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Abstract
In this study, researchers at a large, urban, comprehensive
minority-serving institution used propensity score matching to identify a unique comparison group to study academic and graduate school outcomes in students served
by the National Institutes of Health–funded Building
Infrastructure Leading to Diversity (BUILD) Initiative.
Acknowledging that students’ self-selection biases may
confound findings, the use of propensity methods to
match students served with those who were not (but were
otherwise eligible) provides a valuable tool for evaluators and practitioners to combat this challenge and better
evaluate their effectiveness and impact on students’ success. This study’s findings indicate that BUILD participants had higher academic and graduate school success
with regard to cumulative GPA, units attempted and completed, graduation status, and application and admission
to graduate programs.
Keywords: academic success; graduate school outcomes;
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First-generation students, racial and ethnic minority students, students with disabilities, and those from other
disadvantaged backgrounds are severely underrepresented
in biomedical sciences, engineering, and behavioral health
sciences (BSE/BHS; NSB 2012; Nelson 2004). National
US data show that these underrepresented groups (URGs)

represent only 14 percent of earned baccalaureate degrees
in science and 6 percent of BSE/BHS doctorates, compared with 81 percent and 74 percent for their non-URG
peers (NCES 2001; NSB 2012). To address this lack
of diversity, the inclusion of URGs in undergraduate
research-training programs (URTPs) is recognized as a
significant step toward engaging and retaining URGs in
health-related research careers.
Engaging in research has been associated with improvements in student learning and critical thinking (Brownell
et al. 2015), which in turn have led to increases in cumulative GPA (Haeger and Fresquez 2016), retention and
persistence in undergraduate science, technology, engineering, and math (STEM) degrees (Russell, Hancock,
and McCullough 2007), shorter time-to-degree (Kinkel
and Henke 2006), and higher graduation rates (Jones, Barlow, and Villarejo 2010). Improvements in these academic
outcomes are even greater among URGs the longer they
engage in URTPs (Hernandez et al. 2018). URTPs also
strengthen students’ preparation for BSE/BHS graduate
studies, increasing their probability of pursuing and enrolling in a BSE/BHS graduate program and generating valued products for graduate schools, including publications,
presentations, and awards (Eagan et al. 2013; Weston and
Laursen 2015; Wilson et al. 2018).
Despite these promising findings, quantitative assessments
of URTPs are rare due to the challenging process of tracking long-term student outcomes (Linn et al. 2015). Prior literature suggests that between 29 percent (Junge et al. 2010)
and 33 percent (Hall 2017) of students in formal URTPs
complete PhD degrees. However, few studies report the
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impact of structured URTPs with a matched comparison group on graduate school application, admission, and
matriculation outcomes. Furthermore, few studies document the nuances of these outcomes by comparing findings
on URGs and non-URGs. Including a comparison group
when testing the effectiveness of URTPs has been limited
due to challenges in implementing traditional randomized
controlled trials in higher education, with randomization of
students to support programs creating ethical and practical
dilemmas for evaluators and researchers (Cook 2001).
Therefore, the development of improved and dependable evaluation methods to assess program effectiveness
has become a priority. As states move from enrollmentbased to performance-based funding models, institutions
and programs that effectively meet their accountability
measures will be prioritized (Boggs 2018; Dougherty et
al. 2014; LAO 2007). Relying on descriptive statistics or
only reporting numbers of students supported by these
programs who meet the intended goals misses the opportunity for comprehensive evaluation (Stuart and Rubin 2008;
Weston and Laursen 2015). Higher education researchers
and evaluators must use techniques to develop adequate
comparison groups and rule out selection bias to demonstrate program success, secure funding, and disseminate
more robust findings.
One solution to developing adequate comparison groups
is to use statistical approaches that match program participant characteristics to similar students who did not
participate in the program but were otherwise eligible.
Propensity score matching (PSM) provides an opportunity to match students based on a propensity score: “the
conditional probability of assignment to a particular treatment given a vector of observed covariates” (Rosenbaum
and Rubin 1985). Using this approach, researchers can
rule out selection bias and more accurately assess differences in program outcomes of interest, such as student
retention and graduate school application, acceptance,
and matriculation (Angrist and Pischke 2009). Propensity
score matching is a statistical estimation of group enrollment and can be used to select cases that are statistically
similar to an intervention group. Rather than predicting
who may or may not be enrolled, it selects a subsample of
cases that include a covariate factor to reduce the strength
of the effect of confounding variables in final analyses by
creating a more similar sample for comparison.
Despite these benefits, there are some requirements to
PSM that may explain why few published studies have
reported using propensity methods to evaluate URTPs that
support underserved students. To find comparison group
matches with adequately matching scores, PSM requires
large datasets with no missing data; URTP research often
includes missing data and smaller sample sizes. There
also may be a lack of knowledge regarding its utility due
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to its slow migration of use from health sciences to social
and educational research. However, with complete data
and increased sample sizes, propensity methods allow the
creation of pseudo-randomized control groups that temper
the effects of possible confounds, enabling meaningful
analyses and results.
The purpose of this study is to provide an illustrative
example of using PSM to identify a comparison group
and test the effectiveness of a URTP (California State
University, Long Beach Building Infrastructure Leading
to Diversity Initiative, or CSULB BUILD) in enhancing
student academic and graduate school outcomes. The following hypotheses guide this study:
1. BUILD students, when compared to matched nonBUILD students, will have higher cumulative grade
point averages (GPAs), more units attempted and units
earned, will be more likely to graduate, and have less
time-to-degree.
2. BUILD students, when compared to matched nonBUILD students, will apply to, get accepted to, and
attend graduate and professional programs at higher
rates. The authors also explored whether these outcomes
differed by URG status and PhD programs specifically.

Method

Data Collection
This study analyzed existing program and institutional data
(e.g., demographic and academic outcomes) and additional
primary data (i.e., graduate school outcomes) on a sample
of undergraduate students who matriculated at California
State University, Long Beach (CSULB) between fall
2010 and spring 2019. Institutional Review Board (IRB)
approval was obtained before data collection and analysis.
Demographic and Academic Data
The local institutional research office provided student
demographic information and admission, enrollment, and
degree attainment data. BUILD participant programmatic
and graduate school outcome data were acquired directly
from the students, from their mentors, and by other data
collection efforts (i.e., BUILD Alumni Survey, follow-up
emails and outreach, and additional annual report records).
To determine if non-BUILD students participated in undergraduate research, data were provided from academic colleges, the local institutional research office, and the Office
of Research and Economic Development (i.e., college
safety-training rosters, research program rosters, enrollment in inquiry-based research courses, and Collaborative
Institutional Training Initiative records).
Graduate School Data

Graduate school outcome data was collected directly
from CSULB URTPs and through an online Students
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FIGURE 1. Participant flowchart
SUMMARY OF STUDY SAMPLE
N = 120,679
Eligible Students
Eligibility criteria applied

n = 45,962
n = 2,952

Final Sample
Includes eligible BUILD
participants (n = 297)

Institutional Data
CSULB undergraduate
students between
2010-2019
Matched Comparison
Based on PSM matching

n = 3,249

and Alumni Survey that was administered to BUILD
and non-BUILD students (n = 3,214). One invitation and
weekly reminders were sent, with the survey remaining
open for four weeks. Consenting participants answered
11 questions, including, “Were you admitted to any of the
programs to which you applied?” and “If you applied and
were admitted, did you attend, or do you plan to attend?”
Of the 3,214 students invited to complete the survey, 636
(20 percent) participated.
Matched Comparison Group
To identify a BUILD comparison group, a 1:10 nearest
neighbor matching without replacement PSM method was
used. Although optimal matching typically results in more
matched cases, nearest neighbor matching is considered
more robust (Rosenbaum and Rubin 1985; Stuart and
Rubin 2008) and allows students to be matched on propensity scores at a stricter threshold (Caliendo and Kopeinig
2008). A caliper (the maximum permitted statistical difference between matches) of 0.20 was selected (Rosenbaum
and Rubin 1985; Stuart and Rubin 2008). Non-BUILD
students who did not meet all eligibility requirements
were excluded from consideration for a match. Of 120,769
undergraduate students, 45,962 students met BUILD initiative eligibility criteria and were used for initial PSM
(see Figure 1).
Next, logistic regression models were used to predict
the probability of students participating in BUILD, and
covariates were selected based on the literature (Caliendo
and Kopeinig 2008; Lane et al. 2012). All covariates with
the exception of gender, Pell grant eligibility, continuous
enrollment, and some cohorts and colleges were significant (see Table 1).
Participants
The PSM analysis resulted in a 1:10 match of 297 BUILD
to 2,952 non-BUILD students. After propensity scores
were estimated and participants were matched, standardized mean differences were analyzed to assess the match

quality of BUILD and non-BUILD students (Caliendo
and Kopeinig 2008). After using PSM, BUILD and nonBUILD students were more similar, with the standard
mean difference for student characteristics, such as fulltime enrollment (i.e., 12 or more units), dropping from
0.989 to 0.012 (see Table 2). This increase in match
between groups can be seen across variables, illustrating
that all covariates were now more balanced, with all standard mean differences less than 0.1 after matching (see
Table 3 for full demographics of BUILD and non-BUILD
students).
Program Description
At CSULB, health-related research is interdisciplinary
and includes basic, applied, and translational approaches
to studying a variety of prominent health issues. CSULB
BUILD has pursued a range of strategies to encourage
preparation and persistence in health-related disciplines,
including providing a culturally sensitive student training program, rigorous health-related research training,
mentorship opportunities for URGs (Abeywardana et al.
2020), and training for faculty mentors (Urizar et al. 2017;
Young and Stormes 2020).
Analyses
A priori power analyses were conducted using G-Power to
ensure that minimum sample sizes were obtained and to
avoid a type II error. Adequate power of 0.80 was present
for all analyses and sample sizes proposed. For the mean
comparison independent samples t-tests, with an alpha of
0.05, power of 0.95, and Cohen’s d of 0.60, a minimum
sample of 122 per group was needed. A Cohen’s d of 0.20,
0.50, and 0.80 represent a small, medium, and large effect,
respectively (Cohen 1988). For the chi-square nonparametric tests, with an alpha of 0.05 and power of 0.80, and
φ of 0.5, the minimum sample size needed was 32 per
group. Cramer’s φ ranges from zero to one where 0.10,
0.30, and 0.50 represent a small, medium, and large effect,
respectively. This study exceeded these recommended
minimum sample size requirements.
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TABLE 1. Logistic Regression Predicting BUILD Participation (n = 45,962)
Variables

B

SE

p value

Exp(B)

Gender (female)

-0.131

0.120

.277

0.878

Full-time enrollment (12 units)

-2.119

0.359

.000***

0.120

2010–2011

-1.520

0.791

.055

0.219

2011–2012

-2.136

1.061

.044*

0.118

2012–2013

0.258

0.457

.572

1.295

2013–2014

1.056

0.401

.008**

2.876

2014–2015

2.053

0.371

.000***

7.789

2015–2016

1.908

0.375

.000***

6.531

2016–2017

1.876

0.377

.000***

6.531

2017–2018

1.668

0.388

.000***

5.300

Number of terms enrolled

0.085

0.020

.000***

1.088

Age at entry

-0.144

0.024

.000***

0.866

Student type (first-time first-year students)

1.171

0.138

.000***

3.224

Business

-15.298

1231.039

.990

0.000

Education

-15.298

2734.785

.996

0.000

Engineering

1.363

1.009

.996

0.000

Health & Human Services

0.273

1.011

.177

3.908

Liberal Arts

0.394

1.008

.787

1.314

Natural Sciences & Mathematics

2.263

1.007

.025*

9.611

Arts

-0.019

1.416

.989

0.981

0.072

0.119

.546

1.075

Pell grant amount (dollars)

0.000

0.000

.004**

1.000

Minority status

-0.532

0.134

.000***

0.588

Math remediation needed

0.783

0.284

.006**

2.188

English remediation needed

0.732

0.257

.004**

2.079

First-generation status

0.261

0.117

.025*

1.298

Continuously enrolled

-0.071

0.251

.777

0.932

Change of academic college

-4.996

0.065

.000***

0.007

Academic cohort year

Academic college

Pell grant eligibility

Note: Academic year 2018–2019 is the reference group for the cohort and undeclared is the reference group for academic college. B = regression
coefficient, SE = Standard error, and Exp(B) = Odds ratio.
*p < .05, **p < .01, ***p < .001.

Independent samples t-tests and Pearson’s chi-square tests
were used to analyze between-group differences of continuous and categorical dependent variables, respectively.
For both types of analyses, BUILD student status (BUILD
or non-BUILD) was the independent variable, and academic (i.e., units attempted, units earned, units completed,
time-to-degree, and college change), and graduate school
outcomes (i.e., application, admission, and matriculation)
were the dependent variables. Additional post hoc analyses
examined the extent to which BUILD equitably supported
URGs across the same outcomes.
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Results
Academic Outcomes

BUILD students attempted more units (M = 88.92, SD =
33.14) and earned more units (M = 86.20, SD = 32.64)
than non-BUILD students (M = 83.31, SD = 39.02; M =
79.97, SD = 37.78). However, BUILD and non-BUILD
students did not differ in completion rate (i.e., the percent of units earned out of units attempted). Most notably, BUILD students had higher cumulative GPAs (M =
3.42, SD = 0.39) than non-BUILD students (M = 3.17,
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TABLE 2. Matching Covariate Balance before and after Propensity Score Matching
Unmatched
Variables

Matched

BUILD

Non-BUILD

SMD

BUILD

Non-BUILD

SMD

297

2,952

–

297

2,952

–

Female students

0.623 (0.485)

0.592 (0.492)

0.064

0.623 (0.485)

0.613 (0.487)

0.021

Full-time enrollment
(12 units)

0.973 (0.162)

0.813 (0.39)

0.989

0.973 (0.162)

0.971 (0.168)

0.012

1405.954 (253.189)

0.684

6.296 (2.342)

5.575 (2.89)

0.308

6.296 (2.342)

19.707 (3.321)

21.255 (4.579)

0.466

19.707 (3.321)

Size (n)

Academic year cohort
Number of terms
enrolled at CSULB
Age at entry

1508.859 (150.532)

1508.859 (150.532)

1511.118 (190.789)
6.177 (2.948)
19.775 (3.66)

0.015
0.051
0.02

Type of student

1.229 (0.421)

1.489 (0.5)

0.618

1.229 (0.421)

1.236 (0.425)

0.018

College

4.721 (1.177)

4.429 (1.069)

0.247

4.721 (1.177)

4.736 (1.131)

0.013

Pell grant eligibility

0.606 (0.489)

0.623 (0.485)

0.035

0.606 (0.489)

0.593 (0.491)

0.027

Pell amount offered
in dollars

9072.333 (9622.262)

7609.026 (8581.653)

0.152

9072.333 (9622.262)

8629.545 (9689.465)

0.046

Minority status

0.599 (0.491)

0.527 (0.499)

0.148

0.599 (0.491)

0.587 (0.492)

0.024

Math remediation
needed

0.044 (0.205)

0.091 (0.288)

0.231

0.044 (0.205)

0.038 (0.192)

0.026

English remediation
needed

0.054 (0.226)

0.106 (0.308)

0.23

0.054 (0.226)

0.05 (0.218)

0.018

First-generation student

0.478 (0.5)

0.543 (0.498)

0.13

0.478 (0.5)

0.465 (0.499)

0.027

Continuously enrolled

0.943 (0.233)

0.939 (0.24)

0.017

0.943 (0.233)

0.945 (0.228)

0.01

Change of college

0.205 (0.405)

0.236 (0.424)

0.075

0.205 (0.405)

0.203 (0.402)

0.006

Note: Good covariate balance = standardized mean difference (SMD) of < 0.1.

SD = 0.43), t(3,247) = 9.447, p < .001, Cohen’s d = 0.61
(see Table 4 for all t-test results). The magnitude of this
effect was medium (Cohen 1988), demonstrating a considerable difference between BUILD and non-BUILD
cumulative GPAs.
Additionally, BUILD students were significantly more
likely to graduate from college compared to non-BUILD
students (52 percent and 33 percent, respectively), χ2(1) =
43.50, p < .001, φ = 0.116. However, among those who
graduated, there were no group differences in the frequency of changing degree or in time-to-degree (measured in
number of semesters).
Further analyses were conducted to examine whether the
BUILD Initiative had a differential impact on URGs. Differences between BUILD and non-BUILD students in units
attempted and earned were no longer significant when
accounting for URG status (see Table 4). However, GPA
differences remained significant such that both BUILD
URG (M = 3.37, SD = 0.36) and non-URG students (M
= 3.54, SD = 0.35) had higher cumulative GPAs than
non-BUILD URG [M = 3.19, SD = 0.39; t(642) = 4.09,

p < .001, Cohen’s d = 0.48] and non-URG counterparts [M
= 3.29, SD = 0.38; t(485) = 4.85, p < .001, Cohen’s d =
0.68; see Table 4].
Regarding graduation, both BUILD URG (χ2(1) =
28.30, p < 0.001, φ = 0.122) and non-URG students (χ2(1)
= 15.55, p < .001, φ = 0.108) graduated at higher rates
(52 percent and 53 percent, respectively) than non-BUILD
URG and non-URG students (32 percent and 35 percent, respectively). Additionally, there were no significant
between-group differences by URG degree earners in the
frequency of changing degree or in time-to-degree.
Graduate School Outcomes

Because graduate school outcomes are an important mission of URTPs, BUILD and non-BUILD students were
compared on application, admission, and matriculation to
graduate school in general (master’s and PhD programs),
and specifically doctoral programs. These analyses were
limited to those who graduated or who were graduateschool eligible, narrowing the available sample for comparison to 155 BUILD students and 257 non-BUILD
students.
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TABLE 3. Demographic Composition of BUILD and Non-BUILD Matched Samples
Description

BUILD

Non-BUILD

297

2,952

M (SD)

M (SD)

19.71 (3.321)

19.78 (3.669)

n (%)

n (%)

Male

112 (37.7%)

1,146 (38.8%)

Female

185 (62.3%)

1,806 (61.2%)

Pell grant eligibility

180 (60.6%)

1,749 (59.2%)

First-generation student

142 (47.8%)

1,373 (46.5%)

Underrepresented minority

178 (59.9%)

1,731 (58.6%)

Natural Sciences & Mathematics

98 (33.0%)

554 (18.8%)

Liberal Arts

79 (26.6%)

1,130 (38.3%)

Engineering

68 (22.9%)

421 (14.3%)

Health & Human Services

50 (16.8%)

714 (24.2%)

Arts

1 (0.3%)

54 (1.8%)

University programs (Undeclared)

1 (0.3%)

58 (2.0%)

Education

0 (0%)

4 (0.1%)

Business

0 (0%)

17 (0.6%)

Size (n)
Age
Gender

College

Note: There were no significant differences between BUILD and Non-BUILD students. First-generation
students are defined as “undergraduates whose parents never enrolled in postsecondary education” (Cataldi,
Bennett, and Chen 2018). Pell grant eligibility was used as a proxy for low-income status (Rosinger and Ford
2019). Underrepresented minority was defined as belonging to one of the following race/ethnicity categories:
Black and African American, Hispanic or Latino, American Indian or Alaska Native, Native Hawaiian, Other
Pacific Islander, Cambodian, Hmong, or Laotian (NSF 2019; Teranishi, Lok, and Nguyen 2013).

BUILD students were more likely to apply to any graduate
program (75 percent) than non-BUILD students [42 percent; χ2(1) = 48.51, p < .001, φ = 0.32]. Among those that
applied, BUILD students (n = 103; 79 percent) were more
likely to be admitted to graduate school than non-BUILD
students [n = 77; 61 percent; χ2(1) = 10.59, p < .001, φ
= 0.20]. However, among those admitted, there were no
group differences in graduate program matriculation. For
doctoral graduate programs, more BUILD students (97
percent) applied than non-BUILD students [68 percent;
χ2(1) = 24.8, p < .001, φ = 0.42]. However, there was no
difference between BUILD and non-BUILD PhD program
admission or matriculation.
When examining graduate school outcomes by URG
status, BUILD URG and non-URG students had higher
application (79 percent and 70 percent, respectively) and
admission (77 percent and 83 percent, respectively) to
graduate programs compared to non-BUILD URG and
non-URG students (application: 47 percent and 36 percent, respectively; admission: 58 percent and 65 percent,
respectively), but did not differ in matriculation. Findings
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were similar regarding doctoral program application, with
BUILD students, regardless of URG status, having applied
at higher rates (97 percent) than non-BUILD students
(URG: 65 percent; non-URG: 71 percent; see Table 5 for
chi-square results).

Discussion
Academic Outcomes

Results demonstrated that although BUILD students
attempted and earned more units than non-BUILD students, they had comparable completion rates. These patterns were observed for both URG and non-URG students
and are similar to previous studies showing that participation in URTPs (particularly for one academic year
or longer) led to increased persistence, improvements in
cumulative GPAs, and retention in undergraduate science
degree programs (Haeger and Fresquez 2016; Hernandez
et al. 2018). A common barrier to the institutionalization
of URTPs is the fear of increased time-to-degree (Johnson
and Stage 2018). However, results show that, although
BUILD students attempted and completed more units

92

63
63

32
92
92

61

Time-to-degree (semesters)

Total units attempted

Completion rate (%)

Time-to-degree (semesters)

Total units attempted

Completion rate (%)

Time-to-degree (semesters)

92

92

63

63

86.2 (32.64)

7.56 (1.8)

3.54 (0.35)

97.57 (0.04)

104.02 (26.06)

106.52 (26.25)

Non-URM BUILD

7.52 (1.88)

3.37 (0.36)

97.49 (0.05)

103.61 (27.93)

106.2 (28.08)

7.54 (1.84)

3.42 (0.39)

97 (0.08)

88.92 (33.14)

URM BUILD

BUILD

M (SD)

79.97 (37.78)

7.9 (2.4)

3.17 (0.43)

96 (0.67)

83.31 (39.02)

Non-BUILD

M (SD)

7.89 (2.52)

3.19 (0.39)

97.04 (0.05)

100.71 (32.15)

103.92 (33.25)

493

552

552

552

552

7.9 (2.23)

3.29 (0.38)

97.29 (0.05)

102.81 (29.44)

105.75 (30.07)

Non-URM Non-BUILD

378

424

424

424

424

URM Non-BUILD

871

2,952

2,952

2,952

2,952

n

408

485

485

485

485

552

642

642

642

642

962

3,247

3,247

3,247

3,247

df

-0.34

4.85

0.42

0.31

0.19

-1.11

4.09

0.81

0.82

0.62

-1.41

9.45

1.42

2.74

2.39

t

.399

<.001***

.672

.931

.847

.268

<.001***

.421

.415

.535

.159

<.001***

.154

.006**

.017*

p value

0.17

0.68

0.04

0.04

0.03

0.16

0.48

0.11

0.09

0.07

0.17

0.61

0.02

0.18

0.15

Cohen’s d

Note: Underrepresented minority (URM) is defined as belonging to one of the following race/ethnicity categories: Black and African American, Hispanic or Latino, American Indian or Alaska Native, Native
Hawaiian, Other Pacific Islander, Cambodian, Hmong, or Laotian (NSF 2019; Teranishi et al 2013).
*p < .05, **p < .01, ***p < .001.

Cumulative GPA

Total units earned

Cumulative GPA

Total units earned

Cumulative GPA

297

297

297

Completion rate (%)

Total units earned

297

n

Total units attempted

Outcome

TABLE 4. Independent Sample t-Test Results Comparing BUILD and Non-BUILD Students across Academic Outcomes
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TABLE 5. Academic and Graduate School Outcomes from Chi-Square Analyses, Overall and by Underrepresented Minority Status
Outcome

n

%

n

BUILD

%

χ2 (1)

p value

Cramer’s φ

Non-BUILD

Academic
Graduation status

Academic college change

Graduate school
Application
Admission

Matriculation

PhD programs
Application
Admission

Matriculation

155

52.20

976

33.10

43.50

<.001***

0.12

130

75.00

127

42.00

48.51

<.001***

0.32

89

90.8

71

93.40

00.39

61

103

100

85

73

20.50

602

79.0

77

20.40

61.00

00.00

10.59

97.00

25

68.00

24.80

89.00

17

94.00

00.48

85.00

18

BUILD URM

72.00

02.33

.953

<.001***
.053

<.001***
.013*
.488

0.00

0.20

-0.05
0.42

0.14

-0.07

Non-BUILD URM

Academic
Graduation status

178

51.70

1,731

31.90

28.30

<.001***

0.12

Application

83

78.90

81

46.60

28.54

<.001***

0.32

Matriculation

98

88.50

44

95.70

01.27

Academic college change

Graduate school
Admission

PhD programs

178

64

21.90

1,731

77.10

47

20.00

58.00

00.37

06.83

Application

64

97.00

15

65.00

17.24

Matriculation

46

86.80

12

100.00

01.78

Admission

54

84.40

12

BUILD Non-URM

80.00

00.17

.543

.010*
.188

<.001***
.681

.183

0.01

0.20

-0.13
0.02

0.05

-0.17

Non-BUILD Non-URM

Academic
Graduation status

119

52.90

1,221

34.70

15.55

<.001***

Application

47

69.10

46

35.90

19.61

.000***

0.32

Matriculation

35

94.60

27

90.00

00.51

.477

0.09

Academic college change

Graduate school
Admission

PhD programs

119

39

18.50

1,221

83.00

30

21.00

65.20

00.41

03.83

.524

.050

0.11

-0.17

0.20

Application

36

97.30

10

71.40

07.69

.006

0.39

Matriculation

27

93.10

5

83.30

00.60

.436

0.13

Admission

31

86.10

6

60.00

03.39

.066

0.27

Note: Underrepresented minority (URM) is defined as belonging to one of the following race/ethnicity categories: Black and African American, Hispanic or Latino, American Indian or Alaska Native, Native Hawaiian, Other Pacific Islander, Cambodian, Hmong, or Laotian (NSF 2019; Teranishi et
al 2013).
*p < .05, **p < .01, ***p < .001.

than their matched non-BUILD counterparts, their timeto-degree was not significantly increased, an encouraging
finding for those seeking support for further institutionalization and dissemination efforts.
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Additionally, BUILD students had higher cumulative
GPAs and graduation rates than non-BUILD students.
These results are particularly noteworthy given current
mandates (Boggs 2018; Dougherty et al. 2014; LAO

Kaitlyn N. Stormes, Nicole A. Streicker, Graham K. Bowers, Perla Ayala & Guido G. Urizar Jr.

2007) to increase four-year graduation rates and potential
concerns that adding URTPs and coursework may delay
time-to-degree (Johnson and Stage 2018). Additionally,
this is one of the few studies to demonstrate that formal
URTPs that serve various student divisions (first-year to
fourth-year students) have a strong and positive impact on
academic outcomes, including increased graduation rates.
Most notably, BUILD students’ GPAs remained significantly higher than non-BUILD counterparts’ across URGs,
suggesting that the program is helpful for many different
student populations that may not typically benefit from
program support.
Overall, these findings may be due to the level of social
engagement within the program through yearlong facultyand peer-led learning communities (Abeywardana et al.
2020), complemented by faculty-mentored research experiences and research-infused courses across several healthrelated disciplines (Urizar et al. 2017). These programmatic components engage a wider student pool interested
in health research and have been shown to be high-impact
practices that mainly benefit URGs in navigating social
and academic cultural practices toward degree completion (Johnson and Stage 2018; Kilgo, Ezell Sheets, and
Pascarella 2015).
Graduate School Outcomes
Results also showed that BUILD students, regardless of
URG status, had higher application and admission rates to
graduate programs, but no difference in matriculation rates
compared to non-BUILD students. Additionally, more
BUILD students applied to doctoral programs (97 percent)
than non-BUILD students (68 percent), although their PhD
admission and matriculation rates did not significantly differ. Notably, of BUILD students who applied to doctoral
programs, 85 percent were admitted, and of those, 89 percent matriculated. Previous studies found students participating in URTPs to have 30 percent doctoral matriculation
rates (Hall 2017; Junge et al. 2010). Together, these results
demonstrate BUILD to have a strong impact on preparing
students for graduate school admission and support the
need for URTPs that train and prepare students for graduate school.
Limitations and Strengths
Several limitations merit mention. First, not all URTPs
at CSULB were willing or able to provide participant
rosters. Thus, in some instances, unless a non-BUILD
student self-reported participation in research using the
online survey, it is possible that URTP participation in
this group was underreported. Although this may have
limited the pool of possible matches, there was still a
larger sample than was required. Second, PSM analyses
only included students with complete data, possibly leading to nonresponse bias (Porter and Whitcomb 2005).
Therefore, study findings may not be representative of

all non-BUILD students at CSULB. Finally, at the time
of this study, only a subset of BUILD students had graduated, limiting analysis of graduate school outcomes. Nevertheless, results for graduate school outcomes showed
medium to large effect sizes (Cramer’s φ of 0.2–0.42).
Given that the BUILD Initiative is still in its pilot phase,
these findings indicate that the program is effective and
is contributing to students’ academic and graduate school
success.
Despite these limitations, this study has many strengths.
First, this study serves as a model for how PSM can be
used to identify a comparison group at a single institution to test URTP effectiveness across several student
outcomes. The advantage of PSM is its ability to create
a comparison group of students with similar demographics who are exposed to the same campus environment,
activities, policies, and procedures. This comparison is
key, allowing researchers to reduce the impact of confounds commonly found when comparing student outcomes across multiple campuses, institution types, and
demographics. Second, multiple sources were used to
obtain complete student records (i.e., institutional data,
program data, faculty mentors, and student self-report),
thereby increasing the level of reliability and validity
of these results beyond self-report and speculation, and
reducing the need to remove students from analyses due
to missing data.
Future Research
The data-related challenges to testing the effectiveness of
URTPs using a representative comparison group are not
unique to this institution. Other researchers will likely
encounter similar difficulties, limiting the strength and
implications of their findings. However, results from this
study support the use of PSM to control selection bias and
more accurately assess program effectiveness.
Future studies should consider disaggregating healthrelated disciplines instead of studying BSE/BHS and
STEM students in the aggregate (Haeger et al. 2020;
Sax and Newhouse 2018). With larger samples, program
outcomes can be evaluated by more specific participant
characteristics (e.g., ethnicity, Pell grant recipients, firstgeneration status, gender, and intersections of race and
gender). Further, there are factors beyond student preparation and training that play an essential role in degree
completion and graduate school admission and matriculation. Traditionally, standardized test scores and holistic
reviews of applications are part of admissions decisions,
but that may be changing. The admission process relies
on identifying a “fit” between the student and the program
(Sowell, Allum, and Okahana 2015). Future work should
focus on interventions that address nuances in admission
processes and other factors that influence matriculation
and degree completion.
Spring 2022 | Volume 5 | Number 3
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Conclusion

This study aimed to share one method of strengthening
research and evaluation practices by illustrating how to
identify a comparison group using PSM for analysis of
academic and graduate school outcomes. Importantly,
matched comparison groups allow programs to test outcomes overall, and whether all students are being served
equitably. Although significant outcomes from a one-toone match are dependent on sample size and available
data, studying the programmatic impact with a small
sample was not a deterrent. Both statistical and practical
significant findings can be gleaned from this work, which
outweigh the time needed to collect and prepare these
analyses. Overall, PSM strengthened efforts to study the
impact of URTP participation on measures of academic
and graduate school outcomes, allowing for more robust
findings relative to the sample population.
Decades of research illustrate a need for increased funding
and support for URTPs. With funding now available, and
programs being piloted, effective assessment will continue
to require improved efforts to compare groups of participating and nonparticipating students and program effectiveness. The use of PSM to identify statistically similar
comparison groups in higher education may result in a
better understanding of programmatic impact on measures
of student success.
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