Undergraduate grant employment and persistence

Margaret Levenstein, Daniela Morar and Jason Owen-Smith *

October 18, 2019

Preliminary draft- do not cite

Abstract

We study the impact of grant employment on undergraduate graduation rates. We use a unique
dataset created by linking course-level student record data with transaction-level data on federal
grant expenditures on personnel at a major public university. Our paper uses a selection on ob-
servables strategy and finds that a paid research experience on a federally funded grant increases
graduation rates by 10.1 percent in STEM majors and by 5.5 percent across all fields of study. We
find that the race and gender gaps are not narrowed by much and that the positive impact of grant
employment is largest for male students and whites. Even though minorities and female students
benefit from grant employment, the benefits are much lower across all measures used. Further-
more, we find that for students receiving who qualify for Pell grants and thus have more financial
constraints, working with a faculty member helps increase their graduation rates significantly. Our
results indicate potential benefits to students of matriculating in more research-intensive environ-
ments and the need of higher intensity interventions to improve the representativeness of STEM

population.
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1 Introduction

The United States’ strength in terms of productivity, competitiveness and economic growth has
been linked to technological development [Xie and Killewald, 2012, Goldin and Katz, 2008, Au-
gustine, 2007]. Although a leader in global technology and economy, the U.S. lags behind other
developed countries in the number of STEM graduates [Chen, 2013]. The National Science Foun-
dation [NSB, 2016] finds that only around 9 percent of global university STEM degrees were con-
ferred to U.S. students, while U.S. students hold about 20 percent of the world bachelor’s degrees
[Ryan and Bauman, 2016, Group, 2014]. There is considerable research that shows that a critical
approach to stimulate the country’s economic growth is helping students succeed and graduate in
STEM disciplines [Ehrenberg, 2010, 2005].

The low number degrees conferred in STEM fields could be partially attributed to the low
STEM participation of women and minorities [Hernandez et al., 2018, US Department of Health
and Human Services, 2015, Olson and Riordan, 2012]. Women having outnumbered men in college
enrollment, having earned about 57 percent of all Bachelor’s degrees awarded since the late 1990s
[NCSES, 2017]. Despite this fact, here still exists significant attainment gender gap in STEM de-
grees [Gayles and Ampaw, 2014, NCSES, 2017], with little change since the 1980s [DiPrete and
Buchmann, 2013, England et al., 2007, England and Li, 2006, Mann and DiPrete, 2013]. More
specifically, while women earned more bachelor’s degrees in Psychology, biosciences, and social
sciences (except for Economics) compared to men, they earned considerably fewer degrees in com-
puter science, engineering and mathematics [NCSES, 2017]. Besides the gender STEM gap, pre-
vious studies also document an existent racial gap. While white and Asian American students are
consistently well represented in STEM disciplines compared to their overall enrollment [Herrera
and Hurtado, 2011, Goyette and Xie, 1999], African-American and Hispanic are underrepresented
[NCSES, 2017].

Significant evidence shows that participation in faculty-mentored undergraduate research [Hu
et al., 2007] helps improve the under-representation of students in STEM fields since interactions
between students and faculty members have been directly linked to persistence in college [Terenzini
and Pascarella, 1977, Pascarella and Terenzini, 1979, Tinto, 1993]. We hypothesize that working
with a faculty member improves persistence of students in STEM majors by providing students with
three different types of capital: human capital, social capital and financial capital. The first channel
we consider is the accumulation of both generic and specific human capital through undergraduate
research employment. Being employed by a professor has been linked with taking more advanced

courses [Bauer and Bennett, 2003] and graduating at a higher rate [Kim et al., 2003, Gregerman



et al., 1998]. Studies that examine undergraduate research experience have also found positive
effects on student outcomes,! such as a higher knowledge and comprehension of science [Sabatini,
1997] that surpassed the knowledge achieved in ordinary science classes [Ward et al., 2003]. In
addition, students who engaged in undergraduate research report increased oral communication
and research skills [Bauer and Bennett, 2003, Seymour et al., 2004, Hunter et al., 2007, Kardash,
2000].

Another channel through which undergraduate research impacts persistence is through pro-
viding students with social capital which would further provide students with a sense of STEM
identity. Akerlof and Kranton [2002] develop a model of identity where people make economic
decisions based on their individual identities and social norms. If we believe that there are associa-
tions between students’ social economic characteristics and the decision to pursue a STEM major,
then this model could explain the low STEM participation of underrepresented groups. Thus,
undergraduate grant employment was proposed as a solution to narrow these participation gaps.
Working with a faculty member was linked to improvement in students’ navigation through their
STEM major [Cole and Espinoza, 2008, Ullah and Wilson, 2007], where students are more likely
to leave the field due to a “chilly” climate [Seymour and Hewitt, 1997]. Students who engaged in
undergraduate research display improved confidence in their science skills [Grandy, 1998, Graham
et al., 2013] and are more likely to identify themselves as people who “do science” [Seymour et al.,
2004, Hunter et al., 2007, Kardash, 2000, Russell et al., 2007]. Integration has been shown to be
even more important in the persistence of URM students (i.e. Black/African American, Latino/a
or Native American) in STEM majors, who gained a stronger science identities and higher self-
efficacy [Chang et al., 2014, Cole and Espinoza, 2008, Hurtado et al., 2009, Hyde et al., 1990].
Furthermore, accumulation of social capital could also manifest itself through the opportunity to
faculty members and familiarize themselves with research. Students involved in projects with fac-
ulty members were also more likely to attend graduate school [Barlow and Villarejo, 2004, Bauer
and Bennett, 2003, Pender et al., 2010, Russell et al., 2007, Hunter et al., 2007, Hathaway et al.,
2002]. In addition, undergraduate research provided students with a clearer understanding of the
type of work involved in a scientific career [Lopatto, 2010], which increased their desire to pursue
STEM-related careers [Bauer and Bennett, 2003, Russell et al., 2007, Zydney et al., 2002].

Last, but not least, undergraduate employment provides the financial capital for students to
support themselves while acquiring a degree. Scott-Clayton and Minaya [2016] and Scott-Clayton

and Zhou [2017] suggest that the cash channel is not as important as other channels. In fact, low

'A summary of the literature on undergraduate research experience is offered in Table 1.



income students benefit more from federal work study, but they attribute this result to the fact that
lower-income students would have been employed even in the absence of federal work study and
might have had less desirable jobs in the absence of campus employment. Thus, they conclude
that participants in federal work study benefit from their employment because they have a job more
related to their major and not through the cash channel. This result is also consistent to the broader
result showing that on-campus employment, as opposed to off-campus employment, has a positive
impact on persistence in college [Pascarella and Terenzini, 2005, Hossler et al., 2009].

In this study, we evaluate the impact of undergraduate research employment on persistence in
STEM, where undergraduate research employment is defined as having been employed on a feder-
ally funded grant at a large public university. Despite a vast empirical literature on undergraduate
research, previous studies rely heavily on surveys and fail to support causal claims [Mervis, 2006,
Linn et al., 2015, Sadler et al., 2010]. In an ideal world, we would like to be able to randomly
assign undergraduate employment in a controlled environment to correctly identify and estimate
its mean impact on student outcomes. In the context where randomization is not possible, quasi-
experimental designs can be used to identify a comparison group that is as similar as possible to
the treatment group in terms of pre-treatment characteristics. These quasi-experimental designs
help reduce the effect of selection bias, which is important in the absence of random assignment
of researcher experience. In our case, students and faculty engage in a search and match process
that selects students for research experiences who are more likely to graduate [Rosenbaum and
Rubin, 1983, West et al., 2008]. We employ a selection on observables strategy, which allows us
to construct our counter-factual, the mean outcome of students who worked on a grant had they
not worked on a grant and we consider both general and STEM graduation rates. Since working
with a faculty member gives students a glimpse of the type of work that a scientific career entails
[Lopatto, 2010, Kinkead, 2003], grant employment should influence STEM graduation rates more
than general graduation rates. Our results are consistent with this hypothesis and our preferred
matching estimators show a positive and significant impact of approximately 10 percentage points
of employment on STEM graduation rates and an impact of approximately 6 percentage points on
general graduation rates.

Given that most previous papers have focused on examining small, short-term research pro-
grams [Gregerman et al., 1998], we extend the existing literature by examining all paid research
positions within a large public university. We also employ performance-based evidence (grades,
declaring a major, graduating), as opposed to the student self-reported, retrospective accounts of
research experience [Hathaway et al., 2002] used by previous papers, which have been shown to be

inconsistent with performance-based evidence [Bowman, 2010, Dunning et al., 2003, Feldon et al.,



2015]. We further contribute to the existing literature by using an innovative dataset that combines
administrative student transcript data with longitudinal administrative data on research funding.
This unique data on research funding, the UMETRICS dataset, contains information on expen-
ditures made on federally funded grants since 2001. It provides researchers with comprehensive
information on employees’ salaries, as well as payments to vendors and subcontractors made from
federally funded grants. Thus, linking the UMETRICS data with student transcript data allows us
to track all federally funded employment and course-taking history for the students who attended
this large university over a period of thirteen years (2001-2014). In doing so, we demonstrate some
of the value of linked administrative data from universities for understanding both the pathways by
which research investments yield returns and the role of high-impact non-classroom experiences in
shaping educational outcomes.

Our paper also disentangles the heterogeneous effects of undergraduate employment based on
gender, race and financial status. Given the large differences in STEM persistence rates across
students with different socio-demographic backgrounds, it’s crucial to test whether undergraduate
research employment helps alleviate these gaps. This paper considers two undergraduate students’
outcomes: the likelihood of graduating with a degree in any field and the likelihood of graduation
with a degree in a STEM field, conditional on graduation. Our results suggest that while undergrad-
uate research employment has a positive impact on persistence, it does not narrow the gender, race
and financial gaps in graduation rates. Finally, this study provides estimates of research employ-
ment for all types of grant employment, as well as more research intensive positions. In particular,
we divide research employment by the amount of research intensity. We define research jobs as the
jobs that are related to the student’s science career, based on the job description of the university’s
HR department. Our findings show that research jobs increase STEM graduation rates, but that
once again, this effect is higher for men and well represented racial groups.

The remainder of this paper is organized as follows. Section 2 discusses our data and variable
construction. Section 3 outlines our identification strategy, Section 4 shows our results and Section

5 concludes.

2 Data

In this section, we describe the data that we use.



2.1 Institutional context and data

We study the impact of grant employment on graduation rates at a large research university. This
large university is home to many colleges, among which are the College of Arts and Sciences (the
largest one, making up 60 percent of total undergraduates enrolled) and the College of Engineering.
Our dataset combines information from two different sources: student records data and adminis-
trative data on all the federal grants received by the faculty at the university. Both datasets contain
a unique individual identifier that allows us to combine the two sources of data to get a complete
history of each student’s employment and course history.

The first data source contains administrative student data from a public Midwestern institution
that contains all undergraduate students taking classes between Fall 2001 and Winter 2014. This
data contains information on students regarding their demographic characteristics, financial aid
status, course outcomes, and degree attainment. The demographic information includes each stu-
dent’s race, gender, and state and country of residency. The data also provide information about the
courses taken by the students in each semester. We have access to the course subject and number,
the credit and the grade obtained in the course. We have additional data on Advanced Placement
exams and information about the last high school attended by the student, such as grade point
average and the name of the high school (identified by its College Entrance Examination Board
(CEEB) code). Data on intended major prior to attending the university is also available, and we
define STEM fields as those designated by the U.S. Immigration and Customs Enforcement (ICE),
as explained in the following subsection.?

The UMETRICS program is a university-specific program that builds upon the federally sup-
ported Science and Technology for America’s Reinvestment: Measuring the Effect of Research on
Innovation, Competitiveness, and Science (STAR METRICS) program.®> The UMETRICS data
are longitudinal administrative data on research funding from 19 major research institutions that
contain information on expenditures made on federal awards: payments to individual people, as
well as purchases to vendors and sub-contractors. More specifically, the data includes information
on each of the grants received by individuals at the university, the number of people employed on
each grant, their occupational status and the full-time equivalent (FTE). This comprehensive data

contain information on all the employees working on federal grants between 2001 and 2014 at this

’In contrast, the National Science Foundation (NSF) uses a broader definition for STEM fields in which social
sciences are also included.

3The STAR METRICS project was initiated in 2009 as a partnership between U.S. federal agencies and research
universities to measure the impact of federally funded research.



public institution.* In our data, we cannot identify which positions are work-study positions. >

2.2 Dataset construction

This section informs the reader on the sample creation and variable construction.

2.2.1 Sample creation

We restrict the sample to students who are admitted as Freshmen and remove any transfer students,
whose course taking behavior might vary due to past college experience. We only consider students
who are enrolled for courses during the time period considered (Fall 2001-Winter 2014). In order
to allow students to graduate in 5 years, we restrict the sample to students entering before the Fall
of 2010. The resulting dataset of 35, 720 unique students provides a rich source for the analysis of

our key questions.

2.2.2 Variable construction

Out of the various definitions used by previous literature to define STEM fields, we choose the
one designated by the U.S. Immigration and Customs Enforcement agency on April 2008 when the
extension for the Optional Practical Training (OPT) was introduced.® We do not take into account
the additions made to this list in 2011 and 2012 (which include fields like psychology, agriculture,
etc.). With this definition in mind, we use the CIP (Classification of Instructional Programs) codes
that include all the disciplines offered in academic institutions in the United States to map the
majors offered in the university to STEM fields.

These CIP codes are also used to identify students’ intent to major in a STEM discipline. We
collect information about intended major prior to attending college from three different sources:
the Common Application, the SAT, and the ACT. The Common Application asks students to list

their areas of interest in college, with no required upper limit for the answers provided. The SAT

“These data are created and maintained by the Institute for Research on Innovation and Science, which also makes
them available for research use through a virtual data enclave. The full data documentation for the 2017 UMETRICS
data release can be found at https://doi.org/10.21987/R7MQOS. A newer version of the documentation for the
2018 data release can be found at https://doi.org/10.21987/R7GW89.

SMost of the standard work-study positions are under the umbrella of the Department of Education, but they do not
have a clear code to allow us to identify them.

The Optional Practical Training (OPT) is a period during which undergraduate and graduate students on a student
visa are allowed to work for one year. More information about the OPT can be found at: https://www.ice.gov/
doclib/sevis/pdf/nces_cip_codes_rule_09252008.pdf
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https://www.ice.gov/doclib/sevis/pdf/nces_cip_codes_rule_09252008.pdf
https://www.ice.gov/doclib/sevis/pdf/nces_cip_codes_rule_09252008.pdf

exam contains a questionnaire on the choice of major, allowing up to three answers. The ACT asks
students to list the college major they plan to have, with only one answer allowed.

Our list of covariates also includes Advanced Placement (AP) tests. Given our interest in
STEM outcomes, we only select the science and math AP tests: Biology (BY), Chemistry (CH),
Physics (Physics B (PHYSB), Physics C: Electricity and Magnetism (PHY SE), Physics C: Mechan-
ics (PHYSM)), Computer Science (Computer Science A (CSA), Computer Science AB (CSAB)),
Statistics (STAT), and Calculus (Calculus AB (CALAB), Calculus BC (CALBC)). In addition to
AP test scores, we also have access to high school grade point average (GPA). The university re-
calculated all the high school GPAs on a 4.0 scale. One caveat is that before 2009, the university
included only the courses taken in grades 9-11 for calculating the GPA. After 2009, the university
considered all high school courses taken for all grades. However, we do not believe that this would
be a major issue for our analysis. We also use composite ACT scores as a covariate, converting the
SAT scores of the students who did not take the ACT into ACT scores using the concordance tables
provided by the College Board.’

Another important factor for college persistence is parental education and income [Hellerstein
and Morrill, 2011]. Unfortunately, data on parental education and income acquired from the ad-
mission office contains a very large number of missing observations (over 40 percent for parental
income and over 20 percent for parental education) and we cannot use multiple imputation meth-
ods due to the non-randomness of the missing data. Instead, we use need-based grant eligibility as
a proxy for parental income. Need-based grants have been showed to be good indicators of both
the probability that students enroll in college [Deming and Dynarski, 2009], as well as persistence
in college [Deming and Dynarski, 2009, Bettinger et al., 2009]. The largest of the need-based fi-
nancial grants is the federal Pell Grant, a need-based grant that assists low-income students who
are attending universities and other accredited secondary institutions. We create a binary Pell grant
variable that identifies students who have received one (or more) of the following grants: Pell grant,
Academic Competitiveness Grant (ACG), Supplemental Educational Opportunity Grant (SEOG) or
SMART grant.

Student demographic characteristics also play an important role in their educational attainment.
We have information on each student’s gender (binary male/female), race (white, black, Hispanic,
Asian, and other: native American, not indicated, Hawaiian and two or more) and country/county
of residency. We use the information about each student’s residence at the time of submitting their

college application to define both in-state/out of state status, as well as international student status

"The concordance tables can be found at: https://research.collegeboard.org/sites/default/files/
publications/2012/7/researchnote-2009-40-act-sat-concordance-tables.pdf
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(for students with their country of residency outside of the United States).

For comparison purposes, we consider two measures of grant employment. The first measure
of research experience considers all the grants from all federal sources listed in the UMETRICS
dataset. One problem with this measure is that it includes administrative jobs that might not con-
tribute much to the development of STEM-specific skills. Thus, we also consider an alternative
measure of grant employment that includes only jobs that are related to the student’s science career,
denoted “research jobs”. We select these jobs based on the job description from the university’s
HR department. For example, we categorize positions such as Research Associate, Assistant in Re-
search, and Laboratory Assistant as research jobs, and positions such as Clerk, Library Assistant,

and Secretary as non-research jobs.

3 Methodology

3.1 Treatment and outcome

We estimate the impact of research experience on persistence at a large public institution. Our
outcome measure, graduation rate, is calculated based on a five-year window, starting with the first
semester of courses attended at the university as a Freshman. Our outcomes are general graduation
and STEM graduation rates.

Our treatment variable is undergraduate research experience, a binary variable that measures
having been employed on a federally funded grant while attending courses at the university.® As
seen in Table 1, the students at this university are slightly more likely to be working in their later
years, but the majority (70 percent) start working in their first year of college.” Since we are
concerned that students who work on a grant in their senior year are also more likely to graduate,
we remove all instances of employment that happen in the student’s senior year.'”

Table 2 presents the descriptive statistics of the variables used in our analysis for the full sample,
as well as for the treatment and control groups. Based on this table, the full sample contains about
52 percent women, with the sample employed on a grant having slightly more women. Our full
sample contains about 6 percent black students, 5 percent Hispanic students and 11 percent Asian
students. 64 percent of the population comes from the state where the university is located, 19

percent are ever recipients of Pell grants and the average ACT composite score is 28.1. Students

8We exclude all grant employment that takes place before the first semester and after the last semester enrolled for
courses.

The density of the number of months employed is shown in Table 2.

10The Sensitivity Analysis section talks more about this bias.



who are employed on a grant are more likely to have higher high school GPA and ACT composite
scores and be Pell grant recipients. Furthermore, the AP scores for science and Math are higher for
the students with job experience than for those without it.

The last two columns of Table 2 show that more female students who are employed have a
research position, as compared to male students. Furthermore, while Hispanics and blacks working
on a grant are less likely to have a research job, Asian students are more likely. On average, students
who hold research positions are also more likely to graduate. This suggests a positive selection on
observable characteristics for employment.

When estimating the impact of grant employment, one must account for a two-sided selection
process. First, the student decides whether he or she wants to gain research experience and applies
for a job. In the next step, each professor selects one or more applicants to be hired from the pool
of all applicants. Because of the richness of our data and the possibility to control for pre-college
interest in STEM (AP exams, high school GPA, intent to major in STEM) selection on observables
is a plausible assumption. The basic regression we would want to estimate is one where we regress
our two outcomes on the treatment status. In an ideal world, we would have a random assignment
of treatment and we would not have to add any covariates to the equation. Absent such a set-up, we
use matching techniques [Rosenbaum and Rubin, 1983] to compare treatment and control groups
in the presence of selection. We adopt a “selection on observables strategy” (a term adopted from
Heckman and Robb [1985]) to estimate the average treatment effect on the treated or the ATET.
Formally, we denote Y| as the potential outcome for the students employed on a grant, Y as the
potential outcome for the students not employed on a grant, and 7 as the treatment (i.e. grant

employment). The observed outcome is ¥ = TY| + (1 — T)Yy and we want to estimate:

Arr =EY1 = Y|T =1) = EMIT = 1) - EXo|T = 1), )

where E(Y1|T = 1) is the expected grant employment outcome conditional on grant employ-
ment and E(Yy|T = 1) is the expected non-grant employment outcome conditional on grant em-
ployment. Identifying E(Yy|T = 1) is challenging since it is unobservable: we cannot observe the

outcomes for the students who did not work on a grant in a world where they had.

3.2 Identification

Given the selection issue, we employ the propensity score matching (PSM) technique which allows
us to compare our treated groups with our controls even in the absence of a large treatment group.

Our matching technique requires the three main conditions. The first one, the conditional inde-
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pendence assumption (CIA) states that once we control for all observable variables, the potential
outcomes are independent of the treatment assignment (or that (Y, Y;) L 7'|X). Rosenbaum and
Rubin [1983] show that estimation doesn’t require the CIA, but a weaker assumption called the
conditional mean independence (CMI), also called the “balancing property”. The CMI assumption
implies that once we control for the covariates X, the treatment does not affect the conditional mean

of each potential outcome:

EMWolX, T =1) = E(Yo|X,T = 0) = E(Yp|X) 2)

Another assumption we need is the common support assumption, namely that for each value of
X, there is a positive probability of participation given X, which translates to 0 < P(X) < 1 for all
X. We call this probability the propensity score: P(X) = Pr(T = 1|X).

With this definition of the propensity score, Rosenbaum and Rubin [1983] show that if the CIA
assumption holds for X, it also holds for P(X) so that Yy L T|P(X), and thus:

E(YolP(X),T = 1) = E(Yo|P(X), T = 0) = E(Yo|P(X)) 3)

The last assumption is the “Stable Unit Treatment Value Assumption” (SUTVA), which re-
quires that the students who are not employed on a grant are not affected by the treatment. This
assumption fails if there are general equilibrium effects generated by spillovers. While we cannot
test for the existence of spillover effects, we believe that they are negligible, especially as the treated
students are only 10 percent of the total. This assumption also fails if the students are employed on
grants from outside of the university considered. Furthermore, if we assume that there are positive

spillovers of being employed on a grant, then our estimates would biased downwards.

3.3 Estimation

Given these assumptions, there are many appropriate estimators we could use to calculate the
ATET. We begin by considering two different estimators, with pros and cons of using each one
of them. The first one, the inverse probability weighting (IPW) estimator, uses weighted averages
of the observed outcome variable to estimate means of the potential outcomes.!! In the estima-

tion process, each weight is the inverse of the estimated probability that an individual receives a

"'We estimate the treatment effects using the STATA command teffects. This command, unlike psmatch2, calculates
the standard errors based on Abadie and Imbens [2012] and takes into account that the propensity score is estimated
prior to the matching step.

11



treatment level and it is calculated using the following formula:

A < Li i(i i PO - T»]_1 “
TNt i=1 i=1 NY i=1 P(X) ’
where N7 is the number of treated units and NV is the number of untreated units.

Huber et al. [2013] and Busso et al. [2014] show that the IPW estimator has very good finite-
sample properties when compared to other estimators and it requires no assumptions about the
functional form of the outcome model. However, IPW can be problematic since it is very sensitive
to extreme values of the propensity score and also to small misspecifications.

Therefore, we employ a second estimator, which is the nearest neighbor with replacement.
Monte Carlo simulations [Frolich, 2004, Huber et al., 2013, Busso et al., 2014] show that the nearest
neighbor with replacement estimator performs very poorly in comparison with other estimators in
terms of mean squared error, due to the very high variance of the estimator. The high variance
of the estimator is caused by the estimator ignoring all the observations close to the treated units,
but not the closest ones. Despite this problem, the estimator exhibits a low bias and it is not
sensitive to extreme values of the propensity score, which makes it a good alternative estimator.
By increasing the number of neighbors, we increase bias (since we use matches that are farther
away), but decrease variance (since we use more untreated units as points of comparison). In our

estimation, we use the nearest neighbor with replacement estimator with one neighbor.

3.4 Propensity score specification

We first investigate the selection of students based on observable characteristics to explore the
common support assumption. In addition to this, this procedure is informative for our sensitivity
analysis. We consider different sets of conditioning variables that determine participation in re-
search experience. Covariate selection is a relatively complicated task and there are benefits and
costs to increasing the number of covariates. Not including all the important covariates can increase
the bias of the estimates, as shown by Heckman et al. [1997]. However, including too many covari-
ates can also be problematic. First of all, we only include the conditioning variables that affect both
the treatment and the outcome and exclude the variables that are affected by the treatment. Bryson
et al. [2002] and Augurzky and Schmidt [2001] find that including too many covariates that are not

significant can increase the variance, even though they will not bias the estimates and it will not
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make them inconsistent.!?

Moreover, they show that including extraneous variables could lead to a
violation of the common support condition.!3 We follow Stuart [2010] and include all the variables
previously discussed in order to reduce the bias caused by not including the relevant variables.

We use institutional knowledge, previous empirical findings, and economic theory to determine
the best choice of covariates. Previous research focused mainly on student characteristics and ex-
periences (both from high-school and college) to disentangle the factors that influence persistence
in STEM. Since high school class rank has been shown to be among the most important determi-
nants of college success in STEM [Ellington, 2006], we use high school GPA quantiles'* in our
analysis. Furthermore, we also include ACT scores, and a vector of different AP tests with scores
of at least 3. Because interest in math and science are strong indicators of persistence in STEM
[Maple and Stage, 1991, Mau, 2003, Tai et al., 2006, Maltese and Tai, 2010, 2011], we only use
AP science and math test scores. Another pre-college variable that we include is a binary variable
for interest in a STEM major. By including both AP tests and intent to major in STEM, we control
for possible selection into STEM research jobs.

We also include an indicator for receiving a Pell grant (and Pell grant gender interaction) to
account for the large differences in STEM persistence among students from different SES back-
grounds [Schneider et al., 1998, Miller and Kimmel, 2012]. The propensity score specification
further includes demographic characteristics (gender, race, gender-race interactions), in-state sta-
tus (as measured by the address of the student at the time of enrollment), international student
status and cohort fixed effects.

Tables 3-4 display the results from logistic regressions of undergraduate grant employment
participation. The first column of each table shows estimates from a logistic regression, while the
second column presents marginal effects estimated at the mean of observable characteristics. The
regressions show that gender is a statistically significant predictor of research experience. Being
female, Asian, and a Pell grant recipient significantly increase the likelihood of participating in
research experience. In addition, students with higher high schools GPAs, ACT composite scores,
and students from the state where the university is located are also more likely to be employed
on a grant. Having taken an AP science or math test is also a very strong predictor of research

experience. More precisely, students who have taken the AP tests in Biology (BY), Chemistry

12This is true in any multivariate setting, not just propensity score estimation.

13One test suggested for solving the selection of covariates for the propensity score problem is to start with a simple
model and keep adding variables. Then the variables are kept if they are statistically significant and if they increase the
prediction rate [Black et al., 2005].

“The university converts all the high school GPAs received on a 4.0 scale.

SWe consider ACT composite scores (we convert SAT scores as explained above).
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(CH), Physics B (PHYSB),'® Physics C: Mechanics (PHYSM) and Calculus AB (CALAB)!7 are
more likely to be employed on a federally funded grant. Interestingly, black and other race students
are more likely to have been employed on a grant, but not more likely to hold a research-intensive

position.

3.5 Balancing tests

We perform balancing tests to check that, at each value of the propensity score, the covariates
chosen have the same distribution for the treatment and control group.'!® We use the standardized

differences test [Rosenbaum and Rubin, 1985] to examine the balance, defined as:

STDgr = 1005 —%). (5)

2,2
S7+8;

2

where %, and X, are the sample means for a particular covariate in the treated and control groups,
respectively and s? and s2 are the sample variances.

This standardized difference is computed for each covariate used in the matching procedure.
Since there is no formal criterion for how large this difference should be, we follow Rosenbaum
and Rubin [1985] in considering 20 to be the allowed upper bound. Table 5 shows the standardized
differences both before and after our matching analysis (using Inverse Probability Weighting as
explained below). The results are calculated from the formula above and dividing the outcome
by 100. Table 5 shows that our preferred matching estimator has standardized differences of the
important variables all lower than 0.2,'° considered small in the literature. Table 5 shows the
standardized differences for grant employment as treatment. The other standardized (Tables 13-15)
differences exhibit similar patterns.

Figure 3 shows the distribution of both the treated and non-treated students. We can visually

see the significant overlap between the two populations. Given this, we can proceed to estimate the

16The AP Physics B, discontinued in 2014, is the equivalent of an introductory Physics college course. It was, later
on, replaces by AP Physics 1 and 2. The AP Physics C: Mechanics test studies Newtonian mechanics, while the AP
Physics C: Electricity and Magnetism test studies electricity and magnetism.

""The AP Calculus AB is the equivalent of the first Calculus course taken in college and includes topics such as
limits, derivatives, definite integrals, and the Fundamental Theorem of Calculus. In comparison, the AP Calculus BC
(CALBC) is a more advanced test and in addition to the topics included in the AP Calculus AB test it includes topics
such as sequences and series.

18The balancing property is not equivalent to the CIA and vice-versa [Smith and Todd, 2005].

19This threshold was calculated by dividing 20 by 100.
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ATET for our two outcomes and two treatments considered.

4 Results

Table 6 shows the estimates for the impact of grant employment on both general and STEM grad-
uation rates. The estimates from Table 6 show an impact of about 10.1 percentage points of grant
employment on STEM graduation rates and an impact of 5.5 percentage points on graduation rates.
The nearest neighbor with replacement results with one neighbor are shown in Table 7 and they are
very similar to the IPW results. For the remainder of the paper, we only focus on the IPW results,
since this similarity is maintained for throughout our different analyses.

For an easier analysis of the results from Table 6 we combine all the results for the full sample in
Figure 4. Our estimates suggest while the nature of the grant employment doesn’t matter much for
general graduation rates, it makes a big difference for STEM graduation rates. Research jobs have
a positive impact of 13.6 percentage points on STEM graduation rates, much higher than the effect
of all grant employment on STEM graduation rates. These results suggest that while all types of
employment on a federally funded grant improve both graduation and STEM graduation rates, the
research intensity of employment also matters and future research should also take this into account
(Figure 4).Furthermore, the impact of grant employment is much higher for STEM graduation rates
than general graduation rates. One possible explanation of this is the STEM specific human capital
that research intensive positions provide and that other positions do not. Working in a laboratory, as
opposed to working as an administrative person would facilitate the acquisition of STEM specific
skills and knowledge. Another possible explanation is that more research intensive job provide the
students with a higher level of social capital. Thus, the connections built with a faculty member
might be closer for a job more related to their own research which would help the students navigate
through their major in an easier way.

We are also interested in the heterogeneity of the treatment effect. When breaking down the
analysis by the gender of the students, we can see from Table 6 that research employment improves
persistence in college for both men and women, but that men benefit more from grant employment
jobs than women. Figures 5 and 6 show the graphical representation of our results for gender,
broken down by type of student employment. In fact, the impact for female students of any grant
employment is almost identical for graduation rates and STEM graduation rates, while for male
students the impact is much higher for STEM graduation rates (Figure 5). Even when just con-
sidering the research intensive jobs, female students do not gain much more in terms of STEM

graduation rates as compared to general graduation rates, while male students do (Figure 6). While
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the gender of the student doesn’t seem to create a big divide for graduation rates based on the type
of job the student held, it makes does matter for STEM graduation rates (Figures 7 and 8). Research
intensive jobs are have a higher positive impact on STEM graduation rates, and the effect is much
higher for men than woman. The fact that women do not gain as much from grant employment as
men in terms of persistence could be linked to the lower accumulation of human and social capital
needed to steer women into STEM majors. Perhaps a stronger intervention is needed to increase
female participation in STEM majors. This result can be tied to the stereotype threat literature,
which states that women might not be able to act in accordance to their abilities in fear they might
reinforce the negative stereotypes associated with their identity [Steele and Aronson, 1995]. In this
context, having a research-intensive job might help women succeed in STEM more by giving them
more confidence in their ability to be a STEM major. However, a research intensive job might not
be enough to narrow the gender gap in STEM graduation rates.

Another result of interest is the heterogeneous effect of research experience based on the race
of the student (also shown in Table 6). First, we are interested in whether the research intensity
of the job impacted the outcomes differently for different races. Figures 9 and 10 show that white
and Asian students benefit the most from working with a faculty member on a research grant. For
blacks and Hispanics, working with a faculty member doesn’t increase graduation rates as much as
for the other races. Furthermore, blacks and Hispanics benefit more from working with a faculty
member in terms of general graduation rates as compared to STEM graduation rates. Figures 11
and 12 show the results broken down by race and research intensity of grant employment. The type
of job a student holds makes little difference for graduation rates, but not for STEM graduation
rates. In fact, not all races benefit more from a research intensive job. A research intensive job has
a smaller effect on graduation rates than all jobs for blacks and Hispanics. Interestingly, Hispanics
benefit more from all jobs than research intensive jobs for STEM graduation. However, blacks
benefit much more from research jobs for STEM graduation. This analysis suggests that the gains
from grant employment are highly dependent on the race of the student. It is possible that black
and Hispanic students are more financially constraint and thus benefit more from any type of job
as opposed to a more research intensive job. Another explanation of the results is connected to
the theory of identity invoked above. Perhaps, once again, student employment is not a sufficient
force to move more underrepresented minority students into STEM majors. It is possible that the
social networks and social support acquired through working with a faculty member vary vastly for
students of various races.

We are also interested in the degree of financial capital accumulated and the impact of this on

various outcomes. We can see from Table 6 that grant employment increases graduation rates for

16



students with Pell grants by 7.2 percentage points and it increases STEM graduation rates by 6.3
percentage points. To compare these effects with the effects for the full sample, we focus on Figures
13 - 15. We conclude from Figures 15 and 16 that having a job increases graduation rates for Pell
grant recipients by more than for the full sample, but the opposite is true for STEM graduation.
The fact that we get a different result for STEM graduation suggests that, although having a job
decreases the cost of education, there might be other factors involved in getting a STEM graduation
that we are not accounting for.

Figures 13 and 14 show that Pell grant recipients benefit more than the full sample from grant
employment in terms of increased general graduation rates, but less in terms of STEM graduation
rates. One explanation is the fact that the financial channel is more salient than other channels
for financially constraints students. Thus, holding a grant funded position helps students persist in
college, but doesn’t necessarily cause students to pursue a STEM education. Research jobs seem
to be more important for Pell graduates for fostering higher STEM graduation rates than general
graduation rates. Thus, we do find evidence of STEM specific capital accumulation, but it seems

that income matters absolutely and relatively more to Pell students.

4.1 Inverse-probability-weighted regression adjustment estimator

We employ one last matching estimator for our analysis to check the robustness of our results to the
estimator choice. The inverse-probability-weighted regression adjustment (IPWRA) estimator uses
inverse probability weighting (IPW) weights when performing regression adjustment. It combines
models for both the outcome and the treatment status. Wooldridge [2010] shows that this estimator
is doubly robust meaning that the estimates of the effects will be consistent if either the treatment
model or the outcome model, but not both, are misspecified.?’ Table 7 shows the results using the
IPWRA estimator for grant employment. The results are very similar to the results obtained with
the IPW estimator and they show an average treatment of the treated effect of grant employment on
STEM graduation of 10.4 percentage points and on general graduation of 5.5 percentage points. For
research intensive jobs, the results show an effect of 5.6 percentage points and of 14.0 percentage
points on STEM graduation rates.

4.2 Sensitivity analysis

We are also interested in how robust our estimates are to different sources of biases. One source

of bias that could arise is due to the timing of research employment. Since the students who are

20We could not find any studies that test the double robust property when both of the models are misspecified.
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doing research later in their academic career are also more likely to graduate, we are concerned
that our estimates might be biased. As noted before, the majority of the students considered (70
percent) have their first grant employment opportunity in their first year of college. We also remove
all instances of grant employment in the students’ senior year since these students are very likely
to graduate.

Another issue that arises is that, by using a propensity matching technique, the selection prob-
lem is not necessarily fixed. The credibility of the matching procedure used relies entirely on the
conditional independence assumption, which assumes that we observe all the variables that have
an impact on research experience and graduation rates. We are interested in the sensitivity of our
estimates with respect to confounding factors, i.e., unobserved variables that might influence both
assignment to research experience and the likelihood of graduating in STEM.

While not possible to estimate the magnitude of selection bias without experimental data, it
is possible to check the sensitivity of the estimated results with respect to deviations from the
conditional independence assumption [Aakvik, 2001]. Thus, we are interested in how unobserved
covariates that affect both our treatments and our outcomes would alter our conclusions. Such
unobserved variables could be motivation, future career aspirations, or any other factor that affects
both the probability of taking part in undergraduate research experience, as well as the probability
of graduation in general or in STEM). For example, a student who shows more motivation towards
his or her studies might have a higher chance of getting hired to work with a faculty member, and
also might have a higher chance of graduating from college. This section informs us how our results
would change if we had such unobservable characteristics that would affect both our treatments and
outcomes.

As a first step, we assume that the relationship between treatment and observable is related to
the relationship between treatment and unobservables [Altonji et al., 2005]. Our study includes a
broad set of variables that cover socioeconomic characteristics, as well as data on the courses the
students take and their high explanatory power suggests that the observable characteristics could
provide useful information about the unobservable characteristics.

In our analysis, we control for pre-interest in STEM fields by including AP tests and intent
to major in STEM. Given that AP tests are highly predictive of research experience, we re-run
our propensity score matching procedure by excluding AP tests, as shown in Table 8. The base
estimates are the IPW estimates including AP tests, while the sensitivity analysis estimates are the
ones excluding AP tests. The results show that excluding AP tests increases our estimates of the
ATET effect of all types of grant employment on graduation rates from 5.5 percentage points to 5.8

percentage points. We get a similar increase in the ATET effect of all grant employment on STEM
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graduation rates, where by excluding the AP tests controls, our IPW estimates increase from 10.1
percentage points to 11 percentage points.

In general, these results suggest that if there were other factors such as motivation, that were
equally as important in determining both employment and the outcomes in question as having an
AP test, the exclusion of these other factors would bias upward our estimated effects, but by a
relatively small magnitude.

Another approach to examine if our estimates are sensitive to biases is to calculate bounds for
the degree to which the unobserved variables affect selection into treatment [Rosenbaum, 2002].
With the notation used before, we have our binary outcome variable Y, our binary treatment 7" and
a covariate vector X. Following the model in Aakvik [2001] and Becker and Caliendo [2007], we
define probability of receiving treatment x; = Pr(x;,u;) = Pr(T; = 1|x;,u;) = F(Bx; + yu;), where
x; are the observed characteristics for person i, while u; are the unobserved characteristics. Here, y
is the effect that unobserved characteristics have on the treatment. In the case of no hidden bias, y
is zero, but in the presence of hidden bias, individuals with the same exact observed characteristics
will have different probabilities of receiving treatment.

Assuming a matched pair of people i and j, and a logistic regression F, the odds that the

7T

individuals receive treatment are {~— and ﬁ respectively and the odds ratio is:
U J

T

-, il —7mj)  exp(Bx; + yu;)

- = = (6)
lf;rj ni(l—m)  exp(Bxj+yuj)
The matching procedure implies that x; = x;, so we have:
exp(Bx; + yu;)
EPBX I oepy s — ) ™)

exp(Bx; + yu;)
When the odds ratio is one, there is no hidden bias. This happens when either the unobserved
variables are the same (u; = u;), or when the unobserved variables do not influence selection into
treatment (y = 0). Assuming that the unobserved variable is a binary variable, we get the following
bounds for the odds ratio [Rosenbaum, 2002]:
mi(l —mj) <

<e 3

L
e¥  mi(l-m)

If ¢” = 1, then both individuals i and j have the same probability of being assigned the treat-

ment. Here, ¢ measures the amount of departure from the case where we have no hidden bias

[Rosenbaum, 2002]. The equation above states that if two individuals differ in terms of unobserv-
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ables, then their probability of receiving treatment depends on vy and the difference in u.

Thus, for a fixed ¢¥ > 1 and u € {0, 1}, it can be shown that the test statistic Qg can be
bounded by two known distributions [Rosenbaum, 2002].2! In the case when ¢” = 1, the bounds
are equal to the value of the test statistic. For values of e” greater than 1, the upper and lower
bounds diverge as a consequence of unobserved selection bias creating uncertainty about the test
statistics.

There are two STATA commands that have been developed for calculating these bounds: one
for continuous outcomes, rbounds [DiPrete and Gangl, 2004], and one for binary outcomes, mh-
bounds [Becker and Caliendo, 2007]. Since this paper deals with dichotomous outcomes, we em-
ploy the latter STATA command which uses the Mantel and Haenszel test statistic. The test can
be used to test for no treatment effect both within different strata of the sample and as a weighted
average between the strata. In our example, we use a weighted average of the strata.

Following Aakvik [2001], we introduce additional notation to be able to apply this test. The
outcome y is observed for both treatment and control groups, which under the null-hypothesis has
a hypergeometric distribution. Furthermore, we define Ny, to be the number of treated individuals
in stratum S and Ny, to be the number of untreated individuals in stratum s, so that Ny = Ny, + No;.
In addition, Y, is the number of successful participants and Yy, is the number of unsuccessful
participants, which gives Yy as the number of total successes in stratum s. With this notation in

mind, the test statistic Qg is:2

S
| Y1 = > E(Y15) =05
s=1

OmH =

(©))

s
Z NisNogYs(Ns — Ys)

NZ2(Ns—1)

s=1

We denote Q7 ,, to be the test statistic in the case where we overestimated the treatment effect

2I'This test statistics can only be used after a matching procedure is performed since the individuals in the treatment
and control groups have to be very similar to each other.
22This test statistic follows asymptotically the standard normal distribution.
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and Q) to be the test statistic in the case where we underestimated the treatment effect. Thus,
O, statistic adjusts the MH test statistic downward for positive unobserved selection, while the

0,y statistic adjusts the MH statistic upwards for negative unobserved bias. Then we have:

S
IY; — Z Ef1-05
s=1

+
QMH -

(10)

and

(11

where Eg and Var(Eys) are the large-sample approximations to the expectation and variance of
the number of participants in treatment.

To implement this procedure, we re-estimate the treatment effects using one-nearest-neighbor
matching,?? for different values of y. The sensitivity analysis performed informs us how biases
might influence our estimates, but does not inform us if biases exist.

Table 2 shows that the students are positively selected into treatment based on observed charac-
teristics. More specifically, students with higher high school GPAs, students who took AP science
courses and students who have a higher ACT composite score are more likely to be treated. Posi-
tive observed selection into treatment does not imply positive unobserved selection into treatment,
but it does inform us that some unobserved factors would confound our estimated effect. Given
that our estimated effect of research experience is positive, we are worried about overestimating
our treatment effect and thus we are only interested in the bias related to overestimation of the
treatment effect.

Tables 9-12 show the sensitivity of the test statistic for ¢?, as well as for the test statistic I' =
e? = 1, the case with no hidden bias. All p-values are based on one-sided significance tests. The
first column in the table represents I' = ¢ > 1 for which the sensitivity analysis is carried out.

For the analysis of all grant employment on graduation rates, Table 9 shows that the test statistic

2The estimates for the treatment effect using this procedure are slightly different from the estimates in the results
section, due to the use of a different matching algorithm.
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becomes not significant at the 5 percent level when the relative odds of working on any federally
funded grant with a faculty member are 3. Thus, we would need an unobserved variable u that in-
creases treatment by 30 percent to make the relationship non-significant at a 5 percent significance
level.

To interpret these results, we can compare the estimates from our sensitivity analysis with the
results from logit models predicting treatment, the ones we estimated for our propensity score
analysis. To put our sensitivity analysis results into perspective, Table 3 shows that the movement
from not being eligible for a Pell grant to being eligible shifts the relative odds ratio by 1.4. To
completely get rid of the effect of all grant employment on graduation rates, an unobserved variable
would have to have almost as large of an effect as Pell grant eligibility, net of all the control
variables we already include. Thus, this test provides evidence that a high amount of selection
into unobservables is needed to eliminate the treatment effects. The treatment effect stays positive
for values of I' < 1.4, after which point it becomes negative due to a large positive unobserved
characteristics. Furthermore, we see from the same table that for values of I" > 1.6, the test statistic
becomes significant again at the standard 5 percent level.

Table 10 shows the sensitivity analysis results for the effect of research-intensive jobs on grad-
uation rates. The effect at I’ = 1 is significant and stays significant until I' = 1.2, when it is not even
significant at 10 percent significance level. For I' = 1.2, two students with the same observable
characteristics differ in the odds of participating in research experience by a factor of 1.2, which
is a very large number considering we have already adjusted for important student characteristics.
Thus, the unobservable characteristics would have to increase the probability of receiving a re-
search intensive job by 20 percent in order for the effects of research-intensive grant employment
on graduation rates to stop being significant. This corresponds to a significant negative treatment
effect, caused by large positive unobserved characteristics. Table 9 also shows that I' = 1.35 is the
point where the treatment effect changes signs, going from positive to negative. In addition to this,
the test statistic becomes significant again at 5 percent level once I' exceeds 1.45, but the treatment
effect becomes negative.

We again perform a back-of-the-envelope calculation to see which covariates from our propen-
sity score regressions produce coefficients similar to the ones from the sensitivity analysis. In a
similar way, we see from Table 4 that the “weakest” unobservable characteristics we would need
to have to render the effect of research intensive jobs on graduation rates as not significant would
have to be at least as large as the effect of taking the AP Biology test. Again, the unobservable
characteristics would have to be variables that are not already included in our analysis.

Tables 11-12 present the Mantel-Haenszel bounds for the case where we consider STEM grad-
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uation as the outcome. For both tables, even the relative odds of getting treatment are 1.5, the test
statistic pj,,, is still statistically significant at a 5 percent significance level. When considering all
grant employment as the treatment variable, Table 11 shows that the test statistic p},,, is statisti-
cally significant at 5 significance level for all values considered, except for the values for I between
1.55 and 1.8. Thus, for values of the odds ratio between 1.55 and 1.8, our inferences would become
not significant at 5 percent significance level. In addition to this, for I' = 1.7, the treatment effect
changes signs, going from positive to negative. Table 12 shows that our estimates of the effect of
research-intensive jobs on STEM graduation would become statistically not significant at a 5 per-
cent significance level for values of I between 1.7 and 2. The treatment effect at I' = 1.85, although
insignificant, remains positive. For values of I' > 1.85, the treatment effect becomes negative.

These results are reassuring that while we cannot rule out the possibility of hidden biases, we
can reassure ourselves that the unobservable characteristics would have to be quite large to make
our results not significant. In both cases, it is quite unlikely to have unobservable characteristics
that would switch the relative odds of receiving treatment by 1.55, and 1.7, respectively, given that
switching the race or the gender of the student explains a much smaller change in the odds ratio.
The results for considering STEM graduation rate as the outcome are less sensitive to unobservable
characteristics than the results for general graduation rate as the outcome.

Mantel-Haenszel bounds for all the other subsamples are provided in Tables 16-19. One way
to read our results is by looking at the smallest value of I" for which the effect of our treatment
variables stops being statistically significant at 5 percent significance level, which we define I'". We
also define I as the highest value of I = ¢” for which the test statistic py,,, is still not significant
at a 5 percent significance level. Thus, in the Table 12 from before, I is equal to 1.7 and I'” is
equal to 2.

The results are fairly robust to the possible presence of unobservable characteristics. For ex-
ample, Table 16 shows that for the effect of all grant employment on graduation rates for female
students to go away, we would need an unobserved variable that would multiply the odds of treat-
ment by 1.25. As explained in the analysis above, this effect is fairly large given that it is net of all
the controls we included. In general, the tables suggest that the estimates for Black and Hispanic
students have larger intervals [I,I”] where the test statistic is not significant at 5 percent level.
However, all of the subgroups considered are partially robust to selection bias. This implies that
our estimates for these two groups are more sensitive to nonobservable characteristics, a result due
in part to the lower representation of these groups in the overall student population. Another result
is that the subgroup analysis is less robust to unobservables for general graduation rates than it is

for STEM graduation rates. Thus, we need to be more careful when interpreting the estimates of
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our matching procedure when considering general graduation rates.

5 Conclusion and future research

The factors that impact persistence in STEM are of importance to the society due to the role of
STEM graduates in technological advancement. This paper provides insights into the policy im-
plications of research productivity by analyzing the role of grant employment on persistence in
STEM. We use a unique dataset that combines administrative student transcript data with longi-
tudinal administrative data on research funding at a public research institution. This innovative
data allows us to track all employment and courses history for the students who attended this large
university over 2001-2014.

Using this data, we quantify the impact of undergraduate employment, defined as having been
employed on a federally funded grant at a large public university, on persistence in STEM. Using
our preferred IPW estimator, we find a positive and significant impact of approximately 10.1 per-
centage points of grant employment on STEM graduation rates and an impact of approximately 5.5
percentage points on general graduation rates. In addition, this study evaluates the effect of grant
employment on different subgroups. Given the large disparities among the students who select to
major in STEM, it is important to study how research experience affects these different groups.

We actually find that the race and gender gaps are not narrowed by much and that the positive
impact of grant employment is largest for male students and whites. Even though minorities and
female students benefit from grant employment, the benefits are much lower across all measures
used. Furthermore, we find that for students receiving who qualify for Pell grants and thus have
more financial constraints, working with a faculty member helps increase their graduation rates
significantly.

Finally, this study provides estimates of research employment for all types of grant employ-
ment, as well as more research-intensive positions. In particular, we divide research employment
by the amount of research intensity. We define research jobs as the jobs that are related to the stu-
dent’s science career, based on the job description of the university’s HR department. Our findings
show that the research intensity matters for persistence, with more research intensive jobs having a
larger impact on STEM graduation rates.

Given the overall positive effects of research experience, we suggest the implementation of
policies that would increase the research opportunities of undergraduate students at academic insti-
tutions. We suggest that future research should focus primarily on the mechanisms that explain this

positive impact of research experience and the reasons behind the subgroup differences in benefits.
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While more employment opportunities should be available to female students and minority stu-
dents together, this policy should be coupled with other policies aimed at improving the experience
of underrepresented groups in STEM fields. In the future, we plan to extend our analysis to take
into account the gender and race composition of the research teams that the students are part of.
We envision extending our current research to investigate research collaborations in more depth,
given that we have access to rich information on all the federally funded grants and their recipients.
We also plan to investigate the effects of undergraduate research on longer-term student outcomes,

such as graduate school attendance and labor market outcomes.
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Table 1: Literature review on undergraduate research experience

Data

Type of research experience

Hurtado et al. [2009]
Barlow and Villarejo [2004]
Bauer and Bennett [2003]
Chang et al. [2014]
Seymour et al. [2004]
Hunter et al. [2007]
Kardash [2000]

Russell et al. [2007]

Kim et al. [2003]
Gregerman et al. [1998]
Pender et al. [2010]
Hathaway et al. [2002]
Lopatto [2004]

Zydney et al. [2002]

Focus groups (four research universities)
University of California, Davis

Survey from University of Delaware

The Freshman Survey and College Senior Survey
Student interviews from four liberal arts colleges
Ethnographic study at four liberal arts colleges
Midwestern, Carnegie Research I university
Web-based surveys

22 public research universities

University of Michigan

University of Maryland Baltimore County
Survey from University of Michigan

Online survey of undergraduates from 41 institutions
Survey at the University of Delaware

Structured science research programs

Biology Undergraduate Scholars Program
Undergraduate Research Program

Grants from NIH and NSF

Undergraduate research experience

Summer science undergraduate research experiences
Undergraduate science research
Undergraduate research opportunity (NSF)
R&D expenditures from NSF’s CASPAR data
Undergraduate Research Opportunity Program
Meyerhoff Scholarship Program
Undergraduate Research Opportunity Program
Summer undergraduate research programs
Undergraduate science research experience



Figure 1: Timing of research experience
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Figure 2: Number of months employed
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Table 2: Summary Statistics

Full Sample All jobs Research jobs
Mean SD Mean SD Mean SD

Female 0.529 0.499 0.594 0.491 0.568 0.495
Black 0.064 0.246 0.086 0.280 0.061 0.240
Hispanic 0.053 0.226 0.050 0.218 0.046 0.210
Asian 0.117 0.322 0.163 0.370 0.173 0.379
Other race 0.035 0.184 0.039 0.194 0.040 0.198
In state 0.645 0.479 0.771 0.420 0.780 0.415
High school GPA 3.723 0.292 3.781 0.251 3.801 0.232
International student 0.036 0.187 0.024 0.154 0.026 0.161
Pell grant 0.195 0.396 0.300 0.437 0.257 0.437
ACT composite score 28.10 3.445 28.34 3.351 28,71 3.35
Graduate 0.806 0.395 0.852 0.355 0.863 0.344
Graduate STEM 0.205 0.404 0.355 0.479 0.418 0.493
Graduate social science 0.285 0.451 0.223 0.416 0.177 0.382
AP BY score 0.626 1.467 0.919 1.741 1.057 1.844
AP CALAB score 1.140 1.816 1.351 1.940 1.477 1.997
AP CALBC score 0.453 1.307 0.609 1.503 0.694 1.593
AP CH score 0.490 1.260 0.758 1.534 0.863 1.620
AP CSA score 0.045 0.423 0.057 0.480 0.062 0.499
AP CSAB score 0.017 0.248 0.018 0.244 0.019 0.259
AP PHYSB score 0.166 0.747 0.209 0.864 0.244 0.938
AP PHYSE score 0.074 0.513 0.099 0.595 0.112 0.636
AP PHYSM score 0.201 0.853 0.303 1.042 0.348 1.115
AP STAT score 0.329 1.087 0.321 1.095 0.353 1.150
AP CALAB 0.253 0.435 0.302 0.459 0.329 0.470
AP CALBC 0.102 0.303 0.137 0.343 0.155 0.362
AP CALSB 0.109 0.312 0.145 0.352 0.165 0.371
AP BY 0.143 0.350 0.208 0.406 0.237 0.425
AP CH 0.112 0.316 0.175 0.380 0.200 0.400
AP CSA 0.010 0.100 0.013 0.114 0.014 0.118
AP CSAB 0.003 0.0611 0.004 0.064 0.004 0.066
AP PHYSB 0.039 0.195 0.048 0.215 0.057 0.233
AP PHYSE 0.015 0.122 0.020 0.142 0.022 0.150
AP PHYSM 0.045 0.209 0.068 0.253 0.079 0.270
AP STAT 0.078 0.268 0.074 0.263 0.081 0.274
Observations 35720 . 3653 . 2896

Notes: Five-year graduation rates reported.

Both AP scores and an indicator for taking AP tests are included.

Science AP tests included: Biology (BY), Chemistry (CH), Physics (Physics B (PHYSB), Physics C: Electricity and
Magnetism (PHYSE), Physics C: Mechanics (PHYSM))SComputer Science (Computer Science A (CSA), Computer
Science AB (CSAB)), Statistics (STAT), and Calculus (Calculus AB (CALAB), Calculus BC (CALBCQ)).



Table 3: Estimates of propensity score with any grant employment as the outcome, logit model

VARIABLES Selection ~ Marginal effects
Female 0.195%*%  (,032%**
(0.023) (0.003)
Black 0.154* 0.026*
(0.063) (0.010)
Hispanic -0.028 -0.004
(0.067) (0.011)
Asian 0.181%#**  0.030%**
(0.041) (0.007)
Other race -0.023 -0.003
(0.078) (0.013)
In state 0.291%**  0.048%**
(0.022) (0.003)
HS GPA 0.047%#*%%  (,008%**
(0.008) (0.001)
International student  0.073 0.012
(0.059) (0.010)
Pell grant 0.338***  (.056%**

(0.022) (0.003)
ACT composite score  -0.042%*  -0.007**

(0.014) (0.002)
ACT composite sq. 0.001%**  0.0001%**

(0.000) (0.000)

AP CALAB 0.063** 0.010%*
(0.033) (0.003)
AP CALBC 0.048 0.008
(0.033) (0.005)
AP BY 0.144%%% (0,024 %%
(0.025) (0.004)
AP CH 0.123%**  (,020%**
(0.028) (0.004)
AP CSA 0.046 0.007
(0.040) (0.005)
AP CSAB -0.003 -0.000
(0.148) (0.024)
AP PHYSB 0.097* 0.0163*
(0.046) (0.007)
AP PHYSE -0.048 -0.008
(0.081) (0.013)
AP PHYSM 0.145%:* 0.024%*
(0.049) (0.008)
AP STAT -0.058 -0.009
(0.035) (0.006)
Constant -1.829%**
(0.195)
Observations 35,720 35,720
Pseudo R-squared 0.058 0.058

Notes: All regressions contain race-gender interaction terms.

Selection equation estimated using a logistic regression. Marginal effects estimated at the mean of observable charac-
teristics.

Standard errors in parentheses.

*** Statistical significance at the 1 percent level. A-6

** Statistical significance at the 5 percent level.

* Statistical significance at the 10 percent level.



Table 4: Estimates of propensity score with research employment as the outcome, logit model

VARIABLES Selection ~ Marginal effects
Female 0.160%**  0.022%**
(0.024) (0.003)
Other race female 0.126 0.017
(0.106) (0.014)
Black 0.032 0.004
(0.074) (0.010)
Hispanic -0.0161 -0.002
(0.0730) (0.010)
Asian 0.176%**  (.024***
(0.043) (0.006)
Other race -0.050 -0.007
(0.080) (0.011)
In state 0.304%##%  (.042%%**
(0.024) (0.003)
HS GPA 0.057***  0.008%**
(0.008) (0.001)
International student 0.144* 0.020%*
(0.063) (0.008)
Pell grant 0.221%**  (0.031%***
(0.024) (0.003)
ACT composite -0.032 -0.004

(0.017) (0.025)
ACT composite score sq.  0.001*%* -0.000%*
(0.000) (0.000)

AP CALAB 0.074%* 0.010%*
(0.024) (0.004)
AP CALBC 0.050 0.007
(0.034) (0.004)
AP BY 0.182%%%  (),025%**
(0.026) (0.003)
AP CH 0.140%**  0.096%**
(0.029) (0.004)
AP CSA 0.007 0.001
(0.096) (0.012)
AP CSAB -0.045 -0.006
(0.156) (0.021)
AP PHYSB 0.143%* 0.0207%*
(0.047) (0.006)
AP PHYSE -0.068 -0.009
(0.083) (0.011)
AP PHYSM 0.164%** 0.0227%:*
(0.050) (0.007)
AP STAT -0.035 -0.005
(0.037) (0.005)
Constant -2.224 %%
(0.235)
Observations 35,720 35,720
Pseudo R-squared 0.070 0.070

Notes: All regressions contain race-gender interaction terms.

Selection equation estimated using a logistic regression. Marginal effects estimated at the mean of observable charac-
teristics.

Standard errors in parentheses. A-7

*** Statistical significance at the 1 percent level.

** Statistical significance at the 5 percent level.

* Statistical significance at the 10 percent level.



Figure 3: Kernel density of probability of getting the treatment
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Table 5: Standardized differences for grant employment as treatment and graduation as outcome,

inverse probability weighting

Female

Black female
Hispanic female
Asian female

Other race female
Black

Hispanic

Asian

Other race

In state

Intent STEM

HS GPA
International student
Pell grant

Pell grant * female
ACT composite score

ACT composite score sq.

AP CALAB
AP CALBC
AP BY

AP CH

AP CSA
AP CSAB
AP PHYSB
AP PHYSE
AP PHYSM
AP STAT

Std diff  Std diff

Raw
147
117
.037
137
.055
.090

-.018

.148
.024
.309
.395
.208

-.077

275
270
.078
.090
121
119
191
201
.031
.006
.050
.046
A11

-.014

Weighted
-.004
-.005
.001
-.005
-.006
-.008
.003
-.005
-.003
-.010
-.008
-.007
.003
-.013
-.009
.001
.002
-.000
-.001
.001
-.009
.000
-.000
.001
-.005
-.002
.002

Var ratio

Raw

966

1.648
1.230
1.570
1.446
1.348
928

1.371
1.125
758

.864

963

.654

1.403
1.760
1.088
1.108
1.131
1.331
1.402
1.532
1.341
1.106
1.255
1.410
1.552
956

Var ratio
Weighted
1.001
978
1.008
.984
962
975
1.012
.990
.984
1.014
1.007
1.015
1.020
988
.985
978
1.018
.999
.996
1.002
.983
1.008
998
1.006
962
992
1.007

Notes: Standardized differences between the treatment and comparison groups, calculated based on the formula from

Equation 5 divided by 100.
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Table 6: IPW estimation results

Graduation STEM graduation
(percentage points) (percentage points)
Overall All jobs 0.055%** 0.101%**
(0.006) (0.008)
Research jobs  0.056%*%* 0.136%**
(0.006) (0.009)
Female All jobs 0.048##* 0.0653%**
(0.008) (0.010)
Research jobs  0.049%** 0.102%**
(0.009) (0.012)
Male All jobs 0.065%** 0.147%%%*
(0.010) (0.013)
Research jobs  0.067#%* 0.176%**
(0.010) (0.013)
White All jobs 0.04 5% 0.108%**
(0.007) (0.010)
Research jobs  0.049%** 0.146%**
(0.008) (0.011)
Black All jobs 0.101%** 0.018
(0.027) (0.026)
Research jobs 0.083** 0.075%*
(0.035) (0.037)
Hispanic ~ All jobs 0.107%#%%* 0.094#%*
(0.031) (0.033)
Research jobs  0.093%** 0.084%**
(0.035) (0.040)
Asian All jobs 0.046%** 0.109%*3*
(0.016) (0.021)
Research jobs  0.054%*** 0.126%**
(0.017) (0.024)
Pell grant ~ All jobs 0.072%%* 0.063%**
(0.013) (0.015)
Research jobs  0.080%*%* 0.110%**
(0.015) (0.019)

Notes: Five-year graduation rates reported.
ATET results shown using the IPW estimator. All jobs refers to all types of federal grant employment, while research
jobs refers to more research oriented types of federal grant employment.
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Figure 5: IPW estimation results for gender for all jobs by graduation type
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Figure 7: IPW estimation results for gender for general graduation rates by type of job
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Figure 8: IPW estimation results for gender for STEM graduation rates by type of job
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Figure 9: IPW estimation results for race for all jobs by graduation type
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Figure 10: IPW estimation results for race for research jobs by graduation type
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Figure 11: IPW estimation results for race for general graduation rates by type of job
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Figure 12: IPW estimation results for race for STEM graduation rates by type of job
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Figure 13: IPW estimation results for general graduation rates by type of job
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Figure 14: IPW estimation results for STEM graduation rates by type of job
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Figure 15: IPW estimation results for Pell recepients for all jobs by graduation type
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Figure 16: IPW estimation results for Pell recepients for research jobs by graduation type
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Table 7: Nearest neighbor (1) and IPWRA estimation results

Graduation STEM graduation
(percentage points) (percentage points)
IPW All jobs 0.055%** 0.101%**
(0.006) (0.008)
Research jobs  0.056%**%* 0.136%**
(0.006) (0.009)
NN(1)  Alljobs 0.0527%%%* 0.101%%*
(0.008) (0.010)
Research jobs  0.049%*%* 0.134%**
(0.009) (0.012)
IPWRA All jobs 0.055%** 0.104%**
(0.006) (0.00808)
Research jobs  0.056%** 0.140%**
(0.006) (0.009)

Notes: Five-year graduation rates reported.

The column base estimates presents results with all the controls included. They are the same results using the IPW
estimator from Table ??. The column sensitivity analysis presents results using the same controls, excluding AP test
controls, using the [IPW estimator.
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Overall

Female

Male

White

Black

Hispanic

Asian

Pell grant

Table 8:

All jobs
Research jobs
All jobs
Research jobs
All jobs
Research jobs
All jobs
Research jobs
All jobs
Research jobs
All jobs
Research jobs
All jobs
Research jobs
All jobs

Research jobs

Sensitivity analysis of the IPW estimation results

Graduation STEM graduation

(percentage points) (percentage points)
Base estimates ~ Sensitivity analysis Base estimates ~ Sensitivity analysis
0.055%** 0.058%** 0.101%** 0.110%**
(0.006) (0.006) (0.008) (0.008)
0.056%** 0.060%** 0.136%** 0.148%**
(0.006) (0.006) (0.009) (0.009)
0.048%##* 0.05 [ #** 0.0653%** 0.073%%%
(0.008) (0.008) (0.010) (0.010)
0.049%%* 0.05 1#** 0.102%** 0.114%%%*
(0.009) (0.009) (0.012) (0.012)
0.065%** 0.069%** 0.147%%%* 0.158%**
(0.010) (0.010) (0.013) (0.013)
0.067%#*%* 0.072%%%* 0.176%*%* 0.189%**
(0.010) (0.010) (0.013) (0.014)
0.045%%* 0.047%%* 0.108%#** 0.117%%%*
(0.007) (0.007) (0.010) (0.010)
0.049%** 0.052%** 0.146%** 0.159%%*
(0.008) (0.008) (0.011) (0.011)
0.101%%** 0.099%** 0.018 0.028
(0.027) (0.027) (0.026) (0.027)
0.083%* 0.086%* 0.075%* 0.093**
(0.035) (0.035) (0.037) (0.038)
0.107%#%* 0.107%** 0.094 %% 0.108***
(0.031) (0.031) (0.033) (0.034)
0.093#** 0.094#*%* 0.084%** 0.097**
(0.035) (0.035) (0.040) (0.041)
0.046%** 0.049%** 0.109%** 0.127%**
(0.016) (0.016) (0.021) (0.022)
0.054#%* 0.056%** 0.126%** 0.136%**
(0.017) 0.017) (0.024) (0.0244)
0.072%%%* 0.074%** 0.063%** 0.067***
(0.013) (0.013) (0.015) (0.015)
0.0807%** 0.084#** 0.110%** 0.119%*%*
(0.015) (0.015) (0.019) (0.019)

Notes: Five-year graduation rates reported.

the column base estimates presents results with all the controls included. They are the same results using the IPW
estimator from Table ??. The column sensitivity analysis presents results using the same controls, excluding AP test
controls, using the IPW estimator.
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Table 9: Sensitivity analysis using Mantel-Haenszel bounds for grant employment and graduation

[=e Qun Oun Pun Pyu

1.00 5.630 5.630 <0.001 <0.001
1.05 4.844 6.420 <0.001 <0.001
1.10 4.094 7.17 <0.001 <0.001
1.15 3.379 7.898 <0.001 <0.001
1.20 2.695 8.593 .003 <0.001
1.25 2.040 9.261 .020 <0.001
1.30 1.411 9.905 .079 <0.001
1.35 .806 10.527 .209 <0.001
1.40 224 11.129 411 <0.001
1.45 275 11.711 391 <0.001
1.50 818 12.275 .206 <0.001
1.55 1.343 12.823 .089 <0.001
1.60 1.852 13.356 .031 <0.001

I' = ¢” : odds of differential assignment due to unobserved factors

O3 Mantel-Haenszel statistic (assumption: overestimation of treatment effect)
Q- Mantel-Haenszel statistic (assumption: underestimation of treatment effect)
Pyt significance level (assumption: overestimation of treatment effect)

Py significance level (assumption: underestimation of treatment effect)
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Table 10: Sensitivity analysis using Mantel-Haenszel bounds for research job and graduation

I=e¢ Qun Qwn Pun Pyn

1.00 3.773 3.773 <0.001 <0.001
1.05 3.102 4.446 <0.001 <0.001
1.10 2.462 5.090 .006 <0.001
1.15 1.852 5.706 .031 <0.001
1.20 1.268 6.297 .102 <0.001
1.25 709 6.866 .239 <0.001
1.30 172 7.415 431 <0.001
1.35 271 7.944 392 <0.001
1.40 770 8.456 220 <0.001
1.45 1.250 8.951 .105 <0.001
1.50 1.715 9.431 .043 <0.001

I' = ¢” : odds of differential assignment due to unobserved factors

QOj Mantel-Haenszel statistic (assumption: overestimation of treatment effect)
0Oy, Mantel-Haenszel statistic (assumption: underestimation of treatment effect)
Py significance level (assumption: overestimation of treatment effect)

Py significance level (assumption: underestimation of treatment effect)
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Table 11: Sensitivity analysis using Mantel-Haenszel bounds for grant employment and STEM
graduation

[=e MH Oun Py Pynb

1.00 9.430 9.430 <0.001 <0.001
1.05 8.508 10.355 <0.001 <0.001
1.10 7.629 11.238 <0.001 <0.001
1.15 6.791 12.083 <0.001 <0.001
1.20 5.990 12.895 <0.001 <0.001
1.25 5.222 13.675 <0.001 <0.001
1.30 4.485 14.426 <0.001 <0.001
1.35 3.776 15.150 <0.001 <0.001
1.40 3.094 15.850 <0.001 <0.001
1.45 2.436 16.526 .007 <0.001
1.50 1.800 17.181 .035 <0.001
1.55 1.185 17.816 117 <0.001
1.60 590 18.433 277 <0.001
1.65 .0136 19.032 494 <0.001
1.70 492 19.614 311 <0.001
1.75 1.035 20.181 .150 <0.001
1.80 1.563 20.733 .589 <0.001
1.85 2.077 21.271 .018 <0.001

I' = ¢” : odds of differential assignment due to unobserved factors

Oin: Mantel-Haenszel statistic (assumption: overestimation of treatment effect)
0,,- Mantel-Haenszel statistic (assumption: underestimation of treatment effect)
Py significance level (assumption: overestimation of treatment effect)

Py Significance level (assumption: underestimation of treatment effect)
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Table 12: Sensitivity analysis using Mantel-Haenszel bounds for research job and STEM gradua-
tion

[=e MH Oun Py Pyy

1.00 10.402 10.402 <0.001 <0.001
1.05 9.555 11.253 <0.001 <0.001
1.10 8.748 12.065 <0.001 <0.001
1.15 7.978 12.842 <0.001 <0.001
1.20 7.242 13.588 <0.001 <0.001
1.25 6.536 14.305 <0.001 <0.001
1.30 5.859 14.996 <0.001 <0.001
1.35 5.208 15.662 <0.001 <0.001
1.40 4.582 16.305 <0.001 <0.001
1.45 3.977 16.927 <0.001 <0.001
1.50 3.394 17.529 <0.001 <0.001
1.55 2.830 18.113 .002 <0.001
1.60 2.284 18.680 0111 <0.001
1.65 1.755 19.230 .039 <0.001
1.70 1.242 19.765 .107 <0.001
1.75 744 20.286 228 <0.001
1.80 .260 20.793 .397 <0.001
1.85 152 21.288 439 <0.001
1.90 .610 21.770 270 <0.001
1.95 1.057 22.241 145 <0.001
2.00 1.492 22.701 .067 <0.001
2.05 1.916 23.150 .027 <0.001

I' = ¢” : odds of differential assignment due to unobserved factors

O Mantel-Haenszel statistic (assumption: overestimation of treatment effect)
Oy Mantel-Haenszel statistic (assumption: underestimation of treatment effect)
Py significance level (assumption: overestimation of treatment effect)

Py significance level (assumption: underestimation of treatment effect)
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Female

Black female
Hispanic female
Asian female

Other race female
Black

Hispanic

Asian

Other race

In state

Intent STEM

HS GPA
International student
Pell grant

Pell grant * female
ACT composite score

ACT composite score sq.

AP CALAB
AP CALBC
AP BY

AP CH

AP CSA
AP CSAB
AP PHYSB
AP PHYSE
AP PHYSM
AP STAT

Std diff
Raw
.085
.026
.011
145
.048
-.013
-.037
174
.032
325
.538
279
-.060
.162
151
.196
205
183
172
263
268
.040
.012
.093
.064
153
.015

Std diff
Weighted
-.002
-.003
.001
-.003
-.004
-.006
.002
-.004
-.003
-.009
-.006
-.005
.000
-.006
-.003
.001
.002
-.000
-.002
.002
-.010
.000
.001
.001
-.007
-.004
-.000

Var ratio
Raw
.984
1.131
1.067
1.602
1.378
951
.857
1.436
1.171
.739
.759
.924
722
1.243
1.406
944
1.027
1.189
1.486
1.547
1.709
1.446
1.217
1.493
1.595
1.787
1.048

Table 13: Standardized differences for grant employment as treatment and graduation as outcome,
inverse probability weighting

Var ratio
Weighted
1.000
.983
1.007
.989
971
9717
1.010
992
.984
1.013
1.007
1.013
1.005
992
.993
.990
1.032
.999
995
1.003
.984
1.002
1.022
1.004
954
.986
.997

Notes: Standardized differences between the treatment and comparison groups.
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Female

Black female
Hispanic female
Asian female

Other race female
Black

Hispanic

Asian

Other race

In state

Intent STEM

HS GPA
International student
Pell grant

Pell grant * female
ACT composite score

ACT composite score sq.

AP CALAB
AP CALBC
AP BY

AP CH

AP CSA
AP CSAB
AP PHYSB
AP PHYSE
AP PHYSM
AP STAT

Std diff
Raw
127
115
.048
123
.068
107
-.005
.149
.026
314
408
201
-.073
282
271
.061
.073
.104
114
.188
201
.043
-.013
.045
.043
110
-.024

Std diff
Weighted
-.003
-.006
.000
-.004
-.005
-.008
.002
-.004
-.003
-.011
-.009
-.010
.001
-.013
-.008
.002
.004
-.000
-.002
.003
-.010
-.000
.000
.000
-.005
-.002
.001

Var ratio
Raw
967
1.720
1.309
1.493
1.591
1.496
979
1.372
1.144
757
.867
945
.666
1.477
1.827
1.140
1.155
1.104
1.299
1.377
1.509
1.470
.790
1.223
1.374
1.525
928

Table 14: Standardized differences for research jobs as treatment and graduation as outcome, in-
verse probability weighting

Var ratio
Weighted
1.001
973
1.003
.987
970
972
1.010
991
.982
1.014
1.007
1.004
1.011
987
.986
981
1.036
.999
.993
1.004
.982
.997
1.012
1.002
.966
991
1.004

Notes: Standardized differences between the treatment and comparison groups.
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Female

Black female
Hispanic female
Asian female

Other female

Black

Hispanic

Asian

Other race

In state

Intent STEM

HS GPA
International student
Pell grant

Pell grant * female
ACT composite score

ACT composite score sq.

AP CALAB
AP CALBC
AP BY

AP CH

AP CSA
AP CSAB
AP PHYSB
AP PHYSE
AP PHYSM
AP STAT

Std diff
Raw
.066
.025
.017
134
.058
.007
-0.25
173
.033
328
553
258
-.055
.180
.163
.164
176
.166
.166
258
266
.049
-.007
.086
.060
147
.002

Std diff
Weighted
-.001
-.003
.000
-.001
.004
-.005
.002
-.003
-.004
-.010
-.007
-.007
.000
-.006
-.003
0.001
.002
-.000
-.002
.004
-.010
-.001
.003
.000
-.006
-.005
-.000

Var ratio
Raw
.986
1.138
1.108
1.538
1.488
1.033
.896
1.431
1.187
.740
763
913
738
1.305
1.471
1.041
1.083
1.159
1.441
1.509
1.671
1.546
.887
1.443
1.535
1.722
1.009

Table 15: Standardized differences for research jobs as treatment and STEM graduation as out-
come, inverse probability weighting

Var ratio
Weighted
1.000
981
1.002
.995
970
9717
1.011
.994
.980
1.014
1.008
.999
.998
992
.993
.980
1.035
.999
.995
1.005
.984
.989
1.065
1.002
.959
.984
.997

Notes: Standardized differences between the treatment and comparison groups.
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Table 16: Sensitivity analysis using Mantel-Haenszel bounds for grant employment and graduation

Subsample I |

Female 1.25 1.60
Male 1.20 1.65
White 1.15 1.45
Black 1.35 2.40
Hispanic 1.25 3.05
Asian 1.10 1.70
Pell grant 1.35 1.80

Notes: Results shown only for the Mantel-Haenszel upper bounds (assumption: overestimation of treatment effect).
I'": lowest value of I = ¢” for which the test statistic p;,,, is not significant at a 5 percent significance level.

I'”: highest value of I" = e” for which the test statistic p},,, is not significant at a 5 percent significance level.

Pt significance level (assumption: overestimation of treatment effect)
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Table 17: Sensitivity analysis using Mantel-Haenszel bounds for research jobs and graduation

Subsample I |

Female 1.15 1.55
Male 1.15 1.60
White 1.20 1.60
Black 1.00 1.45
Hispanic 1.25 3.55
Asian 1.00 1.60
Pell grant 1.30 1.90

Notes: Results shown only for the Mantel-Haenszel upper bounds (assumption: overestimation of treatment effect).
I'": lowest value of I = ¢” for which the test statistic p;,,, is not significant at a 5 percent significance level.

I'”: highest value of I" = e” for which the test statistic p},,, is not significant at a 5 percent significance level.

Pt significance level (assumption: overestimation of treatment effect)

Table 18: Sensitivity analysis using Mantel-Haenszel bounds for grant employment and STEM
graduation

Subsample I r”

Female 1.30 1.65
Male 1.70 2.20
White 1.55 1.90
Black 1.00 2.15
Hispanic 1.50 3.95
Asian 1.50 2.25
Pell grant 1.25 1.75

Notes: Results shown only for the Mantel-Haenszel upper bounds (assumption: overestimation of treatment effect).
I': lowest value of I = ¢” for which the test statistic p;,, is not significant at a 5 percent significance level.

I'”: highest value of I" = ¢” for which the test statistic p},,, is not significant at a 5 percent significance level.

Py significance level (assumption: overestimation of treatment effect)
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Table 19: Sensitivity analysis using Mantel-Haenszel bounds for research job and STEM gradua-
tion

Subsample r |

Female 1.60 2.05
Male 1.80 2.40
White 1.70 2.10
Black 1.10 3.10
Hispanic 1.00 2.60
Asian 1.20 1.85
Pell grant 1.15 1.70

Notes: Results shown only for the Mantel-Haenszel upper bounds (assumption: overestimation of treatment effect).
I': lowest value of I' = ¢” for which the test statistic p},, is not significant at a 5 percent significance level.

I'”: highest value of " = ¢” for which the test statistic py,,, is not significant at a 5 percent significance level.

Py significance level (assumption: overestimation of treatment effect)
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