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ABSTRACT Incorporating technologies to support the monitoring, evaluation, and feedback of soft skills
attracts great attention in the scientific community. For a team to have a good performance and manage
itself, it can be helpful to identify the behavioral characteristics and social interactions established between
its members. Here, we explore the relationships between Belbin’s behavioral roles, affinity sociograms,
and audio interactions collected by the Naira multimodal analysis platform. We present a case study with
university students designing with the Lego Serious Play methodology and incorporating agile practices that
would stimulate collaborative work. The results are promising, allowing us to define new research hypotheses
that will serve as guidelines for future work. The findings indicate that the Naira platform would enable us
to recognize behavioral traces for the Social and Action natural roles.

INDEX TERMS Teamwork, human behavior, Belbin, network analysis, multimodal analysis.

I. INTRODUCTION
Nowadays, there is a growing demand in the search for pro-
fessional skills that allow collaborative work [1], [2], that
is, instances that integrate groups of two or more people to
work together, intending to solve a problem, complete a task,
or create a product. In collaborative work, each participant is
responsible not only for their own actions but also for those
of their colleagues [3]. It is known that in different contexts,
collaborative groups increase the efficiency and flexibility of
the work [4]. One example is the agile methodologies, ini-
tially created for software development, demonstrating their
versatility in different industrial processes [5].

For K. Bruffee, one of the first to treat the theory and
basic principles of collaborative learning in the 1980s, col-
laboration in collaborative environments is related to the
social interactions carried out by the members of a collab-
orative group [6]. These interactions emerge naturally and
are a source and reflection of collaboration, allowing synergy

The associate editor coordinating the review of this manuscript and

approving it for publication was Anton Kos .

and constructive actions among the participants. Thus, the
participants of a collaborative team can be represented as
actors or nodes of a finite network. Likewise, the different
interrelationships between participants can be represented as
edges or ties between their respective nodes [7]. The above
allows a collaborative activity to be studied as a dynamic
social network through social network analysis (SNA) tech-
niques [8].

Researchers agree that behavioral roles are relevant in
forming balanced, collaborative groups. An adequate for-
mation of work groups can facilitate collaboration among
the participants, thus helping to improve the performance
of the tasks for which the group was formed (e.g., aca-
demic, work, or creative tasks). The different profiles
can arise from the participants’ occupations, work expe-
riences, and personal attitudes, among others [9]. In this
sense, the profile categorization of potential participants
can be relevant to balanced team formation. For exam-
ple, a group of individuals with leadership profiles might
not be as efficient for some tasks requiring action-oriented
profiles.
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The Belbin methodology [10] is one of the most used for
categorizing behavioral profiles of participants in collabo-
rative groups for the professional field. The methodology
is based on self-assessment tests, in which participants are
asked how they feel and how they would behave in a collabo-
rative group. The instrument does not measure personality but
allows a categorization based on nine roles, grouped into three
types of profiles [11]. Thus, the tool allows for identifying the
participants’ strong and weak points, aiming to maximize the
work team’s performance [12]. It also provides recommen-
dations for the integration of participants into work teams.
Being self-assessment tests, Belbin himself acknowledges
that some people could respond biasedly, with a vision of
how they would like to be cataloged rather than how they
really behave [9]. In this way, the test does not allow an in situ
validation (i.e., during the activity) of the person’s attitudes.

Nowadays, there is a growing research interest in iden-
tifying and monitoring collaboration in educational or pro-
fessional environments through technologies. The ease of
finding economically viable sensors within reach of peo-
ple allowed us to move from studies of Human-Computer
relations to Human-Human relations. Multimodal learning
analysis (MMLA) was proposed by Worsley et al. [13] as
a triangulation between traditional and non-traditional forms
of data to characterize or model student learning in complex
learning environments [14]. Outside the educational field, the
MMLA has also been used to identify leaders and experts
in collaborative activities, allowing visual identification of
conversation leaders in collaborative groups [15], [16].

In previous work, we have explored collaborative behav-
iors of people working together to solve a problem using
MMLA techniques [16]. These findings have provided valu-
able insights into how teams collaborate at different stages
of the challenge. However, those experiences do not allow
us to infer the behavior of each individual and the roles
they play when working together. For this reason, in this
research, we have considered using a scientifically validated
instrument (Belbin Role Report) to improve the analysis of
what we have done.

How are professional roles expressed during the develop-
ment of collaborative activity with work teams? How do par-
ticipants with different roles and professional profiles relate
at work? Are these relationships detectable and analyzable?
In this work, we seek a first approach to the relationship
between the social interactions that emerge from a collabo-
rative activity and the Belbin professional roles of the partici-
pants. As a case study, we consider 24 undergraduate students
from a Chilean university who, through collaborative agile
activities, meet in four work groups to solve a common objec-
tive with the LEGO®Serious Play (LSP) methodology [17].
Using SNA techniques, two different types of social networks
are analyzed. First, a network of preference relationships is
considered, in which students are asked whom they would
like to work with. After the work teams have already been
formed, the activity generates dynamic group networks made
up of the speech interactions of the participants. These speech

interactions are collected and analyzed in real-time using
Naira [16]. The analysis of social relations is contrasted with
the individual and group Belbin profiles obtained from the
students’ self-assessments. In this way, In this way, this work
aims to (1) determine if affinity relationships influence the
formation of efficient work teams and provide evidence on
the analysis of speech interactions as a complement to the
Belbin methodology for collaborative team characterization,
and (2) determine if it is possible to identify Belbin’s roles
by analyzing multimodal data generated in real-time from a
collaborative activity.

The rest of the article continues as follows. Section II
presents a brief literature review related to this work.
Section III is devoted to explain some fundaments about
Belbin GetSet, Naira and affinity sociograms. Section IV
describes the methodology of our work, which is applied on
the case study detailed in Section V. Section VI presents and
discusses the main results and findings. Finally, Section VII
presents the main conclusions and future work.

II. RELATED WORK
There is extensive literature on identifying behavioral roles
for improvement in work teams. The Myers–Briggs Type
Indicator (MBTI) [18] is an introspective questionnaire cre-
ated in 1962 to identify personality types. It consists of
four dichotomies related to the perception of the world
and the ability to make decisions, whose purpose is to
associate the individual with one of 16 different personal-
ity archetypes. The indicator received updates in 1985 and
1998 [19]. Although currently considered unreliable and of
poor validity [20], to date, it enjoys high popularity and
trust from its consumers [21]. The role-based collaboration
(RBC) methodology provides a set of concepts, models,
processes, and algorithms intended to support collaboration
and collaborative activities. In [22], the authors propose a
generalized three-step process of RBC and describe a formal
E-CARGOmodel that supports the fundamental principles of
role-based collaboration and meets the requirements of role-
based collaboration. Finally, they propose an architecture for
implementing role-based collaboration from E-CARGO. The
application of this architecture is quite broad, and is also used
as a predictor of team performance [23], [24], [25] Another
indicator explicitly designed for identifying work team roles
is the Belbin Team Inventory (Belbin, for short) proposed in
1981 [11] and 1993 [26]. It is one of the most used question-
naires by researchers since it offers a positive categorization
of nine types of roles from three different personality profiles,
in addition to feedback and indications for forming a team
compatible with the assigned roles [10].

Identifying personality profiles and work team roles can
be an excellent input for studying group activities. These
questionnaires and indicators can be applied in interdis-
ciplinary studies together with other tools, such as those
provided by multimodal learning analytics (MMLA). Thus,
qualitative analysis can be combined with technology to
quantify team members’ activity through different sensors
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for audio [27], geospatial location [28], movement [29],
microexpressions [30], etc. This interaction data collected
by the sensors can be analyzed using traditional statistical
techniques, artificial intelligence (AI) [31], and even social
network analysis (SNA) [32].

Work teams form dynamic networks in which participants
interact in various ways. In [33], academic networks repre-
sented as graphs of labor relations and bibliometrics are stud-
ied, generating confidence graphs to recommend research
teams. The authors developed T-RecS, an application to iden-
tify similar profiles and potential candidates.

In [34], the authors use SNA techniques to study the rela-
tionships of software developers in an Indian company during
the testing phase of a development project. The aim is to
study the evolution of project teams and collect information
that can be correlated with the health and outcome of the
project. For the above, the authors categorize each user with
static attributes (assigned role, location, seniority, organiza-
tional level) and dynamic attributes (e.g., the role assumed
by each person during a specific project). At the group level,
a social network connects workers through explicit relation-
ships (email messages, instant messaging) and implicit rela-
tionships (working in the same section of the project, test
cases, among others). They use the eigenvector centrality
measure to identify the most relevant actors in the network.

In [35], different coding collaboration properties were cor-
related on the Github network to improve developer rec-
ommendations and evaluate the formation of development
teams. In this case, the network nodes are the developers, who
are related if there is a collaboration between them. The edge
weights are the collaboration strength among the developers.
Some of the centralization measures used were the cluster-
ing coefficient, Neighborhood Overlap, and Adamic-Adar
coefficient. Also, the authors propose two new collaboration
properties based on the number of lines in a commit and the
previous social interactions of the developers. Finally, of the
21 properties analyzed, the authors conclude that only five of
them are enough to develop computational models tomeasure
collaboration strength.

In [36], the problem of task assignment in a team is
addressed, seeking to test whether SNA can be used to
improve coordination in the Software industry. A pilot case
was carried out in a geographically distributed environment,
forming a network with four groups of 7 and 8 partici-
pants. The author concludes that SNA techniques can con-
tribute to the SW industry. However, the small amount of
data obtained (sample size) and the low participants’ expe-
riences in SW development (sample quality) can be relevant
limitations.

A larger sample was considered in [37], where data from
55 software development teams was collected to understand
the effect of team leaders. It was concluded that leaders are
not necessarily the most central network actors. However,
when technical leaders are more central (which in this work
means that they communicate more information than they

receive), a significant improvement in productivity and task
quality is observed.

On the other hand, there is extensive literature on the
applicability of Belbin inwork teams. For instance, the Belbin
team roles can be applied in the health area to identify the
teamwork capacity of medical students [38]. In software
engineering, Belbin is one of the bases for creating an agile
methodologies framework called ASEST+ [39].

Despite the above, most research in computing refers to
analyzing its effectiveness in work teams. In [40], a method
designed for forming balanced work teams based on Belbin’s
roles has shown good student results. The authors indicate
that applying their methodology to students with a high
educational commitment reduces their study time outside
of class and generates more interest in the course contents.
In addition, it helps them improve interpersonal relation-
ships and social skills, as well as enhance the elements of
cooperative learning, followed by positive interdependence
and individual responsibility. As indicated, applying Bel-
bin’s roles to students makes them more aware of the dif-
ferent individual and team skills needed to succeed within a
team. The students learn a greater self-understanding of their
strengths (and weaknesses) and learn to work in an environ-
ment centered on diversity (of roles and skills) more than
friendship. In [41], an exploratory study was carried out on
the influence of Belbin on integrating software development
teams with members who present compatible roles. Although
the authors failed to confirm or disprove his hypothesis,
they learned lessons to continue with controlled experiments.
In [42], Belbin was applied to improve teamwork skills in
an educational setting. Through Belbin, students learn about
their approach to work and can discuss their strengths and
weaknesses in their interactions with others. In this case, the
author did find compelling indications that Belbin helped
in group work, a conclusion obtained some time after the
completion of the activity. In [43], a Belbin-based model for
predicting academic performance for engineering students
was proposed. The main objective was to provide evidence
of the real impact of the questionnaire results on the final
students’ team performance. Amachine learningmodel based
on random forest achieved classifications with an accuracy
and F1 score of 80%.

In [44], the authors present a study on the theories of
team roles, inquiring about character strengths and positive
team roles. They relate character strengths and work-related
team roles in the individual, considering job satisfaction,
self-esteem, supervisor-rated performance, and team level
through teamwork quality data, self-rated team performance,
and qualifications by the supervisor. They examine how team
composition relates to results, that is, whether balanced teams
go hand in hand with desired outcomes and whether there
is an overrepresentation of team roles or character strengths.
Note that in this case, the authors do not use Belbin’s roles,
as in our investigation; instead, they use the seven profes-
sional roles of the VIA methodology. In addition, the data
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they manipulate are qualitative aspects obtained through a
form. In our case, Naira allows obtaining quantitative data in
real-time on how people relate to each other in collaborative
activities, intending to establish the feasibility of identifying
Belbin roles.

In [45], an approach closer to the present work is presented.
The authors use Belbin on a group of Computer Engineering
undergraduate students to define the dominant roles and pro-
files of the participants. They then construct an affinity net-
work or sociogram of the students, who are asked which two
students they prefer as co-workers. On this network, specific
SNA techniques are applied, such as the degree centrality
measure and the identification of triads or triangles of the
network. The objective is to facilitate the formation of work
teams for the teachers, complementing their experience with
Belbin and SNA. According to the authors themselves, the
proposal is viable but inconclusive. In addition, unlike our
work, the authors only analyze the affinity network of the
students, but not the networks of interaction during collabo-
rative work once the teams have been formed. The latter does
not allow them to compare the choice of groups with their
performance in specific activities.

In light of previous work, there are clear advances in study-
ing group work to improve the performance of collaborative
work teams. However, the objectives of analysis, methods,
and techniques differ significantly between one work and
another. Table 1 shows a synoptic summary that shows some
of these differences. The use of technological platforms such
as NAIRA, capable of monitoring in real-time the individ-
ual and group performance of collaborative work teams,
is scarce. In this work, we seek to stimulate collaborative
work through agile practices. The novelty lies in the search
for a new combined approach to analyze collaborative work
teams, namely, the monitoring of collaborative activities in
real-time, which are analyzed using social network analysis
techniques, but also considering previous profiling of the
participants (obtained in this case through the Belbin Role
Report), which allows knowing a priori their potential behav-
ior during the activity.

III. PRELIMINARIES
This section presents three techniques used in this research to
capture and analyze different kinds of data: i) people’s dispo-
sition towards collaborative work, ii) their preferences when
forming collaborative groups, and iii) their voice interactions
during a collaborative activity.

A. BELBIN GetSet
Belbin Team Inventory provides a set of tests, analysis tools,
and reports that today have become a powerful and validated
instrument to characterize people’s behavior in collaborative
work [10]. Table 2 describes the three profiles and nine roles
proposed by the Belbin methodology [10]. Belbin defines
a team role as a tendency to behave, contribute and relate
in a certain way. He also determines that said behavior is
influenced by six factors [26]: (1) Personality, (2) Mental

Ability, (3) Values andmotivations, (4) Experience, (5) Exter-
nal influences, and (6) Learned Role. The Belbin reports
contain personalized guidance and helpful advice for team
members who want to improve their performance. All this
information provides a broad view of people’s strengths and
weaknesses and how they will contribute at an individual,
relational, and team level.

Belbin GetSet, a tool specially designed for young stu-
dents, is used in this work. Belbin GetSet reports aim to
promote students’ self-awareness and self-confidence, help
them develop and communicate their skills, improve their
employability, empower them to make decisions and resolve
conflicts, and teach them how to work in teams success-
fully [46]. The report contains graphs showing the per-
centile contribution of each student’s team roles, ordered
from highest to lowest. These percentiles seek to measure
and express the strength of an individual’s team role predis-
position. Values between 0-30 are considered rejected roles,
between 31-70 are the assumable roles, and between 71-100
are the natural roles. The reports are generated by the Inter-
place 7 expert platform, based on the student’s answers to
an online behavior-based questionnaire called Belbin Self-
Perception Inventory (SPI).

B. AFFINITY SOCIOGRAMS
In social network analysis, a social network is a set of indi-
viduals or actors related in some way. A social network is
usually represented as a graph or sociogram (V ,E), where
the set of nodes or vertices V are the network’s actors, and the
set of ties or edges E ⊆ V × V are the relationships between
actors. Thus, the relationship between two actors a and b is
represented by an edge (a, b) ∈ E [7].

Affinity sociograms are a way tomodel and analyze groups
of people according to their affinity relationships [47]. These
relationships can be built from a simple survey of the actors.
In that survey, they are asked to indicate with which other
actors they would feel comfortable collaborating. Note that
this answer does not necessarily require knowing why each
person was chosen, e.g., friendship or job affinity. Note also
that the affinity relationship is asymmetric, i.e., an actor a
could choose b without the affinity being reciprocal. The lat-
ter results in a sociogram with directed edges, where (a, b) ̸=

(b, a). The in-degree of an actor is the number of actors
pointing to it, and the out-degree is the number of actors
pointing from it [7].

If, in addition to just indicating whom they would like to
work with, we ask the actors to rank their preferences, then
we can distinguish the strengths of the affinity relationships
by a weight function w : E → R, thus obtaining an influence
graph [48]. Thus, if actor a chooses b as the 1st preference,
the edgeweight will bew(a, b) = 1; if it is the 2nd preference,
it will be w(a, b) = 1/2; and if it is the k-th preference, the
weight will be w(a, b) = 1/k . Given an actor a ∈ V , its
weighted in-degree is the sum of the weights of the actors
pointing to it, i.e.,

∑
{w(b, a) | (b, a) ∈ E}, and its weighted
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TABLE 1. Synoptic table.

TABLE 2. Belbin team roles for each profile.

out-degree is the sum of the weights of the actors pointing
from it, i.e.,

∑
{w(a, b) | (a, b) ∈ E}. In particular, the

weighted in-degree is a centrality measure that quantifies how
required each actor is to form work teams.

Besides the centrality measures that allow understanding
the relevance of each actor in the sociogram, there are central-
ization measures to compare the connectivity and cohesion
levels of networks and network components. For instance,
the well-known average clustering coefficient (ACC) refers
to the network cohesion level, while the average weighted in-
degree (AWI) refers to the affinity relationships homogeneity
level between actors. In addition, based on the concepts of
clustering and structural balance [7], we define the balance

index of an affinity sociogram as the average of the balances
of each actor. The balance of an actor is its in-degree divided
by its degree (i.e., the number of its neighbors). In small
sociograms, the balance of an actor is associated with the
rate of cycles with positive affinity containing the actor.
A sociogram with a high balance index represents a network
with a strongly transitive affinity relationship.

C. NAIRA
Naira is an MMLA cloud-based application that allows stor-
age, analysis, and visualization from voice interaction data
collected through lavalier microphones in group activities.
It was introduced in [16] and is made up of two main compo-
nents: A cross-platform mobile application that, through the
browser client, allows cloud services for storage, processing,
and analysis (Naira App) and a dashboard that allows creat-
ing activities and monitoring ongoing activities in real-time
(Naira Web). Figure 1 illustrates the high-level operation of
the various components of Naira while monitoring a collabo-
rative activity.

Naira App captures and processes the data of each speech
interaction event made by the student. Among the metrics
provided to Naira Web are the speaking time, the number
of interactions made by each participant, and their average
voice amplitude. The effective speaking time variable that

17006 VOLUME 11, 2023



D. Monsalves et al.: Relationships Between Social Interactions and Belbin Role Types in Collaborative Agile Teams

FIGURE 1. Naira components while monitoring a collaborative activity.

Naira has increased its value for each user when, by ana-
lyzing the data, a person has at least two consecutive pres-
ences at the time of going through the list of interactions,
avoiding the sum of speaking time on occasions when two
users speak simultaneously. At the group level, statistics and
group measures are delivered based on the previous metrics.
Additionally, one of the main features of Naira Web is the
real-time visualization of group speech interactions through
sociograms or graphs. Each graph (V ,E) represents the social
network for a group, where V are the group’s actors, and E
are the speech interaction relationships between its members.
A (directed) edge (a, b) ∈ E represents that actor b has
spoken immediately after actor a. Analogous to the affinity
sociogram of Section III-B, the edge weight w(a, b) (dis-
played as the thickness of the edge) represents the number
of times b has replied to actor a. In this case, a node labeling
function f : V → R (displayed as the node size) is also
displayed, representing the current talk time f (i) for each
actor i ∈ V .

IV. METHODS
This research has an exploratory approach since, to our
knowledge, it is the first attempt to compare speech interac-
tions and affinity relationships with Belbin roles in collab-
orative work teams. Therefore, rather than an experimental
approach, a case study is proposed considering the guidelines
proposed in [49]. This work integrates SNA, MMLA, and
psychometric techniques under a collaborative environment
created with the LSP methodology.

A. RESEARCH QUESTIONS
The research questions (RQ) that guide our exploratory pro-
cess are the following:

RQ1 Is it possible to identify Belbin’s behavioral roles
through data analysis from a collaborative activity?

RQ2 Does affinity sociograms help to identify work teams
with better performance?

RQ3 Is there a relationship between behavioral roles, speak-
ing times, and the number of speech interactions?

B. CASE STUDY DESIGN
The case study should be an activity that stimulates interac-
tion and collaboration among the participants. Thus, we pro-
pose using the LEGO® Serious Play (LSP) methodology,
incorporating some agile Scrum practices [17] to visualize
the artifact construction process iteratively and incrementally.
Agile Scrum practices considered are:

• Approach the work iteratively and incrementally, that is,
organize the work to be done in sprints of fixed duration.

• Self-organized teams with a maximum of five students.
• Co-located teams.
• Work Planning, run the Sprint Planning ceremony.
• Minimum Viable Product (MVP).

LSP belongs to the Serious Games (SG) category, which
allows students to acquire skills through game-based activ-
ities, given its playful and interactive nature [50]. The LSP
methodology has become an engaging, entertaining, and
innovative way to promote social skills development since it
allows one to think with hand while tackling the challenge
of solving a problem in a group [51], [52]. LSP facilitates
the synergy between the participants, managing to generate
social interactions that emerge from the activity.

Figure 2 illustrates the steps used to carry out a generic
case study (see Section V-B for its application in a real case
study).

C. DATA COLLECTION
The following data sources are considered to help answer the
research questions:

• Belbin GetSet reports (see Section III-A). Students
should not know their results before the practical activity
to not condition their natural roles. After the case study
is completed, the Belbin reports’ results will be sent to
each student through the Interplace 7 platform. Subse-
quently, facilitation will be carried out to guide the inter-
pretation of the individual results. Guidelines will also
be provided for the future formation of working groups,
given the predominant roles detected in the reports.

• MMLA Naira Platform (see Section III-C). The par-
ticipants must be familiar with the application before
starting the collaborative activity.

• Affinity sociogram (see Section III-B). The survey nec-
essary to build the affinity sociogrammust be carried out
before the collaborative activity.

• Observer annotations. During the activity, one or more
observers should be available to record notes on both
individual and group behaviors. The objects of interest
to register will depend on the case study.
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FIGURE 2. Research Model.

• Self-assessment questionnaire together with a satisfac-
tion survey. Both instruments will be applied to each
student at the end of the activity to obtain their percep-
tions of the group work carried out and evaluate their
individual performance concerning what was observed
in their other groupmates.

D. LIMITATIONS
The most important limitation of this work is related to
Naira’s data collection process. In previous research experi-
ences, we have found that ambient noise and conversations
frommembers of other groups could harm the data collection.
In this sense, Naira App includes functionality to calibrate the
microphone of each mobile device, allowing to mitigate pos-
sible collection problems. This is the first time the Naira App
has been used in a real face-to-face environment for research
purposes. Note that in [16], it was used remotely amid the
health restrictions derived from the Covid-19 pandemic.

On the other hand, the main limitation identified by Belbin
GetSet is the possible abundance of the same role in the
same group. The above can lead to internal group competition
and leadership conflicts. Belbin advises dividing teams with
balanced roles to avoid these types of disputes. Another
limitation we can identify is the type of collaborative activity
carried out. Indeed, the kind of activity and the duration of
its stages could affect the need for specific profiles and roles
over others. For this work, a collaborative activity divided into
well-differentiated stages of beginning, development, and end
was designed, considering the possibility that all roles may be
necessary at some point.

Finally, the sample size is relevant from an instrument
validation point of view. As we shall see below, this work
considers a case study of 24 students. This number is justified
at a methodological level as a first exploratory approach.
However, due to the sample size, the results obtained cannot
be generalized to other contexts, without first being validated
through broader experimentation.

V. CASE STUDY
Below we describe our case study based on all the consider-
ations mentioned in Section IV.

A. PARTICIPANTS
As a case study, we considered 24 student volunteers
(21 females and 3 males) from the 5th semester of Business
Administration and Economics (Commercial Engineering)
career at a public university. The activity was taken in the
context of the Administrative Information Systems course.
This course aims to understand the importance of information
systems in organizations to support decision-making.

B. ACTIVITY DESCRIPTION
One week before the LSP activity, an affinity sociogram was
constructed, asking the students for a ranking of at most five
classmates with whom they would like to form a work group.
Thus, all the actors in the resulting affinity sociogram have
an out-degree between 1 and 5. Also, the weight of the edges
can assume values in the set {1, 1

2 ,
1
3 ,

1
4 ,

1
5 }. These sociograms

were analyzed and visualized with Gephi software.1

The chosen LSP activity encourages students to build a
model representing their labor specialty’s perspective. The
resources used were the following:

• Belbin GetSet role questionnaires.
• LEGO materials: LEGO Creative Brick Box, 10696;
Gray Baseplate LEGO Classic, 11024; Wild Animal
Set, LEGO Education, 45012; Community people Set,
LEGO Education, 45010.

• Naira equipment: Naira App, lavalier microphones con-
nected to personal smartphones.

• Group answer sheets to record the work done.
• Individual activity evaluation questionnaires.
Figure 3 describes the activities of the case study with

their respective duration times. The schedule of activities was
controlled by an online stopwatch2 that was visible to all
participating groups. Each phase is detailed as follows:

1) Organization of the workspace, leaving all the nec-
essary material on each table. The students organize
themselves into groups at the tables arranged in the
room. The students recognize the delivered material
and the activity instructions.

1https://gephi.org/
2https://www.online-stopwatch.com/spanish/full-screen-stopwatch.php
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2) Phase 1 (10 min): The facilitator (teacher) explains
the challenge and defines the objectives. Each student
reflects on the challenge, determining elements that
could incorporate into the solution. At the end of this
activity, data capture begins using the Naira App.

3) Phase 2 (15 min): Each student makes their proposal
without being interrupted by the others. If time is left
over, a new round starts so that the student who requires
it can continue developing their idea. After listening to
all the proposals, the group determines the artifacts to
build and distributes the work tasks in sprints (backlog
prioritized + workload).

4) Phase 3 (15 min), Sprint 1: The first work cycle
is developed, where the group carries out what was
planned. In the last 5 minutes, the group reflects and
reorganizes the assigned work.

5) Phase 4 (15 min), Sprint 2: The second construction
cycle is developed, where the group adjusts the missing
work to meet the challenge posed. Once this activity
finishes, data collection with Naira App stops.

6) Phase 5 (20 min): Each group presents their designed
model, explaining the metaphors created as a solution.
Students complete the self-assessment and satisfaction
survey of the activity carried out.

For this case study, two observers were arranged, whose
objects of interest were the following:

• Group organization to solve the LSP challenge.
• Group work dynamics.
• Group interactions behavior.
• Group works climate.
• Group behavior for work under pressure (as the end of
each sprint approaches).

• Artifact construction speeds with LEGO blocks.
• Use of objects (animals and characters) in the proposed
models.

• Any other individual or group behavior that may be of
interest.

The questions of the self-assessment questionnaire applied
at the end of the activity were the following:

1) How do you evaluate your ability to work as a team
in the activity compared to the other group members?
(Under, Normal, Influential, Higher)

2) How do you evaluate your ability to collaborate in the
activity compared to the other groupmembers? (Under,
Normal, Influential, Higher)

3) How do you evaluate your communication skills in the
activity compared to the other groupmembers? (Under,
Normal, Influential, Higher)

4) How do you evaluate the result obtained by the group?
5) Were you able to recognize leadership characteristics

in any group member? (Yes, No. How many?)
6) What was your first positive feeling when working

with your colleagues? (Trust, Security, Relaxed, Enter-
tained. Choose only one)

7) What was your second positive feeling when working
with your colleagues? (Trust, Security, Relaxed, Enter-
tained. Choose only one)

8) Were you able to work comfortably in the group? (Yes,
No. Why?)

9) Can you clearly visualize your contribution to the final
result obtained by the group? (Yes, No. Why?)

10) Did the use of monitoring technologies cause any
changes in your natural way of working? (Yes, No.
Which?)

An additional open questionwas added to the questionnaire
to assess comments and suggestions about the activity:

11) Finally, we ask you for comments and suggestions to
help us improve the performance of these activities.

C. ETHICAL CONSIDERATIONS
All students participated in the activity voluntarily. Before
requesting their participation, all the activity details were
explained, together with the objectives and theoretical
research foundations. Those who decided to participate com-
pleted and signed an informed consent establishing the con-
fidentiality of the data obtained.

VI. RESULTS AND FINDINGS
This section shows the results and findings from the Belbin
GetSet report, the affinity network, and the interaction net-
works obtained with Naira. The other two data sources, i.e.,
the observer annotations and the self-assessment question-
naire (see Section IV-C), is used to support discussions of the
findings.

A. BELBIN GetSet REPORTS
Table 3 shows the percentiles of the roles obtained by each
student according to the Belbin GetSet reports delivered by
the Interplace 7 platform.Natural roles are highlighted in bold
(see Section III-A).

Note that G1 is a well-balanced group since it is the only
one in which all the roles are natural. In G2, only two mem-
bers could barely assume the IMP (Implementer) role, while
all rejected the PL (Plant) role. Likewise, G3 looks balanced
except for the PL role, that only could be barely assumed
by two members. In G4, TW (Teamworker), ME (Monitor
Evaluator), and SP (Specialist) are not natural roles, although
they could be assumed by different members, especially the
ME role. Finally, in G5, the CO (Coordinator), RI (Resource
Investigator), and IMP roles are not natural but can also be
assumed by different members.

When analyzing the report’s results, close attention should
also be paid to groups with excess natural roles. For example,
in G1, there are three students (G11, G13, G15) with high
percentiles in the TW role. The latter could cause indecision
in the group, excessive trying to please, concealment of con-
flicts, and poor decision-making. Similarly, the IMP role is
natural in G11, G12, and G13, which could cause resistance
to change, excessive organization, and disputes in the group
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FIGURE 3. Time distribution in case study.

TABLE 3. Role percentile scores (%) obtained per group and for each
student.

to establish the limits of individual work. The first box plot
of Figure 4 displays the results from the variability of each
role, the quartiles, averages, median,maximum andminimum
values.

Table 4 displays descriptive statistics for all students.
The predominant profile is Social, followed by Action, and
finally, Thinking. The most natural roles are SP, CF (Com-
pleter Finisher), and TW, followed by CO and RI. Excessing
these roles in groups can produce excessive tension situations
and inadequate task delegation, causing a work overload in
some students. Of all the roles, SP and CF are the only
natural roles in all the workgroups. On the contrary, the
PL and SG (Sharper) are the most rejected roles, so there
is a lack of students in the course who contribute to the
distinctive characteristics of these roles. A shortage of the PL
role can generate a lack of innovation and originality, as well
as problems of work jams in crisis situations or in facing

complex problems. The absence of the SH role can result in
loss of objectives and blockage of group work in the face of
difficulties or unexpected changes.

Figure 4 shows the box plot graphs of each participating
group. Each box size represents the variability existing in the
group. G1 presents a significant variability in all the roles,
unlike G2, G4, and G5, where the variability for some roles
is much lower. In G2, the results of the PL and IMP roles
are striking. For some roles, the gaps regarding the maximum
value are very different in each group. The wider this gap,
the greater the group’s dependence on the student with the
characteristics and qualities expected of that role. In this
sense, G4 and G5 present small gaps, reinforcing the idea
that in both groups, the dominance of the roles is relatively
balanced.

From all this information, it is possible to develop assump-
tions to help anticipate group behaviors. The behavior
assumptions of G1 are:

• As this group has good behavior distribution between
social (G11, G13), thinking (G15), and action (G12,
G14) roles, it could have a greater chance of good per-
formance.

• Since there is high variability in all the roles, with a
predominance of the Social and Action profiles, the
group should strive to incorporate the characteristics of
the G15 Thinking profile.

• There are two students (G11 and G12) with natural
IMP-CF roles. Sometimes, they could try to impose their
criteria and behave excessively demandingly.

• The low presence of PL in the group can cause the action
to be unorganized and inefficient.

• Excessive social and action roles could cause a lack of
creativity and originality in group work.

The behavior assumptions of G2 are:

• This group has an excess of social roles (G21, G22,
G24, and G25), which can cause group problems such as
indecision, bad decisions, superficiality, and excessive
conversation.

• G23 is the only student without natural social roles.
That student may feel misunderstood and even unheard.
Experience indicates that people with roles different
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TABLE 4. General descriptive statistics for the Belbin role percentiles (%) obtained in all groups.

from the majority, although highly necessary in the
group, are not directly integrated.

• G24, being the only one with a natural and dominant
SH role, will be essential for the group not to fall into
complacency and work in the right direction.

• Three students (G21, G22, and G24) have a CO natural
role. This excess can cause a battle of egos and internal
competition for control and delegation.

• The absence of PL and IMP roles can cause a lack of
organization in the work group.

The behavior assumptions of G3 are:

• As this group has good behavior distribution between
social (G33, G34), thinking (G31, G32), and action
(G35) roles, it could have a greater chance of good
performance.

• There is an excess of the SP role. Particular attention
should be paid to the group gathering too much infor-
mation or delving too deeply into work-related topics.
The lack of another student with a natural SH role can
aggravate that situation.

• G35 can lead the group by setting andmaintaining goals,
the pace of work, and opening up to new opportunities.

• Like G1 and G2, the group lacks the PL role, so the same
assumptions apply here.

The behavior assumptions of G4 are:

• It is a balanced group, with high percentile values in
the natural roles for the social and action profiles (G41,
G44, G45). For the same reason, this group may enjoy
doing things well, with quality, in a structured manner,
and following the rules.

• The lack of the SH role can make them lose their work
pace and not set themselves ambitious challenges.

• IR and PL roles are present so the group can be open to
new opportunities and development.

• The lack of TW can cause a lack of mutual support.
Eventually, the students could behave with little empa-
thy and low group interaction.

The behavior assumptions of G5 are:

• The lack of CO and RI as natural roles evidences a low
social profile at the group level. Internal communication
could be the biggest obstacle.

• The G51 and G53 students have the SH role among
their two highest values. This situation could generate
conditions of competition between them. Their natural

TABLE 5. The three predominant Belbin team roles of each student and
their weighted in-degrees.

roles ME (G51) and PL (G53) could self-regulate them
and thus mitigate said competition during the activity.

• Due to the absence of the IMP role, this group may need
to structure its actions to achieve better results.

B. STUDENT AFFINITY SOCIOGRAM
The resulting affinity sociogram has 24 nodes and 86 directed
edges. Recall that the edge weights can assume values 1.0,
0.5, 0.33, 0.25, or 0.2. This sociogram is illustrated in
Figure 5. The thickness of the edges represents their weight.
Each node’s size represents the actor’s weighted in-degree,
which varies between 0.25 and 3.75. The node’s colors are
the predominant Belbin behavior profiles (red for People,
green for Action, and blue for Thinking profile). In addition,
each node’s label represents its subsequent arrangement in the
workgroups. A label Gij represents the actor j of the group Gi.
Furthermore, Table 5 present the three predominant Belbin
team roles for each student and their weighted in-degrees.

1) SOCIOGRAM CONNECTIVITY
Notice that there are three connected components, which are
labeled A, B, and C . No isolated nodes exist, so all students
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FIGURE 4. Analysis of variability in percentiles of each Belbin’s role for each group.

TABLE 6. Affinity sociogram centralization metrics.

are related to at least one peer. Table 6 shows three centraliza-
tion measures for the entire sociogram and their components.

Despite having three components, the global network is
quite cohesive. It has a high ACC (0.72), mainly due to

the A (0.93) and C (0.8) components. Component B is less
cohesive (ACC of 0.59) due to a weak cutting edge from actor
G35 to G21, without which component B would be divided.
Likewise, a strong connection is also observed between the
actors G52 and G53, both chosen mutually as the first option
but not having other actors who chose them. Actors G52 and
G53 form a dyad only linked to the B component through the
choice of G53 over G22 as the second option.

The in-degree of the students varies between 1 and 5, with
an average of 3.58 and a high standard deviation (1.47).
Therefore, on average, each student was chosen by between
3 and 4 classmates. These deviations are also high in the B
and C components, where the average in-degree is close to
3. However, in the A component, very high connectivity is
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FIGURE 5. Affinity sociogram. The node’s size represents the actor’s
weighted in-degree and the node’s colors in the Belbin behavior profile.

FIGURE 6. Working groups with their affinity relationships.

observed, with an average in-degree of 4.67, with a low stan-
dard deviation (0.52). The latter means that the six students
of this component coincided in their desire to participate in
the same work team.

On the other hand, the global network has an AWI of 1.97,
which means that, on average, each student was chosen with

a strength equivalent to that of two first-priority choices. The
above is valid for all three components. However, of the three,
the component A (AWI 2.21) is by far the most homogeneous,
with a low standard deviation (0.19), which means that the
weighted in-degree of its actors is very similar. The compo-
nent B (AWI 1.89) has a relatively high standard deviation
(0.90), so despite being a well-connected component, there
are different preference orders among the students for team
formation. This component includes the favorite student to
form work teams, G21 (weighted in-degree of 3.75), and four
of the five least favorite students (G31, G32, G52, G53),
which form two pairs chosen themselves with first priority
(weighted in-degree 1.0). Finally, the component C (AWI
1.88) presents the highest standard deviation (1.13), having
the actor G45 with the second highest weighted in-degree,
together with G35 (3.33), and also the actor with the slightest
predilection of the entire sociogram, G42, which, with a
weighted in-degree of 0.25, was only chosen by a classmate
in fourth place.

2) SOCIOGRAM PREDOMINANT BELBIN PROFILES
Of the five most relevant students in the sociogram, in terms
of weighted in-degree, two have a predominant Social profile
(G21 and G45) and three a predominant Action profile (G35,
G51, and G14). On the other hand, of the five students with
the lowest weighted in-degree, four have a Thinking profile
(G42, G31, G32, and G53), and only one has a Social profile
(G52), with a 79% percentile in the TW role, closely followed
by a Thinking profile, with a 75% percentile in the SP role
(see Table 5).

Interestingly, all three Belbin profiles are present in all
three components. Furthermore, if the weak cutting edge
between actors G35 andG21 of componentBwould not exist,
the three Belbin profiles would still be present in the two new
resulting components.

3) FINAL GROUP COMPOSITIONS
Now we analyze the final formation of the work groups for
the activity, maintaining the affinity relationships within each
group. Let us remember that the groups were formed by free
choice. Some formed quickly according to their affinity ties,
while others took longer, having to settle for joining groups
with peers who were not among their priorities. Figure 6
shows the five team works formed for the activity. Although
the thickness of the edges still represents the weight of the
affinity relationship, since some edges disappeared, here we
are not concerned with the preference orders but with the
groups’ structure and cohesiveness.

Note that G4 corresponds to component C of the original
sociogram. The A component, which was also very cohesive,
had to leave the G24 student to form the G1 group to meet
the requirement of five members maximum, even though
G24 was the second with the highest weighted in-degree of
the component (see Table 5). Actor G24 joined group G2,
made up of one of the three divisions of the B component.
This component was separated into groups G2, G3, and G5.

VOLUME 11, 2023 17013



D. Monsalves et al.: Relationships Between Social Interactions and Belbin Role Types in Collaborative Agile Teams

TABLE 7. Groups centralization metrics.

Groups G2 and G5 are made up of students on each side of
the bridge of component B (see edge (G35,G21) in Figure 5).
The strong dyad of students G52 and G53 formed the G5
group with two actors in opposite places of the bridge.

Table 7 shows various centralization measures for the dif-
ferent groups, considering their affinity relationships. Groups
G1 and G4, derived from components A and C , have the
highest AWI (1.75 and 1.88, resp.) and ACC (0.90 and 0.80,
resp.). However, the very low weighted in-degree of the G42
student (0.25) explains the high standard deviation of the
G4 group (1.13). Despite having an isolated student, the
G2 group is also quite cohesive (AWI 1.38, ACC 0.80).
Furthermore, it is the most balanced group, with a balance
index of 0.80, since all its relationships are symmetric or
bidirectional. Hence, it is clear that the G24 student, excluded
from the G1 group, joined a very close, predominantly social
G2 group, which, however, lacks the predominant Thinking
profile. Note that the G4 group is not very balanced (0.65)
as it has a very dominant actor (G45) and another one very
nondominant (G42). Without having isolated actors, of the
groups of five students, G3 is the least cohesive and balanced,
with several students without affinity relationships and a
single unifying student (G35) with an Action predominant
profile. Finally, the only group of four students is G5. This
group is the least cohesive and the most unbalanced, as it has
only two students related to each other and two isolated ones.

C. NAIRA SPEECH INTERACTION NETWORK
Figure 3 shows the different phases developed in the activity.
The Naira platform recorded the speech interactions devel-
oped in Phases 2, 3, and 4. Figure 7 shows the distribution
of (cumulative effective) speaking times for each student at
the end of each phase. G43 did not record data on Naira due
to a mobile device problem. Since the activity was already in
progress, it was not feasible to replace the device.

Furthermore, Figure 8 shows the Naira Web graphs with
the accumulated activities of each group at the end of Phase 4
(Sprint 2). With all the data available and Figures 7–8, it is
possible to identify the following.

Group G1 has the highest number of interventions and
the lowest speaking time, which coincides with a clear pre-
dominance of social and action roles. Moreover, the thick
edges of the corresponding interaction graph show intense
communication with short dialogues between its members.
Note that Naira evidences the natural SH role of G14 by

maintaining high activity throughout all phases and a strong
connection with the rest of the group members. On the other
hand, the natural PL role of G13 is observed by its activation
in phase 3 (Sprint 1) and then in phase 4 (Sprint 2). G15 has
two natural mental roles (Thinking profile) with very high
percentiles (91), although it was not possible to identify those
behavioral characteristics during the LSP activity.

In G2, a clear leadership of G22 is observed in each activ-
ity’s phases. The natural role of G22 is CO, a social role
whose strengths are showing maturity at work, being very
self-confident, helping the group to clarify goals, and delegat-
ing effectively [10]. In turn, G21 has the lowest participation
in terms of the number of interventions and speaking time,
despite having four natural roles in all three categories. G23,
G24, and G25 maintain permanent communication through-
out the challenge that intensifies near the end of phases.

Unlike the other groups, G3 presents a substantial alterna-
tion in the speaking times for each phase. Although students
G32 and G35 dominated the conversation in different phases,
the thick bidirectional graph interactions show a closer group
collaboration. In phase 2, the conversation was dominated by
G32; in phase 3, by G35; and in phase 4, both dominated.
Both students present low percentile values in the social roles
and very high in the SPmental role. Both also dominate action
roles.

In G4, the work looks balanced in the three phases of
the LSP challenge. G42, having a natural mental role (PL),
which is very different from the rest, may have had prob-
lems integrating into the group, showing some initial activity,
which declines in the two following phases. In contrast, G41
participates relatively little in the first phase but increases its
activity in phases 2 and 3, which seems consistent with its RI
and CF natural roles.

G5 presents an interaction graph similar to G4, with an
even more balanced and stable speech distribution. G51, the
only one with the natural mental role ME and the natural
action role SH, mostly dominates the activity in all phases.
During LSP activity, G51, G52, and G53 maintain close
communication with similar values of speech interactions and
time. G54 has three natural roles (TW, SP, and CF); however,
her results in Naira indicate that this student has the lowest
participation and the shortest speaking time in the group.

D. OBSERVER ANNOTATIONS
Observer annotations registered various individual and group
behaviors during the LSP activity. Figure 9 shows the final
models built by each group. Some characteristics of these
models were also registered.

The G1 group was formed very quickly. Although they
worked in an orderly manner, at first, it was difficult for
them to concentrate and define the business model to be built.
In fact, the group asked the most questions before starting the
construction phases (Sprints 1 and 2). During Sprint 1, they
talked a lot and built very few artifacts. G14 and G12 lead the
work and organization of the group. They do not elaborate
metaphors in the LSP model.
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FIGURE 7. Naira platform graphs obtained at the end of phases 2–4.

The G2 group was the most restless and eager to build with
Lego blocks. Anxiety causes them to start building artifacts

without even having established group agreements. How-
ever, they got the most detailed specifications of the models.
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FIGURE 8. Final Naira graphs for each group. The node’s size represents speaking time, and the edge’s weight is the number of interactions.

FIGURE 9. LSP models built by the working groups.

During both Sprints, they were very enthusiastic and fun.
It was the only groupwhere twomembers worked standing up

and not sitting down. Also, they rotated their locations as they
built the artifacts. They developed three very clear metaphors:
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the giraffe as the company’s leader and process control, the
polar bear as the company’s strength, and modernity as the
construction of a heliport.

Group G3 was the most orderly and disciplined group.
They started with doubts, but it didn’t take them long to
define the problem well. They worked well under pressure:
they built the most artifacts when they were warned that time
was short. In Sprint 2, they copied the behavior of G2, and
two of their members (G32 and G35) worked standing up.
They also elaborate on three clear metaphors: the boss lying
down and accompanied by an elephant, a thief representing
finances, and a crocodile as the external variables influencing
the company. The final model artifacts are highly integrated.

The G4 group was also very orderly and had no commu-
nication problems. Its members also rotate but always work
sitting around the table. They developed three metaphors
using the animals: the crocodile at the center of the company,
representing the work environment; the tiger as the character-
istics of the company leader; the penguin as the company’s
staff, conveying the joy expected in modern organizations.

Finally, the G5 group is the only one where it is clear
that the members do not usually work together because they
communicate very little with each other. They are the only
group with time to spare in Phase 2. Initially, each student
works in their own space with little interaction. However,
at the end of Sprint 1, the group behavior changes, interacting
more with the artifacts placed on the board. In Sprint 2, they
seem to have fun, and communication is more fluid. Although
their built model is the simplest in terms of the number of
artifacts, it is the best explained.

E. SELF-ASSESSMENT QUESTIONNAIRE
The questions posed in the student self-assessment ques-
tionnaire seek to capture the students’ perceptions regarding
individual performance contrasted with the rest of the group
members.

Students generally do not perceive differences between
individual performance and the rest of the group members
according to the skills consulted (teamwork, collaboration,
and communication). 54% declares that the ability to work
in a team is Normal among the group members. In groups
G2 and G3, all students indicated that they did not perceive
differences in this ability. In G1, G4, and G5, the perception
was more varied. Also in general, the perception of collabora-
tion was mostly Normal (46%) and Influential (46%), while
for effective communication, 67% perceived it as Influential
or Higher. We believe that these results reflect the benefits
of the LSP development activities because they promote and
stimulate the participation of all its members, generating a
positive climate among all the participants. For the same rea-
son, individual perception is clearly influenced by the positive
climate of the LSP work environment. The latter is reinforced
when asked about the first feeling when working with their
colleagues, where 71% declare themselves as Entertained.
Another aspect we were interested in exploring is whether
the use of technologies that measure behavior causes any

change in how students work. 83% indicate that the use of
technology does not alter their natural behavior, a positive
result for Naira’s non-invasive lavalier microphones.

Finally, consulted about their comments on the activity, the
students mostly pointed out very positive and highly moti-
vated aspects. Some comments are the following: ‘‘Enter-
taining, educational and improves relationships. Distracts
from other responsibilities’’, ‘‘good experience that I would
repeat’’, ‘‘very fun and easy to relate to the group’’, ‘‘helps
communication with more reserved people’’, ‘‘I think it was
very good and an entertaining activity that allowed us to
gain confidence with the other classmates’’. Regarding the
suggestions, the students consider the time the most critical
factor, requesting that the times be more relaxed without so
many restrictions. The second important suggestion is to have
a larger physical space for the activity.

F. DISCUSSION
Next, we will discuss the results from the point of view of the
research questions defined in Section IV-A.

1) RQ1. IS IT POSSIBLE TO IDENTIFY BELBIN’S BEHAVIORAL
ROLES THROUGH DATA ANALYSIS FROM A COLLABORATIVE
ACTIVITY?
To help answer this question, Section VI-A presents group
behavioral assumptions based on the individual Belbin Get-
Set Reports, which were then contrasted with the other data
analysis results.

Most of the students presented more than one natural
role. Some showed a predominantly Social (G22, G25, G33,
G34), Thinking (G42, G53), and Action (G12, G14) profile.
Other students had natural roles in two profiles, namely,
Social/Thinking (G15, G31, G43, G52), Social/Action (G11,
G41, G45), and Thinking/Action (G23, G32, G35, G51).
Finally, other students presented natural roles in the three pro-
files (G13, G21, G24, G44, G54). If we look at Figure 8, those
students who concentrate the greatest number of interactions
are G14, G22, G32, G35, G44, G45, and G51. The common
factor among all these students (excepting only G22) is that
they have at least one natural role in the Action profile. The
latter allows us to answer this research question positively
since we identified students’ behavioral factors in executing
the LSP collaborative activity. From this analysis, we have
proposed the following hypothesis, which we will seek to
validate in future research.

H1: People who have only Action natural roles in these
kinds of activities develop more speech interactions than
others.

Although the individual analysis was very interesting,
our interest is focused on the teams’ performance and how
they interact, communicate and collaborate to solve a prob-
lem. Considering the natural roles of the students (Table 3,
Figure 4), the groups were formed in a balanced way by
having members in the three profiles. G1 was the only group
with at least one student in the nine roles with a percentile
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above 70. Furthermore, G1 was the only group with two
students with four natural roles, two with three natural roles,
and one with just one natural role. As noted in Section VI-C,
G1 was the group with the highest number of interventions
but at the same time had the shortest effective speaking time.
In Section VI-A, we state the importance of G15 Thinking
roles as a behavioral assumption. In this regard, for G15,
it was not possible to identify aspects of these roles in the
phases of the LSP activity. Due to the above and the results
recorded, the collaborative performance of the group may
have been affected by the phenomenon called Team role
sacrifice [10]. This phenomenon occurs when a person sets
aside their natural roles to adopt another more absent role in
the group. For G2, G3, G4, and G5, the numbers of natural
roles are much lower, so it is more feasible to visualize and
identify the behavioral characteristics of the group members.
From this, we propose the hypothesis:

H2: Belbin role behaviors are more likely to be identified in
groups with a maximum of two natural roles.

2) RQ2. DOES AFFINITY SOCIOGRAMS HELP TO IDENTIFY
WORK TEAMS WITH BETTER PERFORMANCE?
Based on what was developed in Section VI-B and the
observations during the activity, it was possible to see that
work teams that were well cohesive by affinity were effective
and efficient in task completion. Specifically, the groups
with higher values in their centralization metrics and lower
standard deviations (see Table 7) better fulfilled the main
objective of the LSP activity, according to the teachers’ obser-
vations. Hence, we can also answer this research question
positively. In general, self-organized teams seem to be formed
not only considering friendship relationships but also indi-
rectly seeking complementarity in their problem-solving abil-
ities. All this leads us to the following hypothesis statement.

H3: Self-organized work teams are more balanced in behav-
ioral profiles than non-self-organized ones.

3) RQ3. IS THERE A RELATIONSHIP BETWEEN BEHAVIORAL
ROLES, SPEAKING TIMES, AND THE NUMBER OF SPEECH
INTERACTIONS?
Table 8 shows the number of interventions, speaking times
(in seconds), and the number of natural roles for each group.
An intervention is a speech window of at least 0.7 seconds.
This small window is handled since this is a collaborative
activity, where several students are expected to speak almost
simultaneously.

Note that the group with the most action roles (G1) is
the one with the highest number of interactions, while two
of the groups with the highest social roles (G2 and G4) are
the ones with the longer speaking times. Despite the above,
no conclusive relationships are observed. In order to collect
more evidence, it will be necessary to design controlled
experiments in the future, reducing the limitations identified
in Section IV-D regarding data capture with Naira. However,
we can suggest the following hypotheses:

TABLE 8. Overall results obtained in NAIRA together with the number of
Belbin roles present in each group.

H4: In LSP activities, the groups with predominant Action
profile tend to have higher numbers of interactions.

H5: In LSP activities, the groups with predominant Social
profile tend to have longer speaking times.

VII. CONCLUSIONS AND FUTURE WORK
This exploratory work was designed to study the relationship
between the Belbin roles of participants in collaborative activ-
ities and the social interactions that emerge in the context of
problem-solving.We used the LSPmethodology in a real case
study, incorporating agile practices to stimulate collaborative
work. As far as we know, this is the first study that relates
Belbin’s roles with MMLA and SNA techniques. In addi-
tion, it allows expanding other works like [45] about the
application of affinity sociograms for forming self-organized
collaborative work groups.

Participants with several natural roles tend to be more
flexible and can choose their dominant role for the benefit or
balance of the group. When a participant with many natural
roles shares part of these roles with other less diverse par-
ticipants, the activity of the first diminishes to the benefit of
the expression of the others. Thus, the activity levels in Naira
allow detection of participants with few natural roles, for both
Action and Social profiles, but mainly Action (possibly due to
the type of activity). Therefore, according to this work, we can
point out that Naira’s data analysis tools provided evidence of
the student’s behavior with natural Action roles.
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The survey results confirm that experimental LSP activities
provide significant advantages for observing and evaluating
soft skills. A methodology based on LSP with agile practices
seems useful for studying collaborative work environments.
The roles of the Thinking profile were the most difficult to
analyze with Naira. We believe designing a storytelling-type
activity could leave traces in Naira that help us identify the
characteristics of this profile.

Based on the findings, our next works aim to improve the
Naira platform to reduce the effects of the stated limitations.
As a first exploratory approach, we considered a case study
of 24 students. Of course, to validate the results obtained in
more general contexts, the experiments should be extended.
Therefore, we plan to replicate this activity with other groups
of students to enhance the tracking of evidence according
to the behavioral roles. Likewise, the controlled experiment
design will help evaluate the new hypotheses raised in this
research. A possible future work is in the comparative anal-
ysis of teams’ performance considering the Belbin method-
ology with the RBC methodology. Finally, we consider the
incorporation of variables that allow differentiating behaviors
of people with similar natural roles. Among these variables
could be those obtained from the DISC test, which provides
valuable information on previous experiences and the analy-
sis of leadership styles that appear in work groups.
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