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What Does the “Person-Centered Quantitative Analysis” Mean in
Practice? A Literature Review in STEM Education Research (WIP)

Abstract

Background: This work-in-progress paper is a theory-oriented review of the use of person-
centered quantitative analysis in STEM education research. Despite ongoing reform efforts,
equity remains a central challenge in STEM education, where socioeconomic stratification,
structural racism, and gender inequities persist. Traditional variable-centered quantitative
methods are effective for identifying average trends but may obscure within-group heterogeneity
and reinforce dominant-group norms. Person-centered quantitative analysis offers an alternative
by foregrounding individual configurations and subgroup dynamics.

Purpose: The purpose of this review is to synthesize how person-centered quantitative analysis
has been applied in STEM education research and how they complement or extend traditional
variable-centered analyses. The guiding research question is: In STEM education research, what
research questions are addressed using person-centered quantitative analysis, what models are
employed, and what key conclusions are drawn?

Methods: Following Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines, a systematic literature search was conducted using Scopus as the primary
database. The initial search, using education-focused keywords and exclusion criteria, yielded
156 articles. After applying additional filters, including publication year (2014-2024), language,
article type, and relevance to quantitative, empirical STEM education research focused on
students, 13 studies were retained for final review.

Results: The reviewed studies primarily used person-centered approaches to identify learner
profiles related to motivation, emotion, cognition, and identity, and to examine their associations
with engagement, achievement, and career-related outcomes. Latent Profile Analysis and Latent
Class Analysis were the most frequently employed models, often integrated with regression,
longitudinal designs, or mixed methods. Findings consistently revealed subgroup-specific
patterns, including gendered and cultural differences, as well as dynamic transitions in learner
profiles over time.

Future Work: The next step of this study is to expand the literature corpus by incorporating
additional databases and refining search strategies to capture a broader range of education-
focused publications. We will also attend to emerging computational methods that enable more
fine-grained analyses, examining how these developments may shape the operationalization of
person-centered quantitative analysis.

Keywords: Engineering Education, STEM Education, Quantitative Methods, Person-Centered
Analysis, Latent Profile Analysis, Equity in STEM



Introduction

Despite decades of reform, higher education remains stratified. Institutional structures continue
to produce unequal outcomes by race, class, and gender, with high-socioeconomic status (SES)
students concentrated in elite institutions [1] and underrepresented groups in STEM marginalized
through assimilationist diversity programs [2] and gendered enrollment patterns [3]. Although
critical frameworks such as Critical Race Theory (CRT) and Culturally Sustaining Pedagogy
challenge these dynamics [4], [5], they are applied primarily in qualitative research.

In quantitative research, variable-centered methods often emphasize broad generalizations. From
a QuantCrit perspective, however, numbers are not neutral [6]. Traditional models risk treating
social categories as fixed and centering white male students as the normative reference group [7].
Person-Centered Quantitative Analysis (PCA) identifies distinct configurations within
individuals and subgroups, moving beyond population-level averages [8]. Scholars have argued
that such approaches hold equity-oriented promise by centering the experiences of marginalized
populations [9], [10].

This paper reviews the use of PCA in STEM education to expand researchers’ methodological
repertoires. The guiding research question is: In STEM education research, what research
questions are addressed using person-centered quantitative analysis, what models are
employed, and what key conclusions are drawn?

Person-Centered Quantitative Analysis

Quantitative research can be grouped into three approaches: variable-centered, person-centered,
and person-specific [7]. Variable-centered approaches assume population homogeneity and
examine relationships among variables using methods such as regression and structural equation
modeling. Person-centered approaches identify subgroups with shared characteristics, using
techniques such as latent profile and cluster analysis to capture subgroup-specific dynamics.
Person-specific approaches focus on within-individual variability over time, employing methods
such as state-space modeling and dynamic factor analysis.

Prior work highlights the distinct value of PCA relative to variable-centered methods. Whereas
variable-centered analyses estimate general effects, PCA reveals group-specific patterns [8]. For
instance, while regression may generalize the association between SES and achievement, Latent
Profile Analysis (LPA) has identified “resilience profiles” that show how particular cognitive
and socio-emotional resources support students with low SES [11]. These approaches can also be
complementary; combining regression with LPA has uncovered impulsivity profiles related to
suicide risk that traditional regression models fail to detect [12].

Although PCA is well established in health and psychology research on behaviors such as sleep
[13] and motivation [14], its use in Engineering Education Research (EER) is emerging. Existing
studies suggest that PCA can advance equity-oriented research in EER [9]. Recent applications
include Topological Data Analysis to identify latent identities [15] and feminist and QuantCrit-
informed analyses to interrogate power dynamics in quantitative data [10]. Methodological rigor
remains critical; limitations in some models, such as Latent Class Models, have prompted calls
for more robust Growth Mixture Models to improve longitudinal model fit [16].



Method

This WIP paper used Scopus as the primary database. The initial search strategy included the
following keywords: abstract (person AND centered) AND abstract (science OR technology OR
math* OR engineer®* OR stem) AND source title (education®*) AND NOT source title
(psychology) AND NOT source title (nurs* OR pharmaceutical OR medical OR health). Here,
“source title” refers to the journal or publication title in which an article appears. In this WIP
study, exclusion keywords were applied to precisely target education-focused research. Future
work will broaden the scope of the “source title” field to include a more comprehensive body of
literature. The initial search yielded 156 articles.

In the second step, we applied several exclusion criteria. We excluded studies published before
2014, non-scholarly journal articles, non-English articles, and review papers, resulting in a
dataset of 91 studies. We then conducted a further screening process based on the following
criteria: studies that did not involve quantitative analysis, did not focus on students in STEM
education, or were not empirical studies. Examples of studies excluded at this stage include those
focusing on qualitative analysis or person-centered teaching and learning, and studies examining
teacher training programs or focusing on teachers rather than students. 13 studies remained for
the final review. Fig. 1 (Appendix A) presents the PRISMA flow diagram.

Findings
Research Aim

A primary focus of the studies is identifying learner profiles based on motivation, emotion,
cognition, and identity. For example, studies examined science-related motivation among 15-
year-old students [17], [18]. Other research identified motivational profiles in secondary
mathematics classrooms [19] and analyzed basic psychological needs profiles of engineering
students to assess motivational dynamics [20]. Cognitive-affective profiles of children aged 8 to
10 were also examined [21], as well as emotional profiles of fourth- and fifth-grade primary
school students (ages 9-11) in mathematics contexts [22]. Undergraduate engineering students
were further grouped based on non-cognitive and affective factors [23], and epistemic
knowledge profiles were investigated among high school students [24]. Regarding identity,
Information and Communications Technology (ICT) identity profiles among female high school
students were explored [25], science identity classifications were examined in relation to
hypothesized identity statuses [26], and Inclusive Professional Engineering Identity among first-
year engineering students was investigated [27].

Another theme concerns the links between learner profiles and educational outcomes. For
example, epistemic profiles were shown to shape learning engagement [24]. Other studies
examined how interest influences comprehension of mathematical argumentation [28] and how
emotional profiles relate to task values and mathematics achievement [22]. Research also
investigated how cognitive-affective profiles (working memory, test anxiety, and self-regulation)
relate to mathematical performance [21], and how metacognitive profiles affect mathematical
performance [29]. In addition, science and ICT identity profiles were linked to career intentions
and related outcomes [18], [25], and science career expectations were examined across different
motivation profiles [17].



Studies also investigated how contextual factors shape learner profiles. For instance, emotional
profiles were analyzed across countries and grade levels [22]. The effects of interventions,
gender, and engineering identity on the stability of IPEI classifications were also examined [27].
Other research explored how instructional practices, engagement, gender, and socioeconomic
status influence motivation profiles [17], [18]. Moreover, international experiences and academic
engagement were associated with global awareness profiles [30], and situational engagement
patterns in science lessons were linked to task values and expectations [31]. Teaching quality
was also shown to affect the stability of motivational profiles [19].

Sample and Models

Among younger learners, one study examined 624 Swedish students aged 8 to 10 [21], while
another analyzed 6,778 primary-level students from Norway, Portugal, and Serbia [22]. At the
middle and high school levels, small-sample studies included 77 Chilean ninth-grade students
[31] and 156 high school students from a rural district in Texas [26]. Medium-sized datasets
included 631 Taiwanese high school students [24], 708 Singaporean secondary students [29], and
821 female high school students in Hong Kong [25]. Large-scale datasets included 6,020
German students transitioning from Grade 9 to 10 [19], 9,841 Chinese 15-year-old students from
268 schools [18], and 11,583 Italian students from the PISA 2015 dataset [17]. Almost all
college-level datasets were drawn from the United States. Sample sizes ranged from small
studies with 64 undergraduates [28] to medium-sized datasets of 425 engineering students [30]
and 683 first-year engineering students [27]. Larger datasets included 2,339 undergraduate
engineering students [23]. Only one study examined a non-U.S. college population, analyzing
1,864 engineering students from the Netherlands [20].

In terms of analytical approaches, most studies used Latent Profile Analysis or Latent Class
Analysis (LCA) to identify learner profiles. LPA was commonly applied to group students based
on motivational, epistemic, ICT-related, and emotional factors [19], [22], [24], [25]. LCA was
used to examine science identity classifications [26], while Gaussian Mixture Modeling clustered
students’ non-cognitive and affective characteristics [23]. Several studies incorporated additional
methods to strengthen analyses. For example, LPA was combined with regression to examine
links between metacognitive profiles and academic performance [29]. Longitudinal approaches
tracked changes in motivational profiles over time [19], and LPA was integrated with the
Experience Sampling Method to capture dynamic engagement in science lessons [31]. Mixed-
methods designs were also used, pairing LPA with qualitative interviews to deepen interpretation
of profile characteristics [25].

Contribution in the Research Results

The reviewed studies identified diverse learner profiles and demonstrated their links to
motivation and engagement. For instance, motivation within basic psychological needs profiles
evolved over a semester, with notable changes in autonomy and competence [20]. Three
epistemic knowledge profiles were identified, showing that science learning engagement
depends not only on knowledge understanding but also on perceptions of certainty and
complexity [24]. High situational engagement patterns in science lessons were also strongly
associated with higher task values [31].



The studies further demonstrated relationships between learner profiles, educational outcomes,
and career expectations. Students with strong self-regulation and working memory outperformed
peers with high test anxiety in mathematics [21]. Higher metacognitive regulation and
metacognitive knowledge were similarly associated with better mathematics performance [29].
Learners with higher motivation and stronger emotional engagement were more likely to achieve
academic success, whereas those with lower self-regulation and higher stress faced greater
challenges [23]. Distinct ICT identity profiles were also identified among female students, with
stronger ICT identities linked to higher intentions to pursue ICT-related careers [25].

Research additionally identified factors shaping the formation and evolution of learner profiles.
Four motivational profiles were identified among secondary students, with classroom
characteristics such as teacher support and perceived fairness influencing profile changes over
time [19]. Latent Transition Analysis showed that Inclusive Professional Engineering Identity
classifications among first-year engineering students were dynamic, with gender and educational
interventions shaping transitions between identity profiles [27]. Global awareness among
engineering students was also significantly influenced by international experiences and academic
engagement [30].

Discussion and Future Work

Most studies classify learner profiles based on subjective characteristics such as motivation,
emotion, and identity, while educational outcomes are typically operationalized through
standardized measures. Linking subjective profiles to standardized outcomes reflects a pragmatic
attempt to move beyond binary thinking in research paradigms [32]. Notably, although equity
and QuantCrit motivate this review, most reviewed studies employed PCA for profile
identification rather than as an explicitly equity-oriented tool, highlighting an opportunity to
integrate PCA with critical frameworks in future research.

The review shows substantial variability in sample sizes, raising concerns about the reliability of
findings. Smaller samples (e.g., n = 77) may lack sufficient statistical power to identify distinct
subgroups. Conversely, studies using large datasets often rely on pre-existing databases, limiting
researchers’ control over data collection and reducing flexibility for study-specific goals. In
addition, while pre-college datasets are internationally sourced, college-level studies are largely
conducted in the United States. This imbalance underscores the need for a more global
perspective in higher education research [33]. Methodologically, most studies rely on LPA and
LCA [9], with alternative models such as Gaussian Mixture Modeling remaining underutilized.
Mixed-methods designs and emerging assessment strategies offer further opportunities for
innovation [34], [35].

This review offers an initial mapping of PCA use in STEM education, with implications for
future equity-oriented research in engineering education [36]. As a WIP, this review relied solely
on Scopus, which may underrepresent studies indexed in ERIC or Web of Science. Future work
will expand the scope of the literature by incorporating additional databases and extending the
review to interdisciplinary educational contexts. In addition, advances in computational methods,
such as topological data analysis [15] and machine learning-based clustering, may reshape how
PCA is operationalized and warrant continued attention.



References

[1T A. W. Astin and L. Oseguera, “The declining ‘equity’ of American higher education,” Rev.
Higher Educ., vol. 27, no. 3, pp. 321-341, 2004, doi: 10.1353/rhe.2004.0001.

[2] E. O. McGee, “Interrogating structural racism in STEM higher education,” Educ. Res., vol.
49, no. 9, pp. 633-644, 2020, doi: 10.3102/0013189X20972718.

[3] E. Smith, “Women into science and engineering? Gendered participation in higher education
STEM subjects,” Br. Educ. Res. J., vol. 37, no. 6, pp. 993-1014, 2011, doi:
10.1080/01411926.2010.515019.

[4] S. R. Harper, L. D. Patton, and O. S. Wooden, “Access and equity for African American
students in higher education: a critical race historical analysis of policy efforts,” J. Higher Educ.,
vol. 80, no. 4, pp. 389414, 2009, doi: 10.1353/jhe.0.0052.

[5] T. L. McCarty and T. S. Lee, “Critical culturally sustaining/revitalizing pedagogy and
Indigenous education sovereignty,” Harvard Educ. Rev., vol. 84, no. 1, pp. 101-124, 2014, doi:
10.17763/haer.84.1.q83746nl5p;j34216.

[6] D. Gillborn, P. Warmington, and S. Demack, “QuantCrit: education, policy, ‘Big Data’ and
principles for a critical race theory of statistics,” Race Ethn. Educ., vol. 21, no. 2, pp. 158-179,
2018, doi: 10.1080/13613324.2017.1377417.

[7] M. C. Howard and M. E. Hoffman, “Variable-centered, person-centered, and person-specific
approaches: where theory meets the method,” Organ. Res. Methods, vol. 21, no. 4, pp. 846876,
2018, doi: 10.1177/1094428117744021.

[8] B. Laursen and E. Hoff, “Person-centered and variable-centered approaches to longitudinal
data,” Merrill-Palmer Q., vol. 52, no. 3, pp. 377-389, 2006, doi: 10.1353/mpq.2006.0029.

[9] T. Slominski et al., “Calling for equity-focused quantitative methodology in discipline-based
education research: an introduction to latent class analysis,” CBE—Life Sci. Educ., vol. 23, no. 4,
Art. no. ar51, Oct. 2024, doi: 10.1187/cbe.24-01-0023.

[10] D. Reeping, W. Lee, and J. London, “Person-centered analyses in quantitative studies about
broadening participation for Black engineering and computer science students,” J. Eng. Educ.,
vol. 112, no. 3, pp. 769795, 2023, doi: 10.1002/jee.20530.

[11] J. Holzer, M. Maximino-Pinheiro, and G. Borst, “SES and academic achievement are (not
always) related: profiles of student SES, academic achievement and their links to socio-
emotional, cognitive, and metacognitive characteristics,” Learn. Instr., vol. 95, Art. no. 102055,
2025, doi: 10.1016/j.learninstruc.2024.102055.

[12] A. Wiglesworth et al., “A multi-level examination of impulsivity and links to suicide
ideation among Native American youth,” J. Affect. Disord., vol. 367, pp. 923-933, 2024, doi:
10.1016/j.jad.2024.08.225.



[13]J. Huang et al., “Latent classes of sleep problems and subjective cognitive decline among
middle-aged and older adults in the United States,” Arch. Gerontol. Geriatr., vol. 129, Art. no.
105657, 2025, doi: 10.1016/j.archger.2024.105657.

[14] M. Vansteenkiste, E. Sierens, B. Soenens, K. Luyckx, and W. Lens, “Motivational profiles
from a self-determination perspective: the quality of motivation matters,” J. Educ. Psychol., vol.
101, no. 3, pp. 671-688, 2009, doi: 10.1037/a0015083.

[15] A. Godwin et al., “New epistemological perspectives on quantitative methods: an example
using topological data analysis,” Stud. Eng. Educ., vol. 2, no. 1, May 2021, doi: 10.21061/see.18.

[16] W. Johnson, “The problem of latent class trajectory analysis in child growth and obesity
research,” Ann. Hum. Biol., vol. 50, no. 1, pp. 1-3, Feb. 2023, doi:
10.1080/03014460.2023.2189750.

[17]J. Radisi¢, P. Selleri, F. Carugati, and A. Baucal, “Are students in Italy really disinterested
in science? A person-centered approach using the PISA 2015 data,” Sci. Educ., vol. 105, no. 2,
pp. 438-468, Mar. 2021, doi: 10.1002/sce.21611.

[18] Y. Zhai and X. Liu, “Science career expectation and science-related motivation: a latent
profile analysis using PISA 2015 data,” Int. J. Sci. Educ., vol. 47, no. 11, pp. 1401-1427, Jul.
2025, doi: 10.1080/09500693.2024.2366045.

[19] R. Lazarides, J. Dietrich, and P. H. Taskinen, “Stability and change in students’
motivational profiles in mathematics classrooms: the role of perceived teaching,” Teach. Teach.
Educ., vol. 79, pp. 164-175, Mar. 2019, doi: 10.1016/j.tate.2018.12.016.

[20] G. Bombaerts and B. Vaessen, “Motivational dynamics in basic needs profiles: toward a
person-centered motivation approach in engineering education,” J. Eng. Educ., vol. 111, no. 2,
pp- 357-375, Apr. 2022, doi: 10.1002/jee.20448.

[21] M. Nyroos, B. Jonsson, J. Korhonen, and H. Ekl6f, “Children’s mathematical achievement
and how it relates to working memory, test anxiety and self-regulation: a person-centred
approach,” Educ. Inq., vol. 6, no. 1, Art. no. 26026, Jan. 2015, doi: 10.3402/edui.v6.26026.

[22] J. Radisi¢ et al., “Scared, bored or happy? Latent profile analyses of primary school students’
academic emotions about math,” Educ. Sci., vol. 14, no. 8, Art. no. 841, Aug. 2024, doi:
10.3390/educsci14080841.

[23] M. Scheidt et al., “Engineering students’ noncognitive and affective factors: group
differences from cluster analysis,” J. Eng. Educ., vol. 110, no. 2, pp. 343-370, Apr. 2021, doi:
10.1002/jee.20386.

[24] T.-J. Lin, “High school students’ epistemic knowledge profiles and their multifaceted
learning engagement in science,” Res. Sci. Technol. Educ., vol. 41, no. 3, pp. 1088—1100, Jul.
2023, doi: 10.1080/02635143.2021.1985446.

[25] M. Liong, D. Y. Yeung, G. H.-L. Cheng, and R. Y. H. Cheung, “Profiles of ICT identity and



their associations with female high school students’ intention to study and work in ICT: a mixed-
methods approach,” Comput. Educ., vol. 195, Art. no. 104722, Apr. 2023, doi:
10.1016/j.compedu.2022.104722.

[26] M. E. Lockhart, O.-M. Kwok, and M. Yoon, “Investigating science identity classifications
of rural high school students: a person-centered approach,” Int. J. Sci. Educ., vol. 46, no. 16, pp.
1671-1689, Nov. 2024, doi: 10.1080/09500693.2023.2293681.

[27] M. E. Lockhart, K. Rambo-Hernandez, and R. Atadero, “Investigating inclusive
professional engineering identity developmental patterns of first-year engineering majors: a
person-centered approach,” J. Eng. Educ., vol. 113, no. 1, pp. 75-102, Jan. 2024, doi:
10.1002/jee.20567.

[28] K. A. Renninger, A. L. Gantt, and D. A. Lipman, “Comprehension of argumentation in
mathematical text: what is the role of interest?” ZDM Math. Educ., vol. 55, no. 2, pp. 371-384,
Mar. 2023, doi: 10.1007/s11858-022-01445-4.

[29] L. Y. Tay, M. Chan, S. K. Chong, J. Y. Tan, and T. B. Aiyoob, “Learning of mathematics: a
metacognitive experiences perspective,” Int. J. Sci. Math. Educ., vol. 22, no. 3, pp. 561-583,
2024, doi: 10.1007/s10763-023-10385-8.

[30] S. Kulturel-Konak, “Person-centered analysis of factors related to STEM students’ global
awareness,” Int. J. STEM Educ., vol. 7, no. 1, Art. no. 40, Dec. 2020, doi: 10.1186/s40594-020-
00239-y.

[31] K. Upadyaya et al., “Patterns of situational engagement and task values in science lessons,”
J. Educ. Res., vol. 114, no. 4, pp. 394—403, Jul. 2021, doi: 10.1080/00220671.2021.1955651.

[32] V. Kaushik and C. A. Walsh, “Pragmatism as a research paradigm and its implications for
social work research,” Soc. Sci., vol. 8, no. 9, Art. no. 255, 2019, doi: 10.3390/socsci8090255.

[33] D. Nieusma and D. Riley, “Designs on development: engineering, globalization, and social
justice,” Eng. Stud., vol. 2, no. 1, pp. 2959, Apr. 2010, doi: 10.1080/19378621003604748.

[34] B. M. Olds, B. M. Moskal, and R. L. Miller, “Assessment in engineering education:
evolution, approaches and future collaborations,” J. Eng. Educ., vol. 94, no. 1, pp. 13-25, Jan.
2005, doi: 10.1002/5.2168-9830.2005.tb00826.x.

[35] M. Borrego, E. P. Douglas, and C. T. Amelink, “Quantitative, qualitative, and mixed
research methods in engineering education,” J. Eng. Educ., vol. 98, no. 1, pp. 53-66, Jan. 2009,
doi: 10.1002/5.2168-9830.2009.tb01005.x.

[36] R. Adams et al., “The research agenda for the new discipline of engineering education,” J.
Eng. Educ., vol. 95, no. 4, pp. 259-261, 2006, doi: 10.1002/j.2168-9830.2006.tb00900.x.

[37] M. J. Page et al., "The PRISMA 2020 statement: an updated guideline for reporting
systematic reviews," BMJ, vol. 372, Art. no. n71, Mar. 2021, doi: 10.1136/bmj.n71.



Appendix A

Fig. 1. PRISMA flow diagram for the literature review [37].
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