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ABSTRACT School climate plays a fundamental role in teaching and learning processes, directly influencing
the achievement of educational objectives. Moreover, climate-related issues often manifest as bullying,
which remains a persistent challenge for education systems worldwide. In this context, teamwork emerges
as a key strategy to foster student interaction, strengthen friendship networks, and reduce bullying
and aggression. However, traditional team assignment methods—such as student self-selection, teacher
allocation, or random distribution—fail to account for the complexity of student interactions and individual
characteristics. This study introduces a web-based decision support system designed to assist in team
formation within educational settings by utilizing optimization models and algorithms, thereby promoting a
more interconnected and inclusive student network. The models incorporate factors such as team diversity,
victim protection, and student preferences. Its primary input is a social network along with derived metrics
(e.g., betweenness centrality and triadic relationships), which feed into three non-linear integer optimization
models that aim to consolidate, create, or enhance student interpersonal relationships. Additionally, the
models were evaluated through a large quasi-experiment using both quantitative and qualitative analyses
across four dimensions particularly relevant to educational activities: team dynamics, attitude toward the
team, team cohesion, and team performance. Empirical results demonstrate that it is possible to improve
the classroom climate without compromising the four team-related dimensions. This collaborative learning
technology serves as a valuable resource for enhancing collaborative educational strategies and fostering a
more inclusive and supportive classroom environment.

INDEX TERMS Collaborative learning, team formation problem, mathematical optimization, classroom
climate.

I. INTRODUCTION

School climate is a fundamental pillar of the education
system, containing all relationships and interactions among
educational community members within and beyond the
school. Promoting a healthy classroom climate is challenging
due to the many interacting factors that influence student
behavior and relationships. Various concepts are closely
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associated with school climate, including the UNESCO goal
of ‘learning to live together’, which emphasizes the critical
role of education in promoting social camaraderie from the
early stages of schooling [45]. Moreover, school climate
plays a crucial role in mitigating bullying, a persistent and
concerning issue in educational environments. Recent studies
indicate that one in five students reports being a victim of
bullying, and 41.3% of these students believe they will be
targeted again [9]. The consequences of bullying can range
from social exclusion to extreme acts of violence, including
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school shootings, and it can manifest in diverse forms, such as
rumors, physical aggression, and psychological intimidation.
An intuitive teaching practice to promote a better climate
is to incorporate collaborative or cooperative activities.
In designing such activities, team formation constitutes a key
decision; however, in practice, simplistic or greedy processes
are often employed, such as student self-selection, teacher
allocation, or random distribution, without considering the
rich structure of interpersonal networks or previous data from
each classroom.

From a mathematical modeling perspective, the Team
Formation Problem (TFP) emerges as an alternative to
provide optimal solutions. This problem has attracted interest
across various research fields [10], [21], [22], [24], primarily
due to its relevance in diverse application areas, ranging
from human resource management to the design of working
groups in educational settings. In academic contexts, studies
have addressed the problem of team formation [22], [49];
however, to our knowledge, the school climate has not
been considered a central focus. Academic performance
remains the primary dimension explored. However, school
climate should gain greater prominence in teaching and
learning processes, given its recognized importance in
contributing to educational success as extensively evaluated
in the literatures [42] and [46]. In particular, the discipline
domain, which encompasses bullying and aggression, and the
relationships domain, which involves students’ interactions
with peers, are considered two of the main domains of school
climate [20].

We propose rethinking the TFP in schools to enhance
student interaction. The objective is to create teams that
promote positive relationships among students. To achieve
this, we model a classroom using a directed graph G(N, A),
where N represents the set of students and A denotes the
set of weighted links (positive, negative, or neutral) between
students. To improve the course climate, we use network
cohesion as a measure; that is, the set of students N will
exhibit a better climate if we can induce a denser network with
positive arcs. The collaborative activity can change the type
of arc between students who work together, generating new
links, improving negative links, and strengthening positive
links. Consequently, the network G will evolve into a new
network G’, as the formation of subgraphs or teams will
modify the types of links. Figure 1 shows an example of the
modification of a social network after the formation of the
teams. In this study, we refer to G as the course, level, and
classroom, and T as the team. Some research questions arise
from these definitions: To what extent must we compromise
team cohesion or team climate in order to improve the
broader room climate? Can we improve the classroom
climate without compromising the team’s performance? How
can we design teams to increase classroom climate without
reducing team performance or team climate?

A key assumption in this research is the availability of
detailed information about social networks. This assump-
tion is made possible through the use of sociometric
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FIGURE 1. Top: Social network G before the team activity. Bottom: Social
network G’ after the activity. Team T; was composed of a, b, and c, while
team T, included d, e, and f. The negative link between a and c was
repaired, and a new link between d and f was induced. Red links indicate
a negative relationship between students. The weight represents the
strength of the relationship; higher values indicate better relations, while
a weight of zero represents a neutral relationship with no edge.

instruments, particularly those developed and automated by
BRAVE-UP!,! a start-up specializing in web-based educa-
tional solutions for school climate and a crucial partner in this
research. Among these, the enriched sociogram provides a
comprehensive view of classroom dynamics, offering global
and individual-level metrics such as mediation, isolation,
rejection, and popularity [27], [36], [40]. These sociometric
survey also capture valuable information on victimization,
gender identity, and well-being, factors known to shape
school climate.

Using these sociometric data as the primary source of
information, we introduce a novel technology, which is
a web-based decision support system (DSS), designed to

1 https://app.braveup.co/
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enhance cohesion in educational structures. This technology
is built on three optimization models that incorporate
individual and collective interpersonal relationships derived
from sociometric surveys to create teams that enhance the
room climate. Empirical evaluations conducted in real-world
educational settings have yielded promising results, under-
scoring the model’s potential to inform and enhance team
formation practices. Specifically, the contributions of this
paper are as follows:

o We mathematically modeled a set of innovative con-
straints and objective functions aimed at fostering a
positive climate within school environments. These ele-
ments are grounded in interaction data from sociometric
surveys and form the foundation of novel non-linear
integer optimization models that incorporate specific
information from the social graph (e.g., betweenness
centrality and triadic relationships). The models include
mechanisms to promote inclusive team dynamics, such
as safeguards against bullying, strategies to prevent
segregation, constraints to avoid strong mutual rejection,
and limitations on the formation of exclusive friendship
cliques. In contrast to previous studies, our work explic-
itly integrates social network structures into the team
formation problem by incorporating sets of positive and
negative links with varying intensities, as well as con-
straints such as cliques and victim protection. Moreover,
we propose three novel objective functions designed
to enhance classroom cohesion by fortifying, creating,
and repairing social links, an approach not previously
explored in the literature. To address conflicts directly,
we further incorporate the betweenness centrality index.
Overall, our formulation extends existing models by
aligning optimization with multidisciplinary insights on
classroom climate, emphasizing compatibility, segrega-
tion, and protection throughout the team assignment
process.

o We developed strategies from an exact algorithmic
perspective to enhance the performance of an open-
source solver. These strategies included the design of
symmetry-breaking constraints, a linearization analysis
of two formulations, and the integration of valid
inequalities. In addition, we proposed a heuristic based
on the random key genetic algorithm (RKGA) to solve
the models, which is deployed in a web application. This
algorithm is integrated into an automated data pipeline
spanning from survey collection to team proposal
generation.

« We validated our technology through a large-scale quasi-
experiment across 26 courses involving 880 students.
The results yielded promising quantitative and qualita-
tive insights, statistically demonstrating the feasibility
of enhancing classroom cohesion without compromising
team-related performance dimensions.

This article continues as follows. Section II presents a
comprehensive literature review divided into two subsections:
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methodological contributions to solving the TFP and a sum-
mary of educational applications. Section III-A details the
optimization problem, emphasizing its educational relevance.
Section III-B provides the mathematical formulation, includ-
ing objective functions and constraints. Section III-C presents
an illustrative example and computational experiments with
exact algorithms. Section IV outlines the heuristic based on
RKGA. Section V offers insights into the quasi-experiment
from both qualitative and quantitative perspectives. Finally,
conclusions and future research directions are presented in
Section VI.

Il. RELATED WORK

The TFP is an optimization problem that focuses on creating
teams from a given set of individuals. This problem arises
in various contexts, including education, sports, industry, and
others. Recent applications can be found in education, [22];
online games, [2]; robotic competitions, [16]; and soccer,
[50]. In its various applications, the TFP includes a set of
basic constraints that require each individual to participate in
exactly one team and that the teams have predefined sizes.
Additional constraints are frequently added based on the
specific field of application. Due to the NP-hardness of the
TFP [26], various strategies have been used to try to obtain
optimal solutions. We first review methodological issues,
discussing formulations and algorithms for several variants
of the problem. Secondly, some existing research gaps in
the literature close to the TFP in educational settings are
presented.

A. ADVANCES IN TFP VARIANTS AND SOLUTION
STRATEGIES

The literature on mathematical programming and heuris-
tic approaches for modeling and solving the TFP is
well-established and has experienced a notable rebirth in
recent years. Fitzpatrick and Askin [17] formulated a
model for grouping workers to form multiple teams in a
manufacturing setting. In this case, workers were evaluated
according to specific skills, and each was categorized
based on the role they could fulfill. The objective was
to select workers for each role to maximize synergy and
minimize inertia in team performance. A heuristic was
developed to address large problem instances. Ani et al. [3]
proposed a genetic algorithm-based method to form student
teams for software projects according to their programming
skills. Similarly, [1] developed heuristics to group students
in a way that maximizes aggregate student gain. They
specifically examined the effect of combining the weakest
and strongest students to increase group diversity. Sadeghi
and Kardan [41] addressed team formation in collaborative
learning environments by proposing an integer programming
model that incorporates the concept of justice.

In [14], the role of social network structure in team for-
mation is explored. They formulated a mixed-integer linear
programming (MILP) model that quantitatively accounts
for social dependencies and used a Lin-Kernighan-based
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heuristic to solve the problem. Gutiérrez et al. [21] intro-
duced a MILP model for the problem of multiple team
formation, where the objective function is derived from a
sociometric matrix that captures interpersonal relationships.
They proposed a constraint programming approach and a
variable neighborhood search metaheuristic to solve the
model. Note that [21] proposed a team-formation problem
without climate-related constraints, and the application is
focused on project management. They considered only a
sociometric coefficient in the objective function; in other
words, they did not exploit the structure of a sociogram.
We explicitly cover this gap by incorporating constraints
that leverage social network structures, such as the clique
constraints.

Fathian et al. [15] formulated a model to maximize
the reliability of the team by considering the probability
that unreliable experts leave the team. Their approach also
incorporated the experts’ skill profiles within a collaboration
network. Zheng et al. [51] studied team formation in
collaborative learning environments, proposing a MILP
formulation and a genetic algorithm to address the problem.
The model aimed to form balanced groups by minimizing
intra-group diversity. Magnanti and Natarajan [31] analyzed a
variant of the TFP in which the objective was to allocate final
projects to senior-year undergraduate students. Their results
indicated that the proposed method provided practical support
for academic staff managing the group formation process.

Moreno et al. [35] proposed several grouping criteria,
allowing for arbitrary parameters related to team size and
grouping attributes. To solve the problem, they developed a
hybrid solution algorithm based on a randomized heuristic
method. Rehman et al [39] addressed the TFP within
the context of social networks, introducing an algorithmic
approach that leverages communication costs and graph
reduction techniques. Vallés-Catala and Palau [48] proposed
an algorithm grounded in network theory to more effectively
form heterogeneous groups. Their method demonstrated
strong performance when applied to real-world data from a
Master’s program in teacher training.

Hill and Peuker [22] first constructed a student social
network within an educational environment and then formu-
lated an integer linear model to form groups to maximize
the potential for new social ties. The proposed model
outperformed classical grouping approaches such as random
assignment and self-selection. It is important to underscore
that this contribution also leverages the network structure
and proposes several constraints related to classroom climate.
However, it only models positive links, overlooking negative
relationships that can be highly relevant for effective team
formation. Considering both sides of social interactions is
crucial, not only to prevent teams with strong rejections but
also to address relationships characterized by mild tension.
Our work aims to bridge this gap by explicitly incorporating
these attributes into the team formation model. Finally,
note that [22] addresses a different formulation that does

VOLUME 14, 2026

not consider peer-wise parameters between students, which
limits the types of objective functions that can be optimized.

Muniz and Flamand [37] studied a new variant of the
problem in which pre-existing teams are reorganized through
member exchanges. The goal is to achieve balanced teams in
terms of efficiency, ensure equitable distribution of success,
and minimize training costs by optimally reallocating the
current workforce. Lv et al. [30] introduced a reinforcement
learning approach to tackle the project team formation
problem in real-world organizational networks. The objective
was to identify a subset of individuals that satisfy the skill
requirements while minimizing disruption to the existing
network structure.

Although the reviewed papers differ in their objective
functions and constraints within the TFP framework, they
share a common characteristic: a high level of computa-
tional complexity that makes finding the optimal solution
challenging. Many optimization models involve a quadratic
objective function, which further increases the difficulty
of solving them efficiently. To address this complexity,
various strategies have been proposed. Some works imple-
ment reformulations to design tailored branch-and-bound
algorithms. These are further strengthened by incorporating
valid inequalities to reduce the solution space. Campelo and
Figueiredo [10] followed this approach, and [6] structured the
feasible region as a polyhedron defined by set-covering con-
straints associated with skills, along with conflict constraints
that prevent incompatible pairs from being assigned to the
same team [6]. Depending on the number of participants, the
proposed algorithms required only a few seconds to several
minutes to reach a solution, [6].

Most works begin by defining a specific TFP variant
and then develop an algorithm tailored to that formulation.
For example, [13] proposed a particle swarm optimization
algorithm incorporating a novel swap operator, which
demonstrates improved performance over standard bench-
marks in terms of solution quality and computational time
across datasets with varying numbers of experts and skills.
In learning environments, [25] considered social, cognitive,
and academic dimensions within a social network-based
learning setting. After categorizing student attributes, they
applied a genetic algorithm (GA) with a modified two-point
crossover to promote the generation of better offspring.
Their method was tested in a Software Technology course
with 48 students at a Greek university. Despite 71% of stu-
dents expressing satisfaction, 44% preferred self-selection,
indicating a preference for working with friends. Similarly,
[34] addressed team formation by optimizing heterogeneous
intragroup and homogeneous intergroup structures using
a multi-objective GA. Each objective sought to minimize
the difference between group and overall population means
for student characteristics. The method was applied in
an engineering course with 135 students at the National
University of Colombia, where groups of five students were
formed.
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Lin et al. [29] proposed a two-objective optimization
model based on benefit and cost criteria related to student
attributes. A web-based system was developed for practical
use by teachers, allowing input of student characteristics and
generating group solutions. Although the method improved
learning outcomes compared to a control group, it did
not consider social cohesiveness, only academic factors.
Extending this idea, [33] included empathy as a third objec-
tive alongside heterogeneous intragroup and homogeneous
intergroup diversity. Using NSGA-II, they evaluated their
model in two educational settings: a face-to-face computer
programming course and an online e-commerce course.
The proposed grouping method outperformed both random
and self-assigned methods, particularly in terms of group
empathy. Finally, [18] also used NSGA-II to solve the
optimal learning group formation problem. Their formulation
incorporated five distinct student characteristics for pre-
qualification but, like others, did not account for social
cohesion.

B. RESEARCH GAPS FOR THE TFP IN EDUCATION

A common criterion across many of the previously presented
studies is the formation of internally heterogeneous and
externally homogeneous teams. Furthermore, some works
introduce climate-related attributes into their models. How-
ever, to our knowledge, none of the reviewed studies
explicitly focus on student climate as the central objective.
In particular, we found no models that simultaneously
integrate interpersonal relationships (positive and negatives
at different levels), network attributes (e.g., betweenness
centrality and triadic relationships), personal attributes (e.g.,
nationality and gender identity), and victimization constraints
within each team. It is also crucial to highlight that the
literature does not consider bullying as a key factor in team
formation, despite its relevance to school climate and student
well-being. In contrast, our work aims to fill this gap by
proposing a team formation model that prioritizes room
climate. Additionally, we introduce three distinct objective
functions that reinforce climate-related criteria as a central
component of the grouping process.

lll. ATEAM FORMATION PROBLEM TO IMPROVE THE
SOCIAL NETWORK COHESION

A. PROBLEM DEFINITION

The team conditions were defined in collaboration with
experts in educational climate through a series of working
meetings to understand the problem, define variables and
assumptions, and validate the proposed models. Below,
we outline the key conditions that define a feasible team.

1) TEAM SIZE
There is a minimum and maximum number of participants in
each team.

2) TEAM MEMBERSHIP
Each student must belong to exactly one team.
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3) EXTREME INCOMPATIBILITIES

Each team cannot consist of students with a very high mutual
rejection level (minimizing the high probability of conflict).
This condition would allow students with low-level rejection
to participate in a team without mutual rejection.

4) EXTREME COMPATIBILITIES

Each team cannot be made up solely of students with
a high level of mutual acceptance (minimizing the high
probability of team friendship). A parameter can be defined
that determines the number of pairs of students with mutual
acceptance allowed. This condition helps generate new
bonds.

5) INCLUSION

A set of characteristics is defined (e.g., gender or ethnicity),
so that, for each characteristic, no team has all its students
sharing the same characteristic.

6) VICTIM PROTECTION
This constraint is about protecting students known to have
been victims of aggression. For this purpose, the following
are defined. Each victim must belong to a team with at least
one of their friends. Additionally, care must be taken that none
of their friends reject the victim.

The objective functions defined during this phase are
presented below:

7) MAXIMIZE STUDENT PREFERENCES
This goal aims to improve network cohesion by strengthening
existing links.

8) MAXIMIZE THE PROBABILITY OF CREATING NEW LINKS
This goal aims to enhance network cohesion through the
emergence of new links.

9) MAXIMIZE THE MEDIATION INDICATOR

This goal considers that a mediator can impact the strength-
ening of connections within a team. In particular, in cases of
negative links, a mediator can help to solve this tension.

B. A MATHEMATICAL PROGRAMMING FORMULATION
FOR THE OPTIMIZATION PROBLEM

We define the problem of team formation on a network.
The network is a complete directed weighted graph G =
(N, A, c), where N is the set of students, A is the set of
arcs in the network, which define relationships between
students, and c is a weight function assigned to the arcs
of the network and will be defined later. It is important to
note that the arcs of the network allow for the specification
of unidirectional relationships from student i to student j,
denoted as (i, j), in the case where one also wants to define
the reciprocal relationship from student j to student i, a new
arc (j, i) must be defined. The acceptance/rejection levels of
the network and the rest of the parameters and sets presented
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below are estimated through the analysis of a sociometric
instrument that considers a sociogram and questions linked
to aggressions in the school context.

1) SETS

The set of students in the course is denoted by N, and the set
of teams to be created is represented by K. For each student
i € N, we define several preference-based sets describing the
interpersonal relations identified in the sociometric analysis:

o NT(): set of students perceived as neutral by student .
o R(i): set of students weakly rejected by i.
o RF(i): set of students strongly rejected by i.

The set of student pairs with mutual strong rejection is
defined as:

RFM = {(i, j) : i € RF(j), j € RF(i)}.

Conversely, the sets of students positively evaluated by
student i are:

o AW(i): set of students weakly accepted by i.
« AF(i): set of students strongly accepted by i.

The set of mutually strong acceptance pairs is:
AFM = {(i,)) : i € AF(j), j € AF(i)}.

Let €2 denote the set of student attributes (e.g., nationality,
gender identity, academic achievement). For each attribute
I € Q, let I'; represent the set of possible categories ¢, and
let ®;; denote the set of students belonging to category t € I';
in attribute /.

The subset VB C N includes students reported as victims
of aggression. For each victim i € VB, we define AR(i) as
the set of classmates j accepted as friends (either weakly or
strongly) who did not reject i in return:

AR(>i) = {j € N : j € AW(i) U AF(i), i ¢ R(j) URF())}.

If AR(i) is empty, a fallback mechanism selects students with
high betweenness centrality. The betweenness of student i,
denoted b;, is defined as the sum of the fractions of all pairs
of shortest paths that pass through i [8].

Finally, let M denote the set of mediation triplets (i, j, k)
representing potential interventions between students i and
Jj—connected by an arc in R(j)—through a third student & €
N. These mediation triplets are identified by enumerating
triads in the social network [4], retaining those that include
the arc (i, j) € R()).

2) PARAMETERS

y: A positive integer that defines the maximum size of the
teams.

Sk: Size of team k, k € K.y — 1 < S¢ < y, y is a positive
integer. It is computed based on y and the course size.

bi: Betweenness centrality index of student i, where i € N,
provides information about the number of friendship paths
in which student i is involved [7], thereby indicating their
potential role as a mediator.
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vi: Number of connections student i has in the network,
whether they are incoming or outgoing arcs.

vij: Value of joint linkage. For each i, j, calculate v;; = v; +v;.
w;;: Elements of the weighting matrix for the objective of new
links. The idea is that pairs (i, j) with high v;; indicate that both
students have a high connection. We prioritize that the model
places pairs with low linkage on a team, and then at least one
weakly linked student will improve their level. From the joint
linkage values v;;, we define w;; which is their multiplicative
inverses 1/(v;; + 1).

cjj: Definition of the weighting function associated with the
network connections. The value ¢;; then defines the level of
acceptance or rejection that student i has towards student j.
Five levels are defined in the network: ¢~ —, ¢, ¢%, ¢t, and
ctT, where at the extremes, ¢~ represents a strong rejection
from i to j, and ¢ represents a strong acceptance from i to
J. Specifically, ¢;; = ¢=~ if j € RF(@); ¢;j = ¢~ if j € R(i);
cij = %ifj € NT(i); ¢j = T if j € AW(i); and ¢j = ¢ if
J € AFQ).

L: This is the maximum size of a clique allowed in a team.
A clique of size ¢ in a network is a subset of nodes such that
all pairs of nodes are connected, and it contains g nodes.
CQr: A clique of size less than or equal to L. The cliques are
defined in this work, in an undirected network GV generated
from the network G as follows. GV = {{i, j} : (i, ]) € A, Cij =
c,'.jH}. The notation {i, j} is used here to emphasize that the
connections in GV are edges and not directed arcs.

oy, Bi: These define the upper and lower bounds, respec-
tively, for the number of students within each team with the
category ¢ € I'; in the attribute / € . To balance the teams

in terms of the categories of each attribute, 8, and oy can be

D418 Dyl
estimated as LmJ and [m—‘ , respectively. When o

IN| IN|
| DSk

and B are equal, i.e.,

asa=a+land 8 =8 —1.

is an integer, they are redefined

3) DECISION VARIABLE

To formulate the optimization models, it is only necessary to
define a set of decision variables x € {0, 1}/N*KI where each
element x;; takes the value 1 if student i is assigned to team
k, and O otherwise.

4) THE OPTIMIZATION MODELS
In this section, we define three distinct models, each sharing
the same feasible solution space but differing in their
objective functions, denoted as M, M, and M3. The three
objective functions considered, along with the corresponding
constraints, are presented below.

max Z; : Z; = Z Cij inkxjk (M)
(i,)eA  keK

max Zp: Zp = Z Wij Z)Cikxjk M2)
(i,))eA keK
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max Z3 : Z3 = Z by inkxjkxhk (M3)
(i,j,h)eM kekK
subject to: le-k =S, Vkek 1)
ieN
ink=1, Vie N )
kekK
Xie +xx <1, V(@,j) e RF(Q), Yk e K (3)
> xk<L. Vkek (4)
ieCQr,
Z Xtk <ae, VkeK,Vcel,VleQ
i€dy
©)
> Xk =B, VkeK,¥cel,VIeQ
iedy
(6)
Xk — D Xk <0, Vie VB,Vk €K (7)
pEAR(i)
xik €{0,1}Vie N,k € K, ®)

Model M; maximizes student preferences, aiming to
create work teams that enhance network cohesion by
reinforcing existing social links. Accordingly, the objective
function Z; sums the weights of connections between
student pairs within the formed teams, where the strength
of each link is quantified and maximized. Model M>
seeks to maximize the number of new social links. This
function encourages the formation of teams that foster new
interactions within the classroom network. Analogous to
Z1, the objective function Z prioritizes student pairings
with higher potential for new link formation, as defined by
the linking matrix and the associated weights w;;. Finally,
model M3 aims to increase the presence of effective mediators
in teams that include students with strained but potentially
repairable relationships. The objective function Z3 rewards
configurations in which a student with a high mediation score
(betweenness centrality) is assigned to the same team as
a student involved in such a strained relationship, thereby
leveraging the mediator’s positive influence.

Constraint (1) enforces the predefined team size S,
as determined by the decision maker for each team k. Con-
straint (2) ensures that every student is assigned to precisely
one team, thereby avoiding both unassigned students and
duplicate assignments. To handle interpersonal conflicts,
Constraint (3) prevents students who have firmly rejected
each other from being assigned to the same team. This
constraint includes both unidirectional and mutual rejections.
Conversely, Constraint (4) limits the number of students
with strong mutual acceptance who are placed on the same
team. This condition is intended to discourage the formation
of strong cliques beyond a permissible size, defined by
the parameter CQr, which depends on the total team size.
Constraints (5) and (6) prevent the formation of homogeneous
teams based on sensitive attributes such as gender identity,
academic performance, or nationality, ensuring diversity
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TABLE 1. Students. « identifies students reported or self-reported as
victims of aggression. Students with positive betweenness centrality,
namely, 4, 5, and 8, could potentially play a protective role for victim 6.

Student | Betweenness | Nationality | Gender Identity Grade
1 0.00 local male high
2 0.00 local male low
3 0.00 local female low
4 0.11 local male low
5 0.16 local non-binary low
6* 0.15 local female medium
7 0.00 immigrant female medium
8 0.09 local female medium
9 0.00 immigrant non-binary high
10 0.00 local female medium
11 0.00 immigrant male high
12 0.00 local male high
13 0.00 local male high

within and across teams. Lastly, Constraint (7) provides
safeguards for students identified as victims of aggression,
ensuring that each student is assigned to a team with at least
one member from their trusted set AR(i), promoting a safe
team environment.

Note that, in order to study the impact of the constraints,
we introduce Mg, which corresponds to model M; with-
out climate-related constraints, allowing for comparative
analysis. The exact solution approaches used to solve
these models—namely, linearization strategies, symmetry-
breaking constraints, and the development of novel valid
inequalities—are detailed in the Appendix and supported by
computational experiments.

C. ILLUSTRATIVE EXAMPLE

The following example considers a set of 13 students, denoted
by the letters {1,2,...,12, 13}. The relationships among
the students are represented by a directed graph shown in
Figure 2, where only non-neutral relationships are visualized;
that is, edges with ¢;; = 0 are omitted. Within this classroom
scenario, the objective is to form four work teams of sizes 3, 3,
3, and 4, respectively (y = 4). Table 1 presents the individual
characteristics associated with each student. Based on this
information, the sets V, 2, I, and ¢ are constructed, along
with the parameter b corresponding to betweenness centrality.

Table 2 presents the parameters o and S that define
expected ranges for each category of student attributes.
In practice, 8§ = 2 and o = 3 mean that for that category, the
model requires at least two students and at most three students
from that category in each team. Tables 3 and 4 illustrate the
sociometric preference matrix and the joint disengagement
matrix.

Table 5 shows the solutions obtained by the three models.
The teams obtained and the respective values for each
objective are detailed. An analysis of the results is then
presented, which helps to understand the impact of the three
models on team formation. It is also worth noting that the
analysis includes the results provided by the base model
Mj, which considers the objective function Z; and includes
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FIGURE 2. The number associated with each arc represents the type of link, where c™~ = -2, ¢~ =-1,ct =1, and

ct* = 2. The network consists of 28 arcs and thirteen nodes, including four strongly negative arcs (c~~), two weakly
negative arcs (c~), eight weak acceptance arcs (ct), and fourteen strong acceptance arcs (c*+). Four mutual strong
acceptances can also be found ({2, 1}, {2, 5}, {1, 5}, and {10, 8}) and one mutual strong rejection ({10, 11}). According
to the graph, the weakly negative arc (1, 3) can be mediated by student 5, and the weakly negative arc (3, 4) can be

also mediated by student 5.

TABLE 2. Expected ranges for the number of students per team with each
attribute and category.

Attribute Category
Local
Foreign
Female
Gender Identity | Male
Non-binary
High
Medium
Low

Nationality

Grade Range

ool = —lo vy

R = = W0

basic constraints but not the fundamental constraints of the
classroom climate. Therefore, this analysis allows us to
appreciate the impact of the constraints and the different
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objective functions considered. These results appear in the
first row of Table 5.

1) STUDY OF CONSTRAINTS

1. Strongly negative relations: In the groups related to My,
M,, and M3, we note that in each of them there is no
strong negative arc (¢~ ) between two nodes. This result
is consistent with avoiding this type of linkage during team
generation. Consequently, we observe from the results that in
no case do the two nodes 10 and 11, which have strong mutual
rejection in the social network, belong to the same team.

2. Victim students: In the social network, there is a victim
student, node 6. It can be observed that student 6 belongs
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TABLE 3. Sociometric matrix of preferences, Cij-

1 2 3 4 5 6 7 8 9 10 11 12 13
1 0o 2 -1 o 2 0 0 0 O 0 0 0 0
2 2 0 0 o 2 0 0 0 O 0 0 0 0
3 0 0 o -1 2 0 0 1 0 0 0 0 0
4 10 0 0 o 2 2 0 1 2 0o -2 0 0
5 2 2 0 o o0 1 0 0 O 0 0 0 0
6 0 0 0 1 1 0 0 0 O 0o -2 0 0
710 0 0 o 0 0 0 0 O 0 0 0 0
8 0 0 0 o 1 0 0 0 O 2 0 0 0
9 0 0 0 o 0 0 0 0 O 0 0 0 0
1010 0 0 o 0 2 0 2 0 0o -2 0 0
1110 0 0 o o0 o0 o0 o0 2 -2 0 0 0
1210 0 0 o 0 0 0O 0 O 0 0 0 1
13,10 0 0 0O 0 0 0 0 0 0 0 1 0

to teams where either student 4 or 5 is present. This effect
aligns with the intended behavior of the victim-protection
constraints. Both 4 and 5 were indicated as students
accepted by 6.

3. Segregation: We study segregation in three dimensions,
gender identity, nationality, and grade level. Regarding
gender identity, all teams exhibit diversity in this attribute;
however, in My, one group ({ 1, 2, 5 }) does not include
female students. This issue is resolved in models M, M>,
and M3. In terms of nationality, team {3, 9, 11} in My shows
a high concentration of immigrant students, with two out
of three members belonging to that category. This situation
improves in M1, M, and M3. Finally, no teams are composed
entirely of students from the same grade level, although team
({ 4,6,8,10 }) includes three members with medium grades
and none with high grades.

4. Compatibility between students: These constraints limit
the size of the largest clique in a team. The social network
contains a clique of three nodes with nodes {1, 2, 5}. The
results show that this clique does not appear in any team with
climate-room constraints. However, this clique appears in the
teams created in My, as this model does not include climate
constraints.

2) STUDY OF OBJECTIVE FUNCTIONS

From an optimization perspective, it is important to
compare the objective function values Zj, Z, and Z3.
For the analysis of Table 5, we adopt the following
convention: each row corresponds to an optimal solution
T obtained using the model associated with that row.
For example, the second row shows that M; yields the
optimal solution 77, with the following team configuration:
1 = {{4,6,9}, {8,10, 12}, {1,2,7},{3,5, 11, 13}}. When
this solution is evaluated under the objective function Z;, the
result is 4.38, whereas under Z3 it is 0.0. In contrast, the third
row presents the optimal solution 73, for which the value
of Z; is 10.0—lower than the 15.0 achieved by Tj. These
comparisons highlight the effect of employing different
objective functions while maintaining the same set of
constraints. They demonstrate that varying optimization
criteria can lead to substantially different team configurations
and performance outcomes, depending on the prioritization of
school climate.
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Base model without climate constraints (Mg): When
working with the preference-based objective function but
without including climate constraints, the teams {3, 9, 11},
{7,12, 13}, {1, 2,5}, and {4, 8, 10, 6} emerge, as shown in
Table 5. In this solution, the previously defined climate
constraints are not enforced, which explains the high
objective function value of Z; = 26 reported in Table 5.

Preferences (Mp): This model, unlike the previous,
includes climate constraints. On the one hand, we obtained
a very different optimal solution for teams from the last case
since none of them was repeated. Additionally, we can see
that the climate constraints, by restricting the model My,
worsen the value of the objective function by decreasing from
a value of 26 to 15, which makes sense.

New links (Mj): we observe that, unlike the analysis
of Mj, there is a group, {2, 8, 11}, in which there are no
connections between them on the social network. Therefore,
new connections can be interpreted as being generated
in this team. This behavior is also observed in the team
{3, 7, 12, 13}, where connections exist only in a pair of nodes,
so new links are also generated in this team. We can note
that these links are due to the definition of My, which weighs
the joint disconnection weights wy;. In the team {3, 7, 12, 13},
we note that in the weights wy;, the pairs (3, 7), (7, 12), (7, 13)
have the highest value of 0.33 in the matrix. Consequently,
M; was able to prioritize the formation of this team based
on the w;; value of its pairs of elements in the team. In this
way, by using this objective function, grouping highly linked
students is avoided.

Mediators (M3): we note that in team {1, 3, 5, 7}, a weakly
negative arc is obtained from student 1 to 3. As both
students are in the same group, student 5 acts as a
mediator. Furthermore, that mediation was only achieved
using M3, and only affected one team. It is very likely
that a higher level of mediation can be found in an
example where there is a high level of negative relationships.
Subsequently, a computational study will be carried out,
and we will work with many instances where we can
appreciate the performance of the various models. All code
and datasets for reproducing these results are available at
https://github.com/frperezgalarce/team-formation-problem.

IV. RANDOM KEY GENETIC ALGORITHM

The RKGA is a well-established method for solving complex
combinatorial optimization problems [5]. We implement this
algorithm to address our specific team formation problem as
follows. Given an ordered sequence of N nodes, denoted by
Ay = (ap)n<n = (ai, ..., an), a number K of teams to be
formed, and an ordered sequence of team sizes S = (Sk)k<k»
where s; > 0 and ZkK: 1 Sk = N, a feasible team assignment
solution under basic constraints is represented by:

T(Ay, Sk) = {te i<k,

with I = >, _;si+ 1 and u = > ,_; s;. This represen-
tation ensures that the solution satisfies two fundamental
constraints: each team has a predefined size, and each

where t# ={ay,...,a,},

VOLUME 14, 2026



A. Candia-Véjar et al.: Formation of Collaborative Learning Teams in Schools

IEEE Access

TABLE 4. Joint unlinking matrix, wij.

1 2 3 4 5 [§

7 8 9 10 11 12 13

020 020 033 0.17 010 0.17

© 00O Ut WN

o.rr o011 0.14 0.10 007 0.10 020 0.10 0.14 0.12 0.17 0.14 0.14
0.1r 011 014 010 007 0.10 020 0.0 0.14 012 0.17 0.14 0.14
0.14 0.14 020 0.12 008 0.12 033 012 020 017 025 020 0.20
0.10 0.10 0.12 009 007 009 017 0.09 0.12 0.11 0.14 0.2 0.12
0.07 0.07 0.08 007 005 007 0.10 0.07 008 008 0.09 0.08 0.08
0.10 0.10 0.2 009 007 0.09 0.17 0.09 0.12 0.11 0.14 0.12 0.12

0.10 0.10 0.2 009 007 0.09 0.17 009 012 0.11 0.14 0.12 0.12
0.14 014 020 0.12 008 0.12 033 012 020 0.17 025 020 0.20
10 | 012 012 0.17 0.1 008 0.1 025 0.11 017 014 020 017 0.17
11 | 0.17 0.17 025 0.14 0.09 0.14 050 0.14 025 020 033 025 025
12 | 0.14 0.14 020 0.12 008 0.2 033 0.12 020 0.17 025 020 020
13 | 014 014 020 0.12 008 012 033 012 020 0.17 025 020 020

1.00 017 033 025 050 033 033

TABLE 5. M represents the baseline model, which does not consider climate

-related constraints but does include the optimization of preferences M;.

Z1 ) Z3 team 1 team 2 team 3 team 4
Mo | 26.00 | 4.82 | 0.00 | 3,9,11 7,12,13 | 1,2,5 4,8,10,6
M; | 15.00 | 438 | 0.00 | 4,6,9 8,10,12 | 1,2,7 3,5,11,13
M2 | 10.00 | 528 | 0.00 | 2,8,11 1,5,6 4,9,10 | 3,7,12,13
M3 8.00 | 440 | 0.16 | 9,10,12 | 2,8,11 4,6,13 | 1,3,5,7

student is assigned to exactly one team. We refer to
these as the basic restrictions. Climate-related constraints
defined in the optimization model are not yet enforced
at this stage. Instead, during the operation of the genetic
algorithm, these climate restrictions are incorporated through
a penalization mechanism applied to the fitness function.
This approach guides the search toward feasible, high-
quality solutions that progressively satisfy basic and climate
constraints.

A reordered sequence Ajlf, can be easily obtained
using random keys, a random key R, and a vector of
random numbers within O and 1. If a random key vector
with identical length to Ay is generated, the ordered
sequence Ay can be reordered according to the keys
in increasing order to obtain a new valid sequence.
For example, given Ay = (1,2,3,4,5,6,7,8,9,10)
and S¢ = (4,3,3), the team assignment would be
T(An, Sk) = {{1,2,3,4},{5,6,7}, {8, 9, 10}}. Considering
the same sequence Ay = (1,2,3,4,5,6,7,8,9,10)
and a vector of random numbers of the same length,
R = (0.10, 0.50, 0.20, 0.30,0.90, 0.25,0.35,0.55,0.95,0.15),
these elements could be reordered by these values, obtaining
the new sequence: A§ = (1,10,3,6,4,7,2,8,5,9), then,
Ay “induces” the solution § = {{1,2,3,4},{5,6,7},
{8, 9, 10}}, and after applying the transformation according
to the random number vector R we obtain the new
sequence Aﬁ, which induces the new solution S’ =
{{1, 10, 3, 6}, {4, 7, 2}, {8, 5, 9}}. Therefore, if Ay is fixed,
then the application of different vectors of random numbers
to Ay will generate different solutions to the problem. In this
way, for computational purposes in the genetic algorithm that
we will study in the next section, a solution S is represented
only by the vector of random numbers R applied to Ay . Using
the notation already defined, S = T(I(Ay, R), Sk)-
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Given the solution S defined by the vector of random
numbers R, the chromosome associated with § is represented
as: C5 = (R). Given Ay and Sk, the initialization of
the population of size P is given by the generation of P
vectors of random numbers of length N. Three well-known
crossover methods were implemented: mid-point, one-point,
and uniform [28], [44], [47].

Two alternatives are proposed to carry out mutations. First,
replacing a gene with another random number, i.e., a gene
is randomly selected (or k genes in general), and a new
random number is created for that position. Second, a simple
exchange of two random numbers is performed; two genes
are randomly selected, and their values are swapped. This
strategy can be adapted so that the selected genes belong to
different teams, using the information in Si. Let F represent
the fitness function for the problem under investigation,
comprising two essential components: the objective function
and a penalization component. The selection of individuals
considers the direct passage of the B individuals with the
best F to the next population, and the elimination of the W
worst individuals evaluated in F. The rest of the individuals
that move on to the next population are obtained from
the crossover between individuals (excluding the W worst
individuals) through linear rank selection [19], [23], which
is focused on avoiding premature convergence.

Using penalty functions is one of the most commonly
used strategies for managing constraints in applying GA
to constrained optimization problems, [12]. In our case,
we partition the constraint set into two parts: basic constraints
and climate constraints. The GA algorithm we propose can
require that all the solutions it generates comply with the
so-called basic constraints. These are linearization, team size,
and team membership constraints. For the other group of
climate constraints, we use the method of static penalties [43].
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TABLE 6. Descriptive statistics for standardized factor scores.

Dimension Minimum | Maximum Q1 Q2 Q3

Team dynamics -3.3033 1.4411 | -0.4992 | 0.2038 | 0.7652

Attitude toward the Team -4.2846 1.5019 | -0.7026 | 0.0553 | 0.9164

Team cohesion -1.9153 1.9416 | -0.9511 | 0.0131 | 0.8256

Team performance -4.2496 1.4845 | -0.7729 | 0.0510 | 0.8749

TABLE 7. Descriptive statistics for standardized scores by treatment type and dimension.

Dimension Treatment Mean | Std. Dev. Ql Q2 Q3
Link strengthening 0.1096 0.9990 | -0.3074 | 0.2323 | 0.7970
Team dynamics New l.inks o -0.0890 1.0686 | -0.6504 | 0.0212 | 0.6701
Conflict mediation | -0.1226 1.1023 | -0.6788 | 0.0212 | 0.6643
Control 0.0794 1.0503 | -0.2969 | 0.2550 | 0.7938
Link strengthening 0.0270 1.0622 | -0.7028 | 0.0553 | 1.0539
Attitude toward the team New l.inks o -0.0705 1.1633 | -0.8058 | 0.0553 | 0.7961
Conflict mediation | -0.1082 1.2881 | -0.8058 | 0.0553 | 1.0539
Control 0.0551 1.1063 | -0.5302 | 0.0728 | 0.7359
Link Strengthening 0.0845 1.0682 | -0.5449 | 0.0131 | 0.8635
Team cohesion New Links o 0.0197 1.0982 | -0.9511 | 0.0131 | 0.8501
Conflict Mediation | -0.1338 1.0284 | -0.9511 | 0.0131 | 0.4193
Control 0.1095 1.1422 | -0.8373 | 0.0131 | 0.9774
Link Strengthening 0.1112 1.0932 | -0.5586 | 0.0510 | 0.8749
Team performance New Links o -0.2571 1.3779 | -1.3825 | 0.0510 | 0.8749
Conflict Mediation | -0.0853 1.1977 | -0.7729 | 0.0510 | 0.8749
Control 0.1123 1.1651 | -0.5586 | 0.0510 | 0.8749

Computational experiments evaluating this approach are
presented in Appendix IX. The DSS module, utilizing
this algorithm, was embedded into BRAVE-UP! Platform,
prioritizing usability and scalability.

V. IMPACT AND DISCUSSION
Beyond computational experiments comparing algorithmic
performance, we addressed our research questions through
a large-scale quasi-experiment designed to assess the impact
of our team formation approach on four dimensions: team
dynamics, attitude toward the team, team cohesion, and team
performance. Note that it can be quite challenging to compete
with the control group (self-selection or teacher selection),
particularly in aspects such as team dynamics and cohesion.
Therefore, we consider it a good result when there are no
significant differences, as it indicates that we can improve
classroom cohesion without compromising team cohesion.
The intervention consisted of three structured sessions in
which students produced a report on the “Digital school cli-
mate”’. Guidelines for developing the activity were provided
to the teacher responsible for its implementation. A mixed-
methods approach was employed, combining surveys with
non-participant observation rubrics. The study was conducted
in six schools and involved a census-type sample of
880 students in 7th and 8th grades.

A. QUASI-EXPERIMENT

The sample was divided into two groups of courses: a control
group, consisting of teams formed by self-selection or teacher
selection, and a treatment group, consisting of teams formed
through the DSS. This approach enabled the exploration of
effects on:
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Team dynamics: Refers to the interactions and processes that
take place within the work groups.

Attitude toward the team: refers to each student’s attitude
regarding the formation of the work groups and the work
conducted within them.

Team cohesion: focuses on understanding whether the
formation of work groups and the activities carried out
promote new ties or relationships among students who do not
typically interact.

Team performance: reflects the students’ perceptions of both
individual and group performance during the news report
creation activity.

To ensure comparability across the four groups (control
and treatments with M1, M> and M3), team compositions
were balanced based on three indicators, whose data were
obtained from sociograms collected in the classrooms. These
indicators are: (1) conflict rate, (2) cohesion rate, and
(3) percentage of aggression. Specifically, care was taken
to ensure that the four groups had similar means across
these three indicators. It is worth noting that, to facilitate
the group formation process at the beginning of the activity,
the classroom was used as the unit of analysis for treatment
assignment. Appendix VIII provides a detailed explanation
of this procedure.

1) QUANTITATIVE PHASE

In the quantitative phase, surveys were administered to 693
(out of 880) students in grades 7 and 8, resulting in a
representative sample with a 95% confidence level. The
analysis included using ANOVA and ANCOVA to assess
differences between control and treatment teams regarding
team dynamics, attitudes toward the team, team cohesion, and
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TABLE 8. Performance metrics for exact strategies at different instance size when M; is solved. The table displays statistics for the ‘gap’ and time

(seconds) achieved by each strategies, including mean, minimum, maximum, and standard deviation.

n strategy gap time (seconds)
mean min max std mean min max std
10 base-ml-f 0.00 0.00 0.00 0.00 1.91 0.41 3.85 1.26
base-m1-g 0.00 0.00 0.00 0.00 1.12 0.84 1.82 0.27
symmetry-m1-f 0.00 0.00 0.00 0.00 1.94 0.36 3.08 1.07
symmetry-m1-g 0.00 0.00 0.00 0.00 1.22 1.00 145 0.16
validineq-m1-f 0.00 0.00 0.00 0.00 2.11 0.48 3.27 1.09
validineq-m1-g 0.00 0.00 0.00 0.00 1.39 1.05 1.79 0.20
15  base-ml-f 0.00 0.00 0.00 0.00 17.70 9.75 24.28 421
base-ml-g 0.00 0.00 0.00 0.00 11.95 7.78 16.46 2.85
symmetry-m1-f 0.00 0.00 0.00 0.00 16.22 13.00 21.37 278
symmetry-m1l-g 0.00 0.00 0.00 0.00 11.85 9.00 16.39 2.35
validineq-m1-f 0.00 0.00 0.00 0.00 19.15 9.88 25.67 4.84
validineq-m1-g 0.00 0.00 0.00 0.00 13.22 9.55 17.25 2.49
20  base-ml-f 6.81 0.00 5194 16.65 446.05 0.85 900.97  355.12
base-m1-g 3.67 0.00 25.48 843  380.65 0.71 900.88  347.14
symmetry-m1-f 0.00 0.00 0.00 0.00  368.30 097 79294 279.14
symmetry-ml-g 2.16 0.00 21.60 6.83  357.59 0.76  900.87  303.89
validineq-m1-f 5.36 0.00 53.60 1695 38291 1.04  901.98  300.77
validineq-m1-g 12.31 0.00 7559 24.88 408.71 099 901.74 357.89
25  base-ml 64.62 47.10 89.17 1478  902.63 902.43  903.03 0.20
base-m1-g 34.10 6.24 63.71 1826 90233  901.60  904.51 0.79
symmetry-m1-f 84.05 5342 110.87 20.04 908.77 902.55 961.67 18.60
symmetry-ml-g 40.84 10.64 88.55 2512 902.64 902.08 903.54 0.47
validineq-m1-f 68.03 48.98 8222 11.62 908.60 902.22 961.54 18.61
validineq-m1-g 39.59 27.66 54.34 8.06 902.72 90232 903.11 0.26
30 base-ml 95.52 67.24 12448 1697 90595 904.37  909.81 1.59
base-m1-g 132.18 95.17 193.19 34.16 904.92 904.04 908.29 1.32
symmetry-ml1-f 15293  112.37 188.09 2231 905.51 90395 906.72 0.93
symmetry-ml-g  215.07 171.51 252.54  23.89 905.00 903.40 907.34 1.22
validineq-m1-f 96.36 69.49 131.06 21.53 904.57 903.93 906.47 0.85
validineq-m1-g 106.59 69.09 163.89 31.22 904.08 903.52  904.85 0.42

team performance. Each of these dimensions was estimated
using factor analysis based on an adapted version of the ques-
tionnaire presented by [38]. The factorial structure identified
during the exploratory phase was validated through confirma-
tory factor analysis. The maximum likelihood method was
used for estimation, along with the fit indices: root mean
square error of approximation, comparative fit index and
Tucker—Lewis index. When examining the aggregated results
in Table 6 across the different team formation methods by
dimension, it is observed that team performance shows the
greatest variability in scores. In contrast, team cohesion is the
dimension with the most concentrated scores and the highest
minimum value.

With respect to team dynamics (Table 7 ), it was observed
that the control groups and those formed by prioritizing the
conflict mediation criterion showed slightly lower minimum
values compared to the other treatments. Conversely, the
groups formed by prioritizing link strengthening and the
control groups exhibited, on average, better dynamics than
teams formed by the other methods. This observation is
further supported by the fact that these groups also reached
the highest values in the first, second, and third quartiles.
To verify whether the differences observed between the
groups according to their formation method were substantive,
an ANOVA test was conducted. The results indicated that, at a
99% confidence level, no statistically significant differences
were found. In this regard, previous research suggested that
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self-selected groups tend to achieve higher scores in social
dimensions (dynamics, cohesion, and attitude) than those
formed through external assignment [11], [32]. Therefore,
the absence of significant differences between the control
and treatment groups suggests that the assignment methods
based on the tool succeeded in forming teams that enhanced
the quality of team dynamics, achieving results comparable
to those of the control teams, which typically showed better
perceptions in this dimension. Additionally, an analysis of
covariance (ANCOVA) was performed to control and adjust
the variability associated with conflict rates, cohesion, and
the percentage of aggression in the results obtained for each
dimension—thus improving the precision and sensitivity
of the analysis. The ANCOVA results indicated that team
dynamics did not differ significantly between the groups
formed by the different methods, supporting the ANOVA
findings.

Regarding the participant’s attitude toward the team, it was
observed that the control groups and those formed by
prioritizing the conflict mediation criterion showed slightly
lower minimum values than the other treatments. At the same
time, the groups formed by prioritizing link strengthening
and the control groups recorded, on average, higher scores
than teams formed using the other methods. However, the
quartile values did not reveal a clear predominance of
any particular method in terms of the obtained scores.
ANOVA test results indicated that, at a 99% confidence level,
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TABLE 9. As Table 8 but solving M,.

n strategy gap time (seconds)
mean min max std mean min max std
10 base-m2-f 0.00 0.00 0.00 0.00 4.93 2.47 6.32 1.22
base-m2-g 0.00 0.00 0.00 0.00 3.22 1.78 4.55 0.89
symmetry-m2-f 0.00 0.00 0.00 0.00 5.14 3.40 8.11 1.30
symmetry-m2-g 0.00 0.00 0.00 0.00 2.79 1.50 3.94 0.74
validineq-m2-f 0.00 0.00 0.00 0.00 2.81 0.43 4.12 1.27
validineq-m2-g 0.00 0.00 0.00 0.00 1.95 1.22 2.69 0.42
15 base-m2-f 9.67 0.00 2727 1085 67425 32412  901.07 259.71
base-m2-g 7.27 0.00 2630 10.04 554.44 161.70 900.69  337.41
symmetry-m2-f 6.24 0.00 23.49 8.65 615.05 180.11 900.79  302.84
symmetry-m2-g 0.00 0.00 0.00 0.00 342.16 118.13  813.73  230.83
validineq-m2-f 0.00 0.00 0.00 0.00 74.69 27.88  124.26 29.11
validineq-m2-g 0.00 0.00 0.00 0.00 33.67 21.35 58.90 10.58
20  base-m2-f 143.24 0.00 218.61 59.42 813.95 28.89 901.48 275.84
base-m2-g 124.57 0.00 182.11 5528 811.21 095 901.51 284.70
symmetry-m2-f  152.41 0.00 24261 67.56 811.15 0.80 901.67 284.73
symmetry-m2-g  111.03 0.00 17327 57.44 811.26 1.05 901.82  284.68
validineq-m2-f 8.76 0.00 22.90 797 771.87 1.10  902.19  292.40
validineq-m2-g 26.85 0.00 3770 1471  803.35 093 901.04 282.94
25  base-m2-f 253.82 21139 29452 2421 90272 901.79  903.73 0.52
base-m2-g 39342  302.02 46046 6293 904.81 903.50 906.64 1.11
symmetry-m2-f 25690  208.63 29475 2521 902.68 901.75 903.33 0.45
symmetry-m2-g 38249  313.85 508.89 80.75 905.34 903.81 908.06 1.47
validineq-m2-f 31.19 22.56 44.59 742  902.53 901.96 903.15 0.39
validineq-m2-g 25.53 20.15 37.46 4.69 903.03 902.51 903.89 0.42
30  base-m2-f 32457 27933  367.73 2547 906.61 905.34  908.83 1.38
base-m2-g 636.85 511.44 706.38 6225 907.68 905.51 912.09 2.45
symmetry-m2-f  322.80 290.25 356.71 21.72 905.02 903.79  906.18 0.99
symmetry-m2-g  688.57 660.42 71371 1695 90592 904.13  906.80 0.84
validineq-m2-f 37.83 24.97 51.29 8.08 904.10 90347 905.21 0.63
validineq-m2-g 43.40 30.69 50.55 7.81 904.24 903.61  906.05 0.75

no statistically significant differences were found. These
findings suggest that the team assignment methods based
on the tool successfully formed groups in which students
demonstrated attitudes as positive as those who selected
their own teammates. Moreover, ANCOVA results for this
dimension also revealed no significant differences among the
groups, and the covariates showed no significant effects on
the dependent variable.

In team cohesion dimension, the control groups obtained,
on average, higher scores than teams formed by other
methods. Likewise, groups formed with our DSS prioritizing
link strengthening also exhibited high mean and quartile
values compared with the remaining methods. However,
ANOVA results indicated that, at a 99% confidence level,
there were no statistically significant differences. Thus, the
findings suggest that the DSS-based methods succeeded in
forming groups where students displayed levels of team
cohesion comparable to those of self-selected teams. The
ANCOVA test also showed no significant differences or
effects of the covariates.

Similar to other dimensions, in team performance dimen-
sion both the control groups and those formed using the DSS
with link strengthening prioritization recorded, on average,
higher scores than the other treatments. In this regard,
ANOVA results at a 99% confidence level suggested the
existence of statistically significant differences in the per-
ceived quality of team performance among the groups
formed by the different methods. However, the ANCOVA test
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indicated no significant differences in performance between
groups, and the covariates had no significant effects on
the dependent variable. Specifically, the control groups and
those formed by prioritizing link strengthening achieved
significantly better performance than those formed by
prioritizing new link creation. Although prior evidence [38]
suggests that academic performance tends to be higher in
groups formed by instructors than in self-selected ones,
it is worth noting that in this study, performance was
measured based on students’ perceptions rather than grades,
making it difficult to establish a standardized view of team
outcomes.

The main insights obtained from this quantitative analysis
are presented below:
Team dynamics: The analysis revealed no statistically
significant differences between the control and treatment
team in terms of team dynamics, with a 99% confidence
level. However, teams formed through conflict mediation
showed slightly lower scores than those formed through link
strengthening and self-selection. The latter teams showed
notable improvements in team dynamics, achieving higher
values in performance quartiles.
Attitude towards the team: Regarding attitude towards the
team, no significant differences were found between the
teams. However, control groups and those formed through
link strengthening showed more positive attitudes, especially
in terms of collaboration and enthusiasm during sessions.
Teams focused on new links exhibited higher levels of
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TABLE 10. As Table 8 but solving M;.

n strategy gap time (seconds)
mean min max std mean min max std
10  base-m3-f 0.00 0.00 0.00 0.00 0.85 0.22 2.95 0.89
base-m3-g 0.00 0.00 0.00 0.00 0.64 0.13 1.36 0.47
symmetry-m3-f 0.00 0.00 0.00 0.00 1.47 0.39 2.50 0.79
symmetry-m3-g 0.00 0.00 0.00 0.00 0.64 0.11 1.42 0.58
validineq-m3-f 0.00 0.00 0.00 0.00 1.92 0.20 3.66 1.30
validineq-m3-g 0.00 0.00 0.00 0.00 0.77 0.10 1.95 0.73
15  base-m3-f 0.00 0.00 0.00 0.00 12.74 1.44 21.10 5.43
base-m3-g 0.00 0.00 0.00 0.00 6.36 3.37 8.77 1.71
symmetry-m3-f 0.00 0.00 0.00 0.00 14.91 6.29 22.95 5.69
symmetry-m3-g 0.00 0.00 0.00 0.00 7.22 3.19 12.46 2.89
validineq-m3-f 0.00 0.00 0.00 0.00 11.97 6.46 17.47 4.07
validineq-m3-g 0.00 0.00 0.00 0.00 7.04 1.88 12.58 2.72
20  base-m3-f 0.00 0.00 0.00 0.00 262.58 099 809.71 250.71
base-m3-g 7.03 0.00 70.32 22.24  321.66 0.72  900.88 270.13
symmetry-m3-f 0.00 0.00 0.00 0.00 29341 091 81949  285.78
symmetry-m3-g 0.00 0.00 0.00 0.00 291.76 0.79 71032 25241
validineq-m3-f 19.58 0.00 195.79 61.92 27794 094 903.01 254.33
validineq-m3-g 7.96 0.00 79.56 25.16  325.67 0.89 901.63  281.58
25  base-m3-f 128.91 53.55 195.08 42.82 903.37 902.64 904.27 0.63
base-m3-g 109.48 17.77 371.63 110.23  903.21 901.85 904.79 1.04
symmetry-m3-f  123.25 0.00 200.67 5821 897.01 83326 905.42 22.41
symmetry-m3-g  127.56 13.55 479.92 13456 904.64 903.00 910.52 2.26
validineq-m3-f 132.22 0.00 198.89 65.32  896.41 830.42 904.96 23.20
validineq-m3-g 102.43 55.81 173.96 4447 904.23 90322  905.74 0.78
30  base-m3-f 250.01  153.29 739.76  185.82  907.88 906.15 910.84 1.44
base-m3-g 540.96  350.96 871.60 154.56  906.55 904.80 908.71 1.32
symmetry-m3-f  263.74  219.31 431.90 64.16 90743 904.44 911.70 2.19
symmetry-m3-g  813.43 42475 155098 436.26 907.90  906.06  909.70 1.31
validineq-m3-f 24795 152.54 326.12 47.30 90690 90543 91231 2.11
validineq-m3-g 720.26  435.87 1186.37 258.85 908.15 905.25 91245 2.44

collaboration, while those formed under conflict mediation
had lower enthusiasm scores.

Team cohesion: In terms of team cohesion, the results also
indicated no significant differences between teams, although
the control groups and those formed via the DSS with a focus
on link strengthening had better scores. An interesting finding
was that control groups and those formed through conflict
mediation showed higher percentages of agreement with the
statement, “I made new friends in the team assigned for
the activity”. This suggests that these methods favored the
creation of new social ties.

a: TEAM PERFORMANCE

In analyzing team performance, control groups and those
in link-strengthening conditions showed higher average
scores. In terms of performance, significant differences were
observed between DSS teams that prioritized link strengthen-
ing and those that prioritized new links. However, ANCOVA
did not detect significant differences in performance between
the control and treatment teams, suggesting that the students’
perceptions of performance were similar, regardless of the
method used.

To sum up, the results of this large-scale quasi-experiment
provide encouraging evidence that algorithmic team allo-
cation methods can achieve levels of classroom cohesion,
teamwork attitudes, and performance comparable to those
of self- or teacher-assigned groups. This finding is par-
ticularly valuable given the inherent complexity of school
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environments, where social relationships, classroom dynam-
ics, and teacher practices interact in nontrivial ways. The
absence of significant differences between control and
treatment groups suggests that the proposed approach can
promote inclusive and balanced teams without compro-
mising the natural dynamics of classroom collaboration.
Nevertheless, obtaining stronger statistical evidence requires
addressing several methodological challenges. Future studies
should incorporate larger and more diverse samples across
schools to increase statistical power, apply longitudinal
designs to capture temporal effects, and employ multilevel
models capable of distinguishing within- and between-
classroom variance. In addition, improving measurement
reliability through refined psychometric instruments and
reducing potential biases from non-random assignment or
missing data will further enhance the validity of the results.
Overall, these findings support the feasibility and potential
of algorithmic DSS in education, while underscoring the
importance of rigorous statistical design to consolidate
robust, generalizable evidence in real-world school settings.

2) QUALITATIVE PHASE

The qualitative phase focused on non-participant observation,
using specific rubrics to evaluate team dynamics, attitude
towards the team, and results in the first and third sessions.
The groups were observed under the same categories used
in the quantitative analysis, allowing for the identification of
emerging patterns in student interactions over time.
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TABLE 11. Summary statistics related to the relative optimality gap and
execution time using the RKGA are presented below.

Gap Time (seconds)
Min  Mean Max Min  Mean Max

10 0.00 0.00 0.00 7.00 7.13 7.38
15 0.00 350 15.78 7.96 8.21 10.08
My 20 0.00 575 2039 11.14 12,19 1479
25 0.00 7.63 2340 2295 2536 27.19
30 -2.09 8.68 2445 2730 3039 31.82
10 0.00 0.00 0.00 6.99 7.13 7.41
15 0.00 0.14 0.95 7.85 8.10 10.06
Ma 20 -0.09 0.15 1.51 1141 1224 1496
25 -092  -0.75 0.02 2277 2505 26.70
30 -228  -197  -0.68 2737 3042 31.69
10 0.00  -0.00 0.00 7.03 7.16 7.40
15 0.00 289 21.57 7.84 8.02 9.85
Ms 20 0.00 858 3229 11.71 1290 15.59
25 0.00 13.12 41.15 2229 2424 2543
30 -242 1577 4541 2756  30.62 31.94

Model  Size

TABLE 12. Formation method algorithm.

Group Conflict Cohesion Aggression
Control Self-selection 0.016 0.030 11.24

and/or teacher

selection

DSS: 7y 0.013 0.029 10.45
Treatment| DSS: Z5 0.015 0.029 11.24

DSS: Z3 0.015 0.030 11.39

Team dynamics: Regarding team dynamics, control groups
showed more disorganized communication in the first ses-
sion, with some teams successfully resolving disagreements
constructively. In the third session, all control groups suc-
cessfully resolved disagreements, although active listening
regressed in some cases due to distractions and the teacher’s
continuous intervention to maintain order. Model-based
teams focused on link strengthening showed improvements in
assertive communication and disagreement resolution, with
most courses achieving better fluidity in interactions.
Attitude towards the Team: this dimension was positive
in most treatment and control groups, with some teams
showing resistance in the first session due to the assignment
of less familiar peers. However, as the activity progressed,
most students maintained a positive attitude, particularly in
the link-strengthening teams. In contrast, teams focused on
conflict mediation showed somewhat more negative attitudes
than those using the other methods.

B. DISCUSSION
In terms of results, control groups, such as those formed
through conflict mediation, were more successful in creating
new connections, although not necessarily at a deep level.
In DSS teams, especially those focusing on link strengthen-
ing, students improved the quality of their interactions and got
to know peers with whom they usually did not collaborate.
The quantitative analysis did not reveal significant dif-
ferences between the control and treatment groups in team
dynamics, cohesion, or attitude. However, teams focus-
ing on link strengthening showed slight improvements in
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performance and cohesion. The qualitative results, on the
other hand, indicated a positive evolution in team dynamics
and attitudes towards assigned teams, particularly in model-
based teams, which prioritized conflict mediation and link
strengthening.

No significant differences in performance were observed in
the quantitative analysis, and the qualitative findings suggest
that the model-based intervention, particularly those focused
on link strengthening and conflict mediation, positively
impacted school cohesion and the quality of interactions
within the teams. These results underscore the importance
of considering factors such as cohesion, team dynamics, and
attitudes towards collaborative work when designing team
formation methods in educational settings. Hence, classroom
cohesion can be improved without compromising desirable
team characteristics; even more so, in some cases, we can
improve both by forming an appropriate team.

It is important to emphasize that the success of the
intervention depends on two key components: the quality
of the team formation and the effective planning of the
collaborative activity. Both elements must be carefully
aligned to foster meaningful student participation and achieve
the desired climate outcomes. Furthermore, using a recent
sociogram when designing the teams is essential, as student
relationships can be highly volatile, particularly at certain
educational levels. Sociometric data collected before the
intervention may no longer accurately reflect the actual
structure of the social network, leading to suboptimal or even
counterproductive team configurations.

The integration of algorithmic systems into educational
contexts entails ethical and pedagogical challenges. First,
student privacy must be guaranteed through rigorous data
protection protocols and anonymization, given the sensitive
nature of sociometric information on friendship, rejection,
and victimization. Second, interpretability is essential for
pedagogical transparency. Teachers must understand the
rationale behind algorithmic recommendations, which should
be presented in an interpretable, traceable way, allowing
educators to combine these insights with their professional
judgment. Finally, teacher acceptance depends on trust
and perceived usefulness. Initial skepticism often shifts to
acceptance once teachers observe how the system promotes
balanced, inclusive teams. Thus, algorithmic team formation
should support, not replace, pedagogical expertise.

VI. CONCLUSION

This research focuses on an aspect closely related to effective
learning: the school climate. The literature highlights the
importance of student relationships in shaping the school
climate, as these relationships contribute significantly to
educational success. Therefore, learning technologies that
foster improved student relationships are essential.

We introduced a new technology that incorporates socio-
metric data and optimization models to support team
formation in educational environments. Unlike previous
approaches to the TFP, the proposed system explicitly
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integrates variables related to school climate, such as
interpersonal acceptance and rejection, diversity, and the
protection of vulnerable students. It has been tested in real
educational settings, with 880 students in 26 classrooms. The
results demonstrate that classroom cohesion can be improved
without compromising team-related dimensions—and that,
in some cases, both aspects can be enhanced simultaneously.
These findings suggest that the proposed approach fosters a
favorable classroom climate and promotes inclusive, collabo-
rative learning, paving the way for improved outcomes when
new learning technologies are applied.

The technology has been integrated into the BRAVE-UP!
Platform, offering schools a practical and data-driven tool for
forming student teams based on formal criteria. It provides
an alternative to subjective or arbitrary grouping methods
by incorporating climate-oriented constraints and objective
functions.

Future research is expected to explore dynamic extensions
of the optimization problem, enabling team configurations to
adjust as classroom conditions evolve. A promising direc-
tion involves applying multi-objective optimization, where
suitable solutions from the Pareto frontier can be selected
through data-driven or expert-knowledge-based mechanisms
aligned with classroom profiles and institutional objectives.
Additional efforts may explore adaptive mechanisms that
incorporate longitudinal data and user feedback. Finally,
an expanded evaluation framework is planned to assess the
long-term impact of the DSS on educational outcomes and
student well-being.

APPENDIX

A. LINEARIZATION STRATEGIES

It is necessary to consider the linearization of function
objectives to solve the problem with commercial solvers
for mixed-integer linear programming. Two linearization
approaches are implemented,

Fortet: Constraints 9 and 10 help linearize x;;xjx through
the creation of a new variable y;j;. Then, constraints 11 and 12
help to linearize x; xjx xp, which is equal to yiuYjnk, through
Zijhk -

ijeN:i<jkeKk (9)
i,jeN:i<j, kekK (10)
G,jheM, keK (11)
GjheM, kek (12)

(xik + X — 2yi) > 0,
(i + X — yije) < 1,
ik + Yink — 2zijni) > 0,
Vink + Yink — zZijnk) < 1,

where y;j is a binary variable that takes the value 1 if student
i and student j are assigned to team k, and O otherwise,
i < j; and z;p is also binary variable that takes the value
1 if student i, student j, and student /4 are assigned to team k,
and O otherwise, (i, j, h) € M.

Groove: In the linearization proposed by Grove, the
variables y and z are relaxed to continuous and positive,
as they are bounded by the binary variables x. Sets 13-17
model quadratic non-linearity, and constraints 18-20 model
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cubic non-linearity.
i,jeN:i<j keK (13)
ihLjeN:i<j, keK (14)
LjeN:i<j, kekK
(15)
iLjeN:i>j, keK, (16)
LjeEN:i=j, keK (17)
i, j,hyeM, k ek (18)
(G, j,hyeM, keK (19)
G, j,hyeM, keK (20)

Yijk — Xik <0,
Yijk — Xk <0,
Yijk — Xik — Xj = —1,

Yijk — Yjik = 0,

Yijk = 0,

Zkhij — Yikjh < 0,

Zkhij — Ykih < 0,

Zkhij — Ykjh — Ykih + 1 = 0,

B. SYMMETRY-BREAKING CONSTRAINTS
A clear symmetry is observed in the group index within
the context of the group formation problem. Two different
solutions that are identical in terms of objective function
values can only be obtained by changing the group index
(k) between two groups k, k' with same size, it is to say,
Sk == Sy’. To address this, we propose a symmetry-breaking
constraint set aimed at introducing differentiation in the order
of this index, as outlined below:

Zixik < Zixik/, Vi k' €K :k <k, S =S¢ (1)

ieN ieN

This constraint ensures that, among groups of identical
size, groups with lower indices are assigned students with
lower aggregate index values, thereby eliminating symmetric
solutions without excluding any optimal solution.

C. VALID INEQUALITIES

In order to provide a better formulation we propose the
following valid inequalities:

Sy <1, VijeN, 22)
kekK
D vk SSS—1D. VkeK.ijeN, (23)
kekK

Equation 22 restricts the number of interactions between
students i and j, ensuring that they are assigned to at most one
group. Although this constraint is not obligatory, it remains
valid given the requirement of one-group assignment for each
student (see constraint 2). Similarly, Constraint 23 limits the
total number of interactions within each group, represented
by the summation of y;i over all students i and j in group k.

D. EXPERIMENTS WITH EXACT METHODS

Tables 8, 9, and 10 present computational results for the
three single-objective models, namely M;, M, and M3,
respectively. Each table presents results for different sets of
instances, and each row represents a set of ten instances. The
parameter n indicates the number of students considered in
each family. The tables compare six approaches to solving
the models. The prefix “base” denotes a model that includes
only linearizations. The suffix “f”’ indicates the lineariza-

tion provided by Fortet, and the suffix “g” denotes the
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linearization proposed by Groove. The prefixes ‘“‘symmetry”’
and “‘validineq” refer to the inclusion of symmetry-breaking
constraints and valid inequalities proposed in Section III-B.

From a general perspective, we observe in Tables §, 9,
and 10 that all exact approaches are not practical when
instances consider 30 students. The smallest average gap is
37%, but some strategies have gaps of up to 600%. From our
perspective, the most notable contributions are observed in
Table 9, where both breaking-symmetry constraints and valid
inequalities significantly reduce running times and gaps,
sometimes reducing the gap by up to one order of magnitude
for instances with 20, 25, and 30 students. Some optimal
solutions were found for instances that were not solved by
the base approaches.

Despite these improvements, in Tables 8 and 9, a dominant
strategy is not evident, with a performance difference that
is not very significant. However, in Table 10, we observe
slightly better performance in approaches that include
valid inequalities. Finally, it is important to highlight that,
according to our experiments, the superiority of Groove
linearization over Fortet linearization is not clear in this
model.

VII. EXPERIMENTS WITH RKGA

Table 11 presents summary statistics for the relative optimal-
ity gap and execution time obtained using RKGA. Each row
corresponds to ten problem instances, with 100 experiments
conducted for each instance. The performance of the RKGA
varies depending on the objective function. For Objective
Function 1, an average gap of 8% was observed. Objective
Function 2, which is the easiest to solve, consistently
achieved a relative optimality gap below 2% across all
instances. In the case of Objective Function 3, the average
gap reached 15.77%. In general, when the RKGA was limited
to a run time of less than 30 seconds, the average gap
remained below 15.77%, which is considered acceptable for
this application.

VIll. CONTROL/TREATMENT FORMATION

Each participating class was assigned a group: either the
control condition or selection via DSS. For the latter,
three prioritization criteria were proposed for assigning
students to groups: (1) the formation of new ties between
students, (2) conflict mediation, and (3) the strengthening
of pre-existing positive ties. Accordingly, each class was
assigned one of the four available group formation alter-
natives (Table 9). To ensure comparability among the four
groups, the assignment of group formation mechanisms for
the activity was balanced based on three indicators, which
were derived from sociograms administered in the classes.
These indicators were: (1) conflict rate, (2) cohesion rate,
and (3) percentage of aggression. Specifically, care was
taken to ensure that the four groups had similar averages
across the three indicators. It is important to note that,
to facilitate the implementation of team formation at the
beginning of the activity, the class was used as the unit of
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analysis for assigning treatments. As a result of the final
assignment, seven groups were formed according to the
control criterion, six using the DSS tool prioritizing the
strengthening of ties, six using DSS prioritizing the formation
of new ties, and six using DSS prioritizing conflict mediation.
Table 9 presents the average values for each group according
to the assigned group formation method. An ANOVA test
was conducted to detect differences between the groups for
each indicator. The results showed no statistically significant
differences at the 99% confidence level: the values obtained
were 1.092 (F-statistic) and 0.362 (p-value) for conflict rate,
0.306 (F-statistic) and 0.999 (p-value) for cohesion rate,
and 0.235 (F-statistic) and 1.000 (p-value) for percentage of
aggression.
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