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Abstract. STEAM (Science, Technology, Engineering, Arts, and Mathe-
matics) education promotes interdisciplinary learning through collaboration
and project-based activities. Constructing fair and balanced student teams
under different limitations, due to their skills, gender, and academic training,
is a difficult combinatorial issue. In this paper, we model the team formation
task as a constraint satisfaction problem and provide a comparative analysis
of the Z3 SMT solver, OR-Tools’ CP-SAT constraint programming solver,
and the heuristic Genetic Algorithm. We carry out experiments on synthetic
datasets of varying sizes (50, 100, and 500 students) under identical con-
straints and evaluation criteria. Findings reveal an obvious trade-off between
fairness and computational efficiency. Specifically, the two exact methods (Z3
and CP-SAT) both produce more balanced teams with lower gaps in fairness
consistently, as compared to the Genetic Algorithm, which has great variabil-
ity in solution quality. Based on performance, Z3 has the fastest solving time;
however, its overall execution time increases dramatically for larger datasets.
CP-SAT, on the other hand, tends to achieve more stable and scalable results
across datasets of different sizes. These results aid in establishing a practi-
cal framework that supports the selection and implementation of the most
effective strategies for creating educational teams.
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1. Introduction
STEM and STEAM education refers to combinations of technology, engineering,
arts, and arithmetic into a unified framework aimed at growing learners’ multidisci-
plinary competencies [1]. With the rapid acceleration of virtual transformation, the
call for competencies in those fields is developing exponentially, with projections
indicating that STEM jobs will develop at a substantially faster price than other
sectors in the course of the period 2021–2031 [15]. In this context, instructional
projects including Coding for Kids Iraq [5] play a pivotal role in growing early
programming talents and fostering computational questioning among students. In
the domain of collaborative STEAM education, the formation of balanced and eq-
uitable learning groups plays an important role in efficiently achieving learning
goals [10]. Traditional grouping methods, such as the use of randomness, self-
selection, or inference based on the instructor’s judgment, often do not optimize
learning goals [9]. In addition, the use of guided group formation faces significant
challenges in dealing with various overlapping constraints. Due to the combina-
torial nature of the problem, it is classified as NP-hard, where the search space
of the problem tends to increase exponentially along with the size of the dataset,
thus calling for the use of advanced computational methods for efficient processing.
To achieve this objective, a comparative analysis of three computational models of
automated team formation is presented: the Satisfiability Modulo Theories (SMT)
solver Z3, the constraint programming solver CP-SAT from Google’s OR-Tools, and
an evolutionary optimization approach, the Genetic Algorithm (GA). Through the
evaluation of these models, the objective is to elucidate the effectiveness of each ap-
proach in the context of education. The following research questions are addressed
by the paper:

RQ1. How successful is automated optimization in dealing with multi-dimensional
constraints to ensure fairness in STEAM training contexts?

RQ2. What are the points of assessment among Constraint Programming (CP-
SAT), Genetic Algorithms (GA), and SMT (Z3) in terms of adherence to
constraints and efficiency?

RQ3. To what extent are the overall performance and scalability of the solving
approaches (Z3, CP-SAT, and GA) affected by the growth in dataset size?

2. Related work
The problem of team formation has been studied in educational and organizational
settings, and its goal has been to form balanced and effective teams based on dif-

2



Annal. Math. et Inf. Fair team formation for STEAM education. . .

ferent criteria such as skills, diversity, and collaboration, among others. Due to
the satisfaction of different constraints, team formation problems are complex and
can be categorized as NP-hard problems. To cope with computation complexity,
different approaches have been proposed, such as metaheuristic, exact optimiza-
tion, and hybrid models, among others. For instance, metaheuristic approaches
such as evolutionary and genetic algorithms have been effectively used for team
formation problems due to their ability to efficiently search through large solution
spaces. For example, in [3], a team formation problem using an evolutionary meta-
heuristic approach has been proposed, considering different criteria such as team
size, compulsory and forbidden combinations, among others, in a classroom setting.
Similarly, in [12], a multi-objective genetic algorithm has been proposed for collabo-
rative learning, considering different attributes such as knowledge, communication,
and leadership, among others, for forming effective groups among students. The
proposed approaches in these studies are highly scalable and flexible, and they
do not guarantee optimal results, which might affect reproducibility depending on
parameter tuning.

Recently, there have been some studies that investigate the use of computa-
tional algorithms in real classroom settings. For instance, [14] discusses various
team formation algorithms and highlights the significance of choosing suitable al-
gorithms depending upon the educational setting. Nevertheless, there has been a
lack of thorough comparison between fundamentally diverse paradigms, especially
between heuristic and exact optimization algorithms. To overcome the limitations
associated with heuristic algorithms, exact optimization algorithms have been pro-
posed. In [2], an SMT-based framework using the Z3 solver has been proposed to
form fair teams considering various constraints, including team size, skill thresh-
olds, gender, and diversity of backgrounds. The results show that SMT is capable
of efficiently handling complex constraints; however, only small-scale problems have
been considered in this study. Mathematical optimization techniques are also be-
ing implemented in team formation problems. In [4], the authors presented an
integer linear programming model in forming teams of students while satisfying
certain constraints like the size of the teams and pairing constraints. This model
proves the achievement of optimal results for small and medium-sized problem sets.
However, the problem’s size affects the computational complexity of the problem.

More recent work has been done on fairness and diversity in team formation.
In [8], an algorithm for diversity-aware team formation is proposed, where priority-
based optimization and hill-climbing methods are utilized. In this work, intra-
heterogeneity and inter-homogeneity metrics are proposed for evaluating the qual-
ity of formed teams. Despite its competitive performance, this method is based
on heuristics and lacks comparison with other optimization approaches. On the
whole, existing research works demonstrate the trade-off between the quality of
the solution and the efficiency of the computation, as summarized in Table 1.

Nevertheless, there is a lack of unified experimental approaches to compare
various solving paradigms under the same conditions, especially with regard to the
aspects of fairness and scalability. This study aims to address the aforementioned
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problem and present a comparative analysis of the SMT approach (Z3), constraint
programming (CP-SAT), and genetic algorithms.

Table 1. Comparison of related work in team formation.

Approach Advantages Limitations
Evolutionary Meta-
heuristic [3]

Supports flexible team sizes; han-
dles complex constraints (e.g.,
compulsory and forbidden condi-
tions); demonstrates good scala-
bility

Does not guarantee optimality;
lacks comparison with exact opti-
mization methods; fairness is not
explicitly modeled

Genetic Algorithm
(Multi-objective) [12]

Considers multiple student char-
acteristics; validated through
real-world classroom experiments;
improves collaborative learning
outcomes

Heuristic approach with no guar-
antee of optimality; no compari-
son with exact solvers; fairness is
not explicitly quantified

SMT Solving (Z3) [2] Guarantees strict constraint satis-
faction; effective for fair team for-
mation; fast on small datasets

Limited scalability evaluation;
tested on small dataset; no com-
parison with other solvers

Integer Linear Program-
ming [4]

Finds optimal solutions; supports
rich constraints (pairing, size,
composition); evaluated with mul-
tiple solvers

Scalability issues for large
datasets; exponential growth in
runtime; limited to ILP paradigm

Diversity-Aware Heuris-
tic (Hill Climbing) [8]

Considers diversity and fairness;
introduces evaluation metrics;
tested on real and synthetic data;
supports multiple constraints

Heuristic approach without opti-
mality guarantee; lacks compar-
ison with SMT and CP-based
methods

Comparative Algorithm
Study (Classroom-
based) [14]

Multiple algorithms are evaluated
in the classroom, offering practi-
cal validation, along with the dif-
ferences in the quality of the solu-
tions obtained

Theoretical analysis is limited,
along with the lack of compar-
ison between the exact methods
and the constraint-based meth-
ods, and the scalability analysis
was not deeply evaluated

2.1. Research gap and motivation
Despite the above-mentioned articles, there are many issues in the field of team
building. Metaheuristic approaches show great scalability and flexibility; however,
they do not ensure optimal solutions and, frequently, do not provide formal con-
straint satisfaction.

SMT guarantees strict constraint satisfaction, and so does integer program-
ming, which also guarantees optimality but has scalability issues on large datasets.
Moreover, the bulk of prior research on such issues as preference, skill, or diversity
addresses certain factors alone, rather than integrating multiple factors in the con-
text of unified criteria. Recent research has drawn attention to fairness and diver-
sity in the form of teams, but there is a lack of standardized rubrics for evaluating
and comparing team building, and so it is uncertain whether a variety of method-
ological methods are equally effective in different settings. Moreover, we find that
there seems to be a lack of comparing fundamentally diverse solving paradigms,
specifically exact methods and metaheuristic methods against common constraints
and criteria. In light of these issues, this paper conducts a joint study of SMT (Z3),
Constraint Programming (CP-SAT), and Genetic Algorithms for team formation
in STEAM education. The presented approach assesses these techniques through
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common constraints which refer to skill thresholds, gender balance, and background
diversity, and analyses their performance for scalability, execution time, and solu-
tion quality. The model, therefore, allows for a more pragmatic understanding of
the trade-offs between optimality and scalability for suitable methods in real-world
education settings.

3. Dataset and constraints
To experiment with multiple team formation approaches, a synthetic dataset [6,
7] was used, which was created to represent the characteristics of real-life students
in order to simulate scenarios with a focus on STEAM-targeted activities and
to represent realistic student demographics. This dataset contains representative
content features in relation to gender, education status, and skill level across the
main STEAM disciplines. It was rigorously designed to capture diversity; it made
sure that any constraints were possible.

3.1. Dataset description
The dataset in Table 2 contains 50, 100, and 500 records of students. Each record
is for a student possessing several skill attributes. The dataset can be used to
construct teams that have people of different genders, backgrounds, and talents.
Using this information, one can utilize exact and heuristic approaches to construct
balanced teams that meet certain skill and fairness standards.

Table 2. Dataset attributes.

ID Unique numeric identifier
Name Student’s first name (anonymized)
Gender Female (F), Male (M)
Background Arts, Engineering, Science
Skills Rated from 1 (lowest) to 5 (highest):

• Programming (technical ability)
• Design (visual creativity)
• Math (quantitative skills)
• Creativity (original thinking)
• Science (theoretical knowledge)

3.2. Fairness constraints
To make sure teams are fair, we defined a set of constraints that the solver must
follow. These constraints help to create balanced and diverse teams.

• Team Size: Each team must have exactly 5 students.
• Minimum Skill Totals:

– Programming ≥ 10
– Design ≥ 10
– Math ≥ 8
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– Creativity ≥ 6
– Science ≥ 8

These totals are the sum of individual student scores in each team. For each
threshold, it was decided how many minimum skills should be considered in
order to realistically represent the minimum competencies required from mul-
tidisciplinary teams working in STEAM. Considering the fact that the skills
will be evaluated from 1 to 5 points, and each team consists of five members,
the selected minimum levels of skills ensure an adequate base competence of
the team as a whole while being feasible solutions.

• Gender Balance: Each team must include at least 2 males and at least 2
females.

• Academic Background Diversity: Each team must include at least one
student from each of the 3 backgrounds (Arts, Engineering, Science).

These constraints help ensure a fair distribution of skills and expertise across teams,
thereby supporting effective collaboration and promoting diversity in STEAM con-
texts.

4. Problem formulation

The team formation problem is formulated as a constrained optimization problem,
where the objective is to assign students to teams under a set of predefined con-
straints. Given a set of n > 0 students, the goal is to partition them into T teams
such that each team meets all requirements, such all students are assigned to ex-
actly one team, and the teams satisfy fairness and diversity constraints. Moreover,
a fairness metric is proposed to measure the balance of the teams in the distribu-
tion of total skill set. The above definition makes the assumption that the total
number of students can be divided evenly among the specified size of teams, so
that there are no students left out. The case where there are leftover students or
different sizes of teams is to be considered in the future.

4.1. Decision variables

We define a binary decision variable:

xi,t =

⎧⎨⎩1, if student i is assigned to team t,

0, otherwise,

where i ∈ {1, . . . , n} and t ∈ {1, . . . , T}. This variable determines the assignment
of students to teams.
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4.2. Team size constraint
Each team must consist of a specific, fixed number of students, denoted by the
symbol k, to ensure an even distribution among the teams:

n∑︂
i=1

xi,t = k ∀t.

4.3. Student assignment constraint
Each student must be assigned to exactly one team:

T∑︂
t=1

xi,t = 1 ∀i.

This guarantees that no student is assigned to multiple teams or left unassigned.

4.4. Skill constraints
Each team must meet minimum skill requirements for different skill categories such
as Programming, Design, Math, Creativity, and Science. Let the binary decision
variables skillsi represent the skill value of student i for skill s.

n∑︂
i=1

xi,t · skillsi ≥ MinSkills ∀t, ∀s.

This ensures that each team has sufficient capability in all required skill areas.

4.5. Gender constraints
To ensure gender diversity, each team must include a minimum number of students
from each gender category, where F and M represent female and male students,
respectively. ∑︂

i∈F

xi,t ≥ Fmin,
∑︂
i∈M

xi,t ≥ Mmin ∀t.

This constraint promotes balanced gender representation within each team.

4.6. Fairness gap
To evaluate the skill-based balance between teams, we define a fairness metric based
on the total skill score of each team.

Let the total skill of team t be:

Scoret =
n∑︂

i=1

∑︂
s

xi,t · skillsi
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The fairness gap is defined as:

Gap = max
t

(Scoret) − min
t

(Scoret).

A smaller gap means that the teams are more evenly matched, while a bigger gap
means that the teams are not that balanced. This measure is used to see how well
different solvers perform in assembling fair teams.

5. Experimental setup
The experimental setup, datasets, solver configurations, and evaluation process
utilized to gauge the effectiveness of the suggested multi-solver strategy are all
covered in this section.

5.1. Datasets
In the experiments to check for scalability and speed, three datasets of different
sizes were used:

1. Dataset A of 50 students,
2. Dataset B of 100 students, and
3. Dataset C of 500 students.

Each dataset comprises records of students featuring various attributes such as skill
scores (including Programming, Design, Math, Creativity, and Science), gender,
and educational background, as explained in Section 3.1.

5.2. System workflow
The team formation problem from Section 4 is solved by three tools: an exact
SMT solver called Z3, a constraint programming solver from OR-Tools called CP-
SAT, and a heuristic optimization method known as the Genetic Algorithm. Fig-
ure 1 illustrates the whole workflow of the system. Z3, CP-SAT, and the Genetic
Algorithm access the dataset after loading. Team assignments are generated in-
dividually by each solver and combined for further analysis. The team-specific
information includes team members’ composition, skill levels in general, gender
distribution, and background diversity. In addition, the results are exported in
Excel format for further analysis.

To make it possible for a fair comparison to be made, all the solvers were set
up under consistent parameters and timeouts of 100 seconds. The time allocated
to all the solvers was used uniformly so that an analysis could be conducted.

Z3. The SMT solver Z3 checks to see if a set of logical constraints can be met
[13]. In this paper, Z3 is used to show the team formation problem as a problem
of satisfying constraints. Using Boolean decision variables, all of the constraints
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are stored as QF_LIA logical formulas. Z3 ensures fairness if there is a satisfying
assignment; otherwise, it returns UNSAT.

CP-SAT. OR-Tools’ CP-SAT solver is a constraint programming solver intended
for extensive combinatorial optimization problems [11]. This methodology makes
use of binary decision variables to represent the assignment of students to a specific
team. The constraints are formulated using linear integer equations, and the solver
makes use of advanced techniques like presolve, constraint propagation, and parallel
search. It is configured with multi-threading (parallel workers) and a time limit.

Genetic algorithm. The Genetic Algorithm (GA), as a heuristic optimization
method, is inspired by the evolution principles of nature [16]. Solutions are encoded
as chromosomes, representing team assignments, and they evolve over a series of
generations by selection, crossover, and mutation operations. It is configured with
population size, number of generations, and mutation/crossover probabilities.

Figure 1. Integrated framework for multi-solver evaluation and
comparison.

5.3. Evaluation metrics
The performance of the solvers was evaluated using the following metrics:

• Solve Time: Time required by the solver to find a solution.

• Total Time: Overall execution time including processing and extraction.

• Fairness (MIN, MAX, GAP): The minimum and the maximum team
scores, and the difference between those two.
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• Average Skill Score: Mean skill values across all teams.

This ensures that there is a comprehensive assessment of the efficiency of the
computation and the quality of the solutions obtained using various solvers and
datasets of different sizes. In Section 6, these measures are presented and analyzed
on the results of the experiments. They include the fairness tests and comparisons.

6. Results

The evaluation of the experiments highlights both the operational efficiency and the
fairness of the assembled teams. Extensive numerical data is available in Tables 3
and 4.

6.1. Runtime analysis

The runtime performance of the three solvers on the datasets of 50, 100, and 500
students is shown in Table 3, respectively. All solvers showed quick execution times
on the smallest dataset of 50 students. Z3 took the lead, followed by CP-SAT and,
finally, the Genetic Algorithm. Z3 and CP-SAT maintained their efficiency with
a low solve time for the dataset of 100 students. Due to iterative optimization
strategy, the Genetic Algorithm’s runtime significantly increased by two orders of
magnitude. Scalability issues were more noticeable with the largest dataset of 500
students. While Z3 demonstrated strong scalability, CP-SAT and the Genetic Al-
gorithm had long solve time. Overall, Z3 consistently produced the fastest solve
times for datasets of all sizes; however, as datasets grew in size, its overall execu-
tion time considerably deteriorated. In contrast, the Genetic Algorithm resulted in
greater computational costs, due to a methodology in which multiple potential solu-
tions are evaluated across several generations, providing the freedom to explore the
solution space but requiring the longest time to compute. CP-SAT demonstrated
more consistent and scalable performance in terms of overall runtime.

Table 3. Detailed solver runtime results for synthetic datasets of
different sizes.

Size Solver Status Solve (s) Total (s)
50 Z3 Solved 0.04 1.54
50 CP-SAT Solved 0.09 0.12
50 Genetic Algorithm Solved 0.12 0.12

100 Z3 Solved 0.11 5.06
100 CP-SAT Solved 0.28 0.42
100 Genetic Algorithm Solved 12.62 12.62
500 Z3 Solved 2.99 123.23
500 CP-SAT Solved 24.86 27.92
500 Genetic Algorithm Solved 59.50 59.50
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6.2. Fairness analysis
The evaluation of fairness using MIN, MAX, and GAP metrics across different
datasets and solvers is shown in Table 4. All solvers produced comparatively equal
teams on the dataset of 50 students. The Genetic Algorithm showed a somewhat
higher GAP of 9, indicating a modest decline in balance, while Z3 and CP-SAT both
recorded a GAP of 7. GAP increased for all solvers on the dataset of 100 students.
While Z3 (18) and the Genetic Algorithm (19) produced similar results in terms of
the GAP, the team balance was declining in the case of CP-SAT (22). With a GAP
of 11, Z3 produced the best fairness results on the largest dataset of 500 students.
CP-SAT came in second with a GAP of 12 and the Genetic Algorithm had a GAP
of 14. In conclusion, Z3 consistently produced more balanced teams for datasets
of all sizes. The reason for this is that Z3 strictly adheres to the constraints by
ensuring all conditions are met without trade-offs. On the other hand, the Genetic
Algorithm provided competitive fairness but showed less overall stability, because
it is a heuristic algorithm and does not ensure an optimal solution. CP-SAT showed
somewhat higher variability in the fairness outcomes.

Table 4. Minimum and maximum total STEAM skill scores and
fairness gap across datasets.

Dataset Size Solver MIN MAX GAP
50 Z3 76 83 7
50 CP-SAT 75 82 7
50 Genetic Algorithm 74 83 9
100 Z3 72 90 18
100 CP-SAT 69 91 22
100 Genetic Algorithm 71 90 19
500 Z3 74 85 11
500 CP-SAT 75 87 12
500 Genetic Algorithm 70 84 14

6.3. Scalability considerations
This difference in scalability became more apparent as the size of the datasets
increased. Even with a dataset size of 500 students, Z3 exhibited significant scala-
bility. This further suggests that the optimizations made in the solver and the way
the constraints are being implemented are well-suited for the application. It is vi-
tal to note that solvers such as Z3 may experience scalability issues with increased
problem size due to the exponential size of the search space. On the other hand,
the Genetic Algorithm presented itself as a viable solution for large-scale problems
where an approximate solution is acceptable, despite the lower operational speed
associated with increased dataset sizes. CP-SAT also presented itself as a viable
solution through the significant scalability and solution quality. Memory consump-
tion was not explicitly measured in this study. A detailed comparison of memory
requirements among SMT, CP-SAT, and Genetic Algorithm approaches remains
an interesting direction for future research.
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6.4. Practical implications
The selection of the solver is dependent on the particular needs of the application.
Z3 is the best choice in situations with is a need for stringent fairness and adherence
to set limits. In situations where data is large in volume and resources limited in
processing capacity, the Genetic Algorithm offers an alternative. At the same
time, CP-SAT strikes an optimal balance between efficiency and scalability. The
data shows that no particular solver can be considered better than another. Each
method has unique advantages depending on the size of the problem and solution
accuracy desired.

7. Conclusion and future work
In summary, the research presented in the paper is based on the multi-solution
approach, exact (Z3, CP-SAT) and heuristic (Genetic Algorithm), for the team
formation problem. The problem has been formulated as a constraint satisfaction
problem with the set of criteria, such as team size, skills, gender, and diversity in
terms of academic background. The experimental results for the exact approaches
show promising results with the balance between the quality of the solutions and the
efficiency of the computation compared to the heuristic approach. Z3 demonstrated
promising results with the ability to achieve the best solution with the shortest solve
time, with low GAP values. On the contrary, CP-SAT demonstrated the ability
to achieve the balance between fairness and the efficiency of computation. The
Genetic Algorithm approach also demonstrated the ability to achieve the balance,
but with higher computation time. The research also demonstrated the need for
choosing the most suitable approach based on the scale of the problem to solve.

There exist several possible directions for further research. The most promising
future direction is the development of a hybrid framework that combines exact op-
timization methods with heuristic search techniques, aiming to achieve both high-
quality solutions and strong scalability for large-scale team formation problems.
The application of the real-life characteristics, such as the preferences of students,
the personality, or the changing team, will also enhance the practical application
of the model.

Data availability
The datasets generated and used during this study are available from the corre-
sponding author, Ali Adil Ali (ali.adil@inf.unideb.hu), upon reasonable request.

The synthetic datasets used in this study are publicly available at https:
//github.com/AliProgrammer85/Three-Solver-Team-Formation. The repos-
itory contains the datasets with 50, 100, and 500 students that were used in the
experimental evaluation of the proposed team formation approaches.
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A. Algorithmic details

Z3 solver

When using the Z3 solver, the team formation problem is modelled as a set of
logical constraints and searches for a solution that satisfies all requirements exactly.
It guarantees correctness if a solution exists.

Algorithm 1 Z3-based team formation
Require: Students S, Requirements R
Ensure: Team assignments or UNSAT

1: Initialize solver
2: Define binary variables xi,t

3: Add constraint: each student assigned to one team
4: Add constraint: each team has fixed size
5: for each team t do
6: Apply skill constraints
7: Apply gender constraints
8: Apply background constraints
9: end for

10: Run solver
11: if solution exists then
12: Extract team assignments
13: else
14: Return UNSAT or TIMEOUT
15: end if

OR-Tools’ CP-SAT solver

The CP-SAT solver formulates the problem using integer constraints and applies
efficient search and propagation techniques to find feasible solutions with good
scalability.
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Algorithm 2 OR-Tools CP-SAT team formation
Require: Students S, Requirements R
Ensure: Team assignments or UNSAT

1: Initialize CP-SAT model
2: Define binary variables xi,t

3: Add constraint: each student assigned to one team
4: Add constraint: each team has fixed size
5: for each team t do
6: Apply skill constraints
7: Apply gender constraints
8: Apply background constraints
9: end for

10: Solve model with time limit
11: if solution found then
12: Extract team assignments
13: else
14: Return UNSAT or TIMEOUT
15: end if

Genetic algorithm
The Genetic Algorithm is a heuristic approach that iteratively improves solutions
using evolutionary operators such as selection, crossover, and mutation. It is suit-
able for large-scale problems where approximate solutions are acceptable.

Algorithm 3 Genetic algorithm for team formation
Require: Students S, Requirements R
Ensure: Best team assignment

1: Initialize population P
2: Evaluate fitness of each solution
3: while not termination condition do
4: Select parents
5: Apply crossover
6: Apply mutation
7: Evaluate new solutions
8: Update population
9: end while

10: Return best solution found

B. Example team formation
This section presents typical team configurations generated by the three solvers
(Z3, CP-SAT, and GA) using a dataset of 50 students in order to illustrate the
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utility of the proposed framework.
Each constructed team meets the established criteria and limitations. Each

team has five students representing the different areas of STEAM. All the teams
are composed of students of diverse backgrounds and genders. In the results, it
is indicated that all the strategies can yield feasible solutions. However, there is
a difference in the distribution of the overall skill scores of the teams. Table 5,
Table 6, and Table 7 show the exemplary team assignments generated by each
solver.

Table 5. A fragment of the team formation generated by Z3 (for
50 students).

Team Members F M Total Skills
Team1 Kara, Mia, Zane, Max, Nora 3 2 76
Team2 Jack, Quinn, Ryan, Uma, Yusuf 2 3 79
Team3 Grace, Victor, Wendy, Jake, Umar 2 3 81
Team4 Ivy, Noah, Xavier, Elena, Xena 3 2 81
Team5 Yara, Gina, Iris, Quincy, Sam 3 2 78

Table 6. A fragment of the team formation generated by CP-SAT
(for 50 students).

Team Members F M Total Skills
Team1 Eve, Ivy, Owen, Tara, Yusuf 3 2 80
Team2 Jack, Noah, Gina, Iris, Quincy 2 3 79
Team3 Bob, Paul, Ryan, Elena, Luna 2 3 81
Team4 Alice, Charlie, Grace, Finn, Vera 3 2 79
Team5 Diana, Olivia, Yara, Zane, Max 3 2 79

Table 7. A fragment of the team formation generated by GA (for
50 students).

Team Members F M Total Skills
Team1 Tara, Riley, Ryan, Ben, Sam 2 3 82
Team2 Vera, Olivia, Max, Hank, Tom 2 3 77
Team3 Clara, Will, Henry, Nora, Jack 2 3 79
Team4 Xavier, Quincy, Grace, Noah, Uma 2 3 83
Team5 Xena, Elena, Piper, Frank, Jake 3 2 79

The results show that the exact (Z3 and CP-SAT) and heuristics solvers (GA)
are able to satisfy the necessary constraints, such as the balance of genders and
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diversity in terms of academics; however, the distribution of the skills among the
teams is not uniform, with more consistency observed in the results of Z3 and
OR-Tools than in the genetic algorithm.
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