming model to group students around
each leader. To do this, the authors consider several char-
acteristics and the congeniality of each team member with
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the assigned leader to define their team evaluation heuristic.
Different configurations of the model are evaluated against
self-assembled teams. The results suggest that groups formed
via this model are less prone to extreme cases (i.e., they show
less deviation).

A brief overview of the analysis carried out in this section
can be found in Table 1. First, as the reader may observe,
inspiring team evaluation heuristics on both Belbin’s taxon-
omy and MBTI is a consistent trend since the first works
on team formation problems. Second, while many team
evaluation heuristics have been used with different degrees
of success compared to traditional grouping criteria (i.e.,
random teams, self-assembled teams, teams formed by the
instructor), there is a lack of research comparing the team
evaluation heuristics proposed in the literature in a real class-
room setting. More specifically, although there is individual
support for using team evaluation heuristics based on Bel-
bin’s role taxonomy or MBTI personality types [1, 3, 6, 7,
18, 31, 36] compared to traditional grouping criteria, there is
a lack of research comparing the two families of team evalua-
tion heuristics. This is partly due to the complexity of setting
an experiment involving a large number of teams as well as
the large number of teams and activities that are necessary
to compare several criteria with statistical significance. Nev-
ertheless, we argue that it is important to compare the team
performance achieved by different team evaluation heuristics

since the goal is to obtain the best performing teams and to
provide insights that lecturers can use to form the best teams
in their classrooms. This is clearly a gap that needs to be
addressed. The main contribution of this article helps to fill
this gapby comparing two teamevaluationheuristics inspired
by two of the most common criteria, Belbin’s role taxonomy
andMyers-Briggs type indicator, in a real class environment.

3 Team formation tool

In this section, we describe the design and implementation
of the proposed tool for team formation in classroom envi-
ronments. This tool uses optimization algorithms for team
formation and is based on a previous development presented
in [1].

In the current version, the automatic team formation is
supported by two components: an optimization model, and
two heuristics that drive the optimization model and that
allow making either a Belbin-based team formation or an
MBTI-based team formation. First, we present a general
description of the capabilities as well as the general archi-
tecture of the tool. Afterwards, we describe the optimization
model based on integer programming that allows us to divide
a classroom into teams based on a heuristic to evaluate team

Table 1 Analysis of team formation algorithms based on the application context, the grouping criteria, the type of evaluation, and if the obtained
team performance has been compared against traditional grouping criteria manually carried out by lecturers or other team formation algorithms

Context Team evaluation Evaluation Comparison Comparison
heuristic vs. traditional criteria with other team

evaluation heuristics

[13] Experimental Belbin Simulation

[60] Classroom MBTI Classroom

[3] Classroom MBTI Classroom x

[42] Classroom Belbin Simulation

[36] Classroom MBTI Classroom x

[31] Classroom Belbin and learning styles Classroom x x

[53] MOOC – Classroom x

[1] Classroom Belbin Classroom x

[15] Classroom MBTI Simulation

[50] MOOC – Classroom x

[17] Classroom Belbin Classroom

[62–65] Classroom Belbin Simulation

[4, 6] Classroom MBTI Classroom x

[19] Experimental – Simulation

[48] Classroom Big Five Classroom x

[18] Classroom Belbin Classroom x

[34] Classroom Big Five Classroom x

[7, 58] Classroom Belbin Classroom x
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quality. Finally, we describe the two team evaluation heuris-
tics that are implemented in the tool and that can be plugged
into the optimization model to obtain different team forma-
tions.

3.1 Tool capabilities and architecture

The team formation tool is divided in a front-end for users’
interaction and a back-end for team formation calculation
and data visualisation (Fig. 1).

The front-end is focused on users’ interaction. Specif-
ically, the tool provides the following functionalities for
lecturers: (i) registration and login; (ii) register a classroom
for a team activity; (iii) create a team activity; (iv) activate
predefined questionnaires or create new ones before a team
activity; (v) run the team formation service; (vi) activate or
create post-activity questionnaires; (vii) visualise the infor-
mation

For students, the tool provides the following functional-
ities: (i) registration and login; (ii) complete the question-
naires provided before a team activity; (iii) share information
with teammates during a team activity; (iv) complete the
post-activity questionnaire; (v) visualise the results of the
questionnaires.

Some of the functionalities mentioned above are inte-
grated in the Learning Management System (LMS) of the
university due to privacy concerns and because the LMS
already provides several facilities (e.g. user authentica-
tion, authorisation, or questionnaire management). Since we
used two different heuristics, we incorporated the Belbin
Self-Perception Inventory and the MBTI as predefined ques-
tionnaires that should be completed before the team activity.
In addition, we also provided a post-activity questionnaire
focused on measuring the students’ satisfaction as well as
the team dynamics.

The back-end is composed by the team formation ser-
vice, the data visualisation service, and the database. First,
by taking into account the information gathered by the ques-
tionnaires as well as other parameters (such as the number of

students per team), the team formation service is ready to gen-
erate the proposal of teams. The implementation used in this
paper incorporates two different heuristics (i.e., the one based
onBelbin’s roles and theMBTI). However, asmentioned, the
extensibility of this tool easily allows the integration of other
heuristics in the future as described in Section 3.2. Second,
the data visualisation service allows users to visualise some
data, such as the most predominant Belbin roles, the MBTI
personalities, or the satisfaction of each team. The back-end
runs on our own servers. Finally, the database stores all of the
information gathered, such as the teams, the questionnaires,
or the answers of each student.

3.2 Optimizationmodel

As mentioned previously, automatic team formation is sup-
ported by a general optimization model and two team
evaluation heuristics, which can be easily replaced by others.
The optimization model is based on Integer Linear Program-
ming (ILP) [61] implemented using CPLEX, although we
plan to include support for other free solvers that facilitate
the dissemination and use of the tool. The optimizationmodel
has been designed to make it extensible. Specifically, as the
reader will observe, new team evaluation heuristics can be
introduced in the ILP model by just substituting the func-
tion that accompanies each variable in the objective function.
Therefore, the same ILPmodel can be used for testing a wide
variety of criteria transparently. In our current implementa-
tion, we have implemented two team evaluation heuristics:
one based on Belbin, and another one based on MBTI.

From this point on, we provide the mathematical pro-
gramming formulation for the team formation problem in
the classroom, based on ILP. Let S = {s1, s2, . . . , sn} repre-
sent the set of students in a classroom with n individuals. We
assume that not all of the team sizes are appropriate for the
activity to be carried out by the students. Then, we define a
minimum and a maximum team size: l and u.

Wealso assume that the lecturersmayhave specific knowl-
edge about the class dynamics. This knowledge can be

Fig. 1 Overall architecture of
the team formation tool
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translated into rules about what teams should be avoided.
Specifically, we say that a pair of students (si , s j ) is incom-
patible when the students cannot be part of the same team
due to academic or personal reasons (e.g., conflict, different
languages, etc.). Additionally, we define N as the set that
contains all of the pairs of incompatible students. Based on
this definition and the minimum and maximum team size,
one can provide additional definitions. Let ti ⊂ S represent
a team of students, and |ti | represent the size of that team.
We use the notation s j ∈ ti to denote that the student s j par-
ticipates in team ti . We say that a team ti is feasible when
l ≤ |ti | ≤ u, and ∀s j , sk ∈ ti , (s j , sk) /∈ N . From this point
on, we will only focus on feasible teams, and we represent
the set of all feasible teams as T . Similarly, the lecturers
may also desire to put certain pairs of students together on
a team. We say that a pair of students (si , s j ) is compulsory
when the students must be part of the same team. We define
C as the set of compulsory pairs of students that must be
present on selected teams. Later on, we describe the family
of constraints that ensure that all of the compulsory pairs are
present on the teams proposed.

The problem of forming teams in a classroom consists of
deciding the disjoint teams in which a classroom is parti-
tioned. For each feasible team ti , we decide whether or not
that particular team is to be used in the classroom. There-
fore, for each team ti we define a binary decision variable
δi that represents whether or not the team ti is used in the
classroom (1 if it is used, 0 otherwise). Given the definition
of these decision variables, we formalize the team formation
problem in the classroom as follows:

max Z =
∑

ti∈T
f (ti ) × δi

subject to:

[student j in a team]:
∑

ti∈T ,s j∈ti
δi = 1; j = 1, . . . , n

[compulsory pair j and k]:
∑

ti∈T ;s j ,sk∈ti
δi = 1; ∀(s j , sk) ∈ C

where f : T → R is the team evaluation heuristic, which
serves as a proxy function for team performance. As the
reader can observe, this function f is general, and it can
represent any function that, given a team and the informa-
tion related to its members, obtains a real number. Thus,
this function can represent team evaluation heuristics based
on Belbin’s theory, Myer-Briggs, students’ marks, learning

styles, gender balance, or any other criteria (even a combi-
nation of those mentioned). The model aims to maximize
the sum of the idoneity of each of the selected teams. As
the reader may observe, the formulation is generic and can
be adapted to any team formation criteria and function that
estimates team idoneity. It should be noted that the formu-
lation of the problem is linear, since f (.) calculates a scalar
value that is computed for each feasible team before the opti-
mization problem is solved and it only depends on the team
itself.

Now, let us describe the constraints of the optimization
model. On the one hand, there is a constraint for each student
in the classroom, represented by the family of constraints
student j in a team. Each of these constraints ensures that
each student takes part in exactly one of the selected teams.
On the other hand, we have another family of constraints,
compulsory pair j and k. There is exactly one constraint for
each compulsory pair of students. The constraint ensures the
selection of exactly one team where students s j and sk are
together, thus forcing themembership of the pair on the same
team.

There are two main reasons why we decided to focus
our current tool on an ILP model. First, the ILP model
proposed in this section is general and is independent of
the team evaluation heuristic on which it is based. This
allows us to easily reuse the same optimization algorithm
for different team evaluation heuristics. Second, unlike other
commonoptimization algorithms used in team formation like
genetic algorithms or local search metaheuristics, ILP mod-
els guarantee obtaining the optimal solution according to the
specified team evaluation heuristics while approximate algo-
rithms do not. Our main goal in this article is to compare
two team evaluation heuristics. Hence, we need to make sure
that observed differences are due to differences in the quality
of the team evaluation heuristics and not due to differences
introduced by the stochastic behavior and approximation
of heuristics and metaheuristics. Thus, despite being less
scalable than approximate algorithms, we strongly recom-
mendedusing an ILPmodelwhencomparing teamevaluation
heuristics.

Compared to other state-of-the-art ILP models for team
formation in the classroom, there are some differences. For
instance, the ILP model proposed by [34] does not evaluate
the performance of the whole team but rather the congenial-
ity of each team member with its leader, leaving aside the
interactions among team members. Our model also allows
forcing the inclusion of pairs of students on the same team
based on to the instructor’s criteria. This is also another dif-
ferencewhen compared to [4]. In addition, we can also forbid
pairs of students, and we can allow several and varied team
sizes.
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3.3 Team evaluation heuristics

As mentioned in Section 3.2, the linear model aims to maxi-
mize the performance of the teams formed in the classroom,
i.e.

∑
ti∈T

f (ti ) × δi . Of course, it is not feasible to assess

the performance of a team exactly before its formation and
action. Therefore, scholars have proposed different heuris-
tics to roughly approximate the performance of a team based
on a variety of criteria. As we mentioned, some of these
criteria are based on psychological theories (e.g., MBTI
personalities), management theories (e.g., Belbin roles), or
academic experience (e.g., the distribution of skills in teams).
Prospective heuristics are varied, and they may also take into
consideration other factors such as the type of task at hand,
previous project work, and even other psychological traits.
The function f (.) used in the optimization model represents
any heuristic that estimates the performance or quality of a
team based on any criteria.

In this work, we have implemented and compared two
heuristics: one based on MBTI, and another one based
on Belbin roles. Nevertheless, the reader should be aware
that the optimization model is general and can be adapted
to other heuristics by changing to an appropriate f (ti ).
Although MBTI and Belbin-based team evaluation heuris-
tics have been used in the past to form successful teams in
the classroom compared to traditional grouping criteria (i.e.,
self-assembled, random, staffed teams), they have not been
compared with each other in terms of team and class experi-
ence. While both may achieve satisfactory results compared
to traditional grouping criteria, it is necessary to study which
heuristic obtains a better class and team experience, as well
aswhich heuristic can bemore easily deployed in a real class-
room. This is one of the main gaps identified in the literature.

3.3.1 The Belbin heuristic

Belbin’s role taxonomy defines one of the most impor-
tant theories regarding successful team dynamics. In this
theory, Belbin identifies eight behavioral patterns that are
present in many successful teams: Implementer (IM), Coor-
dinator (CO), Shaper (SH), Plant (PL), Resource Investiga-
tor (RI), Monitor-Evaluator (ME), Teamworker (TW), and
Completer-Finisher (CF). There are some later versions of
the taxonomy that include a ninth role: the Specialist. How-
ever, we did not include this role in our study as all of the
courses involved in the experiments are introductory courses.
Therefore, we consider that all of the students start in the sub-
ject from the same starting point, and there is no specialist
per se. However, the presented team evaluation heuristic can
be easily adapted to include the ninth role in its calculations.

Belbin’s theory describes all of the behavioral patterns that
are present in successful teams. Therefore, in theory, teams

should have at least one individual that can exhibit one of
the roles. We use the 8-role taxonomy and denote each of the
prospective roles as rk, k = 1, . . . , 8. To use this heuristic,
we need to collect the results of the Belbin Self-Perception
Inventory [37] for participating students. For each student
si this inventory produces a numerical score for each of the
roles. Let bi,k denote the score received by student si at role
rk . Belbin proposed a table (Table 2) that classifies the score
obtained by an individual for each of the eight roles according
to a salience level: low, average, high, and very high [43].

We assume that a student si can exhibit the behavior in
a Belbin role as long as he/she obtaines a high or very high
score in the role. For simplicity, we denote asβk the threshold
needed in the Self-Perception Inventory to achieve at least
high in role rk . Then, we define the team score obtained by
team ti for role rk as:

fk(ti ) =
{
1 ∃s j ∈ ti , b j,k ≥ βk

0 otherwise
(1)

In other words, the team scores a point considering role
rk as long as at least one team member receives a high or
very high score in the score associated with the role in the
Self-Perception Inventory. Then, the team performance f (ti )
according to the proposed heuristic can be calculated as:

f (ti ) = 1

8
×

8∑

k=1

fk(ti ) (2)

As a consequence, the heuristic evaluates to 0 when no
team member achieves at least a high score in any role, and
it evaluates to 1 when each role can be played by at least one
of the team members.

3.3.2 The MBTI heuristic

The Myers-Briggs Type Indicator (MBTI) is an instrument
that focuses on identifying an individual’s personality in four

Table 2 Thresholds for achieving different scores in each of the Belbin
roles according to the Self-perception questionnaire

Low Average High Very High

Implementer 0-6 7-11 12-16 >16

Coordinator 0-6 7-10 11-13 >13

Shaper 0-8 9-13 14-17 >17

Plant 0-4 5-8 9-12 >12

Resource Investigator 0-6 7-9 10-11 >11

Monitor-Evaluator 0-5 6-9 10-12 >12

Teamworker 0-8 9-12 13-16 >16

Completer-Finisher 0-3 4-6 7-9 >9
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different dimensions. Each of these dimensions is formed by
a bipolar scale that represents two opposite personality traits:
Extroversion (E) - Introversion (I); Sensing (S) - Intuition
(N); Thinking (T) - Feeling (F); and Judging (J) - Perceiving
(P). The combination of these four dimensions then makes
up 16 different personality types.

The basis for team formation in this team evaluation
heuristic is focused on the balance of personality types. As
pointed out by some studies [4, 24, 27], team performance
may be linked to the diversity of personalities found on
the team. This indicator suggests that team performance is
related to a well-balanced diversity of psychological types.
TheMBTI-based heuristic used in this article is a normalized
version of the heuristic presented in [44]. We use this heuris-
tic as a simple representative of heuristics based on theMBTI
indicator, although it is acknowledged that there are also
other MBTI-based heuristics in the literature. The heuris-
tic aims to achieve heterogeneity in the team with regard
to the different scales used in Myer-Briggs. The MBTI test
assigns a different type for each of the four dimensions: the
Intuition/Sensing dimension, the Extraversion/Introversion
dimension, the Thinking/Feeling dimension, and the Judg-
ing/Feeling dimension. As every dimension has exactly two
opposite traits, we say that dimension k has two possible
assigned traits, referenced as k1 and k2, respectively. We
define a binary function γk(s j , kl) that returns 1when student
s j has been assigned trait kl by the MBTI test in dimension
k. Then, the score obtained by a team ti in a dimension k is
defined as:

fk(ti ) =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

0 if ∃kl , ∑
s j∈ti

γk(s j , kl) = t_i

1 if ∃kl , ∑
s j∈ti

γk(s j , kl) = 1

2 otherwise

(3)

Then, if all of the team members have the same trait for a
dimension, the team does not receive a score for that dimen-
sion. If all but one team member have the same trait for
a dimension, then the team receives a score of 1 for that
dimension. Finally, if there is a certain diversity of traits for
a dimension (at least twomembers), the team receives a score
of 2. Then, the score of a team is calculated as follows:

f (ti ) = 1

8
×

4∑

k=1

fk(ti ) (4)

The heuristic evaluates to 1 when there is a variety of traits
for every MBTI dimension, and it evaluates to 0 when all of
the team members have the same MBTI personality.

4 Experiments

We have used different versions of this tool in the Bache-
lor’s Degree Program in Tourism since the academic course
of 2014. Throughout this project, several courses, lecturers,
and students have participated in the use of this tool. This
has allowed us to carry out different evaluations on the tool.
First, the participation of several courses throughout several
academic years has allowed us to carry out a long-term exper-
iment to compare the performance of the team allocations
provided by the two team evaluation heuristics described in
Section 3.3. Second, we have had the involvement of several
lecturers throughout our experience, starting in 2014 to this
day. Working in the classroom with the teams formed by the
tool has allowed the lecturers to form an opinion on the use
of these types of tools in the classroom and compare their
use to the traditional methodologies that had previously used
for team formation. Finally, the collection of students’ pro-
files using Belbin’s role taxonomy and MBTI has allowed
us to build a descriptive profile on the types of students that
participate in the Bachelor’s Degree Program in Tourism.
We hope that this information helps us in the future to tailor
more personalized learning and social activities in theDegree
Program.

In this section, we describe the experimental evaluation
that we carried out. First, we describe the courses that have
participated at some point in the formal or informal use of
the computational tool as well as the team activities where
students have participated as a team. This information will
help the reader understand the kind of activities and courses
where this tool has been used. Second, we describe the data
collection procedure designed to evaluate the performance
of the MBTI and the Belbin heuristic presented in this arti-
cle. Afterwards, we analyze the MBTI and Belbin roles of
the students that participated in the experiments carried out
to evaluate the performance of both the Belbin and MBTI
heuristics. The goal of this analysis is twofold. On the one
hand, the analysis allows us to profile the personality and
behavioral patterns of our student cohorts. On the other hand,
the results of this analysis are important for understanding
the results of the comparison carried out between the Belbin
and the MBTI heuristics since the imbalance of roles and
personalities may affect the effectiveness of the application
of the two heuristics. Then, we analyze the experiment car-
ried out to compare the two heuristics in order to identify the
heuristic that can form teams that have better team dynamics
and provide a better class experience. We then describe the
findings of a formal interview that we conducted with lectur-
ers that participated in the use of the computational tool. The
goal of the interview is to qualitatively assess the perception
of the lecturers on the impact of the tool, its ease of use aswell
as its effectiveness compared to traditional team formation.
Finally, we provide some discussion and conclusions about
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the results and insights that we obtained from the experience
and discuss the limitations of our study.

4.1 Description of activities

As mentioned, we carried out experiments by using our tool
throughout several academic years to assess its use and per-
formance in classroom environments. More specifically, we
have collected data from its use in different semesters of
the Bachelor’s Degree Program in Tourism from the aca-
demic year 2014/2015 to 2018/2019. The course 2019/2020
is not included in the study due to the special circumstances
of COVID and how it affected the normal class activi-
ties. During these years, we have had the collaboration of
several lecturers and courses that participated in our experi-
ence. The courses involved are courses that have team-based
coursework. Following, we provide a short description of the
courses (see Table 3) as well as the team activities for each
of the courses involved.

As the reader may observe, the Catering Production
Management, New Technologies Applied to Tourism, and
Business English courses share the same description for the
team activity. The reason behind this is that the students
participate in an integrated project where they apply the com-
petencies and skills learned throughout the three courses. In
all of the courses, the students participate in projects that span
severalweeks during the semester. Therefore, the data thatwe

collected about the tool usage and the performance of both the
Belbin and MBTI heuristics focuses on project-based activ-
ities. It is acknowledged that the results may differ for other
types of team activities that are carried out in the classroom.

4.2 Data collection

The goal of this section is to describe the data collection
procedure and the experiments that we carried out in order
to identify which of the two team formation heuristics may
lead to the most satisfactory results. With that goal in mind,
we devised the following experiment.

Each of the aforementioned academic years, we carried
out a data collection process to obtain the Belbin and MBTI
profiles of students involved in the described courses. More
specifically, at the start of the academic year, the students
were informed that they could participate in a research study
related to identifying successful team formation strategies
in the classroom. We decided to focus on the third-year
courses of our Bachelor’s Degree Program in Tourism, where
two long-term team projects are used as assessment tools:
one in the first semester, and another one in the second
semester. For each academic year, the students were told
that they would complete two questionnaires at the start of
the course to assess their Belbin role and MBTI personality.
Throughout this experience, a total of 260 students decided
to participate in the study and completed both the Belbin self-

Table 3 Description of the courses

Course: Tourist Territorial Resources Semester 2A

Activity A project to analyse the climate and tourism of a given region

Learning outcomes -To work with climate as a resource for tourism guidance

-To establish climate impact in tourism and tourist activities

Course: Travel management Semester 3A

Activity A project of travel management

Learning outcomes -To design a creative package travel

Course: Catering Production Management Semester 3B

Activity An entrepreneurship project and appropriate landing page

Learning outcomes -To develop creativity techniques

-To apply technology in projects

-To integrate catering knowledge in real applications

Course: New Technologies Applied To Tourism Semester 3B

Activity An entrepreneurship project and appropriate landing page

Learning outcomes -To use programming languages for web development

-To design web pages

Course: Business English Semester 3B

Activity An entrepreneurship project and appropriate landing page

Learning outcomes -To use persuasive and marketing language

-To develop oral skills
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perception inventory and theMBTI personality test. Of those
260 students, 162 are female and 98 aremale students. There-
fore, almost two-thirds of our sample corresponds to female
students. This proportion is consistent with the enrollment
statistics in our Bachelor’s Degree Program in Tourism.

Then, for the duration of the project course, they would
be allocated to a team based on some criteria unknown to
them.We randomly split the group of students into two halves
and applied the Belbin heuristic strategy to one half and the
MBTI heuristic to the other half. In the following semester,
we exchanged the application of theMBTI andBelbin heuris-
tic for each of the halves. Therefore, each half was grouped
by both the Belbin and the MBTI heuristic. In those exper-
iments, all of the teams formed had four members, except
for some teams with five members. The lecturers used the
computational tool to form the teams in the two semesters
using the assigned criteria. The students were not informed
of the specific criteria employed to form teams in order to
avoid bias.

After each team project, at the end of the semester, a sat-
isfaction form was delivered to the students to gather their
perceptions about the experience ofworkingwith their teams.
To assess the quality of the team experience, we designed
a questionnaire that covers two areas: student satisfaction
and team dynamics. Specifically, we designed a question-
naire with seven different questions that are categorized and
described in Table 6. All of the questions are presented on 5-
point Likert scales. We collected a total of 175 responses
in post-activity questionnaires from the participants, with
66 responses associated with the participants on the teams
formed by the MBTI strategy, and 109 responses for the par-
ticipants on the teams formed by the Belbin strategy. The
difference in the number of participants corresponds to differ-
ent class sizes (e.g., repeating students, exchange students) as
well as some participants who did not answered the final sur-
veys. Consent was collected for those students that decided
to participate in the study.

4.3 Class profile

In this section, we make an exploratory analysis of the class
profile related to the Belbin and MBTI profiles. Following,
we describe the most relevant findings in our student popu-
lation concerning the MBTI personality test.

We calculated the most salient personality type for
each of the four dimensions of the MBTI test: Extraver-
sion/Introversion, Sensing/Intuition, Thinking/Feeling, and
Judging/Perceiving. The pie charts shown in Fig. 2 briefly
describe our student sample distribution for each of the
four dimensions. As the reader may observe, most dimen-
sions seem balanced except for the Extraversion/Introversion
dimension, where we have a majority of extroverts. The
implications for the MBTI grouping strategy are that, since

dimensions tend to be balanced, it may be easier to form
heterogeneous teams than in the case of highly unbalanced
distributions.

We decided to delve further into our sample,k and we
studied the distribution of the MBTI dimensions based on
the gender of the student. We built contingency tables for
each MBTI dimension and gender, and we carried out a
chi-squared test of independence to assess whether we had
enough evidence to discard independence in our population
between gender and eachMBTI dimension. The null hypoth-
esis (i.e., independence) was rejected for the contingency
table representing the distribution of Feeling/Thinking based
on gender (p − value = 0.001, α = 0.05). Therefore, we
concluded that there is evidence to think that female students
tend to have amore salient feeling personality type thanmale
students. Specifically, the sample proportions were approxi-
mately 62% Feeling/38% Thinking for our female students
and 41% Feeling/59% Thinking for our male students. Other
dimensions showed similar proportions for both male and
female students, and the null hypothesis cannot be rejected.
When jointly analyzing the four dimensions, we also found
significant differences between the personality distribution
among male and female students. We carried out a Fisher
exact test on the contingency table formed by MBTI person-
alities and gender, and the null hypothesis of independence
was rejected (p − value = 0.004, α = 0.05). Therefore,
our female and male student populations have different per-
sonalities. Table 4 shows the specific distribution of MBTI
personalities in our student sample. As can be observed, there
are clear differences in the distribution of roles based on gen-
der. This is particularly true for those roles that involve the
Thinking personality, which tends to be more frequent in
the male student population. This, of course, is in line with
our previous analysis, where we identified that the Thinking
dimension tends to bemore salient amongmale students than

Fig. 2 Most salient MBTI dimensions for our student sample
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Table 4 Distribution of MBTI
personalities (percentage)
among male and female students
in our sample

ENFJ ENFP ENTJ ENTP ESFJ ESFP ESTJ ESTP

Male 24.07 14.20 5.00 4.32 14.82 2.47 21.00 0.62

Fem. 10.20 6.12 14.28 11.22 11.22 8.17 20.40 1.02

INFJ INFP INTJ INTP ISFJ ISFP ISTJ ISTP

Male 0.62 2.47 1.85 0.62 3.00 0.62 4.32 0.00

Fem. 4.10 0.0 3.07 0.00 1.02 0.00 9.18 0.00

it is for female students, while the Feeling dimension tends
to be more salient among female students.

We conducted a similar analysis for the most salient Bel-
bin roles in our population. We calculated the two most
prominent Belbin roles for each of our students, and then
we analyzed the frequency of each role in our sample. As
expected, the sample data suggests some roles are more fre-
quent than others. Figure 3 shows how roles are distributed
among the set of the two most prominent roles of each stu-
dent. As one can observe, the two most common roles in
our sample are Shaper and Teamworker, which account for
more than half of the sample. The next more frequent roles
are Implementer and Coordinator, but they are just found
in approximately one-fourth of the sample. This role het-
erogeneity makes it difficult to create fully balanced teams,
as some roles are more infrequent and, therefore, will most
likely not be included in many teams. This may be of special
concern for the Belbin-inspired heuristics since Belbin’s the-
ory suggests that all roles should be present in order to have
successful teams.

We also studied any potential gender differences in our
population with regard to the most prominent Belbin role.
We carried out Mann-Whitney tests on the scores obtained
by each gender for each Belbin role dimension in the Self-
Perception questionnaire. The tests suggested that male
students tend to score higher than female students in our stu-

Fig. 3 Frequency of each Belbin role in the two most prominent roles
of each student

dent population for theCoordinator dimension (p−value =
0.03, α = 0.05), female students tend to score higher in the
Shaper dimension (p − value = 0.002, α = 0.05), and
male students tend to score higher in theMonitor-Evaluator
dimension (p − value = 0.0005, α = 0.05). In line with
these results, a Fisher exact test on the contingency table of
both gender and the most prominent Belbin role of each stu-
dent suggests that there are significant (p − value = 0.004,
α = 0.05) gender differences in our population concerning
the distribution of some roles. One may observe in Table 5
that the Shaper role is more frequent in females than it is
in males, that Monitor-Evaluator role was never the most
prominent role for our female students, and that there is some
marginal difference between the frequency of the Coordina-
tor role between male and female students. We also observed
that the Teamworker role was the most predominant role for
male students, more frequently than for female students.

This analysis provides some insights. First of all, there
is a clear imbalance in the distribution of Belbin roles in
our student population, with some behavioral patterns like
Monitor-Evaluator, Resource Investigator, Completer, and
Coordinator being more unlikely than a uniform distribu-
tion of the roles. According to Belbin’s role theory, these
behavioral patterns or roles should be present in successful
teams. Hence, students should be prepared to play these roles
more naturally when needed. It was of particular concern to
us that the data collected from our student population indi-
cated that there may be gender differences in the distribution
of some roles. For instance, the coordinator role was only
found as the primary role for female students for 4.9% of the
sample, while it almost doubled that frequency in the case of
the male sample. The coordinator role is typically associated

Table 5 Main Belbin role frequency (percentage) among female and
male students

CF CO IM ME PL RI SH TW

Male 9.1 9.1 6.1 4.1 6.1 1.0 26.5 37.7

Fem. 3.0 4.9 6.7 0.0 8.6 3.7 43.3 29.6
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with leadership and management skills. We found this issue
concerning, as our goal as an institution is to train profes-
sionals for an equitable society. We believe that the cause for
this issue may be associated with some lingering cultural and
societal bias. In general, this shows the need for empowering
our students’ management and leadership skills, particularly
in our female student population.

Another insight to take from this analysis is the imbalance
present in both the MBTI personality dimensions and the
Belbin roles. However, the imbalance is particularly notable
in the Belbin roles, as mentioned. This may make it difficult
to form balanced teams in our current student population,
which may favor the use of one heuristic with respect to the
other.

4.4 Comparison of team evaluation heuristics

In this section, we analyze the in-class performance of the
two heuristics proposed in this article. In order to achieve this
goal, we analyze the 175 responses collected from the post-
activity questionnaires described in Table 6. As the reader
may remember, the questionnaire is divided into two sec-
tions: student satisfaction and team dynamics. Following, we
analyze and compare the responses collected from both parts
of the questionnaire.

4.4.1 Student satisfaction

First, we start analyzing those questions relating to student
satisfaction with the team experience. To analyze data from
Likert scales, we combined categories into binary categories
(i.e., positive and indifferent/negative categories) since some
of the options did not have enough samples to generalize (i.e.,
less than five counts).When combined into binary categories,
the result for each question is a 2×2 contingency table. There
are two significant problems when studying team formation
in the classroom. On the one hand, many classes are not
composed of a large number of students, and, therefore, the

number of samples per experiment tends to be low and it is
difficult to include more samples. In this sense, the setting
resembles that of the life and medical sciences. On the other
hand, it has been reported in the literature that, when the
studied variable is discrete (as in our contingency tables),
classic calculations of the p-value do not represent its classic
meaning [23, 25]. Due to the discrete nature of the variable,
only one set of p-values is possible and the method tends
to be excessively conservative and far from the meaning of
classic p-values. For these scenarios, researchers propose the
calculation of the mid p-value, whose type I error rate is
closer to the nominal level. In order to analyze the data in
contingency tables, we employ a test for independence using
the mid-p method as carried out in the life sciences [47, 55].

The detailed results for the experiment can be found in
Table 6 and Fig. 4. The table shows the questionnaire’s con-
tent and the percentage of positive responses collected for
each team evaluation heuristic, as well as the mid p-value
associated to the independence test carried out on the 2x2
contingency tables. The gray shading shows the heuristic that
obtained statistically better results for the question. As can
be observed, both heuristics tend to obtain positive results,
as sustained by the literature [1, 3, 6, 7, 31, 36, 50, 62], but
the MBTI heuristic tends to collect a higher percentage of
positive responses and is never worse than the Belbin-based
heuristic. The figure shows the detailed responses of the stu-
dents for questions where we found statistical differences.
This figure shows how, overall, there is a tendency for indi-
vidual to perceive the experiencemore positively if they have
been involved in a team formed by the MBTI heuristic.

We now analyze in depth the questions concerning student
satisfaction. Question Q1 assesses the general satisfaction of
the students with their experience on their respective teams.
The null hypothesis of the test is that the team evaluation
heuristic does not have any effect on the proportion of pos-
itive responses, and the alternative hypothesis is that one
of the grouping strategies is more likely to produce a pos-
itive response. The test produced a mid p-value of 0.047

Table 6 Contents and results of
the post-activity questionnaire Student satisfaction

ID Question MBTI Belbin Mid p-value

Q1 How would you assess your experience on this team? 78.7% 66.9% 0.047

Q4 I am satisfied with the work carried out in this project 86.3% 85.3% 0.43

Q7 I would work again with X (X being a team member) 87.8% 76.14% 0.028

Team dynamics

Q2 There were clear norms and tasks for everyone 93.9% 82.5% 0.014

Q3 Each team member did his/her part of the work 83.3% 73.3% 0.06

Q5 Team members accepted criticism in a positive way 87.8% 82.5% 0.17

Q6 It was easy to make decisions as a team 87.7% 75.2% 0.03

The results show the percentage of positive responses for MBTI and Belbin, as the mid p-values for the
statistical test
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Fig. 4 Detailed responses to the post-activity questionnaire for questions Q1, Q2, Q6, and Q7

(α = 0.05), which suggests support for the students being
more satisfied with the general team experience when
using the MBTI grouping strategy. As Table 6 and Fig. 4
shows, 78.7%of the participants provided a positive response
(i.e., Totally goodor Somewhat good) for theMBTI heuristic,
while only 66.9% of the participants provided that response
for the Belbin heuristic, with more students being indiffer-
ent or providing a negative answer in the Belbin setting. The
same applied to Q7, which asked the students about the desir-
ability of working with each of their teammates. The mid
p-value obtained for the odds ratio test was 0.028 suggesting
the support for theMBTI teams is more likely to produce
positive evaluations of their team members than the par-
ticipants on Belbin teams. The percentage of students that
provided a positive response was 87.8% and 76.15% for the
MBTI and the Belbin heuristics, respectively. In addition,
as observed in Fig. 4, the students involved in the MBTI
experience lean towards totally agreeing with the statement,
while the students in theBelbin experience are evenly divided
between totally and somewhat agreeing.When analyzing the
satisfaction of the students with the contents of the project
that they carried out,we did not find strong evidence for either
of the two grouping strategies being more likely to more pos-
itively perceived the quality of the project that was carried
out (mid p-value of 0.43). In both grouping strategies, most
of the participants in the MBTI and Belbin groups positively
perceived the work that they carried out, with percentages
of 86.3% and 85.3%, respectively. Both findings may indi-

cate that theMBTI grouping strategy may produce more
positive student satisfactionwith regard to the team expe-
rience than the Belbin grouping strategy, although it may
not particularly affect the perception of the project car-
ried out. There is no evidence for students more positively
perceiving the work that they carried out in one of the two
grouping strategies (Q4), although both provide high satis-
faction.

4.4.2 Team dynamics

As stated in Table 6, there are a total of four questions asso-
ciated with team dynamics. Q2 asks the students about the
existence of clear norms and tasks for everyone. Therefore,
the question is related to team coordination. After carrying
out the test, the mid p-value is 0.014, which supports the
alternative hypothesis of MBTI teams perceiving more
clear norms and task distribution. The percentage of pos-
itive responses stands at 93.9% for the MBTI heuristic and
at 82.5% for the Belbin heuristic. The students grouped by
the MBTI heuristic tend to totally agree with the statement,
while a higher percentage of the students show indifference
or a negative response in the Belbin setting. Q3 is related
to each team member fulfilling the tasks that he/she was
assigned. After carrying out the odds-ratio test on the 2x2
contingency table, we obtained a mid p-value of 0.06, which
is not enough evidence to reject the null hypothesis of the
odds ratio being equal to 1. Therefore, we cannot conclude
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that either grouping strategy resulted in more commitment
to the task distribution. However, a look at the percentage
of positive responses for each grouping strategy reveals that
83% of the students in the MBTI grouping felt that mem-
bers fulfilled their tasks, while only 73% of the students felt
that way in the Belbin grouping. This may suggest a dif-
ference, although a larger sample size may be necessary to
clarify this. As for Q5, which is related to how team mem-
bers accept criticism and others’ opinions, we did not find
specific support for either of the two grouping mechanisms
being more likely to produce a positive response in students.
Both obtained a high percentage of positive responses: 87%
and 82% for MBTI and Belbin, respectively. Although there
is a 5% difference in the sample, the mid p-value of 0.17 does
not provide enough evidence to reject the null hypothesis. Q6
is related to team decision-making, and the test carried out
suggests that it ismore likely for the students in theMBTI
grouping to feel more positive about the decision-making
processes carried out on the team compared to the stu-
dents grouped using the Belbin strategy (mid p-value of
0.03, α = 0.05). In this case, 87.7% of the students in the
MBTI setting provided a positive response, while 75.2% of
the students in the Belbin setting provided a similar response.
Amore in-depth look at Fig. 4 shows that, again, the students
grouped by the MBTI heuristic tend to totally agree with the
statement, while more students in the Belbin setting tend to
show indifference or negative responses. For two of the ques-
tions related to team dynamics, the tests carried out revealed
that positive responses were more likely to be elicited from
the MBTI grouping strategy than the Belbin strategies. This
is especially the case for the task and norms organization and
for the decision-making processes. The results obtained may
suggest that the students were more likely to perceive that
each team member did his/her part of the work in the MBTI
grouping, although a larger sample size may be needed to
confirm this. We did not find any evidence in any item for
higher positive responses for the Belbin strategy compared
to the MBTI strategy.

4.5 Interviewwith the lecturers

After the computational tool was used by the lecturers for
several years, personal interviews were carried out with the
six lecturers involved throughout the years in the use of the
computational tool in the classroom. This sample size cor-
responds to all of the lecturers that participated throughout
their courses in the designed experiment. The goal of these
interviews was to obtain a qualitative evaluation of the expe-
rience and the computational tool. Following, we summarise
the main conclusions that we extracted from the interviews,
providing some of the specific comments that the lecturers
gave us.

First, we asked the lecturers about the students’ satisfac-
tion with working on the teams formed by the tool. At the
beginning of the experience, the lecturers found a general
rejection by the students since the majority of them pre-
ferred to work on self-assembled teams rather than being
obligated to work with specific teammates. After some years
of using the team formation tool, this system has become
more widely accepted, although some students would still
prefer to choose their own teammates to work with. Even
though it cannot be generalized, the lecturers feel that the
students with higher expectations are those that usually
showmore rejection to working with teammates that are not
chosen by them. Actually, these students would even prefer
to work individually rather than work with others. The lec-
turers think that this may be because these students think that
they could achieve higher marks by working individually. In
contrast, exchange students and those students that are less
sociable are usually more willing to work with teammates
that are chosen by the tool. This can be explained due to the
fact that these students are no longer responsible for finding
teammates to work with. In general, the lecturers think that
explaining to students that teams may be formed by fol-
lowing some scientific criteria can be very positive for the
acceptance of team formation. In addition, it is very important
to provide them with arguments to strengthen the benefits of
teamwork. Following,we quote one of the lecturers’ opinions
on this issue.

Answer: “At the beginning of the semester, I suggest
explaining to students the objective of teamwork and
why theywould not end up choosing their teammates in
professional scenarios. Over the years, we have figured
out that providing this information is very important to
avoid rejection by students. At the end of the semester,
students recognize (sometimes surprisingly) that the
experience was very positive and the results were sat-
isfactory.”

With regard to complaints, the lecturers state that accord-
ing to their own experience, when students work on teams
that are formed by them, there are almost no complaints.
In contrast, when working with teams formed by the tool,
students usually complain when they are grouped with stu-
dents that they consider to have low performance. This is
especially critical when students with very high expectations
are forced to work with other students whose expectations
are very different. This issue could be addressed by includ-
ing some peer-assessment in order to weigh the contribution
of each team member. Actually, some of the lecturers inter-
viewed already include this type of evaluation. Even though
the final mark, they should not feel teamwork is a threat.
In spite of these complaints, some of the lecturers claim that
teamswhosemembers are continuously complaining are usu-
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ally able to obtain very good results. What is more, at the
end of the project students who previously had preju-
dices for working with other specific students stated that
the teamwork experience was very positive.

We also asked the lecturers about the development of
teamwork-related skills. In general, lecturers think that the
computational tool provides students with a scenario that
is very similar to what they could find in the real world,
i.e., the need forworkingonheterogeneous teamswith people
that are not chosen by them to develop a project. To achieve
this goal, at the beginningof the project, each teammust agree
to some commitments: what the strengths and weaknesses of
each member are, when and how meetings will take place,
how tasks will be divided and scheduled, how delays will be
detected and addressed, how conflicts will be solved if they
occur, and so forth. The lecturers think that these skills are
developed inmore depthwhen teams are formed by a tool
since, when students select their friends, they usually protect
the lack of work of friends, mitigating delays, conflicts, or
poorly developed tasks. Below,we present some quotesmade
by the lecturers at the interview.

Answer: “When students work on a team, it does not
mean that they develop teamwork skills. This tool pro-
vides a great opportunity to develop teamwork skills
since students work with other students that are not
chosen by them, which is similar to what they may find
in a real-world situation.”

Answer: “I would remark two key points that students
learn. First, they have to talk about their skills to better
organize the tasks. Second, they learn about conflict
resolution. Conflicts appear in almost every team. We
give students some guidelines to solve conflicts, but
they have the responsibility to talk and reach agree-
ments.”

Answer: “It is essential that students learn toworkwith
any type of people beyond their close group of friends.”

With regard to the initial questionnaires (i.e., Belbin and
MBTI), some lecturers think that students are not fully moti-
vated to complete them. Some lecturers also remarked that,
despite this lack of motivation, what motivates most students
is knowing the results of the tests (i.e., roles and personal-
ities). According to the lecturers, one of the most positive
aspects of using the team formation tool is that it allows the
creation of balanced teams with different profiles. In addi-
tion, the experience of working with different people is also
well-valued by lecturers. Below, we quote some of the lec-
turers’ opinions.

Answer: “Every year, I am more convinced that the
teams formed by the tool are very productive. It also has

an impact on learning organizational and professional
skills.”

Answer: “The key is to get the students out of their
comfort zone. This gives them security for their profes-
sional career. After this experience, they are not scared
anymore of working with people whom they did not
know previously.”

As negative aspects, some lecturers mentioned that it
may be desirable to take other factors into account in the
formation. These factors could be related to individual expec-
tations or academic results. In contrast, other lecturers do
not agree with this, since this would create imbalanced
teams (teams with very good performance and teams with
very bad performance). These requirements might be taken
into account easily by incorporating new team evaluation
heuristics, something that our optimization model allows for.
Following, we present some of the lecturers’ opinions on this
issue.

Answer: “Inwork environments, onemayhave towork
with colleagues with different expectations, and stu-
dents have to learn how to dealwith it. The development
of teamwork skills does not only depend on the final
result.”

In conclusion, all of the lecturers considered this team
formation tool to be very useful for teamwork in academic
environments and that it should be extended to other courses.
It should be also highlighted that none of the lecturers inter-
viewed knew of any other tool for team formation and
management in academic environments. Finally, we show
the opinion of one of the lecturers with regard to the use of
the tool.

Answer: “I would strongly recommend the use of this
tool to other lecturers that use teamwork. Absolutely.”

4.6 Discussion

We would like to start this discussion by remarking that, in
general, the experience has been quite positive. First of all,
this experience has allowedus to study our student population
in depth. We have observed how some behavioral patterns in
teams are very rare in our student population. This suggests
that we need to foster some behaviors in our students’ teams,
as students should learn how to play diverse roles on teams.
To do this, we are planning to design specific course activ-
ities and workshops. There have also been some concerns
with regard to some gender differences observed with some
of the roles, which are probably biased by cultural and soci-
etal issues. This suggests that we should foster and empower
the leadership and management skills of our female student
population.

123

23898 V. Sanchez-Anguix et al.



Second,we have compared the performance of two heuris-
tics for team formation: one based on Belbin’s theory, and
another based on MBTI. It should be stated that both group-
ing strategies achieved a high number of positive responses.
Both theories have been reported in several works as being
useful for the formation of teams in the classroom [1, 3, 5, 7,
13, 18, 63, 65]. However, the experiments that we carried out
suggest that the MBTI grouping strategy results in students
being more likely to feel positive about both the team expe-
rience and team dynamics, i.e. the heuristic was better than
or equal to the Belbin heuristic in all aspects. Of course, the
results should be analyzed with caution.

It should be highlighted that the success of these grouping
strategies relies on the ability to form heterogeneous teams in
the classroom. As observed in the results from Section 4.3, it
may be easier to form heterogeneous teams in the MBTI set-
ting, as MBTI dimensions seem to be balanced (i.e., around
50-50% split) for all of the dimensions except for introver-
sion/extroversion. However, when analyzing Belbin’s role
distribution, it is observable that some roles are much more
frequent than others. Belbin’s theory states that all of the
observed roles should be present on a successful team. Fewer
roles may mean less effective teams. While a company or
organization may have flexibility in forming teams, consid-
ering that they may hire roles that they lack, this is not the
case in the classroom setting. Therefore, it may be more
difficult to formwell-balanced teams following Belbin’s the-
ory. If one assumes both theories to be equally effective,
this may be translated as a slight disadvantage when applied
to the classroom setting due to the prospective Belbin role
imbalance. Figure 5 precisely illustrates this issue. The figure
shows the cumulative distribution plot for the team evalua-
tion heuristic (scaled from 0 to 1) of teams formed with both
the MBTI and the Belbin grouping strategy. As one may
observe, there is a tendency for Belbin teams to score lower,
as only approximately 49% of the teams formed with this
strategy achieved more than half the highest possible metric
value. This percentagewas reduced to 15%when considering
teams scoring higher than 60%, the highest possible metric
value. Also, 63% of the teams formed with theMBTI heuris-
tic achieved more than half the highest possible metric value,
while 40% of theMBTI teams scored higher than 60% of the
highest possible metric value. The differences between the
two cumulative distribution plots illustrate how forming het-
erogeneous Belbin teams may be more difficult than forming
heterogeneous MBTI teams in a classroom setting. This may
help to explain the differences in student satisfaction and per-
ceived team dynamics, as observed in the previous section.
Hence, one can conclude that therewere differences in apply-
ing both the MBTI and the Belbin team evaluation heuristics
in the classroom, but those differences may be explainable
due to the classroom profile and not necessarily due to the
validity of the theories. In our experience, with regard to our

student population and assuming a lecturer role, it may be
more positive to apply MBTI grouping strategies than it is to
apply Belbin grouping strategies.

In addition to the previous findings, we have gained some
interesting insights from the interviews conducted with the
lecturers responsible for using the tool in the classroom
throughout these years. In general, there is an initial objec-
tion to working as a part of a team that is not formed by the
students themselves. This is more acute in high performing
students when placed on a team with low performing stu-
dents. Nevertheless, as pointed by the lecturers, this initial
rejection can be tackled by making students understand that
real-world teams are never chosen and that one should learn
to work as a team with any individual. In fact, the lectur-
ers suggested that some of the critical students valued the
experience very positively by the end of their projects. This
general positive feeling is also supported by the student sat-
isfaction questions in the surveys conducted to evaluate the
two heuristics. Moreover, the lecturers also believe that the
creation of balanced teams allows students to develop real
teamwork skills, while self-selected teams do not since the
scenario is more similar to the real-world. The team dynam-
ics and student satisfaction when using team formation tools
has also shown to be of higher quality than randomly selected
teams, as pointed out by previous studies [1, 5, 6].

Finally, the authors of this article would also like to point
out some limitations of this study. First of all, the results
of this experience apply to our student profile (i.e., Tourism

Fig. 5 Cumulative distribution plot for the metric of teams formed by
the MBTI and the Belbin heuristics
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students). Other classroom profilesmay be different and, per-
haps,more unbalancedwith respect to theMBTI dimensions.
In those situations, it may be more positive to apply a Belbin
grouping strategy. Despite this, there are general conclusions
that can be drawn for other contexts. The authors of this
article recommend that lecturers carry out a pre-analysis to
assess the heterogeneity of the classroom since it may be
linked to the final experience of students on teams. A previ-
ous analysis may indicate which team formation heuristics
maywork better in practice, rather than applying team forma-
tion heuristics as black-boxes, which is something common
in the literature. In addition to this, the type of activities in
which our students participated are long-term projects. We
acknowledge that the results may be different for short-term
team activities, as team dynamics may not develop.

5 Conclusions

Team formation is a major issue when dealing with teams
in the classroom because students should learn to work as a
team and not have negative experiences with teamwork that
precludes them from being willing to work as a team. As a
response to this, the team formation problem has been stud-
ied from different perspectives in computer science. One of
the strands in computer science is designing algorithms and
tools for the automatic formation of optimized teams. As a
result, several team formation algorithms and tools, backed
by different theories, have been proposed for team formation
in the classroom. At the core of the construction of opti-
mized teams is the team evaluation heuristic. This is just
an approximation of team performance since team perfor-
mance is a complex and multifaceted phenomenon that is
difficult to quantitatively assess and that cannot be predicted
with precision prior to the task at hand. While some of these
team evaluation heuristics have been compared with classic
team formation strategies such as random, self-assembled,
or staffed-formed teams [1, 3, 6, 7, 18, 31, 34, 36, 48, 50,
53], there is little research on the effectiveness of the MBTI
and the Belbin heuristics when compared with each other. In
addition to this, many of the studies found in the literature
focus on the application of team formation tools, but they do
not provide insights on the issues and the benefits that may
arise from the experience of applying this kind of technology
in the classroom. In this article, we have presented a team for-
mation tool that implements two team evaluation heuristics
based on two popular criteria found in the literature: Bel-
bin’s role taxonomy and the Myers-Briggs Type Indicator
(MBTI). As we stated, there was a lack of studies focused
on comparing different team evaluation heuristics. This work
is a first step towards filling in that gap. More specifically,

we conducted an experience with our tool for five academic
years in different courses of the Bachelor’s Degree Program
in Tourism. This long-term experience has enabled us to both
compare the performance of the two team evaluation heuris-
tics and to collect the experiences, problems, and insights
of lecturers that have applied this type of technology in the
classroom over a long period time. In addition to this, we
have presented an integer linear programmingmodel that can
easily incorporate and extend any team evaluation heuristic
while taking advantage of all of the rest of the tool.

Applying both heuristics in a real classroom experience
has also allowed us to study our student population, with
some surprising insights.According to our analysis,we found
significant differences in the distribution of personalities
based on gender. Specifically, the thinking dimension ismore
frequent in male students, while the feeling dimension is
more frequent in female students. Similarly, significant dif-
ferences also appear regarding the Belbin roles. While male
students tend to score higher in coordinator and monitor-
evaluator roles, female students are prone to the score higher
the shaper role. This latter insight has raised some concerns
that we should tackle in the future regarding what skills and
roles should be fostered in our student population in order to
achieve a fair society and fight societal and cultural issues.

With regard to the performance of the two team evaluation
heuristics, we found that those teams formed by following
the MBTI heuristic were slightly more satisfied than those
formed by following the Belbin heuristic. This is also related
to the team experience, which showed that the MBTI teams
were more positive regarding the norms, task distribution,
and decision-making processes. These results could be due
to the fact that it was easier to form heterogeneous teams by
following the MBTI criteria in our population, as the dimen-
sionswere quitewell balanced. In contrast, someBelbin roles
weremore popular than others, which increased the difficulty
of forming teams where the maximum number of roles are
present in our student population. In spite of these few dif-
ferences, we must point out that both strategies had positive
responses. Another insight to take from this study is the rec-
ommendation to carry out analyzes before applying any team
formation algorithm, as they may provide insights on which
team evaluation heuristics may work better for one’s student
population.

We carried out personal interviews with the lecturers
involved in the experiments. The interviews allowed us to
qualitatively assess the experience of applying this tool in
the classroom, to identify the problems that may appear,
and to determine what strategies may be more appropriate
to manage this type of experience. In general, the lecturers
thought that the tool, which provides functionalities for team
formation, is very useful for the development of teamwork-
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related skills, such as task organization or conflict resolution.
According to them, the teams that are formed allow students
to focus on situations that may be similar to the ones found
in the workplace. Lecturers also consider that the experience
for most of the students was beneficial for their education.

As future work, we plan to extend these experiments to
other courses in order to observe similarities and differences
in the students’ profiles. In addition, we are also considering
offering the computer-based tool as a standalone application
for other lecturers outside of our University.
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