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Essays on Higher Education and Inequality

Abstract

This dissertation consists of three essays at the intersection of higher education and
inequality within the field of economics of education. The first essay estimates the effects of
adopting an instructional approach blending online and in-person elements called the emporium
model in remedial college courses. Under this model, students complete online work in an on-
campus lab with instructors onsite to assist. Using a triple difference identification strategy, |
find that using the emporium model compared to traditional instruction in remedial math courses
in a state community college system reduces course pass rates, retention, and degree attainment.
These results suggest the need for caution in using the emporium model with students who are
less academically prepared for college.

The second and third essays explore the long-run impacts of admission to a state’s four-
year public college sector. Leveraging the GPA- and SAT-based admissions thresholds for four-
year public colleges in Massachusetts, I use a regression discontinuity design to estimate the
effect of four-year public college admission on a range of economic and civic outcomes for low-
income students and students of color. In the second essay, I find admission to in-state four-year
public colleges increases applicants’ mean annual earnings by almost $8,000 eight to fourteen
years after applying. Using student-level cost and aid data, I also find students experience large
private returns to admission, and the state recovers the cost of admitting an additional student at
the admissions threshold through increased lifetime tax revenues. The third essay focuses on the
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civic consequences of admission to the four-year public sector. Linking college application
records to voting records, I find admission to four-year public colleges increases both voter
registration and turnout by the time applicants are 24-31 years old. Together, these two chapters
highlight the importance of access to the in-state four-year public college sector in promoting

economic mobility and civic engagement.
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Introduction

The long-run outcomes of students with different postsecondary education experiences
vary widely in the United States. The 35 percent of Americans age 25 or over who have a
bachelor’s degree can expect to earn approximately 75 percent more than a person without one
on average (Abel & Deitz, 2014; U.S. Census Bureau, 2018). College graduates are also more
likely to vote, report better health and job satisfaction, live longer, are more likely to be married,
and less likely to be in prison or jail (Trostel, 2015). But, in addition to the differences between
college graduates and non-graduates, there is also substantial variation in long-run outcomes,
such as graduation rates, average debt levels, and earnings, for students who attend different
colleges (US Department of Education, 2015; Chetty et al., 2017). While some of these
differences are certainly due to the sorting of students with different levels of academic
preparation and family support to different colleges, there are also important disparities across
colleges in inputs, such as spending on instruction and academic support which prior work has
shown can affect degree attainment rates (Bound & Turner, 2007; Deming & Walters, 2017). It
seems likely that these differences in students’ experiences in higher education, including
variation in financial resources, instruction, and mentoring, across different types of colleges
play an important role in driving inequality in adult outcomes in the U.S.

This dissertation consists of three essays estimating the causal effects of college programs
or policies on students who are less academically prepared for college, low-income, or persons of
color. By examining policies that disproportionately affect these students, these papers have
implications for how to improve higher education for these groups and narrow the gaps in

college experiences and long-run outcomes in the United States.



The first chapter examines an effort to improve students’ performance in remedial college
courses using a computer-based instructional approach called the emporium model that blends
online and in-person elements. Students entering two- and four-year colleges can be placed into
remedial courses if they are categorized as having insufficient preparation for college-level work,
typically through a placement test. Motivated by low pass rates in these courses, colleges have
begun experimenting with alternative approaches to improve students’ outcomes. Under the
emporium model, students complete online work in an on-campus lab with instructors onsite to
assist. In this chapter, I estimate the effect of switching to the emporium model from traditional
teacher-led instruction using a triple difference identification strategy that leverages variation in
the timing of the adoption of the emporium model across remedial courses and colleges in
Kentucky’s community college system. I find that adopting the emporium model causes
students’ pass rates in remedial courses to fall and lowers a student’s likelihood of staying
enrolled in college or earning a degree.

The second and third chapters examine the long-run effects of admission to the four-year
public college system in Massachusetts on economic and civic outcomes, respectively. The
Massachusetts Board of Higher Education sets minimum admissions standards for the four-year
public college sector based on high school GPA and SAT scores. I use variation in a student’s
likelihood of being admitted to a four-year public college generated by these thresholds in a
regression discontinuity design to estimate the effects of admission. Low-income and
underrepresented minority students do not appear to respond to the cutoffs unlike other
applicants, likely due to large differences in the resources and information available to these
groups. Focusing on these students, I find admission to the in-state four-year public college

sector displaces two-year public college enrollment, four-year private college enrollment, or no



college enrollment. Eight to fourteen years after applying to college, admission increases
students’ earnings, and it yields large private returns over a student’s lifetime. I find evidence of
at least three possible mechanisms driving the results: 1) higher bachelor’s degree attainment
rates, 2) an additional year of four-year college, and 3) access to higher achieving peers. I also
find that the state recovers the cost of admitting an additional student to the four-year public
college sector through increased lifetime tax revenue.

The third chapter examines the effects of admission to four-year public colleges in
Massachusetts on registration and voting rates. Linking college application records to voter
registration and turnout records, I find admission to four-year public colleges increases both
registration and voting rates for low-income students and students of color by the time applicants
are 24-31 years old. Together, these two chapters highlight the importance of access to the in-

state four-year public college sector in promoting economic mobility and civic engagement.



Chapter 1

Moving the Classroom to the Computer Lab:
Can Online Learning with In-Person Support Improve Outcomes in Community
Colleges?!

1.1 Introduction

Over the last ten years, online courses have become prevalent in higher education,
particularly at community colleges (Parsad & Lewis, 2008; Allen & Seaman, 2013). Today, one-
third of students take at least one course online (Allen & Seaman, 2013). Studies comparing
online to face-to-face courses have found predominantly negative effects of online classes on
grades, test scores, and progress in college, with larger negative effects for students with lower
levels of academic preparation (Figlio et al., 2013; Xu & Jaggars, 2013; Bettinger et al., 2017,
Alpert et al., 2016). While online courses can potentially reduce the cost of administering
courses (Deming et al., 2015), these savings appear to come at a cost to student success.

Blended learning interventions, which mix aspects of online and in-person instruction,
might allow colleges to capture some of the cost-savings without worsening students’ outcomes.
In this paper, I estimate the effect of adopting a lab-based blended learning model in remedial
college math courses, compared to in-person instruction, on course pass rates, progress in
college, and degree attainment in a midsize, state community college system. Approximately half
of all four-year public colleges and two-thirds of all two-year public colleges offer hybrid or
blended learning courses (Parsad & Lewis, 2008). However, the literature on the use of blended
learning in college is limited to a handful of studies from microeconomics and statistics courses

in four-year colleges. This paper will extend this literature by examining the use of lab-based

! Chapter has been published at Economics of Education Review (https://doi.org/10.1016/j.econedurev.2019.03.004).
Full citation: Kozakowski, W. (2019). Moving the classroom to the computer lab: Can online learning with in-
person support improve outcomes in community colleges?. Economics of Education Review, 70, 159-172.
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blended learning at scale in a state community college system for a group of students who have
less academic preparation.

If entering college students are unable to pass a placement test in math, reading, or
writing, they can be assigned to as many as three remedial courses in a given subject, which they
must complete before beginning college-level work. Remedial college courses are common. In a
study of students beginning college in the 2003-2004 school year, 68 percent of two-year college
students and 40 percent of four-year college students took at least one remedial course in
reading, writing, or math (Chen, 2016). Math is the most common remedial placement, but also
has the highest rates of failure, with only one-third of students completing the sequence of
remedial math courses that they have been assigned to (Bailey et al., 2010). With the average
remedial student taking 2.6 remedial courses, the estimated cost of providing these courses
nationally is US$7 billion per year (Scott-Clayton et al., 2014). In order to improve pass rates,
increase the speed of remediation, and reduce costs, colleges have begun to experiment with
different approaches to integrate technology into remedial courses.

This paper will examine a model of blended learning called the emporium model which
consists of online instruction in a lab setting.? Under this approach, students spend class time
working at their own pace in a computer lab on a series of modularized lessons, practice
problems, and assessments. Instead of providing lectures, instructors and teaching assistants are

available onsite to provide personalized assistance to students as questions arise (Twigg, 2011).

2 When Virginia Tech first adopted this model in 1997, the large computer lab which was used for these courses was
called the Math Emporium. The term “emporium model” was later used by the National Center for Academic
Transformation to describe this type of course redesign (de Vise, 2012; NCAT, 2013).

3 Other innovative approaches have included: a) trying to offer remedial instruction to students in high school or the
summer before enrolling in college to avoid the need for remediation and b) offering supplemental supports to
remedial students, such as advising or tutoring outside of class (Zachry Rutschow & Schneider, 2011). In addition,

5



This model is unique from purely online courses, in which students typically do not come to
campus or interact in-person with instructors, and is unique among blended learning approaches
in that the online work is performed on-campus with instructors available to students. The
emporium model was created at Virginia Tech in 1997 for introductory college math courses, but
has spread more widely over the last decade to institutions ranging from state flagship
institutions to community colleges (de Vise, 2012; NCAT, 2016). While blended learning
models like the emporium model have grown in popularity, there is little evidence on how
computer-based approaches to remediation affect students’ success in college (Zachry Rutschow
& Schneider, 2011).

One reason colleges adopt the emporium model is that it can lower the costs of delivering
remedial instruction by allowing colleges to raise class sizes, switch to less expensive instructors,
or increase the number of sections faculty teach. While not all institutions choose to adopt cost-
saving measures while switching to the emporium model, one estimate from 28 institutions
found it reduced the cost per student by 20% on average.* Advocates for the emporium model
also argue that it can improve students’ outcomes through several channels (Twigg, 2013). First,
the emporium model is modularized and mastery-based. If a student demonstrates proficiency in
one part of the course, she can skip that portion and focus on other areas which are more
challenging. This could help students to more efficiently address weaknesses. Second, students
are allowed to complete the courses at their own pace. A motivated student could complete

multiple remedial courses per semester, unlike under the traditional remediation approach. One

some colleges have switched to a co-requisite model in which students begin in college-level courses immediately,
but receive supplemental support at the same time (Belfield et al., 2016).

4 Cost savings estimates from the National Center for Academic Transformation
(http://www.thencat.org/Guides/DevMath/Cost_Table.html). Note that these estimates ignore equipment and
infrastructure costs of establishing the emporium model (e.g. the cost of establishing computer lab space) and are not
necessarily a representative sample of all course redesigns involving the emporium model.
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the other hand, a student who has not mastered all of the material in the first semester can pick
up where he left off in the second semester. Third, an alternative mode of instruction which is
student-led and encourages students to take ownership of their own learning may help students
who struggle with traditional lecture-based courses.

Between 2009-10 and 2012-13, eleven colleges in the Kentucky Community and
Technical College System (KCTCS) adopted the emporium model in at least one of three math
courses in the remedial math sequence. I exploit variation in the timing of the adoption of the
emporium model across math courses and across institutions.® Using a triple difference
identification strategy, I estimate the change in outcomes for cohorts of students within the same
college and same level of math remediation before and after the adoption of the emporium model
while differencing out the change for students in the same level of remediation in comparison
colleges and the change for students in different levels of remediation within the same college.

Across KCTCS colleges, students can be required to complete up to three (sequential)
remedial math courses before they can begin college-level work. Since students assigned to
different levels of remediation are likely to have different outcomes regardless of their remedial
course experiences, this design compares students who begin taking the same level of remedial
coursework to one another. In addition to controlling for time invariant differences between
students in different levels of remediation and students in different colleges, this design also
allows me to difference out changes that affected all remedial courses within an institution (e.g. a
change in the supports available to students in remedial courses) and changes within a given
level of remediation across institutions (e.g. a change in the placement criteria used by KCTCS)

that may have occurred at the same time as the introduction of the emporium model.

5 For example, some institutions adopted the emporium model in one remedial math course, but not the second or
third remedial math courses in a sequence in a given year.
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I find that using blended learning in a course reduces students’ ability to progress through
remediation to credit-bearing courses. Students who are taught using the emporium model are ten
percentage points less likely to pass their courses in one semester and are five percentage points
less likely to take a college-level math course within three years of enrolling. Students are also
six percentage points less likely to be enrolled in college by their second year than students
taking the same remedial course under traditional instruction. Within three years of enrolling,
students taught using the emporium model are five percentage points less likely to earn a degree.
Effects were generally consistent across all three levels of remediation, suggesting there is little
variation by students’ incoming placement test score.

One concern is that it may not be random which courses switched to the emporium
model, and that if these differences were time-varying, they could bias estimates of the effect of
the emporium model. For example, if colleges adopted the emporium model in a particular
course in response to falling pass rates, this could make it appear that the emporium model is
negatively affecting pass rates, even if it were not. To address this concern, I conduct event study
analyses to test if the adopting courses have similar trends to the comparison courses in the pre-
adoption period. I find evidence that suggests the timing of the adoption of the emporium model
was likely exogenous.

Another concern is that students might switch their level of remediation in response to the
introduction of the emporium model. When students first arrive on campus, they are typically
given a placement test (or can use scores from a test they took previously) to determine their
placement. However, students sometimes can retake the tests or are otherwise able to avoid
remedial courses. If students are more (or less) likely to take these steps to adjust their level of

remediation or avoid remediation entirely with the introduction of the emporium model, this



could bias the results. To address this, I test for changes in enrollment in remedial courses and
test for changes in the observable characteristics of students enrolled at each level of remediation
and do not find evidence that these change systematically in response to the introduction of the
emporium model.

While it is clear that students perform worse in remedial courses with the emporium
model, it is not clear why. In the conclusion, I consider reasons why blended learning might have
had such a large effect on a student’s likelihood of passing their courses, including the possibility
that students struggle with self-management and self-pacing. Because the assessment criteria
were not necessarily aligned before and after emporium adoption, it is also possible that students
were being held to a higher standard of understanding under the emporium model than before.
Because the model typically standardizes assessments across classes and requires students to
demonstrate their understanding before moving to the next topic, the new approach may have
raised the bar on what is required for passing.

This paper contributes to a growing literature on blended learning. Three randomized
studies comparing blended learning to purely in-person instruction have found few differences in
students’ outcomes (Alpert et al., 2016; Joyce et al., 2015; Bowen et al., 2014). These studies
have been limited to introductory microeconomics or statistics courses at large, four-year public
colleges. Given that approximately two-thirds of community colleges report using blended or
hybrid online courses, this study will expand the literature to a group of colleges that is highly
policy relevant (Parsad & Lewis, 2008). Second, while these studies have strong internal
validity, two of the three studies use a sample that is limited to students who volunteered to be
randomized into a blended learning course — a group who is likely more amenable to taking a

blended learning course than the average student. In contrast, I study a change in institutional



policy in which students had no option but to participate if they wanted to earn a degree at a
particular institution. Third, most blended learning interventions have mixed students’ time in a
course between an online component that the student can perform off-campus and an in-person
section for either a lecture or a discussion section (Alpert et al., 2016; Joyce et al., 2015; Bowen
et al., 2014). This paper examines a model in which students spend all of the course time
working online in an on-campus computer lab with instructors available to answer questions.
One working paper to date has examined a computer-based intervention in remedial
college courses. Boatman (2012) estimates the effect of three Tennessee colleges’ redesigns of
their remedial math programs by comparing regression discontinuity estimates of the effect of
assignment to remediation before and after the redesign. Two of the colleges’ redesigns used
modularized, computer-based remediation reforms, similar to the emporium model. In one of
these colleges, students were less likely to persist to their second semester after the redesign went
into effect; at the other, there were no differences in students’ outcomes. This study builds on
this study by examining the introduction of the emporium model at scale in a state community

college system.

1.2. Setting and Context

Between 2008-09 and 2013-14, students enrolling in a KCTCS college who had ACT
scores below a given threshold or were missing ACT scores were required to take a placement
test.® Depending on their placement test score, a student could be referred to one of three

different levels of math remediation—Pre-Algebra, Basic Algebra, or Intermediate Algebra—

¢ Valid placement tests included COMPASS, ASSET, and KYOTE in addition to the ACT and SAT over the study
period.
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depending on the KCTCS guidelines.” As shown in Figure 1.1, students assigned to lower levels
of remediation were required to complete upper levels of remediation before beginning college-
level courses. For example, a student assigned to Pre-Algebra was required to complete Pre-
Algebra and Basic Algebra before beginning college-level math. Students can attempt to avoid
remediation by taking the placement test an additional time or through other means, such as
obtaining a waiver from an administrator or instructor. However, while students have a strong

incentive to do this, they are often uninformed about the stakes of the tests (Venezia et al., 2010).

Figure 1.1. Remedial Placement and College Math Course Eligibility

Requirements before enrolling in lowest level math
Remedial Placement on required for ...
Math Test AAS Degree AA or AS Degree
1) No Remediation None None
2) Intermediate Algebra None Pass Intermediate Algebra
3) Basic Algebra Pass Basic Algebra Pass Basic Algebra, then
Pass Intermediate Algebra
4) Pre-Algebra Pass Pre-Algebra, then Pass Pre-Algebra, then
Pass Basic Algebra Pass Basic Algebra, then
Pass Intermediate Algebra

Notes: Darker shading indicates a lower initial placement on the placement test. AAS degree
indicates an Associate of Applied Science, AA indicates Associate of Arts, and AS indicates
Associate of Science.

KCTCS offers three different associate’s degrees: an associate in applied science (AAS),
an associate in arts (AA) or an associate in science (AS). The latter two degrees are transferrable
to a four-year institution and are offered in traditional academic subjects, such as history and

mathematics. The former is a terminal associate’s degree, which tends to cover applied topics

7KCTCS set course-specific placement criteria based on a student’s test score on the COMPASS, ASSET, or
KYOTE test. There were some changes to placement criteria over the study period, including the addition of a new
placement test (KYOTE) in 2011-12 and a change in the minimum ACT score from 18 to 19 in 2010-11.
Importantly, these differences affected all KCTCS institutions within a given year, allowing the research design to
difference out any effect these changes might have on student outcomes.
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such as automotive technology and dental hygiene. Credits from this type of degree are typically
not transferrable to four-year institutions in the state. As shown in Figure 1.1, students who are
interested in pursuing a transferrable associate’s degree (AA/AS) must have placed out of
remediation entirely on a placement test or complete all of their assigned remedial courses
through Intermediate Algebra before beginning the gateway college-level math requirements for
these degrees. Students who are interested in pursuing a terminal associate’s degree (AAS) must
either have placed into Intermediate Algebra or above on the placement test or must complete all
of their assigned remedial courses through Basic Algebra before beginning the college-level
math requirement for that degree track.

Like many states, Kentucky has been concerned in recent years about improving
students’ academic preparation for college and increasing success in remedial college courses.
In 2009, the state passed a law (Senate Bill 1) to change the assessment and accountability
system in Kentucky in order to improve the rigor of the state’s academic standards and increase
the number of students who are college ready. The law in part also called for a “unified strategy”
to reduce college remediation rates and to increase completion rates for those enrolled in at least
one remedial course. In response, the Kentucky Department of Education (KDE) and the Council
of Postsecondary Education (CPE) developed four strategies primarily focused on improving
students’ college readiness in high school, including access to accelerated learning opportunities
(e.g. AP, IB, and dual enrollment opportunities), providing targeted interventions to students
who fall behind in high school, and increasing access to high quality college and career advising.
It also encouraged colleges to adopt summer bridge programs and “accelerated, online, and/or

alternative learning formats” to improve success in remedial courses (CPE, 2010).

12



While much of the response to these changes targeted high schools, colleges also pursued
strategies affecting remediation that generally fell into two categories. First, some colleges
within KCTCS decided to transform instruction in remedial courses by adopting the emporium
model. At least four of the sixteen colleges in KCTCS received funding from a program funded
by the Gates Foundation — Change the Equation — to support these efforts. An additional three
were funded through a CPE grant to implement initiatives to support Senate Bill 1 (Quillen,
2010). Second, colleges tried partnering with high schools or creating summer bridge programs
to reduce the number of students arriving on campus needing remediation (Quillen, 2010).
However, as shown in Figure 1.2, the rates at which students enrolled in Pre-Algebra, Basic
Algebra, and Intermediate Algebra at adopting and non-adopting institutions stayed mostly
constant and parallel between fall 2008 and fall 2013. Therefore, the main impact of the bill at
the college level appears to be encouraging some institutions to adopt the emporium model.

Figure 1.3 illustrates the number of colleges using the emporium model in KCTCS
colleges between Fall 2008 and Fall 2013.8 In total, ten out of fifteen colleges adopted the
emporium model in Pre-Algebra and Basic Algebra, mostly in the fall of 2011 but some in the
fall of 2010 or 2012.° Seven colleges in the sample adopted the emporium model for
Intermediate Algebra with an almost even number of adoptions each year in fall 2010, 2011, and

2012.'"° Among colleges which adopted the emporium model, there are a few factors which could

8 Some colleges that adopted the emporium model allowed instructors to do a modified emporium model in which
they kept some time for lecture. Note that this should attenuate any differences I find between the emporium model
and traditional instruction.

% One of the sixteen community colleges in KCTCS is excluded from the analysis sample. See the data section
below for more details.

19 All but one college that adopted the emporium model in Pre-Algebra also adopted it in Basic Algebra at the same
time. However, the timing of the adoption of the emporium model in Intermediate Algebra differed from the timing
of adoption in Pre-Algebra or Basic Algebra in half of the cases in which a college adopted the emporium model in
those courses.
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Figure 1.2. Fraction of Entering Students Taking a Remedial Math Course at Adopting and
Non-Adopting Institutions, Fall 2008 to Fall 2013
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Notes: Sample includes all students who enroll in the fall between 2008-09 and 2013-14 at adopting
and non-adopting institutions. Students are counted as taking a particular remedial math course if they
enroll in that remedial math course by the fall after first enrolling in college. Bluegrass Community
and Technical College is excluded to match the analysis sample.
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Figure 1.3. Number of Colleges Using the Emporium Model
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analysis sample.

have driven differences in the timing of implementation. First, it is possible that some colleges
simply heard about the emporium model earlier than others, or that staff or faculty members
were more interested in adopting the model than others. In addition, implementation delays may
have caused variation across sites in the timing of emporium adoption. Implementing the
emporium model required several steps, including setting up an appropriate computer lab space,
purchasing software, training faculty members, and in some cases, obtaining funding. Some
colleges may have had more available computer lab space suited to the task, while others had to

establish these spaces.
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1.3. Data and Sample

I use data from the Kentucky Center for Education and Workforce Statistics (KCEWS)
on college course-taking, enrollment, degree attainment, and student demographics for students
enrolled in KCTCS colleges between 2008-09 and 2015-16. I also use high school data from
KCEWS including high school ACT scores and free and reduced price lunch (FRPL) status
which I merge with the college enrollment files. To identify emporium model courses, |
constructed a dataset which tracks the adoption of the emporium model at KCTCS colleges for
each of the three remedial math courses offered. I first assembled a dataset based on publicly
available sources (e.g. grant documentation, old course schedules, public reports) and then
reached out to each of the KCTCS colleges to confirm the implementation timeline.

The sample is limited to degree-seeking students who first enroll in a fall semester
between 2008-09 and 2013-14 and who take a remedial math course in their first semester.!!
Many colleges which adopted the emporium model began piloting it in a spring semester before
using it in all or almost all of their sections in the fall.!? Students who take remedial courses in
the pilot spring would have a choice as to which section to take, thereby allowing students to
select into emporium versus traditional instruction. To avoid this, I restrict the sample to students
who first enroll in a fall semester and take their first remedial course that semester. Of course
students who were already enrolled before the emporium model might adjust the timing of their

remedial course-taking to either take remedial courses under the emporium model or avoid the

11'58% of students who begin college between 2008-09 and 2013-14 first enroll in a fall semester. Three quarters of
students who enroll in a remedial math course within three years take it their first semester.

12 In a few cases, even in the fall a college did not fully implement the emporium model in all sections. Typically,
less than 20% of students were affected, so in these cases the college is coded as using whatever the majority of
students were using in that semester. The one exception was Bluegrass Community and Technical College, in which
approximately 40% of students were enrolled in the emporium model across several fall semesters. This case is
discussed below.
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emporium model. However, this would cause remedial enrollments to either grow or shrink
when the emporium model is introduced. I test for changes in remedial enrollment in section V
and find no evidence that students were adjusting enrollment in response to the introduction of
the emporium model.

I also limit the main analysis sample to exclude one college which allowed students to
choose between the emporium model and traditional instruction after adopting the emporium
model. In this college, after the adoption of the emporium model, approximately 40% of students
were enrolled in the emporium model version of the course and the remaining students were in
traditional instruction. Because this college could not be clearly classified as adopting or not
adopting, I drop it from the sample. However, the main results hold when I include this college
as an adopting institution, though are somewhat attenuated.

Summary statistics for the analysis sample are shown in Table 1.1 for schools which
adopted the emporium model in at least one course and those which never adopted it. The first
column includes all degree-seeking students who ever enrolled for the first time between 2008-
09 and 2013-14 in any term (fall, spring, or summer). The second column limits the first
column’s sample to students who are enrolled in a remedial math course within one year of
enrolling in college. The third and sixth columns limit the sample further to those who first enroll
in the fall and take a remedial course their first semester. Together, these columns constitute the
analysis sample.

Adopting colleges tend to have larger annual enrollments and serve a more disadvantaged
population. Their students tend to come from counties that have higher poverty rates for school
age children (26% vs. 21%) and have ACT English and math scores about one point lower on

average. While math remediation rates are high in both groups, students in adopting colleges are
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Table 1.1. Summary Statistics

Adopting Colleges Never Adopting Colleges
Remedial Remedial
All Math Analysis All Math Analysis
Students  Students  Sample Students  Students Sample
Academic year enrollment 8,873 - - 7,961 - -
(5,747) (4,231)
Earn degree within 3 years 0.20 0.15 0.14 0.21 0.17 0.15
Take remedial math course 0.44 1 1 0.36 1 1
within year 1
Enroll in fall and take 0.21 0.47 1 0.16 0.45 1
remedial math 1% term
Begin in Pre-Algebra 0.22 0.50 0.51 0.17 0.48 0.47
Begin in Basic Algebra 0.17 0.39 0.39 0.15 0.41 0.41
Begin in Intermediate 0.05 0.11 0.11 0.04 0.12 0.12
Algebra
Full time 0.51 0.62 0.75 0.46 0.54 0.69
Female 0.59 0.63 0.63 0.58 0.61 0.61
White 0.81 0.80 0.82 0.79 0.78 0.79
African-American 0.13 0.15 0.13 0.13 0.15 0.14
Other race 0.04 0.04 0.04 0.07 0.06 0.06
Race not reported 0.02 0.01 0.01 0.02 0.01 0.01
County of origin poverty 25.83 26.43 26.94 20.90 20.94 21.19
rate (age 5-17)
(8.64) (8.68) (8.80) (6.01) (5.80) (5.83)
Age at entry 28.76 28.27 26.64 28.29 28.71 27.23
(10.03) (9.73) 9.17) (9.68) (9.60) 9.27)
ACT math 17.80 16.10 16.07 18.81 16.08 16.01
(3.49) (1.90) (1.79) (3.93) (1.86) (1.68)
ACT English 17.71 15.98 15.97 18.70 15.94 15.87
(5.13) (4.38) (4.30) (5.22) (4.21) (4.14)
Missing ACT math or
English 0.70 0.70 0.62 0.70 0.75 0.66
Colleges 10 10 10 5 5 5
Observations 107,237 47,501 22,204 72,509 26,103 11,846

Notes: Means are reported with standard deviations in parentheses for continuous variables. Sample is
limited to degree-seeking students who first enroll in the KCTCS system between the 2008-09 and 2013-
14 school years. The second and fifth columns restrict this sample to students who enroll in a remedial
math course within one year of starting college. The third and sixth columns limit the sample further to
students who first enroll in the fall and take a remedial math course their first semester. Academic year
enrollment consists of the total number of students who enroll for the first-time in the fall, spring, or
summer of a given year. County of origin poverty rate is missing for a small number of students (less than
5% in all columns). Poverty rates come from the 2009 Small Area Income and Poverty Estimates (SAIPE).
Age at entry calculated based on birth year and term-year of entry into college. One college is excluded to
match the analysis sample.
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also more likely to enroll in a remedial math course within one year of starting college (44% vs.
36%), though three year degree attainment rates are similar (20% vs. 21%). Among remedial
students, a similar proportion begin remediation in each of the levels. Approximately half take
their first remedial course in the lowest level of remediation (Pre-Algebra). Another 40% begin
in Basic Algebra, and only 10% begin in Intermediate Algebra. Demographic characteristics
across the two groups of colleges are also similar. In both adopting and non-adopting colleges,
about 60% of the sample is female, about 80% are white, and 13% are black.

On average, students in math remediation appear to have lower test scores and worse
outcomes than the average student. Remedial students are about 5 percentage points less likely
than an average student to earn a degree within three years and have lower ACT math and
English scores than the average student by 2-3 points. However, remedial students’
demographics including race, age, and poverty rates in their counties of origin are similar to the
average student.

About half of the sample of remedial students first enroll in a fall term and take their first
remedial course that semester. These students form the analysis sample. This group appears to be
similar to the average remedial student in that they have similar ACT math and English scores
and are about as likely to graduate within three years. The proportion of students who first enroll
in a given remedial course (e.g. Pre-Algebra, Basic Algebra, or Intermediate Algebra) is also
similar. Although they mostly have similar demographics, the analysis sample tends to be
younger by a year and a half and are more likely to be enrolled full-time. Given that these
students are enrolling in a remedial course in their first term, first enroll in the fall, and a more
likely to be full-time, the analysis sample may be somewhat positively selected relative to the

average remedial student.

19



1.4. Research Design

I use a difference-in-difference-in-differences (triple difference) design to identify the
effect of using the emporium model for math remediation compared to traditional instruction in a
student’s first remedial math course. I estimate change in outcomes for students assigned to the
same level of remediation who started college before versus after the implementation of the
emporium model while differencing out two changes: first, the change in outcomes for students
in the same level of remediation at comparison colleges, and second, the change in outcomes for
students in different levels of remediation in the same college.'® This strategy eliminates any
time invariant differences between colleges and courses which adopted the emporium model and
those that did not. It will also difference out any contemporaneous statewide changes (such as
changes in college readiness standards or labor market conditions) which could be affecting
students’ outcomes and contemporaneous changes within adopting colleges that affect all
remedial courses (such a change in resources available for remedial courses). Also, by making
comparisons of colleges which have either adopted the emporium model for a given remediation
level or not, I avoid the problem of student selection into emporium courses which might have
biased estimates had I simply compared outcomes for students in emporium courses to students
in traditional courses within a college. The assumption underlying this strategy is that the
differences in outcomes before and after implementation of the emporium model in a particular
course in the comparison schools is the same in expectation as it would have been in adopting

schools had they not adopted the emporium model.

13 Students can begin in one of three different levels of remediation. Since the courses are sequential, I assign
students to a remediation group based on which of the three levels of remediation they first take. I estimate effects
on remedial course outcomes only for a student’s first remedial course, since the introduction of the emporium
model in one course could affect whether a student takes a later course.
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I estimate the effect of the emporium model by estimating the following model with
OLS:
(1) Yieje = BTreatyjr + Oy +mee + Aje + ¥Xicj + €icje
Yicj¢ 1s student 1 in remedial course ¢ in college j in year t’s outcome of interest. 4 Treat, jt 1s an
interaction between an indicator for whether a college j adopted the emporium model for course
c and an indicator for whether the year is after the college’s adoption year. S is the coefficient of

interest capturing the effect of the emporium model. 6,; are course-by-college fixed effects, 7.,
are course-by-year fixed effects, and A;; are college-by-year fixed effects. X;.; is a vector of

time-invariant student characteristics, including gender, race, ethnicity, and age at entry. Lastly,
Eicj¢ 18 the idiosyncratic error term. Errors are always clustered at the college-course level, as
this is the unit at which the treatment is rolled out (Abadie et al., 2017).

In order to relax the assumption that differences between treated and control courses were
constant before and after the emporium model was adopted, I also estimate a less parametric
specification which allows the effects of treatment in the pre-treatment and post-treatment time
periods to vary by year. Specifically, I use equation (1) but replace the treatment indicator with a
set of indicators denoting the year relative to the last pre-treatment year (m = —1), which is

excluded.

3
(2) Yigje = Z BmTreat mejy + 0. + e + Aje + VXicj + €icje

m=—4
The pre-treatment coefficients provide a test of whether there are pre-treatment differences in the
trends between treated and control group courses, which could be driving the observed results.

The post-treatment coefficients help to answer the question of whether the treatment effect varies

14 Remedial math courses consist of Pre-Algebra, Basic Algebra, or Intermediate Algebra.
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depending on the year of implementation. For example, we may expect that a college is able to
improve its implementation in subsequent years after the initial adoption year so that the effects
of the emporium model become more positive over time. Note that the coefficients on the
indicators across years are not estimated with a balanced sample, since not all colleges and
courses are observed for the full set of pre- and post-treatment years. As a result, the estimates of
the indicators for each year relative to treatment will reflect differences in the effects of the
emporium model over time but also differences in the implementation of the emporium model at
different colleges and in different courses.

Figure 1.4 demonstrates how the identification strategy will exploit variation in the
timing of the rollout of the emporium model across courses. This figure shows the average rate at
which students in a given cohort pass their first remedial course, grouping students by the year in
which students in their level of remediation in a given college switched to using the emporium
model. (For example, a student who starts in Pre-Algebra would be assigned to the Pre-Algebra
course group. If their college adopted the emporium model in Pre-Algebra in 2010, they would
be included in the “Adopt 2010 group in the figure). In the years before emporium adoption, the
figure shows that cohorts had mostly stable pass rates. However, pass rates fell sharply with the
adoption of the emporium model for each group. In contrast, the group of students in courses that
were never switched to the emporium model (“Never Adopt™) have mostly stable pass rates over
this period of time.'> The following section reports the formal estimates from the triple

difference model in equation (1).

15 Goodman-Bacon (2018) shows that time-varying treatment effects in a two-way fixed effect difference-in-
differences model (or triple difference, in this case) can lead to biased results. Specifically, the comparison between
early adopters and late adopters where early adopters serve as the comparison group for later adopters will be biased
if the treatment effects are time-varying. This figure shows that for the 2011 and 2012 adopters, the effect of
switching to the emporium model is mostly time-constant. However, for the 2010 adopters, pass rates continued to
decrease in the second year after adoption before levelling off. As a result, the part of the estimate that comes from a
comparison of early adopters in 2010 to late adopters in 2011 will be biased upward; part of the negative effect of
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Figure 1.4. Pass Remedial Math in First Term by Adoption Timing Group
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Notes: This figure plots the pass rates for students in their first remedial course splitting the
sample by when a given course and college adopted the emporium model (Adopt 2010 indicates
courses that switched to the emporium model in Fall 2010). The sample matches the main
analysis sample and includes all students who first enroll in a fall semester and take a remedial
course their first semester between 2008-09 and 2013-14.

1.5. Results
I estimate the effect of blended learning on a range of student outcomes in Tables 1.2 and
1.3. In each outcome in Table 1.2, there are two regressions. The first regression in column 1

uses the pooled Treat,j; as the independent variable of interest. The second regression in

the emporium adoption for the 2011 adopters will be absorbed by the comparison group’s negative change in pass
rates from 2010 to 2011. Because the triple difference estimates are a weighted average of many difference-in-
difference estimates including this one, the estimates will be somewhat understating the true negative effect of
emporium adoption and can be viewed as an upper bound estimate of the true negative effect.
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Table 1.2. Impact of Emporium Model on Course Qutcomes

(@) 2
Emporium
Emporium Emporium Emporium in
in any in Pre- in Basic  Intermediate Control
Dependent Variable course Algebra Algebra Algebra Mean
A. Remedial Course
Pass in 1 semester -0.103*** -0.105%%*  -0.124%** -0.079%** 0.58
(0.024) (0.030) (0.031) (0.036)
Incomplete/Making
Progress in 1*' semester 0.099%** 0.109%**  (.136%** 0.049 0.03
(0.030) (0.027) (0.025) (0.036)
Withdraw in 1*' semester -0.045%* -0.062%**  _0.062%** -0.002 0.12
(0.020) (0.020) (0.020) (0.040)
Re-enroll in same course
within 1 year 0.073%** 0.076***  0.095%** 0.047 0.13
(0.023) (0.023) (0.023) (0.033)
Pass within 1 year -0.093*** -0.093***  _(.107*** -0.079%** 0.62
(0.021) (0.028) (0.028) (0.036)
B. College Math
Take college math in year 1 -0.031 0.004 -0.036 -0.081%* 0.18
(0.030) (0.026) (0.028) (0.042)
Take college math within 3 -0.047* -0.024 -0.042 -0.088** 0.38
years
(0.025) (0.025) (0.027) (0.034)

Notes: Each number 1-2 at the top of the table represents a separate regression. In the first regression,
point estimates are shown for the main variable of interest (an interaction between an indicator for the
post-treatment period and an indicator for being in a treated college and course). The second regression
splits this variable into the three possible levels of remediation that a student could take. Standard
errors are clustered at the college-course level in parentheses. All regressions have demographic
controls and institution-by-year, institution-by-course, and course-by-year fixed effects. Sample is
limited to students who first enroll in a fall semester and take a remedial course their first semester
between 2008-09 and 2013-14. All regressions have 34,050 observations, except for the following
cases: Students missing a grade in their first term remedial course are dropped from the sample for the
following outcomes - Pass within 1% semester, Incomplete/Making Progress in 1% semester, Withdraw
in 1% semester — yielding a sample size of 32,972. Students who are missing grades for all courses
taken in their first year are dropped from the sample for the following outcome — Pass within 1 year —
yielding a sample size of 33,092. Almost all of the missing observations come from 3 institutions in the
2008-09 school year which did not report grades in remedial math courses. Excluding students in these
institutions in 2008-09, only 0.4% of the sample is missing a grade. *** p<0.01, ** p<0.05, * p<0.1.
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columns 2-4 splits Treat.;; into each remedial course to test for heterogeneity by course, i.e.
Treat_Pre.;;, Treat_Basic.j, and Treat_Int.j, (For example, Treat_Pre;; is an interaction
between an indicator for whether a college j adopted the emporium model for Pre-Algebra and
an indicator for whether the year is on or after the college’s adoption year for Pre-Algebra).
From each regression, I report the  from the main treatment variable(s) of interest. The results
were not sensitive to the inclusion of demographic controls, so for simplicity, only results with
controls are shown.
1.5.1. Remedial and College Course Outcomes

When students take remedial math under the emporium model, they are 10 percentage
points less likely to pass the course in one semester, relative to a pass rate of 58 percent with
traditional instruction.'® This large drop in pass rates is similar in magnitude across all three
levels of remediation. The decrease in pass rates appears to be driven by the fact that students are
more likely (by 10 percentage points) to receive a grade indicating the course is incomplete or
still in progress. Under the emporium model, if a student has made progress during the semester
but not enough to complete the course, she can receive this grade for the semester and then re-
enroll the next semester picking up where she left off. Consistent with this policy, under the
emporium model students are also more likely to re-enroll in the same course within their first
year by 7 percentage points. This result holds across Pre-Algebra and Basic Algebra, but the
point estimate for Intermediate Algebra is slightly smaller (4.7 percentage points) and is not
statistically significant. Under the emporium model, students were also 5 percentage points less

likely to withdraw from their first remedial course, an effect that was concentrated in the two

16 A student is defined as passing a course in one semester if he earns a P (Passing) or a letter grade of D or better in
the course that semester. Students who withdraw (W), get an Incomplete (I), or receive a grade that indicates that the
course is still in progress (MP or O) are counted as not passing.
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lowest levels of remediation. This may have been due to this fact that students knew that if they
were still struggling to master material at the end of the semester, they could continue taking the
course into the next semester without receiving a failing grade.

The fact that students are re-enrolling in the same course the next semester raises the
possibility that students are simply taking longer to earn a passing grade under blended learning,
but eventually pass the course at the same or an even higher rate compared with traditional
instruction. However, even one year later, students taking their first remedial math course under
blended learning are still 9 percentage points less likely to have ever passed the course, relative
to a pass rate of 62 percent under traditional instruction. These effects are consistent in
magnitude across all levels of remediation.

Another measure of a student’s progress is how quickly she is able to take a college-level
math course. Panel B of Table 1.2 shows that students enrolled in blended learning are 5
percentage points less likely to take college math within three years relative to an average of
38% of students under traditional instruction. The total effect is smaller than the negative effects
on pass rates in remedial math because many students “stopout” or dropout of college before
they take college math. Still, this result indicates that some students would have taken college
math if they were taught using traditional instruction in their remedial courses, but were not able
to do so under the emporium model. The negative effects are concentrated among students in
Intermediate Algebra, who are 8 percentage points less likely to take college math in their first
year under the emporium model. This may be because these students would have been able to
move directly to college-level math had they passed Intermediate Algebra, whereas students in

lower levels of remediation would have needed to pass other remedial courses before enrolling.!”

17 The exception to this are students in Basic Algebra who do not want to earn an AA or AS degree.
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1.5.2. College Credits and Retention

Another measure of a student’s progress is how many college-level credits he is able to
take by the end of his first year. If students are able to progress through their remedial courses
more quickly, or if the structure of the emporium model gives students greater flexibility in their
schedules, they may be able to take more college-level courses for credit their first year. '® Table
1.3 shows there is no change in the number of college credits completed within the first year for
students in Pre-Algebra and Basic Algebra. But, students in Intermediate Algebra complete 1.2
fewer college credits (relative to a mean of 11 credits) in their first year. This is consistent with
the negative effects on taking college math for this group. If students are unable to pass their
remedial math course in their first fall, they are unable to move on to other college courses in
their first spring. However, by the end of year three, the average student taught under the
emporium model has completed 2.1 fewer college credits than those taught under traditional
instruction. The negative effects are largest for students in Intermediate Algebra, who complete
3.7 fewer college credits (relative to the control mean of 22.5 credits), followed by students in
Pre-Algebra who complete 1.9 fewer credits.

There is also evidence that students are discouraged from staying enrolled in college due
to the emporium model. On average, students are about 6 percentage points less likely to be
enrolled in college by the fall after they started (year two), relative to a baseline of 51% of
students taught using traditional instruction. The effect is particularly strong for students enrolled
in Intermediate Algebra. These students are 11 percentage points less likely to be enrolled by
their second year, although the gap drops to 4 percentage points and is no longer statistically

significant by the start of the third year. Students starting in the lowest level of remediation—

18 College credits are defined as course credits which count toward students’ degrees. These do not include remedial
course credits. The typical college course is worth 3 credits.
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Table 1.3. Impact of Emporium Model on College Credits, Retention, & Degree Attainment

(@) 2
Emporium
Emporium Emporium  Emporium in
in any in Pre- in Basic  Intermediate Control
Dependent Variable course Algebra Algebra Algebra Mean
A. College Credits and Retention
College credits
completed in year 1 -0.364 -0.163 0.157 -1.168%** 10.66
(0.271) (0.310) (0.339) (0.432)
College credits
completed within 3
years -2.136%** -1.878%*** -0.958 -3.650%** 22.51
(0.734) (0.657) (0.852) (1.072)
Retention to year 2 -0.059%* -0.048** -0.021 -0.113%%* 0.51
(0.023) (0.021) (0.023) (0.021)
Retention to year 3 -0.038* -0.044%* -0.022 -0.042 0.31
(0.019) (0.019) (0.021) (0.025)
Transfer to 4-year
within 3 years -0.003 0.008 0.009 -0.033* 0.13
(0.015) (0.015) (0.015) (0.019)
B. Degree Attainment
Earn any degree within
3 years -0.051*** -0.047** -0.049** -0.057** 0.16
(0.016) (0.017) (0.020) (0.023)
Earn associate degree
within 3 -0.041%*** -0.030* -0.036** -0.063*** 0.08
(0.013) (0.016) (0.016) (0.016)

Notes: Each number 1-2 at the top of the table represents a separate regression. In the first regression,
point estimates are shown for the main variable of interest (an interaction between an indicator for the
post-treatment period and an indicator for being in a treated college and course). The second
regression splits this variable into the three possible levels of remediation that a student could take.
Standard errors are clustered at the college-course level in parentheses. All regressions have
demographic controls and institution-by-year, institution-by-course, and course-by-year fixed effects.
Sample is limited to students who first enroll in a fall semester and take a remedial course their first
semester between 2008-09 and 2013-14. All regressions have 34,050 observations. *** p<0.01, **
p<0.05, * p<0.1.
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Pre-Algebra — are also 4.8 percentage points less likely to be enrolled by year two, a difference
that persists to year three. Results for Basic Algebra students are smaller in magnitude and not
statistically significant but are negatively signed. Overall, by year three, students are 4
percentage points less likely to be enrolled.

Together, these results indicate that students are leaving college earlier than they
otherwise would have under the emporium model. Of course, this may not be a problem is
students are transferring to four-year institutions faster than they otherwise would have.
However, there also appears to be no effect on a student’s likelihood of transferring to a four-
year college (either public or private) within three years on average, and there is a marginally
significant reduction in transfer rates of 3.3 percentage points among Intermediate Algebra
students.

1.5.3. Degree Attainment

Ultimately, students taught under the emporium model are 5 percentage points less likely
to have earned any degree (e.g. a certificate, diploma, or associate degree) within three years of
enrolling, an effect that is similar in magnitude for students starting in all levels of remediation.
Most of this effect is driven by students who would have otherwise earned an associate degree.
This was particularly true for Intermediate Algebra students who were six percentage points less
likely to earn an associate degree. The negative effects on degree attainment are quite large
considering that only 16% earned a degree within three years when taught under traditional
instruction. These effects are similar in magnitude to the negative effects on retention, suggesting
that students who would have otherwise been able to earn a degree in three years were leaving

college as a result of the emporium model.
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Figure 1.5. Effects of the Emporium Model by Year
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Notes: Each marker indicates the estimated f3,,, from the event study model in equation (2). The
omitted year in each regression is the year just before adoption. The lighter lines on either side of the
centered line represents the 95% confidence interval for each estimated coefficient. The analysis
sample is the same for each outcome as noted in Tables 2 and 3. Note that the panel is unbalanced;
there are fewer treated institutions near -3 and 2 years relative to treatment than in the years closer to
the adoption year. Four years before treatment and three years after treatment have been trimmed
from these figures due to the small number of treated units.
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1.5.4. Event Study Effects

Figure 1.5 plots the S, terms and the corresponding 95% confidence interval for the
main outcomes of interest (The year before emporium adoption (m = —1) is the excluded year).
Differences in outcomes for treated and control students before the adoption of the emporium
model do not appear to be statistically different from one another across the full range of
outcomes. However, in the first year of the adoption of the emporium model, students are much
less likely to pass their first remedial course by the end of one year. They are also less likely to
take and pass a college-level math course within three years and attempt and complete fewer
credits within three years. Reflecting the main results, there is also a significant dip in a student’s
likelihood of re-enrolling in college in their second year and earning a degree within three years
in the years after the adoption of the emporium model. These effects are mostly constant in the
years following adoption and do not appear to dissipate after colleges have had more time to
improve their implementation of the emporium model. While the confidence interval around the
point estimates for years after adoption grow larger (likely due to decreasing sample size), the
point estimates stay roughly constant or, in the case of retention and degree attainment, appear to
grow slightly larger in magnitude in the post-period. Although I cannot track the longer-term
outcomes of courses which switched to the emporium model relatively late in the sample, the
main results appear to hold over time for courses which switched early. This suggests that
colleges have not been able to improve their implementation of the emporium model
significantly over time.

1.5.5. Treatment Effect Heterogeneity
Next, I explore whether the effect of taking a course under the emporium model differs

depending on a students’ age, sex, or race. Age is interesting in this context, because younger
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students might be more comfortable with adopting new technology in the classroom. However, I
find that effects of the emporium model are actually less negative for students age 35 and over.
As reported in Table 1.4, students under age 25 and age 25 to 34 have 9 and 12 percentage point
decreases in their likelihood of passing their first remedial course within one year of starting
college, while students age 35 and older experience no change in outcomes. These differences in
treatment effects are statistically significant (p<0.001). Long term, students age 35 and older
actually earn 4.9 more college credits under emporium instruction. While they are ultimately no
more likely to stay enrolled by year 2 or earn a degree within three years, the point estimates on
these outcomes are positive (Standard errors are larger for this group because they represent
about 20% of the analysis sample). In contrast, students under age 25 and age 25 to 34 earn
about two and half fewer credits within three years and are less likely to earn degrees within
three years. One theory as to why older students have more positive outcomes could be that these
students are more accustomed to managing their time and progress. Since the emporium model
requires students to be active learners who manage their own progress and seek help when they
need it, older students may have better self-management skills that help them to navigate this
environment.

In Table 1.5, I examine heterogeneity in treatment effects by sex and race. The pattern of
results suggests that males and white students experienced larger negative effects of the
emporium model. Males were 13.8 percentage points less likely to pass their first remedial
course within one year and were 9.2 percentage points less likely to earn a degree within three
years. Females experienced smaller decreases in their pass rates (6 percentage points) and degree
attainment rates (3 percentage points). White students experienced a 10 percentage point

decrease in pass rates as a result of the emporium model and were 7 percentage points less likely
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Table 1.4. Impact of Emporium Model by Age

By Age
Dependent Variable <25 25to 34 >34
A. Course OQutcomes
Pass within one year -0.091*** -0.120%** -0.006
(0.027) (0.040) (0.041)
Control Means 0.57 0.67 0.70
Observations 18,245 8,525 6,322
B. Later Outcomes
College credits completed within 3 years -2.590%** -2.651%** 4.907%**
(0.835) (1.280) (1.770)
Control Means 20.32 23.19 27.98
Retention to year 2 -0.092%** -0.014 0.068
(0.022) (0.042) (0.051)
Control Means 0.48 0.52 0.59
Earn degree within 3 years -0.040%** -0.107%** 0.016
(0.010) (0.029) (0.042)
Control Means 0.12 0.18 0.24
Observations 18,786 8,786 6,478

Notes: Each column shows the results from a separate regression matching the regression used in
column 1 of Tables 1.2 and 1.3, but using a sample that is limited to the subgroup noted in the
column heading. Point estimates are shown for the main variable of interest (an interaction
between an indicator for the post-treatment period and an indicator for being in a treated college
and course). Standard errors are clustered at the college-course level in parentheses. All regressions
have demographic controls and institution-by-year, institution-by-course, and course-by-year fixed
effects. *** p<0.01, ** p<0.05, * p<0.1
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Table 1.5. Impact of Emporium Model By Sex and Race

By Sex By Race
Dependent Variable Male Female Black White
A. Course Outcomes
Pass within 1 year -0.138***  _(0.062%* -0.047  -0.100%**
(0.034) (0.030) (0.039)  (0.024)
Control Means 0.56 0.66 0.51 0.64
Observations 12514 20578 4326 26828
B. Later Outcomes
College credits completed within 3
years -2.596* -1.783%* -0.304  -2.228%*
(1.342) (0.687) (1.693)  (0.901)
Control Means 20.65 23.62 16.90 23.41
Retention to year 2 -0.050%* -0.067%** -0.052  -0.057*
(0.029) (0.023) (0.037)  (0.029)
Control Means 0.45 0.55 0.44 0.52
Earn degree within 3 years -0.092%**  -0.028* -0.016  -0.071%***
(0.022) (0.016) (0.026)  (0.017)
Control Means 0.13 0.17 0.09 0.17
Observations 12837 21213 4437 27633

Notes: Each column shows the results from a separate regression matching the regression used in
column 1 of Tables 3 and 4, but using a sample that is limited to the subgroup noted in the column
heading. Point estimates are shown for the main variable of interest (an interaction between an
indicator for the post-treatment period and an indicator for being in a treated college and course).
Standard errors are clustered at the college-course level in parentheses. All regressions have
demographic controls and institution-by-year, institution-by-course, and course-by-year fixed effects.

seskok p<0-01, %k p<0.05, * p<0.1
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to earn a degree within three years. In contrast, black students experienced smaller changes in
degree attainment rates on average (The p-value of the difference in the effects on degree

attainment for black students compared with white students was 0.079).

1.6. Robustness & Validity Checks

While the results indicate that the emporium model is associated with a decrease in pass
rates and degree attainment rates, three main threats to validity remain. First, the composition of
the students taking remedial courses might have changed at the same time as the introduction of
the emporium model. For example, a student may try to avoid remediation by taking the
placement test an additional time or by petitioning administrators or faculty. If student effort or
college leniency in granting these waivers increased at the same time that the emporium model
was implemented, then the observed results may be biased downward.

Table 1.6 tests for observable changes in remedial enrollment among students who first
enroll in college in a fall semester between fall 2008 and fall 2013. If students are more (or less)
willing to comply with assignment to remediation under the emporium courses or if schools
become more (or less) strict about allowing students to avoid remediation under the emporium
model then the introduction of the emporium model should predict a change in enrollment in
remedial courses. To test this, I estimate enrollment changes using a basic difference-in-
differences model with year and institution-by-course fixed effects using a dataset that is
collapsed to the institution-course-year level. I find that the introduction of the emporium model
in any course in a college or in a specific course does not affect the number of students enrolling

in a remedial course in their first term or within one year.
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Table 1.6. Impact of Emporium Model on Enrollment and Student Characteristics

Q) 2)
Emporium
Emporium Emporium Emporium in
in any in Pre- in Basic  Intermediate
Dependent Variable course Algebra Algebra Algebra
A. Enrollment
# Enrolling in a Remedial Math
Course Within 1 Year -12.586 6.450 -23.028 -24.897
(11.109) (14.082) (18.306) (15.705)
# Enrolling in Remedial Math
Course in First Term -8.315 2.490 -11.588 -19.136
(9.080) (11.037) (15.121) (12.010)
B. Student Characteristics
Female 0.004 -0.016 0.003 0.037
(0.017) (0.020) (0.025) (0.030)
White -0.001 -0.005 -0.013 0.017
(0.013) (0.011) (0.015) (0.017)
Black 0.016 0.018 0.034%* -0.005
(0.011) (0.011) (0.014) (0.017)
Full time -0.011 -0.005 -0.017 -0.013
(0.015) (0.019) (0.023) (0.020)
Age at entry 0.460 1.239%* -0.255 -0.079
(0.403) (0.563) (0.556) (0.843)
ACT math 0.056 0.065 0.150 -0.020
(0.092) (0.103) (0.123) (0.177)
ACT English 0.558%** 0.785%** 0.328 0.479
(0.246) (0.276) (0.362) (0.320)
FRPL in 12th Grade 0.000 0.001 0.025 -0.017
(0.021) (0.028) (0.032) (0.040)

Notes: Panel A uses a dataset that is collapsed to the institution-course-year level to estimate the
effect of the emporium model on changes in course enrollment in fall terms from fall 2008 to fall
2013. Column 1 regresses enrollment in a remedial math course in a student’s first term or within
one year on an indicator for a college having adopted the emporium model in a course by that year.
This model includes year, institution, and institution-by-course fixed effects. Columns 2-4 repeat
this exercise but break out the adoption indicator into the three possible course options. Panel B
reports the main variable of interest from equation (1) and uses the analysis sample, i.e. students
who enrolled for the first time in a fall semester between fall 2008 and fall 2013 and enrolled in a
remedial math course in their first term. Sample size in Panel A is 270 and Panel B is 34,050, except
for the ACT math (12,391), ACT English (12,412), and FRPL (10,811) regressions. See Table 1.1
notes for more details on Panel B variables. Standard errors are clustered at the college-course level
in parentheses. *** p<(0.01, ** p<0.05, * p<0.1.
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I also check for changes in the observable characteristics of students in the analysis
sample in Panel B of Table 1.6 by using equation (1) but replacing the outcome with student
characteristics. If the introduction of the emporium model coincided with changes in the
composition of the student body (e.g. if more well-informed or motivated students choose to take
remediation under the emporium model or avoid it), this could be driving the observed results.
On average and within individual courses there are few differences in the type of student taking
remedial courses after the introduction of the emporium model by sex, race, full-time status, age
of entry, ACT math scores, and free-and-reduced price lunch in 12" grade. Students enrolled in
Basic Algebra are slightly more likely to be black, but this change does not occur in any other
course or on average across courses. Similarly, students in Pre-Algebra are slightly older, but this
difference is also not present across other levels of remediation or on average. Lastly, there is an
increase in ACT English scores in Pre-Algebra and an increase in average ACT English scores.

However, these few changes are unlikely to drive the observed results. First, given that
the pattern of results is typically consistent across all three levels of remediation, it is implausible
that changes in specific levels of remediation (such as the increase in student age in Pre-Algebra)
are driving the results. Second, the direction of any bias induced by these small changes would
likely be positive, as older students and students with higher ACT English scores are more likely
to succeed in college. Thus, the observed results would be a lower bound estimate of the true
effect. Third, the main specifications control for most of these characteristics (race, sex, age at
entry, full-time status) and the findings are not sensitive to the inclusion of controls, as shown in
Table A1.1 in the Appendix. Because only 36% of the sample has ACT math and English scores,
I conduct an extra robustness test in which I limit the sample to those with ACT math and

English scores and then test for the sensitivity of the estimates to these controls in Table A1.2 in
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the Appendix.'® I find no evidence that the main results are sensitive to the inclusion of test score
controls.

A second potential threat to validity is that the timing of the adoption of the emporium
model in specific courses at specific colleges may not be random. Colleges which choose to
adopt the emporium model may be motivated to make changes in a course in which pass rates
have been falling. Because it takes time to establish an emporium center (e.g. prepare a computer
lab, vet and purchase the software, prepare instructors, pilot the program), most colleges
typically have a lag of a year or two between the time when they decide to implement the
emporium model on their campus in a given course and when they actually implement it. This
provides an opportunity to test if other factors which led a college to adopt the emporium model
in a particular course are in fact driving the observed results. To test this hypothesis, I use the
event study models in Figure 1.5. The results show that in the years prior to adopting the
emporium model there were not statistically significant differences between the treatment and
control group trends, which supports the claim that there were no other changes that occurred in
the years before emporium adoption that might be driving the observed results. Instead, across all
the main outcomes of interest, there is a sharp change in trends in the first year of emporium
adoption. I also examine whether the results would hold if I limit the sample just to institutions
which adopted the emporium model in at least one remedial course. The results from this
exercise (shown in Table A1.3) are quite similar to the main results shown in Tables 2 and 3.

The third threat to validity is that colleges which adopt the emporium model in a

particular course might differ from colleges that do not in ways which could affect the results.

19 ACT math and English scores in this sample come from merging community college enrollees with their high
school assessment records. Kentucky started statewide ACT testing for 11% graders in 2007-08. By 2009-10, most
students enrolling in community college straight after leaving high school have an ACT score. However, because
most community college enrollees are much older than 18, many students in the sample are missing testing records.
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For example, it could be that instead of choosing to introduce the emporium model, the control
colleges decided to implement other changes to improve their students’ outcomes. Aside from
the emporium model, another reform idea that colleges could have pursued was working with
high schools in the area to reduce students’ need for remediation before they arrive on campus.
First, unlike the emporium model, these changes were aimed at reducing the total number of
students in remediation, not changing the instruction in remedial courses. Second, if control
colleges were adopting these measures at the same time that the emporium model was being
implemented at treated colleges, it would reduce the total number of students needing
remediation in the control colleges relative to treated colleges. However, neither Figure 1.2 nor
Table 1.6 show evidence that the fraction or the number of students enrolling in remedial courses

increases with the introduction of the emporium model.

1.7. Discussion and Conclusion

This study provides evidence on the effects of using blended learning in college courses.
Using a triple difference design, I find that students enrolled in courses using the emporium
model are significantly less likely to pass their first remedial course than if they had been taught
with traditional instruction. Moreover, the emporium model is associated with a reduction in the
number of college credits students earn. In other words, students who are taught using blended
learning are kept from progressing to college-level courses that some of these students would
have otherwise passed. Students also leave college earlier than they otherwise would have. Three
years after enrolling, students are 5 percentage points less likely to have earned any degree
(certificate, diploma, or associate’s) and 4 percentage points less likely to earn an associate’s

degree specifically than if they had been taught with traditional instruction.
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Jepsen et al. (2014) estimate that KCTCS graduates with associate’s degrees increase
their quarterly earnings by $1,484 for males and $2,363 for females approximately five to six
years after entering college compared to students who do not earn a degree (as measured in 2008
dollars). Assuming these gains are constant and that a student works for an additional twenty
years, the additional income a student could gain would be almost $120,000 for males and
$190,000 for females over their lifetimes. For the students who are kept from earning a degree
because of the emporium model, these losses are significant.

These results suggest caution in using blended learning approaches with students who are
less academically prepared for college. Prior studies of blended learning at the college-level have
found no difference between blended and in-person instruction, but have focused on students in
four-year public institutions in microeconomics and statistics courses, in some cases with
samples of students who volunteer to be randomized. This study extends this literature to
students in two-year colleges in remedial math courses, and examines a context in which
students do not have a choice of using in-person or blended learning. The results resemble the
negative findings from studies comparing online to in-person courses?’ and accord with the
general pattern of results from these studies which have found larger negative effects for students

with lower levels of academic preparation (Bettinger, et al, 2017; Xu & Jaggars, 2013).%!

20 For example, Xu and Jaggars (2013) find students are less likely to stay enrolled to the end of the term (i.e. are
more likely to withdraw) by 6.5 percentage points when the course is online compared to in-person, which is
somewhat similar to the 4.5 percentage point increase in withdrawals I find. Similarly, Bettinger et al. (2017) find
that taking a course online compared to in-person reduces retention to the second year by 10.5 percentage points,
while I find a 6 percentage point reduction.

2! While students in this sample are less academically prepared than the average community college student, they
may be somewhat positively selected among all remedial math students because the analysis sample is focused on
students who take remedial math in their first term and enroll in a fall term. It is possible that the negative effects
would be even larger in magnitude if all remedial students were included in the sample.
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Although it is clear that students struggle to pass their courses under the emporium
model, it is not clear why. Three potential mechanisms might be at work. First, online courses
appear to require greater self-management skills to direct student learning (Bork & Rucks-
Ahidiana, 2013). In a qualitative study of computer-mediated instruction in Tennessee, Fay
(2017) finds that colleges treat students as self-managed, autonomous learners, while high
schools adopting the same model of instruction provided greater scaffolding to students. Coming
from a structured high school environment to college, students may struggle under the emporium
model to complete their coursework if they lack supports such as class-imposed deadlines,
especially if they know they can just pick up where they left off in the next semester if they do
not finish.

Second, the self-directed nature of the emporium model might hurt students’ ability to
form relationships with other students and professors, which could reduce their attachment to
college. Studies of online learning have found that students describe their online instructors as
more “distant” and less “personal” than their interactions in a traditional classroom (Jaggars,
2014). Because the emporium model is typically self-directed, students also may not have as
many natural opportunities to interact with their peers and understand how they are learning in
the classroom. First generation students in particular may be unaware of what is necessary to
succeed and may struggle to absorb norms from their peers given a more limited opportunity to
interact or observe others’ learning (Collier & Morgan, 2008).

Third, it is also possible that fewer students passed under blended learning because
students are held to a common standard that might be higher than what they would have
experienced in a traditional classroom. Because the emporium model is mastery based, students

cannot move on to the next module without passing the previous one. The assessments were also
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not standardized between the pre-adoption and post-adoption periods, so another possibility is
that the assessment became more challenging. However, even if the emporium model is simply
holding students to a higher standard before allowing them to enroll in college-level courses, this
higher standard appears to keep students from enrolling in college math courses they would have
otherwise been able to succeed in. Compared to students in traditional instruction, by their third
year students in remedial blended learning courses are five percentage points less likely to take
college math, earn 2.1 fewer college credits, are four percentage points more likely to leave
college, and are five percentage points less likely to earn a degree. If the standard for passing
remedial courses has been raised, it has been raised to a level that keeps students from earning
degrees that they otherwise would have been able to obtain.

Overall, the results from this study indicate that blended learning models such as the
emporium model may not be as effective as in-person instruction in remedial math courses.
Future research should aim to disentangle the mechanisms driving these results and test
modifications to the emporium model that might improve students’ experiences. For example,
colleges have discretion over several elements of the emporium model, such as the student-to-
instructor ratio and the type of instructors in the classes (e.g. adjunct faculty, tenured faculty,
tutors). Colleges can also choose whether to set specific class times that students must be in the
lab or can allow students to drop-in during specific hours. Similarly, instructors can decide how
much scaffolding to provide to help students pace themselves through the semester. As colleges
try to innovate to improve students’ outcomes and reduce the costs of instruction, it is clear that
it will be necessary to continue to experiment and rigorously evaluate these efforts to identify
blended learning models that might be as effective as in-person instruction for less academically

prepared students.
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Chapter 2

Are Four-Year Public Colleges Engines for Mobility?
Evidence from Statewide Admissions Thresholds
2.1. Introduction
“This bill proposes to establish a college in every state..., accessible to all, but especially the
sons of toil.”

- Congressman Justin Smith Morrill on the Land Grant College Act of 1862

As the college wage premium has grown since the 1980s, a bachelor’s degree is
increasingly viewed as a gatekeeper to a higher quality of life and a path to mobility for those
coming from disadvantaged backgrounds (Goldin & Katz, 2008). However, the cost of four-year
college is high and rising in real dollars (Ma et al., 2018). Two-year public colleges promote
access to college at a lower price, but students may struggle to transfer to four-year colleges to
obtain a bachelor’s degree. In this context, four-year public colleges may play a uniquely
important role in promoting access to four-year college for disadvantaged students and enabling
economic mobility.

A nationwide descriptive study of colleges’ effects on intergenerational income mobility
found that the institutions with the highest bottom-to-top income quintile mobility rates were
mid-tier public institutions, as these institutions enroll a large share of students from the bottom
quintile of the family income distribution (Chetty et al., 2017). However, there is relatively little
long-term, causal evidence of the effects of college choice on earnings and the costs of college.
This is an important question for four-year public colleges, which receive a substantial portion of
support from the government and were founded in part with a social mission of expanding access
to non-wealthy students. As state appropriations per student have declined at four-year public
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colleges over the last twenty years, understanding the value of these investments is important for
state policymakers (Mitchell et al., 2017).

Identifying the causal effect of four-year public colleges on students’ long-run earnings is
challenging because there are large differences in the types of students attending four-year public
colleges in terms of academic preparation and financial resources. Separating the causal effect
from the effects of non-random student sorting across colleges requires identifying an exogenous
source of variation in where students enroll. In this study, I use a regression discontinuity design
to estimate the causal effect of access to the four-year public college sector on earnings and costs
for students on the margin of qualifying for admission. To do so, I leverage the sliding admission
scale for four-year public colleges in Massachusetts, which is based on high school grade point
average (GPA) and SAT scores. Nationwide, one-fifth of four-year institutions report using test
scores to define an admissions threshold (Briggs, 2009), and in the public sector, many states
including Georgia, Florida, and Texas set minimum thresholds based on test scores, grade point
average (GPA), or class rank to determine admission to public four-year colleges. While there is
a large research base examining the effects of loosening financial constraints on college
enrollment, completion, and earnings (e.g., Kane, 2003; Deming & Dynarski, 2010; Castleman
& Long, 2016; Denning et al., 2019; Scott-Clayton & Zafar, 2019; Bettinger, Gurantz, et al.,
2019), there is much less research on the effects of admissions thresholds in constraining access
to colleges.

Since the admissions thresholds are public information, one concern with this design is
that students might behave strategically to move above the admissions threshold by retaking the
SAT or lobbying a teacher for a higher grade to raise their GPA, or that they may be less inclined

to apply if they were below the threshold. As shown in Figure A2.1, students from advantaged
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backgrounds appear to engage in this behavior, while low-income and underrepresented minority
(URM) students do not, likely because of differences in resources and information available to
these students.?? Since the regression discontinuity design relies on students not manipulating the
running variable, I focus on low-income and URM students.

Regression discontinuity estimates show that a student’s probability of admission to a
four-year public college increases by 25 percentage points at the threshold. Admission increases
a student’s likelihood of enrolling in a four-year public college by 58 percentage points for
students who would have otherwise enrolled in a two-year college (19 pp), four-year private
college (13 pp), or no college at all (18 pp). It also increases bachelor’s degree attainment by 15
percentage points, in part by shifting students away from associate or certificate degrees. Eight to
fourteen years following their application to college, admission to a four-year public college
raises students’ average annual earnings by $7,950 (as measured in 2018 dollars), a 26% increase
in earnings relative to the comparison group. The large gains for low-income and URM students
are concentrated among males and students with persistently low family income. Although
admission to a four-year public college causes students to enroll in a four-year college for an
additional year, there is no increase in the private costs of college on average, which appears to
be driven by the large cost savings from some students switching from four-year private colleges
to four-year public colleges. The additional investment the state makes in admitting students to
four-year public college pays for itself in increased tax revenues within twenty years.

This study is the first paper to estimate the long-run effects of admission to a state’s four-

year public college sector on applicants’ earnings and college costs. Two prior studies have used

22 Prior work has shown that underrepresented minority and lower-income students are less likely to retake the SAT
(Goodman et al., 2020) and that low-cost interventions to support low-income students can help them to enroll in
college at higher rates (Bettinger, et al., 2012; Castleman & Page, 2015) or enroll in more selective colleges (Hoxby
& Turner, 2013; Pallais, 2015).
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regression discontinuity designs to examine the effect of access to a particular university in the
United States on earnings, finding positive effects of access to a state flagship university
(Hoekstra, 2009) or a less selective four-year public university in Florida (Zimmerman, 2014).
From international contexts, Kirkeboen et al. (2016) and Hastings et al. (2013) leverage data
from centralized postsecondary admissions systems in Norway and Chile, respectively, to
estimate the effects of college choices on earnings. The closest work from a U.S. context
examines the effects of access to a state’s four-year public sector in Georgia using minimum
SAT admissions thresholds. Goodman et al. (2017) find positive effects of access to four-year
public colleges on bachelor’s degree attainment rates for students who would have primarily
otherwise attended a two-year college. A recent working paper extending this work finds large
positive effects of access on students’ estimated household income at age 30 for students who
take the SAT too late to retake the test before applying (Goodman et al., 2019). Similar to my
analysis sample, this group is disproportionately composed of students who come from low-
income high schools and underrepresented minority students. My paper complements this work
by using applicants’ true wages rather than estimated income and focuses explicitly on
applicants’ wages rather than household income, which includes spousal income.

To estimate the returns to admission, I use student-level college cost and aid data, rather
than relying on institutional average costs (Zimmerman, 2014; Goodman et al., 2019). This is an
important advancement because aid packages can differ substantially across students within
institutions, particularly for low-income students, which will affect estimates of the returns to
college. In addition to using the student-level earnings and cost data to estimate private returns to
the student, I also estimate the returns to the state government for admitting an additional student

at the admissions threshold to a four-year public college. This is important because it directly
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addresses the question of whether the state can recover the additional investment of granting
admission to students on the margin of being admitted. It follows an approach similar in spirit to
Denning et al. (2019), which estimate how quickly the federal government recovers the
additional costs of the Pell Grant through tax revenues, and Bettinger, Kremer, et al. (2019)
which estimate whether the government of Colombia can recover the cost of administering
private secondary school scholarships.

The paper proceeds as follows. Section II reviews the state policy context and the data I
use. Section III presents the empirical methods, validity checks, and the analysis sample. Section
IV reviews the first stage and main results, including effects on enrollment, graduation, earnings,
costs, and aid, while Section V presents the cost-benefit analysis. I conclude with a discussion of

policy implications in section VI.

2.2. State Context & Data
2.2.1. State Context

The public higher education system in Massachusetts consists of fifteen community
colleges, nine state universities, and four research universities within the University of
Massachusetts (UMass) system. The nine state universities include six comprehensive
universities and three specialized colleges with a particular focus on liberal arts, art and design,
or the maritime industry. Approximately half of all graduating seniors in Massachusetts who
enroll in college enrolled in the MA public sector, with just over half enrolling in four-year

public colleges and the remainder in two-year public colleges.?

23 Author’s calculation from graduating high school cohorts of 2002 to 2010. Enrollments are measured by the fall
after graduating from high school.
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The Massachusetts Board of Higher Education (BHE) sets a minimum threshold for
admission to four-year public universities in the state (Massachusetts DHE, 2013). To qualify for
admission to the four-year colleges, students must have a combined SAT (math plus verbal)
score and high school grade point average (GPA) that meet a set of criteria on the sliding scale.

Because the Board has a higher set of thresholds for the UMass institutions, I focus on the state

Figure 2.1. Admissions Threshold Contour Plot for All Applicants
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SAT score and high school GPA bin (Bin size for SAT scores is 40 points, while bin size for high
school GPA is 0.4 points). The white line indicates the admissions threshold for the state
universities. Students on the white line or to the right of the white line qualify for admission.

Sample includes all applicants to state universities. Approximately 3% of observations lie outside
the depicted region in each plot.

university thresholds, as these pose the binding constraint on access to the state’s four-year
public college system. Figure 2.1 plots combined SAT scores and high school GPAs for all

applicants to the state universities in the 2004-2010 application cohorts with a white line
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denoting the application threshold. Students on the white line or to the right of it meet the
minimum qualifications for admission while those under the line do not. It is clear from the
figure that the minimum thresholds affect a substantial portion of applicants.

Exemptions to the minimum admissions thresholds can be granted to at least 10% of
students who enroll in a given cohort. The largest exemption is for special admissions applicants
who have demonstrated their “potential for success in a four-year program” through other means.
Examples include students who have “steadily improving high school grades, a high class rank,
special talents, and/or strong recommendations” (MA DHE, 2013).

The Board of Higher Education also has a policy for how universities are expected to
calculate the weighted GPA used in admissions decisions (MA DHE, 2013). The GPA is based
on a set of sixteen required courses in English, math, science, social sciences, foreign languages,
and electives. An additional 0.5 points are granted for honors courses and an additional 1.0 point
for AP/IP/Dual Enrollment courses.?* In practice, there is wide variation in how the same
student’s weighted GPA is calculated across institutions, suggesting that universities make
different judgments when determining which courses to include and which weights to use when
calculating GPAs from students’ transcripts.

Table A2.1 compares the state universities to the UMass universities and community
colleges for the 2004-05 academic year. On average, the state universities are less expensive to
attend than the UMass universities and more expensive than the community colleges. Education-
related expenditures are higher at the state universities than the community colleges, but less
than in the UMass system. For first-time enrollees, 76% of full-time students return the following

year, and 48% earn a bachelor’s degree within six years. This is slightly lower than the national

24 Some students will have not yet completed all the courses when they apply, in which case the GPA is calculated
without those courses.
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bachelor’s degree attainment rate for first-time enrollees at public four-year institutions of
53%.%
2.2.2. Data

I use student-level data from the Massachusetts’s Department of Higher Education
(DHE) on applicants to the comprehensive four-year public universities who applied to enroll for
the 2004-05 to 2010-11 academic years.?® For each applicant, I have the math and verbal SAT
score used in the admissions decision, demographics (race/ethnicity, gender, age) and a weighted
high school GPA which was calculated by the four-year colleges’ admissions departments from
student transcripts.?’ I also have 10™ grade standardized test scores in math and English and
additional demographics (e.g. free and reduced price lunch status, limited English proficient
(LEP) status) from the Department of Elementary and Secondary Education (DESE).?

To track college enrollments and degree attainment, I combine this with data from the
National Student Clearinghouse (NSC). The NSC collects information on students’ enrollment in
postsecondary education in the U.S. nationally. In Massachusetts, NSC covered 95% of all
undergraduate enrollments in the state as of 2011 and about 90% of enrollments in other states
(Dynarski et al., 2015). The NSC data allow me to identify where students enroll in the fall term

following their spring application (e.g. four-year public, four-year private, two-year college, or

25 National Center for Education Statistics, 2010. Table 343. From the Beginning Postsecondary Students
Longitudinal Survey (1996/01), which follows the cohort beginning postsecondary education in 1995-96 through
2001.

26 MA high school graduates from the 2006-07 school year are omitted from the data because the National Student
Clearinghouse records were unavailable for this cohort in the sample linked to earnings data.

27 The four-year public colleges submit the SAT scores used in the admissions decision. It is not clear what decision
rule is used to determine the relevant SAT if multiple are submitted, as I do not observe multiple SAT scores for
those who took the test multiple times.

28 Test scores are standardized within subject and year relative to the state mean and standard deviation to facilitate
comparison of students within cohorts.
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no college), whether and when they earn a degree and from what type of institution they earn a
degree (e.g. four-year private, four-year public, or two-year public).

I also construct two measures of college characteristics. Traditional measures of peer
achievement at postsecondary institutions consist of measures based on ACT or SAT scores.
However, two-year institutions often do not collect or report this information. Smith and Stange
(2016) take the mean PSAT score of students enrolled at a given college to construct a measure
of peer ability for two-year and four-year institutions. I use a similar approach with
Massachusetts’s high school exit exam scores (the 10" grade MCAS) for the graduating high
school classes of 2002 to 2010.

Another challenge with measuring student outcomes for two-year institutions is that
traditional measures of degree attainment reported in IPEDS do not follow students over time to
examine bachelor degree receipt or transfer rates. Following Goodman et al. (2017), I use the
Massachusetts high school graduating classes of 2002 to 2010 to estimate the mean 8-year
degree completion rates for each college from students who enroll at that college within one year
of graduating from high school. For applicants who do not enroll in any college by the fall after
applying, I assign the mean eight-year graduation rate or the mean MCAS score, respectively, for
applicants in this group.?’

For all students who enroll in any college (public or private) within the state of
Massachusetts, I also use data from the Department of Higher Education on students’ costs of
attending college and their total financial aid package including total grants from all federal,
state, institutional, or outside sources for each year that they are enrolled from 2004-05 to 2016-

17. The data cover all student who either apply for or receive any financial aid award from

2 The mean eight-year graduation rate for applicants to state universities who do not enroll in college by the fall
after applying is 0.103 and the mean combined MCAS score is -0.142.
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federal, state, or institutional sources (The vast majority apply for FAFSA but there are also a
small number of students who did not submit FAFSA but received an award). For all students
who are enrolled in an institution in a given term but are not in the financial aid data, I assign the
student zero federal, state, and institutional aid, as they would have been present in the financial
aid data had they received any aid. I also estimate tuition and fees for these students by
calculating the average tuition and fees for students who enroll in an institution in a given year
with the same enrollment intensity (i.e. the same terms and the same enrollment status (part-time
or full-time) in each term) and received financial aid.°

Students who enroll out-of-state are missing from the data. For these students, I use data
from IPEDS (Integrated Postsecondary Education Data System) assembled by the Delta Cost
Project to estimate costs and aid.*' I calculate the FTE (full-time equivalent) enrollment for each
student in each institution in each year, and multiply this by the listed tuition and fees for an FTE
student. To estimate aid, I subtract net tuition revenue from gross tuition and fee revenue and
divide this by FTE enrollment. I then calculate an estimate of average aid for each student by
multiplying this by each student’s FTE enrollment at an institution in a given year (See
Appendix C for details regarding financial aid variables).

Lastly, I combine this with records from the Massachusetts Department of
Unemployment Assistance (DUA) that include quarterly earnings starting in the first quarter of
2010 through the last quarter of 2018. I convert all earnings, costs, and aid to 2018 dollars using

the CPI-U. The analysis sample is limited to applicants who graduated from a Massachusetts

30 For those with aid, the correlation between these estimates and observed tuition fees is 0.98. This suggests that the
imputed tuition and fees for students that are not in the financial aid data are likely quite accurate estimates.

31 Since Delta Cost data is not available after 2014-15, I use IPEDS to reconstruct the Delta Cost variables for 2015-
16 and 2016-17.
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high school between 2001-02 and 2010-11, as this is the sample that I am able to match to the

labor data.

2.3. Empirical Methods, Validity, and Sample
2.3.1. Empirical Methods

The key challenge to identifying the causal effect of attending a four-year public college
on students’ outcomes is finding an exogenous source of variation in a students’ likelihood of
attending one. In this study, I leverage the sliding scale admissions thresholds used to determine
access to four-year state universities in Massachusetts. For students near the admissions
thresholds, those just above the cutoff for admission are more likely to be admitted to four-year
public institutions, while those just beneath are less likely to be admitted. However, other
characteristics of the students which might affect their outcomes should be continuous through
the cutoff. This provides an opportunity to estimate the effect of attending a four-year public
college on a range of outcomes using a regression discontinuity design.

I begin by estimating the effect of being just above the cutoff for admission on college
enrollment using the following local linear regression on the sample of students near the

admissions cutoft:

(1) Y. = Bo + Bi1Above;s + B,Distance;s + f3Above;s * Distance;s + 6 + g + €45

Yi+s represents the outcome of interest for student i applying to enroll in the fall of year t in SAT
bin s. SAT bins are defined for all students based on the GPA cutoff that binds for students with

their combined SAT score (math + verbal). For example, a student with a 1020 combined SAT
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score would be in the SAT bin for students scoring at or above 1000 and below 1040, as all of
these students are required to have a high school GPA at 2.31 or higher to be admitted. All
students are sorted into one of seven bins based on their SAT score. Distance;;s is the distance a
student’s weighted high school GPA is from the relevant GPA threshold for a student in their
SAT bin. Continuing the prior example, a student with a 1020 SAT score would have a high
school GPA centered at 2.31, as this is the binding threshold for students in their SAT bin.
Above;;s 1s an indicator for whether a student i1 has a high school GPA that is above the relevant
threshold for her given SAT bin s. Year fixed effects (6;) are included to absorb any year-to-year
variations in the cohort of applicants to four-year institutions. SAT bin fixed effects (¢,) are also
included to absorb differences between students across SAT bins. The causal effect of being just
above the minimum cutoff for admission is f3;.

First, I use the reduced form model from equation (1) to estimate the first stage effects on
admission to a state university. Then, I use the same general model to instrument for admission
to a four-year public college with an indicator for being above the relevant GPA threshold in a
fuzzy regression discontinuity design. To do so, I first estimate the following model where

Admit;; is an indicator for admission to a four-year public college in the state.

(2) Admit;;s = ag + a,Aboveys + a,Distanceys + azAbove;s * Distance; s + ¥y + T + Ujes

I then calculate the predicted values of Admit;.s from that regression to estimate the following

second stage equation:

(3) Yies = Ag + AHAdmut,s + A,Distance; s + AzAbove; s * Distanceys + Y + Ts + €y
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In this model, 4, is the effect of admission to a four-year public college on an outcome, Y;;s, for
students who would be admitted in a four-year public institution because they were just above
the cutoff for admission and for students who would not be admitted if they were just below the
cutoff. I estimate the effect of admission to a four-year public college on enrollment, degree
attainment, earnings 8-14 years following admission, and costs and aid. Standard errors are
clustered at the distance to the GPA threshold as recommended by Lee and Card (2008). The
optimal bandwidths proposed by Calonico et al. (2014) for the main outcomes of interest (degree
attainment, earnings, and costs) vary between 0.5 and 0.6 GPA points. For each outcome, I use
the optimal bandwidth for the main specifications, but also show robustness to alternative
bandwidths that are wider and narrower.
2.3.2. Validity of Research Design

One assumption for regression discontinuity estimates to be valid is that students cannot
systematically sort themselves above or below the cutoff. In this case, the cutoffs for admission
to a four-year state university are publicly known. This presents two potentials problems. First,
students may not apply to four-year public colleges at all (and therefore would not appear in my
sample) if they knew that they would not be able to pass the GPA and SAT thresholds for
admission. Second, students may try to adjust their GPA if they were just below the relevant
GPA threshold in order to pass the cutoff or may retake the SAT to get into an SAT bin where
their GPA would be above the minimum threshold.

To address these concerns, it is useful to consider what a student would need to know and
when in order to manipulate their status relative to the cutpoint. First, students would need to be
aware of the minimum thresholds in order to respond. To change their GPA, they would need to

be aware of the cutoffs before their senior year, as most students apply in the fall of their senior
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year before senior-year grades appear on their transcripts. However, changing one’s SAT score is
something a student could do relatively late, such as when they are applying to college their
senior year, if they had the resources to retake the SAT. Students would also need to be aware of
how the state universities were using their transcripts to calculate weighted GPAs. The formula
is available online, but there appears to be significant discretion involved in which courses are
used to calculate the GPA and which weights each course receives. Across colleges I observe
substantial variation in the calculation of weighted GPAs for the same applicant. Three-quarters
of students who apply to multiple public four-year institutions have different high school GPAs,
with a mean difference of 0.14 points for these students. This uncertainty makes it harder for
students to respond strategically to the cutoffs.

Another source of uncertainty comes from exemptions to the standards. The state
publicly indicates that students can be exempt from the minimum thresholds by showing
potential through other means, such as class rank or steadily increasing high school grades (MA
DHE, 2013). This would give students just under the cutoffs for admission a compelling reason
to still apply.

Although there is some uncertainty in the process that makes it harder to respond
strategically to the cutoffs, students still have a strong incentive to do so when applying to
college. I conduct two empirical tests to check for evidence that students are responding
strategically to the cutoffs. First, following McCrary (2008), I test if the density of students is
smooth through the admissions threshold. In Figure A2.1, I split the sample into two groups:

those who are low-income or underrepresented minorities (URM) in higher education and those
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who are not.>? Two features stand out in the histogram for the advantaged students. First, the
density is consistently higher to the right of the cutoff compared to the left even away from the
cutoff itself. This is consistent with a situation in which students are more likely to apply if they
are above the cutoffs than if they are below or are engaging in other behaviors to raise their SAT
scores or GPAs to get above the cutoff. However, there is no increase in density to the right of
the cutoff for low-income and URM students. These students appear to be either less aware of or
less able to respond to the cutoffs for admission at the state universities. The second salient
feature of Figure A2.1 that is present in both the upper and lower histograms is an increase in
density immediately at the cutoff for admission. Although this may look like manipulation, grade
point averages tend to cluster at specific values, particularly whole numbers, due to how they are
calculated (Barreca et al., 2016: Ost et al., 2018). In this context, the most common GPA that is
binding for students is a 3.0, which could be causing the increased density right at the cutoff.

To demonstrate this issue, I conduct a placebo test in which I take all students who are in
an SAT bin that is not bound by a GPA cutoff of 3.0, but center them at 3.0 as if they were
bound by that cutoff. The histogram of this placebo test in Figure A2.2 also has a large increase
in values immediately at the cutoff.*® This suggests that the heaping observed in the original
density plot is not being driven by manipulation. However, Barreca et al. (2016) show that a
heap like this can lead to bias in estimates even if it is not driven by manipulation. Therefore, I
show a donut specification in all the tables that leaves out observations at the cutoff to address

this issue.

32 Low-income students are defined as those who ever qualified for free-and-reduced price lunch (FRPL) in high
school. Underrepresented minority students consist of students who are Hispanic/Latino, Black, or Native American.

33 There is also a visible heap at -1, which corresponds with a 2.0 GPA, another whole number value.
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Lastly, I conduct a covariate balance test to see if any covariates are discontinuous
through the cutoff, which would suggest that the composition of the students on either side of the
cutoff was different. To do so, I estimate equation (1) using a range of student characteristics as
the outcomes of interest. As shown in Table A2.2 and Figure A2.3, I find no consistently
significant differences in demographic characteristics such as gender, race, FRPL and LEP
(limited English proficiency) status in high school, years of FRPL in high school, or age at entry
into college.** I also find no differences in prior achievement on high school standardized 10
grade test scores (known as the MCAS), nor any differences in SAT scores. Lastly, I predict
earnings 8 to 14 years after application and bachelor’s degree attainment after eight years using
all of the demographic and achievement test variables I have noted and find no difference in
predicted earnings or bachelor’s degree attainment rates at the cutoff. Together, these tests
suggest that low-income and URM students are not systematically sorting in a way that could
bias the results of the regression discontinuity design.

2.3.3. Sample

The full sample consists of all applicants to the four-year comprehensive state
universities in Massachusetts starting in the fall of 2004 through fall of 2010 for whom there is a
recorded SAT and GPA in the application (83% of all students).>> For students with multiple
application years, I use the first year, as the later years may be endogenous. For students with
multiple applications within one year, I use the application with the highest high school GPA, as

a student need only pass the threshold for admission at one institution to be admitted to a state

34 One variable — FRPL — is statistically different at the 10% level in one of four specifications. No other variable
has any statistically significant differences across all four specifications.

35 The National Student Clearinghouse data that was matched to the earnings data was not available for students
graduating from high school in 2007, so these students are omitted from the sample.
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university. The sample is limited to students who graduated from an MA high school in 2002 to
2010, as this is the sample for whom earnings data were available.*¢

As shown in Table 2.1, the sample of all applicants consists of 65,600 people, 18,712 of
whom are low-income or URM. This group is 82% white, 7% black, and 6% Hispanic. About
one-fourth of students qualified for free and reduced price lunch in high school. The average
high school GPA was 2.93 and the average math and verbal SAT scores were approximately 500
and 490, which are below the national median of 510 in math and verbal for college bound
seniors in 2004.>” The average 10™ grade MCAS scores in ELA and math are just over the mean
for high school graduates in the state (0.16 standard deviations in ELA and 0.14 in math). One
third of all applicants enrolled in a state university within one year of applying, and 23% enrolled
in a private four-year college. Only 11% enrolled in a two-year college. Students enrolled for an
average of 8.14 terms, which is equivalent to about four academic years of college. Within eight
years, 59% had earned a bachelor’s degree. Eight to twelve years following application, 85% of
students were in the labor force in Massachusetts, earning an average of $35,764 per year (Note
that this average includes zero wages for students who are not in the labor force. The average for
those in the labor force is approximately $42,000 per year).

In column 2, the sample is restricted to students who are low-income or URM. In high
school, 88% of students in this sample were FRPL-eligible and 17% qualified as having limited
English proficiency (LEP). Half of the sample is black or Hispanic. SAT math and verbal scores
are 40 points lower than for the full sample, while 10" grade MCAS scores are about 0.1

standard deviations below the state mean in ELA and math. The average high school GPA is

36 One comprehensive state university only collects GPA for admitted students, so it was dropped from the analysis.

37 Source: https://secure-media.collegeboard.com/digitalServices/pdf/research/cb-seniors-2004-
CBSNR total group.pdf
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Table 2.1. Summary Statistics

Low-income &

URM
All Applicants applicants RD Sample

A. Demographics

Female 0.60 0.63 0.62

Black 0.07 0.25 0.28

Hispanic 0.06 0.22 0.24

White 0.82 0.41 0.38

FRPL in High School 0.25 0.88 0.89

LEP in High School 0.05 0.17 0.19

Years FRPL in High School 0.59 2.08 2.14
B. Test Scores & GPA

SAT Math 498 463 445

SAT Verbal 489 451 433

10th Grade MCAS ELA 0.16 -0.09 -0.24

10th Grade MCAS Math 0.14 -0.08 -0.22

High School GPA 2.93 2.85 2.74
C. College Outcomes

Enrolled in State University 0.34 0.29 0.31

Enrolled in 4-Year Private 0.23 0.21 0.20

Enrolled in 2-Year 0.11 0.15 0.15

Terms Enrolled 8.14 7.65 7.57

Earn BA in 8 Years 0.59 0.46 0.42
D. Earnings & Employment

Mean Annual Earnings 8-14 Years 35,764 32,156 32,884

In MA Labor Force 8-14 Years 0.85 0.85 0.86
Number of applicants (N) 65,600 18,712 9,602

Notes: This table shows the mean values of variables for each sample of interest. Column 1 shows all
applicants to state universities in the application cohorts of 2004-2010 (omitting 2007 high school
graduates) who graduated from an MA high school after 2002 and have an SAT and GPA attached to
their application. Column 2 limits the sample to students who qualify for free-and-reduced-price
lunch (FRPL) status in high school or belong to an underrepresented minority group. The RD sample
limits the low-income and URM analysis sample to applicants within a 0.6 point bandwidth of the
application threshold. In Panel B, a small number of students are missing MCAS scores (less than 2
percent in each column). In Panel C, enrollment is determined by the fall of the school year after a
student applies to college. Mean annual earnings and employment are measured 8-14 years after the
applicant’s application year.
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0.08 points lower than the mean for the full sample. Low-income and URM students are slightly
less likely than students in the full sample to enroll in a state university (29%) or a four-year
private college (21%) and are slightly more likely to enroll in a community college (15%). The
eight-year bachelor’s degree attainment rate is substantially lower for these students at 46%.
While low-income and URM students participate in the labor force at a similar rate to the full
sample, they earn approximately $3,600 (or 10%) less per year.

The last column restricts the analysis sample to those within 0.6 GPA points above or
below the threshold for admission for their SAT bin. This group is similar on average to the full
analysis sample in demographic characteristics, college enrollment patterns, labor force
participation, and earnings. However, their academic achievement is slightly lower, with SAT
scores about 20 points lower in math and verbal, MCAS scores 0.1 standard deviations lower,

and high school GPA 0.11 points lower.

2.4. Results
2.4.1. Admission, Enrollment, and Degree Attainment

Table 2.2 presents the regression discontinuity estimates of the effects on admission
using the reduced form estimates in row 1 and then instrumenting with admission to a four-year
public in all subsequent rows. Column 1 uses the main model with a bandwidth of 0.6 GPA
points. Column 2 adds demographic controls. Columns 3-5 show robustness checks, including a
donut specification that drops observations immediately at the cutoff and estimates using a
smaller bandwidth (0.5 GPA points) and a larger bandwidth (0.7 GPA points).

As shown in Figure 2.2, students just above the cutoff for admission are 25 percentage

points more likely to be admitted to an MA state university. Admission to a state university
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Table 2.2. Effects on Admission & Enrollment

Control
Main Controls Donut BW: 0.5 BW: 0.7 Mean

First Stage

Accepted at a State Univ.  0.245%**  (0.243***  (.249***  (0.240***  (.259*** 0.52
(0.018) (0.018) (0.018) (0.020) (0.018)

IV Estimates

A. Enrollment

Enroll in State University ~ 0.580***  (.573***  (.595%**  (.588***  (.594*** 0.37
(0.070) (0.070) (0.072) (0.079) (0.064)

Enroll in Public 2-Yr -0.192%**  _0.189%**  _0.187*** -0.199*** _(0.202%** 0.15
(0.051) (0.051) (0.053) (0.055) (0.043)

Enroll in Private 4-Yr -0.130**  -0.127**  -0.141**  -0.134**  -0.166*** 0.20
(0.058) (0.058) (0.059) (0.067) (0.050)

Enroll in a UMass Univ. -0.047 -0.044 -0.046 -0.044 -0.015 0.07
(0.045) (0.044) (0.047) (0.046) (0.039)

Enroll in Non-MA Public

4-Yr -0.034 -0.036 -0.037 -0.025 -0.038* 0.06
(0.025) (0.026) (0.028) (0.029) (0.022)

Do Not Enroll -0.179%***  _0.178***  -0.183**  -0.189**  -0.176*** 0.14
(0.067) (0.067) (0.071) (0.075) (0.056)

B. IV Estimates on Institutional Characteristics

Peer MCAS Scores 0.250%**  (0.241***  (.225%**  (222%**  (.262%** -0.05
(0.062) (0.061) (0.062) (0.065) (0.052)

Peer BA Attainment 0.188***  (,184***  (.177***  (.189***  (.190*** 0.43
(0.040) (0.038) (0.040) (0.043) (0.032)

C. 1V Estimates on Terms Enrolled

Terms in State U. 2.515%** D A437HFE D TO4FRFK D 4R9FFE D 54wk 2.14
(0.671) (0.682) (0.649) (0.768) (0.598)

Terms in Any 4-Yr 1.942%*%  1.910%**  2.026%**  2271***  2.000%** 5.53
(0.620) (0.618) (0.635) (0.704) (0.527)

Terms in Private 4-Yr -0.030 0.002 -0.144 0.019 -0.360 1.83
(0.497) (0.504) (0.512) (0.518) (0.442)

Terms in Public 2-Yr -1.007***  -0.906**  -0.948***  -0.822**  -(.995%** 1.89
(0.339) (0.352) (0.367) (0.373) (0.313)

Terms in Any College 0.682 0.739 0.766 1.256%* 0.774 7.54
(0.575) (0.566) (0.589) (0.649) (0.480)

Observations 9,602 9,602 9,474 8,129 10,992
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Table 2.2. Effects on Admission & Enrollment (Continued)
Notes: This table presents estimates of the discontinuity at the admissions threshold from equation (1).
The main specification uses a bandwidth of 0.6 GPA points. Controls include indicators for gender
and race, SAT scores, FRPL status in high school, LEP status in high school, and age at entry. The
donut specification is the same as the main specification but drops observations that are at the cutoff.
BWS5 and BW7 use the main specification with a bandwidth of 0.5 and 0.7 GPA points respectively.
Standard errors are shown in parentheses and are clustered by distance to the admissions threshold.
Institutional characteristics refers to the mean value (either MCAS scores or BA attainment rates) of
the college each student enrolled in the fall after application. Terms enrolled refers to all fall and
spring terms enrolled between the application year and 2018. Significance levels are the following:
*p<0.1, *¥*p<0.05, ***p<0.01.
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Figure 2.2. Effects on Admission and Enrollment in State Universities
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Notes: This figure shows the fraction of students admitted to a state university (top)
or enrolling in a state university (bottom) by the fall after applying as a function of
the distance to the admissions threshold in GPA points. The figures also include
fitted regression lines from the main specification using a bandwidth of 0.6.



increases enrollment in a state university by the fall after applying by 58 percentage points. The
increase in state university enrollment is offset by a decrease in students’ enrollment in four-year
private colleges by 13 percentage points, two-year public colleges by 19 percentage points, and
no college by 18 percentage points. There is no statistically significant change in a student’s
likelihood of enrolling in a UMass institution or in an out-of-state four-year public college.
Admission to a state university also changes the characteristics of the colleges students enroll in,
causing students to enroll in colleges with bachelor’s degree attainment rates that are 19
percentage points higher and peer MCAS scores that are 0.25 standard deviations higher.

In total, admission causes students to enroll in a state university for an additional 2.5
terms (just over a year of college) and increases enrollment in any four-year college for an
additional 1.9 terms (almost a full-year of college). This increase is in part offset by students
enrolling 1 fewer term in a two-year public college. There is little change in the terms enrolled in
private four-year colleges, suggesting that students induced to attend a four-year private college
as a result of being below the admission threshold for the state universities do not stay enrolled
in four-year private college for very long.

As shown in Table 2.3, admission to a state university also causes a 15 percentage point
increase in a student’s likelihood of earning bachelor’s degree, though these estimates are
somewhat noisy. This change is driven entirely by students earning bachelor’s degrees from state
universities, with no change in students’ probability of earning a bachelor’s degree from a
private or other public institution. The gains in bachelor’s degree attainment are in part offset by
a 12 percentage point decrease in associate or certificate completion. Together, these results

suggest that admission to a four-year public college could affect earnings through at least three
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channels: expanding bachelor’s degree completion, expanding the total years enrolled in a four-

year college, and increasing the selectivity of the colleges in which students enroll.

Table 2.3. Effects on Degree Attainment

RF v
BW: Control
Main Main Controls Donut 0.4 BW: 0.6 Means
Earn BA 0.036* 0.151* 0.148 0.176* 0.069 0.147* 0.39
(0.020) (0.089) (0.091) (0.094)  (0.095) (0.082)
Earn BA from
State Univ. 0.038** 0.159* 0.159* 0.200%* 0.103 0.129%* 0.24
(0.019) (0.081) (0.083) (0.081)  (0.087) (0.074)
Earn BA from
4-Yr Private 0.000 0.000 -0.001 -0.007 0.005 0.046 0.14
(0.014) (0.056) (0.057) (0.061)  (0.063) (0.055)
Earn BA from
Other 4-Yr
Public -0.006 -0.024 -0.024 -0.038 -0.019 0.024 0.13
(0.014) (0.055) (0.057) (0.059)  (0.062) (0.054)
Earn AA or
Certificate -0.029%* -0.120%*  -0.112**  -0.130** -0.083 -0.115** 0.12
(0.013) (0.054) (0.054) (0.054) (0.062) (0.049)
8,129 8,129 8,129 8,001 6,640 9,602

Notes: This table presents estimates of the discontinuity at the admissions threshold from equation
(1). The first column reports the reduced form estimates. All other columns report instrumental
variable (IV) estimates using admission to a state university as the instrument. The main specification
uses a bandwidth of 0.5 GPA points. Controls include indicators for gender, race, SAT scores, FRPL
status in high school, LEP status in high school, years of FRPL status in high school, and age at entry.
The donut specification is the same as the main specification but drops observations that are exactly at
the cutoff. BW4 and BW6 use the main specification with a bandwidth of 0.4 and 0.6 GPA points
respectively. Standard errors are shown in parentheses and are clustered by distance to the admissions
threshold. Significance levels are the following: *p<0.1, **p<0.05, ***p<0.01.

2.4.2. Earnings
In order to pool estimates across all cohorts, I use average earnings 8-14 years following
a student’s application to estimate effects on earnings. To the extent that there are any
employment effects, I impute zeros for those missing earnings to take this into account. Figure

2.3 plots mean annual earnings 8-14 years after application as a function of GPA distance to the
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Figure 2.3. Mean Annual Earnings 8-14 Years After Application
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Notes: The figure shows the mean annual earnings in 2018 dollars for students 8-14 years after
applying to a state university as a function of the distance to the admissions threshold in GPA points.
The figures also include fitted regression lines from the main specification and a bandwidth of 0.6
GPA points.

Table 2.4. Effects on Earnings 8-14 Years After Application

RF v
Control

Main Main Controls Donut BW:0.4 BW:0.6 Means
Mean Earnings 8-
14 Years After
App. 1953** 7986**  8391** 8112* 7852* 6021* 30,838

971) (3931) (3969) (4186) (4415) (3452)
Observations 9,602 9,602 9,602 9,474 8,129 10,992

Notes: This table presents estimates of the discontinuity at the admissions threshold from equation
(1). The first column reports the reduced form estimates. All other columns report instrumental
variable (IV) estimates using admission to a state university as the instrument. The main
specification uses a bandwidth of 0.6 GPA points. Controls include indicators for gender, race, SAT
scores, FRPL status in high school, LEP status in high school, years of FRPL status in high school,
and age at entry. The donut specification is the same as the main specification but drops
observations that are exactly at the cutoff. BW5 and BW7 use the main specification with a
bandwidth of 0.5 and 0.7 GPA points respectively. Standard errors are shown in parentheses and are
clustered by distance to the admissions threshold. Significance levels are the following: *p<0.1,
**p<0.05, ***p<0.01.
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threshold. As estimated in Table 2.4, at the cutoff for admission there is a large increase in
annual earnings of $1,960, which corresponds with a $7,950 increase in annual earnings due to
admission to a state university. The estimates are robust to adding controls for demographics and
prior achievement (column 2), removing observations at the cutoff from the sample (column 3),
and using either a smaller (0.5) or wider (0.7) bandwidth (columns 4-5). The increase in
earnings is approximately 26% of the mean earnings for the comparison group just below the
admissions threshold. This estimate is comparable with Zimmerman (2014), which found a
$8,175 increase in annual earnings (in 2018 dollars) for the average marginal student admitted to
Florida International University.®

To examine how effects on earnings change over time, I plot the instrumental variable
estimates of access to four-year public institutions on annual earnings by year. As shown in
Figure 2.4, there is a clear upward trajectory in effects on earnings, which would be consistent
with a growing wage premium with experience. One caveat with this figure is that the panel is
unbalanced, since I can only follow cohorts through the end of 2018. This causes the estimates to
become noisier over time as cohorts drop from the sample and also means estimates conflate
cohort effects with effects on earnings over time.

One concern with using state unemployment insurance (UI) data is that students who
move out of state or work in an industry not covered by UI data will be counted as having zero

earnings.* If admission to a four-year public college affects the probability of appearing in the

38 Zimmerman (2014) finds an effect of admission on quarterly earnings (in 2005 dollars) of a $1,593. Converting to
annual earnings yields an effect of $6372 in 2005 dollars. Converting to 2018 dollars using the CPI-U, this is
$8,175.

39 UI records cover all employers who have at least one employee working on a permanent, part-time, or temporary
basis one or more days in 13 weeks during a calendar year or employers who pay more than $1500 in wages in any
quarter of a calendar year. Agricultural employers have higher thresholds. Source: https://www.mass.gov/service-
details/employers-subject-to-unemployment-insurance-ui-contributions
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Figure 2.4. Effects on Annual Earnings For Each Year Since Application
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Notes: This figure plots the instrumental variables estimates of the effects on annual
earnings each year 6-12 years after a student’s first application to a state university (The last
two years are trimmed due to noise). Each estimate comes from the main model
specification with controls and uses a bandwidth of 0.6 GPA points. The dots indicate point
estimates and the top and bottom lines indicate the confidence interval for each estimate.

UI data, then estimates of the effect of four-year public college admission could be biased. |
address this concern using two approaches. First, following Denning et al. (2019), I define
students as residing in-state if they are attending an in-state institution or appear in the Ul data
with wages in a given year. I then estimate the effect on being in-state for each year in which I
have wage data using the main regression discontinuity model. The coefficients from this
exercise are shown in Figure A2.4. The point estimates are small and positive, but never
statistically significant. The effect in year eight is the closest to being almost statistically
significant so I conduct an additional robustness check in which I only estimate effects on

earnings for years 9-14 following application. As shown in Table A2.3, the effects are slightly
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larger in magnitude and statistically significant, though the sample size decreases slightly as one
cohort is no longer in the sample.

Second, I conduct a bounding exercise following Lee (2009). I use the point estimates
from Figure A2.4 to identify the (statistically insignificant) increase at the cutoff in the
percentage of students who are in-state in a given year. For each year post application, I then
order students above the cutoff by their earnings and trim the percentage of top earning
applicants denoted by the point estimate for that year. I then construct the mean annual earnings
for years 8-14 using this trimmed earnings data and re-estimate the models. This exercise
provides a lower bound estimate of the effects on earnings under the extreme assumption that all
of the difference in the percentage of students who are in-state in a given year can be attributed
to differential selection, whereby the highest earning students beneath the cutoff all leave the
state (or go into an industry that is not covered in the UI data). The estimates (shown in Table
A2.4) are only slightly attenuated and are substantively unchanged.*’

2.4.3 Heterogeneity in Effects

Table 2.5 shows the main effects separated by gender, race and ethnicity, and FRPL
intensity in high school. Average effects on earnings vary substantially by gender, with men
experiencing large gains in earnings. Admission increases men’s earnings by $12,441 annually at
the threshold, while women’s earnings increase by only $5,342 and are not statistically
significant. Students who persistently qualify for FRPL in high school also have quite large

positive effects, as admission increases these students’ earnings by $14,938.4! Effects on

40 The total sample size in these regressions is the same as in the main specifications because a student who is in the
trimmed earnings range in one year is present in at least one year in which he is not trimmed. Removing a high-
earning year or years from a student’s average earnings in years 8-14 does little to change the overall estimate.

41 Michelmore and Dynarski (2017) show that years of FRPL-eligibility is a proxy for family income.

70



Table 2.5. Heterogeneity by Demographic Group

Always
Male Female Black Hispanic White FRPL
A. First Stage
Admitted to State
University 0.253%**  (0.236%** (0.191*** (.205%** (.328*** (.2]12%**
(0.031) (0.021) (0.031) (0.029) (0.029) (0.030)
B. IV Estimates
Enroll in a State University ~ 0.561***  0.580*** 0.409***  (0.356**  0.654***  (.443%**
(0.123) (0.093) (0.145) (0.173) (0.089) (0.109)
Enroll in a Public 2-Year -0.274***  _0.125**  -0.091 0.022  -0.335%%** 0.021
(0.080) (0.063) (0.114) (0.137) (0.074) (0.116)
Enroll in a Private 4-Year -0.089 -0.156**  -0.157  -0.295%* -0.039 -0.175
(0.098) (0.074) (0.183) (0.143) (0.074) (0.129)
Do Not Enroll -0.220**  -0.155%* -0.147 -0.031 -0.182**  -0.235%
(0.103) (0.081) (0.141) (0.167) (0.077) (0.126)
Earn BA 0.289%* 0.068 0.259 0.326%* -0.024 0.178
(0.120) (0.099) (0.160) (0.198) (0.098) (0.197)
Earn AA/Certificate -0.090 -0.130**  -0.139 -0.076  -0.152***  -0.021
(0.074) (0.061) (0.109) (0.139) (0.055) (0.111)
Mean Annual Earnings 12441* 5342 13232 3161 5776 14938*
(6625) (6030) (10578)  (11652) (4794) (8633)
Observations 3,653 5,949 2,646 2,302 3,639 2,993

Notes: This table presents estimates of the discontinuity at the admissions threshold limiting the
sample to the group noted in the column heading and using a bandwidth of 0.6 GPA points. Panel A
reports the reduced form estimates. Panel B reports instrumental variable (IV) estimates using
admission to a state university as the instrument. Standard errors are shown in parentheses and are
clustered by distance to the admissions threshold. Always FRPL students qualify for free-and-reduced
price lunch for all four years of high school. Degree attainment is measured 8 years after applying to
college. Mean annual earnings denotes mean annual earnings 8-14 years after application. Significance

levels are the following: *p<0.1, **p<0.05, ***p<0.01.

earnings are also particularly large and positive for black students, though this estimate is not

statistically significant.

The groups with the largest effects on earnings tend to be the groups with the largest

effects on bachelor’s degree attainment, with the exception of Hispanic applicants. Admission to

state universities makes men 29 percentage points more likely to earn a bachelor’s degree. Black
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students and those who are persistently FRPL-eligible also have large positive effects on
bachelor’s degree attainment, although they are not statistically significant.
2.4.4. Costs

On average, students above the cutoff are substituting away from enrolling in four-year
private colleges, two-year public colleges, or no college. The additional cost of a four-year
private college compared to a four-year public college tends to be larger than the cost savings
from attending a two-year college instead of a four-year college. This would suggest students
might save money as a result of admission to a state university. However, admission to four-year
public colleges is also causing student to enroll in more terms of four-year college. This makes it
unclear what the net effect will be on costs. Further complicating predictions is the fact that aid
varies within institutions across students. Given that low-income and URM students are more
likely to qualify for aid, it is not clear how admission to a four-year public college will affect
costs.

Table 2.6 shows the results of estimating effects on tuition and fees, aid, and net tuition
and fees for students enrolled in college through 2016-17. Regression discontinuity estimates
indicate no statistically significant effect on tuition and fees, total grant aid, or net tuition and
fees. However, there is a positive effect on the amount of aid students receive from federal
sources, though this is somewhat sensitive to specification. This positive effect is likely due to
the fact that many students are Pell-eligible and are enrolling in a four-year college for longer.
Effects on state aid are positive, but not consistently statistically significant. Institutional sources
of aid appear to be mostly unchanged. Although they are not statistically significant differences,
the point estimates suggest that students pay slightly lower sticker prices for tuition and fees,

receive slightly more aid in total, and pay lower net tuition and fees. These effects are
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Table 2.6. Effects on Costs and Aid

RF v
BW: BW: Control
Main Main  Controls Donut 0.4 0.6 Means
Total Tuition & Fees -92 -382 -260 -1905 -2772 -829 41,962
(1381) (5693) (5728) (5795)  (6289)  (5474)
Total Aid 396 1646 3271 4140 2216 2908 23,297
(1025) (4241) (4017) (4248)  (4453)  (3815)
Net Tuition & Fees -293 -1218 -2618 -5427 -3299 -2949 17,865
(1336) (5502) (5009) (4563)  (5612)  (4378)
State Aid in MA 314 1304 1640 2136* 1255 1175 3,919
(312) (1286) (1210) (1185)  (1397)  (1068)
Federal Aid in MA 539 2237 3385*  3763** 3246 3124%* 9,298
(509) (2073) (1787) (1862)  (2018)  (1594)
Institutional Aid in MA -13 -56 229 399 25 380 6,788
(659) (2719) (2729) (2921)  (3065)  (2577)
Observations 8,129 8,129 8,129 8,001 6,640 9,602

Notes: This table presents estimates of the discontinuity at the admissions threshold. The first column
reports the reduced form estimates. All other columns report instrumental variable (IV) estimates using
admission to a state university as the instrument. The main specification uses a bandwidth of 0.5 GPA
points. Controls include indicators for gender, race, SAT scores, FRPL status in high school, LEP status
in high school, years of FRPL status in high school, and age at entry. The donut specification is the same
as the main specification but drops observations that are exactly at the cutoff. BW4 and BW6 use the
main specification with a bandwidth of 0.4 and 0.6 GPA points respectively. Standard errors are shown
in parentheses and are clustered by distance to the admissions threshold. The variables that break down
different sources of grant aid (e.g. State aid, Federal aid, and Institutional Aid) are only available for
students enrolled in MA institutions. Significance levels are the following: *p<0.1, **p<0.05,
**%¥p<0.01.

encouraging given that students are staying in four-year college for an additional year.

One limitation of the financial aid data I use is that any out-of-state enrollments rely on
average costs and aid amounts, scaled for each student’s intensity of enrollment. To the extent
that low-income and URM students receive different amounts of aid than the average student,
this could bias the estimates. Although there is not a statistically significant difference in whether
a student enrolled out of state or the quantity of terms a student enrolled out of state, I test

whether dropping students who ever enroll out of state affects the estimates of the effects on
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tuition and fees, aid, and net tuition and fees and find a similar pattern of results (See Table

A2.5).

2.5. Cost-Benefit Analysis

While low-income and URM students experience large earnings gains from admission to
a four-year public college, the costs to taxpayers also increase, as students are induced to stay in
four-year college for additional years and shift from private colleges to four-year public colleges
or from two-year public colleges to four-year public colleges. Although the results from the prior
section show that individual students experience no increase in average college costs on the
margin, they may also face indirect costs in foregone earnings as they invest in additional years
of four-year college. To identify if this shift is on net beneficial for students, society, and the
state, I calculate the net present value of a marginal admission from all three perspectives.

Starting with the private returns to the student, I first estimate the effect of admitting an
additional student to a four-year public college on net tuition and fees and earnings in each year
one through twelve (or, for net tuition and fees, nine) following a student’s application to college
(Figure 2.4 & Figure A2.5).** I then calculate the present value of the costs and the earnings
through year twelve using a discount rate of 5%, and difference these figures to get the net
present value. The results of this exercise are shown in Table 2.7. For an individual, the private
costs of college are simply the present value of the effects on net tuition and fees each year one

through twelve, while the present value of earnings captures both foregone earnings in the years

42 The estimates for the effects on earnings in each year become very noisy in the later years (year 13 and year 14
post-application), as I can only follow one to two cohorts to this point. I stop at year twelve to get more precise
estimates. Note that, if anything, this decision would modestly understate the positive returns to four-year public
college, since the point estimates in years 13 and 14 are higher than those in year 12. The estimates for the effects on
net tuition and fees stop at year nine because practically no students are enrolled in college after year 9.
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immediately following application and the earnings gains in the later years. On net, admission to
a four-year public college has a net present value of $44,008 within twelve years following a
student’s application to college. In the lower panel, I assume the boost in earnings in year twelve
stays constant through an individual’s lifetime (through approximately age 65). Over the course
of an individual’s working life, admission is worth an additional $208,201. This is likely an
understatement of the true effects on earnings, given that the returns to an additional year of

education typically rise over an individual’s lifetime.

Table 2.7. Net Present Value of a Marginal Admission from Private, Social, and State

Perspectives
Social with State with
Private Social DWL State DWL
Through 12 Years After Application
Education Costs -2,000 11,837 17,290 5,370 6,982
_Eamnings 42,009 42,009 42,009 2,142 2,142
Net 44,008 30,171 24,719 -3,228 -4,839
Through Lifetime
Education Costs -2,000 11,837 17,290 5,370 6,982
_Earnings 206,201 206,201 206,201 10,516 10,516
Net 208,201 194,364 188,912 5,146 3,535
IRR Through 12 Years o0 28% 20% -9% -13%
IRR Through Lifetime 00 34% 28% 9% 7%

Notes: This table shows the net present value of admitting an additional student on the margin of
admission to a four-year public colleges from the perspective of the private, social, and state
perspectives. Lifetime estimates assume the effects observed in year 12 stay constant through an
additional 47 years following application, which corresponds to an approximate age of 65. DWL
indicates the net present value calculations take into account deadweight loss by multiplying social
costs by 1.3 and state costs by 1.3 respectively.

Next, I examine the social net present value of a marginal admission. The benefits from
the perspective of a social planner are the same as for the individual, but the costs take into

account the effect on all educational costs, which includes the net tuition and fees paid by the
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student as well as other costs of educating the students which are typically covered through state,
federal, or local funds. I define direct educational costs by using the education-related
expenditure for each institution from the Delta Cost Project divided by its FTE enrollment for
each year. For each student in each year, I calculate their FTE enrollment in each institution and
calculate the social cost of that enrollment by multiplying the education-related expenditures per
FTE enrollment by a student’s FTE enrollment. I then estimate the effect of a marginal
admission on social costs in each year one through twelve and calculate the present value of
these costs. As shown in Table 2.7, the social net present value through year twelve is $30,171.
This is smaller than the private net present value but still large and positive. Through an
individual’s lifetime, the social value is $194,364, an investment with an internal rate of return of
34%. However, this could overstate the social returns to the extent that the tax revenues used to
pay for the educational costs which are not covered by net tuition and fees must be collected
through tax revenues. The results in column 3 take into account the deadweight loss of taxation
(estimated at 30%, per Feldstein (1999)) by multiplying all education-related expenditures per
FTE enrollment that are not covered by net tuition and fees by 1.3. Even after taking into account
the deadweight loss, the returns are still large and positive.

While the private and social returns to admitting an additional student to four-year public
colleges are high, the returns for the state are less clear. Admission to four-year public colleges
on the margin draws students away from otherwise enrolling in four-year private colleges, two-
year public colleges, or no college. The state incurs no direct cost from students enrolling in
private colleges or when students do not enroll in college, and incurs smaller costs per full-time
enrollment for public two-year colleges. Drawing students from these alternatives

unambiguously raises the state’s costs. However, because students experience a substantial
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earnings boost from four-year public college admission, the state may be able to recover the
costs through increased income tax revenue.

I define direct costs for the state by taking the state appropriations for each public
institution and dividing by full-time equivalent (FTE) enrollment for each year from 2004-05
through 2016-17. For each student in each academic year at each public institution, I calculate
their FTE enrollment and multiply this by the state appropriation per FTE enrollment. I then
estimate effects on state costs in each year post-application. As shown in Table 2.7, the state
would earn approximately $2,142 in additional tax revenue, breaking even on the additional
costs approximately 20 years after a student first applied to college. The internal rate of return on
admitting a marginal student is 9% over an individual’s working life. Even taking into account
that all state appropriations must be collected through taxes which carry a deadweight loss, the
return is still positive at 7%. These estimates likely understate the total financial benefits to the
state, in that they do not take into account any other positive effects of increased college
enrollment and bachelor’s degree attainment, such as reduced spending on social welfare

programs.*

2.6. Discussion

Admission to in-state four-year public colleges causes a large increase in earnings with
no increase in the private costs of college for low-income and URM students on the margin of
qualifying for admission. The earnings gains are likely driven by a combination of increased

bachelor’s degree attainment, increased college selectivity, and additional years of four-year

43 Research suggests that additional education has positive effects on other aspects of people’s lives, e.g. improving
health, lowering crime, etc., which are likely to reduce the need for state spending on health programs, the justice
system, and the social safety net (Lochner, 2011).
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college. In addition to giving student’s a large private return, the state recovers the additional
educational spending for these students through increased tax revenues within twenty years.
These results are consistent with Hendren and Sprung-Keyser (2019) which find that programs
that invest in youth, including interventions supporting college access and financing, often have
long-term benefits that far outweigh the costs to the government of providing them.

These results suggest that the four-year public sector is uniquely valuable to low-income
and URM students. The large returns to admission demonstrate that students are not able to
substitute to colleges that produce similar results in terms of earnings gains relative to costs.
Although they have more resources per student, the four-year private colleges are substantially
more expensive, even net of aid. While two-year colleges are less expensive, they have fewer
resources per student, and prior research suggests that students who attend two-year college are
less likely to earn a bachelor’s degree than if they had otherwise attended a four-year institution
(Goodman et al., 2017; Long & Kurlaender, 2009; Reynolds, 2012).

This study has two important implications for state policy. First, states are currently
limiting access to four-year public colleges through the admissions thresholds they set. For
example, large public college systems in Georgia, Florida, California, and Texas set minimum
thresholds based on test scores, grade point average (GPA), and/or class rank to determine
admission to public four-year colleges. I find substantial welfare gains for low-income and URM
students and even a modest gain to the state of expanding access at these admissions thresholds.

The second contribution of this paper to state policy is that it identifies the important role
that the four-year public college sector plays in promoting mobility. With widening inequality,
promoting access to and success in these institutions is important. Instead, state funding for

higher education has gone in the opposite direction. State appropriations for higher education
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were cut by approximately $2,000 per student following the Great Recession, and as of fiscal
year 2018, remain about $1,000 per student below their prior level (SHEEO, 2019). As states
consider funding priorities moving forward, this research provides clear evidence of the value of

investing in higher education to reduce inequality.
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Chapter 3

Four-Year Public Colleges and Voting:
Regression Discontinuity Evidence from Massachusetts

3.1. Introduction

The economic returns to education are central in discussions of the role that schools and
colleges play in U.S. society. But, in addition to economic returns, schools and colleges have
also long been expected to play a civic purpose, educating citizens and leaders to participate in
democracy (Campbell, 2006; Dewey, 1916; Friedman, 1955; Labaree, 1997). An extensive
literature has documented the correlation between education and measures of civic and political
engagement, including political knowledge, engagement in political activities for a party,
association membership, and voting (Converse, 1972; Putnam, 2000). Illustrating this pattern, in
the 2016 presidential election only 34% of eligible voters who did not complete high school
voted, compared to 52% of people whose highest completed degree was a high school diploma
and 74% of people whose highest degree was a bachelor’s degree.** But, while it is clear that
there is a robust correlation between civic behavior and education, there is surprisingly limited
evidence that this is a causal relationship, much less which mechanisms might drive the
relationship (Campbell, 2006). Disentangling correlation from causation in this context is
challenging because educational attainment and civic behaviors are both correlated with other
factors that may drive both, such as personal motivation or family socio-economic status.

In this study, I estimate the causal effect of access to a state’s four-year public college

sector on voter registration and election turnout. I use a regression discontinuity design that

4 Figure comes from the Current Population Survey, Voting and Registration Supplement 2016 File
(https://thedataweb.rm.census.gov/TheDataWeb HotReport2/voting/voting.hrml?GESTFIPS=ALL&INSTANCE=N
ov+2016).
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leverages the sliding admissions threshold for four-year public colleges in Massachusetts, which
is set based on high school GPA and SAT scores. This design compares students at the margin
for admission who are otherwise the same except that one group is just above the cutoft for
admission and more likely to be admitted to four-year colleges relative to those just below. In
Chapter 2, I use the same design and show that students just above the cutoff for admission were
more likely to enroll in a four-year public college instead of enrolling in a two-year public
college, four-year private college, or no college at all. I find admission to the four-year public
colleges yields large economic returns to applicants who are low-income or students of color
without increasing the average cost of college. I document evidence of at least three mechanisms
which might drive the returns: 1) increased bachelor’s degree attainment, 2) increased selectivity,
as measured by the average test scores of students’ peers, and 3) an increase in the total years of
four-year college attendance.

In this paper, I find that admission to and enrollment in the in-state four-year public
college sector increases applicants’ likelihood of registering to vote and voter turnout when they
are approximately 24-31 years old. I link application records for cohorts of students applying to
four-year public colleges in Massachusetts who would have enrolled between fall 2004 and fall
2010 with voter registration and turnout records. I first replicate prior work from Chapter 2
showing that students of color and those who come from low-income families (defined as
qualifying for free-and-reduced price lunch in 12 grade) appear unresponsive to admissions
thresholds unlike other more advantaged applicants. This is likely due to large differences in the
financial, social, and informational resources available to these two groups, which has been
documented in a large and growing literature (e.g. Hoxby & Avery, 2013, Goodman et al., 2020).

I therefore focus on students of color and those who come from low-income families,
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approximately one-fourth of the total sample of students applying to four-year public colleges.
For these students, I show that those just above the cutoff for admission are 21 percentage points
more likely to be admitted to a four-year public college than those just beneath the admissions
threshold. Admission to the four-year public sector increases enrollment in an in-state four-year
public college by 41.7 percentage points. Almost half of this change comes at the expense of
otherwise enrolling in a two-year public, while the remainder is split between four-year private
college enrollment or no college at all. For those whose admission to the four-year public
colleges is driven by meeting the admissions thresholds, I show that admission causes students to
enroll in four-year college for an additional 1.5 terms (or 0.75 academic years) and increases
bachelor’s degree attainment by 15.6 percentage points, an increase which is partially offset by a
decrease of 11.3 percentage points in associate degree attainment.

Admission to the four-year public colleges increases applicants’ likelihood of registering
to vote by 15.7 percentage points, as measured 6-13 years after applying to college or
approximately ages 24-31. I also find that it increases applicants’ likelihood of voting in these
years by 17.1 percentage points and increases the total number of elections they vote in. While it
is not clear what might be driving the observed effects on registration and voting, potential
mechanisms suggested from prior work include: 1) an increase in bachelor’s degree attainment,
2) an increase in college selectivity, as measured by the average test scores of students’ peers, 3)
an increase in the total years of four-year college attendance, and 4) an increase in wages. The
effects are particularly large for men, a group who also experienced the largest increases in
bachelor’s degree attainment and the largest increase in wages in the results shown in Chapter 2.

This study is the first to estimate the effect of access to a state’s four-year public college

sector on civic outcomes. Two studies from the U.S. and United Kingdom have used child labor
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laws and compulsory minimum schooling laws to estimate the effect of an additional year of
high school on civic participation. Dee (2004) uses variation in years of education driven by
exposure to child labor laws between 1914 and 1978 and finds an additional year of education
increased voter participation, newspaper readership, and tolerance toward free speech. Milligan
et al. (2004) also use compulsory schooling laws and child labor laws in the U.S. and the U K. to
estimate the effect of an additional year of high school on a range of civic outcomes. They find
positive effects of an additional year of school on one’s probability of voting in the U.S., but not
in the UK, and find evidence from both countries that education increases attention to public
affairs and politics, attendance at political meetings, and knowledge of candidates. Sondheimer
and Green (2010) also find that three educational interventions implemented in settings that
ranged from preschool to high school had positive effects on high school graduation rates and on
voter turnout.*’

The literature on the civic effects of access to postsecondary education is much more
limited. Dee (2004) estimates the effect of beginning college on voting and volunteering using
two instrumental variables: distance to a community college as a teen and the number of
community colleges in one’s county. He finds that college entrance increases voting by 17
percentage points and registration to vote by 22 percentage points, but has no effect on
volunteering. However, one concern with this empirical strategy is that the distance instrument
may violate the exclusion restriction. For example, community colleges may be situated in

locations with better school systems and more affluent families than those located far away from

a community college. These characteristics may drive voting behavior on their own rather than a

45 The three interventions were: 1) Perry Preschool, a high quality preschool program for disadvantaged students in
Michigan, 2) I Have a Dream, a program for disadvantaged high schoolers that provided a range of supports,
including mentoring, tutoring, extracurricular activities, and college scholarships, and 3) Project STAR, an
intervention that lowered class sizes in early elementary school in Tennessee.
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person’s proximity to a community college. This study extends this literature by focusing on the
effects of access to four-year public colleges, rather than two-year colleges, and by using a more
plausibly exogenous identification strategy.

The work also builds on a growing and mixed literature examining how enrolling in
different school sectors affect voting behavior and civic participation and knowledge. To date,
the literature has focused on comparing the effects of private, charter, or traditional public
schools in K-12 settings. Private and charter school advocates suggest these schools may be
more effective than traditional public schools at raising educational attainment or fostering a
sense of community, either of which could promote civic participation. Carlson et al. (2017)
extend a lottery experiment and find that receiving a voucher to attend a private school in New
York City did not affect voter registration or voting. In contrast, two studies have also found
positive effects of charter school attendance on voting. Gill et al. (2018) find positive effects on
voting for students who attend an oversubscribed charter school network in New York focused
on building civic engagement. McEachin et al. (2019) also find positive effects of attending a
charter high school on voting using a matching design. This study is the first to focus on the civic
effects of the type of institution a student attends at the postsecondary level, examining the
particular role of access to in-state four-year public colleges (relative to community colleges,

four-year private colleges, or no college) in promoting voter registration and turnout.

3.2. Data & Descriptive Analysis
3.2.1. Data
I use student-level administrative records from the Massachusetts (MA) Department of

Higher Education covering the undergraduate applicants to four-year public colleges in MA who
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applied to enroll beginning in a fall term from 2004 to 2010.¢ Students in these seven
application cohorts applied to one of nine state universities (including six comprehensive
universities and three specialized colleges with a particular focus on art or the maritime industry)
or one of the four University of Massachusetts (UMass) research institutions. For each applicant,
I observe the SAT scores and the high school GPA used in the universities’ admissions
decisions. This is important given that each college calculates its own weighted GPA from
students’ transcripts based on their interpretation of the Board of Higher Education’s guidelines.
I also can observe whether each application resulted in being admitted to the university.

I merge the applicant files with administrative records from the MA Department of
Elementary & Secondary Education. This includes student demographics, such as whether a
student qualified for free-and-reduced price lunch (FRPL) or had limited English proficient
(LEP) status in 12™" grade. It also includes 10" grade test scores on the state administered MCAS
test in math and ELA.Y

I merge applicant records with National Student Clearinghouse records for the graduating
MA high school classes of 2003 to 2010 which track college enrollments for students
nationwide. Within Massachusetts, NSC records cover approximately 95% of college
enrollments as of 2011 (Dynarksi et al., 2015). Using NSC records, I can follow applicants to the
four-year public colleges over time to identify whether and where they enroll in college and the
duration of each enrollment. I can also observe whether a student obtains a degree at an

institution and if so, when the degree is granted.

46 The cohort entering in fall 2004 represents the cohort of applicants who apply to begin enrolling in the fall of
2004.

47 Test scores are standardized within subject and high school graduation year using the state mean and standard
deviation to facilitate comparison of students within graduating cohorts.
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Lastly, for all students graduating from MA high schools from 2003 to 2010, I match
students to voting records collected by NationBuilder. This database contains records for all
voters registered in the state of Massachusetts as of February 2019. The list contains both active
and inactive voters (those who “have not responded to the annual street list or subsequent
confirmation notice”). For each registered voter, the data also contain information on voter
turnout in general elections. I successfully match 53.9% of students in the graduating classes of
2003 to 2010 to the registration data. This rate of registration is between the rate of registration
for 18-24 year olds (50.0%) and 25-34 year olds (59.5%) year olds in the 2016 election in
Massachusetts, as estimated from the Current Population Survey Voting and Registration
Supplement, which would be expected for a population that is approximately 24-31 years old.

3.2.2. Descriptive Analysis

I begin by documenting rates of voting in the 2016 general election for Massachusetts
high school graduates from 2003 to 2010 by their highest level of education obtained eight years
after graduating.*® Table 3.1 shows that voting rates are 17 percentage points higher for those
who obtain a bachelor’s degree or higher compared to a high school diploma and 11 percentage
points higher for those who enroll in college compared to those high school graduates who never
enroll. The relationship is stronger for black and Hispanic graduates than for white graduates.
Approximately one-quarter (26%) of white high school graduates who never enroll in college
voted in the 2016 election, while 41% with a bachelor’s degree or higher did. In contrast, only
20% of black and 17% of Hispanic high school graduates who never enrolled in college voted in

the 2016 election, while 43% of black and 44% of Hispanic graduates whose highest degree was

48 If a high school graduate votes in another state in the 2016 election or if they vote in Massachusetts but leave the
state and are removed from registration rolls before February 2019, I do not observe their voting history and will
count them as having not voted. The limitations this poses for the analysis are discussed in the conclusion.
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a bachelor’s degree or higher voted in 2016. This table demonstrates a strong correlation
between education levels and voter turnout, particularly for black or Hispanic graduates, and

raises the question of whether the correlation is causal.

Table 3.1. Voting Rates in 2016 General Election for MA High School
Graduates by Highest Education Level Attained

Highest Education Level All Black  Hispanic  White
High School Diploma 24% 20% 17% 26%
Some College 35% 34% 32% 36%
Bachelor's Degree or Higher 41% 44% 43% 41%

Notes: Column 1 shows the percentage of MA high school graduates from 2003
to 2010 who voted in the 2016 election (and were registered to vote in MA as of
February 2019) by the highest education level they obtained by eight years after
graduating from high school. Columns 2-4 break this out further by race and
ethnicity.

3.3. Empirical Methods, Sample, and Validity
3.3.1. Empirical Methods

To estimate the effect of admission to the four-year public college system on voter
registration and turnout, I use a regression discontinuity design. The MA Board of Higher
Education sets a minimum threshold based on high school GPA and combined SAT scores (math
plus verbal) for admission to the four-year public colleges. This threshold is higher for the
UMass universities than the state universities. Figure 3.1 is a contour plot split into one panel for
state university applicants and another for UMass applicants. The shading indicates the density
of applicants, with darker shading indicating more applicants. Applicants who are on or above
the white line are eligible for admission. It is clear from Figure 3.1 that more applicants to the

state universities are near the admissions threshold compared to the UMass university applicants.
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Figure 3.1. Contour Plot for All Applicants
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Notes: This contour plot uses shading to show the number of applications corresponding
with each SAT score and high school GPA bin (Bin size for SAT scores is 40 points,
while bin size for high school GPA is 0.4 points). The upper panel plots applicants to the
state universities, while the bottom panel shows applicants to the UMass universities. The
white line indicates the relevant admissions threshold for each group. Students on the
white line or to the right of the white line qualify for admission. Less than 5% of
observations lie outside the depicted region in each plot.
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The regression discontinuity design compares students just barely above the threshold for
admission to those just barely below the threshold. Threshold crossing induces a sharp change in
a student’s likelihood of being admitted to a four-year public college, while all other student
characteristics which might affect outcomes should be continuous through the admissions
threshold. This allows me to identify the effect of admission for those students who are near the
admissions threshold and whose admission decision is bound by the thresholds.

The admission threshold is defined based on a combination of SAT and high school
GPA. To simplify the discontinuity to a single dimension (GPA), I condition on one dimension
(SAT) and use GPA as the running variable. I choose this approach because the threshold is
designed such that for every SAT score, there is a minimum GPA that a student must pass in
order to be above the admissions threshold. However, the reverse is not true. For students with
GPAs in the range beneath 2.0 and at or above 3.0, there is no SAT score that would change their
admission probability (All students with GPAs beneath 2.0 are inadmissible and all students at or
above a 3.0 are admissible). To maximize the analytical sample, I therefore condition on SAT
and use GPA as the running variable.

[ first estimate the effect of being just above the admissions cutoff on an applicant’s
likelihood of being admitted to an in-state four-year public college using the following local
linear model for the sample of students near the admissions cutoff:

(1) Admitys = ag + aAbove;s + a,GPADist; s + azAbovej s * GPADist;s + Ag + Vi + Uy
Admit;, indicates a student is admitted to an in-state four-year public college. Above;, is an
indicator for being at or above the admissions threshold in GPA points, while GPADist;; is the
centered high school GPA for each applicant in which zero corresponds with the GPA needed for

admission given each student’s SAT score. Fixed effects are included for application cohort (y;)
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to absorb year-to-year variation in application cohorts. I also assign students to one of seven SAT
bins based on the minimum GPA necessary for admission within a given SAT score range and
include fixed effects for each SAT bin (Ag). The effect of being just above the admissions
threshold on a student’s likelihood of being admitted to a four-year public college is a;.

The Board of Higher Education allows exemptions to the admissions thresholds for 10%
of enrolled students at the four-year public colleges. Admissions departments have wide
discretion in granting exemptions for conditions such as an applicant demonstrated the “potential
for success in a four-year program” or had strong recommendations (MA DHE, 2013). As a
result, not all students beneath the admission cutoff are denied admission. Also, not all students
above the cutoff are admitted since the admission threshold is not a sufficient condition for
admission. Because of these policies, I use a fuzzy regression discontinuity design to estimate the
effect of admission on a range of outcomes. To do so, I first estimate equation (1) and then
calculate the predicted values from equation (1) (Admit,.) and estimate the following second
equation:

(2)  Yius = my + mAdmit,s + m,GPADist;s + m3Above;s * GPADIst;s + s + 8¢ + €j¢s

In this second stage model, 7, is the causal effect of admission to a four-year public college for
students whose admission is constrained by the Board of Higher Education’s thresholds. I use
this equation to estimate effects on college enrollment, graduation, and voter registration and
turnout. The standard errors in both equations (1) and (2) are clustered by the running variable
(centered GPA) following Lee and Card (2008). I also calculate optimal bandwidths from
Calonico et al. (2014) and find that the bandwidths for voting outcomes range from 0.5 to 0.6
GPA points, with a modal bandwidth of 0.6. I use 0.6 GPA points for the main specifications, but

for all outcomes also report bandwidths of 0.5 and 0.7 for all of the main results.
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3.3.2. Sample

The analytical sample consists of all applicants to the MA four-year public colleges who
apply to enroll between fall 2004 and fall 2010 who graduated from a high school in
Massachusetts between 2003 and 2010. One important limitation is that some institutions in
some years only report GPA and SAT scores for admitted students. It is not possible to use these
institution-years in the regression discontinuity analysis, as I lack the running variable for almost
all applicants beneath the admissions threshold. I drop these institution-years from the analysis
sample.*’

From the remaining applications with valid GPAs and SATs (83% of all applications),
some students submit multiple applications between fall 2004 and fall 2010. For the RD design, I
need to identify the GPA that presents the binding constraint on admission to the four-year
public college system in Massachusetts for a given applicant. First, for students who apply to
multiple colleges across years, I take the first application year, as the later applications could be
endogenous. If students apply to multiple colleges within a single year and only applied to state
universities or UMass universities, I take the application with the highest reported high school
GPA because students only need to pass the admission threshold at one university to gain access
to the sector. For students who apply to both state universities and the UMass institutions, I take
the highest state university GPA, as the state universities have a lower threshold for admission
than the UMass institutions and likely present the better chance for admission to the four-year

public sector.

49 This removes 16.7% of eligible applications. The remaining applications still cover 11 of the 13 four-year public
universities in the state. The two dropped institutions consist of one specialty state university and one
comprehensive state university.
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3.3.3. Validity

An important assumption for a regression discontinuity design is that students cannot sort
themselves precisely above or below the cutoff for admission. Because the thresholds are public,
there are two potential ways in which students might violate this assumption. First, students may
be less likely to apply to the four-year public colleges if they are beneath the admissions
threshold. Second, they could try to retake the SAT or lobby teachers to change their GPAs in
order to move above the thresholds.

To address these concerns, I conduct two empirical tests to check for evidence that
students are aware of the cutoffs and responding to them. First, following McCrary (2008), I test
if the density of students changes discontinuously at the admissions threshold. If students are
engaging in either of the two types of behavior noted above, the density should be
discontinuously higher above the cutoff. Figure A3.1 shows the relevant histograms for this test,
with panel A using the sample for all institutions that submitted scores rounded to the nearest
hundredth of a GPA point, while panel B limits the sample to the one institution that only
reported GPAs rounded to the nearest tenth of a GPA point (Splitting the institutions in this
manner makes it easier to identify any changes in density at the cutoff). As shown in panel A of
Figure A3.1, students of color and those from low-income backgrounds (who qualified for free-
and-reduced price lunch in 12" grade) do not appear to be responsive the cutoffs. In contrast,
other students who are white or coming from more advantaged backgrounds do appear to be
responding to the cutoffs in ways that would compromise a regression discontinuity design. This
is consistent with a body of research that shows that low-income students and students of color
appear to have less information and resources to support the college application process and

benefit from interventions to address these gaps (Goodman et al., 2020; Bettinger et al., 2012).
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As aresult, I limit the analysis sample to low-income students and students of color.

Although there is a spike in density at the admissions threshold for these students, this is
not necessarily a sign of manipulation, as prior work has shown that GPAs tend to cluster at
rounded values, particularly whole numbers (Barreca et al., 2016; Ost et al., 2018). To
demonstrate this, I conduct a placebo test in which I take all applicants who are not bound by a
3.0 cutoff and center their GPAs at 3.0. The density plot for these students (Figure A3.2) also
shows a spike in density at 3.0, as well as a spike a 2.0 and 4.0. This suggests that any spike
immediately at the cutoff is driven by the fact that some of the GPA thresholds include whole
numbers. However, I also report a donut specification that drops this point in all the main results.
I also conduct a covariate balance test shown in Table A3.1 and Figure A3.3 and find no
evidence of discontinuities in applicant covariates for the analysis sample.

Table 3.2 shows the summary statistics for the analytical sample and the regression
discontinuity sample, which limits the analytical sample to those within 0.6 GPA points of the
admissions threshold. Almost half of students in the analysis sample are black or Hispanic and
two-thirds qualified for free-and-reduced price lunch in high school. The average combined SAT
score was 987, below the national mean of 1026 among SAT-takers in 2004. Applicants’ 10™
grade MCAS scores were about 0.12 and 0.22 standard deviations below the state mean in math
and ELA respectively, and their high school GPAs averaged 3.07.

Although the applicants’ academic preparation was below average, 70 percent enroll in
four-year college, while 11% enroll in a two year college by the fall after applying to college.
Just over one third of the sample (36%) enroll in an MA four-year public college. Although
students enroll in college for an average 7.7 terms (3.35 academic years), only 50% earn a

bachelor’s degree within six years.
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Table 3.2. Summary Statistics

Full Analysis
Sample RD Sample
A. Demographics
Female 0.58 0.59
Black 0.26 0.34
Hispanic 0.18 0.22
White 0.21 0.21
FRPL in 12th Grade 0.59 0.66
Age at Entry 18.5 18.6
B. Academics
SAT Math 506 448
SAT Verbal 481 432
10th Grade MCAS Math -0.12 -0.56
10th Grade MCAS ELA -0.22 -0.64
High School GPA 3.07 2.78
C. Enrollment & Graduation
Enrolled in MA 4-Year Public 0.36 0.40
Enrolled in 4-Year 0.70 0.67
Enrolled in 2-Year 0.11 0.14
Terms Enrolled 7.69 7.54
Earn BA in 6 Years 0.50 0.40
D. Voting & Registration
Register by 1-5 Yrs After Applying 0.34 0.36
Vote 1-5 Yrs After Applying 0.33 0.33
Register by 6-13 Yrs After Applying 0.61 0.61
Vote 6-13 Yrs After Applying 0.44 0.44
Number of applicants (N) 39,524 16,072

Notes: This table shows the mean values of variables for each sample of interest. Column 1 shows
all applicants to MA four-year public colleges in the application cohorts of 2004-2010 who
graduated from an MA high school after 2003 and have an SAT and GPA attached to their
application who are students of color or qualify for free-and-reduced-price lunch (FRPL) status in
12th grade. The RD sample limits this analysis sample to applicants within a 0.6 point bandwidth
of the application threshold. In Panel B, a small number of students are missing MCAS scores
(less than 1 percent in each column). MCAS scores are standardized within each subject and year.
In Panel C, enrollment is determined by the fall of the school year after a student applies to attend
an MA four-year public college.
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By 6-13 years after applying to college (or approximately ages 24-31), 61% were
registered to vote in Massachusetts and 44% voted at any point during this time. In comparison,
the 2016 Current Population Survey Voting & Registration Supplement estimated that 59.5% of
25-34 year olds in Massachusetts were registered to vote in the 2016 election and 53.6% voted.

Across all outcomes, the regression discontinuity sample is more disadvantaged and less
academically prepared for college than the full sample. Two-thirds of applicants close to the
admissions threshold qualify for free- and reduced-price lunch, compared to 60% in the full
sample. They also have has lower SAT scores, lower MCAS scores, and lower high school GPAs
than the full sample. These students are also 10 percentage points less likely to earn a bachelor’s

degree.

3.4. Results

All of the main results tables include estimates from several specifications. The first
column reports estimates from equation (1) for any first stage estimates and equation (2) for any
instrumental variables estimates. The second column adds controls for gender, race/ethnicity,
SAT scores, and FRPL and LEP status in high school, as well as application set fixed effects to
control for the combination of four-year public institutions that the student applied to. The third
column shows the results of a donut specification that removes observations exactly at the
admissions threshold, while columns 4 and 5 estimate smaller and larger bandwidths. The
preferred specification is the estimate with controls included reported in column 2.

As shown in Table 3.3 and Figure 3.2, crossing the admissions threshold increases
admission to the four-year public college sector by 21 percentage points, relative to a mean of

41% for those just beneath the cutoff. This suggests that although many people near the
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Figure 3.2. Effect on Admission and Enrollment at MA 4-Year Public
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Notes: This figure shows the fraction of students admitted to a four-year public
college in MA (top) or enrolling in a four-year public college in MA (bottom) by
the fall after applying as a function of the distance to the admissions threshold in
GPA points. The figure includes unadjusted linear regression lines on both sides
of the admissions threshold and uses the optimal evenly-spaced binning procedure
suggested by Calonico et al. (2015).
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Table 3.3 Enrollment & Graduation

Control
(Complier)
Main Controls Donut BW: 0.5 BW: 0.7 Means
First Stage
Accepted at MA Public
4-Year 0.202%**  0.209***  0.211***  0.204***  (0.219%** 0.41
(0.043) (0.022) (0.023) (0.024) (0.021)
IV Estimates
A. Enrollment
Enroll in MA Public 4-
Year 0.396***  0.417***  (0.422%**  (.394%**  ().464%** 0.25
(0.071) (0.069) (0.073) (0.078) (0.061)
Enroll in a State Univ. 0.315%**  (0.322%**  (.339*** (. 3]19%** (. 357*** 0.05
(0.090) (0.063) (0.067) (0.068) (0.054)
Enroll in a UMass
Univ. 0.081 0.095%* 0.083* 0.075 0.108** 0.19
(0.081) (0.049) (0.051) (0.055) (0.045)
Enroll in a 2-Year -0.201%**  -0.194***  .0.202%** -0.211%** -0.208%** 0.23
(0.085) (0.052) (0.054) (0.057) (0.044)
Enroll in Private 4-Year  -0.093 -0.119* -0.114* -0.072 -0.164%** 0.26
(0.083) (0.064) (0.068) (0.072) (0.058)
Do Not Enroll -0.109**  -0.107** -0.114%* -0.113* -0.091%** 0.24
(0.055) (0.054) (0.056) (0.059) (0.046)
Enroll in a non-MA
Public 4-Year 0.006 0.003 0.008 0.002 -0.002 0.02
(0.030) (0.025) (0.027) (0.029) (0.023)
B. Terms Enrolled
Terms Enrolled in Any
4-Year 1.494* 1.521%**  1.495%**  1705%**  1.646%** 4.85
(0.876) (0.500) (0.524) (0.532) (0.455)
Terms Enrolled in
Public 2-Year -1.089*  -0.974%**  .0.943***  _(0930**  -0.922%** 2.14
(0.613) (0.335) (0.366) (0.361) (0.316)
Terms Enrolled in
Private 4-Year -0.246 -0.389 -0.257 -0.103 -0.700* 1.72
(0.676) (0.437) (0.459) (0.455) (0.401)
Terms Enrolled in Any
College 0.277 0.363 0.339 0.571 0.496 7.13
(0.557) (0.498) (0.524) (0.531) (0.442)
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Table 3.3 Enrollment & Graduation (Continued)

Control
BW: (Complier)
Main Controls Donut 0.5 BW: 0.7 Means

C. Graduation
Earn BA in 6 Years 0.147  0.156**  0.127*  (.145* 0.108* 0.28

(0.104) (0.067) (0.065) (0.075) (0.063)
Earn AA/Cert. in 6
Years -0.116*  -0.113**  -0.114**  -0.094* -0.106%** 0.14

(0.061)  (0.045)  (0.047)  (0.052)  (0.041)

Observations 16,072 16,072 15,721 13,585 18,401
Notes: The first row reports the first stage estimates, while all other rows report the instrumental
variables estimates. The main specification uses a bandwidth of 0.6 GPA points. Controls include
indicators for gender, race/ethnicity, SAT scores, and FRPL (free-and-reduced price lunch) and LEP
(limited English proficiency) status in high school, as well as application set fixed effects. The donut
specification is the same as the main specification with controls but drops observations that are at the
cutoff. BW5 and BW7 use the main specification with controls with a bandwidth of 0.5 and 0.7 GPA
points respectively. Standard errors are shown in parentheses and are clustered by distance to the
admissions threshold. Terms enrolled refers to all fall and spring terms enrolled between the
application year and 2018. The last column of the first row reports the mean admission rate for those
within 0.2 GPA points beneath the cutoff. The last column for all subsequent rows reports the
predicted outcomes for the untreated compliers. Significance levels are the following: *p<0.1,
*#p<0.05, ***p<0.01.

admissions threshold are receiving exemptions from the thresholds, a substantial number are
bound by the admissions threshold. Admission to the four-year public sector also increases
enrollment in the four-year in-state public sector by 42 percentage points. About three-quarters
of this increase comes from increasing enrollment in the state universities, while approximately
one quarter comes from increasing enrollment in the UMass universities. This increase in
enrollment in the four-year public sector displaces three alternatives: enrollment in two-year
colleges (19.4 percentage points), enrollment in private four-year colleges (11.9 percentage
points), or no enrollment in college (10.7 percentage points). It has no effect on whether a
student enrolls out-of-state in a four-year public. To summarize, about half of students who were
induced to enroll in a four-year public college as a result of the admissions thresholds would

have otherwise enrolled in a two-year colleges, while about one quarter of students would have
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otherwise enrolled in a four-year private college and another quarter would have enrolled in no
college at all.

As shown in panel B of Table 3.3, admission increases the total terms students are
enrolled in any four-year college by 1.5 terms (0.75 academic years). About two-thirds of the
increase in four-year public college enrollment in MA is offset by a decrease in enrollment in
two-year public colleges (about 1 term, or 0.5 academic years). The decrease in terms enrolled in
private four-year colleges is small (0.4 terms or 0.2 academic years) and not statistically
significant. This is likely in part due to the fact that only a quarter of students induced to enroll in
an MA four-year public college as a result of the cutoff otherwise enroll in private four-year
colleges, but also suggests that those who would have otherwise enrolled at the four-year private
colleges were not staying for very long.

Not only do students stay enrolled in any four-year college for longer, admission to the
in-state four-year public sector increases bachelor’s degree attainment within six years by 15.6
percentage points, relative to a baseline estimate of 28% for the untreated compliers beneath the
cutoff. However, there is also an 11.3 percentage point decline in associate degree attainment.
These results are shown graphically in Figure 3.3. In other words, admission is allowing students
to complete a bachelor’s degree from a four-year public college in place of otherwise earning an
associate degree from a community college.

Table 3.4 reports effects on voter registration and turnout. I split the results into two time
frames: one during which applicants might be enrolled in college (1-5 years after applying to
college) and another after which most have finished and are working (6-13 years after applying).
For context, a year post application is defined as the August 1-July 31 following an application

to college. For example, for the cohort that applied to start in fall 2004, a year post application is
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Figure 3.3. Effect on Degree Attainment
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Notes: The figure shows the mean bachelor’s degree attainment rate (top) or mean associate
or certificate attainment rate (bottom) within six years after applying to an in-state four-year
public college as a function of the distance to the admissions threshold in GPA points. The
figure includes unadjusted linear regression lines on both sides of the admissions threshold
and uses the optimal evenly-spaced binning procedure suggested by Calonico et al. (2015).
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Table 3.4. Voting and Registration

RF v
Control
(Complier)
Main Main Controls Donut BW:0.5 BW:0.7 Means
A. 1-5 Years After Applying
Ever registered 0.023 0.114 0.110 0.154** 0.101 0.103* 0.31
(0.015) (0.078)  (0.071) (0.065) (0.076) (0.061)
Voted 0.008 0.039 0.028 0.043 0.009 0.055 0.33

(0.016) (0.078)  (0.070) (0.071) (0.084) (0.062)
# of elections
voted in 0.010 0.047 0.026 0.052 -0.074 0.072 0.56

(0.036) (0.176)  (0.161) (0.167)  (0.187) (0.141)

B. 6-13 Years After

Applying

Ever registered 0.033** 0.163**  0.157** 0.175%** 0.139%* (0.165%** 0.58
(0.013) (0.073)  (0.062) (0.065)  (0.068) (0.058)

Voted 0.035%* 0.174**  0.171**  0.181**  0.128*  0.150%* 0.38

(0.015) (0.077)  (0.068) (0.071) (0.075) (0.061)
# of elections
voted in 0.094** 0.468** (0.460*** (0.448**  (0.312* 0.361** 0.67

(0.039) (0.219)  (0.172)  (0.182)  (0.183)  (0.156)

Observations 16,072 16,072 16,072 15,721 13,585 18,401

Notes: This table reports the instrumental variables estimates of the effect of admission on voting and
registration outcomes. The main specification uses a bandwidth of 0.6 GPA points. Controls include
indicators for gender, race/ethnicity, SAT scores, and FRPL (free-and-reduced price lunch) and LEP
(limited English proficiency) status in high school, as well as application set fixed effects. The donut
specification is the same as the main specification with controls but drops observations that are at the
cutoff. BW5 and BW7 use the main specification with controls with a bandwidth of 0.5 and 0.7 GPA
points respectively. Number of elections counts the total number of elections a person voted in over a
given period of time, including all primaries and general elections. Standard errors are shown in
parentheses and are clustered by distance to the admissions threshold. The last column reports the
predicted outcomes for the untreated compliers. Significance levels are the following: *p<0.1, **p<0.05,
**#p<0.01.

August 1, 2004 through July 31, 2005. Because I observe voting records through 2017, the
longest I can follow the oldest cohort who applied to enroll in fall 2004 is thirteen years, and the

longest I can follow the youngest cohort who applied to enroll in fall 2010 is seven years.
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Figure 3.4. Effects on Voting
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Notes: The figure shows the rate of voting within 1-5 years post application (top) or
the rate of voting 6-13 years post application (bottom) as a function of the distance
to the admissions threshold in GPA points. One year post application is measured
from August 1 of the fall in which an applicant would start college to July 31 of the
following calendar year. The figure includes unadjusted linear regression lines on
both sides of the admissions threshold and uses the optimal evenly-spaced binning
procedure suggested by Calonico et al. (2015).
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As shown in Figure 3.4, five years after applying to college, there is no evidence that
admission to an MA four-year public college increases voter registration or turnout in elections.
However, six to thirteen years after applying, admission to the four-year public colleges raises
voter registration rates by 15.7 percentage points. Admission to the in-state four-year sector also
raises the rate at which applicants voted in elections 6-13 years after college by 17.1 percentage
points, and raised the number of elections they voted in by 0.47.

One important limitation with the voting and registration data is that it does not include
people who are not registered voters as of February 2019 in Massachusetts. To the extent that
admission to the four-year public colleges affected out-of-state migration, the effects could be
biased. The effects could be an underestimate of the true effect if the higher bachelor’s degree
attainment rates caused by admission to the four-year public colleges induces people above the
cutoff to move out-of-state at higher rates. The effects could be an overestimate of the true effect
if people just beneath the admissions threshold are more likely to move out-of-state, perhaps to
attend college when they were not admitted to the four-year in-state public sector. Another
concern is that it will not be possible to merge people who register to vote after marrying and
assuming a different surname to their college admissions records. This would disproportionately
affect women, who are more likely to take their partner’s surname. If marriage rates change
discontinuously at the cutoff, this could bias the results. For example, people with a bachelor’s
degree are more likely to marry than those who do not, which could cause the estimates of the
effects on voter turnout and registration to be downward biased.

Table 3.5 reports differences in voter turnout and registration by gender, race/ethnicity,
and FRPL status in high school. The effects on voting and registration 6-13 years after applying

to college appear to be much larger for men than for women. These differences are also shown
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Table 3.5. Heterogeneity by Demographic Group

FRPL
12th
Male Female Black  Hispanic White Grade
A. First Stage
Admitted to MA 4-Year
Public 0.219%**  (0.202*%** (.178*** (.228*%** (. 315%** (,196***
(0.032) (0.022) (0.030) (0.031) (0.031) (0.022)
B. IV Estimates
Enroll in a MA Public 4-Year  0.461***  (0.400*** (0.412*%** (.442%**  (.409%**  (.499%**
(0.094) (0.100) (0.134) (0.126) (0.084) (0.082)
Enroll in a Public 2-Year -0.208%**  _(,128** -0.123 -0.162  -0.316%** -0.269***
(0.084) (0.062) (0.081) (0.115) (0.067) (0.061)
Enroll in a Private 4-Year -0.130 -0.119  -0.253**  -0.240** 0.044 -0.056
(0.093) (0.087) (0.123) (0.109) (0.079) (0.077)
Do Not Enroll -0.070 -0.131* -0.024 -0.038 -0.149* -0.186%*
(0.104) (0.072) (0.123) (0.117) (0.083) (0.073)
Earn BA in 6 Years 0.306%* 0.033 0.092 0.199 0.149 0.231%**
(0.121) (0.084) (0.121) (0.143) (0.100) (0.084)
Earn AA/Cert in 6 Years -0.082 -0.137** -0.110 -0.072  -0.230***  -0.118%*
(0.067) (0.055) (0.076) (0.084) (0.072) (0.063)
Ever register by 1-5 yrs after
app. 0.255%* 0.019 0.007 0.282%* 0.041 0.143
(0.110) (0.085) (0.144) (0.140) (0.081) (0.098)
Ever register by 6-13 yrs after
app. 0.294*** 0.072 -0.019 0.194* 0.054 0.101
(0.110) (0.085) (0.151) (0.114) (0.090) (0.085)
Vote 1-5 yrs after app. 0.057 0.006 -0.074 0.108 -0.008 0.039
(0.103) (0.082) (0.161) (0.118) (0.079) (0.085)
Vote 6-13 yrs after app. 0.315%** 0.081 0.103 0.210* 0.045 0.091
(0.110) (0.085) (0.131) (0.127) (0.102) (0.087)
Observations 6,511 9,561 5,386 3,477 3,361 10,567

Notes: This table presents first stage and instrumental variables estimates of the effect of admission to a
four-year public college in MA limiting the sample to the group noted in the column heading. Panel A
reports the first stage estimates. Panel B reports instrumental variable (IV) estimates using admission to a
MA four-year public university as the instrument. Standard errors are shown in parentheses and are
clustered by distance to the admissions threshold. Bandwidth for all regressions is 0.6 GPA points.

Significance levels are the following: *p<0.1, **p<0.05, ***p<0.01.
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Figure 3.5. Effects on Voting by Gender
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Notes: The figure shows the rate of voting within 1-5 years post application (top) or the rate of voting
6-13 years post application (bottom) as a function of the distance to the admissions threshold in GPA
points for men (on the left side) and women (on the right side). One year post application is measured
from August 1 of the fall in which an applicant would start college to July 31 of the following
calendar year. The figure includes unadjusted linear regression lines on both sides of the admissions
threshold and uses the optimal evenly-spaced binning procedure suggested by Calonico et al. (2015).

graphically in Figure 3.5. This pattern of results could be due to the fact that the positive effects
on bachelor’s degree attainment are driven almost entirely by men. In contrast, women appear to
experience no increase in their likelihood of earning a bachelor’s degree and some decrease in
their likelihood of earning an associate or certificate within six years.

Table 3.5 also shows larger effects on voting rates 6-13 years after applying to college for

Hispanic or Latino applicants. The effects are only marginally significant because the sample
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size is small, but they provide suggestive evidence that Hispanic or Latino applicants in
particular benefitted from admission to the four-year public sector. The point estimates also show
that admission had a large positive effect on degree attainment, which, like the effect for men,
suggests bachelor’s degree attainment may be important in driving the observed effects on voter

turnout and registration.

3.5. Discussion

A growing body of research is focused on understanding the economic returns to
different types of colleges. However, given that government funding for higher education is in
part motivated by a desire to create an engaged and active citizenry, it is important to understand
how the type of college a student attends affects civic outcomes. This is particularly true for
public colleges, which have received substantial government support and continue to do so,
despite a relative decline in recent decades in the proportion of college costs covered by state
funding.

This paper presents the first evidence on how access to a state’s four-year public college
sector affects voter registration and turnout. For racial and ethnic minorities and low-income
students, access to four-year public colleges appears to increase both registration and voting rates
6-13 years after applying to college. The effects are particularly large for male applicants. While
it is not clear what is driving the effects on voter turnout, it is possible that admission to the four-
year public sector provides access to a different peer group or a different instructional
environment that supports civic engagement. It is also possible that the effects could be driven by
increased bachelor’s degree attainment in place of associate’s degrees or increased earnings,

which have been documented in Chapter 2.
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One limitation of this study is that it is possible that admission to the four-year public
colleges affects the rate at which people move out-of-state or marry and change their last name.
Because the voter registration records are limited to Massachusetts, either of these situations
could bias the estimated effects on registration and voting rates. Prior work in Chapter 2 shows
that effects of admission on out-of-state migration are small and not statistically significant,
suggesting this is unlikely to be driving the observed results. However, this is an important

limitation for further research to explore.
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Conclusion

This dissertation explores the consequences of policies that affect access and completion
in higher education with a focus on traditionally underserved students. In the first paper, I find
that using the emporium model in remedial college courses is harmful to students compared to
traditional instruction. This paper joins a growing literature that suggests online and blended
learning models can worsen student outcomes compared to traditional instruction for students
with lower levels of academic preparation for college. As institutions continue to experiment
with online and blended learning models, it will be necessary to rigorously evaluate new
approaches to see how students are faring and continue to iterate and learn from these efforts.

The second and third papers examine the long-run civic and economic effects of
admission to the in-state four-year public college system in Massachusetts for low-income
students and students of color. From an economic perspective, I find large private financial
returns to students from admission, as well as to the state through expanded lifetime income tax
revenues. From a civic perspective, I find positive effects on voter registration and turnout.
These results indicate that low-income and underserved minority students cannot easily
substitute to other colleges that provide similar outcomes. This suggests that access to the in-
state four-year public sector may be particularly important in supporting economic mobility and
reducing gaps in voting rates. This work also highlights the importance of public support for

four-year public colleges as a means of addressing inequality.
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Appendix A. Additional Tables & Figures from Chapter 1
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Table A1.3. Impact of Emporium Model on College Credits, Retention, & Degree Attainment with
Sample Limited to Adopting Colleges

(@) 2)
Emp.in  Emp. in Emp. in
Emp. in Pre- Basic Intermediate Control
Dependent Variable any course Algebra  Algebra Algebra Mean
A. Course Outcomes
Pass within 1 year -0.088*** -0.127***  .0.047 -0.053 0.60
(0.025) (0.027) (0.032) (0.035)
Re-enroll in same course
within 1 year 0.063** 0.087***  0.061** 0.035 0.13
(0.027) (0.020) (0.025) (0.051)
B. Later Outcomes
Take college math within 3
years -0.046* -0.013 0.002 -0.103*** 0.38
(0.023) (0.013) (0.024) (0.037)
College credits completed
within 3 years -2.462%%* -1.821***  -0.633 -3.904*** 23.63
(0.618) (0.618) (1.177) (1.322)
Retention to year 2 -0.061*** -0.025 0.007 -0.131%** 0.54
(0.019) (0.016) (0.021) (0.029)
Earn any degree within 3
years -0.0571*** -0.039** -0.027 -0.073*** 0.16
(0.012) (0.018) (0.023) (0.021)

Notes: Each number 1-2 at the top of the table represents a separate regression. In the first regression,
point estimates are shown for the main variable of interest (an interaction between an indicator for the
post-treatment period and an indicator for being in a treated (i.e. emporium model) college and course).
The second regression splits this variable into the three possible levels of remediation that a student could
take. Standard errors are clustered at the college-course level in parentheses. All regressions have
demographic controls and institution-by-year, institution-by-course, and course-by-year fixed effects.
Sample is limited to students who first enroll in a fall semester, take a remedial course their first semester
between 2008-09 and 2013-14, and are enrolled in a college that adopts the emporium model at some
point during this time. In Panel A, the first regression has 21,706 observations and the second has 22,204
due to a small number of students missing grades. All regressions in Panel B have 22,204 observations.
% p<0.01, ** p<0.05, * p<0.1.
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Appendix B. Additional Tables & Figures from Chapter 2
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Figure A2.1. Density of Students by Distance to Admissions Threshold

Low-income or URM

0
GPA Distance

All Other Applicants

0
GPA Distance

Notes: Histograms of distance to the admissions threshold in GPA points. Top panel
includes all applicants who are low-income (defined as qualifying for free-and-

reduced price lunch in high school) or underrepresented minorities and bottom panel
includes all other applicants.
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Figure A2.2. Placebo Density Test
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Notes: This figure uses a high school GPA that is centered at a cutoff of 3.0 and plots all
applicants who are not bound by a cutoff of 3.0. The increase in density at the threshold

suggests for this group indicates that 3.0 is more likely to occur in the GPA distribution

even in cases where students are not facing an admissions threshold of 3.0.
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Figure A2.3. Covariate Balance Checks
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Notes: These panels plot the mean value for each variable as a function of distance from the
cutoff for admission. For the bottom two panels, predictions are based on regressions that
include the following independent variables: math and ELA MCAS scores, SAT math and
verbal scores, gender, race, and individual indicators for FRPL and LEP status in high school.
Fitted regression lines are also included from the main specification without fixed effects
with a bandwidth of 0.8 GPA points.
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Figure A2.4. Effects on Working or Being Enrolled In-State

Working or Enrolled In-State
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Notes: This figure plots the discontinuity estimates of the effects on residing in-state 6-12
years after a student’s first application to a state university. Each estimate comes from the
main model specification in equation (1) with controls and uses a bandwidth of 0.6 GPA
points. The dots indicate point estimates and the top and bottom lines indicate the confidence
interval for each estimate.
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Figure A2.5. Effects on Net Tuition and Fees Over Time
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Notes: This figure plots the discontinuity estimates of the effects on net tuition and fees each
year for 1-9 years after a student’s first application to a state university. Each estimate
comes from the main model specification with controls and uses a bandwidth of 0.5 GPA
points (as this is the median optimal bandwidth from Calonico et al. (2014) across
regressions for all years). The dots indicate point estimates and the top and bottom lines
indicate the confidence interval for each estimate.
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Table A2.1. MA Public College Characteristics

Graduation
Net Educational Rate
Total FTE = Tuition Tuition  Exp. per (150%

Enrollment & Fees & Fees FTE Time)
UMass Universities 46,216 9,639 8,748 15,238 0.57
State Universities 36,305 5,665 4,674 11,100 0.48
A. Comprehensive
Bridgewater State University 7,863 6,107 5,249 10,079 0.48
Fitchburg State University 4,001 4,998 4,106 10,848 0.55
Framingham State University 4,152 4,988 4,476 10,378 0.42
Salem State University 7,334 5,616 4,451 10,984 0.40
Westfield State University 4,632 4,782 3,725 9,213 0.53
Worcester State University 4,164 5365 4,316 9,666 0.43
B. Specialized
MA College of Art & Design 1,718 8,458 6,772 16,379 0.62
MA College of Liberal Arts 1,472 6,730 5,363 16,778 0.47
MA Maritime Academy 969 7,037 6,205 21,600 0.70
Community Colleges 49,612 3,810 2,103 9,347 0.17

Notes: Data come from the 2004-05 academic year from IPEDS. The UMass, state university, and
community college rows present FTE enrollment-weighted averages across institutions (except for
total FTE enrollment, which is the sum across institutions). Total FTE enrollment is fall full-time
equivalent enrollment. Tuition and fees are total revenue from tuition and fees (as calculated by the
Delta Cost Project) divided by FTE enrollment. Net tuition and fees are net student tuition and fees
(as calculated by the Delta Cost Project) divided by FTE enrollment. Educational expenditures per
FTE are total spending on direct education costs (as calculated by the Delta Cost Project) divided
by FTE enrollment. Graduation rate in 150% time are the fraction of students graduating within
150% of normal time (6-years are four-year colleges, 3 at two-year colleges).
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Table A2.2. Covariate Balance Check

Main Donut BW:0.5 BW:0.7
Predicted BA in 8 Years 0.001 0.001 0.001 -0.000
(0.003)  (0.003)  (0.004)  (0.003)
Predicted Earnings 8-14 Years After App. 48.69 85.26 -76.68 15.03
(105.94) (106.24) (115.60) (100.86)
MCAS Combined 0.029 0.028 0.022 0.022
(0.027)  (0.029)  (0.030)  (0.025)
SAT Combined 2.35 1.64 2.25 1.02
(2.49) (2.52) (2.77) (2.44)
Female -0.022 -0.023 -0.007 -0.013
(0.015)  (0.016) (0.016)  (0.014)
White 0.001 -0.004 0.007 0.007
(0.019)  (0.019)  (0.020)  (0.017)
Asian -0.008 -0.005 -0.014 -0.014
(0.010)  (0.010)  (0.011)  (0.010)
Hispanic 0.009 0.017 0.012 0.012
(0.017)  (0.016)  (0.019)  (0.016)
Black -0.001 -0.005 -0.005 0.001
(0.018)  (0.019)  (0.020)  (0.017)
Ever FRPL -0.026 -0.024 -0.034* -0.019
(0.016)  (0.017)  (0.018)  (0.014)
Ever LEP -0.000 0.003 -0.008 -0.003
(0.011)  (0.011)  (0.012)  (0.010)
Years FRPL -0.100 -0.087 -0.124 -0.079
(0.069)  (0.071)  (0.080)  (0.064)
Age at Entry -0.012 -0.020 -0.010 -0.008
(0.023)  (0.024)  (0.027)  (0.021)
Observations 9,602 9,474 8,129 10,992

Notes: This table presents estimates of the discontinuity at the admissions threshold from
equation (1) with a bandwidth of 0.6 GPA points. All specifications present reduced form
estimates. The donut specification drops observations that are exactly at the cutoff. BW5 and
BW?7 use the main specification with a bandwidth of 0.5 and 0.7 GPA points respectively.
Standard errors are shown in parentheses and are clustered by distance to the admissions

threshold. Significance levels are the following: *p<0.1, **p<0.05, ***p<0.01.
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Table A2.3. Robustness Check: Effects on Mean Earnings 9-14 Years After Application

RF v
BW: BW: Control
Main Main Controls  Donut 04 0.6 Means
Mean Earnings 9-14
Years After 2095% 10040*  10740* 10113* 10919* 8943 * 32,087
(1200) (5742) (5740) (6060) (6458) (4811)
7,610 7,610 7,610 7,500 6,457 8,727

Notes: The first column reports the reduced form estimates. All other columns report instrumental
variable (IV) estimates using admission to a state university as the instrument. The main specification
uses a bandwidth of 0.6 GPA points. Controls include indicators for gender, race, SAT scores, FRPL
status in high school, LEP status in high school, years of FRPL status in high school, and age at entry.
The donut specification is the same as the main specification but drops observations that are exactly at
the cutoff. BWS5 and BW7 use the main specification with a bandwidth of 0.5 and 0.7 GPA points
respectively. Standard errors are shown in parentheses and are clustered by distance to the admissions
threshold. Significance levels are the following: *p<0.1, **p<0.05, ***p<0.01.
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Table A2.4. Effects on Mean Annual Earnings When Trimming With Lee Bounds

RF v
BW: BW:
Main Main  Controls  Donut 0.4 0.6
Mean Earnings 8-14
Yrs. After Application 1803* 7385% 7797* 7575%* 7188 5403
(982) (4000)  (4025)  (4257) (4498) (3492
9,565 9,565 9,565 9,439 8,096 10,955

Notes: The first column reports the reduced form estimates. All other columns report
instrumental variable (IV) estimates using admission to a state university as the instrument.
The main specification uses a bandwidth of 0.6 GPA points. Controls include indicators for
gender, race, SAT scores, FRPL status in high school, LEP status in high school, years of
FRPL status in high school, and age at entry. The donut specification is the same as the main
specification but drops observations that are exactly at the cutoff. BWS and BW7 use the main
specification with a bandwidth of 0.5 and 0.7 GPA points respectively. Standard errors are
shown in parentheses and are clustered by distance to the admissions threshold. Mean earnings
8-14 years after application is constructed after removing the top earners above the cutoff in
each year 8-14, with the percentage of top earners trimmed corresponding to the effect on
residing in-state for each year 8-14. Significance levels are the following: *p<0.1, **p<0.05,
**%p<0.01.
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Table A2.5. Cost and Aid Robustness Check, Dropping Out of State Enrollees

RF v
BW: BW:
Main Main  Controls Donut 0.4 0.6
Total Tuition & Fees -850 -3552 -3497 -3940 -4180 -3035
(1432) (5903) (6070) (6452) (6418) (5735)
Total Aid -123 -514 897 2007 508 1156
(1273) (5286) (5042) (5249) (5636) 4757)
Net Tuition & Fees -728 -3041 -4394 -5943 -4800 -4096
(1208) (4982) (4403) (4495) 4773) (3884)
MA State Aid 234 976 1272 1814 854 543
(368) (1539) (1493) (1488) (1682) (1320)
Federal Aid in MA 284 1186 2078 2384 2349 2038
(606) (2512) (2206) (2325) (2528) (2046)
Institutional Aid in MA -290 -1212 -1043 -984 -866 -594
(784) (3250) (3280) (3486) (3630) (3084)
Observations 6,248 6,248 6,248 6,156 5,120 7,358

Notes: This table is the same as Table 2.6, except that it drops all students who ever enroll out
of state. It presents estimates of the discontinuity at the admissions threshold from equation (1).
The first column reports the reduced form estimates. All other columns report instrumental
variable (IV) estimates using admission to a state university as the instrument. The main
specification uses a bandwidth of 0.5 GPA points. Controls include indicators for gender, race,
SAT scores, FRPL status in high school, LEP status in high school, years of FRPL status in
high school, and age at entry. The donut specification is the same as the main specification but
drops observations that are exactly at the cutoff. BW4 and BW6 use the main specification with
a bandwidth of 0.4 and 0.6 GPA points respectively. Standard errors are shown in parentheses
and are clustered by distance to the admissions threshold. The variables that breakdown
different sources of grant aid (e.g. State aid, Federal aid, and Institutional Aid) are only
available for students enrolled in MA institutions. Significance levels are the following:
*p<0.1, *¥*p<0.05, ***p<0.01.
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Appendix C. Calculating Private Costs of College from Chapter 2
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To calculate costs, I first use the National Student Clearinghouse to identify all
undergraduate enrollment spells in any institution between the fall that an applicant would have
begun college (e.g. 2004 for the 2004 cohort) and the end of the 2016-17 academic year. I
classify all terms in which a student is enrolled in October, or November as a fall term, and all
terms in which a student is enrolled in February or March as a spring term. I drop all terms that
occur outside these month ranges or are less than one month in duration. (Including winter and
summer terms in the “terms enrolled” variable yielded substantively similar results when
calculating effects on total terms enrolled, so these are dropped to simplify cost calculations). I
also drop any graduate school enrollments, since these are not covered in the state’s financial aid
data.’® Lastly, I use the enrollment status variable indicating full-time, part-time, or less than
part-time status to identify full-time equivalent (FTE) enrollments for each institution-year a
student is enrolled. (For example, a student enrolled full-time in the fall and full-time in the
spring has an FTE enrollment of 1, while a student enrolled full-time just one semester has an
FTE enrollment of 0.5). I drop all terms in which a student is enrolled less than part-time as
these are only 3.4% of term-level enrollments and represent a very small proportion of total
costs. In cases where enrollment status is missing and a student has financial aid data, I use the
number of registered credits in the financial aid file to impute full-time (12 or more credits), part-
time (greater than 6 credits but less than 12), or less than part-time (less than 6 credits). In the
remaining 10% of cases where enrollment status is missing, I impute full-time status, as this was
the imputed value in 92% of cases where registered credits was available in the financial aid file.

After calculating FTE enrollments at the student-institution-year level, I then merge in

financial aid data. For in-state enrollments, students who are not in the financial aid file did not

50 Graduate school enrollments are identified as any enrollment that occurs after earning a bachelor’s degree or at a
college that requires a bachelor’s degree to enroll.
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apply for or receive aid and are given a zero for all forms of aid. To identify the tuition and fees
paid by these students, I use the average tuition and fees paid by students who enroll in an
institution in a given year with the same FTE enrollment intensity. For these calculations, |
merge all graduates of MA high schools from 2002 to 2010 with the financial aid file to get these
estimates. This improves the precision of the estimates for each college, since there are some
cases where only a small number of state university applicants attend a college, but a larger
number of high school graduates attend. For those with financial aid data, the correlation
between estimated tuition and observed tuition and fees is 0.98.

For students who enroll out-of-state, I use data from IPEDS (Integrated Postsecondary
Education Data System) assembled by the Delta Cost Project to construct estimates for tuition
and fees and aid.*! Tuition and fee information is available for each institution in each year for
full-time undergraduates (The relevant variable is tuitionfee()2 tf for in-state tuition and fees and
tuitionfee03_tf for out of state tuition and fees).>” I calculated the FTE (full-time equivalent)
enrollment for each student and multiply this by the full-time tuition and fee estimates in IPEDS.
Institutions in CT, NY, VT, NH, and ME offer discounted tuition to MA residents through the
New England Board of Higher Education Tuition Break program. Because the discounted tuition
and fee rate is not available in IPEDS, I use the in-state tuition and fee figures, as these are much
closer to the rate students would pay than the out-of-state rate. For all other states, I use the out-
of-state tuition and fee figures. To estimate aid, I subtract net tuition revenue from gross tuition

and fee revenue and divide this by FTE enrollment (The relevant variables are tuition03, net

31 Since Delta Cost data is not available after 2014-15, I use IPEDS to reconstruct the Delta Cost variables for 2015-
16 and 2016-17.

32 IPEDS data was available for all but 0.7% of out-of-state enrollment spells. These spells were dropped, as cost
data was not available.

126



student tuition, and fte count). 1then calculate an estimate of average aid for each student by
multiplying this by each student’s FTE enrollment at an institution in a given year. To calculate
net tuition and fees, I subtract aid from tuition and fees.

In a very small number of cases (0.017%), the tuition and fees listed in the state’s
financial aid data were missing or, in the case of one institution in one year, impossibly large. In
these cases, aid estimates were imputed from IPEDS. Also, in 7% of student-institution-year
observations, the tuition and fees from the state’s financial aid file appear to be input at the year-
level, rather than the term-level as the codebook indicates they should be. I identified these cases
by comparing reported tuition and fees to the predicted IPEDS tuition and fees estimates. In
cases were the tuition and fees were over 1.75 times the predicted tuition and fees, I used the
IPEDS predicted tuition and fees.

Lastly, all tuition and fee and aid figures were converted to 2018 dollars to facilitate

comparison with the labor market data.
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Appendix D. Additional Tables & Figures from Chapter 3
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Figure A3.1. Density
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Notes: These plots are histograms of distance to the admissions threshold in GPA points.
Plots in the first and second rows are limited to students who qualify for free- and reduced-
price lunch in 12% grade or are students of color, respectively. The first row includes all other
students. Panel B splits out one institution which only reported GPAs rounded to the tenth
decimal place, while Panel A includes all other institutions, which reported GPAs rounded to

the hundredths place.
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Figure A3.2. Placebo Density Test
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Notes: This histogram shows the results of a placebo exercise. I calculate a high school
GPA that is centered at a placebo admissions threshold of 3.0 for all students who are not
bound by an admissions threshold of 3.0. The increase in density at the threshold for this
group indicates that 3.0 is more likely to occur in the GPA distribution even in cases where
students are not facing an admissions threshold of 3.0. The one institution shown in Panel
B of Figure A3.1 is not in the sample used for this exercise, as the institution only reported
GPAs rounded to the tenths place.
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Figure A3.3. Covariate Balance
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Notes: These panels plot the mean value for each variable as a function of its distance
from the cutoff for admission. For the predicted voting figure, predictions are based on
regressions that include the following independent variables: math and ELA MCAS
scores, SAT math and verbal scores, gender, race and ethnicity, and individual indicators
for FRPL and LEP status in high school.
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Table A3.1. Covariate Balance

Main Donut BW:0.5 BW:0.7

SAT Math 0.73 -1.84 -1.79 -0.25
(2.89)  (296) (3260  (2.77)
SAT Verbal 0.26 0.15 1.90 0.43
(1.93) (205 (207  (1.86)
MCAS Math 0.041  -0.050  -0.068  -0.042
(0.045)  (0.046)  (0.050)  (0.041)
MCAS ELA 0.047  -0.048  -0.028  -0.045
(0.045)  (0.048)  (0.049)  (0.041)
Black 0.009  -0.010  -0.008  0.002
(0.015)  (0.016)  (0.017)  (0.015)
Hispanic 0.013  -0.007  -0.011  -0.007
(0.015)  (0.015)  (0.017)  (0.014)
White 0.005  -0.005  -0.009  -0.010
(0.015)  (0.016)  (0.015)  (0.014)
Female 0.008  -0.003  -0.006  -0.004
(0.016)  (0.016)  (0.017)  (0.015)
FRPL in 12th Grade 0.015  -0.007  -0.027  -0.020
(0.020)  (0.020)  (0.021)  (0.019)
Age at Entry 0.015 0.013 0.024 0.016
(0.017)  (0.019)  (0.019)  (0.016)
Predicted Voting 6-13 Years After App. -0.000  0.000 0.000 0.001

(0.002)  (0.002)  (0.002)  (0.002)

Observations 16,072 15,721 13,585 18,401

Notes: This table presents reduced form estimates of the discontinuity at the admissions
threshold from with a bandwidth of 0.55 GPA points. The donut specification drops
observations that are exactly at the cutoff. BW5 and BW7 use the main specification with a
bandwidth of 0.5 and 0.7 GPA points respectively. Standard errors are shown in parentheses
and are clustered by distance to the admissions threshold. Significance levels are the
following: *p<0.1, **p<0.05, ***p<0.01.
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