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Abstract

Digital societies require professionals in the Technology and Engineering

sectors, but their lack, particularly of women, requires a thorough under-

standing of this gender gap. This research analyzes the beliefs and opinions of

university engineering students about the gender gap in their professional

fields by means of a community detection algorithm to identify groups of

students with similar belief patterns. This study leverages a community

detection algorithm to analyze the beliefs of 590 engineering students

regarding the gender gap in their field, together with a correlational and

explanatory design using a quantitative paradigm. A validated questionnaire

focusing on the professional dimension was used. The algorithm identified

three student communities, two gender‐sensitive and one gender‐insensitive.
The study uncovered a concerning lack of awareness regarding the gender gap

among engineering students. Many participants did not recognize the

importance of increasing the representation of professional women, main-

tained the belief that the gender gap affects only women, and assumed that

men and women are equally paid. However, women show a higher level of

awareness, while men perceive the gender gap as a passing trend, which is

worrying. Students recognize the importance of integrating a gender

perspective into university and engineering curricula. It is worrying that

many students doubt the existence of the gender gap and that both genders

lack knowledge about gender gap issues. Finally, community detection

algorithms could efficiently and automatically analyze gender gap issues or

other unrelated topics.
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1 | INTRODUCTION

The world is moving at a frenetic pace toward a digital
society in which new technologies and the Internet will
not only influence the economy but also our daily lives
and social environments. This whole process implies a
strong impact on the interaction and convergence
between the physical and the digital world, incorporating
new concepts and trends: Artificial Intelligence (AI), Big
Data, Cybersecurity, Cloud Computing, Internet of
Things (IoT), or the Fourth Industrial Revolution, so
professionals are highly required in these areas fully
connected with STEM (Science, Technology, Engineer-
ing, and Math) sectors [36]. In fact, the European Union
forecasts a figure of more than 1.75 million new jobs in
STEM sectors by 2030 [28]. The USA [84] estimates that
employment in STEM will increase by 10.5% from 2020
to 2030, which means more than one million jobs.
According to the Organisation for Economic Cooperation
and Development [62], by 2030, 80% of jobs worldwide
will be related to STEM sectors.

Despite the high demand, there is a scarcity of STEM
professionals, particularly in engineering and technology,
which is a major concern, especially for women.
According to projections, the USA is expected to have
3.5 million STEM jobs by 2025, with two million of them
remaining vacant [25]. By 2026, the scarcity of engineers
is estimated at 1.2 million, with a loss of 545.000 software
developers. Similarly, Germany, Poland, Hungary, and
Croatia are also facing significant shortages, with
Germany expecting a reduction of four million specialists
by 2030. Furthermore, Switzerland will require over
117.900 STEM specialists, and in Australia, companies
will need more than 520.000 specialists by 2026. [24].

On the other hand, the latest EU report indicates a
persistent gender gap in digital skills among profes-
sionals [27], with only 19% of technology professionals
and approximately one‐third of STEM graduates being
women. Little progress has been observed as these figures
have remained stable in recent years. In Europe, men in
the technology sector earn 19% more than women and
account for more than 80% of these specialists on
average. Currently, women account for 29.4% of junior
(fresh out of university) positions, but this figure drops
sharply to between 12.4% and 17.8% in senior manage-
ment positions. UK statistics from 2022 show that
women represent only 16.5% of engineers, a mere 6
percentage point increase since 2010 [89]. Similar trends
can be seen in the United States, where female engineers
account for only 14%, and female computer and
mathematical engineers make up around 26% [54].
Australia also mirrors these figures, with approximately
28% of women working in STEM and a gender pay gap of

around 18% [6]. The World Economic Forum's Global
Gender Gap Report [92] reveals that it will take 132 years
to achieve full parity. Technology and engineering fields
show the most significant gender disparities, yet there is
a substantial economic impact of excluding women from
STEM, particularly in the digital and technology sectors.
Closing the gender gap in STEM is estimated to increase
GDP per capita by 2.2% to 3.0% by 2050 in the EU
European Institute for Gender Equality [29]. Conse-
quently, countries are implementing strategies to pro-
mote the integration of women professionals in STEM,
especially in engineering and technology. Therefore,
women's participation in STEM is indispensable for a
future diverse, inclusive, fair, and sustainable digital
economy and society. Thus, there is a need to guess the
causes and the time in school when girls lose motivation
for STEM disciplines, as this will generate a huge waste
of human resources that will have a long‐term economic
and social impact. Indeed, this decline of professionals
and students in STEM sectors also persists in Spain, with
increasingly worrying data [47, 51, 62]. Under this global
scenario, schools have a vital role to play, due to the great
need to foster motivation in STEM, especially among
girls. Many studies have focused for many years on
examining the factors and causes contributing to the
decrease in girls' and young women's interest in STEM
studies during secondary school [50, 8, 35, 43, 48, 55, 63,
72, 78, 85]. At the university level, there is also a
significant number of research studies [4, 5, 59, 13, 17,
32, 38, 57, 64, 70, 86, 90], but few focus on describing the
beliefs and opinions of university students regarding the
gender gap in STEM sectors [65]. But despite all these
studies, the existence of a gender gap in STEM university
studies remains a problem that much research around
the world is still trying to address and mitigate today.

On the other hand, the integration of AI method-
ologies, like community detection algorithms, to
analyze the gender gap has been relatively unexplored.
These algorithms offer advantages by identifying
homogeneous groups with similar tastes or beliefs
and extracting groups based on variables. Utilizing
these technologies to automatically analyze stu-
dents' beliefs, motivations, and opinions regarding
the gender gap in STEM Higher Education represents
an innovative approach that holds promise for other
related subjects. Taking all of the above into account,
the following research questions are posed:

• Are there communities of students who share similar
beliefs regarding the gender gap in their professional
fields?

• What do students think about the gender gap in their
professional fields?
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To this end, the following hypotheses are being
pursued in this study:

• There exists a correlation among STEM students' per-
ceptions of the gender gap in their professional fields.

• STEM degree students' perspectives on the gender gap
in their professional fields vary based on gender.

• Various communities within the STEM student
population hold distinct views on the gender gap in
their professional fields.

Consequently, the main objectives of this study are:

• To conduct an analysis of STEM undergradu-
ates' beliefs regarding the gender gap in their
professional fields, with particular emphasis on
gender‐specific perspectives.

• To model and integrate community detection algorithms
to identify patterns in the beliefs of STEM undergraduates
concerning the gender gap in their professional fields.

The results of this research are partial findings of a
broader study, which covers both the professional and
educational dimensions, but in this paper, we focus on the
professional domain. This paper is organized as follows.
Section 2 shows the background. Section 3 explains the
methodology and sample. Section 3 describes the community
detection algorithm. Section 4 shows the main results and
Section 5 the discussions. Section 6 provides the conclusions.

2 | BACKGROUND

2.1 | Analysis of gender gap in STEM
university education

The existence of a gender gap in STEM university studies
continues to be a problem that many research studies
around the world have been trying to address and
mitigate for many years. Studies show that young women
lack confidence, face gender bias, and have limited
identification with engineering degrees. Family and
societal expectations play a role in their career choices.
Moreover, integrating a gender perspective into univer-
sity curricula is necessary. In this way, retaining minority
students, like black women in engineering, is a specific
focus [70]. Furthermore, gender differences in engineer-
ing students' self‐efficacy reveal disparities despite
similar grades [57] and gender bias persists even when
women outperform men [2, 17]. Indeed, studies report a
gender gap in engineering self‐efficacy, with men
reporting higher means [13, 64]. Recommendations
include the incorporation of humanistic and

nontechnical content in engineering curricula [64], the
integration of soft robotics to improve self‐efficacy and
mitigate gender differences [38], or the integration of
flipped classroom models [18], which can help improve
the grades of engineering students, especially female
students. Thus, more attention is paid to gender equality
policy interventions and mainstreaming in curricula [86].
Besides, female students show less affinity toward profes-
sional engineering practices [34, 64] and detect a gender
gap in entrepreneurial attitudes [4]. In this way, teacher
support for women in STEM degrees is relatively low
[38], while family, personality, and expectations strongly
influence their career decisions [55, 81]. Finally, in the
systematic review conducted by Msanbwa and colleagues
(165 scholarly publications) [53], they explained that
women were reluctant to participate in STEM due to
various factors. About 10% attributed it to personal
factors, 61% to environmental factors, and 29% to
behavioral factors. The latter included negative attitudes,
lack of career expectations, diminished interest, low self‐
concept, low self‐efficacy, and low motivation, all of
which were identified as factors influencing girls’ low
participation in STEM. In fact, other studies suggest that
the inequality between men and women in terms of pay
or employment status in these professions is significant
from the time of entry into the wage market [93].

According to the last World Economic Forum's
Global Gender Gap report 2023 [92] (146 countries
covered), the gender gap is most pronounced in the
engineering and technology sectors. In fact, the percent-
age of women graduates in technological degrees is 1.7%,
compared to 8.2% of men. In Engineering, the same
figures are given, with 24.6% of men and 6.6% of women.
In fact, based on statistics regarding STEM education in
2023 [75], women represent less than 30% of researchers,
indicating an underrepresentation of women in STEM
fields worldwide and across Europe. Gender segregation
is prevalent in the technology and engineering sectors,
where approximately 82% of students are male. This
trend is reinforced by the DESI 2022 report [26], which
highlights that only one in three STEM graduates and a
mere 19% of ICT (Information and Communication
Technology) specialists are female. As a result, men
comprise over 80% of these specialists on average in
Europe. However, after graduating in STEM fields, there
is a noticeable drop in women's presence within the
workforce, with representation declining significantly
within 1 year. Currently, women represent 29.4% of
entry‐level positions, but this figure decreases considera-
bly to between 12.4% and 17.8% for more senior roles. In
this regard, the statistics in Spain are equally concerning,
as indicated by the latest report on women scientists
published by the Spanish Government [51]. This report

MERAYO and AYUSO | 3 of 18

 10990542, 2024, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cae.22751 by U

niversidad D
e V

alladolid, W
iley O

nline L
ibrary on [27/02/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



highlights significant gender imbalances in engineering
studies, with only 25% of graduates being women. In fact,
the most recent comparative data from the Spanish
Ministry's “White Paper on Women in Technology” [47]
and the recent report on the gender gap in STEAM by the
Spanish Ministry of Education [18] demonstrate a
decline in the number of women pursuing STEM studies.
The sharpest decline is in Computer Science, with a loss
of around 20% of women between 2002/2003 (around
31% female students) and 2019/2020 (12% female
students). Another significant drop is in Mathematics,
with a loss of 14% of women between 2004/2005 (50%)
and 2019/2020 (around 36%). Moreover, the percentage
of women also decreased in Telecommunications En-
gineering by around 3% between 2003/2004 (25%) and
2019/2020 (22%) and around 1% in Aeronautical En-
gineering degrees in the same period. However, it is
important to point out that although the problem is
currently very relevant, it has been persistent in Spain for
years, as corroborated by figures from different research
studies. In fact, there are studies from the 1980s, such as
Braizan and colleagues' research [9], where the authors
concluded that women in the computer science and
engineering sector working in private companies felt
discriminated against in terms of economic disadvantage,
level of responsibility, and promotion prospects com-
pared to their male counterparts. In this way, Pérez‐
Artieda et al. [66] have analyzed the enrollment of
women in engineering degrees at the Public University of
Navarra over time. The study revealed that since 1996,
the overall percentage of women in all engineering
programs at this university has remained below 25%.
Besides, the qualitative research conducted among their
students demonstrated the strong influence of the family
on academic decision‐making and suggested the inclu-
sion of role models of female engineers to inspire young
women. Another research at the University of the Basque
Country for the decade 1995–2005 revealed that the
percentage of females in Computer Engineering has
decreased [60], and they suggest integrating actions that
involve providing more information to high school
students, explaining the role of engineers in society,
and adopting a proactive and informative attitude
towards these disciplines within society. In this way, in
the data collected by the Gender Equality Units of the
universities of Galicia (between 1997 and 2008), gender
segregation in the presence of women in engineering
degrees was observed; this figure has remained constant
over time [3]. Indeed, a specific survey on electrical
engineering degrees (in Vigo) highlighted the absence of
promotion policies in the Spanish education system and
recommended actions such as improving the image of
the profession, introducing promotion schemes in

preuniversity studies, providing training for educators
and disseminating information on the history of women
in engineering. However, this decrease in female
representation does not imply a lower academic per-
formance, as a study carried out in aerospace engineering
at the University of Valencia showed that there was no
gender gap in academic performance [52]. Moreover,
Ramirez and colleagues' study [68] demonstrated that in
Western countries, including Spain, the number of
women enrolled in STEM fields in higher education
increased by 20% between 1970 and 2000 but remained
steady from 2000 to 2010. Considering this previous
analysis, it can be inferred that gender disparity persists
in STEM fields, particularly pronounced in the field of
engineering. Therefore, continuing research in these
domains to mitigate their impacts in an increasingly
digitized society is of crucial importance for the progress
of these societies.

2.2 | Analysis of community detection
algorithms in STEM education

Community detection algorithms in STEM have not been
applied to a large extent, but offer advantages when
working with large data, enabling the discovery of
communities and extracting groups based on different
factors. They aid in analyzing and visualizing complex data,
uncovering patterns difficult to identify otherwise. How-
ever, they can be computationally demanding for very large
networks, and dynamic communities pose challenges [73,
97]. In higher education, some community detection
algorithms have focused on predicting student performance
or drop‐out rates. The work of Adraoui et al. [1] detected at‐
risk learning communities, aiding the development of
educational resource recommendation systems, while
Wang and Wang [88] proposed a community detection
algorithm to predict student dropout and cooperative
learning interactions. Iam‐On and Boongoen [37] used K‐
means clustering to identify dropout patterns in learning
networks based on grading profiles. Regarding recom-
mended systems in higher education, Khaled et al. [39]
developed recommender systems to tailor learning content
and resources to individual learners' needs. Besides,
Mahnane [42] proposed data mining algorithms for
recommending learning activities based on learning styles.
Senthil‐Kumaran et al. [40] utilized similarity‐based
clustering techniques to suggest courses to students based
on skills and interactions. On the other hand, other studies
are focused on analyzing learning processes in Massive
Open Online Courses (MOOCs). Wise et al. propose
community detection to understand learning through
discussion forums in MOOCs by examining social
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interactions and relationships [91]. Besides, Sun and Bin
[79] propose an interaction model to solve the problem of
the learners' capability gap. The algorithm effectively
classifies learners' abilities by analyzing information about
their behavior on MOOC platforms. Other researchers [94]
investigate student engagement with a video learning
repository and employ community detection algorithms to
identify behavioral patterns among students. The findings
illustrate that algorithms can successfully identify and
assess learning communities that may not be directly tied to
a specific topic. Finally, on the assessment of student
behavior, Maldonado‐Mahauad et al. [45] applied clustering
to group students into profiles based on their behavior.
Wang and Zhang [87] implemented K‐means clustering
strategies to detect groups of students with different
behavioral characteristics in blended learning courses. In
the same context, Mengoni et al. [49] apply an algorithm to
find communities of learners based on their interactions in
virtual environments. In terms of targeted research on
community detection in STEM, Yuen and Pickering [95]
put forth a system designed to analyze the characteristics of
STEM education communities on Twitter. The community
detection algorithm offers potential benefits for STEM
teachers, enabling them to enhance their interactions on
Twitter and fostering a more robust and collaborative
STEM education community among teachers and students.
As can be seen from the previous analysis, it can be
concluded that there are few proposals that apply
community detection algorithms in higher education.
Indeed, to the best of our knowledge, no community
detection algorithms have been applied to analyze the
gender gap among STEM university students, so our
approach is particularly novel and powerful and can be
applied to many different topics.

3 | METHODOLOGY AND
SAMPLE CHARACTERIZATION

A descriptive correlational and explanatory design is
carried out from a quantitative paradigm [14].

3.1 | Participants

Inclusion criteria for participant selection encompassed
undergraduate students enrolled in engineering programs
at the specific university where the study was conducted,
with no upper age limit. Participation was strictly voluntary,
ensuring that all participants provided informed consent.
Exclusion criteria involved students from nonengineering
fields and those who did not provide informed consent. The
intentional sample consisted of 590 students (x=20.26;

σ=2.014) from the University of X, aged 18–35. Participants
were selected from specific engineering degrees: 32.7% from
Industrial engineering, 27.7% from Telecommunications
engineering, and 39.6% from Computer Science. Students
voluntarily participated in the questionnaire. Year‐wise
distribution: 14% first year, 34.8% second year, 24.3% third
year, 25.2% fourth year, and 1.7% master's degrees. Gender
distribution: 71.2% men, 25% women, and 3.7% nonbinary or
preferred not to answer.

3.2 | Data collection and analysis
procedure

These results are part of a broader study focusing on the
professional sphere, while the questionnaire used was
adapted from García‐Holgado et al. [33] for generic
STEM degrees. The instrument's reliability was measured
using Cronbach's α coefficient, resulting in a value of
0.778, indicating good reliability (fairly high according to
studies indicating good values between 0.76 and 0.95)
[11, 22, 58, 80]. The questionnaire was administered
anonymously via Microsoft Forms.

The professional dimension consisted of 8 Likert‐type
questions (rated from 1 to 5; 1 representing total
disagreement and 5 representing total agreement):

• Q1. Gender equality is an important issue that needs to
be tackled at all levels (family, education, social, and
professional).

• Q2. Women have more problems than men in
technical tasks in engineering/technology.

• Q3. Men are better prepared than women for jobs in
Engineering/Technology.

• Q4. Women have more problems than men in finding
jobs in Engineering/Technology.

• Q5. Men and women are paid the same for similar
positions in Engineering/Technology.

• Q6. More women professionals are needed in En-
gineering/Technology.

• Q7. The gender gap is a passing fad.
• Q8. Engineering/Technology professionals must help
to reduce the gender gap in their sector.

• Q9. The gender gap is a problem that only affects women.

The above questions in the professional field have
been correlated with others that belong to the educa-
tional dimension and are of particular interest because of
their close connection. Specifically, these questions are:

• Q10. Gender equality must be part of university curricula.
• Q11. Gender gap is not a problem that needs to be
addressed specifically in engineering studies.

MERAYO and AYUSO | 5 of 18
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• Q12. Gender influences the completion of engineering
studies.

All survey responses have been collected and analyzed
with the statistical package SPSS 28.0 for Windows. In all
tests, a confidence level of 95% was established. First, an
analysis was carried out with the entire population of this
study. Frequencies, means, and percentages were established
for each variable. Apart from conducting descriptive
statistics, the performed tests included Pearson's correlation
to assess the strength correlations among the Likert‐type
variables. Furthermore, the population was divided into
female and male student groups to explore gender‐specific
differences more comprehensively. A descriptive analysis of
means and standard deviation was conducted for each
group. Subsequently, the Kolmogorov–Smirnov normality
test was employed to determine the normal distribution of
the sample. Table 1 shows the results of the Kolmogorov‐
Smirnov, which indicate significant differences between the
variables and their distribution.

Taking into account the results from Table 1, non‐
parametric tests such as the Mann–Whitney test were
chosen. This test was applied to identify any disparities
between the medians of the variables in the two groups.
Additionally, the Louvain community detection algorithm
was utilized to understand the relationships and links
between university students within large data sets expressed
in graphs. This algorithm is an iterative method to identify
community structures in complex networks, maximizing
modularity (how strongly a network can be divided into
robust groups). Its main advantages include its computa-
tional efficiency and the ability to handle large data sets, as
well as its capacity to detect hierarchical and overlapping
communities. These sophisticated, machine‐learning‐
oriented techniques help define and cluster communities
of data that would not be able to detect with the naked eye.

To better describe each community of students and to
deepen the results of the algorithm, a descriptive statistical
analysis was performed with the mean and standard
deviation of each community. Finally, the Bonferroni test
with post hoc analysis was used to contrast the communities.

3.3 | Case study: Modeling and
application of the Louvain community
detection algorithm to a gender
questionnaire

Community detection is a hot topic in modern network
science due to the rise of large network data sets and the
impact of networks on our lives [12]. These algorithms
play an essential role in the graphical analysis of data, as
graphs allow different types of data to be stored within a
structure to understand their relationships across multi-
ple vertices. Thus, communities are clusters of vertices
that are more likely to be connected to each other than to
members of other clusters. Hence, the detection of
communities is closely linked to visualization, as it
assists users in data analysis and enhances the identifi-
cation of patterns. Visual or qualitative analysis of
communities in data networks effectively supplements
statistical (quantitative) analysis, as users interact with
visual representations and can identify patterns that
might be challenging to discern using other techniques.
Contrary to clustering, which classifies data sets based on
similarities and dissimilarities between their data,
community detection algorithms are used to identify
subcommunities within a graph of links. Thus, clustering
algorithms, such as K‐means or Hierarchical clustering
[15] or clustering analysis performed by programs such
as the SPSS statistical package, attempt to group together
the objects that share the same characteristics, while
community detection tries to find communities of closely
connected and less densely interconnected nodes [46]. In
this way, community detection is more suitable for
understanding and analyzing the structure of large and
complex networks, which depend on a single attribute
type called edges. In contrast, clustering algorithms have
a tendency to separate single peripheral nodes from the
communities to which they should belong and, in
addition, require some specific parameters to be specified
in advance, such as the number of clusters [67].
Consequently, community detection uses the properties
of edges in graphs or networks and is therefore more
suitable for network analysis than a clustering approach.
Therefore, as this research aims to identify the structure
of communities in a very complex network and without
prefixing some characteristics, it was decided to use
community detection techniques.

TABLE 1 Kolmogorov–Smirnov normality test.

Kolmogorov–Smirnov

Statistic Sig.

Q1 0.381 0.000

Q2 0.408 0.000

Q3 0.375 0.000

Q4 0.211 0.000

Q5 0.192 0.000

Q6 0.214 0.000

Q7 0.195 0.000

Q8 0.245 0.000

Q9 0.221 0.000
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There are several types of community detection tech-
niques such as divisive, agglomeration, or optimization
algorithms [12]. The quality of community partitions
resulting from these methods is usually measured by the
modularity of the partition. Modularity measures the density
of links within the community compared to links between
communities, that is, it measures how strongly a network
can be divided into groups, clusters, or disjoint communities.
A division into communities is strong when the nodes in
each module are well connected to each other. One of the
first highly efficient modularity‐based algorithms was New-
man's method, later improved by Clauset [19] who made
changes to the way modularity between groups was
calculated. Nevertheless, Blondel's algorithm, known as
Louvain's algorithm, performs better than Clauset's algo-
rithm in terms of maximum modularity. This algorithm is
one of the most efficient, fast, and accurate algorithms for
community detection [82].

The Louvain algorithm is a modularity optimization
algorithm able to extract the community structure of a
network and its target is to maximize the modularity of
the data. It is a greedy, hierarchical, and agglomerative
algorithm, so at the beginning, each node is considered an
independent community. To find the best partition of the
network, the algorithm heuristically groups these nodes
into communities so that modularity is maximized [21].
Modularity is defined as a value that measures the
density of links within the community compared to links
between communities (Equation 1).







Q P

m
A

d d

m
σ C C( ) =

1

2
−

2
( , ),ij

i j
i j (1)

where:

‐ Aij: This is the adjacency matrix of the network, the
weight of the connecting edge between nodes i and j,

‐ di: degree of node I,
‐ dj: degree of node j,
‐ m: Number of edges or links,
‐ Function σ C C( , )i j is 1 if nodes i and j are in the same

community C C( = )i j and 0 otherwise.

The Louvain algorithm works in two main phases,
the first one forms the partitions, and the second one
processes the obtained communities to identify their
hierarchical relationships. The Louvain algorithm works
in the following phases [20, 58]:

1. Phase 1. Initially, each node is assigned a unique
community, so that the total number of nodes is equal
to the total number of unique communities.

2. Phase 2. Iteratively, each node “i” is assigned to the
community of its neighboring node “j” and the
modularity of the network is recalculated. If the
modularity improves compared to when node “i” was
not in the community of node “j”, node “i” will be
assigned to the same community to which node “j”
belongs, otherwise not. In the first case, node “j” shall
be a neighbor of node “i.”

This will be repeated until no further gain in
modularity is observed when moving any node to its
neighbor's community and we have reached a maximum
of modularity.

The case study in which the Louvain algorithm is
performed is based on the proposed questionnaire, that
is, questions described in Section 3.2, to automatically
infer communities that follow similar patterns of think-
ing within a network of STEM university students.
Louvain is an unsupervised algorithm, so it is not
necessary to specify the number of communities or the
size of the communities. The algorithm will build a
network with nodes and edges. A network consists of
nodes that represent individuals, people, or things, and
edges represent the connection or relationship between
nodes. In this case, nodes represent students and edges
represent the relationship between these students, so
edges join two nodes to indicate a relationship. Thus,
Louvain groups similar nodes based on edge weights. In
our case study, the criteria used to calculate these edge
weights is defined as the number of questions where two
students fully agree, that is, where they have given the
same Likert score for a question. Thus, each time both
agree on a question, a value of 1 (in scalar) is added to the
edge weight. For example, if two students give the same
score to three questions, that is, they agree on three
questions, the associated joint edge weight for those
students is 3. All questions in the questionnaire are
equivalent to this calculation, that is, they all have the
same weight for the computation. Then, Louvain
randomly orders all the students to a graph in the
modularity optimization phase. It then removes and
inserts each student into a different community until
there is no significant increase in modularity. Networks
with high modularity have dense connections between
nodes within each community, but sparse connections
between nodes in different communities. Modularity is
then understood as the fraction of edges connecting
students of the same community, that is, the level of
agreement of all students belonging to the same
community. Finally, our Louvain model was implemen-
ted in Python using the Community [56] and the
Networkx libraries [20].
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4 | RESULTS

This section is divided into two subsections: one
analyzing STEM students' opinions on the gender gap
in professional environments, and the other focusing on
developing a community detection algorithm to identify
behavioral and belief patterns regarding the gender gap.

4.1 | Results of the Louvain community
detection algorithm

The proposed Louvain algorithm allows us to visualize
different groups of students in the data set of this study.
In fact, Figure 1 shows the existence of three distinct
communities, obtained from the optimal, that is, highest,
modularity. When comparing modularity optimization
methods, the most important quality measures are the
speed and the modularity value [21, 41, 96]. Greater
speed indicates higher efficiency of a method compared
to others, making it preferable. Similarly, a higher
modularity value is desirable as it signifies well‐defined
communities within a network. Modularity measures the
extent to which a network can be partitioned into distinct
and cohesive communities. A strong division into
modules is characterized by well‐connected nodes within
each module and fewer connections with nodes outside
the module. Modularity values range from −1 to 1, with
values around 0.3 or higher indicating strong modularity
and the presence of strong communities [21, 96].

In this way, the resulting modularity value in our
algorithm is 0.29, so the performance of our proposal is
quite good. In terms of speed, our proposal can find
communities in around 1min, so it can be said that the
algorithm is fast and efficient. In fact, Louvain obtains
good results in terms of computational efficiency and

time complexity compared to other similar methods such
as Girvan‐Newman [21, 82, 96], proving to be very fast in
providing optimal partitions in large networks (its
algorithmic order is O(n*log(n)) [21]. Furthermore, the
communities are quite homogeneous in terms of the
number of students. In fact, Community A has 209
students (51.67% men, 48.33% women), Community B
211 students (78.67% men, 21.33% women), and Com-
munity C 170 students (89.41% men, 10.59% women), a
slightly smaller number of students. Moreover, the
communities have also been analyzed according to
several variables, specifically gender, type of degree,
and year of study. As for the type of engineering
(Telecommunications, Industrial, Computer Science),
there are no differences in the percentage of students
belonging to each community (around 30% in each
community). The same occurs with the year to which the
students belong, since the percentage of students of each
year inside each community is homogeneous. Finally,
the most female students are found in Community A,
followed by Community B, with Community C being the
community with the lowest number of female students.
Once the final graph with the communities has been
obtained, a descriptive and comparative statistical analy-
sis of each community has been carried out to gain an in‐
depth understanding of the features of each community
(intercommunity analysis). Moreover, the Bonferroni test
has also been carried out to find out the correlations
between communities (intracommunity analysis). These
two analyses can provide the quality of the algorithm in
terms of intercommunity and intracommunity quality
measurements.

Therefore, Figure 2 shows the mean value and
standard deviation inside each community (Community
A, B, and C). It is observed that the standard deviation is
not very high for any of the variables, indicating that
there is not much dispersion in the distribution of the
data within each community. But there are also
differences between communities and also common
patterns within them. To determine these common
features, the three variables with the best and worst
scores in each community were analyzed. Community A
and B are quite similar in the three highest scoring
variables, but the main difference is that Community A
scores all variables with higher values, namely: “Q1.
Gender equality is an important issue that needs to be
tackled at all levels” (Community A = 4.94; Community
B = 4.41), “Q8. Engineering/Technology professionals
must help to reduce the gender gap in their sector”
(Community A = 4.58; Community B = 3.68), and
“Q6. More women professionals are needed in
Engineering/Technology” (Community A = 4.44; Com-
munity B = 3.39). In contrast, Community C is very

FIGURE 1 Results of the Louvain algorithm for STEM
undergraduate students.
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different from the other two communities as the three
variables with the highest scores are: “Q5. men and
women are paid the same in Engineering/Technology”
(4.33), “Q1. Gender equality is an important issue that
needs to be tackled at all levels” (3.90), and “Q7. The
gender gap is a passing fad” (3.57). Regarding the worst‐
scoring variables, a common pattern can be observed in
the three communities, as the two variables with the
worst scores are the same, that is: “Q2. Women have
more problems than men in technical tasks in Engineer-
ing/Technology” and “Q3. Men are better prepared than
women for jobs in Engineering/Technology”, although
Community A scores the lowest, followed by Community
B and finally Community C. In contrast, the third worst
scoring variable for each community is different. Indeed,
this variable in Community A is “Q7. The gender gap is a
passing fad” (1.52), in Community B is “Q9. The gender
gap is a problem that only affects women” (2.48) and for
Community C is “Q4. Women have more problems than
men in finding jobs in Engineering/Technology” (1.50).
In addition, the standard deviations within each commu-
nity offer valuable insights into the variability of
responses for each item. The standard deviations provide
an indication of the dispersion or spread of responses
around the mean. Upon examination of the standard
deviations, it is evident that there is relatively low
dispersion in the distribution of the data within each
community for most variables. However, for items Q4
and Q5, there are notable differences observed across the
communities. Particularly in Community A, the standard
deviations for these items are notably higher compared to
the other communities, indicating greater variability in
the responses within Community A for these specific
items. This suggests a more diverse range of perspectives
or opinions within Community A regarding gender‐
related issues in Engineering/Technology. Conversely, in

Community C, the standard deviation for items Q6, Q7,
Q8, and Q9 is substantially higher compared to the other
communities, indicating greater variability in responses
within Community C for these items. This suggests a
diverse range of perspectives within Community C
regarding these questions.

Figure 3 summarizes the most important findings
from Figure 2 where the yellow rectangles represent the
highest‐rated questions and the green rectangles repre-
sented the lowest‐rated questions. According to the
results, it can be concluded that Community A is the
most aware of the gender gap in STEM, Community B is
aware but in a more moderate way, and Community C is
the most skeptical about the existence of the gender gap.

Furthermore, Table 2 shows the differences between
the three communities using the Bonferroni test. Signifi-
cant differences are found between all pairs of commu-
nities for all variables (p< .05). However, an exception is

FIGURE 2 Descriptive statistics by each community.

FIGURE 3 Summary of the main features obtained in
Communities A, B, and C.
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observed between Community A and Community C in
variables “Q2. Women have more problems than men
when it comes to technical tasks in Engineering/
Technology” (p= .849) and “Q3. Men are better prepared
than women for jobs in Engineering/Technology”
(p= .129). This means that there is no significant
difference in these variables between these two commu-
nities. A similar pattern is seen between Community A
and Community B in the variable “Q9. The gender gap is
a problem that only affects women” (p= .879). However,
for the remaining variables, all pairs of communities
show significantly different results, indicating divergent

opinions among the communities. From these statistical
results, it can be concluded that the algorithm shows a
good performance among the detected communities,
where the patterns of behavior and beliefs are clearly
defined among the different communities of STEM
university students.

4.2 | Results of the STEM
undergraduate' beliefs and opinions on the
gender gap in their professional fields

This subsection will describe the opinion and perception
of university students in STEM degrees on the gender gap
in their professional environment, followed by an
explanation of the correlations between all variables.
All results will be explained taking into account the
gender of the students. Figure 4 shows the descriptive
frequency (percentage) study of all Likert‐type variables.
It can be observed that the questions “Q2. Women have
more problems than men in technical tasks in Engineer-
ing/Technology” (68.8%) and “Q3. Men are better
prepared than women for jobs in Engineering/Technol-
ogy” (63.4%) are the two questions that receive the
highest percentage as “strongly disagree”, while “Q1.
Gender equality is an important issue that needs to be
tackled at all levels” (66.4%) receives the highest
percentage as “Totally agree”. It is noteworthy that a
high percentage of students do not perceive a great need
for women in technological fields (Q6), with 41%
responding “Neither agree nor disagree.” In other
questions, there is much more dispersion in the answers.

In this way, Figure 5 shows the mean and standard
deviation of the results given by the whole population,
female and male students. All questions have been
averaged to analyze the result, but questions Q2, Q3, Q5,
Q7, and Q9 have been rotated, that is, what used to be
“1” is now “5”, what used to be “5” is now “1” and so on

TABLE 2 Bonferroni test between all communities for each
variable.

Variable
Community
comparison

Mean
difference Sig.

Q1 A vs. B 0.527 0.000

Q1 A vs. C 1.040 0.000

Q1 B vs. C 0.513 0.000

Q2 A vs. B −0.575 0.000

Q2 A vs. C −0.033 1.000

Q2 B vs. C 0.542 0.000

Q3 A vs. B −0.736 0.000

Q3 A vs. C −0.192 0.089

Q3 B vs. C 0.545 0.000

Q4 A vs. B 0.399 0.000

Q4 A vs. C 1.680 0.000

Q4 B vs. C 1.281 0.000

Q5 A vs. B −0.674 0.000

Q5 A vs. C −1.916 0.000

Q5 B vs. C −1.242 0.000

Q6 A vs. B 1.050 0.000

Q6 A vs. C 1.644 0.000

Q6 B vs. C −0.594 0.000

Q7 A vs. B −1.000 0.000

Q7 A vs. C −2.048 0.000

Q7 B vs. C 1.048 0.000

Q8 A vs. B 0.900 0.000

Q8 A vs. C 1.730 0.000

Q8 B vs. C −0.829 0.000

Q9 A vs. B 0.051 1.000

Q9 A vs. C 0.446 0.000

Q9 B vs. C −0.396 0.001

FIGURE 4 Descriptive frequency study of all Likert‐type
questions.

10 of 18 | MERAYO and AYUSO

 10990542, 2024, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cae.22751 by U

niversidad D
e V

alladolid, W
iley O

nline L
ibrary on [27/02/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



for all answers, as a lower value for these questions
shows a worse perception of the gender gap.

Regarding the existence of correlations between the
variables, Table 3 shows moderate correlations close to
0.5 (quite high) and Table 4 shows strong correlations. It
can be observed that some variables correlate with other
variables not specific to the professional domain, but to
the educational domain (included in the global question-
naire but not in this study). However, it has been decided
to add them as the results were decisive in this study.
Specifically, these variables correspond to questions Q10,
Q11, and Q12 which have been explained previously in
the methodology.

Finally, a statistical analysis was conducted to
examine the differences between male and female STEM
students. Table 5 shows the results of Mann–Whitney U
tests, which show that only two variables, “Q2. Women
have more problems when it comes to technical tasks”

and “Q9. The gender gap is a problem that only affects
women,” do not exhibit significant differences between
both groups. However, there are significant differences in
the rest of the variables, indicating a contrast of opinions
between male and female students.

5 | DISCUSSION

This section is divided into two subsections. The first
discusses how the community detection algorithm
identifies patterns among STEM students. The second
focuses on analyzing STEM students’ opinions and
beliefs about the gender gap.

5.1 | Discussion of the Louvain
Community Detection algorithm

The community detection algorithm has been modeled to
automatically obtain different communities of students
with specific perceptions and beliefs of the gender gap in

FIGURE 5 Descriptive study by mean and standard deviation of the Likert‐type questions.

TABLE 3 Moderate Pearson correlations between different
variables.

Variables Pearson correlation Sig. (bilateral)

Q1 Q6 0.441 0.000

Q1 Q7 −0.434 0.000

Q2 Q12 0.447 0.000

Q2 Q3 0.434 0.000

Q12 Q3 0.405 0.000

Q4 Q10 0.401 0.000

Q4 Q7 −0.433 0.000

Q4 Q11 −0.456 0.000

Q5 Q6 0.464 0.000

Q5 Q11 0.488 0.000

Q5 Q8 −0.485 0.000

TABLE 4 Strong Pearson correlations between different
variables.

Variables Pearson correlation Sig. (bilateral)

Q10 Q6 0.558 0.000

Q10 Q8 0.591 0.000

Q5 Q4 −0.551 0.000

Q5 Q7 0.534 0.000

Q6 Q10 0.558 0.000

Q6 Q11 0.560 0.000

Q6 Q8 0.588 0.000
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STEM professional fields. The algorithm, combined with
the statistical analysis presented in Figure 2, has
successfully identified the key distinguishing character-
istics of each community, enabling us to differentiate
them based on their perspectives. As a result, the
algorithm has categorized the communities into three
distinct groups: Community A, characterized by a high
awareness of the gender gap in STEM; Community B,
exhibiting a moderate level of awareness; and Commu-
nity C, expressing opposition to the existence of the
gender gap. Notably, Community C is noteworthy in size,
comparable to the other two communities, consisting of
170 students. This indicates a significant number of
students who do not agree with the notion of a gender
gap in STEM. This is also observed in other studies [69]
which found gender biases in the selection decisions of
scientific evaluation committees in a nationwide compe-
tition for elite research positions. Communities A and B
strongly agree that engineering/technology professionals
should contribute to narrowing the gender gap. This idea
is in line with some studies that affirm the importance of
outreach activities led by STEM professionals (science
exhibitions, company/university visits, company work-
shops) to increase students' motivation toward STEM
[63, 72, 85]. Both groups (A, B) are also aware of the real
statistics on the low participation of women in STEM and
the need to integrate more women, contrary to the non‐
perception of Community C [92]. Likewise, the C
community holds the belief that the gender gap is merely
a transient trend, but they are unaware of the substantial
disparities that persist in specific fields. For instance,
only 1.7% of women are enrolled in Technology
(compared to 8.2% of men) and a mere 6.6% in
Engineering (in contrast to 24.6% of men). Finally,
Community C has a distorted perception of the gender

pay gap in STEM, despite evidence that the gender pay
gap ranges from 21% to 36% in the engineering sectors
[7, 76].

When analyzing the communities according to
gender, Community A, which shows the highest level
of awareness of the gender gap, has the highest
percentage of female students (48.33%). In contrast,
Community C, the least aware, has the lowest percentage
of female students (10.59%). Therefore, it can be deduced
that female students are more concerned about the
gender gap than their male counterparts. Regarding the
degree (Telecommunications, Industrial, Computer Sci-
ence), there are no differences in the percentage of
students in the communities, so the results are indepen-
dent of the type of engineering degree. Finally, the year
to which the students belong does not seem to influence
their perception of the gender gap, even the youngest
students (1st and 2nd) have the same opinion as students
of the last years (3rd, 4th, and Master).

On the other hand, this study has also investigated
whether there are correlations between communities
(Table 2) and if there is a relationship between
variables considering the entire population in general
(Tables 3 and 4). Some correlations coincide with the
conclusions of our community detection algorithm.
Indeed, correlations were found between students
who think that gender equality should be addressed at
all levels also think that more women need to be
integrated into STEM jobs and students who think
that STEM professionals should help to reduce the
gender gap also agree that more women are needed in
STEM (Community A and B). In this way, students
who fully agree that gender equality must be
addressed at all levels do not see the gender gap as a
fad (Community A). As for Community C, it can be
found a strong correlation between men and women
receiving equal pay and the gender gap being a trend.
Thus, this group of students also thinks that women
do not have more problems than men in finding jobs
in STEM sectors and also agrees that the gender gap is
a trend (Community C). Hence, it can be concluded
that the community detection algorithm performs
optimally, as it is able to automatically and efficiently
group a large number of students into communities
from surveys. Subsequently, relationships within and
outside each community can be obtained from a more
detailed statistical analysis by applying descriptive
and group comparison tests. Consequently, this
methodology shows great potential as the algorithm
could be used in other surveys and it is also possible
to modulate the quantification of the weights that
mark the relationships between users, as well as the
number of questions.

TABLE 5 Mann–Whitney U test for both groups (male and
female students).

Mann–Whitney U

Value Z Sig.

Q1 21,071.000 −6.662 0.000

Q2 28,875.500 −1.082 0.279

Q3 26,003.00 −2.981 0.003

Q4 21,459.5000 −5.480 0.000

Q5 18,160.000 −7.464 0.000

Q6 15,255.000 −9.436 0.000

Q7 19,551.500 −6.319 0.000

Q8 18,959.000 −6.684 0.000

Q9 28,211.000 −0.960 0.337
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5.2 | Discussion of the STEM
undergraduates' beliefs and opinions on
the gender gap in professional fields

The students' opinions have been described in Figures 4
and 5. This research shows that a very high number of
students (around 50%) do not perceive the need for more
women in STEM, but it is a fact that today there is still an
under‐representation of women in these professional
fields, so students should be more aware of these
worrying recent statistics [27, 29, 54, 69, 89]. It is also
important to note that a relatively high percentage of
students (around 43%) agree or neither agree nor
disagree that the gender gap in STEM is a problem that
only affects women, a worrying fact, as the gender gap
has been shown to greatly affect social and economic
dimensions of a country. In fact, the EU estimates that
closing the gender gap in STEM would increase GDP per
capita by about 3.0% by 2050 [29]. This worrying
perception is also seen in the fact that men and women
are equally paid in STEM, with a high number of
students (around 40%) agreeing with this statement. The
latest figures say otherwise, with men in the European
technology sector earning 19% more than women [27]
and in engineering sectors, the gender pay gap ranges
from 21% to 36% [46, 67]. Indeed, in Sterling et al. [77]
authors argue that the pay gap is a reality and is due to
cultural beliefs about the worth of women in STEM
professions or their motivation and self‐esteem regarding
their self‐efficacy.

At the other end of the spectrum, it is pleasing to note
that a large percentage of students perceive that gender
equality should be addressed at all levels (close to 90%).
These findings exhibit certain parallels with those
observed in the study conducted by Bert et al. [10],
which revealed that undergraduate medical students
showed high gender sensitivity and low gender stereo-
types. Indeed, this trend of gender sensitivity appears to
hold true as students strongly disagree with the notions
that women face more difficulties than men in technical
tasks or that women are less prepared for STEM jobs,
with approximately 90% expressing disagreement. How-
ever, recent research studies suggest that female students
experience lower levels of confidence in their studies
despite outperforming their male counterparts [17, 57].
Moreover, our results show that many students (around
66%) think that Engineering and Technology profes-
sionals should help to reduce the gender gap, so we could
think that they will be future professionals aware of this
problem. In fact, some studies point to the importance of
outreach activities led by STEM professionals to boost
young people's motivation [63, 72, 85, 56]. It, therefore,
confirms that gender biases related to women's skills and

qualifications in STEM jobs are no longer as widespread
as they were years ago [17, 61, 74].

On the other hand, this study has analyzed existing
correlations between all variables (Tables 3 and 4).
Regarding the gender gap and university curricula,
students who agree that STEM professionals should
contribute to reducing the gender gap, that more women
professionals are needed, and that women have more
problems than men in finding jobs in STEM, also agree
that this problem should be addressed in the curricula. In
this regard, some recent studies also suggest designing
gender‐sensitive university curricula [83, 90] or increas-
ing policy interventions on gender equality within
academia [90]. In this way, Olatundun et al. [64] assert
the need for changes in engineering curricula to include
humanities and nontechnical content to attract girls to
STEM. Besides, the integration of soft robotics into
engineering degrees has been shown to increase interest
and mitigate gender differences [59]. On the contrary,
students who believe that the gender gap should not be
addressed in curricula think that there is no pay gap and
that women do not have more problems finding STEM
jobs (they deny the existence of a gender gap). However,
many data show lower participation of women in STEM
professions [6, 27, 29, 54] and the main reasons are
related to low and/or inequitable salaries, poor working
conditions, or lack of recognition and promotion
opportunities [31]. Lastly, students who perceive gender
as a factor influencing the completion of engineering
studies also hold the belief that women encounter more
difficulties in technical tasks and that men possess
superior preparation for STEM jobs. These notions are
closely related to distorted gender stereotypes, as high-
lighted by some research which states that female
engineering students often feel a disconnect with their
studies and professional experiences while perceiving
significant male dominance in their sectors [32, 70].
Furthermore, some studies reveal that female students
perceive mathematics and physics subjects as heavily
masculine in nature [44].

Another aim of this study was to find out the
differences between the opinions of male and female
students. The results suggest that both groups think that
the gender gap is not only a problem for women and that
women are equally capable of performing technical tasks,
which is very positive. According to Eagly [23], fewer
people now believe that women are less intelligent or
skilled than men. In contrast, there are significant gender
differences for the rest of the variables. It is very
remarkable that female students perceive more than
male students the need for women professionals in these
sectors, with differences of almost one point. The same
tendency is observed for men are better prepared than
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women or gender equality is an important issue that
needs to be addressed at all levels, although it has been
demonstrated that educational institutions [14, 17, 18, 29] as
well as families [4, 61] and government policies [76] are
being effective in achieving gender equality in STEM.
Regarding STEM jobs, female students perceive that they
have more problems than men in finding STEM jobs or that
they do not receive the same pay, which is a reality as recent
statistics reveal that fewer women than men work in STEM
sectors [29, 30, 54, 89] and that there is a large pay gap [7,
27, 76]. Finally, significant differences are found in that the
gender gap is a fad (perhaps the most worrying), where men
are closer to neither agree nor disagree. In contrast, the
gender gap has been analyzed since the 1970s [71] and is a
recent and worrying reality that is being addressed by many
institutions [27, 29, 92]. Consequently, female students are
more aware of the gender gap than male students, which
implies the need for more training and raising awareness
among engineering students, as they are the future
professionals in these sectors.

6 | CONCLUSIONS

The community detection algorithm has showcased
excellent performance, adaptability, and potential by
successfully uncovering and identifying distinct stu-
dent groups with shared beliefs and perceptions
concerning the gender gap. The algorithm has revealed
two communities of students who are aware of the
gender gap, with one community exhibiting a higher
level of awareness than the other. Additionally, there is
a third group, comparable in size to the other two,
which expresses skepticism regarding the existence of
the gender gap. This finding is concerning and under-
scores the urgency to implement strategies within
STEM programs that effectively raise awareness about
the gender gap. This study revealed a lack of awareness
of the gender gap among university students on issues
of major concern that should be addressed: a high
number of students do not perceive the need for more
professional women, a relatively high percentage of
students believe that the gender gap is a problem that
only affects women and, finally, a high percentage
think that men and women are equally paid. The study
also shows that women are more aware than men of
the gender gap in STEM professional sectors. While it
is positive that students (boys and girls) reject the idea
that women are less prepared than men for STEM jobs
and that they have more problems performing techni-
cal tasks, the same is not true for other variables, and
the idea that men perceive the gender gap as a
temporary fad is particularly worrying.

This study holds significant implications for engi-
neering education as it contributes to understanding
university students' perceptions, motivations, and aware-
ness of the gender gap in their future work environ-
ments. This understanding enables universities to
develop strategies that foster more egalitarian percep-
tions among students within university settings, with
particular attention to the areas identified as requiring
improvement in this study. These areas include the low
perception that women are needed in these sectors or
that this gender gap is temporary. On the contrary, this
disparity has persisted over time, and there is now an
urgent need for more women in these fields in our
digitized societies (professionals in AI, Big Data, Cyber-
security, Cloud Computing, or IoT). In addition, there is
a pressing need to address the skepticism expressed by a
high number of students regarding the existence of the
gender gap. Strategies should focus on dispelling
misconceptions and promoting awareness‐raising initia-
tives about STEM disciplines. On a broader scale,
technology and engineering companies can benefit from
implementing policies that create more equitable work-
ing environments, forging partnerships with universities
to leverage synergies. Furthermore, governments can
utilize the insights from this study to guide their efforts
in generating public awareness campaigns to improve
perceptions of the gender gap in STEM. The findings
from this study provide valuable guidance on where to
concentrate these collective efforts. Finally, it should be
noted that this study is novel, as there is not much
literature analyzing the beliefs of university students on
the gender gap, especially in the Engineering and
Technology sectors; so it is of great interest to the
scientific community, also incorporating novel analysis
techniques related to AI. Indeed, the application of
community detection algorithms, that is, the integration
of AI in these fields, opens a new research horizon that
has not yet been widely explored and is highly
pioneering. Indeed, community detection algorithms
can unveil underlying patterns (hidden patterns) in
complex data sets that are not easily discernible at first
glance. In our context, they can identify clusters of
students who share similar characteristics such as
gender, academic interests, skill level, and more. By
examining these communities, researchers can uncover
gender biases in terms of participation, academic
performance, and access to resources, among other
factors. Furthermore, community detection algorithms
can segment the student population into homogeneous
groups based on various characteristics, including
gender. By analyzing these communities, researchers
can identify significant differences between gender
groups in terms of behaviors, attitudes toward STEM
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education, social interactions, and academic experiences.
This provides valuable information for understanding the
factors contributing to gender biases in the educational
sphere and designing effective interventions to address
them. Therefore, our proposal establishes the methodo-
logical foundations and describes the procedure for using
AI algorithms in areas of education and qualitative
research of great significance, such as the gender gap in
the STEM field. This aspect is of utmost importance for
digitized societies and their evolution.

In considering the potential of our study, we
acknowledge limitations and suggest avenues for
future research. While our sample size is sufficient,
broadening the diversity of participants, particularly in
terms of race, ethnicity, and socioeconomic status,
would improve the breadth and generalizability of our
results, highlighting the intersectionality of gender
beliefs. Another limitation is related to the inclusion of
the university faculty's perspective on gender and
STEM issues to achieve more comprehensive results
that allow us to propose more universal and effective
strategies, taking into account the key educational
stakeholders.
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