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Introduction: This manuscript explores the development of key academic 
indicators among underrepresented minority students engaged in biomedical 
research training. Focusing on research trainees at a minority-majority Hispanic-
Serving Institution (HSI), the study examines the structural changes and co-
variation in student reported measures of science identity, research self-efficacy, 
and academic self-concept over two time points, spanning the begining and 
conclusion of research training in biomedical sciences.

Methods: Using Exploratory Graph Analysis (EGA) models, the analysis obtained 
from biomedical research trainees models changes in the associations between 
these indicators. The study also investigates how network structure varies by 
gender and ethnicity, in order to examine any differences in the experiences 
of male, female, Hispanic, and non-Hispanic students undergoing biomedical 
research training at an HSI.

Results: The analysis reveals important differences in the experiences of male, 
female, Hispanic, and non-Hispanic students undergoing research training at 
an HSI. The findings underscore the importance of these constructs in shaping 
student success, particularly noting the positive relationship between research 
self-efficacy and science identity.

Discussion: The findings offer insights for fostering minority student retention 
and success in STEMM fields by highlighting the role of science identity and 
research self-efficacy.
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1 Introduction

This study hypothesized that understanding the experiences and development of 
undergraduate students engaged in biomedical research training is essential for promoting 
equity and inclusion among underrepresented populations in STEMM fields. Despite an 
increase in doctoral degree attainment by underrepresented minorities from 2011 to 2020, 
representation in STEMM remains disproportionate to the overall population (NCSES, 2023). 
Notably, only 26% of these degrees are awarded to underrepresented minorities, with Hispanic/
Latinx students comprising just 9%.
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Key indicators of biomedical inclusion, which include science 
identity, research self-efficacy, and academic self-concept, play a critical 
role in shaping retention and advancement. However, underrepresented 
students consistently report lower levels of these indicators, contributing 
to reduced persistence in STEMM majors and fewer pathways to 
advanced graduate study (Estrada et al., 2018). The development and 
interplay of these constructs over time remain insufficiently understood, 
particularly for underrepresented populations.

This research investigates how students’ perceived levels of science 
identity, research self-efficacy, and academic self-concept evolve during 
biomedical research training. Focusing on participants in a rigorous 
biomedical research program at a large research-intensive HSI, this study 
analyzes changes in these constructs at two key time points—program 
onset and conclusion. The findings will clarify how these indicators 
co-develop structurally over time and explore variations of these 
structural relationships by gender and ethnicity. Ultimately, the results of 
this study will provide critical insights into fostering more inclusive and 
equitable biomedical education environments.

2 Literature review

Research self-efficacy and science identity are two related 
constructs that are frequently utilized to examine students’ 
development in STEMM majors and research training. Researchers 
have studied different models of research self-efficacy highlighting the 
ways in which self-efficacy and science identity serve as mediators for 
science achievement (Alhadabi, 2021). Adedokun et al. (2013), for 
example, found that research self-efficacy predicts student aspirations 
and desire to persist in science fields, suggesting that self-efficacy 
mediates research skills. A more recent study examined the 
relationship of science identity and gender, ethnicity, home science 
support, parental education, and experiencing science talk in the 
home and found a strong relationship between those indicators and, 
in particular, gender and home support (Dou and Cian, 2022). 
Another study examined the relationship between science identity and 
sources of self-efficacy among minority undergraduate STEM majors 
(Flowers and Banda, 2016). They found that students who identified 
strongly as scientists were more likely to have high levels of research 
self-efficacy, suggesting that science identity plays an important role 
in the development of research self-efficacy.

In a related study, Chemers et al. (2011), students described their 
science support experiences (i.e., research experience, mentoring, and 
community involvement), psychological variables (i.e., science self-
efficacy, leadership/teamwork self-efficacy and identity as a scientist), 
and commitment to pursue a career in science research. They found that 
research self-efficacy and identity as a scientist mediated the effects of 
science support experiences and predicted their commitment to pursue 
a career in science research. Similarly, science self-efficacy and identity 
as a scientist mediate the association between support programs and 
students’ commitment to STEM careers (Chen et al., 2020; Syed et al., 
2019). Another study found that research experience during the fall of 
the first year of undergraduate predicted higher science identity during 
their second year and was mediated by science self-efficacy during spring 
of the first year of undergraduate studies (Robnett et  al., 2015). In 
addition, undergraduate research experiences have been shown to 
influence minority students’ career ambitions (Carpi et al., 2017). On a 
related note, there have been studies that show the importance of 

undergraduate research experiences and research mentoring on these 
key indicators. For example, Apriceno et al. (2020), found that students 
who had a research mentor during the first year in college reported 
higher academic self-efficacy by the end of the year, compared to those 
without a mentor. Another study, Endo and Harpel (1982), investigated 
the effect of student-faculty interactions on student educational 
outcomes after 4 years. They found that frequency of formal and informal 
interaction, quality of faculty advising, and helpfulness of faculty had 
positive effects on intellectual and social outcomes of college students. 
Betz et  al. (2021) found that undergraduate research opportunities 
promote recruitment, retention, and inclusion of students from 
underrepresented groups in STEM (rather than STEMM) disciplines, in 
particular, the key indicators of identity and academic self-concept. 
Collectively, the literature supports that these three indicators are salient 
factors in developing a high propensity toward pursuing a STEMM 
major and career.

Note that none of these studies investigated concurrent changes 
in these key measures and, additionally, did not consider the impact 
of structural or latent changes in constructs while students undergo 
research training as undergraduate students. By latent or structural 
changes, we  refer to changes in the dependency structure of the 
items at both the item level (individual questions belonging to a 
particular scale) and at the construct level (cohesive constructs 
informed by individual items or questions). This is necessary to 
emphasize, since the structure of these commonly used scales is 
assumed to hold over time and across subpopulations (Cobian et al., 
2024). Past research has presumed this assumption holds and made 
conclusions based on it. In contrast, this study takes a broader 
perspective and investigates the associations between these 
constructs and studies structural or latent changes simultaneously, 
with keen attention to important subpopulations of student research 
trainees. In summary, this study will examine the relationship among 
the key indicators for students undergoing STEMM research 
mentoring and examine important structural changes that occur 
across the entire participant sample, as well as gender and 
ethnicity subpopulations.

The research questions examined in the study are the following:

RQ1: Is there structural change in the academic self-concept, 
science self-efficacy, and science identity over time of biomedical 
research trainees?

RQ2: Is there structural change in the academic self-concept, 
science self-efficacy, and science identity across gender and ethnic 
subpopulations for biomedical research trainees?

RQ3: Is there a high-order positive relationship between change 
in science self-efficacy and science identity when accounting for 
the item structure in the aggregate population of biomedical 
research trainees?

3 Materials and methods

The focus of the analysis is to explore the change in the latent 
structures of research self-efficacy, science identity, and academic self-
concept over time and across subpopulations. In the following, 
we summarize the measures used in the study.
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3.1 Setting

El Paso, Texas, and Ciudad Juarez, Mexico, are neighboring cities 
located along the western Texas border with Mexico. This region, 
predominantly inhabited by bilingual Spanish and English-speaking 
households, forms one of North America’s largest bilingual and bicultural 
metropolitan areas. El Paso itself has a predominantly Hispanic 
population, accounting for 83% of its residents. However, despite its 
cultural richness, the area faces significant socioeconomic challenges, with 
21% of families living below the poverty line, higher than both the state 
of Texas (14%) and the national average (11.5%). The median household 
income in El Paso County is notably lower than state and national 
averages, standing at $55,417 compared to $73,035 and $75,149, 
respectively. Additionally, educational attainment levels are lower in El 
Paso County, with only 25% of citizens holding a bachelor’s degree or 
higher, compared to 32.3% in Texas and 34.3% nationally.

The University of Texas at El Paso (UTEP) mirrors the 
demographic composition of its surrounding community, with 
approximately 84% of its population being Hispanic. UTEP stands 
out as a leading research university serving an underrepresented 
demographic in the 21st century, with almost half of it’s over 
23,000 students being the first in their families to attend college. 
These characteristics underscore the pressing need for 
effective educational interventions in this community. Moreover, 
successful interventions here can serve as valuable models for 
addressing educational challenges in other settings, benefiting 
students from minoritized racial/ethnic groups and marginalized 
socioeconomic backgrounds.

3.2 Procedure

Data was collected between 2016 and 2019 on students participating 
in a biomedical research training program titled BUILDing SCHOLARS 
(BUILD) at a Carnegie-classified R1 HSI research institution in the 
Southwestern United  States. The BUILD program aims to provide 
educational development, professional development, and financial 

support to recipients enrolled in a biomedical major, as classified by the 
National Institutes of Health (NIH) at UTEP, and through these means 
increase the presence of minorities in research. This study analyzes the 
responses to surveys intended to measure students’ self-perceived levels 
of research self-efficacy, science identity, and academic self-concept. 
Students are asked to take a survey every year they participate in the 
program, and our goal is to characterize the changes in survey response 
structure as students advance in their studies while enrolled in the BUILD 
program. The data collected was part of the Mentored Research survey, 
which is administered in May at the end of every academic year to all 
current BUILD fellows and students enrolled in a free, 0-credit research 
course. Students at UTEP are asked to enroll in this free, 0-credit course 
by their respective professors/mentors as a way of documenting their 
participation in research on their transcripts. The survey is administered 
1 week before the semester ends and is kept open for up to 2 weeks after 
finals to allow for optimum response rates. This survey is administered 
each year, but we pulled data from the years spanning 2016–2019, a 
period with consistent data collection and intact cohorts of trainees.

The data pre-processing took the following approach: all data 
available between the years 2015–2020 were collected and stored in an 
online shared folder. The data was combined in a statistical software 
package. Student scores and demographics were extracted where there 
were two matched time points that were at least 2 years apart—the first 
time point having come from either the freshman or sophomore year 
and the second time point coming from either the junior or senior 
year of their undergraduate degree.

3.3 Measures

The data collected from students undergoing intensive research 
training in the biomedical sciences at UTEP included a tracker 
identification number for each student, the year the survey was taken, 
income level, ethnicity, gender, and a binary indicator for disability. 
Additionally, research self-efficacy (Hu et al., 2022), science identity 
(Flowers and Banda, 2016), and academic self-concept (Guo et al., 
2022) scales measure student attributes as described in Table 1.

TABLE 1 Survey item descriptions by educational construct.

Educational construct Survey item Description

Research self-efficacy

Technical skills Use technical science skills: tools, instruments, and techniques

Generating questions Generate a research question

Collecting data Determine how to collect appropriate data

Explaining results Explain the results of a study

Using literature Use scientific literature to guide research

Integrating results Integrate results from multiple studies

Science identity

Community Have a strong sense of belonging to the community of scientists

Team research Derive great personal satisfaction from working on a team doing important research

Scientist identity Have come to think of myself as a scientist

Belonging in field Feel like I belong in the field of science

Academic self-concept

Academic ability Self-rated academic ability

Drive Drive to achieve

Math ability Mathematical ability

Self-confidence Intellectual self-confidence
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3.4 Statistical analysis

Although factor analysis is often used in psychological research to 
identify the underlying structure of a set of variables, there are limitations 
to this approach. Exploratory factor analysis (EFA) assumes the scores can 
be  linear combinations of the items included. However, with many 
psychological constructs, a non-linear relationship is more likely to exist. 
In contrast, an exploratory graph analysis (EGA) framework estimates 
symmetric graphical networks, which identify the structure of the 
associations present among survey items, and the number of dimensions 
present in the data (Golino and Christensen, 2023). This does not require 
linear combinations of the items to extract factor scores but allows a more 
flexible parameterization. Network models are effective at depicting the 
relationships present among a set of objects and the EGA framework is 
an attractive approach to use for estimating the number of dimensions 
present in psychological multivariate data. Unlike EGA, factor analysis 
compares the fit of structural models, which are systems of linear 
equations, with different numbers of factors, then determines the optimal 
number of factors based on a predetermined index (Golino and Epskamp, 
2017). This is limiting and can result in spurious identification of latent 
constructs. Moreover, EGA has been shown to out-perform factor 
analysis in latent structure estimation (Golino and Epskamp, 2017), due 
to its ability to handle non-linear systems of equations. EGA offers not 
only the estimated number of dimensions, but also a predicted item 
membership corresponding to these dimensions.

The EGA model, once estimated, identifies the association structure 
among a set of covariates. Then, capitalizing on the estimated association 
structure, a community detection algorithm can be applied to identify latent 
structures (scales) of the responses arising from the three scales of interest, 
science identity, research self-efficacy and academic self-concept (Golino 
et al., 2020). The results provide information about the construct validity of 
the scales for the research trainee cohort, much as a factor analytic model 
would. As mentioned previously, the EGA model is shown to be more 
accurate in identifying latent structures in data than traditional factor 
analytic approaches and provides additional information regarding the 
association between the latent constructs (Golino and Epskamp, 2017).

Regarding detection of community structure, several algorithms 
should be applied and compared. This provides multiple views of the 
exploratory community structures among the items. In particular 
when clustering results are theorized a priori, as in this study, multiple 
algorithms should be applied to determine which method is consistent 
with the theorized structure (Christensen et al., 2020). For this study, 
the Walktrap algorithm is employed for community detection since it 
results in the highest modularity as criteria for determining the 
clustering method and incorporates the leading eigenvalue algorithm 
for assessing unidimensionality. Two other community detection 
algorithms, Leiden and Louvain, were also applied to the graphical 
model. While the Louvain algorithm produced similar clustering 
results as the Walktrap algorithm, the Leiden algorithm failed to find 
an optimal clustering result and did not produce an identifiable 
structure. We analyzed the community structures reported for any 
poor attributes, such as a subnetwork that is not well-connected 
(Traag et al., 2019) and found no issues with network connectedness.

3.4.1 Methods for detecting network and 
subnetwork change

With focus on assessing structural changes in the networks and 
subnetworks (latent structures), we  will investigate changes in 

associations among survey questions and latent structures over time 
and across subpopulations. A preliminary approach to make these 
network comparisons is by computing descriptive measures of the 
networks and making direct comparisons between the values or by 
computing statistical measures for detecting network change. Table 2 
summarizes the network statistics and attributes of interest that are 
directly obtained from the estimated graph models. These values will 
be  provided in the results section as an exploratory summary of 
changes in models across time and population.

3.4.2 Comparison of networks with known-node 
correspondence metrics

Though side-by-side comparisons for network descriptive measures, 
as those described in Table 2, may provide a preliminary overview of these 
structural changes, a formal mechanism for assessing network change is 
ideal. Thus, heuristic measures that allow us to obtain a general summary 
of the changes from the early-stage network to the later stage are a starting 
point, which is exploratory in nature, and will be  followed up by 
measuring more specific changes in graph model structure. To compare 
networks directly, we employed known-node correspondence (KNC) 
measures (Tantardini et al., 2019; Wills and Meyer, 2020). KNC methods 
assume that the networks utilize the same node set and that the pairwise 
correspondence between nodes is known. Of the available KNC measures, 
we employed the cut distance (Liu et al., 2018), Deltacon, and weighted 
Hamming distance metrics for quantifying changes in the predefined 
constructs of science identity, research self-efficacy, and academic self-
concepts from the early checkpoint to the later checkpoint as well as 
across subpopulations. These three metrics are a reasonable choice 
because they each provide information about varieties of network change. 
For example, Deltacon measures are sensitive to not only simple edge 
changes in the network, but also changes involving 3, 4, or more edge 
changes. This is intuitive since connected nodes are part of a latent 
construct with other corresponding nodes in the subgraph. We  also 
included cut distance since it is particularly sensitive to community 
detection changes. Finally, we also include the Hamming distance because 
it is a standard method that provides overall feedback of any change in the 
network (not particularly sensitive to k-step changes as is Deltacon or 
community detection as cut distance).

3.4.3 Rank score characteristic function for KNC 
metric summary

Consider that the three KNC scores for networks each have a 
particular perspective or frame for detecting network change. The three 
KNC scores are like three “judges” of network change that can differ but 
should ultimately show alignment. In essence, each KNC measure assigns 
a score that reflects from a particular perspective network differences. 
However, there can be disagreement among these scores that a simple 
mean score does not accurately reflect. For example, two networks could 
have mean scores of the same value but different levels of dispersion. If 
networks 1 and 2 both have a mean of 3 for KNC scores, with one set of 
scores being 1, 3, and 5 and the other set being 3, 3, 3, these are very 
different results. To address this issue among the KNC metrics and 
provide a cohesive way to interpret these scores, we employ a known 
method called the rank score characteristic (RSC) function (Hsu et al., 
2019; Conover and Iman, 1981). The RSC function provides a mechanism 
to take all three metrics into account simultaneously and devise a ranking 
of change among the populations or subgraph units. Conover and Iman 
(1981) describe the rank transformations as a mechanism linking 
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TABLE 2 Graph characteristics characterizing differences across networks.

Measure Interpretation and visual 
representation on network graph

Example

Sign of an 

edge weight

 • A positive edge weight (green) indicates a 

positive relationship and a negative edge weight 

(red) indicates a negative relationship present 

between two nodes

In the context of our study, the presence of a red 

edge in a network indicates a negative association 

between two survey questions.

Mean edge 

weight

 • A larger mean edge weight, regardless of sign, 

would suggest that there are stronger 

correlations, on average, present among nodes in 

the graph. A smaller value suggests that there are 

weaker correlations present.

 • In the context of our study, the magnitude of an 

edge weight describes the strength of the 

association between two survey questions. A 

larger mean edge weight suggests that there are 

more, strong associations present among survey 

questions.

Larger mean edge weight Smaller mean edge weight

Standard 

deviation of 

edge weights

 • Describes the spread, or range of edge weights in 

a graph. A larger value would indicate a wider 

range of edge weight values present, a smaller 

value would indicate a smaller range of 

edge values.

 • In the context of our study, smaller standard 

deviation suggests that there is less variation in 

strength of association.

Larger standard deviation of edge weights Smaller standard deviation of edge 

weights

Minimum 

edge weight

 • Describes the smallest edge weight in the graph. 

A negative value indicates the strongest negative 

correlation in the graph, a positive value 

indicates the weakest positive correlation in 

the graph.

 • In the context of our study, the thickest red edge 

represents the question pair with the strongest 

negative association.

This network has a minimum edge weight of −3.3 and a maximum edge weight of 3.5.

Maximum 

edge weight

 • Describes the largest edge weight in the graph. If 

this value is positive, it represents the strongest 

positive association in the graph.

 • In the context of our study, the thickest green 

edge represents the question pair with the 

strongest positive association.

Network 

density

 • This is a value between zero and one. It is the 

proportion of existing edges to total possible 

edges. A larger value corresponds to a 

denser network.

 • In the context of our study, a larger network 

density indicates that there are a large number of 

significant associations present among pairs of 

questions.

Denser network Less dense network
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parametric and non-parametric statistics. For network change metrics, it 
is a cohesive summary of all three metrics into one non-parametric 
statistic. This will allow us to determine which groups of students and 
which constructs show evidence of the least and most change across 
research training. This approach is non-parametric and generalizable to 
any scenario where multiple scores are given to units and a summary 
is desired.

3.4.4 Hierarchical EGA
To visualize the changes seen among constructs with a focus on 

lower-order and higher-order network changes, we  implement the 
hierarchical EGA method (Samo et al., 2023), which uses the network 
loadings from the lower-order measures to estimate network scores. Then, 
these lower-order network scores are used to estimate the higher order 
network. The higher-order network reflects the underlying structure, or 
latent construct, of the three constructs of interest in this study—science 
identity, research self-efficacy, and academic self-concept. The difference 
between this approach and the previous modeling with the community 
detection algorithm is that the hierarchical EGA allows us to focus on the 
associations at the higher-order, between the three latent constructs, in a 
way that is informed by the association structure at the item-level. This is 
a more cohesive way to assess the high-order associations between these 
constructs and permits inference at the construct level. For example, using 
the hierarchical EGA we can investigate the association between science 
identity and research self-efficacy as constructs and build a network 
model at this higher-level of measurement. Typically, this would be done 
using sum scores or means, but hierarchical EGA approach allows the 
association analysis at the higher-order dimension to be conducted in a 
manner consistent with the empirically validated identification of the 
latent construct. Once the higher-order edges are calculated, we will 
be able to see the associations more clearly between the three primary 
constructs. We explore these associations using the difference scores for 
the early stage and late stage timepoints. This is consistent with a paired 
data approach. This is the preferred approach for this setting because 
we are focused on our research hypothesis that research self-efficacy 
changes are positively associated with science identity changes. The 
hierarchical EGA allows us to test this hypothesis, by using the difference 
between early and late-stage data to build the model. We note that since 

the implementation of the hierEGA function in the EGAnet package in R 
(R Core Team, 2024) is still in the experimental phase, it is important to 
note that the function itself and the results may be seeing change until the 
output of the function is thoroughly corroborated (Golino and 
Christensen, 2023).

4 Results

4.1 Descriptive network statistics

The data set contained information from 1,111 students and 
included seven descriptive variables and 14 ordinal numerical variables 
that contained the scores for each of the survey items being studied. The 
responses retained were those where the student had two time points 
(pre and post), which excluded 837 students who only answered one or 
the other survey and included 235 respondents. There was missing data 
for gender and ethnicity classifications such that 111 of the 235 
respondents did not indicate a gender, 9 indicated something other than 
male or female for gender, and 99 responses for ethnicity were missing. 
Due to the large proportion missing, we did not feel it warranted to 
perform an imputation to replace the missing values with gender or 
ethnicity classifications. Hence, the lack of response on these two 
measures may introduce a non-response bias. A big-picture summary of 
our sample, 235 matched pairs with at least a two-year gap between 
responses, can be seen in Table 3. Due to the paired structure of the data, 
naturally, the number of students matches at the early to late-stage 
checkpoints. To characterize the behavior of the responses recorded in 
this survey, we reported three descriptive statistics for construct scores 
for each of the three constructs: mean, standard deviation, and 
interquartile range (IQR). We can see that for the full sample, academic 
self-concept is the construct with the largest mean response and science 
identity has the largest standard deviation in responses. We can also see 
that across most demographics, science identity and academic self-
concept have a higher IQR than research self-efficacy. We  can see 
differences among subpopulations, for example, females report lower 
average scores than males for all three constructs at both early and late 
checkpoints. Additionally, while non-Hispanics report higher average 

TABLE 3 Overall and subpopulation participant characteristics for early to late research stage.

Construct Response 
statistics

Overall Male Female Hispanic Non-Hispanic

Early Late Early Late Early Late Early Late Early Late

N 235 235 40 40 82 82 124 124 12 12

Research self-

efficacy

Mean 3.67 3.71 3.64 3.86 3.62 3.65 3.58 3.67 3.97 3.96

SD 0.97 1.02 0.88 0.82 0.98 1.03 0.94 0.98 0.82 1.11

p-value 0.10 (0.50) 0.70 (1.00) 0.30 (1.00) 0.40 (1.00) 0.40 (1.00)

Science 

identity

Mean 3.84 3.80 3.95 3.96 3.84 3.7 3.85 3.74 3.82 3.79

SD 1.09 1.16 0.93 1.04 1.06 1.16 1.03 1.18 1.02 1.18

p-value (adjusted 

p-value)

0.01 (0.05)* 0.14 (0.70) 0.02 (0.10)* 0.01 (0.05)* 0.30 (1.00)

Academic 

self-concept

Mean 3.96 3.92 4.14 4.04 3.93 3.83 3.98 3.91 3.92 3.81

SD 0.82 0.83 0.76 0.79 0.8 0.84 0.8 0.83 0.9 0.94

p-value 0.13 (0.65) 0.30 (1.00) 0.03 (0.15)* 0.07 (0.35) 0.40 (1.00)

*Denotes p < 0.05, from a paired sample t-test. These suggest there is a significant difference in mean construct score over time.
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scores than Hispanics in research self-efficacy (at both early and late 
stage), the opposite is true for academic self-concept.

Paired sample t-tests were conducted to identify significant 
differences in construct mean scores over time for the full sample, 
each binary gender, and binary ethnicity. These tests allow us to 
determine which of the changes in mean score seen in the table are 
noteworthy. Pairwise and Bonferroni corrected p-values are provided 
in the table, with the pairwise p-value leading and the Bonferroni 
corrected value in parentheses. In Table  3, there is no significant 
change in mean research self-efficacy scores from the early to the late 
checkpoint, for the full sample or any of the four subpopulations of 
interest. The full sample does, however, show a significant pairwise 
difference in mean science identity score over time, which is only 
marginally significant with the Bonferroni correction. Significant 
differences in mean scores can also be seen in female science identity 
and research self-efficacy, as well as Hispanic science identity. 
However, with the multiplicity correction, only Hispanic populations 
show some evidence of change in science identity. It is important to 
note that in all other analyses, we  will be  measuring changes in 
network structure, which is entirely different from assessing changes 
in the mean score values themselves. As detailed in the methodology 
section, assessing changes in network structure will entail using KNC 
measures and applying an RSC function.

4.2 Overall early vs. late results

Figure  1 portrays the pair of networks generated for the entire 
population of research trainees. As a result of the community detection 
algorithm, the survey items are in fact correctly grouped by educational 
construct. Research self-efficacy is shown in orange, science identity is 
shown in blue, and academic self-concept is shown in yellow in both 
network plots. Although survey items have consistent groupings in the 
early and late stages, a visual inspection indicates that some of the 

associations among survey items change in strength from one network to 
another. A change in strength of association between two survey items 
would be visually detected by a change in the thickness of the line (edge) 
connecting them. For example, the edge between scientist identity and 
belonging in field—in the science identity construct—positively increases 
in association for early to late-stage research trainees. This indicates that 
the association between these two items increases over time, meaning that 
students were more likely to report having a stronger sense of belonging 
in their field if they had strong science identity late state research trainees. 
While this association is present in early-stage trainees, it is not quite as 
prominent as it is at the later stage. Also, trainees’ connection between 
scientist identity and community weakens over the early to late stages. 
We can see other notable changes in association by studying the graph. 
For example, the association between team research and community (also 
in the science identity cluster) becomes weaker from the early to late stage. 
Also, while the association between explaining results and technical skills 
in the research self-efficacy cluster is lost, an association between 
integrating results and collecting data is formed.

To quantify all the changes seen in strength of association, a side-
by-side comparison of network descriptive measures is shown in 
Table 4. It provides an initial summary of structural changes across 
both early and late networks. For example, we can see that there is a 
slight decrease in average edge weight and standard deviation from 
the early to the late network, but there is an increase in maximum edge 
weight. This might be  due to the increased number of weak 
associations (represented by thin edges) that are present in the late 
network but not in the early network.

4.2.1 Results for subpopulations early vs. 
late-stage research trainees

Network comparisons were also made across gender and race for 
the three constructs of interest in this study. At an initial glance, the 
descriptive metrics also in Table 4 appear to show little evidence of 
change across subpopulations regarding mean edge weight, standard 

FIGURE 1

Illustration of early and late networks for biomedical research trainees.
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deviation of edge weights, or network density. However, minimum 
and maximum edge weight indicate noticeable differences across 
groups. For example, for the late-stage male network, the minimum 
edge weight is −0.15, which is more than triple the minimum edge 
weights for the late-stage female network. Additionally, the minimum 
edge weight for the early-stage Hispanic network is zero, meaning that 
there are no negative associations present in this network, which is not 
the case for either of the non-Hispanic networks. It also appears that 
the non-Hispanic networks have larger maximum edge weights than 
the corresponding Hispanic networks at both early and late stages. 
These differences within and across subpopulations indicate potential 
construct changes across these populations and over time. This will 
be further explored in the following section.

Illustrating how these heuristics appear as changes between 
networks, consider Figure 2, depicting a side-by-side comparison of 
early and late-stage networks by subpopulation. By means of this visual 
representation, two glaring differences are evident. First, the late-stage 
female network has two identifiable subclusters related to research self-
efficacy. While all six of these skills belong to the research-self efficacy 
construct, collecting data and technical skills represent research skills 
of lower complexity, using literature and integrating results represent 
research skills of higher complexity. The female subpopulation may 
be picking up on what may be a difference between research-oriented 
skills versus technical skills needed for research. Here, we  define 
research-oriented skills to be those that belong to the research-self 
efficacy cluster but require a higher level of cognitive complexity, while 

TABLE 4 Overall and subpopulation network characteristics for biomedical research trainees.

Mean edge weight SD edge weight Min edge weight Max edge weight Network density

Early Late Early Late Early Late Early Late Early Late

Overall 0.13 0.11 0.12 0.11 0.00 0.00 0.47 0.50 0.52 0.60

Male 0.13 0.13 0.13 0.16 −0.06 −0.15 0.54 0.53 0.46 0.55

Female 0.13 0.13 0.13 0.14 −0.03 −0.04 0.52 0.51 0.50 0.50

Hispanic 0.13 0.13 0.11 0.12 0.00 −0.02 0.41 0.44 0.48 0.50

Non-Hispanic 0.12 0.12 0.20 0.19 −0.22 −0.45 0.68 0.52 0.52 0.50

FIGURE 2

EGA network comparison by gender.
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technical skills are those that entail exercising procedural abilities or 
knowledge. Another prominent difference in networks is the strong 
negative association between team research and math ability that is 
present in the late-stage non-Hispanic network, but not in the early-
stage network. This is distinct to this cohort and not present in any 

other subpopulation. In a general sense, multiple negative edge weights 
appear in the subpopulations for male and non-Hispanic students that 
are not present in either female or Hispanic populations. These negative 
associations tend to be  more frequently attached to the nodes 
corresponding to math ability and team research.

TABLE 5 Rank sum scores for combined network change metrics for comparing early to late networks across subpopulations.

Weighted hamming distance* Deltacon* Cut distance* Overall similarity rank

Female 0.62 (2) 0.12 (2) 5.05 (2) 2

Male 0.85 (3) 0.18 (3) 8.62 (3) 3

Hispanic 0.51 (1) 0.09 (1) 4.10 (1) 1

Non-Hispanic 0.87 (4) 0.20 (4) 9.60 (4) 4

*Ranks assigned by each KNC metric are shown in parenthesis.

TABLE 6 KNC metrics for comparison of early and late stage biomedical research trainee networks by educational construct.

Weighted hamming distance Deltacon Cut distance

Research self-efficacy 1.44 0.31 0.08

Science identity 0.63 0.13 0.08

Self-rating 0.3 0.06 0.04

FIGURE 3

EGA network comparison by ethnicity.
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FIGURE 4

Hierarchical EGA results using the difference between early and late-stage data.

4.2.2 Formal comparison across subpopulation 
networks

To better quantify the overall level of change seen across 
subpopulation networks we calculate KNC metrics, and to determine 
which subpopulations saw the most and least amount of change we use 
the RSC function. Recall that KNC measures are those that quantify the 
magnitude of change from one network to another, when node 
correspondence is known across networks. In Table 5, three KNC metrics 
provide evidence that the male and non-Hispanic networks saw the 
highest levels of change across time, while the Hispanic networks saw the 
least amount of change. Additionally, since all three KNC metrics agree 
in their rankings, the overall similarity rank column – shows the same 
rankings as those produced by each of the KNC measures (shown 
in parenthesis).

4.2.3 Results for changes in constructs during 
research training

We generated early and late networks for each of the three 
hallmarks (science identity, research self-efficacy, and academic 
self-concept), then the same KNC measure and RSC function 
process was used to determine which of the constructs showed 
more change than the others over research training. Table  6 
provides a summary of the three KNC network change statistics for 
each subnetwork (latent structure). These rankings indicate that the 
structure of the academic self-concept networks saw the least 
change across time, while the structure of the research self-efficacy 
networks saw the most change.

4.2.4 Hierarchical EGA results comparing early 
and late stage

The hierarchical EGA model, which was fit using the differences 
between the early and late-stage scores, reflects the true latent structure 
of the survey items. Recall that the use of differences between the early 
and late stage groups are more relevant here since we are testing the 
hypothesis that there is a positive relationship between change in 
research self-efficacy and science identity. The three factors identified in 
the higher-order network correspond to science identity, research self-
efficacy, and academic self-concept. Additionally, the survey items in the 
lower-order network are accurately clustered by educational construct. 
In Figure 3 we see that there is a thick green edge connecting nodes 1 and 
2 in the higher-order network. This suggests that, over time, an increase 
in research self-efficacy scores is associated with a strong increase in 
science identity and vice versa. Although the edges connecting science 
identity to academic self-concept and research self-efficacy to academic 
self-concept are also positive, they are thinner which means that an 
increase in academic self-concept is associated with a slight increase in 
science identity and research self-efficacy. Looking at the lower-order 
network we see that, naturally, survey items in the same cluster are also 
strongly positively associated. This indicates that an increase in score 
response over time for a survey item is associated with a strong increase 
in score response for survey items that belong to the same educational 
construct. It is also interesting to see that the edges that cross between 
clusters (those that connect survey items that belong to different 
constructs) are not very thick in comparison. This demonstrates a clear, 
definite identification of the latent structure (Figure 4).
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5 Discussion

This study aims to understand the experiences and development 
of undergraduate students undergoing biomedical research training 
in key research training outcomes. By making use of EGA models, 
we can identify the latent structure present in the survey items and 
measure the level of change in the constructs of research self-efficacy, 
science identity, and academic self-concept over the course of 2 years.

RQ1: Quantifying level of change over time

Previous studies have found that research-self efficacy, in particular, 
increases in minority students when they participate in undergraduate 
research (Carpi et al., 2017). Using KNC measures to better quantify 
the overall level of change seen across subpopulation networks and the 
RSC function to determine which subpopulations saw the most and 
least amount of change, allowed us to develop and implement a 
reproducible framework to reach consensus between multiple scores. 
Using this method, we noted that research self-efficacy saw the greatest 
change in network structure over the course of 2 years of participating 
in an undergraduate research program, while academic self-concept 
saw the least amount of structural change. This was the observed 
pattern for the aggregated data as well as for the subpopulations of 
Hispanic vs. non-Hispanic and male vs. female.

RQ2: Differences in network structure among gender and 
ethnic subpopulations

There is a need to study the development of student minorities in 
STEMM, with respect to educational construct hallmarks, since 
minorities are disproportionally underrepresented in research professions 
(Carpi et al., 2017; Tellhed et al., 2017). Due to this, we suspect that 
underrepresented populations may develop research training outcomes 
in a different fashion than majority counterparts. In this study, we were 
able to examine specific changes in associations among subpopulations, 
for example the negative associations that develop only in male and 
non-Hispanic groups and the division of survey items in the research self-
efficacy cluster for female students. Although previous literature has 
found that there were insignificant differences in mediation models with 
respect to ethnicity and gender (Carlone and Johnson, 2007), we found 
that there were in fact noteworthy differences in construct structure for 
the graphical networks produced by our student sample. Recall that this 
study is examining the structural characteristics of the scales while the 
Chemers et  al. (2011) manuscript examined summary scores for 
these metrics.

RQ3: The effect of increased research self-efficacy scores on 
science identity

Previous studies have investigated the effect of science support 
experiences and undergraduate research experiences on the 
development of science identity in students Chemers et al. (2011) and 
Robnett et al. (2015). More specifically, they note that science identity 
can be  developed by exposing students to research activities that 
develop their self-efficacy (Flowers and Banda, 2016). We found that 
this was corroborated in our study as well, as a strong positive 
association between research self-efficacy and science identity change 
scores is present in the hierarchical EGA model for undergraduate 
students undergoing biomedical research training. While we do not 

know the direction of this relationship, we can confirm that there is a 
strong positive association between changes in research self-efficacy 
and science identity.

5.1 Limitations

The study included only 235 responses out of the full 1,111 responses 
available due to our restriction to having full matched pairs. This 
excluded 876 participants who only answered one or the other survey. 
This may introduce a non-response bias to the data if there is a systematic 
difference between students who answered both survey versus just one. 
Following pre-processing, Due to small sample sizes in the non-Hispanic 
population at the university (approximately 16% of students and even 
fewer of students engaged in research training), we did not have large 
numbers of non-Hispanic students and so those results may lack 
statistical power. Given the nature of the university as a Hispanic-serving 
institution, the results of our study may not generalize to non-HSI or 
non-MSI settings, due to our ongoing existing programming focused on 
research training interventions designed for our student population.

5.2 Future research

The results of this study provide evidence about the structural 
composition of three major student attributes commonly reported in 
studies that measure the impact of research training on undergraduates 
and is an essential first step in identifying the true structure of these 
attributes, with a focus on research training in biomedical sciences for 
underrepresented students. While the study provides valuable insights 
about how the structure changes over time, future research could 
focus on using directional graph models to investigate change in these 
important student attributes over time.
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Appendix

We employ a configural invariance method to validate the stability 
of the factor structure in our EGA models across time. First, to 
establish configural invariance, the data is collapsed across time 
checkpoints and a common EGA structure is calculated. Variables 
with replication >0.7 in their assigned dimension are considered stable 

and invariant, those that are not dropped and the process is repeated 
until all remaining variables are invariant. Metric invariance values are 
obtained by subtracting the assigned loadings for each group. To 
obtain p-values, group memberships are permuted and loadings 
recalculated at each iteration to produce a null distribution of values. 
The loading differences for each of our four demographics are shown 
in the Figure.

FIGURE A1

Configural invariance plots.
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