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Investigating the relationship between participation in the
building infrastructure leading to diversity (BUILD) initiative and
intent to pursue a science career: A cross-sectional analysis

Hector V. Ramos&”, Krystle P. Cobian®, Jayashri Srinivasan@, Christina A. Christieb,
Catherine M. Crespi?@, Teresa Seeman?@

a Department of Medicine, David Geffen School of Medicine, University of California, Los
Angeles, USA

b School of Education and Information Studies, University of California, Los Angeles, USA

Abstract

This paper presents an analysis of survey data to examine the association between supervised
structured mentoring and students’ intent to pursue a career in science. Data were collected

from students in the 10 Building Infrastructure Leading to Diversity (BUILD) research training
programs, developed through grants from the National Institutes of Health. Propensity score
matching and multinomial logistic regression demonstrated that exposure to BUILD programs—
meaning participation in undergraduate research, receipt of mentoring from a primary mentor,
and/or participation as a funded scholar and/or associate of each BUILD site’s training program—
was associated with increased intent to pursue a science career. These findings have implications
for STEM program evaluation and practice in higher education.

Keywords
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The National Institutes of Health (NIH) recognizes the need to diversify the scientific
workforce by encouraging and enhancing the participation of people from groups identified
as underrepresented in the biomedical, clinical, behavioral, and social sciences (collectively
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termed “biomedical”) research workforce (https://grants.nih.gov/grants/guide/rfa-files/RFA-
RM-18-006.html). Recognizing that problems persist at all career stages of the biomedical
career path, the NIH requested evaluation plans from all potential projects to understand
what worked and to demonstrate the impacts of programming to support a diverse group

of individuals across their careers (Diversity Program Consortium, n.d.). Collectively, this
network of institutions awarded funding by the NIH is known as the Diversity Program
Consortium (DPC). The DPC is a national collaborative research project in which the NIH
works together with institutions to improve training, mentorship, biomedical research career
development, and bolster institutional research and research training infrastructure (Diversity
Program Consortium, n.d.).

While funding agencies endorse evaluation as crucial for determining whether, why, and
for whom a program is working, it is still uncommon to construct the evaluation and
coordination component into the multisite research grants. As a noteworthy element of the
DPC, the CEC’s evaluation serves to help better understand the relationships between the
DPC program activities and outcomes, and gain insight into how to best execute a complex
evaluative process and then use data to address primary evaluation questions; two features
common to most large evaluations.

One challenge of ongoing, multisite evaluation is the need to produce meaningful and
rigorous research that informs the field, while waiting for longitudinal data. To maximize
the collected data, it is necessary to conduct analyses with currently available data; thus,
we used cross-sectional survey data to investigate an important student-focused outcome
of the DPC- intent to pursue a biomedical research career. The analyses presented in this
paper illustrate how we untangled the complexities of survey data from the 10 BUILD

sites to develop a more comprehensive understanding of BUILD program outcomes.
Accordingly, we examined whether undergraduate student participation in BUILD programs
was associated with increased reporting of intent to pursue a biomedical research career;
and further assessed the extent to which frequency of mentoring contributed to any BUILD
impact on undergraduate students’ career intentions. Using data from the 10 programs, we
examined participation in mentored or supervised research (one of the DPC Hallmarks of
Success) with respect to undergraduate participation in BUILD programs and respondents’
intent to pursue a science-related career. Central to our analyses, we used propensity scores
and multinomial logistic regression, and controlled for several additional experiences and
demographic information (i.e., income concerns, race/ethnicity, gender, institution, and
GPA). The following research questions focused our analyses:

1. Are there differences in undergraduates’ intent to pursue a science-related career
between students who participated in a BUILD program compared to those
students who did not participate in a BUILD program?

2. To what extent do differences in students’ reported frequency of mentoring and
research participation explain why BUILD exposure is associated with stronger
reported intent to pursue a science career?

Eval Program Plann. Author manuscript; available in PMC 2024 February 05.
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1. Relevant program and outcome literature

The Diversity Program Consortium (DPC) is a national project funded by the National
Institutes of Health (NIH) that implements and evaluates approaches intended to improve
research training, mentoring, faculty development and institutional capacity building to
support diversity in biomedical research training and career pathways (Diversity Program
Consortium, n.d.). One component of the DPC is the Building Infrastructure Leading to
Diversity (BUILD) program. Granted to 10 higher education institutions to implement
and determine effective ways to engage students from diverse backgrounds in biomedical
research, the BUILD initiative’s long-term goal is to develop interventions that will best
prepare an increased number of students from diverse backgrounds to become potential
future contributors to NIH-funded research (Hurtado et al., 2017; McCreath et al., 2017;
Guerrero et al., 2022).

To fulfill the DPC’s efforts to identify effective approaches concerning research training

and mentoring, the DPC includes a Coordination and Evaluation Center (CEC). The CEC
provides BUILD sites with coordination and evaluation support, including data coordination,
data collection, and overall program evaluation of the BUILD initiative. To work reach

these objectives, the CEC partners with the BUILD sites. The corresponding sites administer
annual surveys to students, alumni, and faculty.

Research examining baccalaureate-level STEM education reveals that mentoring in STEM
(Byars-Winston & Dahlberg, 2019) and undergraduate research experiences (Linn et al.,
2015) are associated with students’ retention and advancement into STEM graduate study.
Associations have been identified between supervised undergraduate research with increased
science identity (Atkins et al., 2020; Maton et al., 2016; Summers & Hrabowski, 2006), and
with increased academic achievement and longer-term success (Aikens et al., 2017; Atkins
et al., 2020; Tsui, 2007; Winterer et al., 2020). Quality of mentoring relationships in these
undergraduate research experiences vary (Pfund et al., 2022).

The American Association of Colleges and Universities (AAC&U, n.d.) recognizes
undergraduate research experiences (URE) as high-impact practice. UREs contribute to
students’ interests in STEM and progression into STEM graduate study (Russell et al.,
2007), development of science identity (Atkins et al., 2020; Maton et al., 2016), and
increased interest in a scientific career (Linn et al., 2015). Research mentoring strongly
predicts a variety of academic and career outcomes, including science identity (see, Merolla
& Serpe, 2013; Chang et al., 2014) and research self-efficacy (see, Estrada et al., 2018;
Schwitzer & Thomas, 1998). In this study, we define UREs as undergraduate research
experiences provided by the BUILD programs to their program participants. Course-based
undergraduate research experiences developed at some BUILD sites were not included in
our analyses.

Mentoring has been associated with increased academic achievement and long-term success
in STEM for underrepresented students (Aikens et al., 2017; Atkins et al., 2020; Tsui,
2007; Winterer et al., 2020). STEM education research suggests that mentoring within
undergraduate research experiences is essential to successfully support students with STEM
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career aspirations (Linn et al., 2015). Thus, a key component of the benefits obtained from
undergraduate research is the mentoring provided by the primary mentor in charge of the
research project and/or lab.

Primary research mentors for UREs can vary by STEM discipline and lab, ranging from
principal investigators, postdoctoral researchers, graduate students, to other project/lab staff
(Atkins et al., 2020). In a qualitative study of students from underrepresented groups who
were involved in UREs via a Howard Hughes Medical Institute (HHMI) and university-
sponsored STEM program, researchers found that students perceived research mentors to be
supportive colleagues who provided opportunities to develop mentees’ science identities and
served as examples to model (Atkins et al., 2020). Students that felt less support from their
mentors identified lower levels of self-confidence (Haeger & Fresquez, 2016). Moreover,
mentoring increases academic GPA (Jones et al., 2010).

Lastly, mentoring can foster undergraduate students’ STEM career development and entry
into graduate study. Carpi & colleagues (2017) examined career development outcomes of
participation in a STEM URE program at a large, minority-serving institution. Among the
sample of current and former program participants, 68% reported developing an interest

in pursuing graduate school during their program experience. Investigations included how
research experiences affect graduate school expectations. Findings suggest that the duration
of mentoring relationships between faculty and students via the URE program structure are
what partly contribute to shifting students’ career aspirations. Haeger and Fresquez (2016)
also found that prolonged exposure to mentored research increases research skills when
compared to students that received no mentoring or less mentoring; thus, longer mentoring
duration also suggests increased academic achievement and persistence.

Considering the large investment by federal and private agencies to support STEM
interventions, campuses with grant-funded initiatives and funding organizations have
considerable interest in seeking lessons learned on how to extend sustainable, student-
centered program innovations to support success in persisting in biomedical research
education and the workforce. This study on mentorship and undergraduate research
experiences contributes to this effort.

2. Methods

We aimed to determine how frequently primary mentors and students should meet to
strengthen students’ STEM-related career aspirations. Almost all the BUILD sites required
their scholars to participate in a URE during the academic year (and sometimes summer),
yet they also offered several program elements that provided additional support (e.g.,
cohort meetings, access to career workshops, conference funding, etc.). Thus, we tested
for differences between BUILD-exposed and non-BUILD students at all 10 BUILD sites,
while also examining the relationship between undergraduate students’ reported frequency
of mentorship with a primary mentor and self-reported intent to pursue a science-related
career.

Eval Program Plann. Author manuscript; available in PMC 2024 February 05.
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2.1. Dataand sample

Data used are from the Student Annual Follow-up Survey (SAFS), developed by the
Coordination and Evaluation Center (CEC). Every spring, the CEC invites undergraduate
students across the 10 BUILD programs to complete the SAFS. The SAFS asks students
about attitudes, perceptions, and participation in a variety of experiences during their time
in college. We used SAFS data from the 2017 administration because that version of

the survey asked students about the frequency with which they met with their research
mentor. Data on mentoring frequency were not collected in subsequent versions of the
survey. The study sample includes 4753 undergraduate students who did not participate

in BUILD programming and 555 undergraduate students who participated in one or more
BUILD-sponsored activity (i.e., scholar, associate, undergraduate research experience) prior
to Spring 2017.

3. Variables

3.1. Outcome

Responses to the survey item, Will you pursue a science-related research career? were used
to measure the study outcome. The response scale was a five-point Likert scale of “definitely
yes”, “possibly yes”, “uncertain”, “possibly yes, and "definitely no”, plus an option to
“choose not to answer this question” (see Table A). For these analyses, we collapsed the
“choose not to answer” option with missing data, because we lack information on students
in both categories regarding “intent to pursue.” We also collapsed “definitely no”, “possibly
no”, and “uncertain” into a category we label as “unlikely to pursue a science career” due to
small numbers of respondents in each of those categories relative to the size of the other two
response options (i.e., “possibly yes” and “definitely yes™), which were retained as separate

categories.

3.2. BUILD participation

We operationalized BUILD participation as our key treatment variable. For these analyses,
participation in BUILD was comprised of all the students who were identified as

BUILD Scholars, BUILD Associates, and/or students with BUILD-sponsored undergraduate
research experiences (URE), and who had participated in any of those activities by
September 1st, 2016. This date was selected to ensure that students classified as having
participated in BUILD had at minimum 6 months for participation in their program category
by the time of the administration of the SAFS 2017 follow-up survey which began as

early as February 2017 for some of the BUILD sites. While exposure to different types

of support and training for biomedical careers varied across institutions, most BUILD

sites require undergraduate research for BUILD Scholars while some also offered such

URE to additional students who were not receiving the full BUILD package. Our BUILD
classification includes Scholars, Associates and students involved in URE. Mentoring was a
fundamental component at all campuses.

IThese categories denote varying levels of participation in BUILD across the sites, and we used the broadest universe of program
engagement for the analysis presented here.
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The main explanatory variables for the study along with a detailed description for each

of the variables are tabulated in Table 1. These variables include race/ethnicity, gender,
cumulative grade point average (GPA) for students from their previous academic year,
financial concerns while enrolled in college, frequency of mentoring received, research
experience, and the BUILD sites (see Table 1 for detailed descriptions). A 5-category
frequency of mentoring variable was created based on information regarding (a) whether
they have a mentor and (b) the reported frequency of mentoring for those reporting that they
have a mentor. These scales are self-reported scores by students on the SAFS 2017 surveys.
Missingness across the variables ranged from a minimum of 4% to maximum of 25%. The
highest percentage of missing values was seen in the cumulative GPA variable, which is
about 25%.

4. Analyses

4.1.

Descriptive analyses

We first conducted descriptive analyses comparing the BUILD and non-BUILD students
on various demographic and background variables. We calculated the frequencies and
percentages for categorical variables, and the mean and standard deviation for the
cumulative GPA, which is a continuous variable. The differences between BUILD and
non-BUILD students were tested using Chi-square tests and two-sample t-tests.

As noted above, intent to pursue a science-related career is a 3-level Likert-scale item. The
3 categories are: unlikely, possibly yes and definitely yes, with “unlikely” as the reference
category. We used a multinomial logistic regression model to model this outcome. First, an
unweighted multinomial model was fit to the data, and after propensity score estimation, a
weighted multinomial model was fit using the propensity score weights. For both models,

covariates were added in a stepwise fashion.

4.2. Propensity score modeling

Since this is an observational study with non-random assignment into treatment groups,

we made use of propensity score methods (Hong & Raudenbush, 2008; Rubin, 2001).

Data collection via surveys can be expensive and difficult, therefore, we aimed to make

use of the entire sample available. Our total sample size was 4753, of whom 555 were
BUILD scholars. Because of the large control group, we chose to use the inverse propensity
weighting approach rather than matching approaches, which involves dropping unmatched
observations from the study. The propensity score method allowed us as to adjust for
differences between BUILD scholars and non-BUILD scholars by controlling for a set of
confounding variables.

The propensity score is the conditional probability of being assigned to treatment given
observed values of covariates (Rosenbaum & Rubin, 1983). Propensity score modeling was
used to estimate these conditional probabilities for each individual. The outcome variable for
the propensity score model was a binary indicator variable for BUILD vs non-BUILD.
Predictors in the propensity score model were gender, race/ethnicity, financial worry,
cumulative college GPA prior to 20186, institution, and major. Propensity score estimation

Eval Program Plann. Author manuscript; available in PMC 2024 February 05.
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and weighting were conducted using the twang package (Ridgeway, 2021) in R (R Core
team, 2016). This package implements gradient boosted modeling to fit the propensity score
model. Gradient boosted modeling is a tree-based method that allows for nonlinear effects
and interactions among the model predictors. The twang package handles missing data by
attempting to balance the levels of missingness on each variable through the propensity
score weighting. After convergence, we assessed balance between the two groups after
weighting by examining standardized mean differences and compared the distributions of
propensity scores in the two groups to assess whether there was adequate overlap.

The weights obtained from the propensity score estimation were used to estimate the BUILD
effect in a weighted multinomial model that contained a BUILD treatment indicator. We

fit a weighted multinomial model using the survey package (Lumley, 2020) in R, which
allowed us to properly account for the weighting when estimating standard errors of the
parameters in the model. To study treatment effects, we estimated the average treatment
effect (ATE) and the average treatment effect on the treated (ATT). The ATE is the overall
average effect of BUILD were it to be applied to the entire population. To estimate the ATE,
the propensity score weight for each individual is the inverse of the probability of exposure
to the condition that the individual was exposed to. The ATT is the average effect of BUILD
among individuals who received the treatment. To estimate the ATT, the propensity score
weight equals 1 for treated individuals and the odds of treatment for untreated individuals
(Stuart, 2010). In this study, we focussed on the ATT.

5. Results

5.1. Descriptive analyses

In Table 2 we present the descriptive statistics for the BUILD and non-BUILD students
across the various background characteristics in the study. Comparison of the BUILD
students to their non-BUILD counterparts indicated that BUILD students were significantly
more likely to report stronger intent to pursue a science career. That is, 31% of BUILD
students responded that they will “possibly yes” pursue a science related career, while 27%
of non-BUILD students responded to “possibly yes” category. Furthermore, 55% of BUILD
students indicated they would “definitely” pursue a science related career, whereas only
21% of non-BUILD students responded that they would “definitely” pursue a science related
career. Next, BUILD students were also more likely to report having a mentor (85% BUILD
vs 15% non-BUILD), and, among those students with a mentor, reported greater frequency
of contact with their mentor. For example, 65% of BUILD students meet with their mentors
weekly, while only 14% of non-BUILD students meet with their mentors weekly.

BUILD students were also more likely to report a “biomedical major” and had higher GPA’s
than the non-BUILD students. In terms of demographic characteristics, BUILD students
were more likely to be women than men and less likely to be Asian or White than Latinx
(we have chosen to use the term Latinx as it is the current terminology used in many higher
education journals at this time. We understand there are significant questions related to the
use of the term); there were no significant differences between BUILD and non-BUILD
students who reported being African American.

Eval Program Plann. Author manuscript; available in PMC 2024 February 05.
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5.2. Propensity score estimation

Before fitting the outcome model to draw inferences regarding the impact of frequency of
mentoring on the intent to pursue a science related career for BUILD and non-BUILD
students, we estimated propensity scores in order to use propensity score weighting.
Propensity score weighting allowed us to balance key pretreatment covariates between
BUILD and non-BUILD students.

First, we conducted a diagnostic check to assess the convergence of the gradient boost
algorithm. We examined the absolute standardized effect size and the Kolmogorov-Smirnov
(KS) statistics as the two stopping rules and number of iterations were sufficient to minimize
the two statistics. Table A in the Appendix presents the pretreatment covariates before and
after weighting, which helps understand the covariate balance between the BUILD and
non-BUILD students after propensity score weighting. Small values of standardized effect
sizes between groups after ATT propensity score weighting indicate that the control group is
appropriately weighted on the pretreatment characteristics.

Fig. 1 illustrates the effect of the weights on the magnitude of standardized mean
differences between BUILD and non-BUILD students on each pretreatment covariate.
We see substantial reductions in effect sizes post weighting for most of the pretreatment
covariates, indicating that the differences between the BUILD and non-BUILD students
were reduced after weighting. Table 3 provides the relative importance of the covariates
included in the propensity score model. Relative importance is a variable importance
measure from gradient boosted models that is based on the number of times a variable

is selected for splitting, weighted by the squared improvement to the model as a result of
each split, and averaged over all trees (Elith et al., 2008). BUILD institution, cumulative
GPA and major (biomedical vs. not) were the three most influential covariates for predicting
an individual’s propensity score.

The propensity score estimation and ATT weighting is an important step for us to make
comparisons between the BUILD and non-BUILD students with respect to the outcome
variable. This technique allowed us to compare similar groups of BUILD vs non-BUILD
students in our outcome model.

5.3. Outcome modeling

Table 4 presents results of a series of 3 multinomial unweighted models examining

the relationship between BUILD exposure and the likelihood that a student will report
“possibly” or “definitely” planning to pursue a career in science. In all cases, BUILD
exposure is associated with a greater likelihood of either “probably” or “definitely” pursuing
a science career. As shown, when comparing the unadjusted effect of BUILD (Model

1 - no covariates) to the sequence of models controlling for “frequency of mentoring”
(Model 2), and then adding “participation in research” (Model 3), and finally all additional
demographic covariates (Model 4), BUILD exposure remains a significant predictor,
although the size of the effect is reduced with adjustment for frequency of mentoring and
research participation.

Eval Program Plann. Author manuscript; available in PMC 2024 February 05.
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The estimates reported in Table 4 can be interpreted as odds ratios that compare the odds
for “possibly” or “definitely” pursue versus “unlikely” to pursue for a one unit increase in
the predictor (Rabe-Hesketh & Skrondal, 2012). For example, in Model 1, we see that the
relative odds of a student responding that they definitely intend to pursue a science related
career versus that they are unlikely to do so is 10.51 for BUILD students vs. non-BUILD
students. The relative odds of responding that they are probably going to pursue a science
related career versus unlikely to do so is 4.65 for BUILD students vs. non-BUILD students.

As shown in Model 3, when we further control for frequency of mentoring and research
participation, the odds ratio for the BUILD effect is reduced from 10.51 to 3.78 for
responding that one is “definitely intending to purse a science career” and from 4.65 to 2.89
for responding that one is “probably going to pursue a science career.” These reductions
indicate that mentoring and participation in research help to explain a large portion of the
BUILD effect. As also shown, when comparing frequency of mentoring against “not having
a mentor” (reference group), only weekly or more frequent mentoring is associated with
significantly greater likelihood of intending to pursue a science career with an odds ratio of
2.3 for those reporting “probably intending to pursue such a career” and an odds ratio of
2.0 for “definitely intending to pursue a science career”. Students who report participating
in research are also significantly more likely to report that they “probably” or “definitely”
intend to pursue career in science (see Models 3-4).

Finally, independent of BUILD exposure, frequency of mentoring, and research
participation, women are less likely than men to report intentions to pursue a science career
and Black and Asian students are more likely than White students to report “probably” or
“definitely” intending to pursue a science career. /Latinx students are also more likely than
White students to report “definitely” intending to pursue such a career.

Table 5 presents a parallel set of weighted multinomial models. Results for BUILD
exposure follow a similar trend as the unweighted findings reported above with BULD
exposure associated with significantly greater likelihood of reporting “probably pursue”

or “definitely pursue” a science related career after adjusting for frequency of mentoring,
research participation and major demographic characteristics. Likewise, weekly mentoring
and research participation again remain significant even after adjustments for each other and
demographic characteristics. The major difference between these weighted analyses and the
unweighted models is seen for demographic characteristics which are largely not significant
in these weight analyses. The same is true for the “financial worries” measure.

These results help us better understand the importance of mentoring as a significant
component of the BUILD experience. After controlling for frequency of mentoring, BUILD
students were approximately twice as likely as non-BUILD students to “probably” pursue a
science career.

6. Discussion

In this study we examined whether exposure to the NIH-funded BUILD program (being
a BUILD Scholar, BUILD Associate, or participation in an URE) was associated with a
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stronger intent to pursue a science-related research career. We also examined the extent to
which frequency of mentoring and participation in research activities were contributors to
any BUILD difference. Our findings are consistent with prior research but have the added
advantage of using a large national study sample and looking across a multi-site, localized
and tailored implementation of program activities.

In the case of our national evaluation of the 10 BUILD programs, the most feasible study
design was observational, without random assignment. Thus, it is important to employ
statistical methods that best help address the limitations and challenges posed by the study
design and survey data collected. We used a propensity score estimation approach to create
equivalent groups of students who were exposed to the BUILD program versus those who
were not exposed to the BUILD programs and created propensity scores for the students
based on the key background characteristics to control for any differences between the
BUILD and non-BUILD students. Using inverse propensity weighting, our results indicate
that the BUILD and non-BUILD students were similar on the key covariates, which allowed
us to make inferences regarding the students exposed to the BUILD program along with
its relationship to frequency of mentoring and research participation. This was critical to
offering a robust analysis that contributes to our understanding of the program outcomes.
It also provides an illustration of how using more advanced post-hoc methodological
approaches may address some of the study design and implementation challenges.

6.1. Understandings about the program

Our results from the multinomial regression analyses suggest that several activities/
experiences that are part of the BUILD programs, such as higher frequency of mentoring
and research participation are both highly associated with intent to pursue a science related
career. First, and most generally, we found that participation in the BUILD program had

a strong relationship to a student’s intent to pursue a science related career even after
controlling for covariates in the study (see Tables 4 and 5). More specifically, frequency of
mentoring was found to be a powerful predictor of intent to pursue a science career. Students
who met more frequently, that is, weekly or more with a research mentor, were more likely
to report interest in pursuing a science-related career; those who received weekly mentoring
were found to be 3 times as likely to state they definitely intended to pursue a science related
career.

We also found that research participation had a significant relationship to the intent to
pursue a science related career, after controlling for background characteristics. This study
confirmed prior findings (Hurtado et al., 2010) showing that research participation increases
intent to pursue among other academic and interpersonal outcomes. When controlling for
all other variables, women were about one-third less likely (odds ratio=0.64) to definitely
pursue a science career than men. Latinx students were approximately two and a half

times more likely (odds ratio=2.5) to definitely pursue a science career compared to White
students.
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Implications

The complexity of the multisite evaluation of the BUILD program provides several lessons
related to using statistical models to evaluate program goals. Because the aim of the BUILD
initiative is to implement and study biomedical training activities to better understand

how to best promote the desired program outcomes beyond those enrolled in the BUILD
programs, we are mindful of evaluation use and influence (Alkin & Taut, 2003), and

the extent to which our findings might inform programs outside of BUILD. The type of
analysis presented in this paper is intended to help educators select program activities

for students with a relatively high degree of specificity. For example, institutional leaders
can actively implement research participation and mentoring for undergraduates at their
campuses. Consequently, since this study is an evaluation of the BUILD program, it
specifically identifies mentoring and research participation as two practices that increase
intent to pursue. Furthermore, the study provides a strong statistical framework for future
studies through its use of propensity scores to create similar groups, thus contributing to the
current landscape of evaluation in STEM higher education.

Also important for similar evaluation studies is to build longitudinal, time-varying statistical
models. Future analyses might potentially identify dosage of mentoring, type of mentoring,
and level of mentor, and examine which of these components are strongest or how they
interact on the various academic and interpersonal outcomes. More in-depth mentoring data
would be necessary to identify further types of mentoring (e.g., faculty, peer) and specific
types of mentoring (e.g., research, academic, career). This could be effective in increasing
actual graduate school and/or career outcomes, such as enrollment into graduate study
and/or working in a STEM-related occupation.

It would also be ideal to examine the impact of specific research mentorship strategies such
as peer mentorship vs. faculty mentorship on a wider variety of psychosocial outcomes that
are identified in the literature as important mediators of future STEM career persistence,
such as science identity, research self-efficacy, and academic self-efficacy. Science identity,
for example, has been identified as an essential quality for success in STEM higher
education across a host of outcomes, including intent to pursue, baccalaureate attainment,
graduate school enrollment, among others (Eagan et al., 2022).

This information could help program leaders design programs with even greater specificity
and increase the impact of the evaluation beyond the DPC. The challenge for evaluators,

of course, is to plan in advance of data collection, for all the potential data that might

be needed to develop a refined understanding of program activities and outcomes for the
program under study and for future program design. Data collection and study participation
burden is always weighed against the potential power of the evaluation to inform current
and future program decision-making. There is the “ideal” and the “reality” of what can be
accomplished in any given evaluation study. Taken in total, findings from analysis of the
DPC initiatives have the potential to contribute to enhancing the diversity of the NIH-funded
workforce.
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Table A

Standardized Mean Differences in BUILD (Treatment) and Non-BUILD (Control) Groups
Prior to and After Propensity Score Weighting

Unweighted ATT Weight

txmn txsd ctmn ctsd stdeffsz txmn txsd ctmn ctsd std.effsz

Gender

Female 0.50 050 065 048 -0.31 0.50 050 052 050 -0.04
Male 0.31 046 0.27 0.44  0.09 0.31 046 031 046 -0.01
Gender: Other category ~ 0.01 0.09 0.00 0.04 0.08 0.01 0.09 0.01 0.08 0.03
Gender: NA 0.18 039 008 027 027 0.18 039 016 037 0.06

Race/ ethnicity

Latinx 0.46 0.50 0.30 046 0.33 0.46 0.50 0.46 0.50 0.00
Latinx:NA 0.03 0.17 0.04 019 -0.05 0.03 0.17  0.02 0.15 0.03
Black/ African 0.17 0.38 0.16 0.37 0.03 0.17 0.38 0.16 0.37 0.02
American

Black/ African 0.03 0.17 0.04 019 -0.05 0.03 0.17  0.02 0.15 0.03
American:NA

Asian 0.14 034 017 0.38 -0.10 0.14 0.34 013 0.33 0.03
Asian:NA 0.03 0.17 0.04 019 -0.05 0.03 0.17  0.02 0.15 0.03
Other Race Categories 0.09 0.28 0.10 0.29 -0.03 0.09 0.28  0.08 0.27 0.02
Other Race 0.03 0.17 0.04 0.19 -0.05 0.03 0.17  0.02 0.15 0.03

Categories:NA
Financial Worry
Choose not to answer 0.03 0.17  0.03 0.17 -0.01 0.03 0.17  0.03 0.17 0.00

Major (not sure | will 0.19 0.39 0.20 0.40 -0.02 0.19 039 0.19 0.40 -0.01
have enough funds to
complete college

None (I am confident 0.22 0.42 0.19 039 0.08 0.22 042 022 0.42 0.00
that I will have
sufficient funds)

Some (but | probably 0.52 0.50 0.49 050 0.07 0.52 050 0.52 050 0.01
will have enough funds)

Financial Worry: NA 0.03 0.18  0.09 029 -0.32 0.03 0.18 0.04 019 -0.02

Cumulative GPA 3.42 043 321 061 048 3.42 0.43 3.0 0.45 0.04
Cumulative GPA:NA 0.36 0.48 0.24 043 0.25 0.36 0.48 0.38 0.48 -0.04
Sites

Site A 0.16 037 014 035 0.06 0.16 037 016 036 0.02
Site B 0.23 042  0.08 0.27 0.36 0.23 042 0.23 0.42 0.00
Site C 0.05 022  0.07 026 -0.10 0.05 022 0.05 0.22 0.00
Site D 0.12 033 009 029 0.08 0.12 033 012 033 -0.01
Site E 0.03 0.18 0.17 0.38 -0.78 0.03 0.18 0.04 0.19 -0.03
Site F 0.09 0.28  0.09 0.28 0.00 0.09 0.28  0.09 029 -0.01
Site G 0.09 028 016 037 -0.28 0.09 028 009 029 -0.02
Site H 0.16 037 011 031 0.14 0.16 037 0.15 0.36 0.03
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Unweighted ATT Weight
tx.mn txsd ctmn ctsd stdeffsz txmn txsd ctmn ctsd std.effsz
Site | 0.07 0.25 0.08 0.27 -0.05 0.07 0.25 0.07 0.26 -0.01
Major 0.66 047 044 0.50 0.46 0.66 047 0.65 0.48 0.02
Biomedical Natural 0.18 0.38 0.12 0.32 0.16 0.18 0.38 0.18 0.39 -0.01
Science
Biomedical Social 0.07 025 0.35 048 -1.12 0.07 0.25 0.08 0.27 -0.04
Science
Non-Biomedical
Major:NA 0.10 0.30 0.10 0.30 0.00 0.10 0.30 0.09 0.29 0.02
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Fig. 1. Plots Comparing Difference in Covariate Distributions Between BUILD Exposed and Not
Exposed students before (unweighted) and after (weighted) Applying Propensity Scores.

Fig. 1: Plots comparing difference in covariate distributions between BUILD exposed

and not exposed students before (unweighted) and after (weighted) applying propensity
scores. Closed red circles indicate a statistically significant difference. Each line represents
a covariate. Left: absolute standardized mean differences. Right: Kolmogorov-Smirnov

statistics.
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Table 1

Variable

Description

Intent to pursue (dependent
variable)

BUILD Student (focal treatment
variable)

Race/ethnicity

Gender

Site
Cumulative GPA
Major

Financial concern

Frequency of mentoring

Research participation

Will you pursue a science-related research career?
Rating scale:

(1) Definitely no, possibly no or uncertain

(2) Possibly yes

(3) Definitely yes

0=no, 1=yes

White (Reference group)
/Latinx

Black/ African American
Asian

Other Race Category

Male (Reference group)
Female
Others

Institution
Students’ cumulative GPA for the prior year (2016)

Major declared in the SAFS 2017 survey with three categories:
Non-Biomedical Field

Biomedical Social Science Field

Biomedical Natural Science Field (Reference group)

Do you have any concern about your ability to finance your college education? Rating Scale:

(1) None (I am confident that I will have sufficient funds)

(2) Some (but I probably will have enough funds)

(3) Major (not sure | will have enough funds to complete college)
(4) I choose not to answer

How often do you usually communicate with your primary mentor about your research? Rating Scale:

(1) Weekly or more often

(2) Monthly

(3) Several time a year

(4) Annually or less

(5) (5) No Mentor (Reference Group)

Conduct/participation in scientific research: 0 = no, 1 = yes

Eval Program Plann. Author manuscript; available in PMC 2024 February 05.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Ramos et al.

Descriptive statistics of study variables by BUILD exposure.

Table 2

Page 17

Non-BUILD students (n =

BUILD students (n = 555)

Pearson’s Chi-squared test

4198)

Variable n % n %

Outcome: Intent to Pursue

Cat 1: (Sum of Categories 1,2,&3) 1666 52.69 69 13.37

Cat 2: Possibly Yes 841 26.6 162 314

Cat 3: Definitely Yes 655 20.71 285 55.23 Chi-square = 355.92.22, df(2); p
<.001

Missing (NA) 1036 24.68 39 7.03

Financial Worry

| choose not to answer 131 3.44 16 2.99

Major (not sure | will have enough 834 21091 106 19.78

funds to complete college

None (I am confident that I will have 798 20.96 124 23.13

sufficient funds)

Some (but | probably will have enough 2044 53.69 290 54.1 Chi-square = 2.33, df(3); p=

funds) 0.506

Missing 391 9.31 19 3.42

Major

Biomedical Natural Science Field 1842 48.76 365 73

Biomedical Social Science Field 485 12.84 98 19.6

Non-Biomedical Field 1451 38.41 37 7.4 Chi-square = 187.18, df(2); p<
0.001

Missing 420 10 55 9.91

Gender

Female 2746 70.99 278 61.37 Chi-square = 17.8, df(1); p <
0.0001

Male 1115 28.83 170 37.53 Chi-square = 14.69, af(1); p <
0.001

Other 7 0.18 5 11

Missing 330 7.86 102 18.38

Race/ ethnicity

Asian 684 16.931 73 13.54

Black/African American 650 16.089 92 17.07

Latinx 1206 29.851 250 46.38

White 1116 27.624 7 14.29

Other Race Categories 384 9.506 47 8.72 Chi-square = 7.23, df(4); p<
0.001

Missing 158 3.764 16 2.88

n Mean (SD) n Mean (SD) t-test
Cumulative GPA for prior year from 3202 3.21(0.61) 356 3.42 (0.43) t=-8.227 (df =527.28) p <

2016

0.001
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Table 3

Relative influence scores for covariates in the propensity score model.

Variable Relative Influence (%)

BUILD institutions/ Sites ~ 46.55

Cumulative GPA 19.45
Major 16.64
Gender 8.44
Latinx 4.25
Financial Worry 2.81
Black/ African American 1.45
Asian 0.22
Other Race Categories 0.18
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