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Abstract

We examine whether students respond to immediate financial incentives when choosing their
college major. From 2006-07 to 2010-11, low-income students in technical or foreign language
majors could receive up to $8,000 in SMART Grants. Since income-eligibility was determined
using a strict threshold, we determine the causal impact of this grant on student major with
a regression discontinuity design. Using administrative data from public universities in Texas,
we determine that income-eligible students were 3.2 percentage points more likely than their
ineligible peers to major in targeted fields. We measure a larger impact of 10.2 percentage points
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1 Introduction

Choosing a college major is perhaps the most important decision students make in their college
years, potentially influencing the jobs they are offered, their future earnings, and their contribution
to society. Due to the perception that choice of major can have long-term impacts, both individu-
ally and collectively, policymakers have proposed several policies to influence this choice. Many
policymakers and researchers have paid particular attention to science, technology, engineering,
and mathematics (STEM) fields due to their high income potential and societal externalities. In this
paper, we explore how students choose their major by investigating whether students respond to
direct financial incentives when choosing their major. We do so by examining the National Sci-
ence and Mathematics Access to Retain Talent (SMART) Grant, which offered financial awards to
eligible students who majored in qualified technical fields.

Often, schooling is discussed as homogeneous when the type of training received can be quite
heterogeneous. We explore how students choose among many types of human capital when mak-
ing decisions about college major. Typically, economists have modeled choice among heteroge-
neous types of human capital (like college major) as agents weighing the costs and benefits of
potential options. However, there may be other factors that matter like the how the major is
structured, the composition of potential peers, or behavioral factors. Our study shows that small
changes in the relative prices of different types of human capital can have relatively large effects on
human capital acquisition.! Our work also suggests suggests that simple financial incentives can
alter the skill composition of the work force.

On an individual level, there is evidence that college major can have significant labor market
impacts. (Arcidiacono, 2004; Arcidiacono, Hotz, and Kang, 2010). For instance, in the 2009 and
2010 American Community Survey, college graduates with fine art degrees had an unemployment
rate of 11.1% and an average salary of about $30,000; college graduates with engineering degrees
had an unemployment rate of 7.5% and an average salary of about $55,000 (Carnevale, Cheah, and
Strohl, 2012). However, differences in labor market outcomes cannot be solely attributed to differ-
ent returns to college majors due to selection into majors and subsequent selection into the labor
force.? It is interesting to note, however, that with or without a degree in a STEM field, acquiring
technical skills (e.g taking more math courses in high school) may lead to a wage premium of as
high as 20-25 percent (Joensen and Nielsen, 2009). While there appear to be private benefits to
majoring in STEM fields, there is also evidence of externalities, suggesting a justification for policy

intervention.>

IThe changes in incentives examined in this study are much smaller than average differences in earnings across these
fields.

2Hamermesh and Donald (2008) find that the earnings gap across majors decreases when controlling for hours worked
and selection into the labor force.

3For instance, Murphy, Shleifer, and Vishny (1991) show that the economy of countries with a higher fraction of engi-
neering majors grows more quickly than the economy of countries with more law concentrators. The choice of major is a
significant source of interest for the Federal Government of the United States. In fact, the U.S. government has claimed, “In



The US Department of Education operated the SMART Grant program between the fall of 2006
and the summer of 2011 in an effort to direct college students into—and retain them in—certain fields.
In particular, this program gave up to $8,000 to juniors and seniors who met a variety of criteria
including majoring in technical fields or critical foreign languages, qualifying for Pell Grants (a fed-
eral needs-based grant program for college students), and having a GPA above 3.0. This program
awarded $195 million in grants in the 2006-2007 school year (United States Department of Educa-
tion, 2007) and over $432 million in grants for the 2010-2011 school year (Office of Postsecondary
Education, 2011).

This paper investigates the effect of the SMART Grant program using student-level, adminis-
trative data from all public universities in Texas and from Brigham Young University (BYU), a large
private university in Utah that received the largest amount of SMART Grants of any school in the
nation in the first year of the program. By examining this program we hope to gain important in-
sights into how students choose their major and the role that policy can play in the types of human
capital acquired. Our research design takes advantage of a discontinuity in the Pell Grant eligibility
criteria and uses a regression discontinuity design to uncover the causal impact of the program on
various measures of student major. Our data include students who attended these schools from
the year 2000-01 to 2011-12, which allows us to conduct a robustness test of this discontinuity in
the years before the grant existed as well as for one year after the grant ended. Our results show
that SMART Grants did induce students to major in STEM fields as juniors and seniors who would
not have done so otherwise. We also provide suggestive evidence that this response operates more
strongly through encouraging students already in SMART-eligible majors to persist their major
than through pushing student in non-eligible majors to switch into an eligible field. The overall es-
timated effect is over twice as large at BYU as at public universities in Texas, and this effect appears
to grows over time at both institutions. We explore this heterogeneity and find that the differences
are consistent with salience being an important determinant of the effect of a program.

It may seem surprising that students could react to incentives that are small relative to the av-
erage wage differentials between these fields. Similarly striking results are found in Pallais (2015),
where a small decrease in the price of sending ACT scores to additional schools resulted in stu-
dents applying to many more, and more selective, schools. Large effects such as these may exist if
students are myopic, misinformed about future earnings, or credit-constrained. Credit constraints
may be particularly relevant in the case of SMART Grants since the grant was only available to
low-income students. The responsiveness to relatively small amounts of financial incentives sug-
gests that behavioral factors or market failures are likely to play a significant role in the acquisition
of human capital.

Our work is part of a large literature on how students choose their college major. Previous
research has identified many factors that appear to play a role in this choice, including tastes and

the case of technical fields, these majors will benefit both national and individual competitiveness, increasing the nation’s
economic security.” (United States Department of Education, 2006).



ability (Wiswall and Zafar, 2011; Stinebrickner and Stinebrickner, 2011), career risk (Saks and Shore,
2005), future earnings (Berger, 1988; Wiswall and Zafar, 2011; Beffy, Fougere, and Maurel, 2012),
credit constraints (Rothstein and Rouse, 2011), career opportunities (Eide and Waehrer, 1998), dif-
ferential tuition (Stange, 2012), and financial aid (Evans, 2012; Sjoquist and Winters, 2013).* Our
paper contributes to this literature by providing the strongest evidence to date that even small
direct financial incentives can have large impacts on a student’s major.

Of the above papers, only two consider how direct financial incentives may motivate students
to graduate in targeted fields. Stange (2012) uses university-level data to perform a difference-in-
difference analysis of the roll-out of differential tuition programs across the country. He finds that
increasing the tuition of particular majors decreased the number of students graduating in some
fields, but increased it in others. He explains that the increase is likely because he is unable to
decompose this effect into a response due to a price change and a change in the quality or capacity
of departments who expand with the additional tuition money. In contrast, we use individual-
level data, which allows us to compare students within the same institution who qualify for direct
financial incentives to those who do not.

Additionally, a working paper by Evans (2012) considers the impact of SMART Grants at Ohio
pubic universities and finds little evidence suggesting that the SMART Grant program increased
the number of students graduating in STEM fields. However, the data from this paper is limited in
a number of ways. When we replicate Evans’ methodology and data restrictions in our data, we
similarly find no significant impact of SMART Grants on students’ choice of major. The details of
this replication can be found in the appendix.

The rest of the paper is organized as follows. Section 2 gives details of the SMART Grant pro-
gram. Section 3 describes the data used. Section 4 discusses the econometric identification. Section
5 presents the results and Section 6 concludes.

2 The SMART Grant Program

The U.S. Federal Government operated the SMART grant program from the fall of 2006 until the
summer of 2011 with the purpose of increasing the number of students who were studying STEM
fields and critical languages. This federal program was designed to complement the existing Pell

Grant program. Students who were eligible for the Grant received up to $2,000 per semester in

4Many studies have found that merit-based financial aid programs have increased college enrollment (Kane, 2003;
Dynarski, 2004; Cornwell, Lee, and Mustard, 2005), decreased college dropout rates (Dynarski, 2008), and raised GPAs
(Scott-Clayton, 2011). However, the evidence on how these programs impact course taking is mixed, with papers that
report that merit-based aid programs increase, decrease, and have no effect on course credit accumulation (Scott-Clayton,
2011; Brock and Richburg-Hayes, 2006; Angrist, Lang, and Oreopoulos, 2009; Cornwell, Lee, and Mustard, 2005). Turner
(2013) illustrates that grant aid can be captured by the institution rather than fully realized by the student. Turner finds that
11% of Pell aid is captured by universities though the estimate is smaller at 4.9% for public universities. We proceed with
our analysis noting that some of the aid disbursed may be captured by universities but that that amount is likely to be small.



their junior and senior year for a maximum benefit of $8,000. ° In order to be eligible for a SMART
Grant a student was required to:

e be a U.S. citizen;
e be Pell Grant-eligible during the award semester;

e be majoring in physical, life or computer science, engineering, mathematics, technology, or
critical foreign language fields-hereafter “SMART fields” or “SMART majors;”®

e be ajunior or senior (or fifth year student in a five year program) as defined by credit hours;
e be enrolled as a full time student;”
e have at least a 3.0 GPA on a 4.0 scale; 8

To be Pell-eligible a student must submit a Free Application for Federal Student Aid (FAFSA). The
FAFSA is used to compute an Expected Family Contribution (EFC) which is a score that represents
how much a student’s family can afford to contribute to the student’s post-secondary education.
This EFC determines what federal grant and loan programs a student is eligible for. The threshold
that defined whether a student was eligible for Pell Grants increased gradually throughout the time
frame of this study. In the 2006-2007 school year the EFC cutoff for Pell Grants was 4,110 and by
2010-2011 the EFC cutoff for Pell grants had risen to 5,273.

Students with an EFC below the Pell Grant threshold in a particular year received the full
amount of the SMART Grant in that year, while any student above the threshold received no
SMART Grant money that year.” As a result, students local to the threshold were very similar
in family income, but they may have differed in their incentives to major in eligible fields by up
to $4,000 per year!'?. Our identification strategy will take advantage of this large discontinuity in
incentives.

An additional issue that also may affect the efficacy of the SMART Grant program is how in-
formed students were about the existence of the grant. Bettinger, Long, Oreopoulos, and Sanbon-
matsu (2012) highlight how the salience and simplicity of federal grant and scholarship programs
can have first-order impacts on program take-up. According to the National Post Secondary Aid
Survey, only 6.8% of Pell recipients in 2007-2008 knew about the SMART Grant program. Of the rel-
atively few students who had heard of the program and were declared in SMART majors, 4.7% said

5The award amount could not exceed the cost of attendance less Pell Grant receipts

®In practice, this was all foreign language majors in the later years. We use the definitions from 2011 to define which
majors are SMART eligible.

7Starting in 2009 a pro-rated award was available to students who were enrolled in at least 6 credits.

8Ofﬁcially this was 3.0 for course work required for the major. In practice, some school websites listed the requirement
as 3.0 cumulative GPA .

9Provided they were not already receiving other sources of aid that was not greater than the Cost of Attendance. In
practice nearly all students received the full amount of the SMART Grant for a given semester.

19EFC is computed yearly and so an eligible junior in fall semester would receive $4,000 more than an ineligible student.



SMART Grants had affected their choice of major. Of those who had heard of SMART Grants and
who were undeclared, 19.1% said that the grants would “definitely or probably affect their choice of
major. Of the students who were declared in non SMART majors and had heard of SMART Grants,
16.8% said they would “definitely or probably . This survey suggests that among students who
knew about them, SMART Grants had the potential of influencing choice of major, but given that
so few students knew of the programs existence by 2007-2008, the measured impact of SMART
Grants may be small or undetectable in its early years, which is consistent with what is seen in the
data. One reason that the program may not have been well known is that students did not have to
file additional forms when applying for the SMART Grant beyond the FAFSA. Rather, the SMART
Grant was automatically added on to financial aid packages if the student was eligible.

3 Data

The data come from two administrative data sets. The first data set was assembled for the purposes
of this study by the Texas Higher Education Coordinating Board (THECB). The Texas data contain
information on every student who enrolled in Texas public universities from 2000-2001 to 2011-
2012, providing a diverse set of public institutions and a large number of students enrolled in
higher education. The data include Expected Family Contribution (EFC) from every student who
submitted a FAFSA and subsequently enrolled. It also includes information on a student’s declared
major in every semester they enrolled, degrees received, parent’s education, student race, student
full time /part time status, cost of attendance, Texas residency and student gender!?. For this study
we consider only students who are attending full time because SMART Grants were available only
to full time students for the majority of the life of the grant. We also restrict the sample to students
for whom the cost of attendance was high enough to enable the maximum Pell Grant in a given
year.1?

The second data set includes very similar information for Brigham Young University starting in
2001-2002. The biggest difference in the BYU data set is additional information about classes taken
for all students at BYU. The BYU data also includes additional demographic variables, namely
ACT/SAT Score, and the high school rank of a student (which we express as a percentile) and lacks
information about parental education. Unfortunately ACT/SAT score and class rank variables are
not available for every student, but we only use them as covariates in our regression specification.
Our results are robust to specifications that do and do not include these variables.!*

These statistics from the NPSAS are the authors’ calculations.

12 Administrators at THECB feel most confident about the accuracy of the financial aid data starting in 2005. The only
substantive variable we use from before that time is EFC, and it appears to follow similar patterns to the data from post
2005 so we feel confident using these data.

13This restriction does not affect many students but simplifies the calculation of the cutoff for SMART Grants.

4We use a mean value imputation when high school percentile or ACT score is missing along with a dummy variable
for a missing observation, this mean value imputation does not change the results significantly.



Summary statistics for Texas students with an EFC within 2,000 units of the eligibility threshold
are presented in Table 1; a similar table for BYU is also presented in Table 1 but with a window
of 3,000; these windows roughly correspond to the largest window chosen when estimating with
the respective data sets. The Texas sample from 2006-07 to 2010-11 is majority female and 30%
Hispanic. Many students in Texas have parents who did not attend college. At public universities
in Texas, 19.2% of juniors are declared in SMART eligible majors. Less than one percent of these are
declared in language majors; the majority being in STEM majors.

For BYU, the summary statistics reveal that the student body in this EFC window is 52% male
and predominantly white. The fraction of students with SMART eligible majors in their junior year
is higher than the fraction for schools in Texas as well with 27% of students declared in eligible
majors, with a small fraction in language. This is much larger than the fraction of students in
SMART eligible major in Texas schools in this period. We note though that before 2006, the fraction
of SMART majors at BYU is more similar to schools in Texas at about 22%. The divergence between
Texas and BYU in the years following the grant’s implementation is consistent with the results
found in our analysis, which find much larger effects of the grant at BYU than in Texas.

BYU is unique in that it distributed more SMART Grants than any school in the nation in the
first year of the program. (McArdle, McCullough, and Seller, 2007) In fact, 4.17% of students at BYU
in our data received a SMART Grant in 2006-2007. By the end of the program in 2010-2011 6.2% of
the student body were receiving SMART Grants. The reason for this large number of SMART Grant
recipients is likely because BYU has a very high fraction of students receiving Pell Grants. Over
30% of BYU’s student body received Pell Grants in 2001 which is one of the highest proportions of
Pell recipients among comparable institutions in the nation. (Heller, 2004)

While BYU's position as the top distributor of SMART Grants may give cause to question the
external validity of any estimates using data from BYU, it may still provide insights of the impact
of these grants in a population that was likely to be aware of the grant. During this time frame
around 5% of all BYU students were receiving SMART Grants, which means that many students
were likely to have heard about the program through informal channels. In fact, some majors at
BYU publicly advertised at orientation meetings that choosing their major could result in up to an
additional $8,000 in grants. Public universities in Texas, however, seem to resemble more closely
national patterns for the fraction of students receiving SMART Grants. In the Texas data there were
2,808 SMART Grants awarded in the 2006-07 school year, and 6,496 were awarded in 2010-11 15

15Some of this increase is likely due to relaxing the requirements for the grant, but some is also likely to represent real
growth in SMART Grants distributed.



4 Identification

4.1 Background

When a student completes the FAFSA, their EFC is computed from information about family in-
come, assets, and number of dependent children in a student’s family. This EFC determines eli-
gibility for a host of federal grant and loan programs like Pell Grants, SMART Grants, subsidized
student loans, etc. Each year a minimum Pell Grant and an EFC threshold are set. If a student’s
EFC is below the EFC threshold, then the amount of a student’s Pell Grant will be equal to a de-
creasing function in EFC that equals the minimum Pell Grant at the threshold and is zero for all
values above the threshold.!® This means that if the student’s EFC is above the EFC threshold, no
Pell Grant is received. Although the amount of a student’s Pell Grant is a function of their EFC,
students receive the whole SMART Grant if their EFC is below the threshold that qualifies them
for a Pell Grant of any size. Thus, this discrete cutoff in Pell eligibility serves as a discrete cutoff in
SMART Grant eligibility and facilitates a fuzzy regression discontinuity design. The identification
comes from the fact that students barely on one side of the Pell eligibility cutoff are similar to stu-
dents on the other side in both observable and unobservable ways, but they differ in their eligibility
for SMART Grants. Estimates for the impact of the program are all local to the margin of eligibility;
namely, students with families who are just barely eligible. Roughly, these are students with family
incomes from $40,000 to $60,000 in 2010 dollars (Office of Postsecondary Education, 2011).

Since the threshold for eligibility for SMART Grants is the same as the threshold for Pell Grant
eligibility, using this threshold may conflate the effect of SMART Grants and the effect of Pell
Grants. We address this by performing the same analysis on the Pell Grant eligibility threshold
in the years before SMART Grants were implemented and find that Pell Grant eligibility had no
impact on the outcomes of interest in those years. We also perform the analysis for the one year
in the data after the grant program ended and again find no effect. The likely reason for this null
finding is that the Pell Grant for this marginal group was only $400 per year in 2006-07 and grew
to $976 per year in 2009-10. This amount is small relative to SMART Grants, which paid $4,000
per year.!” Additionally, the Pell grant offers no price incentives for major and would be operating
through an income effect which is less likely to affect SMART major participation. Additionally, we
will later show that the largest responses measured were not in years with the largest minimum
Pell Grants.

16This function is a step function. In general, the function takes on the minimum Pell amount for a few hundred EFC
units below the EFC threshold, though this varies from year to year.

7During the summers of 2009, 2010, and 2011 students were eligible for a “third semester” of Pell Grants. Notably
students were also eligible for an additional semester of SMART Grants during this time.



4.2 Estimation

The basic estimating equation that takes advantage of this discontinuity in EFC eligibility is:
Y = f(EFC) +6-1(EFC < 0) + XB+ 1, +€ for|EFC| < h 1)

where Y is the outcome of interest, f (EFC) is a flexible function of junior-year re-centered EFC
where EFC is re-centered so that EFC = (EFC — MaxEFC) /1000 and MaxEFC is the maximum
EFC in a given year that is allowable to qualify for Pell Grants. This re-centering means that EFC
being 0 or negative indicates a person was eligible for a Pell Grant. X is a vector of covariates
including indicators for student race (African American, Hispanic, Asian, missing race, with White
omitted), and parent’s highest educational attainment indicators.!® University fixed effects, 7, are
included when using the Texas data. '

In some instances, the above equation is estimated but f(EFC) and 1(EFC < 0) are interacted
with indicators for student characteristics. This allows a comparison of the discontinuities for two
groups of students and also accommodates the implementation of a Regression Discontinuity Dif-
ference estimator and compares the discontinuity in the years of the program to the discontinuity
in the years before the program.

This model was estimated in three different subsets of available data. First, we estimated the
model in the set of students who were classified as juniors during any semester that SMART Grants
were being distributed (i.e. those that were juniors from the 2006-2007 to the 2010-2011 academic
year). This would maximize the sample size of students who could possibly be influence by the
grant. Second, to limit the sample to those who could receive the grant and also who may have
heard about SMART Grants as freshmen, we also estimate the model for those students who were
juniors between the 2008-2009 and the 2010-2011 academic year. We anticipate that the effect would
be larger in this subsample since students may be more aware of the program or have had longer
to adjust their major. Third, we estimate the model in the set of students who graduated before the
SMART Grant program started as a placebo test.

Choice of Student Classification for EFC

In order to be eligible for federal aid-and in many cases any financial aid—students must submit

a FAFSA every year. The EFC calculated from the information on the FAFSA applies from the

18At BYU this also includes information about ACT/SAT score as well as high school percentile and does not include
parental education indicators.

9As in Imbens and Lemieux (2008) and Lee and Lemieux (2010), estimating f (I:?FVC) using kernel regression with a
rectangular kernel yields the same results as a linear regression on a local subsample allowing the slopes to vary on either
side of the cutoff; as such, we estimate this equation using Ordinary Least Squares. The covariates are only included to
increase precision and are not necessary for identification.



semester that the FAFSA is submitted until the following Fall semester.?? As a result, our data
potentially contain several measures of EFC for each student. In our analysis, we use the EFC from
the students’ junior year for several reasons.

First, since a student’s Pell Grant eligibility may vary from year to year, a student’s EFC as a
freshman or sophomore will contain little information about their eligibilility for a Pell Grant-and
therefore a SMART Grant—in their junior or senior year. This is especially true for those students
near the Pell Grant eligibility threshold from who our estimate is identified.

On the other hand, one may worry that a student learns of their junior year eligibility too late
for it have an impact on their major choice. We note, however, that students can file their FAFSA
as early as January of the previous academic year. In fact, of the juniors in the 2007-08 National
Postsecondary Aid Survey cohort who eventually file a FAFSA, 67% have submitted it by the end
of May and 83% by the end of July, meaning that the majority of students are aware of their SMART
Grant eligibility many months before the start of their junior year. (See Figure 10 in the Appendix.)
This is further exagerated for students whose first semester as a junior occurs in Spring or Summer
semesters due to the extra time to file the FAFSA. So given that junior EFC is most informative of
SMART Grant eligibility, and given that this information is available to students early enough to
influence their declared major, we use junior EFC the running variable in our analyses.

4.3 Assumptions for Regression Discontinuity

One assumption of the regression discontinuity estimator is that students are not able to precisely
manipulate their EFC to gain access to the grant. If students in SMART Grant eligible majors pre-
cisely manipulate their EFC to be eligible for Pell Grants or were more likely to submit a FAFSA
conditional on being Pell eligible, the distribution of EFC would have a discontinuity at the eligibil-
ity threshold with additional weight to the left of the threshold (just-eligible students). Fortunately
for our identification, the formula for determining EFC is complicated and opaque, using a large
number of current and historical factors, making it difficult to manipulate EFC precisely. We test
manipulation and selection by analyzing the distribution of EFC around the threshold. Figure 11
displays the density of EFC reported in both the BYU and THECB data and it does not show evi-
dence of manipulation. Oddly, in both data sets, it appears that there are actually fewer students
to the left of the threshold that to the right, which is the opposite of what would be expected if
there were manipulation of EFCs or differential reporting. In formal testing of this manipulation
as outlined in McCrary (2008), the discontinuity is significant in Texas when considering students
who were juniors from 2006-2011, but the discontinuity drops in magnitude and is no longer sta-
tistically significant when considering juniors from 2008-2011. At BYU, the manipulation is never
statistically significant but again goes in the direction of students moving out of eligibility. In other

201f a student has a life event that would change their EFC after their FAFSA has been submitted, a student may amend
their FAFSA and receive federal grant money for the semester in which they submit the amendment if they then qualify.

10



samples Turner (2013) and Evans (2012) find these same visually suggestive but statistically in-
significant distributional attributes. We find this empirical feature curious but could find no expla-
nation for it nor papers which explore this phenomenon. Given the direction of this effect, however,
we find it unlikely that students are manipulating their EFC in a way that would bias our results.

Another assumption is that observed and unobserved student characteristics do not vary dis-
cretely at the EFC eligibility threshold. We test that observed student characteristics do not vary by
estimating Equation 1 with the outcome variable being student characteristics, and results are pre-
sented in Figure 1 which presents the estimated discontinuities for different variables in both the
2006/07-2010/11 and 2008/09-2010/11 time periods along with their 95% confidence intervals.?!
We also test that school characteristics do not change by checking to see if school characteristics
such as the fraction of SMART majors or Pell Eligible students at a university changes at the thresh-
old. For all Texas schools there are 14 covariates considered, and in the time frame from in both
2006-2011 and 2008-2011, there is never any statistically significant discontinuity in covariates. For
the 11 coefficients at BYU from 2006-2011 there are no statistically significant differences at the
5% level. Similarly for 2008-2011 at BYU only one coefficient is significant at the 5% level. Given
that we are testing for discontinuities in 24 covariates in two time frames, finding only one that
appears significant at the 5% level is what we would expect under that hypothesis that student
characteristics are smooth through the threshold. Overall there is evidence that observable student
characteristics do not vary discretely at the threshold for Pell/SMART eligibility, increasing our
confidence in the causal estimates found below.

Outcome Variables

The primary outcomes considered are being declared in a SMART eligible major at the beginning
of a student’s junior or senior year or earning a SMART eligible degree. Specifically, the junior
major variable is a binary variable that indicates if a student is declared in a SMART eligible major
in the first semester that they are classified as a junior. This variable is only defined for students
whom we observe in their junior year. The senior major variable is defined as unity if the student
is declared a SMART major in the first semester of their senior year and 0 if they are declared in a
non SMART major in their senior year or do not appear as seniors in the data.

The degree outcome is a binary variable that indicates if a student receives a degree in a SMART
Grant qualified major. This variable is only defined for all students who have a valid EFC measure-
ment as a junior and is a one if a student receives a diploma in a targeted field in the time-frame
studied and a 0 if the student receives a degree in a non SMART field or does not receive a degree.
Because many students in the last years of our data will not have had sufficient time to graduate,
the fraction of students graduating will be lower than it would be if we had additional years of
data. At BYU we have data on coursework, so we also consider the fraction of credits earned that

2IRegression results are available upon request.

11



are in SMART fields in a student’s junior or senior year. Students who are not observed taking
courses as seniors have will have the fraction of their courses in SMART fields coded as 0.

To confirm that the grant was administered in a discontinuous way, we consider actual receipt
of the grant as an outcome as well. We express this as the total amount of SMART Grant dollars
ever received as well as an indicator for whether a student ever receives SMART Grant money to
provide evidence that there was a discontinuity in SMART Grant receipt. We perform this analysis
separately for students who were declared as SMART majors as juniors, as well as for students who
were not declared as SMART majors as juniors.

The optimal bandwidth, /1, was chosen using the optimal bandwidth rule of thumb (Imbens and
Kalyanaraman, 2012) and is roughly 2.0 for the BYU data and 1.0 for the Texas data, although the
actual optimum varies by outcome.??> We show later, however, that our results are not sensitive to
our choice of bandwidth. Standard errors are corrected for heteroskedasticity in all specifications.

In all specifications, the parameter 6 from equation 1 is the coefficient of interest. It represents
the average effect of a student becoming EFC-eligible for a SMART Grant in their junior year. That
is, a student could receive the grant if they were eligible in other ways (e.g. major in an appropriate
field, have a high enough GPA, etc.) Since students may be eligible by EFC but not be eligible by
other criteria (other than major), & may be considered a lower bound on the impact of otherwise
eligible students.

5 Results

5.1 Grant Receipt

As discussed above, using a single year’s EFC is not a perfect way to separate eligible and ineligible
groups since students who are eligible in their junior year may no longer be eligible in their senior
year. In the extreme, this could mean that students local to the eligibility threshold may all receive
similar amounts of SMART Grant money on average, regardless of which side of the threshold they
are on in their junior year. If this effect is so exaggerated that there is no measurable discontinuity
in grant money received at the eligibility threshold, then a regression discontinuity design would
not be appropriate since there is no discontinuity in treatment.

We test for a discontinuity in SMART Grant receipt with a regression discontinuity analysis of
total SMART Grant awards. The total SMART Grant award variable is the sum of all of the SMART
Grants received. We conduct this analysis separately for students who are declared as SMART
majors in their junior year as well as for students declared in any other majors. Graphical results
based on these regressions are found in Figures 2 and 3 and the estimates from these regressions
are found in Table 2 .

2For degrees the bandwidth is 1.2, total SMART Grant received has a bandwidth of 1.6, and ever received a SMART
Grant uses a bandwidth of .9.
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These regressions highlight several important considerations in our analysis. We see in the
figures that there is a clear and unambiguous discontinuity at the threshold for students declared
in SMART majors. However, for students not declared in SMART majors there is no discontinuity in
terms of grant eligibility as would be expected. In Table 2 all of these discontinuities are significant
at the 1% level for students in SMART majors and zero for students not in SMART majors. In
the SMART Grant amount regressions in the 2008-2011, we estimate a discontinuity for students
declared in SMART majors of of about $589 for Texas students and $1,772 for BYU students. These
measurements are all slightly smaller when we use the 2006-07 to 2010-11 samples. There is no
discontinuity in SMART Grant dollars for students in non SMART majors as would be expected.

The magnitude of these discontinuities give a sense of how “fuzzy” this discontinuity is. That
is, not all students who have an EFC below the threshold and declare a SMART major are qualified
for SMART grants due to other conditions of the grant. So for instance, we see that that this dis-
continuity is much larger at BYU than in Texas. Part of this can likely be explained explained by
eligibility criteria like GPA. Unfortunately, we do not have the major-specific GPA in either BYU or
Texas to calculate the eligibility actually used for eligibility. However, 81% of BYU juniors below
the EFC threshold have a cumulative GPA above 3.0. The mean semester’s GPA for university stu-
dents in Texas in 2008/09 is approximately 2.7 and roughly half of student-semesters are below a
3.0. This suggests that GPA is likely to have been binding for many students at Texas where it was
not for many students at BYU

A second thing that can be learned from the figures is that we are measuring eligibility at one
point in time while eligibility will be determined several times. That is, if students” eligibility was
entirely determined by their junior year EFC, we would expect the level on the right (correspond-
ing to ineligible students) to be zero. The positive values for ineligible juniors give a sense of the
fraction of students who are ineligible in their junior year but are eligible in later semesters. In Fig-
ure 3, there are non-negligible positive values to the right of the threshold. In fact in both data sets,
the fraction of students who are eventually eligible for SMART Grants but who are just ineligible
in their junior year is roughly half of the fraction who are barely eligible for the grant in their junior
year by the EFC criterion. This is consistent with the story that Pell Grant eligibility for those who
are near the threshold is effectively random.

5.2 Student Outcomes

Majors, Diplomas, and Courses To test the impact of SMART Grants on student major, we look
at a variety of outcomes. In both the Texas and BYU data, we have information on the declared
majors of junior and senior students and also information on the diploma they eventually received.
In the BYU data, we additionally have information on the fraction of classes that were taken in
SMART eligible fields. We conduct our analysis with a 2006-07 to 2010-11 subsample and a 2008-09
to 2010-11 subsample, but for these regressions we also measure the discontinuity for students who
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were juniors before 2006 as a robustness check. Results from regressions are in Table 3. Graphical
evidence is presented on junior major in Figure 4, on senior major in Figure 5, degrees granted in
Figure 6, and courses taken at BYU are found in Figure 7.

Figure 4 contains plots of the estimated regression lines superimposed over a bin-scatter plot
for all of our specifications corresponding to the junior major outcome variable. In the Texas plots,
a small but clear discontinuity can be seen at the threshold in the 2006-2011 data and an even larger
discontinuity can be seen in the 2008-2011 data. In the BYU plots, the discontinuity is much larger.
Figure 5 gives parallel figures but for the senior declared major outcome.

The estimates from these regression in Table 3 tell the same story as can be seen in the figures. In
Texas in the 2006-2011 sample for both junior and senior major, a positive but insignificant effect of
about 1.5 percentage points is measured. When we restrict our sample to only students who were
juniors from 2008-09 to 2010-11, the magnitude of the effect in both regressions doubles to 3.27
percentage points for junior and 3.18 percentage points for senior major , and both are significant at
the 5% level. This discontinuity indicates that roughly 3% of students who were income-eligible in
their junior year responded to the incentives of the grant and adjusted or persisted in their choice
of major.

This is consistent with students who are already several years into the university studies either
being unaware of the program in its early years or for the switching costs of changing into a qual-
ified major being too high to motivate a large number of students to switch their major. Including
these early students attenuates our measure to insignificant levels. This 3 percentage point increase
is over a baseline SMART participation rate of 18% which is a 17 percent increase over the baseline.

At BYU in the 2006-07 to 2010-11 sample, we measure a larger effect of almost 7 percentage
points for junior major, but this effect is only significant at the 10% level. For senior major the effect
is larger at 8 percentage points and is significantly different from zero at the 5% level. Similar to the
Texas data, when we restrict our sample to the 2008-09 to 2010-11 sample, we measure an impact of
10 percentage points with 95% confidence. This gives further evidence of an increasing impact in
later years of the program. This increase is over a baseline of 22.4% which is a 45 percent increase
over the baseline.

As discussed above, we attribute a portion of the magnitude differences between Texas and
BYU to the greater salience of the program. Since a much larger of fraction of BYU students are
eligible for Pell Grants, more students would have heard of the SMART Grant program through
informal channels, making it more likely that this program could have an effect. Additionally, the
differences in GPA eligibility between BYU and Texas likely play a role since the incentive would
not have been available to a greater fraction of students in Texas. It is also possible, however, that
other characteristics of the student body or universities accounts for this heterogeneity, such as
different policies for declaring majors, differential response to the incentives across schools, or that
income-marginal students in Texas may be less likely to be qualified along other margins such as
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citizenship. Anecdotally, we know that some BYU departments used the SMART Grant to recruit
students into certain majors.?®

In Texas, we are unable to detect an impact of SMART Grants on the number of diplomas
awarded in SMART eligible fields. This is seen in Figure 6. There is no apparent discontinuity
in the Texas plots, and in the BYU plots, the estimated discontinuity is obscured by a lack of pre-
cision in the data. The regression results in Table 3 confirm what we see in the figures: the impact
of the grant on eligible degrees granted at Texas public universities is virtually zero, and the 6.6
percentage point effects measured at BYU is marginally statistically significant. This is likely be-
cause the data only contain degrees for students who have finished by 2012. Many students who
were juniors during the life of the program had not graduated by 2012 and therefore are treated
as if the grant had no impact on their diploma in our data. In a few years when these students
have graduated, it may be possible to measure the impact of SMART Grants on diplomas awarded.
Since our data suggest that students at BYU responded more strongly and earlier to this program,
it is unsurprising that a small impact on diplomas awarded can already be detected even with our
limited data. However, students at Texas responded most strongly in the last year of the program.
As a results, even those students who eventually graduated in SMART field as a result of the grant
would only be coded as having responded if they graduated in no more than one year after they
were first classified as a junior. This is uncommon, suggesting that a more accurate measure for
this particular outcome would be possible to obtain if more years of data were available.

At BYU, we also have data on the specific courses students are taking.>* This allows us to
test whether students are “gaming” the program by signing up for eligible majors to receive the
SMART Grant money but not taking courses in the major since they never intend to complete it.
We attempt to identify this by measuring the discontinuity as before, but using as the outcome
variable the fraction of courses that a student takes in SMART eligible departments. Despite a
small sample size, we see that both the point estimates for the fraction of courses taken by juniors
and seniors class taking are positive and are marginally statistically significant. These results give
credence to the claim that the measured impacts on contemporary major are a result of students
adjusting their actual major in response to the program rather than students gaming the system.

We also conduct a placebo test by performing the same regressions for students in the years
before the SMART Grant was instituted. With one exception, each of these regression coefficients
are close to zero and statistically insignificant. The exceptional case is the effect on junior major
at Texas, for which we measure a small but marginally significant impact of 1.7 percentage points.
Since we only measure an impact as large as 3 percentage points in our 2008-2011 Texas regression,
this placebo estimate cannot be statistically separated from the measured impact in the years the

23We reached out to all Texas public universities to try to examine if similar advertising was done but only received a
handful of responses. All respondents indicated that they had not done any recruiting using the SMART Grant.

24The THECB only recently started collected course-level data, so we could not conduct this analysis with their larger
data set.
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grant was operating. This may raise concerns that the effect we measure in our main specifications
are not due to SMART Grant but rather due to other factors that existed before the SMART Grant
program. Several things, however, make us believe that this placebo estimate should not be so
concerning. First, this oddity disappears in the senior major placebo regression, which includes
the same students but measured a year closer to graduation. Also, this junior year placebo test
oddity is not present in the BYU data. Additionally, in the year after the program there is no effect
on student major declaration in the junior or senior year at Texas or at BYU which can be seen in
Table 4. This evidence suggests that the effect we measure is actually the impact of SMART Grants
rather than Pell Grants or other programs that might discretely vary across the Pell Grant eligibility
threshold.

We formally estimate the difference in the pre period vs. 2008-09 to 2010-11 in Table 3 using a
Regression Discontinuity Difference estimator. In Texas there is always a positive effect measured
though it is only statistically different for senior major. At BYU the results are similar to estimates
using data only from 2008-09 to 2010-11 though the results are slightly less precise with only junior
major being marginally statistically significant.

Effects by Year In addition to institutional heterogeneity, we can also examine temporal hetero-
geneity. If students have inertia and need time to respond to the incentive program or if the salience
of the program is growing over time, we would see an increasing impact of the program from year
to year. To examine the heterogeneity of the effect across time we estimate the discontinuity sepa-
rately by pairs of years except for the last year for which we have data. Specifically, the regressions
estimate the discontinuity for students who were juniors in the school years beginning in 2001-02
to 2002-03 . These estimates are plotted with their 95% confidence intervals in Figure 8. The actual
regression results are found in Table 4.

Clearly, reducing the sample in each of these regressions drastically reduces our ability to pre-
cisely measure the yearly impact. Several patterns emerge from these regressions nonetheless.
First, in all of the sets of regressions, the only regressions reaching any level of significance are
those corresponding to the 2009-10 to 2010-11 junior cohort. We note that the regressions meet 90%
confidence at BYU for both junior and senior major, and meet 95% confidence in the in Texas for
junior and senior major. The magnitude of these regressions is slightly larger than the 2008-2011 es-
timates reported before. Second, in every regression corresponding to years before SMART Grants
were being distributed, the estimates are insignificant and effectively zero in magnitude.

The measured discontinuity sharply drops for junior and senior major when the grant expires
in the 2011-12 school year in both the BYU and the Texas data. This is an additional falsification
test in addition to using previous years. The estimated zero effect reinforces the idea that the mea-
sured discontinuities are related directly to the SMART Grant incentives rather than other changes
occurring (e.g. Pell Grant) at the discontinuity.
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We interpret these patterns as reinforcing our previous result that the impact of SMART Grants
were small or absent in early years but that the impact of the grant grew over time. There are
several reasons this pattern could emerge but two seem most likely: first, students needed time
to adjust their plans so that the first cohorts of students were less likely to adjust their major; and
second, salience is likely to have increased throughout the life of the grant. Given that the impact
of the grant immediately falls to zero in the year following the program, we find the salience to be
the more dominant factor relative to the inertia hypothesis. This would also give further merit to
the hypothesis of increased salience at BYU due to a higher fraction of Pell-eligible students.

The difference in salience in early years between BYU and public Texas universities may also
explain the heterogeneity of the impact of SMART Grants on degrees granted. The estimate for
Texas degrees was estimated as zero while a moderately-sized, imprecise impact was measured in
the BYU data. In Texas public universities, the impact of this grant in early years seems negligible
or non existent, while the effect at BYU can been seen in the first years that the grant was available.
If the grant had no impact on declared majors in Texas in its early years, we would not expect to see
any impact on diplomas granted for these same students. Alternatively, since students responded

earlier at BYU, some effect may be seen in the time-frame for which we have data.

Specific Majors Since SMART Grants gave incentives for several classes of major, there is also
interest in decomposing the effect into the impact on each of these smaller classes. Of particular
interest would be a decomposition into the impact on STEM majors and language majors. We do
this by running separate regressions using a binary variable for the applicable subgroups. These
results can be found in Table 5.

In Texas, we see that there was a 3.08% increase in junior STEM majors and 0.4% increase in
junior language majors. The magnitudes are similar for senior majors as well. All of these measures
sit very close to the 95% confidence level. This suggests that for junior major, the impact on STEM
fields accounts for 87% of the total impact, and for senior majors, it accounts for 80%. The increase
in language majors is notable because it is a 0.4 percentage point increase over a baseline of 0.7%
for juniors and a 0.64 percentage point increase over a baseline of .9% for seniors. The results at
BYU are too noisy to make any strong claims about the decomposition, but they again show that
the bulk of the effect was in STEM fields. Ultimately it appears that while language majors are
different from STEM majors in many ways, financial incentives increased the number of declared
majors in both cases.

We hoped to measure which majors these new students were coming from by examining other
classes of majors in a similar manner, but our results suffered from a lack of statistical precision, and
no consistent patterns emerged.?> While some of the regressions passed low levels of significance,
none of them were strong enough to convincingly rule out significance purely due to multiple

2These results are available upon request.
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testing.

5.3 Heterogeneity/Robustness

There is significant interest nationally to increase the number of women and minorities in STEM
fields. One might be interested, therefore, if SMART Grants had a differential impact on these
groups. To test this, we run extended models that include interaction terms between the group
we are examining (e.g. gender) and the slope and discontinuity terms. The coefficient associated
with the interaction between the discontinuity variable and the group indicator would identify
any between-group heterogeneity. Unfortunately, in each of these specifications, no significant
differences could be identified. Given that our samples are only barely large enough to measure
the main effect in many cases, this lack of result may simply be due to lack of power.

In an effort test for heterogeneity in the impact of SMART Grants by program salience, we use
the Texas data and the fraction of students in graduating in SMART majors a student’s institu-
tion the year before the SMART Grant program was implemented as a proxy for how salient the
program may have been at their school or a binary transformation of this variable. We then run
the base-line analysis, including this proxy variable and an interaction between the proxy and the
discontinuity variable and omitting university indicators. Schools who were above the median in
terms of the fraction of SMART majors have an estimated discontinuity of 3.79 percentage points
and is statistically significant at the 10% level. The point estimate for schools below the median
is essentially zero at -.008 and is not distinguishable from zero.?® Similar results are found when
interaction the running variable with the fraction of students in SMART Majors in the year before
the program though the difference in discontinuity is statistically insignificant. These results are
consistent with our hypothesis of salience playing a role in the differences of success across schools
and over time, though we acknowledge that our proxy is imperfect; the fraction of students in
SMART majors at a particular school may be correlated with a wide variety of school-level factors
that also play a major role in student response to this and other incentive programs.

As a final robustness check, we test how sensitive our results are to the choice of bandwidth. We
this by repeating our junior and senior declared major regressions with the Texas and BYU data,
but with various bandwidths in a 500 EFC-unit neighborhood of the optimal one. We also include
examine bandwidths that are 1,000 or 2,000 EFC units than the optimal bandwidths. The coeffi-
cients of these regressions and their 95% confidence intervals are plotted in Figure 9 and reported
in Table 7. The figure shows that our estimates are quite stable for all bandwidths tested. Gener-
ally, the wider bandwidths produce slightly smaller estimates which we attribute to increasing bias
associated with larger bandwidths. The ideal comparison in a regression discontinuity setting is
the students just above and below the cutoff. As data further from the discontinuity is used, the
modeled relationship between EFC and major choice becomes more reliant on students who are

26The full results from these regressions are available upon request.
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increasingly dissimilar in family income. As a result, estimates using data closer to the cutoff is
likely to be less biased but less precise. As an additional check on the functional form of f(x), we
use quadratic in recentered EFC that is allowed to be different on each side of the threshold. These
results are also presented in Table 7 and the results are qualitatively very similar to the local lin-
ear results presented before with the Texas estimates being slightly smaller and the BYU estimates
being slightly larger.

There is still the question of whether the impact of SMART Grants operates primarily through
persistence in SMART fields or through switching into SMART fields from ineligible fields. We
examine this question by interacting the running variable and discontinuity with an indicator for
being declared as a SMART major in a student’s sophomore year. The results are presented in
Table 8 where we detect no significant differences in the discontinuities for students declared in
SMART majors as sophomores in any of these regressions. However, the point estimates suggest
that if anything, the effects are concentrated among students who were declared in SMART majors
as sophomores. Many students leave STEM majors as they advance through college and it appears
that the SMART Grant may have partially mitigated this flow from STEM fields. Students already
in SMART majors as sophomores would also have another potential avenue for information about
the grant. These students may have filed the FAFSA and found out about the existence of the grant
because they were awarded it. Students who received the SMART Grant would then be able to
alter their plan to switch from STEM but students who did not receive the grant would have no
such incentives.

6 Conclusion

This analysis of the SMART Grant Program provides evidence that students respond strongly to
direct financial incentives when choosing their major. These results also show that there can be
a high level of heterogeneity in the impact over time and across institutions. They also indicate
that there is a differential impact across fields of study. We are unable to precisely decompose
how much of the effect measured is due to students persisting in eligible fields versus switching to
eligible fields, though our point estimates suggest that persistence may play a more significant role
in this program than switching.

Several lesson emerge from this analysis. First, policy makers can influence the choice of major
using targeted financial incentives. In our analyses we estimate that this program in particular
increased the number of students in STEM and language fields by more than 3 percentage points
in Texas public universities and by more than 10 percentage points at Brigham Young University
for income-eligible juniors. These results should be promising to policy makers who are interested
in influencing the skill composition of the labor force. Similarly, these results suggest that caution
should be taken when implementing policies that charge differential tuition of students in degrees
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that are more expensive for schools to provide since such programs may discourage students from
majoring in those fields.

Second, students’ choices among heterogeneous human capital investments are affected by fac-
tors outside of long term costs and benefits. Given the award amount and the average differential
earnings between these fields, it appears that students are much more elastic to small financial
incentives than one would expect with reasonable levels of discounting. This increases the poten-
tial influence of the types of policies outlined above and opens further policy-relevant questions
of what drives students to respond so strongly. For instance, there are different implications for
inequality if the high elasticity is primarily due to credit constraints rather than myopia. Further
research is needed to better understand this phenomenon.

Lastly, salience plays a fundamental role in the success of these sorts of programs; unadver-
tised and unknown programs can be expensive and have little impact on outcomes of interest. As
discussed, an explanation to the increasing effect over time measured in our data is that students
may not be aware of the program in its early years, but over time as more and more students are
receiving the grant, salience increases. We find suggestive evidence that this may be the case since
schools that begin with a larger base-line of students in eligible majors also see a larger impact of
SMART Grants. If salience is a major determinant of heterogeneity over time and between schools,
then policies should be designed to reduce this insalient period by better advertising or other in-
formational interventions.

In summary, the SMART Grant program is a useful tool for better understanding how students
select into heterogeneous forms of human capital investment and what sort of policies may be most
effective at influencing this decision. In the future, richer data sets that include more years than
were available to us may allow researchers to understand longer-term outcomes, such as degrees
awarded, and to explore the other factors that play a role in a student’s field of study. We also
hope to use the SMART Grant in the future as an instrument to measure the impact of majoring in
a STEM field on various labor outcomes such as employment, employment in a STEM field, and

earnings.
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Figure 1: Covariate Checks
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These figures show the estimated discontinuities at the income eligibility threshold with 95% confi-
dence intervals for several predetermined covariates. Each covariate is tested in both the 2006/07-
2010/11 time period as well as the 2008/09-2010/11 time period.
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The average amount of the SMART Grants received is plotted against recentered junior EFC. Each
dot represents the average for students in a bin of 200 EFC. EFC is recentered so that SMART
eligibility occurs to the left of 0 and EFC is divided by 1,000. The size of the dot is proportional to
the number of observations included in the average. The lines represent linear predictions allowed
to vary on each side of the cutoff. The bandwidth used at Texas 1.0 and the bandwidth at BYU is
2.0. SMART Major is determined by a students major in the first semester of their junior year.
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The probability of ever receiving a SMART Grant is plotted against recentered junior EFC. Each dot
represents the average for students in a bin of 200 EFC. EFC is recentered so that SMART eligibility
occurs to the left of 0 and EFC is divided by 1,000. The size of the dot is proportional to the number
of observations included in the average. The lines represent linear predictions allowed to vary on
each side of the cutoff. The bandwidth used at Texas 1.0 and the bandwidth at BYU is 3.6. SMART
Major is determined by a students major in the first semester of their junior year.
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Figure 4: SMART Major in Jr Year
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The probability of having a SMART major declared in the first semester of a student’s junior year
is plotted against recentered junior EFC. Each dot represents the average for students in a bin of
200 EFC. EFC is recentered so that SMART eligibility occurs to the left of 0 and EFC is divided by
1,000. The size of the dot is proportional to the number of observations included in the average.
The lines represent linear predictions allowed to vary on each side of the cutoff. The bandwidth
used at Texas 1.0 and the bandwidth at BYU is 2.0.
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Figure 5: SMART Major in Sr Year

All Texas Schools
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The probability of having a SMART major declared in the first semester of a student’s senior year
is plotted against recentered junior EFC. Each dot represents the average for students in a bin of
200 EFC. EFC is recentered so that SMART eligibility occurs to the left of 0 and EFC is divided by
1,000. The size of the dot is proportional to the number of observations included in the average.
The lines represent linear predictions allowed to vary on each side of the cutoff. The bandwidth
used at Texas 1.0 and the bandwidth at BYU is 2.0.
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Figure 6: SMART Degree

2! 3

SMART Degree
2

15

1

3

2

Texas

SMART Degree 2008 to 2011

o

oo g tooo—

2008-09 to 2010-11

o

B 445

SMART Degree
25

1 s

15

-5 0 5
Recentered Junior EFC
BYU

SMART Degree 2008 to 2011

1

2008-09 to 2010-11

15

0
Recentered.Juniar EFC

SMART Degree
2 25 3

15

A

SMART Degree

1

Pre 2006

SMART Degree Pre 2006

Weo o
=)

<)

33 4 48

8 2 8

-1

-5 0 5
Recentered Junior EFC

Pre 2006

SMART Degree pre 2006

1

15

-4

0
Recentered.Juniar EFC

4

The probability of receiving a SMART degree is plotted against recentered junior EFC. Each dot
represents the average for students in a bin of 200 EFC. EFC is recentered so that SMART eligibility
occurs to the left of 0 and EFC is divided by 1,000. The size of the dot is proportional to the number
of observations included in the average. The lines represent linear predictions allowed to vary on
each side of the cutoff. The bandwidth used at Texas 1.0 and the bandwidth at BYU is 2.0.
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The fraction of classes taken in SMART fields is plotted against recentered junior EFC. Each dot
represents the average for students in a bin of 200 EFC. EFC is recentered so that SMART eligibility
occurs to the left of 0 and EFC is divided by 1,000. The size of the dot is proportional to the number
of observations included in the average. The lines represent linear predictions allowed to vary on
each side of the cutoff. The bandwidth used for juniors is 2.0 and the bandwidth for seniors is 1.8.
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Figure 8: Estimates by Year
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The estimated discontinuity for the impact of SMART Grants on majors is plotted along with 95%
confidence intervals. The years represent the end of a school year and the preceding two school
years (e.g. 2003 is the 2001-02 and 2002-03 school year). The exception is in 2012 which is only
estimated using data from the 2011-12 school year A bandwidth of 1.1 is used for Texas and 2.5 is

used for BYU.
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Figure 9: Various Bandwidths
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Estimates of the impact of SMART Grants on majors is plotted for various bandwidths. The band-
widths vary by +/-.5 around the optimal bandwidth. These estimates are for the 2008-09 to 2010-11

school years.

35



8.2 Tables

Table 1: Summary Statistics

Texas

2000-01 to 2005-06 2006-07 to 2010-11

mean sd mean sd

Junior Language Major 0.008 0.092 0.007 0.085
Junior Technical Major 0.179 0.383 0.185 0.388
Jr SMART Major 0.188 0.390 0.192 0.394
Senior Language Major 0.010 0.097 0.008 0.088
Senior Technical Major 0.153 0.360 0.154 0.361
Senior SMART Major 0.163 0.369 0.162 0.368
Technical Degree 0.134 0.341 0.099 0.299
Language Degree 0.010 0.101 0.008 0.088
SMART Degree 0.144 0.351 0.107 0.309
SMART Grant Amount 34.073  384.670 190.280  949.427
Ever Receive SMART Grant  0.009 0.094 0.047 0.212
Pell Eligible 0.579 0.494 0.552 0.497
Junior EFC -0.221 1.149 -0.152 1.149
Male 0.404 0.491 0.428 0.495
Black 0.127 0.333 0.147 0.354
White 0.515 0.500 0.475 0.499
Asian 0.070 0.254 0.078 0.268
Missing Race 0.016 0.124 0.072 0.258
Hispanic 0.273 0.445 0.300 0.458
Mother Ed <= HS 0.533 0.499 0.515 0.500
Father Ed <= HS 0.501 0.500 0.517 0.500
Texas Resident 0.969 0.174 0.967 0.179
College Father 0.370 0.483 0.376 0.484
College Mother 0.374 0.484 0.416 0.493
Missing Mother Ed 0.093 0.291 0.070 0.254
Missing Father Ed 0.129 0.335 0.108 0.310
Hispanic 0.273 0.445 0.300 0.458
Observations 37754 45189
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Table 1: (cont.)

BYU

2001-02 to 2005-06 2006-07 to 2010-11

mean sd mean sd

Male 0.533 0.499 0.524 0.499
White 0.813 0.390 0.877 0.328
Black 0.007 0.083 0.006 0.078
Missing Race 0.025 0.157 0.017 0.130
Hispanic 0.040 0.196 0.048 0.214
Asian 0.017 0.129 0.024 0.154
ACT Score 25.892 3.382 26.036 3.501
HS Percentile 0.165 0.125 0.173 0.141
Missing ACT 0.113 0.317 0.100 0.300
Missing HS Percentile 0.297 0.457 0.223 0416
Junior EFC -0.861 1.634 -0.693 1.672
Pell Eligible 0.709 0.454 0.670 0.470
Frac. SMART classes Jr 0.299 0.267 0.333 0.264
Frac. SMART classes Sr 0.283 0.296 0.303 0.315
Total SMART Grant 217.109 992.427 923.318 2027.641
Ever Receive SMART 0.052 0.223 0.201 0.401
Jr SMART Major 0.224 0.417 0.271 0.445
Sr SMART Major 0.225 0.418 0.244 0.430
SMART Degree 0.226 0.418 0.174 0.379
Jr Tech. Major 0.203 0.402 0.245 0.430
Sr Tech. Major 0.203 0.402 0.217 0.412
Tech Degree 0.182 0.386 0.135 0.342
Jr Lang. Major 0.021 0.142 0.027 0.162
Sr Lang. Major 0.022 0.148 0.027 0.163
Lang. Degree 0.030 0.169 0.028 0.165
Observations 6994 3754
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Table 1: (cont.)

These summary statistics are produced from data provided by the
Texas Higher Education Coordinating Board and Brigham Young
University. Each observation represents a student with a valid
EFC measurement in their junior year and the data is restricted to
a window around the Pell/SMART Eligibility threshold of 2,000
EFC and 3,000 EFC at BYU.
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Table 2: SMART Grant Receipt

Texas
SMART Amount SMART Amount
2006-07 to 2010-11 2008-09 to 2010-11
Discontinuity =~ 534.6*** 2.589 589.0%** -3.746
(97.96) (8.129) (120.2) (10.76)
School FE Yes Yes Yes Yes
Covariates Yes Yes Yes Yes
SMART Major Yes No Yes No
Observations 5780 24338 3491 14436
Ever SMART Ever SMART
2006-07 to 2010-11 2008-09 to 2010-11
Discontinuity 0.121***  0.000709 0.129***  -0.00144
(0.0285)  (0.00282) (0.0357)  (0.00382)
School FE Yes Yes Yes Yes
Covariates Yes Yes Yes Yes
SMART Major Yes No Yes No
Observations 3180 13709 1920 8122
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Table 2: (cont.)

BYU
SMART Amount SMART Amount

2006-07 to 2010-11 2008-09 to 2010-11
Discontinuity =~ 1467.9*** -71.15 1772.8*** -2.988

(313.1) (76.74) (381.3) (102.8)
Covariates Yes Yes Yes Yes
SMART Major Yes No Yes No
Observations 1273 3458 750 1848

Ever SMART Ever SMART

2006-07 to 2010-11 2008-09 to 2010-11
Discontinuity 0.418*** 0.00296 0.542%* 0.0164

(0.0761) (0.0217) (0.0958) (0.0302)
Covariates Yes Yes Yes Yes
SMART Major Yes No Yes No
Observations 654 1678 380 917

These regressions estimate the discontinuity in amount of SMART
Grants disbursed or probability of ever receiving a SMART Grant
as a result of the EFC eligibility discontinuity. The estimation is
performed separately for SMART Majors and non SMART Majors
in their junior year.
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Table 3: Effects on Major

Texas
Junior Major Senior Major
07-11 09-11 01-06 07-11 09-11 01-06
Discontinuity 0.0158 0.0327** 0.0173* 0.0133 0.0318**  0.0000240
(0.0110) (0.0143) (0.0101) (0.0104) (0.0135) (0.00954)
School FE Yes Yes Yes Yes Yes Yes
Covariates Yes Yes Yes Yes Yes Yes
Observations 18746 11161 22004 18746 11161 22004
SMART Degree
07-11 09-11 01-06
Discontinuity ~ -0.00211 0.00186 -0.00288
(0.00812)  (0.00948) (0.00983)
School FE Yes Yes Yes
Covariates Yes Yes Yes
Observations 22422 13347 21852
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Table 3: (cont.)

BYU
Junior Major Senior Major
07-11 09-11 01-06 07-11 09-11 01-06
Discontinuity 0.0676* 0.102** 0.000395 0.0804** 0.101** 0.0182
(0.0365) (0.0493) (0.0258) (0.0350) (0.0468) (0.0258)
Covariates Yes Yes Yes Yes Yes Yes
Observations 2,332 1,297 4,219 2,332 1,297 4,219
SMART Degree Fraction SMART Jr Classes
07-11 09-11 01-06 07-11 09-11 01-06
Discontinuity 0.0479 0.0665* 0.0293 0.0207 0.0595* 0.00658
(0.0312) (0.0366) (0.0259) (0.0220) (0.0307) (0.0168)
Covariates Yes Yes Yes
Observations 2,332 1,297 4,219 2,332 1,297 4,219
Fraction SMART Sr Classes
07-11 09-11 01-06
Discontinuity 0.0354 0.0774** -0.000300
(0.0262) (0.0365) (0.0188)
Observations 2,332 1,297 4,219
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Table 3: (cont.)

Regression Discontinuity Difference

Texas BYU
@ @ ©) @ @ (©)

Jr Major  Sr Major Degree Jr Major  Sr Major Degree
Later Discon. 0.0222 0.0409** 0.00399 0.0937* 0.0774 0.0342

(0.0181) (0.0171) (0.0151) (0.0526)  (0.0519) (0.0497)
Discontinuity ~ 0.00983  -0.00944  -0.0000911 0.000305 0.0187 0.0308

(0.0112) (0.0106) (0.00936) (0.0265)  (0.0261) (0.0250)
Covariates Yes Yes Yes Yes Yes Yes
Observations 29320 29320 29320 5516 5516 5516

These tables represent the effect income eligibility for a SMART Grant in a stu-
dent’s junior year on declared major, degrees granted, or fraction of courses taken.
Declared major is a 1 if declared in the relevant year and 0 otherwise (including
not being observed graduating or as a senior). The years listed are the last years
of the school year (e.g. 2007 is the 2006-07 school year. The regression disconti-
nuity difference estimator compares the discontinuity in 2008-09 to 2010-11 to the
discontinuity prior to 2006-07.
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Table 4: Yearly Discontinuities

Texas
Jr. Major
01 02-03 04-05 06-07 08-09 10-11 12
Discontinuity ~ -0.00874 0.0158 0.000612 0.0230 0.000625  0.0382**  -0.0203
(0.0227)  (0.0166)  (0.0159)  (0.0155)  (0.0158)  (0.0164) (0.0247)
School FE Yes Yes Yes Yes Yes Yes Yes
Covariates Yes Yes Yes Yes Yes Yes Yes
Observations 4493 8193 9114 9309 9162 8571 4054
Sr. Major
01 02-03 04-05 06-07 08-09 10-11 12
Discontinuity ~ -0.0198 -0.0110 -0.0108 0.00559  -0.00274  0.0372** 0.0114
(0.0228)  (0.0164)  (0.0156)  (0.0153)  (0.0156)  (0.0161)  (0.0122)
School FE Yes Yes Yes Yes Yes Yes Yes
Covariates Yes Yes Yes Yes Yes Yes Yes
Observations 4118 7515 8375 8577 8382 7874 3721
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Table 4: (cont.)

BYU
Sr. Major
02-03 04-05 06-07 08-09 10-11 12
Discontinuity -0.0200 0.0397 0.0480 0.0611 0.105* -0.0334
(0.0351)  (0.0413)  (0.0443) (0.0518)  (0.0536)  (0.0380)
Covariates Yes Yes Yes Yes Yes Yes
Observations 2,748 1,920 1,711 1,188 1,057 506
Sr. Major
02-03 04-05 06-07 08-09 10-11 12
Discontinuity -0.0357 0.00734 0.0627 0.0558 0.0963* -0.0297
(0.0350)  (0.0418)  (0.0438)  (0.0538)  (0.0574)  (0.0822)
Covariates Yes Yes Yes Yes Yes Yes
Observations 2,748 1,920 1,711 1,188 1,057 506

These tables estimate the junior year EFC discontinuity separately for different

groups of years. The years listed are the last years of the school year (e.g. 2007 is

the 2006-07 school year.)
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Table 5: STEM and Language Outcomes

Texas
Jr Sr
STEM  Language STEM  Language
Discontinuity
0.0308**  0.00456* 0.0268*  0.00636**
(0.0147)  (0.00277) (0.00317)
Covariates Yes Yes Yes Yes
Observations 11161 11161 11161 11161
BYU
Jr Sr
STEM  Language STEM Language
Discontinuity
0.105** -0.0157 0.0645 0.0189
(0.0528)  (0.0221) (0.0138)  (0.00317)
Covariates Yes Yes Yes Yes
Observations 1,145 1,145 1,145 1,145

This table considers the effects separately STEM and Language
majors. The years used in estimation are 2008-09 to 2010-11. The
discontinuity at the SMART Grant EFC eligibility is presented.
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Table 6: Evans Replication

@ @ ®) ) ©)

STEM  SMART Ever = SMART SMART
Major Amount SMART Maj. Sr.  Degree

Discontinuity ~ 0.0407 ~ 87.44  0.0263* 0.0407  0.0216
(0.0274)  (54.80)  (0.0159) (0.0267) (0.0246)

Observations 3281 6736 3281 3281 3281

This table tries to replicate the sample conditions of Evans (2012)
using the Texas data. Data from before the 2010 school year is used
and only students who entered in 2006-07 or 2007-08 school year
are included.
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Table 7: Bandwidth Sensitivity

Texas
Junior Major

Bandwidth 0.5 0.6 0.7 0.8 0.9 1 1.1
Discontinuity ~ 0.0464**  0.0470**  0.0447**  0.0362**  0.0350**  0.0324**  0.0230*
(0.0205)  (0.0189)  (0.0175)  (0.0163)  (0.0153)  (0.0145)  (0.0140)
Observations 5641 6743 7802 8946 10030 11161 12242
Bandwidth 1.2 1.3 14 2 3
Discontinuity ~ 0.0265** 0.0234* 0.0184 0.0132 0.0113
(0.0134)  (0.0128)  (0.0123)  (0.0103)  (0.00834)
Observations 13347 14498 15645 22421 34162
Senior Major
Bandwidth 0.5 0.6 0.7 0.8 0.9 1 1.1
Discontinuity ~ 0.0461** 0.0488** 0.0501**  0.0402** 0.0375** 0.0331**  0.0237
(0.0222)  (0.0203)  (0.0189)  (0.0175)  (0.0165)  (0.0156)  (0.0150)
Observations 4884 5817 6719 7698 8607 9591 10505
Bandwidth 1.2 1.3 14 2 3
Discontinuity ~ 0.0273* 0.0235* 0.0205 0.0129* 0.0136*
(0.0144)  (0.0138)  (0.0132)  (0.00735)  (0.00780)
Observations 11457 12440 13430 37740 34162
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Table 7: (cont.)

BYU
Junior Major
1.5 1.6 1.7 1.8 1.9 2 2.1
Discontinuity ~ 0.131** 0.132** 0.103* 0.113** 0.102** 0.102** 0.108**
(0.0575) (0.0552) (0.0541) (0.0528) (0.0504) (0.0493)  (0.0480)
Observations 958 1,026 1,082 1,145 1,236 1,297 1,363
22 2.3 24 3 4
Discontinuity ~ 0.112** 0.110** 0.105** 0.0971** 0.0550
(0.0466) (0.0455) (0.0445) (0.0394) (0.0339)
Observations 1,448 1,524 1,604 2082 2972
Senior Major
1.5 1.6 1.7 1.8 1.9 2 2.1
Discontinuity ~ 0.147*** 0.124** 0.0857* 0.102** 0.0950** 0.101** 0.109**
(0.0546) (0.0527) (0.0517) (0.0502) (0.0479) (0.0468)  (0.0457)
Observations 958 1,026 1,082 1,145 1,236 1,297 1,363
2.2 2.3 24 3 4
Discontinuity ~ 0.109** 0.110%* 0.0983** 0.0884** 0.0702**
(0.0442) (0.0433) (0.0424) (0.0346) (0.0325)
Observations 1,448 1,524 1,604 2519 2972
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Table 7: (cont.)

Texas

Jr Major-Quadratic

2.5 3 3.5 4
Discontinuity ~ 0.0255* 0.0169 0.0110 0.0220%*

(0.0136) (0.0125) (0.0116) (0.0109)
Observations 28351 34162 39933 46245

Sr Major-Quadratic

2.5 3 3.5 4
Discontinuity ~ 0.0269** 0.0187 0.0146 0.0216**

(0.0128) (0.0117) (0.0108) (0.0101)
Observations 28351 34162 39933 46245

Degree Quadratic

Discontinuity ~ 0.000317  -0.00195  -0.00276  0.00611

(0.00975)  (0.00892)  (0.00829)  (0.00779)
Observations 28351 34162 39933 46245
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Table 7: (cont.)

BYU

Jr Major-Quadratic
2.5 3 3.5 4

Discontinuity ~ 0.153**  0.125*  0.129%  0.143**
0.0665)  (0.0600)  (0.0547)  (0.0512)

Observations 1685 2082 2519 2972

Sr Major-Quadratic
2.5 3 3.5 4

Discontinuity ~ 0.150*  0.126**  0.126**  0.136***
0.0634)  (0.0574)  (0.0525)  (0.0491)

Observations 1685 2082 2519 2972
Degree Quadratic
2.5 3 3.5 4

Discontinuity ~ 0.105%  0.0975*  0.103**  0.0807**
(0.0499)  (0.0455)  (0.0418)  (0.0394)

Observations 1685 2082 2519 2972

This table estimates the discontinuity by varying the bandwidth and using a
quadratic running variable allowed to vary on each side of the cutoff. Students
from 2008-09 to 2010-11 are used in estimation.
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Table 8: Heterogeneity By Sophomore Major

Jr SMART
Texas BYU
Soph. Non SMART 0.00392 -0.0127

(0.00681)  (0.0383)

Soph. SMART Majors 0.0188 0.107
(0.0262)  (0.0735)

Observations 17104 1771

Jr SMART

Below Median Soph. 0.0179
SMART Classes (0.0776)

Above Median Soph. 0.127
SMART Classes (0.0978)

Observations 1297

This table examines heterogeneity by sophomore major or class
taking. The running variable and discontinuity are allowed to
vary by sophomore major or class taking. Students from 2008-09
to 2010-11 are used in estimation.
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A Contrast with Evans (2012) and Replication

As mentioned above, Evans (2012) also examines SMART Grants using data from Ohio universities
of students who entered college in 2006-2007 and following them through spring 2010. Using a
similar Regression Discontinuity design on Ohio data, he finds no evidence of an impact of SMART
Grants on students majoring in STEM fields.

Several of our results lend insight into why our estimates differ. Primarily, Evans has less sta-
tistical power that we do and is trying to measure an impact that is smaller than what we are
measuring. First, our analysis measures the impact of SMART Grants on all eligible majors while
Evans only considered STEM majors. Since it appears that language majors make up about 20% of
the effect, he is trying to measure a smaller value than we are. Second, Evans’ sample is smaller
than ours since he restricts it only to students who enter college in 2006-2010 while we use all stu-
dents who are juniors or seniors during the lifetime of the grant. That is, our analysis includes all
students who Evans would include and also students who start earlier and progress more slowly
to graduation or who start later and progress more quickly. Third, Evans does not have data for the
last year that the SMART Grant program existed. Our analysis suggests that there was an increas-
ing impact of the program over time, meaning that Evans is trying to measure a smaller impact that
what we measure in our analysis. Of course, it is possible that the measured difference is simply
due to geographic heterogeneity, and the program had a larger impact in Texas than in Ohio. This
would be consistent with the measured differences we observe between public universities in Texas
and at BYU. However, the Texas and Ohio data both include primarily large public universities that
are similar in observable characteristics, making it seem more likely that we would observe similar
effects in each sample.

An additional relative strength of our data set is we observe grant receipt directly and can
measure the size of the discontinuity in grant receipt. The final difference is that we are able to
examine the years prior to the grant and one year after the grant as a placebo test. This provides a
valuable falsification test that allows us to attribute our estimates to the grant program as opposed
to chance or effects from the Pell Grant program.

To test if Evans’ data restrictions and outcome variable are sufficient to account for his lack of a
measured impact, we restrict our sample in the same way, only including students entering college
in 2006-2007 and removing all data after spring 2010, and measure the impact of SMART Grants on
STEM majors. These replication results, which are found in Table 6, fail to be statistically significant
much like Evans (2012), although the magnitude of the estimates are similar to those in our main
analysis.””  We believe that this is evidence that a significant portion of the difference between
Evans’ and our estimates is purely due to the empirical issues described above. We can’t measure,

however, to what degree, if any, heterogeneity accounts for the remaining measured difference.

27We use the optimal bandwidth in the Texas data using the data restrictions described for the replication exercise be-
cause bandwidth selection is dependent on the data set used.
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Figure 10: Timing of FAFSA Submission
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This figure represents the CDF of FAFSA filing for juniors in the 2007-08 NPSAS. The school year
starts in August 2007 and is represented by the dashed line. The vertical line at June 07 is to high-
light that the bulk of FAFSA submissions occurs several months prior to the school year starting.
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Figure 11: Density of Jr EFC
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These figures depict the density of recentered EFC in the first semester a student is classified as a

junior. EFC is recentered so that SMART eligibility occurs to the left of 0 and EFC is divided by
1,000.
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