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Science, Engineering, and Research Identities in Graduate Engineering Education:
A Latent Profile Analysis

This empirical full research paper discusses a latent profile analysis of graduate students’
engineering identities. Drawing from role identity theory [1], engineering identity captures how
individuals come to view themselves as a particular “kind of person” within engineering [2] and
that they belong in engineering. It is associated with important outcomes like career choice [3],
[4], increased motivation [5], and persistence [6], [7], [8]. While research on undergraduate
engineering identity has been extensive, the unique dynamics of identity formation among
graduate engineering students are not as well understood [9]. Like undergraduate engineering
identity, graduate engineering identity is theorized to encompass sub-constructs related to
interest, performance/competence, and recognition [10], but it also expands into three domains of
engineering, science, and research [10], [11], [12]. This is likely a reflection of the shift away
from undergraduate coursework and internships [13], [14] and towards graduate dissertations and
research assistantships [15], [16]. But exactly how these experiences and sub-domains interact is
not known.

As graduate engineering identity has been recognized as a predictor of persistence [17], better
understanding how the sub-domains of science, engineering, and research identity contribute to
graduate engineering identity may also help predict attrition. Attrition is a serious issue in
graduate engineering education, with more than half of doctoral students contemplate leaving
without finishing [18]. While the stresses of graduate school are frequently cited as reasons for
leaving, such as navigating advisor issues and relationships, dealing with the stress of
coursework and qualifying exams, and managing research challenges and completing
dissertations [19], [20], the new challenges in the domains of science and research may also
contribute as students to learn anew what it means to ‘be an engineer’ [11]. Taken together,
existing research establishes that engineering identity matters for persistence and that graduate
students navigate multiple identity domains. However, we lack a person-centered understanding
of whether graduate students experience aligned, misaligned, or uneven identity configurations,
and their implications for attrition. Addressing this gap is necessary to clarify the structure and
impact of graduate engineering identity and its impact on student outcomes.

The present study sought to examine how engineer, scientist, and researcher identities co-occur
among graduate engineering students and relate to persistence using a two-step latent profile
analysis [21]. First, latent profile analysis was used to identify latent groups or clusters of
students characterized by similar patterns of identity across these domains. Next, auxiliary
analyses were used to better understand how these latent profiles relate to other aspects of
identity (e.g., discipline, race, international status, gender, and degree progress) and the
relationships between the identity profiles and degree uncertainty. The research was guided by
three overarching questions: RQ1: Do graduate students’ engineering identities form latent



profiles with distinct, complex interrelations across the SER domains, and what do these profiles
communicate about heterogeneity in graduate engineering identity? RQ2: Is there an
under/overrepresentation of students in specific latent profiles by discipline, race, international
status, gender, or degree progress? RQ3: To what extent do the graduate engineering identity
profiles explain degree uncertainty?

Table 1: Demographics of final sample

Method

Milestones Completed

Count Percentage

No Milestones 324 29%
Comprehensive Exam (Written or Oral) 373 33%
Dissertation Proposal 286 25%
Dissertation Defense 51 5%

Not Answered 99 9%

Gender Identity

Women 395 35%
Men 692 61%
Genderqueer, agender, or write-in 15 1%

Not Answered 28 2%

Race/Ethnicity

Asian 315 28%
Black or African American 23 2%

Hispanic, Latino/Latina/Latinx, or Spanish 36 3%

Middle Eastern or North African 44 4%

Native Hawaiian or Other Pacific Islander 1 0%

White 581 51%
Multiple Options Selected 90 8%

Another race or ethnicity not listed above 10 1%

Not Answered 33 3%

International Status

Domestic 718 63%
International 405 36%
Not Answered 10 1%

Participants. A national, stratified sample of
U.S. graduate students were asked to
participate in a study about their experiences,
identities, and motivations during the 2017-
2018 school year. Engineering departments
were sampled by size and location to create a
representative sample from approximately
120 institutions, with a final sample of 1754
students. Because Master’s and doctoral
programs differ in a number of ways, such as
time to degree, financial costs, and research
focus, only students enrolled in doctoral
programs were used in the current analysis (n
=1133).

Measures. To measure graduate engineering
identity, three scales refined for use with
graduate engineering students were used to
assess graduate engineering identity (for
more information about the scale validation
see [10]. Participants were asked to rate their
agreement/disagreement on a 5-point Likert
scale regarding their recognition,
performance/competence, and interest as
engineers, scientists, and researchers.
Information about students’ degree progress,
race/ethnicity, international status, gender

identity, and discipline were used in this analysis (refer to Table 1 for information about sample
demographics). Full details regarding this aspect of data collection are included in Appendix A.
Given the small numbers in some cells, students’ race/ethnicities were grouped into three
categories for analysis: White (n = 581), Asian (n = 315), Bi/Multiracial (n = 90), and
Traditionally Underserved Students of Color (n = 114). Similarly, participants who identified as



agender, genderqueer, and women were grouped based on their shared experiences with gender
marginalization in engineering spaces (n =413).

A write-in option was provided for students’ majors, and 34 majors were identified. Similar but
distinct majors were combined into larger, commonly reported disciplines as per [22]. The most
frequently occurring majors were mechanical, electrical, material science, chemical, and civil
engineering (full list of majors included in Appendix A). Lastly, two items were used to evaluate
students’ progress and intentions to persist. The first was drawn from interview data in a
previous qualitative study in which students discussed the absence of clear goalposts and
milestones in graduate engineering education (“I find it difficult to evaluate my degree progress”
[10]). The second was rooted in standard measures of intentions to persist (“I intend to complete
my graduate degree”). The second item was reverse-coded, and both were averaged to create the
degree uncertainty variable. These items capture participants’ perceptions of uncertainty and
persistence, but are not direct measures of persistence outcomes. Intentions are central
determinants of behavior, and they tend to be meaningfully associated with what people
ultimately do although they are not perfect predictors [23], [24]. Accordingly, the results
presented here should be interpreted as associations with persistence-related intentions and
uncertainty, not as evidence of actual attrition.

Analysis

Less than 1% of the data for items used in this analysis were missing and Little’s MCAR test was
insignificant, so participants with missing data (n = 13) were dropped per recommendations from
the literature [25], [26]. To screen for outliers, participant responses to the 9 identity scores
(recognition, performance/competence, and interest across the science, engineering, and research
domains) were checked using Mahalanobis’ distance [26] and 27 participants were dropped.

To answer RQ1 we used latent profile analysis and the R package mclust [27]. For an
exploratory approach to LPA, it’s recommended to run nine models, each with an increasing
number of latent classes [28], [29]. The fit statistics used in model evaluations vary across
studies; for our data and our sample size, we gave greater weight to more conservative statistics
(BIC, CAIC, ICL) to avoid the formation of spurious groups. As recommended in the literature
[30], we primarily used fit statistics to eliminate models from consideration. The resulting
models were graphed and analyzed visually for parsimony and theoretical fit until the best model
was identified and chosen.

To answer RQ2 and RQ3 we used the LPA results in conjunction with chi-square and regression
analysis. A group with a significant chi-square test and a standardized residual > |2| was
considered meaningfully over- or under-represented in a particular profile. Hierarchical
regression analysis was used to examine whether GEI significantly predicts degree uncertainty.



Students who had completed their dissertation and were essentially finished with their degree (n
=55) were dropped from the sample for this analysis. For all regression models, we checked VIF
scores and examined diagnostics (non-normality of residuals, homoscedasticity, scale-location,
and residuals vs. leverage plots) to confirm that regression assumptions were met.

Results

RQ1: Latent Profile Analysis. A more in-depth discussion of the analysis process is included in
Appendix B. After a review of entropy scores, fit indices, and visual analysis of the 5- and 6-
profile solutions, the 6-profile solution was chosen as having the best theoretical fit. Labels for
the identified profiles were developed and are explained below, and Figure 1 shows the
distribution of scores in each profile (the means and standard deviations are included in
Appendix B).
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Figure 1. Violin scatterplots of identified latent profiles. Black outlines indicate the shape of the distribution. Identity scores are
standardized, so a value of zero is average and the standard deviation is one. Scatterplots are jittered to aid in data visualization.
e Dispersed GEI (Profile 1, n = 231). Students in this profile had a wide degree of
variability in their identity scores, with all participants reporting at least one identity
score more than 1 SD below the mean.
e Moderate GEI (Profile 2, n = 554). Moderately strong GEI characterizes students in this
profile. Their engineering, researcher, and scientist identity scores are generally within 1
SD of the mean and are generally congruent across domains.



e Strong GEI (Profile 3, n = 198). Strong GEI characterizes students in this profile. Their
engineering, researcher, and scientist identity scores are above the mean and are generally
congruent across domains.

e Mixed, Primarily Scientist (Profile 4, n = 78). Students in this profile have above-average
researcher and scientist identity scores but below-average engineering identity scores.

e Mixed, Primarily Engineer (Profile 5, n = 39). Students in this profile have above-average
engineering and researcher identity scores but below-average scientist identity scores.

e Maximum GEI (Profile 6, n = 33). Students in this profile have the strongest possible
engineering, researcher, and scientist identity scores. They are all at the top of the scales
and are congruent across domains.
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Figure 2. Plot of standardized residuals from chi-square test. Standardized residuals greater than |2| indicate meaningful over-
or under-representation (depending on direction). For space, only majors that have meaningful under- or over-representation in
one profile are plotted; full plots are included in Appendix B.

RQ2: Chi-Square Analyses. Five chi-square tests were used to test the distribution of a
predictor (discipline, race, international status, gender, and degree progression) across the
outcome (latent profile). The analyses for race (p =.065) and gender (p = .348) were not
significant. We found significant differences in profile assignment by discipline, X* (df = 35) =
83.45, p <.001 (Figure 2).

International status also differed significantly by profile assignment, X? (df = 5) = 19.38, p =
.002. International students were significantly overrepresented in the Dispersed GEI and
Primarily Engineer profiles and significantly underrepresented in the Primarily Scientist profile.
Degree progress also differed by profile assignment, X? (df = 15) = 28.68, p = .018 (Figure 3).
Review of the standardized residuals suggests there is over- and underrepresentation across all
four levels of progress in three of the six profiles.
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Figure 3. Plot of standardized residuals from chi-square test. Standardized residuals greater than |2| indicate meaningful over-
or under-representation (depending on direction).
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Figure 4. Degree uncertainty by assigned identity profile.

Higher scores indicate greater uncertainty. Bold line
indicates mean, boxes indicate quartiles, and solid dots
indicate potential outliers.

RQ3: Regression Analyses. The first model
confirmed the relationship between discipline,
race, gender, degree progress, and degree
uncertainty, F(13,809) = 3.33, p <.001, Adj. R* =
.04 (Table 5). The second model examined the
addition of profile assignment. The overall model
was significant, F(18,804) =7.62, p <.001, Adj.
R? = .13, as was the increase in fit, F(5,804) =
17.89, p <.001. In both models, Bi/Multiracial
students reported more uncertainty than White
students; international students reported less
uncertainty than domestic students; and students
with one milestone completed reported more
uncertainty than with none. Students in the
Dispersed profile reported significantly more
uncertainty than students in the Moderate profile
(p <.001), while all other profiles except the

Primarily Engineer profile reported less uncertainty (all ps <.025). Figure 5 shows degree
uncertainty plotted by GEI profile.

Discussion

To briefly summarize the results discussed above: latent profile analysis of students’ graduate
engineering identities uncovered six profiles. Chi-square analyses found some uneven
distributions by major, international status, and degree progress, and regression analyses found
that race, international status, degree progress, and GEI profile were associated with degree



uncertainty. In this section, we will review the results in more detail and connect them to the
wider body of research, before providing recommendations for future research regarding
engineering graduate students and engineering identity.

Table 5. Regression analysis results.

B SE t P B SE t P

Intercept * 2.14 0.08 2579 <0.001 222 0.08  26.71 <0.001
Profile Assignment (0 = Moderate)

Dispersed * - - - - 0.31 0.06 4.77 <0.001

Strong * - - - - -0.37  0.07  -538 <0.001

Mixed, Primarily Scientist * - - - - -035  0.10 -3.48 0.001

Mixed, Primarily Engineer - - - - -0.20  0.14 -1.47 0.142

Maximum * - - - - -0.35  0.16  -2.27 0.024
Major (0 = Mechanical)

Bio 0.05 0.10 0.50 0.615 0.07 0.09 0.71 0.477

Chemical 0.09 0.09 0.98 0.328 0.11 0.09 1.24 0.216

Civil 0.01 0.10 0.14 0.888 -0.01  0.10  -0.11 0911

CSE 0.14 0.10 1.33 0.185 0.12 0.10 1.25 0.210

Elec 0.03 0.09 0.29 0.772 0.01 0.09 0.06 0.951

MSE 0.16 0.09 1.74 0.083 0.14  0.09 1.50 0.135
Gender (0 = Men)

Women & Gender Minorities 0.00 0.05 -0.06 0.949 -0.01  0.05 -0.27 0.784
Race (0 = White)

Asian 0.04 0.08 0.53 0.594 -0.01  0.07  -0.18 0.856

Bi/Multiracial * 0.27 0.10 2.61 0.009 0.28 0.10 2.86 0.004

Underrepresented Minorities 0.06 0.09 0.64 0.520 0.04 0.09 0.40 0.689
International Status (0 = Domestic)

International * -0.25  0.07  -3.38 0.001 -0.25  0.07  -3.66 <0.001
Degree Progress (0 = No Milestones)

Comprehensive Exam * 0.15 0.06 2.50 0.013 0.14 0.06 2.45 0.015

Dissertation Proposal -0.05 0.07 -0.75 0.451 -0.04  0.06 -0.56 0.574

*p<.05

RQ1: Latent Profiles in Graduate Engineering Identity. Examining graduate engineering
identity through the lens of latent profile analysis reveals some interesting patterns. Most
immediately noticeable is the large group of students (48%) with GEI scores within one standard
deviation of the mean (i.e., the Moderate GEI profile). This suggests that the normative
experience for graduate engineering students is one of average identity across all three domains.
We can compare students in this group to students in the Strong and Maximum GEI profiles and
see that above-average identification across all three domains is comparatively rare. Students in
the Strong GEI profile (n = 198; 17%) have above-average scores in all three identity domains,



while students in the Maximum GEI profile (n = 33; 3%) have domain scores clustered around
the ceiling. Outside of the Maximum GEI group, most students have some variability in their
scores across the three domains (i.e., they are higher in some domains than others).

This variability is strongest for students in the Dispersed GEI profile (n =231; 20%). Scores for
students in this group range from 4 standard deviations below the mean to 1.5 above the mean.
While the average means for this profile (Table 3) are below the average mean for the entire
sample, the scores vary widely across the three domains. The high standard deviations and the
absence of a uniformly ‘Low GEI’ group (to mirror the Strong and Maximum GEI profiles)
suggests that there are few students who experience weak identification across all the domains,
but a substantial number who experience weak identification in at least one domain.

Also noteworthy are the mixed identity patterns in the Primarily Scientist (PS) and Primarily
Engineer (PE) profiles. Although these profiles together make up a small percentage of students
(7% and 3%, respectively) they highlight the unique ways in which identification across the three
domains can emerge. The chi-square results discussed below suggests that these unique
combinations of identity are associated with disciplinary culture and international status, and the
regression results suggest that — despite comparatively low scores in the engineering or scientist
domains — these students report relatively low degree uncertainty. However, due to the cross-
sectional nature of our dataset, it remains unclear whether these differences are a product of
disciplinary culture, or whether students choose different disciplines based on their entering GEL.

Taken together, these profiles suggest that graduate engineering identity is not defined solely by
overall strength of identification, but by the patterning and alignment of science, engineering,
and research identities within individuals. This shifts the focus from asking whether graduate
students “have” engineering identity to examining how multiple professional identities are
integrated or negotiated. Notably, later findings indicate that degree uncertainty is generally
similar across several profiles, raising the possibility that different identity configurations may be
adaptive in different disciplinary or institutional spaces. This underscores the need for discipline-
specific and context-sensitive research to better understand the diversity of engineering identities
present across subfields, rather than assuming a one-size-fits-all developmental trajectory.

RQ2: Demographics and GEI Profiles. Chi-square tests were used to examine the distribution
of race, gender, discipline, and degree progress across the uncovered GEI profiles. Firstly, the
distribution of students across the eight disciplines and six GEI profiles was not even. These
findings suggest that involvement in different disciplines creates different ‘balances’ across the
identity subdomains, which is consistent with other work that emphasizes differences in
disciplinary culture [31], [32], [33], [34]. Since our data is cross-sectional, it’s not possible to
determine the direction of this effect. However, these results do suggest that the combination of



identity domains is likely to be relevant to students’ sense of belonging in their disciplines and
programs.

Secondly, international status is also unevenly distributed across the GEI profiles. Previous
research suggests that international students face language barriers, problems with finances,
identity struggles, and high expectations when attending school in the U.S. [35], [36]. These
stressors may lead international students to be less fixed in their roles as scientists, engineers,
and researchers more than domestic students. Lastly, degree progress stage is also unevenly
distributed across the GEI profiles. These findings suggest that students may have different
identity needs as they progress through their programs. Facilitating engineering graduate
students’ scientist identities may be adaptive in earlier phases of their programs where they are
‘learning the ropes’ of independent research; however, the strong engineering identities of all
milestone students suggests that engineering identity shouldn’t be neglected.

RQ3: Demographics, GEI Profiles, and Degree Uncertainty. Hierarchical linear regression
was used to examine the relationship between identity and degree uncertainty among graduate
engineering students. There was an effect of race/ethnicity on degree uncertainty, with
Bi/Multiracial students reporting significantly more uncertainty than White students, but no other
differences. There is an extended body of literature that discusses racial discrimination and
attrition in engineering, both at the undergraduate [37] and graduate [18], [38], [39] levels, but
it’s often unclear whether these samples include Bi/Multiracial students. Our findings may be an
effect of monoracism, which includes traditional notions of racism aimed at specific groups, but
also discrimination against individuals due to a lack of fit into discrete racial groupings [40].
However, this interpretation should be considered a hypothesis rather than a conclusion
supported directly by the current data.

The absence of significant differences for underrepresented racial minority students should
likewise be interpreted cautiously. It may reflect similarities in reported degree uncertainty
within this sample, but alternative explanations — such as a filter effect or unmeasured factors —
are also plausible. Importantly, because multiple racial and ethnic identities were aggregated into
broader categories for analytic purposes, these findings may obscure meaningful within-group
differences. This aggregation limits the specificity of demographic interpretations and
underscores the need for future work with larger samples that can examine identity experiences
with greater nuance.

There was also an effect of degree process. Students who had completed their comprehensive
exam (first milestone) reported more uncertainty than students with no milestones. As the data
used in this analysis is cross-sectional, we cannot make any firm statements about causality.
However, these findings do suggest that students at different phases of their degree program
experience different amounts of uncertainty and that the completion of more milestones may



paradoxically increase uncertainty. Anticipating and providing timely support in the face of this
expected uncertainty may be one way that faculty and administrators can help retain students.
Similarly, international students also reported significantly less uncertainty than domestic
students, which may be because the substantial commitment required to study abroad acts as a
filter, with less-certain students choosing to pursue other opportunities.

These findings also suggest that students with more positive GEI experience less degree
uncertainty, and are consistent with previous findings regarding engineering identity and
persistence [6], [41], [42]. Students in the Dispersed GEI profile, which is characterized by high
variability between the domains and low mean identity scores, were the only ones to report more
uncertainty than the Moderate GEI group. Despite the differences in GEI across the profiles,
such as uniformly high scores in the Maximum GEI profile or starkly higher scientist/researcher
scores in the Primarily Scientist profile, the effects of the Strong GEI, PS, and Maximum GEI
profile on degree uncertainty are similar (-.34 < 3s > -.36). However, there is also no significant
relationship between assignment to the Primarily Engineering profile and degree uncertainty.
This suggests that strongly identifying as an engineer in graduate school does not translate to
greater degree certainty, and that strongly identifying as a scientist, or identifying equally to
multiple subdomains, is more beneficial. Contrary though it may seem, facilitating students’
identification with the science and engineering domains may be more effective in preventing
attrition than focusing on engineering identity alone.

Limitations. Several limitations should be considered when interpreting these findings. First,
latent profile analysis (LPA) is a relatively novel, data-driven approach that lacks traditional
measures of statistical significance or effect size, which complicates interpretation and
generalization. The extent to which these profiles replicate in other samples of engineering
graduate students — or engineering students more broadly — remains to be established, and the
risk of statistical or interpretive overfitting warrants a more confirmatory follow-up.
Additionally, students from diverse racial and ethnic backgrounds were combined into a single
group of “Traditionally Underserved Students of Color.” Although this approach acknowledged
structural inequities while maintaining adequate cell sizes, it necessarily obscures within-group
heterogeneity. Similarly, genderqueer and agender students were grouped with women for
analytic purposes due to small sample sizes, which limits conclusions about the distinct
experiences of gender-diverse students in engineering.
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Appendix A

Measures

To measure graduate engineering identity, three scales refined for use with graduate engineering
students were used to assess graduate engineering identity (for more information about the scale
validation see [10]). Participants were asked to rate their agreement/disagreement on a 5-point
Likert scale regarding their recognition (“My parents see me as an engineer”),
performance/competence (“I understand concepts I have studied in engineering’), and interest (“I
enjoy learning engineering”) as engineers, scientists, and researchers. This resulted in nine scores
across three domains and three sub-constructs. The three subscales for each identity domain were
combined into a single identity score for each domain. The scientist, engineering, and research
subdomain items had excellent reliability (o= .91, .94, and .93 respectively) and consisted of 14,
17, and 15 items each.

For this analysis, items that asked about students’ degree progress, race/ethnicity, international
status, gender identity, and discipline were used. Degree progress was measured by asking
students to select all the degree milestones they had completed (comprehensive exam,
dissertation proposal, and dissertation defense). For race/ethnicity, students were asked to
indicate which racial and/or ethnic groups they identified with, and multiple selections were
possible (refer to Table 1 for the full list of options). Write-in responses were recoded into
existing categories where possible (refer to Table 1 for the full overview). Given the small
numbers in some cells, students’ race/ethnicities were grouped into three categories: White (n =
846), Asian (n = 482), Bi/Multiracial (n = 123), and Traditionally Underserved Students of Color
(n=158).

A similar measure was used for gender identity, also allowing multiple selections (again, Table 1
reports the full list of options). Of the 1754 participants who remained in the dataset after
screening for missingness and outliers, 1586 participants identified as male or female (this
includes 56 students who selected ‘Cis’ and 2 students who selected ‘Trans’ alongside one of the
binary options), 13 identified as agender or genderqueer, 18 provided a written response, and 134
did not respond. Because there were so few participants identified as agender or genderqueer,
they were combined with cis- and trans-women to create a variable for women and gender
minorities (n = 596).

All students were also asked to write-in their country of origin, and 79 unique responses were
identified (including those who did not respond, n = 209). ‘USA’ was the most common
response (n = 927), followed by China (n = 173), India (n = 143), Iran (n = 48), and Bangladesh
(n = 23). Approximately 33% of students (n = 573) identified as international.

As most degree programs require students to complete their comprehensive exam first,
dissertation proposal second, and dissertation defense third, participants’ degree progress was



coded according to this highest milestone completed. Lastly, given the different demands of
doctoral and master’s programs, we limited our analysis to students who indicated they were
pursuing a doctoral degree (n =1173).

A write-in option was provided for students’ majors, and 34 majors were identified, including an
‘NA’ category for students who did not respond. Similar but distinct majors were combined into
larger, commonly reported disciplines as per Roy (2018). For instance, ‘Biological Engineering’
was added to a category with ‘Biomedical Engineering’ and coded as ‘Bio Engineering (n =
133)’ (refer to Table A1 for a full breakdown). Majors listed by 20 students or less that could not
be combined into larger categories were recoded as ‘Other Engineering’ (n = 61).

Table Al: Graduate engineering majors

Reported Majors Count Percentage
Aerospace Engineering 50 3%
Agricultural & Biological Engineering 47 3%
Biological or Biomedical Engineering 133 8%
Chemical Engineering 190 11%
Civil Engineering 160 9%
Computer Engineering 33 2%
Computer Science 93 5%
Computer Science and Engineering 25 1%
Electrical & Computer Engineering 64 4%
Electrical Engineering 202 12%
Environmental Engineering 52 3%
Industrial Engineering 40 2%
Material Science and Engineering 185 11%
Mechanical Engineering 260 15%
Nuclear Engineering 59 3%
Other Engineering 61 3%

Not Answered 100 6%




Appendix B
Latent Profile Analysis. To answer RQ1 (do graduate students’ engineering identities form
latent profiles, and what do these profiles communicate about the heterogeneity in graduate
engineering identity?) we used latent profile analysis. A form of cluster analysis, mixture
modeling is used to identify hidden groups within a population through analysis of multivariate
data. By identifying these latent groups, researchers can take a bottom-up approach to analysis
and theory-building that prioritizes participants’ reports, voices, and experiences instead of
researchers’ preconceptions and potential biases [42], [43]. However, researchers still make
decisions about how to weigh fit indices which solutions to retain. LPA is also highly sample
dependent, and while efforts are made to avoid overfitting solutions to sample-specific noise, the
possibility is always a concern. The final selection of a profile solution is therefore guided by
both statistical criteria and theoretical judgment, and these limitations should be kept in mind.

As discussed in the Analysis section, we used the R package mclust to identify latent profiles
among participants. This tool uses model-based clustering to predict the parameters of the hidden
groups and calculate the posterior probability (the likelihood that a case will fit into each of the
groups). These values are iteratively refined through an expectation maximization (EM)
algorithm, until either the parameters stop changing or the model fails to converge [25].

Various fit statistics are produced, with the AIC (Akaike Information Criterion), BIC (Bayesian
Information Criterion), and BLRT (Bootstrapped Likelihood Ratio Test) almost always reported.
AIC and BIC scores are evaluated in relation to each other, with lower AIC scores and higher
BIC scores indicating a better fit. Other fit statistics commonly reported include the CAIC
(Consistent Akaike Information Criterion) and the ICL (Integrated Complete-data Likelihood).
The CAIC is derived from the AIC score mentioned above, but includes a more stringent penalty
for classes and thus produces more parsimonious solutions. Similarly, the ICL is offered as a
complement to the BIC score, with additional penalties that recommend models with fewer latent
classes [44].

The fit statistics used in model evaluations vary across studies; for our data and our sample size,
we gave greater weight to more conservative statistics (BIC, CAIC, ICL) to avoid the formation
of spurious groups (i.e., small groups produced when noise is misinterpreted as signal). These
scores are evaluated relative to each other, with larger BIC and ICL and smaller CAIC scores
indicating better-performing models. In addition to the listed fit statistics, entropy is usually
considered as well, although it is a measure of the average accuracy in assigning cases to profile
and not a fit statistic per se.

Discussion of Results. A review of the entropy plot recommended a 5-profile solution, while the
BLRT suggested that a model with 8 or fewer profiles would be best. A review of fit indices and
entropy scores indicated that the 5- or 6-profile solutions would be the best fit for the data, as



they balanced the lower BIC, CAIC, and ICL scores with higher entropy scores (refer to Table
B1 for fit indices and other statistics).

Table B1: LPA Fit Indices & Statistics

LL AIC CAIC BIC SABIC ICL  BLRTS BLETS Entropy Gi‘s’}}/fs
1 Profile  -4519.04  9056.07 911037  -9671.07  9072.78  -9671.07 - - 1 0
2Profile  -4285.58  8605.16  8707.71  -9248.77 863672  -9541 45044  0.001  0.98 0
3Profile  -4218.65 84873  8638.12  -9197.35 853371  -95351  79.55  0.001  0.84 0
4Profile  -4128.84  8323.68 852275  -9047.04  8384.94 952921 17844  0.001  0.77 0
5Profile  -4123.64 829529  8440.07 -8998.68  8339.84  -945641 7649  0.001  0.85 1
6 Profile  -4099.49 825698  8431.93  -8974.44  8310.82  -9407.92 5237  0.001  0.84 2
7Profile  -4080.04  8228.07  8433.18  -8947.66  8291.19  -9448.65 5491  0.001  0.79 2
8 Profile  -404521 816842  8403.69  -8926.07 8240.82  -9508.31  49.72  0.001 0.8 3
9 Profile  -4009.91  8181.82 867046  -89542  8332.18  -9648.95 - - 0.76 2

The 5- and 6-profile solutions were chosen for further analysis to determine the best-fitting
model. At this stage, the focus shifts from the comparison of fit indices and entropy scores to a
visual analysis driven by theoretical understanding and the need for a parsimonious explanation
of the data. Ultimately, the 6-profile solution was chosen. A hierarchical combination of the
profiles (based on entropy criterion, according to the methodology described in [45]) suggests
that when moving from the 5-profile to the 6-profile solutions, some participants are split from
Profile 1 into a new profile (Profile 5). Profile 1 is the second-largest group in both solutions,
with the lowest mean identity scores across all three domains. Profile 5 in the 6-profile solution
is a small group (n = 39) characterized by a distinctive pattern of above-average engineering and
researcher identity but below-average scientist identity. Given our study’s focus on the
combination of engineering, researcher, and scientist identities among graduate engineering
students, we chose the less parsimonious but more descriptive model that offers additional
insight into this small but theoretically interesting group of students. This also allows for
comparison and contrast with students in Profile 4 (n = 78), who have above-average identity
scores in the research and science domains but below-average scores in the engineering domain.

To better understand the patterns within the six profiles uncovered by the analysis, we examined
the mean scores and standard deviations, density plots of the distributions, and scatterplots of
individual scores across all identity domains for each uncovered profile (refer to Table B2).
Based on the patterns of mean and variability, the profiles were labeled as discussed in the
Results section of the paper.



Table B2: Means and standard deviations of identified profiles

Profile Means Standard Deviations
Scientist Engineering  Researcher Scientist Engineering  Researcher
Identity Identity Identity Identity Identity Identity

Dispersed GEI -1.08 -1.06 -1.09 1.06 1.12 1.06

(n=231)

Moderate GEI 20.08 0.06 -0.16 0.56 0.69 0.63

(n=554)

Strong GEI 0.94 0.90 0.95 0.36 0.31 0.27

(n=198)

Mixed, Primarily Scientist GEI 117 2064 0.99 0.37 0.49 0.26

(n=78)

Mixed, Primarily Engineer GEI -0.84 1.06 0.98 0.46 0.21 0.25

(n=39)

Maximum GEI 1.54 1.19 1.20 0.04 0.03 0.03

(n=233)




Appendix C
Chi-Square Analyses. Five chi-square tests were used to test the distribution of a predictor
(discipline, race, international status, gender, and degree progression) across the outcome (latent
profile).

Discipline. For the discipline chi-square test, similar majors were combined to maintain adequate
cell sizes:

e The ‘Other Engineering (n = 176)’ category included the miscellaneous disciplines
described earlier as well as students in the Aerospace (n = 28), Environmental (n = 28),
Industrial (n = 29), and Nuclear (n = 44) Engineering disciplines.

e Students in the Computer Engineering (n = 19), Computer Science (n = 55), and
Computer Science and Engineering (n = 21) categories were combined into a single
group (Computer Science and Engineering; n = 95).

e Students in the Agricultural and Biological Engineering (n = 27) were added to the Bio
Engineering (n = 102) group (Bio Engineering; final n = 129).

This chi-square test was significant, X2 (df = 35) = 83.45, p <.001, although several cell sizes
were small. Review of the standardized residuals suggests there is over- and underrepresentation
among Chemical, Civil, Material Science, and Mechanical Engineering students in four of the six
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Chi-square tests were also used to examine the distribution of race and gender across the latent
profiles. Race (p = .065; Figure C2) was not significant, although some of the standardized
residuals were greater than two.

Standardized Residuals

Traditionally
Asian Bi/Multiracial Underserved White
Students of Color
e I ————————————————————————————————————————————————————————————————————

Class [l Dispersed [l Moderate [l Strong [l Primarily Scientist [l Primarily Engineer

Maximum

Figure C4. Plot of
standardized residuals
from chi-square test.
Standardized residuals
greater than |2|
indicate meaningful
over- or under-
representation
(depending on
direction).

Considering these results, a follow-up chi-square test examining the relationship between race
and major was also conducted, and was significant, X2 (df =21) =79.11, p <.001 (Figure C3).
These results suggest that there is significant and meaningful racial under- and over-
representation in different disciplines, and so differences in GEI according to discipline may be
confounding the findings regarding race. A more in-depth, multivariate analysis would be needed
to fully untangle these relationships.
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The chi-square test for gender was not significant (p = .348; Figure C4).
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Figure C6. Plot of
standardized residuals
from chi-square test.
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greater than |2|
indicate meaningful
over- or under-
representation
(depending on
direction).

International status differed significantly by profile assignment, X? (df = 5) = 19.38, p = .002.
International students were significantly overrepresented in the Disorganized GEI and primarily
Engineer profiles, and significantly underrepresented in the Primarily Scientist profile (Figure
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Degree progress also differed by profile assignment, X2 (df = 15) = 28.68, p = .018 (Figure C6).
Review of the standardized residuals suggests there is over- and underrepresentation across all
four levels of progress in three of the six profiles.



