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Abstract

Background Research has thoroughly demonstrated that the intention to pursue and persist in a Science-
Technology-Engineering-Mathematics (STEM)-related career is influenced by the extent to which students perceive
themselves as a STEM person, namely their STEM identity. However, previous studies have mainly used variable-
centered approaches to explore relationships between identity and its precursors, which might hide nontrivial
differences amongst subgroups of a sample. This study examines profiles of undergraduate students based on

their STEM identity, as defined by a multi-dimensional framework which includes perception of the self as a STEM
person, perceived competence, interest, sense of belonging and perceived recognition. This study also investigates
the role of students'gender, disciplinary area of the degree course, engagement in and intention to persist in the
chosen undergraduate course in predicting profile membership. A convenience sample of 1114 STEM undergraduate
students participated in this study (Mean age=19.1 years; 50.9% female). An improved 6-factor scale was adopted to
measure STEM identity. Profiles were extracted using a novel approach, Archetype Analysis, which allows to identify
profiles that are more distinct and interpretable.

Results Archetypal Analysis revealed five distinct identity profiles: Al: Focused, A2: Relational; A3: Obligated; A4:
Aspiring; A5: Detached. Female students were less likely to be classified within Archetypes Focused and Obligated,
which are characterised by high levels of STEM self-identification. Students enrolled in engineering programmes were
more likely to be associated with Archetypes Relational, Obligated and Aspiring, as opposed to students enrolled in
technology courses. Technology students tended to cluster within the low-identity archetype Detached. Engagement
was a significant predictor of membership of Archetypes Relational and Obligated, which are both characterised by
strong social relatedness and recognition. Finally, the intention to persist in the chosen degree programme was a
significant predictor of membership of archetypes Focused and Obligated.
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Conclusions This study contributes to the growing body of research on STEM identity by employing a novel
statistical analysis to study this construct from a person-centred perspective. This approach allowed us to identify
individual differences in students’ patterns of interrelationship among the identity dimensions used.

Introduction

In recent years, higher education has played an increas-
ingly pivotal role in providing the social and eco-
nomic resources necessary for individual and collective
advancement. Nevertheless, the proportion of gradu-
ates from tertiary education institutions across Europe
remains below desirable levels, presenting a critical
obstacle to sustained economic growth and innovation
(Eurostat, 2025). This issue is particularly pronounced
in Science, Technology, Engineering and Mathematics
(STEM) disciplines, which are traditionally associated
with rapid labour market integration and higher career
rewards (Rocca & Quintano, 2024). Despite these advan-
tages, STEM fields continue to experience low enrolment
rates, exacerbated by the persistent underrepresentation
of women. This limits access to STEM-related profes-
sional opportunities and reduces the utilisation of avail-
able human capital (European Commission, 2021, 2022).
This underutilisation has significant implications for the
broader economic benefits derived from research and
innovation activities (Hanson et al., 2018).

An increasing amount of research has emphasised the
significance of STEM identity—defined broadly as the
self-identification process by which individuals see them-
selves in relation to the STEM field (Brickhouse et al.,
2000) and as members of a STEM community (Chem-
ers et al, 2011)—in shaping students’ educational and
career intentions (Calabrese Barton et al., 2013; Car-
lone & Johnson, 2007). Drawing on prior work about
students’ identity in STEM-related disciplines such as
astronomy (Colantonio et al., 2021), physics (Hazari et
al., 2010, 2020), chemistry (Guo et al., 2022), mathemat-
ics (Cribbs et al., 2015), computer science (Liong et al.,
2023; Mahadeo et al, 2020), and engineering (Godwin
et al., 2016; Li et al, 2021), STEM identity was opera-
tionalized for this study as a multidimensional construct
which features the following dimensions: perception of
the self, namely how students see themselves with respect
to the STEM domain; performance or perceived compe-
tence, namely the belief about their own capabilities to
apply acquired knowledge in performing STEM domain-
specific tasks or to understand the content knowledge
related to a STEM discipline; interest, namely the psy-
chological state that allows a person to re-engage with
a particular STEM content over time due to an intrinsic
motivation or a perceived utility value of the content
itself; sense of belonging, namely perceived relatedness
with the community of peers, and perceived recogni-
tion, namely how an individual perceive how others, as

teachers or instructors recognize them as a STEM per-
son. Evidence suggests that a stronger STEM identity
among high school students increases their awareness of
the motivations for pursuing STEM undergraduate pro-
grammes (Liu et al., 2023; Lockhart et al., 2022) and pre-
dicts enrolment in STEM majors (Robinson et al., 2018;
Vincent-Ruz & Schunn, 2018). At university level, strong
disciplinary identification has been linked to persistence
in STEM courses and sustained commitment to learn-
ing (Findley-Van Nostrand & Pollenz, 2017; Fisher et al.,
2022). Furthermore, STEM identity has been associated
with a greater sense of belonging (Jones et al., 2013; Lon-
don et al.,, 2011) and better academic performance (Sey-
ranian et al., 2018).

Given these findings, investigating STEM identity at
undergraduate level provides valuable insights into the
mechanisms that support academic success and reten-
tion in STEM disciplines. However, despite the growing
interest in STEM identity among scholars, few studies
have adopted a quantitative person-centered approach
to identifying different STEM profiles among under-
graduate STEM students. Moreover, there is a need to
rigorously identify the extent to which membership in
these profiles can be predicted by demographic vari-
ables, as gender, and contextual variables related to the
attended degree course, as the chosen disciplinary area,
the engagement in and the intention to persist in the cho-
sen undergraduate course. Therefore, the following two
broad research questions guided our study:

RQI1) What profiles can be identified with regard to
undergraduate students’ STEM identity?

RQ2) To what extent is membership in the identified
profiles predicted by gender, disciplinary area of, engage-
ment in and intention to persist in the chosen undergrad-
uate course?

To address these questions, this study begins by
describing the theoretical framework underlying the
adopted definition of STEM identity, followed by a review
of the literature examining its relationship with the
demographic and chosen contextual variables. Addition-
ally, we critically assess the methodological approaches
employed in prior quantitative research about STEM
identity, highlighting the limitations of variable-centered
analyses in capturing subgroup-specific dynamics, and
propose a person-centered approach to studying STEM
identity in a more nuanced and effective way.
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Background

STEM identity

In this study, we adopted multiple theoretical perspec-
tives to define STEM identity. The reason for not relying
on a single theory is to strengthen our conceptualization
in order to study the multidimensional construct of stu-
dent STEM identity in a more detailed way. First, we built
on the Social Identity Theory (Tajfel, 1981), according to
which STEM identity is a type of social identity, which
indicates the extent to which individuals see themselves
in terms of their membership and belonging in a social
group (Kim et al., 2018) or of their positional designation
and recognition within a given social context (Avraami-
dou, 2020; Burke & Stets, 2023). On such basis, an indi-
vidual's STEM identity is hence the result of a dynamic
process based on personal and social negotiations with
others and the personal life environment (Cheryan et al.,
2015; Gee, 2000; Kozoll & Osbourne, 2004). Second, we
draw on Interest and Expectancy-Value Theories since
previous studies suggest that STEM identity is influenced
by motivational beliefs towards the specific STEM field
(Atik et al., 2023; Chen et al., 2023a, b; Munoz et al., 2025;
Stringer et al., 2020). Within these theoretical perspec-
tives, STEM identity may develop also on the individu-
als’ beliefs about the utility value they place on engaging
with a STEM-related task, activity or career (Cohen et al.,
2021) and can be sustained by external forms of support
and potential reward (Eccles, 2009; Renninger & Hidi,
2021). Third, this study was guided by the Social Cog-
nitive Career Theory (Bandura, 1997; Lent et al., 1994),
given that STEM identity is influenced by the individual’s
perception of their own self-efficacy (Hazari et al., 2010,
2020; Munoz et al., 2025), and acts as a predictor of pur-
suing a career in the STEM domain (Hill et al., 2018; Son-
nert et al., 2025). The adoption of these three theoretical
perspectives accounts not only supports the multidimen-
sionality of STEM identity in terms of perception of the
self, perceived recognition, sense of belonging, interest and
perceived competence, respectively, but also for the inter-
connectedness of these dimensions. For example, inter-
est and utility value beliefs can be triggered by one’s own
personal negotiations with a STEM discipline (e.g., atti-
tudes towards physics), social negotiations with STEM
professionals (e.g. teachers or role models) and engage-
ment in STEM-related experiences (e.g., extracurricular
activities) (Kang et al., 2019; Tripp & Liu, 2024). Simi-
larly, perceived competence, alongside personal inter-
ests, perceived barriers, and parental support (Pfeuffer
et al., 2025), can contribute to the generation of outcome
expectations and anticipated consequences that inform
the decision to pursue a STEM career (Dou et al.,, 2019).
Moreover, perceived recognition, which refers to judge-
ments received both explicitly and implicitly from others
in roles such as instructors or teachers is closely linked to

(2026) 13:9

Page 3 of 18

social persuasion, which is one of the sources of self-effi-
cacy (Britner & Pajares, 2006). A graphical representation
of the adopted theoretical framework for STEM identity
is reported in Fig. 1.

Factors influencing STEM identity

The role of gender. Most studies agree that girls report
a significantly lower sense of identity in STEM subjects
than boys (e.g. Hill et al., 2018). This suggests that a mis-
match between how girls see themselves and how they
see themselves as STEM students may contribute to the
underrepresentation of women in STEM subjects (Haz-
ari et al., 2020). In other words, girls who perceive a con-
flict between their STEM identity and their identity as a
woman are less likely to pursue a STEM career (Miles &
Naumann, 2021). This has been confirmed by other stud-
ies showing that identifying as a girl is negatively associ-
ated with participation in STEM degree programs, even
when educational and demographic variables are taken
into account (Godec et al., 2024). Similarly, the more
that girls implicitly associate STEM with men or with the
nerd-genius stereotype, the lower their STEM identifica-
tion (Starr, 2018). Moreover, stereotype threat may cause
girls to perceive higher social pressure in STEM fields
(Kessels, 2005) or reduce their perception of the useful-
ness of science in helping others and society (Smith et al.,
2015).

The role of student engagement. Student engagement
has received increasing attention as a factor that can play
an important role in sustaining students’ persistence in
the STEM field (Freda et al., 2023; Passeggia et al., 2023,
2025). Traditionally, engagement refers to a positive and
proactive attitude towards a task or activity, capturing
the quality of participation, investment and commitment
(Appleton et al., 2006; Fredricks et al., 2004). Previous
studies have suggested a relationship between identity
and specific dimensions of academic engagement, such as
self-regulated learning (Matthews et al., 2014). Further-
more, engagement with a particular course may predict
students’ identification with the institution and its values
(Phan et al., 2016). Finally, engagement is rooted in social
relations (Fredricks et al., 2019) and shared experiences
that can influence future expectations and identification
with the desired professional role (Shernoff et al., 2016).
For these reasons, it is reasonable to expect that engage-
ment in a STEM university course could predict STEM
identity. However, these relationships have not yet been
fully investigated.

The role of STEM disciplinary area. Literature sug-
gests that STEM identity formation is not uniform
across STEM areas (Dou et al., 2021). Rather, it reflects
the cultural norms, practices, and expectations embed-
ded within each discipline (Reinholz et al., 2019). For
instance, Williams and George-Jackson (2014) found
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Fig. 1 Model for the STEM Identity framework

significant differences in self-reported identification as a
scientist among 1881 undergraduates enrolled in STEM
courses compared to those in agricultural and biological
sciences or health sciences and psychology. Chen et al.
(2023) demonstrated that high school students’ science
identities varied across physics, chemistry, and biology,
with physics identity exerting the strongest influence on
intentions to pursue science majors. In the study by Silva
et al. (2025) about STEM identity across biology, chem-
istry, and mathematics among undergraduate students,
findings revealed that students’ major and prior infor-
mal STEM experiences significantly predicted disciplin-
ary identity, with STEM majors reporting higher identity
scores than non-STEM peers. This aligns with findings
by Jiang et al. (2025), who indicate in their analysis that
the strength of STEM identity’s relationship with career
intentions varies by identity type (e.g., physics vs. math
identity), confirming that disciplinary differences are a
key moderator of STEM identity. Overall, these studies
highlight that STEM identity is not a monolithic con-
struct across STEM-related disciplines, but it can be
influenced by discipline-specific features. For these rea-
sons, it is reasonable to expect that attending a specific
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STEM university degree course may reflect differences in
the STEM identity.

The role of persistence. Differences in STEM identity
are closely related to persistence in STEM undergradu-
ate programs. Students who develop a strong STEM
identity are more likely to remain engaged and complete
their degrees, while those with weaker identities often
leave STEM pathways (Patrick et al, 2018). Research
highlights that some of dimensions included in our con-
ceptualization of STEM identity, such as sense of belong-
ing, perceived recognition and perceived competence,
are related to persistence in STEM. For example, Estrada
et al. (2019) found that social support networks through
recognition and community significantly enhance gradu-
ate students’ persistence in biomedical fields, which
in turn reinforce disciplinary identity. Kuchynka et al.
(2019) demonstrated that pre-college STEM engage-
ment programs improve persistence by fostering per-
ceived competence and sense of belonging early on. At
the undergraduate level, Fisher et al. (2022) reported that
students who left physics cited lack of identity alignment
and insufficient support as key reasons for attrition, con-
firming results obtained by Patrick et al. (2018) in engi-
neering field. Finally, Martin-Hansen (2018) showed that
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STEM identity and persistence can reciprocally reinforce
one another through meaningful support activities—
such as mentoring. Overall, these studies underscore
that students’ persistence is not solely a function of their
academic ability but can be related to how they perceived
themselves as STEM persons.

Justification for the use of person-centered
approach to study STEM identity

Quantitative studies on science and STEM identity have
predominantly used variable-centered methodologies,
such as structural equation modelling, to examine the
links between identity constructs and their antecedents
or contextual influences (Dou & Cian, 2022; Lin et al.,
2025; Munoz et al., 2025; Starr et al., 2020). However,
while these approaches have made significant contri-
butions to STEM identity research, they are inherently
limited in their ability to capture heterogeneity within
populations. Specifically, these approaches assume
homogeneity in relationships across individuals and infer
population-level trends from average values within a
sample (Morin et al., 2018), thereby overlooking potential
variations among subgroups within the sample (Morin et
al, 2011). Furthermore, the complexity of inter-variable
relationships in these models can impede the derivation
of clear, actionable insights for specific subpopulations.
The common practice of identifying subgroups through
mean or median splits further risks introducing sample-
based bias (Mikikangas et al., 2018). In contrast, per-
son-centered approaches—aligned with an ecological
systems perspective—conceptualize individuals as inte-
grated psychological, biological, and social beings (Mag-
nusson, 2003). These approaches emphasize identifying
subgroups of individuals who exhibit similar patterns of
attributes or inter-variable relationships within a given
context (Harring & Hodis, 2016; Laursen & Hoft, 2006;).
By capturing this heterogeneity, person-centered meth-
ods offer a more nuanced understanding of individual
differences and developmental trajectories (Howard &
Hoffman, 2018). Moreover, by simultaneously consider-
ing multiple variables, they provide a holistic perspective,
which is particularly valuable for interpreting complex
behaviors (Marsch et al., 2009). Importantly, person-cen-
tered analyses are often more applicable in educational
contexts, as they support the design of tailored interven-
tions and support strategies for diverse student popula-
tions (Litalien et al., 2019).

Person-centered methodologies provide an appeal-
ing alternative approach to examining STEM identity
in quantitative studies. Specifically, these approaches
enable researchers to classify individuals, such as under-
graduates, based on their scores across multiple iden-
tity dimensions. These methods provide a distinct lens
through which to examine how these dimensions interact
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within individuals rather than assuming uniform effects
across a population, as is typical in structural equation
modelling (Lee & Yoo, 2020). Furthermore, by identi-
fying latent profiles, researchers can evaluate whether
these groupings represent meaningful subpopulations
and investigate the predictors of profile membership in
relation to variables identified in the identity literature.
Despite their potential, person-centered approaches
have only recently been applied in quantitative research
about STEM identity at university level. For instance,
Robinson et al. (2019) employed latent growth model-
ling to analyze science identity trajectories among 1,669
students enrolled in an introductory chemistry course.
They identified three distinct profiles—High-and-Stable
(53.8%), Moderate-and-Slightly-Increasing (40.5%), and
Moderate-and-Declining (5.6%)—revealing that, while
most students’ identities remained stable, some experi-
enced significant changes within a single semester. Initial
identity levels and stability were both significant predic-
tors of STEM achievement and persistence. Finally, a
recent study examined the development and stabilization
of identity profiles among first-year engineering students
(Lockhart & Rambo-Hernandez, 2024). The research-
ers identified three stable identity categories—Medium,
Medium-High and High—and found that women were
more likely than men to transition into the higher cat-
egories over time. Notably, the study also revealed that
calculus readiness at the start of college significantly
influenced persistence in engineering; students with a
strong engineering identity but lacking calculus readiness
were more likely to change their major or discontinue
their studies. Overall, these results support the useful-
ness of person-centered approaches in identifying het-
erogeneity within large samples.

Methods

Participants

A convenience sample of N=1,114 freshmen students
attending 20 different STEM undergraduate degree
courses (mean age=19.1 vyears; 50.9% female) was
involved in the study. About 28% attended an Engineer-
ing course, 32% a Science/Mathematics course, and 40% a
Technology course. Engineering degree courses included:
aerospace (5.5%), automation (2%), biomedical (5%),
chemical (2%), civil (2%), electronics (2%), management
(4.5%), mechanical (4%), others (1%). Science degree
courses included: biology (13%), chemistry (7%), geol-
ogy (1%), physics (2%), mathematics and statistics (4.5%),
natural sciences (3.5%), others (1%). Technology degree
courses included: architectural design (8%), biotechnol-
ogy (1.5%), computer science and informatics (16%),
pharmacy (8%), quality control (3.6%), technologies for
animal productions (2%), others (1%). As expected, there
was a significant association between gender and the
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three macro categories of degree courses (y°=22.435,
d.o.f = 2, p < 0.001), with girls overrepresented in the sci-
ence courses and boys overrepresented in the engineer-
ing courses.

The data were collected during in-presence lessons in
the second semester of the first year. We remind that,
in Italy, students enrolled in a STEM university course
are required to follow only STEM-related classes, which
typically include calculus, algebra, and at least one intro-
ductory class of biology, chemistry, informatics, physics,
etc.... depending on the specific degree course. Simi-
larly, students enrolled in a humanities-related univer-
sity courses are not required to follow any STEM-related
course. Therefore, in our sample, there were no students
attending these courses for general education require-
ments. Moreover, all the degree courses were open,
namely students were not required to pass any score in
the entrance exam to attend the course. The score in the
entrance exam is used only to determine if the students
have to take first the calculus exam.

All participants provided written informed consent
prior to participation and were fully briefed on the han-
dling of their data. Specifically, students were informed
that their responses would remain anonymous, that the
data would be used exclusively for research purposes,
and that all data would be stored in compliance with the
General Data Protection Regulation (GDPR) 2016/679.

Table 1 Description of the variables used in the study
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The study was conducted in accordance with the ethical
principles outlined in the 1964 Declaration of Helsinki
and its subsequent amendments or equivalent ethical
standards. Ethical approval for the research was granted
by the Ethics Committee of the authors’ university (Pro-
tocol PG2024/0011629, dated 29/01/2024).

Measures

For the present study, to measure the STEM identity
dimensions in agreement with the adopted theoretical
perspectives, we used six scales for a total of 26 items
adapted from already existing instruments. Specifically,
the following scales were used (see Table 1):

o Perception of the self as a STEM person (PS), four-
item scale adapted from Robinson et al., (2019).
Example item: [ consider myself a STEM person.

o Perceived competence (PC), five-item scale adapted
from Robinson et al., (2019). Example item: I can
complete even the most difficult tasks in STEM
subjects if I try.

o Student’ interest (SI), adapted from two subscales of
the Academic Motivation Scale (AMS, Alivernini
& Lucidi, 2008), one related to intrinsic motivation
(SL_I) (4 items, example item: [ am interested in the
things we do in the degree course I am enrolled in),
the other related to perceived utility value (SI_U) (4

Variable Useinthe Type Num- Interval Survey question Survey options Refer-
study ber of ence
items

Perception of the self  Profile Scale 4 1-5 Please indicate the extent to which you  1=strongly disagree ~ Robin-
as a STEM person (PS)  indicator agree with the following statements 5=strongly agree son et al.

(2019)
Perceived Compe- Profile Scale 5 1-5 Please indicate the extent to which you  1=strongly disagree  Robin-
tence (PC) indicator agree with the following statements 5=strongly agree son et al.

(2019)
Student Interest: Profile Scale 4 1-7 Please rate the extent to which each T=notatall Alivernini
intrinsic motivation indicator statement is true for you 7=completely & Lucidi,
(SL_h 2008
Student Interest: per-  Profile Scale 4 1-7 Please rate the extent to which each T=notat all Alivernini
ceived utility (SI_U) indicator statement is true for you 7=completely & Lucidi,

2008
Sense of belonging Profile Scale 5 1-5 Please indicate the extent to whichyou  1=strongly disagree  Freda et
(SB) indicator agree with the following statements 5=strongly agree al, 2023
Perceived recognition  Profile Scale 4 1-5 Please indicate the extent to whichyou  1=strongly disagree  Freda et
(PR) indicator agree with the following statements 5=strongly agree al, 2023
Gender Covariate  Categorical 1 - Which of these BEST describes your “Female” -

gender at birth? “Male"
Disciplinary area Covariate  Categorical 1 - Which degree course are you attending  List of all STEM degree  —
at the moment? courses at the authors’
university

Engagement in the Covariate  Scale 16 -5 Please indicate the extent to whichyou  1=strongly disagree  Freda et
chosen course agree with the following statements 5=strongly agree al, 2023
Intention to persistin ~ Covariate  Scale 4 1-5 Please indicate the extent to whichyou  1=strongly disagree  Freda et
the chosen course (R) agree with the following statements 5=strongly agree al, 2023
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items, example item: the STEM subjects in my course
are important for what I have decided to do in the
future),

+ Sense of belonging (SB), a 5-item subscale adapted
from an instrument previously validated by our
group (Freda et al., 2023; example item: I feel part of
a group of friends in my STEM course).

« Perceived recognition (PR), a 4-item scale adapted
from the same instrument (Freda et al., 2023;
example item: My STEM teachers consider me as a
STEM person).

A confirmatory factor analysis supported the validity of
the 6-factor structure of our instrument: y*/d.o.f. = 3.631,
p<10” 3, RMSEA =0.049, CFI=0.97, TLI=0.96. All stan-
dardized factor loadings in the model were statistically
significant and higher than the ideal value of 0.70 (Hair et
al., 2009). Average Variance Extracted (AVE) was greater
than the 0.5 threshold (Fornell & Larcker, 1981) for
each dimension: 0.72, 0.65, 0.67, 0.71, 0.68, 0.60, respec-
tively. Moreover, each AVE estimate was greater than
the squared correlation estimates for any two dimen-
sions (see Table 2). Overall, such values confirm conver-
gent and discriminant validity of the instrument (Hair
et al.,, 2009), namely that the factors are well separated
and measure different dimensions of the STEM identity
construct.

The factors influencing STEM identity reviewed in
the background section were treated as covariates and

Table 2 Descriptive statistics of measured variables in the study
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measured as follows (see Table 1): (1) gender at birth
was asked at the end of the survey and coded as a binary
variable (1=Female); (2) disciplinary area was coded as
a categorical variable with three values—Engineering,
Technology and Science/Mathematics—according to the
categorization described above; (3) engagement in the
chosen course and (4) intention to persist in the chosen
course were measured through a 16-item and a 4-item
reversed scale, respectively, both adapted from the same
instrument validated by our group (Freda et al., 2023).
Example items of the two scales are: Going to my univer-
sity degree course is a great opportunity for me and Some-
times I think about leaving university (R), respectively.

Data analysis

To address the first research question (RQ1), we identi-
fied student profiles using Latent Profile Analysis (LPA)
with Z-scores for each STEM identity dimension (self-
identification, perceived competence, interest, sense of
belonging, and recognition) as indicators. Profile extrac-
tion was performed using Archetypal Analysis (Cutler &
Breiman, 1994), implemented in R with the archetypes
package (Eugster & Leisch, 2009). Archetypal Analysis
is an unsupervised learning technique that represents
each observation as a convex combination of a set of
archetypes—extreme points on the convex hull of the
data (Seth & Eugster, 2016). Archetypal Analysis can be
considered as a technique for dimensionality reduction
aimed to summarize complex data into a set of more

Variable 1 2 3 4 5 6 7 8

1. Perception of the self as a STEM person (PS) ~ 0.90°

2. Perceived competence (PC) 0.67%* 091°

3. Student Interest: intrinsic motivation (SI_I) 0.44** 0.43** 0.86 %

4. Student Interest: perceived utility (SI_U) 0.34** 0.33* 0.68** 091°

5. Sense of belonging (SB) 0.26%* 0.27*%* 0.36%* 0.30** 0.89°

6. Perceived recognition (PR) 0.26** 0.371** 0.36** 0.28** 0.31** 0.90°

7.Engagement in the chosen course 047%* 047%* 0.63** 0.63** 0.53%* 043** 0.94°

8. Intention to persist in the chosen course (R)  —0.27 —031** —033*  —027* —0.14* —021* —-038**  077°
Average 358 347 549 5.68 3.80 346 3.92 1.87
Standard deviation 1.02 0.91 141 153 1.09 0.95 0.83 0.84
Min 1 1 1 1 1 1 1 1
Max 5 5 7 7 5 5 5 5
Asymmetry — 0495 — 0554 -1.114 —1.252 —-0.926 —0493 —1.086 1.209
Kurtosis —0.307 0.113 0818 0.865 0.028 -0.121 1.299 1.209
Girls (N=569) 3.50 332 543 5.64 391 3.38 3.99 1.79
Boys (N=545) 3.66 3.63 554 571 3.68 3.54 3.84 1.95
t(dof.=1,112) —2669%  —5696%**  -1.256 0.792 3455%%*% - 2904**  3,059** —3.174%%%
Engineering (N=309) 3.82 3.58 547 5,71 3,73 321 3,98 1,83
Science (N=337) 357 346 546 5,65 3,92 3,68 3,88 1,86
Technology (N=468) 343 341 551 567 3,76 347 3,90 1,90
Welch's F 14.118***  3491* 0.165 0117 3.532% 21.928%** 1.080 0534

2McDonald’s omega; * p < 0.05; ** p < 0.01; *** p < 0.001
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interpretable variables, the archetypes, similar to what
happens in Principal Component Analysis (PCA). For
instance, like in PCA, results of Archetypal Analysis can
be represented in a set of principal axes or components.
However, unlike the PCA, where the principal compo-
nents extracted provide the directions of maximal varia-
tion, the number of principal axes and archetypes needed
to represent the same features of a given data set can be
different since Archetypal Analysis is more intrinsically
related to data and less sensitive to outliers (Marinetti et
al., 2007).

Formally, given a data matrix X € R"* P the method
seeks to identify k archetypes Z such that each data point
x; can be approximated as:

k

E j:10£ iij

k
where o ;; > Oandz i =1.
j=

Q

L

For each data point z;, the coefficients « ;;, with j=1,
..., k can be seen as a proximity score of each data point
to their respective archetypes. Each archetype z; itself
can be seen as a convex combination of the original data
points:

Zj = Z i:lﬁ N.CL‘L
with 3 ;> 0and Y B =1.

The combined values of the a ;; and ij are chosen to

minimize the residual sum of squares (RSS):
2

RSS:Z

n
=1

k
T — ) Qyyzj
i=1

The estimation is performed via an alternating mini-
mization algorithm, as implemented in the archetypes
package, which iteratively updates the archetype and
coefficient matrices to minimize the residual sum of
squares between the observed data and their arche-
typal approximations. This two-level convexity ensures
that archetypes are interpretable as “extreme” profiles
within the data. Unlike centroid-based clustering algo-
rithms (e.g., k-means), which minimize within-cluster
variance and tend to produce clusters around the mean,
Archetypal Analysis maximizes the separation between
archetypes by focusing on the boundaries of the data dis-
tribution. This results in clusters (archetypal profiles) that
are more distinct and interpretable, especially when the
goal is to identify prototypical patterns rather than aver-
age trends (Bauckhage & Thurau, 2009). For such rea-
sons, Archetypal Analysis has been successfully applied
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in various fields, including biology (Milite et al., 2025),
climate science (Hannachi & Trendafilov, 2017), financial
education (Palazzo et al., 2024), and economics (Abbasi-
harofteh & Hermans, 2025), demonstrating its versatility
for uncovering latent structure in complex datasets. The
optimal number of archetypes was determined using the
elbow method by plotting the sum of residual squares
against the number of archetypes and identifying the
inflection point in the scree plot. To classify data points,
we applied the nearest archetype rule (Ragozini et al.,
2017), assigning each respondent x; to the archetype z;
for which they had the highest « ;;. In the Supplemen-
tal Material, we report two additional cluster analyses,
one based on hierarchical cluster analysis, the other one
based on a different latent profile analysis algorithm.

To address the second research question (RQ2), we
used multinomial logistic regression to examine the pre-
dictive value of gender, disciplinary area of the degree
course, academic engagement, and persistence for the
archetypal profile membership. This analysis was con-
ducted in SPSS v. 30. Two models were estimated, Model
1 and Model 2. Model 1 included the main effects of
the covariates, while Model 2 added interaction terms
between gender and disciplinary area, given the associa-
tion between gender and the three type of degree course.
We remind that in both Model 1 and 2, gender was coded
as a binary variable (female=1), while degree disciplin-
ary area was coded as a categorical variable (modali-
ties = engineering, science, technology), from which
three dummy variables were calculated and entered into
the models. Model fit was evaluated using the likelihood
ratio chi-square test, Pearson and deviance chi-square
tests, and McFadden’s pseudo R-square.

Results

Descriptive statistics of the measured variables

Table 2 shows the correlations between each of the mea-
sured variables, as well as the differences between gen-
ders and disciplinary areas. Descriptive analysis shows
that all variables follow a normal distribution. All STEM
identity dimensions are positively correlated with each
other and with engagement in the chosen course. The
reverse scale of intention to persist shows negative cor-
relations with all STEM identity dimensions and engage-
ment. Girls score significantly lower than boys in terms
of their perception of themselves as STEM individuals,
their perceived competence, and their perceived recogni-
tion. However, they score significantly higher than boys
on the sense of belonging dimension. There are no sig-
nificant gender differences in the interest subdimensions.
There are statistically significant differences across the
three categories of degree course for the perception of
oneself as a STEM person, perceived competence, sense
of belonging, and perceived recognition. Students on
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engineering courses have the highest scores on the self-
identification with STEM and perceived competence
scales, while students on science courses have the highest
scores on the sense of belonging and perceived recogni-
tion scales. There are no significant differences across the
three areas for the interest, engagement and persistence
scales.

STEM identity profiles
Based on the RSS (residual sum of squares), the best
model has 5 archetypes. The percentile plot of the pro-
files (Fig. 2) shows the structural properties of each
emerging archetype.

Archetype 1 (Al) features archetypal students with
high values in all STEM identity dimensions, except
sense of belonging. About 11% of the students present
the structural properties of this archetype. We called this
archetype Focused. The main characteristic of the second
archetype (A2) is the lack of self-identification and per-
ceived competence in STEM. However, students associ-
ated with this archetype are highly interested in STEM
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and perceive themselves to be accepted and recognized
by both peers and instructors. We called this archetype
Relational. About 17.5% of the students are assigned to
this archetype group. The majority of students (39%) of
the sample present structural characteristics similar
to Archetype 3 (A3), which features high values in self-
identification, perceived competence and recognition,
but very low values in interest. We called this archetype
Obligated. Archetype 4 (A4) is similar to Archetype 1,
except for the low values of perceived recognition. About
13% of the students are associated with this Archetype,
which we called Aspiring. Finally, Archetype 5 (A5) is
the archetypal student who does not identify with STEM
in all its dimensions, with a low interest in STEM sub-
jects (Detached). About 19% of the students belong to
this archetype. The distribution of the archetypes plotted
in the plane of the first two principal axes of the data is
reported in Fig. 3.
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Table 3 Results from multinomial logic regression for profile membership—-model 1. Reference profile = A5

Archetype A1 versus A5 Archetype A2 versus A5 Archetype A3 versus A5 Archetype A4 versus A5

Coeff. (SE) OR Coeff. (SE) OR Coeff. (SE) OR Coeff. (SE) OR
Intercept 0.61(0.92) —1.73(0.84)* —-0.20(0.71) 648 (0.91)***
Engagement 0.05 (0.19) 1.05 044 (0.17)* 1.56 0.52 (0.15)*** 1.67 —2.06(0.21)%** 0.12
Persistence (R) — 049 (0.16)** 0.61 —0.18(0.13) 0.83 — 044 (0.12)*** 0.65 —0.11(0.15) 0.90
Gender (female) —1.15 (0.24)*** 032 —0.26(0.22) 0.77 0 (0.18)*** 036 0.04(0.27) 1.04
Engineering 0.55 (0.31) 1.73 148 (0.26)*** 4.40 0.59 (0.25)* 1.80 1.35 (0.33)*** 3.87
Science 0.27 (0.26) 131 —0.31(0.26) 0.74 0.32(0.19) 137 0.01(0.30) 1.04

*p <.05. %% p <.01.*** p <.001. SE=Standard Error; OR=0dds Ratio. Archetypes: A1: Focused, A2: Relational; A3: Obligated; A4: Aspiring; A5: Detached

Table 4 Results from multinomial logic regression for profile membership-model 2. Reference profile = A5

Archetype 1 versus 5 Archetype 2 versus 5 Archetype 3 versus 5 Archetype 4 versus 5

Coeff. (SE) OR Coeff. (SE) OR Coeff. (SE) OR Coeff. (SE) OR
Intercept 0.70 (0.93) —1.50(0.86) -0.15(0.72) 6.72 (0.94)***
Engagement 0.05 (0.19) 1.05 042 (0.17)* 152 0.51 (0.15)*** 1.66 —2.09 (0.21)*** 0.12
Persistence (R) —-0.50(0.16)** 061 -0.19(0.13) 0.83 — 044 (0.12)** 0.64 —-0.12(0.15) 0.89
Gender (female) —1.28(0.35)** 0.28 —-046(0.32) 0.63 —1.11(0.26)*** 0.33 —0.17 (0.40) 0.85
Engineering 0.24 (0.39) 127 0.74(0.38) 2.10 0.27(0.32) 131 0.67 (0.46) 1.95
Science 027 (042) 1.30 0.38 (0.43)* 146 0.48 (0.35) 1.62 0.31(049) 1.36
Engineering x female 047 (0.69) 1.61 149 (0.55)** 442 0.64 (0.52) 1.90 1.54 (0.68)* 4.64
Science x female 0.14 (0.55) 1.15 —1.12(0.55)* 0.33 —0.21(042) 0.81 —042(0.63) 0.66

*p <.05. %% p <.01.*** p <.001. SE=Standard Error; OR=0dds Ratio. Archetypes: A1: Focused, A2: Relational; A3: Obligated; A4: Aspiring; A5: Detached

Predictors of identity profiles

Results from the two multinomial logistic regressions
are reported in Tables 3 and 4. The two full multino-
mial models were comprised of four binary logit models
where archetypes Focused, Relational, Obligated, Aspir-
ing were subsequently compared the baseline arche-
type Detached comprised of students indicating least

identification with STEM. Concerning Model 1, the like-
lihood ratio chi-square test was statistically significant,
X*(20) =510.243, p < .001, indicating our model contain-
ing the full set of predictors fit the data significantly bet-
ter than a null (or intercept-only) model. The Pearson
chi-square, x*(4048) = 3885.544, p = 0.966, and Deviance
chi-square, x*(4048) = 2656.903, p = 1.000, tests were both
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not statistically significant, suggesting the model can be
considered a good fit to the data. McFadden’s pseudo
R-square for this model was 0.15, indicating a moder-
ate improvement in the fit of our full model relative to
a model containing no predictors. Next, we tested the
omnibus effect of each of the predictors in the model,
which allowed us to determine which contributed signifi-
cantly to the overall model fit. The likelihood ratio tests
were all statistically significant (p < 0.001).

Table 3 presents the regression coefficients, standard
error and odds ratios for each of the four binary logit
models that refers to Model 1. For the first one, Focused
vs. Detached, both persistence (reversed) and gender
emerged as significant predictors holding the remain-
ing effects constant in the model. The negative slope
and odds ratio indicate that a female student is 3 times
more likely than a male student to be associated with
the Detached profile with respect to the Focused profile.
Conversely, a student with higher intended persistence
is about 1.6 times more likely to be associated with the
Focused profile than the Detached profile than a student
with higher intention to drop-out. For the Relational vs.
Detached model, the intercept is slightly significant and
positive, meaning that the likelihood of being associated
with Relational profile over Detached profile for an indi-
vidual with average values of engagement and intention
to persist is significantly greater than 0, independently of
their gender or attended degree course. We also note that
engagement and enrollment in an engineering course
emerged as significant predictors for this binary model.
The positive slopes for both variables and the respective
odds ratio indicate that a student having a higher engage-
ment is about 1.6 times more likely to be associated with
the Relational profile rather than the Detached profile,
while being enrolled in an engineering course leads to an
increasing likelihood of being associated with the Rela-
tional profile rather than the Detached profile of a fac-
tor of 4.4. Concerning Obligated vs. Detached model,
we found that all predictors are significant except being
enrolled in a Science course. For instance, being a female
student increases the likelihood of being associated with
the Detached profile vs. the Obligated profile of a factor
of 2.8, while students enrolled in an engineering course
are almost 2 times more likely to be associated with the
Obligated profile than the Detached profile. Finally, for
the Aspiring vs. Detached model, we note that the inter-
cept in this binary logit model is highly significant and
positive, thus individuals are in general more likely to be
associated with the Aspiring profile than the Detached
profile. However, while being a student in an engineering
course further increases the likelihood of being associ-
ated with the Aspiring profile of a factor of about 4, stu-
dents that have a higher engagement are 8 times more
likely to be associated with the Detached profile.
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Concerning Model 2, the likelihood ratio chi-square
test was statistically significant, x*(28)=535.84, p <
.001, indicating that our model contain the full set of
predictors fit the data significantly better than a null
(or intercept-only) model. The Pearson chi-square,
X2(4040) = 3883.560, p = 0.990, and Deviance chi-square,
X2(4040) = 2631.305, p =1.000, tests were both not statis-
tically significant, suggesting the model can be consid-
ered a good fit to the data. McFadden’s pseudo R-square
increased to 0.16, indicating however also in this case a
moderate improvement in the fit of our full model rela-
tive to a model containing no predictors. Next, we tested
the omnibus effect of each of the predictors in the model.
The likelihood ratio tests were all statistically significant
(p < 0.001), except for the course variable alone, whose
contribution is not statistically significant (p = 0.464).
Table 4 contains the regression coefficients, stander error
and odds ratios for each of the four binary logit mod-
els that refer to Model 2. In the first model, Focused vs.
Detached, the interaction terms are non-statistically
significant, while both persistence (reversed) and gen-
der remain as significant predictors. We note that a
female student is now about 3.6 times more likely than
a male student to be associated with the Detached pro-
file with respect to Focused profile. For the Relational
vs. Detached model, engagement is still a significant
predictor, but we note that interaction terms are also
significant. Specifically, while a female student in an engi-
neering course is more likely of being associated with the
Relational profile of a factor of 4.4, a female student in a
science course is 3 times more likely to be associated with
the Detached profile. The Obligated vs. Detached model
is very similar to Model 1, as interaction terms are in this
case not statically significant. Finally, for the Aspiring vs.
Detached model, the intercept remains significantly dif-
ferent from zero, meaning that individuals with average
values of engagement and intention to persist, would
have a greater propensity to be associated in Aspiring
profile than the Detached profile independently of gen-
der and attended degree course. Engagement is still a sig-
nificant predictor as for Model 1, while the odds ratio for
the interaction term engineering x gender indicates that
being a female student in an engineering course further
increases the likelihood of being associated with Aspiring
profile with respect to the Detached profile of a factor of
about 4.6.

Discussion

This study contributes to the literature on STEM iden-
tity by using a person-centered quantitative approach to
examine first-year undergraduate students enrolled in
science, technology and engineering degree programs.
Notably, this research is the first to utilize Archetype
Analysis within the broader framework of latent profile
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analysis in this context. In response to the increasing
focus on identity constructs in STEM education, we
examined the number and characteristics of different
STEM identity profiles, as well as how contextual factors
such as gender, course type, engagement and intention to
persist influence archetype membership.

RQ1
Our findings suggest that the diversity of STEM identity
among first-year undergraduates can be best captured by
five archetypes: Al: Focused, A2: Relational; A3: Obli-
gated; A4: Aspiring; A5: Detached. The emergence of
these five distinct profiles demonstrates that students in
various STEM courses are not a homogeneous group but
can instead be categorised into subgroups with unique
identity characteristics. This result extends previous
research, which has generally focused on the identity of
scientists or engineers in isolation (Robinson et al., 2018,
2019; Lockhart & Rambo-Hernandez, 2024), by empha-
sising the nuanced and multifaceted nature of STEM
identity across different fields of study (Silva et al., 2025).
Importantly, our analysis revealed more differentiated
and internally coherent profiles than earlier studies about
science and STEM-related identity at undergraduate level
carried out by Robinson et al. (2019) and by Lockhart and
Rambo-Hernandez (2024). In both studies, the emerging
profiles reflected scores modulated around the means,
with an unclear distinction in the indicator variables, for
instance, between medium high and high identity profiles
(Lockhart & Rambo-Hernandez, 2024) or between mod-
erate and high identity profiles (Robinson et al., 2019).
Differently, through Archetypal Analysis we were able
to clearly identify the contribution of each of the chosen
indicator variables—the STEM identity dimensions—
thus allowing us to better differentiate the latent profiles.
For instance, the most prevalent archetype (Obligated,
38%) corresponds to a student who may have pursued a
STEM degree due to external validation (e.g. perceived
recognition by peers or instructors) and a more internal-
ized perception of the self, rather than intrinsic motiva-
tion. These students may therefore feel a sense of duty or
expectation to persist in STEM but lack genuine interest.
This result suggests that enrolment decisions in STEM
may also be shaped by external social factors or percep-
tions of the utility of these courses for future careers (Dou
& Cian, 2022), with students having little awareness of the
specific content addressed in these courses (McComas &
Burgin, 2020). Conversely, archetype Relational (17.5%) is
typified by a genuine interest and intrinsic motivation in
STEM subjects, a high perceived utility value, and exter-
nal validation. However, it also indicates an uninternal-
ized perception of the self and perceived competence.
Students associated with this archetype are likely to be
on the right track, but lack self-assurance, suggesting that
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not all students embark on their academic journey with a
well-established STEM identity (Starr et al., 2020). Only
about 25% of the sample is more aligned with archetypes
Focused and Aspiring, which share high perception of the
self, interest, due to both intrinsic motivation and utility
value, and perceived competence, but differ in terms of
sense of belonging and perceived recognition. This new
finding suggests that even students who are commit-
ted to STEM and fully aligned with it may experience
low recognition from peers and instructors cognitively
and motivationally. This aligns with recent findings that
external recognition may develop and become internal-
ized differently from self-identification (Simpson et al.,
2025; Sundstrom & Holmes, 2025). Finally, a concerning
finding is that the second most common profile is asso-
ciated with archetype Detached (19%), characterized by
low scores in all STEM identity dimensions. Students
who are more aligned with this archetype may be at a
higher risk of dropping out (Kocsis & Molnar, 2025) and
may experience exclusion or alienation. These factors are
known to impact retention, particularly among under-
represented groups in specific STEM fields (London et
al,, 2011). This result may complement recent findings
from a systematic review (Jiang et al., 2025) according to
which STEM identity accounts for only 14% of the vari-
ance in STEM career intention. Therefore, our study con-
curs that future research should explore the role also of
other cognitive and contextual factors in shaping a STEM
career intention.

RQ2

With regard to our second research question, the pres-
ent study provides further evidence that gender sig-
nificantly influences STEM identity profiles among
first-year undergraduates. However, our person-centred
approach revealed different patterns within the sample.
Specifically, female students were less likely to be clas-
sified within archetypes Focused and Obligated, which
are characterised by high levels of perception of the self
as a STEM person, perceived competence and recogni-
tion, compared to the low-identity archetype Detached,
even when interactions between gender and disciplinary
area were controlled for. This suggests that these dimen-
sions of STEM identity may be particularly susceptible to
gender disparities, in line with previous research in sci-
ence (Alhadabi, 2021; Marshman et al., 2018; Miles &
Naumann, 2021) and physics (Marshman et al., 2018).
However, we also found that gender did not significantly
predict membership of archetype Aspiring, characterised
by high perception of the self as a STEM person, inter-
est, and perceived competence, but low perceived rec-
ognition. This result therefore challenges the findings of
previous studies in the physics domain, which suggest
that even women majoring in fields in which they are not
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underrepresented (e.g. bioscience) may have a weaker
sense of identity than their male counterparts due to a
lack of recognition (Cwik & Singh, 2022). One possible
explanation for this mixed evidence is the broader disci-
plinary representation in our sample, which included stu-
dents from a great variety of STEM degree courses. Thus,
different patterns in the identity dimensions may emerge
in less homogeneous STEM samples, as suggested by a
recent longitudinal study in the vocational research field
(Gao et al.,, 2025). Furthermore, our results may reflect
the fact that female students develop their STEM identity
later in their academic careers, as suggested by studies in
engineering contexts (Lockhart & Rambo-Hernandez,
2024).

Another contribution of this study is the finding that
students enrolled in engineering programmes were more
likely to be associated with Archetypes Relational, Obli-
gated and Aspiring than with Detached, as opposed to
those enrolled in technology courses. Notably, technol-
ogy students tended to cluster within the low-identity
archetype. This highlights a potential area of concern
regarding persistence and dropout risk in these fields,
given the established link between identity and academic
retention (Jaiswal et al., 2022). Engineering students were
almost four times more likely to belong to the archetypes
Relational and Aspiring, which are characterised by high
interest and relatedness. This finding supports previous
research suggesting that engineering identity is strongly
influenced by interest in and engagement with disciplin-
ary practices (Bahnson et al., 2023; Godwin, 2016; Verdin,
2021). This trend was particularly evident among female
engineering students, who were four times more likely
than their male counterparts to be associated with these
archetypes. This result aligns with previous research on
the development of engineering identity among women
(Godwin & Potvin, 2017; Lockhart & Rambo-Hernandez,
2024) and suggests that interest and social relatedness are
particularly salient components in the identity formation
process for female students. Likewise, when considering
the roles of engagement and intention to persist, differ-
ent patterns emerged within the sample. Engagement
was a significant predictor of membership of archetypes
Relational and Obligated, which are both characterized
by strong social relatedness and recognition. This sup-
ports the idea that positive interactions with peers and
instructors can have a beneficial effect on STEM identity,
even when perception of the self as a STEM person has
not yet been internalized or when both intrinsic motiva-
tion in and utility value of the subject are low (Shernoff et
al., 2016; Zhoc et al., 2019). However, higher engagement
was associated with a lower likelihood of belonging to the
Aspiring archetype, which is characterized by high values
across all identity dimensions except for perceived rec-
ognition. It should be noted, however, that, for the whole
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sample, being associated with archetype Aspiring ver-
sus Detached is significantly more likely, independently
of all the other measured covariates, and that higher
engagement decreases such likelihood while remaining
significant. One possible interpretation is that perceived
recognition from instructors constitutes a significant part
of engagement in the degree course. Overall, these results
suggest that engagement and STEM identity largely over-
lap in terms of recognition and sense of belonging.

Consistently with previous STEM field research (Guo
et al,, 2022; Lockhart et al.,, 2022; Vincent-Ruz & Schunn,
2018), the intention to persist in the chosen degree pro-
gram was a significant predictor of membership of arche-
types characterized by high perception of the self as a
STEM person, perceived competence and recognition
(Focused and Obligated versus Detached). However, we
note that the students that tend to the Obligated arche-
type are likely to show low levels of intrinsic motivation
in and perceived utility value of the contents studied in
the chosen course. Thus, our results are also consistent
with reviews that highlight the debated role of interest in
fostering greater persistence and retention in higher edu-
cation (Kocsis & Molndr, 2025; Li & Wong, 2019).

Finally, we note that our Archetype Analysis can signif-
icantly complement qualitative research on STEM iden-
tity (e.g. Matusovich et al., 2010; Simpson et al., 2025;
Tripp & Liu, 2024). For instance, the differences between
the extracted profiles can be contextualized by qualitative
interviews with typical students of each profile or trian-
gulated with qualitative narratives of their lived experi-
ences to better understand the mechanisms underlying
these differences. This was done for instance by Liong et
al. (2023), who complemented their quantitative study
with 821 female students aimed at uncovering profiles in
computer science with structured interviews with 20 stu-
dents aimed at identifying further insights into females’
experiences with computer science. Overall, integrat-
ing the qualitative and quantitative person-centered
approaches through mixed-methods designs enables
researchers to triangulate findings, enhancing validity
and offering a holistic understanding of STEM identity
formation that captures both macro-level patterns and
micro-level meanings (Creswell & Clark, 2017).

Limitations

Despite the novel approach adopted in this study to
investigate STEM identity, several limitations should be
acknowledged. Firstly, as is common with person-cen-
tered methodologies, the latent profiles identified are
specific to our sample, which may limit the generalisabil-
ity of these findings. Data were collected from students
attending classes in person during the second semes-
ter of their first year, thereby excluding those who had
withdrawn after the first semester or were not attending
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classes in person. Although efforts were made to mitigate
sampling bias by including participants from 20 under-
graduate degree programs across three STEM disciplines
(science/mathematics, engineering and technology),
the representativeness of the sample remains a concern.
Future research should explore whether similar profiles
emerge in different institutional contexts and at various
stages of course attendance. Secondly, while the study
examined key components of STEM identity, such as
self-identification, perceived competence, interest, recog-
nition and sense of belonging, this was done solely within
an academic context. Other ways in which individuals
may perceive themselves as part of STEM outside of aca-
demia were not considered. Thirdly, gender was opera-
tionalised as a binary variable. While this approach aligns
with much of the existing literature and facilitated robust
statistical analysis, it does not capture the full spectrum
of gender diversity. Future studies should incorporate
more inclusive measures of gender to better reflect the
diversity of student experiences in STEM. Fourth, we
accounted only for differences due to the different dis-
ciplinary STEM macro-areas, engineering, math and
science, and technology. However, within the same disci-
plinary area, there could be potential variations that can
occur due to the different instructors, classroom environ-
ment, and difficulty of content addressed. Future research
studies may address such weakness by including the ones
reported above as well as other contextual variables more
related to the teaching practice of the degree courses.

Finally, academic performance data could not be col-
lected for all participants. Consequently, the relationship
between the identified profiles and academic outcomes
could not be fully explored. Subsequent research should
therefore aim to address this gap by examining how these
profiles relate to performance at various stages of the
academic career.

Conclusions

This study contributes to the growing body of research on
STEM identity by employing a novel statistical analysis
to study this construct from a person-centered perspec-
tive. This approach allowed us to identify individual dif-
ferences in students’ patterns of interrelationship among
the identity dimensions used. Our findings revealed five
distinct STEM identity profiles among first-year STEM
course students. Notably, both gender and the specific
course attended were found to significantly influence pro-
file membership. Furthermore, the interaction between
gender and degree course suggests that the internalisa-
tion of STEM identity may occur differently for female
students than for their male counterparts. The results
also indicate that STEM identity is shaped by students’
engagement and their intention to persist with their cho-
sen degree program, thereby reinforcing the critical role

(2026) 13:9

Page 14 of 18

of engagement in academic trajectories. Future studies
could fruitfully explore the origins and implications of
these distinct profiles, as well as the interplay between
STEM identity and other affective variables. The aim
would be to elucidate how these relationships impact stu-
dents’ persistence and performance in STEM academic
careers. Furthermore, the nuanced differences in identity
profiles revealed by person-centered approaches, such as
the Archetype Analysis used in the present study, sug-
gest that more sophisticated STEM identity assessment
tools can help to identify students at risk and inform the
design of more effective, personalized support strategies.

The findings of this study have several important impli-
cations for STEM education at undergraduate level
Firstly, the persistent gender disparities in STEM identity,
as evidenced by our study—particularly with regard to
self-identification, perceived competence and recogni-
tion by instructors—highlight the need for targeted inter-
ventions to support female students, particularly in the
fields of science and technology. Potential educational
programs at undergraduate level aimed to develop STEM
identity should prioritize strategies that foster these iden-
tity dimensions, such as mentorship opportunities, vis-
ible role models and inclusive classroom practices that
actively recognize and validate female students’ contribu-
tions (Miles & Vela, 2025; Singer et al., 2020). Secondly,
in agreement with recent studies (Sonnert et al., 2025)
variation in identity profiles across different STEM dis-
ciplines suggests that such programs should not adopt a
one-size-fits-all approach but consider the unique chal-
lenges and motivations within each STEM discipline in
order to mitigate also the drop-out risk and enhance per-
sistence (Elsdon et al., 2025). For instance, tailored inter-
ventions that emphasize the significance of the habitus,
i.e. personal dispositions that allow a person to act, think
and orient themselves in the social world, technical-
science capital, i.e. the set of knowledge and resources
related to technical science, and social practice (Eng-
strom & Blom, 2024) may potentially enhance students’
perception of the self as a STEM person, especially in dis-
ciplinary areas as Technology, where students were more
likely to exhibit lower STEM identity and higher inten-
tion to drop-out from the degree course.

Thirdly, the finding that engagement predicts mem-
bership of identity profiles characterized by social relat-
edness and recognition, particularly among engineering
students, suggests that creating opportunities for mean-
ingful interaction with peers and instructors can have a
positive influence on students’” STEM identity. Institu-
tions might therefore consider integrating active learning,
group work and faculty-student interaction into STEM
courses, in order to promote sense of belonging and
recognition among freshmen students. Innovative cur-
ricula that emphasize collaborative projects, real-world
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applications, and community-building activities may be
especially effective in strengthening STEM identity, par-
ticularly among underrepresented and underserved stu-
dents (Barajas-Salazar et al, 2025; Richter & Kjellgren,
2024). Fourthly, the correlation between a strong sense of
identity in STEM subjects and the intention to continue
studying in this field highlights the importance of iden-
tity-focused interventions in improving retention rates.
Programs that help students to articulate and develop
their STEM identities, for example through reflective
activities, career exploration and recognition of achieve-
ments, could be a valuable addition to well-established
university practices. These programs may contribute to
higher persistence rates, even among students who are
initially uninterested or feel a low sense of relatedness
(Graham et al., 2014; Thompson et al., 2023). In sum-
mary, these findings highlight the importance of multi-
faceted, context-sensitive and identity-aware educational
practices in both formal in-school and informal out-of-
school time STEM activities (e.g. Ovid et al., 2023; Son-
nert et al,, 2025). Addressing the various ways in which
students experience and internalize their STEM identity
can enable educators to provide more effective support
for persistence, engagement, and success in all STEM
disciplines.
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