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Abstract

Community colleges enroll a third of all postsecondary students and play a
potentially important role addressing recent increases in the demand for skilled
workers. In this paper I estimate the labor market returns to a particularly large
and important degree, the Associate’s Degree in Nursing (ADN). I use student-
level academic and earnings records across two decades for all community
college students in California. I capitalize on random variation from admissions
lotteries to produce causal estimates of the effect of the ADN on earnings and
employment. Enrolling in the program increases earnings by 55% and the
probability of working in the healthcare industry by 23 percentage points. I
also use an individual fixed effects approach and show that there is substantial
heterogeneity in earnings returns across nursing programs. The returns are
higher in areas with more occupational opportunities for nurses, but there is
little difference across measures of college quality. In light of concerns about
nursing shortages, I estimate that the economic value of expanding an ADN
program by one seat far outweighs the costs.
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1 Introduction

Community colleges have recently made a resurgence in debates about the future of public educa-

tion. In 2015, for example, the Obama administration announced plans to make community college

free for most students (Executive Office of the President, 2015).1 There are a number of reasons

for this increased attention. Community colleges are more accessible and affordable to students

than four-year college, addressing issues of sagging postsecondary enrollment and attainment

(Goldin and Katz, 2008; Cohen, Brawer and Lombardi, 2009). They also overwhelmingly enroll

older, lower-income and first-generation students, making them drivers of upward socioeconomic

mobility (Belfield and Bailey, 2011; Kane and Rouse, 1999). Career technical programs, which

represent half of community college enrollments, are especially important in light of changing

demand for skills in the labor force (Bailey et al., 2003; Acemoglu and Autor, 2011).2 In recent

years, policymakers have focused additional attention on expanding career technical programs.3

Career technical programs in health fields are of particular interest. As shown in Figure 1, the

health workforce is booming, and employment rose even during the Great Recession. Employment

grew the most for healthcare workers with less than a bachelor’s degree, who predominantly

receive their training from community colleges (Noy et al., 2008; Ross, Svajlenka and Williams,

2014; Lockard and Wolf, 2012). Health training programs are thus essential to provide workers

the skills increasingly demanded in the labor market. Nevertheless, there is growing concern of

shortages of skilled healthcare workers, and of training programs not expanding their capacity

to meet demand (Buerhaus et al., 2013). Given these concerns, it is crucial to quantify the role of

existing programs in affecting the earnings and employment of students. Such evidence is limited,

and to my knowledge no study has yet used random variation to measure these effects.

In this paper I measure the labor market returns to an Associate’s Degree in Nursing (ADN).

I leverage the random lottery that assigns admission to a large program in California in order

1This plan echoed efforts underway in Tennessee, Oregon, New York, and Chicago.
2The terms “vocational” and “career technical” are largely interchangeable terms for programs and coursework that

train students for specific occupations. For the rest of this paper I exclusively use the term “career technical.”
3A 2010 federal initiative contributed $2 billion to expanding community college career technical programs (Field,

2014), and there have been numerous state efforts as well.
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to produce causal estimates of the program’s effect. Surging demand for seats has forced many

colleges to institute admissions policies to ration high-demand programs and courses, especially in

health fields (Gurantz, 2015; Bohn, Reyes and Johnson, 2013; Bound and Turner, 2007). Because

community colleges have a long history as open-door institutions, these policies often take the form

of lotteries and waitlists, which do not depend on ability or merit (Grubb and Lazerson, 2009; Betts

and McFarland, 1995).4 This paper is the first to use variation from admissions lotteries to study

an existing community college program, and one of very few in the context of higher education

whatsoever (Ketel et al., 2016).

I rely on rich data that track community college students through their academic careers

and into the labor market. I use detailed individual-level administrative records covering all

students enrolled in California community colleges between 1992 and 2015. These data are also

matched to individual quarterly earnings and industry of employment information from the state’s

unemployment insurance system. To these data I added information on the outcome of admissions

lotteries to a large ADN program for cohorts since 2005. An important feature of this dataset is

that I can track the academic and labor market trajectories of both admitted and rejected students.

Moreover, I observe individual earnings and industry of employment before, during, and after

students enroll in a college.

The lottery allows me to causally identify the effect of the program at one large college. In

order to expand the analysis to all the programs across the state I also use an approach that is

increasingly used in the community college literature. I estimate individual fixed effects models,

which leverage student-level earnings variation across time before and after enrollment in an ADN

program. Using this method I explore heterogenous earnings effects across students, colleges, and

labor markets. This study is also the only one to my knowledge that produces estimates of the

returns to a typical postsecondary program with both random and individual variation. Thus, I

have an excellent opportunity to observe whether the two methods yield similar results, which I do

by limiting the sample to only applicants at the lotteried program.

4Open access is the norm for colleges across the country. In California, this policy was explicitly set in 1960 by the Master
Plan for Higher Education, which delineated a hierarchy of higher education systems: the University of California, the
California State University, and the California Community Colleges (Coons et al., 1960).
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Using the results of the lottery as an instrument for enrollment, I find that the causal effect of

enrolling in the lotteried program is a 55 percent increase in earnings within five to seven years of

applying. This is a very large effect, especially given standard estimates of the returns to a year of

school. While the program has a large earnings effect, the repeated lotteries delays students from

entering into the labor market. I find that for each additional lottery application, which implies an

additional semester of delay, the earnings effect decreases by five percent. This is not large enough

to wash away the large benefits of the program, but is still substantial.

I do not find any impacts of the program on employment using the lottery estimates. This is

perhaps due to a lack of statistical power, but more likely because the applicants to the program

are already a select group; most have significant prior labor market experience. Instead, I do find

that students who enrolled in the program were 23 percentage points more likely to work in the

healthcare sector after applying. While I cannot explicitly attribute the large earnings effects to

this employment effect, it is at least suggestive evidence that students who complete the program

enter careers as registered nurses.

Results when I use the individual fixed effects specification are broadly similar to those from

the randomized lottery. However, I find that modeling choices matter, especially the choice of

comparison group students. Students who enroll in the program see their earnings jump by 54

percent. In the statewide analysis, I find a great deal of heterogeneity across different nursing

programs. This heterogeneity is primarily associated with local labor market opportunities in the

health industry, and not necessarily program quality.

I use the results of my analysis to inform recent policy discussions. In particular, colleges

may not be adequately expanding their nursing program capacity to meet student interest and the

rising demand for healthcare. Using my most conservative estimates, I find that the private value

of an additional student enrolling in an ADN program is at least $180,000 over a 30 year career, not

taking into account any positive spillovers. Given state income tax rates and an estimate of costs,

this expansion is also close to revenue neutral. Nevertheless, because colleges in California—and

other states—are allocated funds based on overall enrollment, there is limited incentive for colleges

to expand costly programs like nursing. Thus, an important policy implication of this study is that
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greater attention needs to be placed in developing strategies that make expansion more viable.

This paper makes several contributions to the education literature. First, I estimate the causal

effect of an existing community college program on earnings and employment. The identifying

variation comes from a random lottery, which is rare in studies of higher education. Second, I

estimate two models of the returns to a program using the same sample, bridging the unique

approach afforded me by the lottery and the observational estimates used by an increasing number

of studies. Third, I show that there is substantial heterogeneity in earnings effects even within a

single degree, and that this heterogeneity can be explained by regional economic opportunities

and program characteristics. Fourth, I use the earnings results to suggest that the economic benefit

of expanding nursing programs is far greater than the costs. This is especially important in light of

concerns about the supply of registered nurses lagging behind demand for healthcare.

The rest of this paper proceeds as follows. Section 2 provides a review of the relevant literature

and institutional background. Section 3 describes the data. An explanation of the instrumental

variables methodology is in section 4, and main results are in section 5. In section 6 I present

results using the student fixed effects approach. Section 7 includes a discussion of expansion costs,

and section 8 concludes.

2 Background

2.1 The Returns to Community College

The key obstacle in estimating the effect of schooling on earnings is the issue of selection. Students

who enter certain programs or earn credentials are systematically different than others in ways

that can affect their labor market outcomes and that may also be unobservable to researchers. This

is a classic problem in the labor economics literature, and many econometric techniques have been

developed in order to address it. However, the returns to schooling literature tends to focus on

grade school, high school, and four-year college (eg. Angrist and Krueger, 1992; Ashenfelter and

Krueger, 1994; Bedard, 2001). There is much less research on the returns to community college,

perhaps because the multiple missions of community colleges make issues of selection particularly
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severe. 5

Research using nationally representative survey data finds large returns to vocational degrees

as well as to credit hours (Kane and Rouse, 1995; Gill and Leigh, 2003).6 However, a lack of

detailed course-taking and program-specific information limited the ability of this early strand of

the literature to causally identify the returns or speak to issues of program heterogeneity.

A newer line of research relies on state administrative datasets, pooling the academic and

earnings records of many thousands of students. Jacobson, LaLonde and Sullivan (2005) propose

employing individual fixed effects methods to estimate the effects of retraining programs for

displaced workers. The recent community college literature also uses these methods, leveraging the

fact that many community college students have pre-enrollment labor market experience (Stevens,

Kurlaender and Grosz, 2015; Bahr et al., 2015; Liu, Belfield and Trimble, 2015; Jepsen, Troske

and Coomes, 2014; Cellini and Turner, 2016). A key conclusion from this emerging literature is

that the labor market returns to career technical programs vary immensely by subject and type of

degree, and seem particularly large in health fields.7 What remains unclear is how well the models

typically used in these analyses, which exploit within-individual earnings changes, account for

different types of bias. In this paper, I am able to replicate the methods used in these studies, and

compare them to the results using the admissions lottery.

This paper is the first to use a randomized lottery to evaluate an existing community college

program, yet there is a long history of experimental demonstrations in the workforce development

literature.8 In addition to issues of external validity and scaleability common to all experimental

designs, few randomized interventions that study earnings are similar to existing career technical

programs or are even set within community colleges, with some exceptions (Scrivener and Weiss,

2013; Visher et al., 2012).9 Using experimental or quasi-experimental variation in studying

5Some students seek to transfer to a four-year college, others enter career technical programs, and many only aim to
take a few courses or continuing education credits without earning a degree. Many state administrative datasets have
information on self-reported academic goals. Simply controlling for this measure is problematic, as it is notoriously
unreliable (Zeidenberg, Scott and Belfield, 2015).

6See Belfield and Bailey (2011) for a full overview of this literature.
7Recent work also finds substantial heterogeneity in labor market returns to four-year college major (Kirkeben, Leuven

and Mogstad, 2014; Arcidiacono, 2004; Altonji, Blom and Meghir, 2012).
8See Barnow and Smith (2015) for a full overview of this literature.
9There are also large ongoing evaluations of the Health Professions Opportunity Grants (HPOG) (Anderson, Hall and
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educational programs is more common at other levels of education, perhaps because higher

education admissions are more likely based on merit.10

There are still significant gaps in understanding the labor market returns to community

college programs, especially at the program level. Evidence from national surveys and state

administrative datasets suggests large returns, especially in health, yet there is still concern about

selection bias in these studies. On the other hand, a drawback of the evidence from randomized

control trials is that these interventions may not work when they scale, or may be too costly to

implement at all.

2.2 The Labor Market for Registered Nurses

In this paper I focus on a program that awards an associate’s degree in nursing (ADN), which

is a requirement for work as a registered nurse (RN). RNs are among the occupations with the

highest employment in the national economy. There were more than 2.7 million RNs in 2012, with

a median annual salary of $65,470 (Bureau of Labor Statistics, 2015).

The nursing workforce, composed in large part of baby boomers, is aging and starting to

retire, while expansions in the demand for healthcare require that new inflows of nurses exceed

outflows (Buerhaus et al., 2013). Not surprisingly, the labor market for RNs has been dominated

for years by fears of shortages, though these fears may be overblown(Kuehn, 2007; Auerbach et al.,

2013; Auerbach, Buerhaus and Staiger, 2011; Buerhaus, Auerbach and Staiger, 2009). Part of the

concern, however, has been whether educational providers can keep up with demand.

As with most occupations in the healthcare sector, nursing is regulated by licensing boards

and other regulatory institutions. The minimum requirement to become an RN is an ADN or a

bachelor’s degree in nursing (BSN) from a program approved by a state licensing board. Graduates

of these programs must also pass a national licensing exam.11 There is some debate regarding

Derrick-Mills, 2013), and the Accelerating Opportunities program (Anderson et al., 2016).
10There is an established literature on the effect of charter schools on children, using variation from enrollment lotteries

(Hanushek et al., 2007; Angrist, Pathak and Walters, 2013). Ketel et al. (2016) examine the the labor market returns to
medical school in the Netherlands using a lottery stratified by student academic performance.

11Specifically, the National Council Licensure Examination for Registered Nurses (NCLEX-RN), administered nationally
by the National Council of State Boards of Nursing. Students who do not pass the exam may retake as many times as
they need in order to pass. In California, the first-time pass rates on the NCLEX-RN for all approved prelicensure
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whether aspiring RN’s should pursue a two-year ADN or a four-year BSN, both of which are

sufficient qualification for certification.12 There is little evidence, though, that BSNs do better in

the labor market than ADNs.13

2.3 “Central College” and its ADN Lottery

My analysis is set in California, which has the largest system of community colleges in the country.

The California Community Colleges consist of 113 campuses, with over 2.6 million students each

year (California Community College Chancellor’s Office, 2016b). By far the most popular career

technical degree is in nursing: the state awarded 5,545 ADN’s in 2013-2014, representing one in

six vocational associate’s degrees across 219 different fields.

Central College,14 located in California’s Central Valley, is among the largest community

colleges in the state. Its course and program offerings are similar to other large colleges across the

state, with a mix of career technical and academic course and program offerings. Apart from the

nursing program, Central College’s health division also offers associate’s degrees in fields such as

radiologic technology, respiratory care therapy, and dental hygiene. The ADN program is, however,

by far the college’s largest health program, and is also among the largest in the state. A new cohort

of approximately 100 students begins each fall and spring semesters. The ADN program is highly

structured and takes four semesters to complete.15

Crucial to my identification strategy, Central College’s ADN program has used a random

lottery for more than 10 years. Of the 73 colleges in California that granted an ADN in 2014, 12

had admissions decided by a computerized lottery among eligible applicants, and an additional 12

had a lottery among students whose academic achievement surpassed a certain threshold. In order

programs has remained stable at approximately 88 percent over the past few years (California Board of Registered
Nursing, 2015).

12The content of the training differs slightly. BSNs tend to learn more about theory, public health and research, while
ADN programs focus on clinical and practical skills.

13Some hospitals cite differential hiring practices across the degree types (Kovner et al., 2014), but unemployment rates
are under two percent for RN’s with both types of degrees and there is no evidence of a diverging earnings difference
(Auerbach, Buerhaus and Staiger, 2015).

14Anonymized for confidentiality reasons.
15Students take a set schedule of courses in a pre-determined order, consistent with standards set by the state’s Board

of Nursing. Students have access to academic and career support. Beginning in the first semester of the program,
students gain hands-on experience, working under the supervision of nurses in nearby hospitals and clinics.
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to become eligible for the lottery, applicants must pass certain prerequisite courses.16 Applicants

apply on a paper form that they must pick up at Central College’s administrative office, but every

other aspect of the process happens online.17 One lottery is conducted each semester, using a

computer random number generator. On average, 636 eligible applicants apply in each lottery.

Results of the lottery are posted online. If they are rejected, students may reapply to the next

lottery, a semester later. Reapplication is easy; it does not involve filling out a new application

form, but it does involve responding to the lottery result in a timely manner, usually within a week.

Students who do not respond by the deadline have their application file marked as closed and, if

they wish to reapply, must fill out a new application. Students who apply for a fifth consecutive

time are entered into a “special lottery,” with a higher chance of admission.18

3 Data and Summary Statistics

I combine two sources of student-level administrative data for my analyses. The first consists

of the lottery data from Central College’s health programs. College administrators generously

provided me with a list of all applicants and admitted students for each lottery since fall 2005.

I drop students who applied despite being ineligible for admission, yielding a sample of 4,726

applicants.19

I match the Central College lottery data to detailed statewide data that track all California

community college students in their academic careers and the labor market. I use administrative

records from the California Community College Chancellor’s Office (CCCCO) for students enrolled

over a two-decade time span, between 1992 and 2015. I observe term-level coursework and grades

16These include anatomy, physiology, chemistry, microbiology, and psychology, which are determined by the state’s
accrediting body and vary little across colleges. Students may fulfill their prerequisites at another college, though
most applicants take their prerequisites at Central College.

17Applicants submit a copy of their high school transcript, transcripts from all colleges attended, and catalog course
descriptions for classes taken outside Central College. This is to verify eligibility and not used for the purposes of
accepting or rejecting applicants to the program.

18Only consecutive applications count towards this special lottery. So, if a student was rejected and failed to reapply,
any subsequent application is counted as that student’s first application. Technically some students may apply more
than five times in order to reach the special lottery, though in practice this is rare.

19Students often apply with incomplete prerequisite coursework. These students are included in the dataset I received
from Central College. However, college administrators do not enter them into the application lottery, and thus I drop
them altogether from the analysis.
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for each student, academic outcomes such as the type and subject of each degree they earned or the

four-year institution to which they transferred, financial aid information, and various demographic

characteristics. The CCCCO matched these data to individual quarterly earnings and industry

of employment information from the state’s unemployment insurance system for 2000-2015.20

The result is a dataset containing detailed information on a student’s experience in the California

Community College sytem as well as earnings and industry of employment before, during, and

after their schooling.

Because the lottery is administered at the college level, there is not a perfect match with the

administrative data for the centralized state system. Instead, I match students in the lottery dataset

to students in the statewide administrative dataset based on the first three letters of their first and

last name, their birth date, and their gender, which are the personal identifiers common to both

datasets. I am able to match 74 percent of applicants to the statewide data, yielding a sample of

3,506 students in the analysis dataset. This is a high match rate, considering that I must drop many

students who have duplicate combinations of names and birth dates.21 A potential concern is that

winning the lottery may affect a student’s likelihood of being in the matched dataset. However,

the difference in match rate between winners and losers is 1.1 percentage points with a p-value of

0.46.22

In addition to the matched student-level dataset, I also learned institutional details from

visiting Central College and speaking with students and faculty. I held semi-structured interviews

with the dean of the health sciences division as well as the director of each of the individual health

programs. In addition, I attended an orientation presentation for incoming ADN students and

afterwards held a focus group to learn about their views on the lottery, their academic pathways,

and their career goals. I also gathered information on prerequisite coursework, application re-

20Approximately 93 percent of students in the college data are matched to earnings records. Students may be unobserved
in the earnings records for several reasons apart from just a true lack of employment or earnings. The most likely
other reasons for missing data including being self-employed over the period or having moved out of the state never
having earnings in California.

21Among all community college students, 15 percent have duplicate combinations of name and birthdate, since only the
first three letters of the first and last name are reported in the data. I only drop 2 applicants due to duplicated name
and birthdate.

22Tests of differential merge rates based on the observable information in the lottery data (name, age, gender) similarly
yielded negligible results.
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quirements, admissions criteria, and graduation requirements directly from individual college

websites and catalogs. This allows me to establish whether a student had fulfilled the necessary

prerequisites to apply to the program, as well as whether they had enrolled in the program.

Column 1 of Table 1 shows summary statistics for all applicants, using characteristics deter-

mined before their first lottery. Applicants were predominantly female, which is common for most

nursing program. Applicants were 30 years old on average, which is typical for community college

students across the state, especially in career technical programs. Most students received some

form of financial aid, including a combination of tuition waivers, Pell Grants, state grants, and

loans.

Applicants had prior labor market attachment; 82 percent had ever been employed in the

four years prior to applying. However, applicants were employed in low-paying jobs, with just an

average of $4,717 per quarter. A large share, 41 percent, had previously worked in the healthcare

industry, consistent with the idea that many applicants are nursing assistants, health aides, or

licensed practical nurses looking to upgrade their skills.23 Appendix Table A1 shows that the

student population of both Central College and its ADN program looks qualitatively similar to

other colleges and ADN programs across the state.

Columns 2 and 3 of Table 1 show the validity of the randomized lottery by comparing mean

characteristics across admitted and rejected applicants within each lottery occurence.24 Since only

students in their first through fourth lottery are among those chosen randomly, all fifth-lottery

applications are excluded from the sample in this case. Overall, the two groups look balanced, and

there is no evidence of systematic selection across the two groups. The last column of Table 1 shows

the balance for just participants in their first lottery. Appendix A.2 provides further evidence of

the randomization of the lottery.

Appendix Table A2 shows dynamics of the lottery process. Approximately 10 percent of

applicants were accepted their first time. Of those who were not accepted, almost all reapplied to

be considered in the next lottery. Reapplication rates are consistently high across each lottery.

23This trend was also borne out in focus groups I conducted with recently admitted students.
24Specifically, I regress each variable of interest on a dummy variable for whether the student was accepted, as well as

cohort fixed effects.
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4 Methods

I estimate the effect of enrolling in the ADN program on subsequent labor market outcomes.25 I

begin by considering the following estimating equation:

yic = β0 + β1Dic +Xiβ +µc + εic (1)

For student i who applied to the program as part of cohort c, yic is an outcome such as

earnings or employment at some period and Dic is a dummy variable taking a value of one if the

student received the treatment. Even controlling for observable student characteristics with the

matrix Xi and cohort fixed effects µc the treatment is correlated with the error term, thus biasing

estimates of β1. I resolve this bias by exploiting the random variation produced by the admissions

lotteries.

If students were only allowed to apply once, estimating the effect of the treatment on earnings

would be straightforward. Admission through the lottery process is both uncorrelated with the

error term and also a strong predictor of enrollment, making it a valid instrument. Although a

benefit of examining Central College’s ADN program is that it is the product of a natural experiment

and not one run by researchers, a challenge is that the ability for losers to reapply necessitates a

departure from this relatively simple estimation strategy.

A way to resolve this issue is to notice that each lottery a student applies to is a valid

instrument for enrollment. For example, among all students in their second lottery attempt,

admission is random and also a valid instrument for enrollment. Thus, I have four valid instruments

for enrollment. I estimate the following first stage equation:

Dicg = α0 +
4∑
g=1

αgAdmiticg +µc + νg + ηcg + εicg (2)

where there are four individual reduced form effects for each lottery application g. I include

25I consider enrollment and not completion for a few reasons. Enrollment is the treatment manipulated by the
randomized lottery. Enrollment is also the policy-relevant treatment of interest, since the experiment analyzes the
expansion of a program by one seat, not by one new completer. Moreover, many non-completers gain human capital
through finishing part of the program’s coursework, making estimation of the completion effect more complicated.
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lottery instance fixed effects νg and lottery term fixed effects µc, as well as the interaction term ηcg ,

in order to separately identify the effect of each individual lottery pool.

The coefficient αg reflects the difference in enrollment among winning and losing compliers

of the gth lottery. Non-complying lottery losers include two important and distinct groups. First,

there is an empirically small group of students who gain admission through channels outside the

lottery process. The second consists of students who lose the gth lottery but win a subsequent

lottery and enroll. They are non-compliers of lottery g, but perhaps compliers of later lotteries.

The local average treatment effect of this approach, though, implies a control group consisting of

applicants who were either pushed to never reapply, or who reapplied but were never admitted.

Thus, it excludes students who do reapply and eventually win admission.

A potential concern in leveraging all four potential lotteries a student enters is that there may

be selection in who reapplies among the set of lottery losers. The local average treatment effect of

each lottery would be different if, for example, first-time applicants were systematically different

than third-time applicants. However, the cost of reapplying, which only involves clicking a button

on a computer screen, is relatively low, and most students do reapply. This makes it less likely that

using all four lotteries to estimate the effects will introduce bias. Empirically, Appendix Table A3

shows that observable characteristics do not predict reapplication among lottery losers, meaning

that the pool of applicants is quite similar across lottery instances. Similarly, enrollment rates

and the determinants of enrollment conditional on admission are not markedly different across

different lottery instances. Nevertheless, as a robustness exercise I use only the first lottery as an

instrument, in an approach similar to Ketel et al. (2016), and find quantitatively similar results.

Since all applicants apply for a first time but not necessarily in subsequent lotteries, earlier

lotteries are overly represented. I weight the regressions by wi = 1
maxi (k) where k takes values one

through four. For most of the analysis I focus on outcomes five to seven years following the lottery.

Ideally I would examine longer-term outcomes, but five to seven years is as far out as the data allow.

In most specifications I report results in log earnings, though I show the main result in levels in a

robustness exercise.
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5 Results

5.1 Academic and Labor Market Outcomes

Table 2 shows summary statistics of academic and labor market outcomes. The first column consists

of students who ever won a lottery and also enrolled in the program. The second column consist of

students who won a lottery but did not enroll. The third column consists of students who never

won a lottery.

Approximately half of the students who were offered admission actually enrolled, and half

the students who start the program complete it. The low completion rate is still higher than those

of other non-nursing community college programs (Bound, Lovenheim and Turner, 2010). In

addition, four percent of students who rejected the offer of admission and 15 percent of students

who were never offered admission to Central College’s program also earned an ADN. This is likely

because they applied to multiple programs in addition to Central College. However, students who

never won a lottery, or who did win a lottery but did not accept the offer, had low completion rates

in general. Only eight percent received any type of degree from community college, and less than

five percent transferred to a four year college.26

Panel A of Table 2 also shows the long time to completion among students who did complete

the degree. The program is supposed to take fewer than four semesters, or less than two years.

However, students who earned the ADN took approximately three years between their first ap-

plication and completing the degree. This is because of the wait times associated with applying

and reapplying to the lottery. Panel B shows that mean quarterly earnings for lottery winners who

enrolled (Column 1) were close to the BLS estimate of $65,000 in annual earnings for registered

nurses nationally, and that a large share of students subsequently worked in the health industry.

5.2 First Stage Results

Table 3 displays first stage results. Winning the first lottery increases the probability of enrolling in

the Central College ADN program—the endogenous regressor of interest—by 24 percentage points.

26Some students who were never admitted also enrolled, perhaps gaining admission through other means outside the
lottery.
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The effect of winning the second and third lotteries is slightly larger, at 33 percentage points. This

is likely due to the fact that there are fewer always-takers implied by later lotteries to drive down

the first stage. Nevertheless, these three coefficient estimates are statistically indistinguishable.

The effect of winning the fourth lottery on enrolling in the program is small and not statistically

significant, perhaps because of the relatively small group of students admitted and because so

many of the losers reapply. The F statistic on this first stage estimate is quite high, which is not

surprising because the lottery determines entry into the program.

The lottery not only manipulates whether a student enrolls in the program, but when. Effects

on earnings might be affected by delay in entering the labor market and the loss of earnings growth

from experience. The second column of Table 3 shows the effect of winning a lottery on the total

number of lotteries a student entered. Winning the first lottery reduced the number of lotteries

entered by about 1.6 lotteries, and this effect decreased in magnitude over subsequent lotteries.

Since applying for each lottery represents an additional semester of waiting to potentially enter

the program, this is a large effect.

In results not shown I include an extensive set of demographic, labor market, and academic

covariates, and find almost identical results to these first stage estimates. This is not surprising

given the instrument is a random lottery.

5.3 Results on Earnings

Table 4 displays the main instrumental variables estimates of the effect of enrolling in the program.

I include four instruments, one for each lottery outcome. Column 1 only controls for cohort and

lottery instance, suggesting that enrollment in the program leads to an earnings effect of 0.42

log points, or 52 percent. Inclusion of covariates in the next four columns does not significantly

affect the estimate. This is a large effect relative to standard estimates of the returns to educational

interventions but, as I discuss later, in line with other estimates of the returns to community college

nursing programs.

To account for the effect of the lottery on delaying students’ entry into full-time employment,

in the sixth column I also instrument for the number of lotteries applied. The effect of an additional
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lottery on earnings is negative, albeit not statistically significant. Including the number of lotteries

applied also lowers the estimate of the effect of starting the program. These estimates suggest that

applying to an additional lottery—and thus delaying entry into the labor market for an additional

six months— decreases earnings by four percent. This drop is consistent with the literature on early

career wage growth: earnings in the first few years tend to grow the fastest, with estimates ranging

between six and 12 percent annually (Adda et al., 2013; Buchinsky et al., 2010; Munasinghe, Reif

and Henriques, 2008; Altonji and Williams, 2005; Dustmann and Meghir, 2005).

As mentioned earlier, I do not instrument for degree completion, since doing so would assume

that students who enroll in the program but do not complete do not see any earnings impact.

However, a back of the envelope calculation of the effect of completing an ADN on earnings is to

scale the enrollment effect by the completion rate. The two stage least squares estimate of the effect

of enrollment on completion is 0.498 (0.09), which implies that the completion effect is double the

enrollment effect subject to this strong assumption.

5.4 Results on Employment

The large earnings effects may come from increased working hours or wages if the program provides

students the skills and network connections to obtain stable employment in any occupation.27 On

the other hand, the program may steer graduates into high-paying jobs by conferring upon them

the necessary credentials to enter registered nursing. The data I use do not contain information on

occupation, wages, or work hours, so it is not possible to explicitly parse through these arguments.

I draw some suggestive evidence, however, from detailed information on industry of employment.

Column 1 of Table 5 shows estimates of the effect of enrolling in the program on having any

employment five to seven years after the lottery.28 While the estimate is positive, it is small and not

statistically significant. Similarly, Column 2 shows the effect on the number of quarters employed,

and again the results are not statistically significant. Column 3 of Table 5, however, shows that

27In fact, nationwide, based on data in the 2014 ACS, workers in the healthcare sector with an associate’s or bachelor’s
degree were 20 percentage points more likely to work full-time than healthcare workers without these credentials.
Only 22 percent of workers employed as registered nurses worked part-time.

28Employment is defined as having nonzero earnings.
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there is a 22 percentage point effect of enrolling in the program on being employed in the health

industry.29 This is a large effect, especially since so many of the applicants had worked in the

health industry prior to applying to the program.

These findings suggest that the large effects on earnings comes from earnings conditional on

employment. That is, the program seems to lead to significant occupational sorting. This is at least

suggestive evidence that the program drives participants to more lucrative occupations, as opposed

to increasing their likelihood of employment or improving their hours.

5.5 Robustness Checks

Appendix Table A4 shows estimates of the effects on earnings and employment outcomes using

two alternate sets of instruments. In the first four columns I use only use the first lottery a student

enters as the instrument, as opposed to up to four per student. This is the approach used by Ketel

et al. (2016). The point estimates are almost identical in magnitude, though with less precision

because I leverage just one lottery. In the second set of four columns I employ the same set of

instruments as in the main analysis but constrain all the first stage estimates to be the same. This

slightly increases the precision but, again, does not move the point estimate.30

Table 6 shows a series of robustness checks. First, Column 1 shows the main results without

weighting according to the number of applications a student entered, which effectively upweights

the participants of later lotteries. The estimated coefficient, is similar to the main estimate.

Column 2 excludes all students who applied for a fifth time. Students who are admitted on

their fifth attempt and enroll are always-takers for all the lotteries. The result is slightly larger

than the main estimate, but not by a statistically or economically meaningful amount. In a similar

exercise, Column 3 excludes students who enrolled in the program despite never winning a lottery.

In conversations with program administrators I learned that these students are often military

29In the UI earnings data I can observe industry of employment, not occupation. I use the two-digit NAICS code 62,
which indicates Health Care and Social Assistance. This category encompasses smaller categories such as Offices of
Physicians; Outpatient Care Centers; Medical and Diagnostic Laboratories; Hospitals; and Nursing and Residential
Care Facilities. Because registered nurses can and do work in all these settings, I do not disaggregate the industry
codes beyond the two-digit code.

30The F statistics for the first stage for these two alternate sets of instruments are well above the commonly accepted
levels, at 31.8 and 96.7, respectively.
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veterans or students with a special arrangement from a local hospital. In the main analyses I code

these students as not gaining admission. Excluding them from the analysis altogether does not

significantly affect the estimates.

In the fourth column I limit the sample to students who had non-zero earnings prior to first

application. The estimated coefficient is slightly larger than the main estimate, but not statistically

different.

One potential concern is that the cause of the large returns may be from students transferring

to four-year colleges, making the ADN itself just an intermediary step. Column 5 excludes students

who transferred to a four-year institution, and still reveals a large and almost unchanged coefficient.

Next, I consider two different analytical methods. First, I consider a conventional panel, which

uses a single instrument based on whether a student ever won a lottery. The timing of the outcomes

depend on the last lottery a student entered, either because they were admitted or because they

chose not to reapply. This introduces some concerns about endogenous timing of a student’s last

lottery. Nevertheless, as shown in Column 6, the estimates are not too different from the main

result.

Column 7 shows results of a method used by Cellini, Ferreira and Rothstein (2010) and Gelber,

Isen and Kessler (2016), which takes into account that the main method may not account for how

reapplication itself can affect earnings. I describe the “one-step” estimator proposed by Cellini,

Ferreira and Rothstein (2010) in more detail in Appendix A.3. Again, the coefficient is quite similar

to the main estimate, suggesting that reapplication has a limited effect on earnings apart from the

effect of admission itself.

Column 8 of Table 6 shows estimates of the main effect in quarterly earnings levels. These

estimates are not as precise as the log earnings estimates because the presence of some very high

earners increases the dispersion.
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6 Individual Fixed Effects

6.1 Method and Main Results

The results shown so far suggest a very large effect of the program on earnings. With the same

sample of Central College applicants, in this section I produce estimates using individual fixed

effects models, which Jacobson, LaLonde and Sullivan (2005) note can produce valid estimates

when students have considerable—and observable— pre-enrollment labor market experience.

Recent work has applied this method at the community college level to estimate the returns to

different career technical degree programs, credentials, and coursework using state administrative

datasets.31

Because individual fixed effects models do not account for time-varying differences in ability,

there are lingering concerns about whether they produce causal estimates. Thus, I am in a unique

position to investigate this issue by comparing the results to those from the Central College lottery.

Individual fixed effects models also have tighter confidence intervals, which allows me to explore

heterogenous effects.

I estimate a model of the form:

yit = αi +γDit +ΦZit +µt +uit (3)

For student i in quarter t, Dit takes a value of one after enrolling in an ADN program or, in

another specification, finishing the program. The matrix Zit consists of time-varying individual

characteristics, including dummies for age and whether the student was taking any courses that

quarter. The individual fixed effect, αi , accounts for time-invariant characteristics, so that the effect

of enrollment or finishing on earnings, γ , is identified off within-individual changes in earnings. I

also include calendar year and quarter fixed effects, µt.

Equation (3) can be estimated with just students who enrolled or finished the program, but it

is also useful to have a comparison group to account for the counterfactual earnings trajectories

31For example, in Arkansas (Belfield, 2015); California (Stevens, Kurlaender and Grosz, 2015; Bahr, 2014); Kentucky
(Jepsen, Troske and Coomes, 2014); Michigan (Bahr et al., 2015); North Carolina (Liu, Belfield and Trimble, 2015; Xu
and Trimble, 2015); Washington (Dadgar and Trimble, 2015) and two unnamed states (Liu and Belfield, 2014).
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of students who never receive the treatment Dit. In particular, this comparison group serves to

identify the year and age effects. Ideally, this comparison group should represent a group of

students with similar patterns of earnings prior to enrollment. Recent studies have differed in how

to construct a comparison group whose earnings trajectory would present a natural counterfactual

to that of graduates.32 Non-treated applicants to the program make a natural comparison group:

their counterfactual earnings trajectories are likely the most similar to that of treated students.

The first column of Table 7 repeats my preferred IV estimates from the prior section. The

second column shows individual fixed effects estimates of Equation (3) using the same sample

of applicants. The coefficient of 0.43 for enrollment is almost identical to the estimate using the

lottery. This similarity has an important implication. The instrumental variables estimates are

not susceptible to issues of omitted variables bias. On the other hand, any time-varying shocks

that affect both the earnings and academic performance of students render the individual fixed

effects estimates invalid, and are usually assumed to be small (Jepsen, Troske and Coomes, 2014).

The results in the first two columns of Table 7 show the two estimates are quite similar, and thus

lend additional credence to the growing recent literature producing such estimates from large

observational datasets.

For the next analyses I focus on the effect of completing an ADN program, not enrolling in

it. I do this for two reasons. First, the fixed effects literature on community colleges so far has

mainly explored completion as opposed to starting programs. Second, I am not able to estimate an

enrollment effect if I expand the sample beyond just Central College. Central College is the only

college for which I can identify program applicants; for all other colleges I construct a sample of

students who started ADN programs. The second row of column 2 shows the fixed effects estimate

of completion, still using the applicant sample.

The third column of Table 7, however, shows estimates of the return to completing an ADN at

Central College, restricting the sample to any student who enrolled in the program, and excluding

applicants who never enrolled. The coefficient, 0.46, is smaller than in Column 2, which includes

32Some have compared graduates and non-graduates among cohorts of new students (Liu, Belfield and Trimble, 2015;
Bahr et al., 2015), or categorize students by their stated academic goals (Jepsen, Troske and Coomes, 2014) or
course-taking behavior (Stevens, Kurlaender and Grosz, 2015).
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applicants who never enroll. This suggests that much of the effect of the program comes from the

degree as opposed to enrolling.33 This echoes a pattern in the literature, where broader comparison

groups yield larger estimated returns.34

In the final column of Table 7 I expand the sample to include students who started an ADN

program at any of the state’s more than 60 ADN programs. This improves precision dramatically

by increasing the number of observations. However, the fixed effects coefficient is similar though

slightly larger to that in Column 3, suggesting that Central College students saw an earnings

effect slightly lower than the state average. In the next analyses I explore heterogeneity across

individuals and across the state’s many ADN programs in more detail. Appendix A.4 describes

various robustness exercises for these specifications.

6.2 Heterogeneity in Individual Fixed Effects Results

The instrumental variables sample from the Central College lottery is too small to adequately

explore heterogenous treatment effects. Because the individual fixed effects estimates are similar, I

leverage the added precision of this approach to explore heterogeneity.

I am particularly interested in differences across programs granting the same degree. Recent

evidence has demonstrated that there is a great deal of heterogeneity in outcomes at the community

college level, even accounting for student characteristics (Stange, 2012; Clotfelter et al., 2013;

Cunha and Miller, 2014; Kurlaender, Carrell and Jackson, 2016). Figure 2 plots estimates of the

return to an ADN from Equation (3), calculated for each individual college, arranged in ascending

order of the estimated coefficient. The vast majority of estimates are large and positive, yet there is

a considerable range of estimates: weighted in terms of the number of graduates, the difference

between the college at the 25th percentile and the 75th percentile of the estimated coefficient is

0.30 log points, or 35 percent. This range is surprising, given that all ADN programs offer a similar

33For example, if the impact were entirely on enrolling and not on the degree itself, the coefficient in column 3 would be
zero. The fact that it is lower but still quite close to the estimate in Column 2 suggests that much of the effect depends
on actually earning the degree.

34For example, Stevens, Kurlaender and Grosz (2015) estimate a result of 0.694(0.01) using likely health degree seekers,
and Bahr et al. (2015) find an estimate of 1.030 (0.049) for women and 0.862 (0.136) for men where the sample is
first-time students. This observation should be taken with the caveat that these studies also involve different policy
contexts across states and time periods.’
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curriculum, have similar prerequisites, and are overseen by a state board.

To investigate which characteristics are most correlated with earnings returns, I interact

the main variable of interest with an indicator for the particular student-level or college-level

characteristic:

yit = αi +γ1Dit +γ2(Dit ∗ 1(Xi = x)) +ΦZit +µt +uit (4)

The term 1(Xi = x) is a dummy variable indicating whether a student is a member of a certain

group. Table 8 displays estimates of the coefficient on the interaction terms γ2 for institutional and

individual level characteristics. The interaction terms are defined as programs above or below the

median. Appendix Table A5 shows the results of each interaction in a separate regression.

Table 8 groups the characteristics into various groups that may affect program-level hetero-

geneity. First, there may be differences in program quality. Quality is difficult to measure, especially

since so many program inputs, such as curriculum and faculty-student ratios, are determined by

the state board of nursing. For this exercise I examine program completion rates, program size,

and licensing exam pass rates.35 None of these measures of program quality seem to affect the

earnings result.

Heterogeneity in earnings returns might also be due to differences in local conditions in the

labor market for registered nurses. As a measure of the density of job opportunities for nurses, I

collected data on the capacity of hospitals in the state, from which I created measures of hospital

beds and long-term care beds per capita.36 As a rough estimate of demand for healthcare, I

categorized counties by median share of the population age 60 and over in the 2000 Census.

Another important aspect of local labor markets that might affect the returns to an ADN are the

employment prospects of workers who typically enter nursing programs, as well as the employment

and earnings of other nurses. I created measures of the employment level and earnings of nurse

35All potential nurses must take the NCLEX-RN. Program-level pass rates for first-time test takers are published online
for the past five years. Most colleges had first-time pass rates above 80%, though students may retake the exam
multiple times.

36These data are available from the California Office of Statewide Health Planning and Development, and include
information on all licensed facilities in the state. Facility data only exist at one point in time, so the measures I use
here do not take into account any facility closures or openings during the time period.
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assistants, medical assistants, and registered nurses relative to overall employment and earnings.

Table 8 shows that these economic indicators are correlated with the differences in earnings

returns. Students in counties with a higher density of hospital beds had earnings returns that were

approximately eight percent higher than other students. Similarly, students in counties where

medical assistants made relatively lower wages saw higher returns.

Finally, a key and policy-relevant institutional characteristic is admission type. A common

refrain when talking to ADN program administrators is that the lottery system does not allow

them to admit the most qualified students. To investigate this further, I categorized the admissions

process of each of the programs that granted an ADN by reading about its policies in the course

catalog and student handbook, available on program and college websites.37 There were 12 pro-

grams whose policies featured a lottery among all eligible applicants, like at Central College. There

were an additional 12 programs at which admission had some form of randomized component,

as well as some type of screening.38 There were 40 “competitive” programs, at which admission

decisions were purely based on the applicant’s qualifications and there was no randomization.

In an additional nine programs admission was based on a waitlist or first-come-first-served.39

However, students in programs with lotteries saw earnings returns that were substantially lower

than students in competitive and wait-list programs.

I also find that older and minority students see relatively smaller earnings gains than other

students. In addition, Figure 3 shows a strong downward gradient in the earnings effect across

students’ pre-enrollment annual earnings. This suggests that ADN programs can be significnat

sources of upward mobility, especially for students at with the largest potential for earnings gains.

A downward gradient is also apparent when estimating the effects in levels.

37Programs may change their admissions requirements across years, but I can only observe the policy for the years that
college catalogs are available. I use the most recent year available. In recent years, more colleges in the state have
moved towards admissions based on multiple-screening criteria (Moltz, 2010)

38For example, at some of these programs students scored points based on their grades and prior work experience, and
then a lottery was instituted among the highest point scorers.

39In the waitlist setup, students add their names to the list whenever they complete their application requirements,
and incoming cohorts are admitted from the top of the list. In the first-come-first-served setup, applications are only
accepted in a narrow time window each semester, and spots are filled in the order the applications arrive.
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7 Costs and Program Expansion

With ADN programs oversubscribed and a growing demand for healthcare workers, a crucial

question is to determine whether it is cost-effective to increase capacity to ADN programs. In this

section I calculate the private benefit to students implied by the estimates, and then compare these

to the cost of a marginal expansion of an ADN program. An important caveat to make is that I

assume no general equilibrium effects, which would likely decrease the estimated return.

Table 9 shows calculations of the present discounted value of enrolling based on my preferred

estimates. I assume that the counterfactual earnings for students not enrolled in the program

are $5,757 per quarter, which is the mean earnings for students when they apply to the Central

College program. To provide conservative estimates I assume that students forego all earnings

while enrolled and experience no earnings gain over time.40 I assume a 30 year career and a 3%

real interest rate. The results are fairly similar using the individual fixed effects estimates for both

Central College and the entire state of California. Column 3 allows for a modest 2% earnings

growth per year, and column 4 assumes students only forego half their earnings while studying. All

told, the private value of enrolling in the program ranges from $176,364 at the most conservative

to almost $300,000 when accounting for wage growth. There are obviously also social benefits to

additional nurses. Dall et al. (2009) and Needleman et al. (2006) estimate that avoided adverse

health outcomes and cost savings from an additional nurse are approximately $40,000 to $57,000.

How do the benefits compare to the costs of program expansions? There is no study to my

knowledge that explicitly estimates these costs. To calculate a back-of-the-envelope estimate, I

break down the costs into operating costs and capital costs. I obtained per-student operating costs

from two nursing programs in the state, which ranged from $7,600 to $9,200 per year per student.

A similar estimate comes from a California legislature initiative that granted expansion funds from

between $6,500 and $9,100 per new full-time equivalent student (California Community College

Chancellor’s Office, 2015, 2016a). Thus, rounding up, a conservative estimate is that operating

40In order to be able to compare this number to the cost estimates, I include supplies and uniforms in this calculation,
but not tuition and fees. The Central College ADN program estimates a cost to students of $5,710 over two years in
supplies, immunization and other records, and books. This does not include approximately $2,100 in tuition and fees
at $46 per credit hour.
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costs are approximately $10,000 per year per student.

Much less information is available about capital, infrastructure, and equipment costs. Health-

care programs require specialized machinery and teaching equipment, and instruction often occurs

in dedicated facilities. In the past five years two community colleges completed construction for

new nursing buildings in California. Both projects cost approximately $8,000 per new student in

up-front costs.41 In addition, I estimated that teaching equipment, such as practice maniquins, cost

$1,000 per additional student if replaced every five years.42 Thus, the infrastructure and capital

spending associated with adding an additional student is approximately $9,000.

In sum, a conservative estimate of the total cost of increasing capacity to a nursing program

by one student is $19,000. While large, this is a fraction of the smallest private benefit implied by

the earnings returns and much smaller when incorporating the likely positive spillovers. Moreover,

since California’s state income marginal tax rate for workers earning in a similar range as the

students is between 6 and 9%, the expansion would almost pay for itself given the private benefit,

making expansion likely revenue neutral (Franchise Tax Board, 2015).43

Despite evidence that nursing programs are overwhelmingly cost-effective, however, there

are a number of reasons why colleges do not increase their capacity. In California, as in many

other states, the incentive structure of college expenses and revenue is not aligned for expansion.

Regardless of the program, colleges receive a set per-pupil allocation. At $4,900 in the most

recent year, this per-pupil allocation is approximately half the cost of regular operating expenses

for a nursing program. Colleges tend to recoup the costs of expensive programs by increasing

enrollment in less costly programs or through external grants. Moreover, expanding a program

involves upfront costs in addition to regular operating costs, such as buying new simulation and

teaching equipment or hiring new faculty to meet state-mandated ratios (Kuehn, 2007). Instead,

capacity expansions have overwhelmingly occured at the state level, if at all. Thus, it is perhaps

not surprising that despite large earnings returns and concerns about nursing shortages, demand

41Specifically, they both cost $12 million for the addition of 50 new students each year. If a new nursing building is
replaced after 30 years, this amounts to $8,000 per new student in up-front expansion costs.

42One college provided me a list of its inventory, and I searched for the prices of the listed products online.
43Under the most conservative assumptions the cost is 11.3 percent of the benefit, and in the least conservative it is 6.7

percent.
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for seats in nursing programs still outpaces supply.

8 Conclusion

In this paper I estimate the effect of an associate’s degree in nursing on earnings and employment.

I leverage the random assignment of admissions to a large community college program, thus

providing one of the first estimates of the returns to a postsecondary degree using variation

resembling an experiment. By taking advantage of a rich dataset describing the academic and labor

market experiences of millions of students, I also estimate models using methods that are more

common in the literature.

I find that enrolling in a nursing program results in a 55 percent increase in quarterly earnings,

and estimate that the value of expanding an ADN program far outweighs the costs. Despite the

large economic benefit, there are limited incentives to community college administrators to expand

enrollment. This is important in light of recent discussions and debates in the policy arena: my

results suggest that state and federal efforts to increase address nursing shortages by expanding

training programs are likely cost effective. Another potential solution might be adopting differential

pricing or funding of programs, which are policies that have received recent attention (Stange,

2012; Smith, 2016; Long, 2016).

This paper also contributes to a more general discussion of accessibility in higher education.

Calls of “college-for-all” and free community college have in the past few years reached the highest

levels of policy. The results of this paper suggest some caution when taking action on these

initiatives. A product of the lottery process is that the majority of applicants are not offered

admission to their program of choice. These applicants, who have completed a battery of intensive

prerequisite coursework, are among the highest-performing community college students in the

state. Thus, any policy that intends to increase access to more students should also take care to

improve access to programs for students who have already embarked on academic pathways within

the community colleges.

Some relevant questions remain outside the scope of this paper. A key issue, especially

as demand for entry to nursing programs outpaces supply, is how to efficiently allocate these
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spots. I show that students in lottery programs see smaller earnings returns than students in other

programs, but these results are suggestive. More research is needed in studying the implications of

how colleges manage the scarce resources available to run high-demand programs.

Another open question is what portion of the large earnings effects I estimate come from re-

stricting access to seats in programs. More generally, it is important to understand how community

college career technical programs affect local labor supply. Recent work has explored inefficiencies

from occupational licensing and credentialism (Kleiner, 2016; Gittleman, Klee and Kleiner, 2015),

but less is known about the effects of restricted educational supply on the local economy.
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Figure 1: Employment Growth for Healthcare Occupations, 2001-2013
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Notes. This graph shows employment growth, relative to 2001 levels, for healthcare occupations that require an
Associate’s Degree in California. Data come from the Occupational Employment Statistics. The category of Other Health
professions include LPN, radiologic technicians, dental hygienists, respiratory care therapists, and surgical technicians.

Figure 2: Individual Fixed Effects Returns, Heterogeneity by College
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Notes. Coefficients from individual fixed effects regressions of log earnings as explained in the text. Vertical bars correpond
to 95 percent confidence intervals of the coefficient. Sample consists of all students who enrolled in ADN programs at
any community college. Students grouped by college of first enrollment in an ADN program. Coefficients ranked by the
point estimate. Regressions control for age, year, and concurrent community college enrollment. Regressions cluster at the
individual level.
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Figure 3: Individual Fixed Effects Returns, Heterogeneity by Pre-Enrollment Earnings
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Notes. Coefficients from individual fixed effects regressions of log earnings as explained in the text. Vertical bars correpond
to 95 percent confidence intervals of the coefficient. Sample consists of all students who enrolled in ADN programs at
any community college. Students grouped by annual earnings in the year prior to first enrollment, rounded to the nearest
$2,500. Category for $60,000 includes all students with pre-enrollment earnings above that amount. Regressions cluster at the
individual level.
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Table 1: Lottery Balance
Admit-Reject Difference

Mean All 1st Lottery
Female 0.794 0.0393 0.0548

(0.0225) (0.0337)
White 0.264 0.00189 0.0375

(0.0349) (0.0459)
Black 0.0463 -0.0251 -0.00181

(0.00759) (0.0188)
Hispanic 0.301 0.0795 0.0826

(0.0476) (0.0583)
Asian 0.118 -0.0184 -0.0186

(0.0225) (0.0293)
Age 29.82 -0.216 -0.104

(0.444) (0.679)
GPA 2.391 0.0434 0.0200

(0.0651) (0.109)
Enrolled at other college 0.734 0.0246 -0.0316

(0.0193) (0.0385)
Enrolled in other district 0.407 -0.0110 0.0121

(0.0279) (0.0343)
Had BOG Waiver 0.720 0.0442 -0.0412

(0.0386) (0.0648)
Had Pell Grant 0.437 -0.00919 -0.103

(0.0376) (0.0442)
Had Calgrant 0.185 0.0145 -0.0500

(0.0312) (0.0538)
Had Loans 0.0726 0.00125 -0.0250

(0.0221) (0.0198)
Employed > 1 Quarter 0.819 -0.0160 -0.00440

(0.0187) (0.0345)
Quarters Employed 9.168 -0.0788 0.327

(0.379) (0.555)
Employed > 8 Quarters 0.628 0.00672 0.0503

(0.0365) (0.0522)
Mean Quarterly Earnings 4717.3 -210.3 246.4

(252.4) (452.1)
Industry is Health 0.407 0.0281 0.00638

(0.0338) (0.0475)
Industry is Health: Hospitals 0.203 0.0233 0.0671

(0.0195) (0.0328)
Industry is Health: Ambulatory 0.140 0.0236 -0.0225

(0.0238) (0.0254)
Industry is Health: Nursing/Residential Care 0.0886 0.0193 0.0205

(0.0163) (0.0270)
Industry is Retail 0.223 0.00259 -0.0174

(0.0299) (0.0432)
Industry is Administrative 0.116 0.00214 -0.0179

(0.0144) (0.0238)
Industry is Education 0.101 0.00418 -0.00171

(0.0217) (0.0264)
Industry is Food Service 0.158 0.00805 0.00476

(0.0238) (0.0358)
N 3506 8870 3506

Notes. First column shows mean characteristics measured at term of first application. Enrollment
at other college defined as ever having taken a course at another community college, with similar
definition by district. Employment defined as nonzero quarterly earnings. Quarters employed
defined as the number of quarters with nonzero earnings in the four years prior to application,
with maximum 16. Consistent employment defined as employment in at least eight of the 16
quarters before first application. Employment in Health defined as employment in the two-digit
NAICS industry code 62: Health Care and Social Assistance. Second and third columns show
results of regressing mean characteristics on lottery admission and cohort fixed effects. Second
column includes all applications that were decided by random lottery: the first through fourth.
The final column only includes first lottery.
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Table 2: Academic and Labor Market Outcomes
Ever Win Never Win

Enroll Do Not Enroll
Panel A. Academic
Units Attempted, next 3 years 37.74 7.350 13.65

(14.84) (15.16) (19.88)
Start Program 1 0 0.138

(0) (0) (0.345)
Finish Program 0.464 0.0115 0.0784

(0.499) (0.107) (0.269)
Any Degree in Nursing 0.464 0.0443 0.146

(0.499) (0.206) (0.353)
Any Degree in Health 0.464 0.0607 0.156

(0.499) (0.239) (0.363)
Any Degree 0.478 0.0803 0.164

(0.500) (0.272) (0.370)
Years to Nursing Degree 3.159 2.769 2.662

(1.020) (0.714) (1.064)
Years to Any Degree 3.080 2.837 2.570

(1.063) (1.010) (1.074)
Transfer within 6 Years 0.0740 0.0459 0.0521

(0.262) (0.209) (0.222)
Panel B. Labor Market
Mean Earnings 16389.2 13965.3 15873.4

(7070.5) (8482.9) (9513.7)
Employed 0.874 0.648 0.729

(0.333) (0.480) (0.445)
Health 0.747 0.381 0.561

(0.436) (0.488) (0.497)
Health: Hospitals 0.596 0.314 0.419

(0.492) (0.466) (0.494)
Health: Ambulatory 0.101 0.0381 0.102

(0.302) (0.192) (0.303)
Health: Nursing/Residential 0.0606 0.0286 0.0530

(0.239) (0.167) (0.224)
Observations 743 610 2167

Notes. Starting program measured as enrolling in the courses in the first semester of the sequence,
regardless of completion or performance. Finishing program includes earning an associate’s
degree or certificate in Registered Nursing from Central College. “Any degree” completion refers
to earning any certificate or associate’s degree. Health defined as the two-digit Taxonomy of
Programs (TOP) code “Health.” Any degree in nursing defined as a degree or certificate in the
six-digit TOP code for “Registered Nursing.” Enrollment defined as enrolling in at least 3 credits
in any term in the time period noted. Years to degree based on years since first lottery attempt.
Labor market outcomes measured five to seven years after first lottery attempt. Employment
defined as non-zero earnings in at least half of the calendar year quarters encompassing the
noted years since the first lottery. Mean earnings do not include zeros for individuals with
missing earnings. Industry employment defined by NAICS industry codes. Standard deviations
in parentheses.
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Table 3: First Stage Estimates of Effect of Lottery
(1) (2)

Enroll Applications
Win 1st Lottery 0.241 -1.578

(0.0428) (0.0869)
Win 2nd Lottery 0.329 -1.571

(0.0504) (0.0688)
Win 3rd Lottery 0.327 -1.301

(0.0619) (0.0713)
Win 4th Lottery 0.108 -0.730

(0.0728) (0.0488)
F 26.53 332.3
N 8693 8693
Control Mean 0.322 3.673

Notes. Sample consists of one observation per lottery, with potentially
multiple observations per student. All regressions control for academic
term of lotterry, lottery instance (ie. 1st, 2nd, 3rd, 4th). Standard errors
clustered at the individual level.

Table 4: IV Estimate of Effect of Enrollment on Earnings
(1) (2) (3) (4) (5) (6)

Start Program 0.420 0.424 0.444 0.445 0.446 0.403
(0.157) (0.160) (0.161) (0.166) (0.164) (0.150)

Number of Applications -0.0746
(0.135)

N 20885 20885 20885 20885 20885 20885
Mean Earnings 12630.7 12630.7 12630.7 12630.7 12630.7 12686.3
First stage F 20.04 18.35 18.19 18.70 17.36 24.34
Demographics X X X X X
Academic X X X X
Labor Market X X X
Financial Aid X X

Notes. Dependent variable is quarterly log earnings five to seven years after focal lottery. Starting program defined
as enrolling in the first course of the Central College ADN sequence. The four instruments include the result
of an applicant’s first four lotteries. All regressions control for year, cohort, and lottery-instance. Demographic
variables include race, gender, and age when first applied. Academic covariates include pre-lottery GPA and units
attempted. Labor market covariates include earnings and employment, measured in the two years prior to first
application. All covariates interacted with lottery instance. Regressions weighted as described in text. Standard
errors clustered at the individual level.
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Table 5: IV Estimate of Effect of Enrollment on Employment
(1) (2) (3)

Any Earnings Quarters of Earnings Health Industry
Start Program 0.0606 1.080 0.234

(0.118) (1.394) (0.0994)
N 20885 20885 15134
Mean Y 0.818 7.006 0.827
Demographics X X X
Academic X X X
Labor Market X X X
Financial Aid X X X

Notes. Dependent variable is quarterly log earnings five to seven years after focal lottery. Starting
program defined as enrolling in the first course of the Central College ADN sequence. The
four instruments include the result of an applicant’s first four lotteries. All regressions control
for year, cohort, and lottery-instance. Demographic variables include race, gender, and age
when first applied. Academic covariates include pre-lottery GPA and units attempted. Labor
market covariates include earnings and employment, measured in the two years prior to first
application. All covariates interacted with lottery instance. Regressions weighted as described
in text. Standard errors clustered at the individual level.

Table 6: IV Estimates: Robustness
(1) (2) (3) (4) (5) (6) (7) (8)
Un- Exc. 5x Exc. Other Exc. No Exc. Last “One-

Weighted Applicants Admits Pre-Earn Transfer Lottery Step” Levels
Start Program 0.398 0.463 0.355 0.462 0.399 0.361 0.461 3694.9

(0.149) (0.179) (0.129) (0.176) (0.164) (0.122) (0.210) (3313.8)

Notes. Dependent variable is quarterly log earnings five to seven years after focal lottery unless otherwise specified. Starting
program defined as enrolling in the first course of the Central College ADN sequence. Except for in columns 6 and 7 the four
instruments include the result of an applicant’s first four lotteries. All regressions control for year, cohort, and lottery-instance.
Regressions weighted as described in text, unless otherwise specified. Standard errors clustered at the individual level. See text for
more details on individual specifications. See appendix A.3 for in-depth explanation of “one-step” procedure.

Table 7: Instrumental Variables and Individual Fixed Effects Estimates
(1) (2) (3) (4)

Central College Central College California
Sample ADN Applicants Start ADN Start ADN
Method IV FE FE FE
Started Program 0.446 0.433

(0.164) (0.0388)
20885 64759

Completed Program 0.566 0.455 0.504
(0.0397) (0.0497) (0.0094)
64759 22660 2857336

Notes. Outcome variable in all regressions is quarterly log earnings. Sample for columns (1)-(2)
includes all applicants to the Central College program since 2005. IV specification is at five to
seven years since lottery, and controls for demographics, prior labor market experience, financial
aid, and GPA, as well as year and term dummies. FE specification has earnings measured
between two years prior and eight years after first application. Sample for column (3) includes
all applicants to the Central College program who also started the program, regardless of
lottery result. Sample for column (4) includes all students who enroll in an associate’s degree in
Registered Nursing program at any California community college, defined as taking a course in
the six-digit Taxonomy of Programs code for Registered Nursing “1230.10.” Standard errors
clustered at the individual level. See text for more details on specifications.
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Table 8: Individual Fixed Effects, Heterogeneity
(1) (2)

Program Quality
NCLEX Pass Rate -0.025 -0.062

(0.020) (0.019)
ADN Graduates in 2004 0.016 -0.011

(0.025) (0.024)
Program Completion Rate 0.016 0.015

(0.027) (0.027)
Program Admissions
Lottery -0.059 -0.059

(0.030) (0.029)
Other Randomized -0.002 -0.030

(0.028) (0.027)
Competitive -0.002 0.026

(0.027) (0.027)
Labor Market Characteristics
Hospital Beds 0.083 0.090

(0.031) (0.026)
Long-Term Care Beds 0.044 -0.031

(0.029) (0.026)
Share Older than 60 0.035 -0.004

(0.033) (0.033)
RN Employment -0.130 -0.000

(0.035) (0.031)
Med. Asst. Relative Wage -0.126

(0.039)
RN Relative Wage 0.257

(0.032)
Nurse-Med Assistant Relative Wage 0.048

(0.023)
Individual
Minority -0.127 -0.131

(0.020) (0.020)
Older than 30 -0.103 -0.101

(0.019) (0.020)
Female -0.014 -0.013

(0.018) (0.018)
2850447 2850447

Main Effect 0.562 0.584
(0.044) (0.045)

Year-Qtr FE X X
Age Dummies X X
Enrolled X X

Notes. See notes for table 7 for notes on sample construction. Reported coefficients
are the estimates of the interaction term γ from equation 4. Minority students
are Hispanic and African American. Over 30 years old defined as age at first
application for Central College samples, and age at enrollment in the program for
the statewide sample. County-level information comes from 2010 Census. Relative
wages and employment are relative to overall mean wages and share of employment,
respectively. Medical assistants include nurse assistants and other medical assistants,
as well as licensed vocational nurses. Information on hospital beds comes from
the California Office of Statewide Health Planning and Development, 2014. All
community variables expressed as a dummy variable interaction with being above
or below the median county. Lottery programs (15 programs) had no selection based
on student characteristics. Any Randomization programs (27 programs) had any
element of randomization. Competitive programs (43 programs) had admission
based on student characteristics including but not limited to coursework, work
experience, references, and essays. The rest of the colleges (9 programs) had waitlists
or first-come-first-served lottery systems. Standard errors clustered at the individual
level.
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Table 9: Present Discounted Value of Earnings Stream
(1) (2) (3) (4)

Estimate Earnings PDV over 30 Year Career
Full Price 2%Earn Growth Half-Time Work

IV Estimate of Enrollment 0.446 $183,916 $209,4221 $248,266
FE Estimate of Enrollment, Central College 0.433 $176,364 $237,577 $201,870
FE Estimate of Enrollment, California 0.504 $223,769 $299,036 $249,276

Notes. Preferred estimates in column (1) come from tabes 4 and 7. PDV calculated over 2 years of coursework and 30 years of
post-program career. Pre-enrollment mean earnings are assumed to be $5,757 per quarter, which is the mean for program
applicants. In column (2) students are assumed to spend two years to complete the program, foregoing all earnings, and have
no earnings growth over time. Estimated price of books and supplies is $2,855 per year, estimates of additional costs from
program websites and catalogs. In column (3) students again incur tuition costs but also experience 2% annual wage growth.
In column (4) students are assumed to forego only half their earnings while studying. In all cases, the real interest rate is 3%.

40



A Appendices

A.1 Additional Tables and Figures

Table A1: Summary Statistics, California and Central College Students and Health Degree Recipi-
ents

All Students All Health Awards ADN Graduates
4-Year Public 2-Year Public California Central California Central California Central

N 6,721,861 6,625,141 2310170 30360 17008 505 4990 367

Female 0.56 0.56 0.53 0.51 0.73 0.79 0.81 0.82

Race
White 0.56 0.53 0.29 0.24 0.39 0.25 0.40 0.23
Black 0.15 0.15 0.07 0.07 0.05 0.08 0.04 0.10
Hispanic 0.20 0.21 0.40 0.49 0.25 0.34 0.22 0.32
Asian 0.05 0.07 0.11 0.13 0.12 0.15 0.12 0.15
Other Race 0.05 0.04 0.12 0.07 0.18 0.18 0.21 0.20

Age
19 or less 0.32 0.30 0.24 0.26 0.28 0.41 0.24 0.39
20-24 0.48 0.32 0.32 0.35 0.25 0.23 0.27 0.22
25-29 0.09 0.13 0.14 0.15 0.17 0.15 0.21 0.17
30-34 0.04 0.08 0.08 0.08 0.11 0.07 0.13 0.08
35-39 0.02 0.05 0.05 0.05 0.07 0.06 0.08 0.06
40-49 0.03 0.07 0.08 0.07 0.09 0.07 0.07 0.07
50 plus 0.02 0.05 0.09 0.04 0.03 0.01 0.01 0.01

Notes. National-level data from 2013 NCES Digest of Education Statistics. Data on students compiled from California Community
College Chancellor’s Office Datamart and cover 2013 academic year. Data on awards compiled from administrative sources. Data
count each award separately, not taking into account multiple awards per student.

Table A2: Lottery Dynamics and Reapplication

Lottery Number 1 2 3 4 5 Ever
Applicants 3463 2527 1756 1306 1030 3463

Share Win Lottery 0.0924 0.0641 0.0450 0.0436 0.878 0.412

Share of Losers Reapply 0.824 0.732 0.765 0.818 0 0.824

Notes. Table displays means. Lottery number refers to how many times an applicant has applied.
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Table A3: Determinants of Lottery Reapplication Among Lottery Losers
1st 2nd 3rd 4th Any

Female 0.0150 0.0675 0.00669 0.0315 0.0292
(0.0184) (0.0288) (0.0281) (0.0305) (0.0128)

Hispanic 0.0238 0.0243 0.0386 0.0210 0.0266
(0.0191) (0.0288) (0.0312) (0.0316) (0.0134)

Asian -0.0300 0.0124 0.00892 0.0352 0.00133
(0.0275) (0.0391) (0.0402) (0.0450) (0.0185)

Other Race -0.0286 -0.0197 0.0127 -0.0325 -0.0166
(0.0210) (0.0322) (0.0341) (0.0356) (0.0148)

Age 0.00109 0.00353 0.00277 -0.00180 0.00146
(0.00106) (0.00155) (0.00170) (0.00175) (0.000731)

GPA 0.00267 0.00488 -0.00567 -0.0225 -0.00193
(0.00789) (0.0118) (0.0130) (0.0135) (0.00543)

Earnings (1000s), t-1 0.00172 0.00455 0.00324 0.00856 0.00408
(0.00145) (0.00233) (0.00218) (0.00205) (0.00100)

Emp. Health, t-1 -0.00480 0.0371 -0.00674 0.0170 0.00974
(0.0162) (0.0240) (0.0251) (0.0242) (0.0109)

ymean 0.830 0.719 0.776 0.825 0.788
N 2043 1510 991 833 5377
Cohort FE’s X X X X X
Lottery FE’s X

Notes. Dependent variable is reapplication conditional on losing the lottery in question. Sample consists
of all non-admitted students in each lottery. Earnings, GPA, and employment measured one year prior to
first lottery. Employment in health measured as non-zero earnings in any quarter in the year prior to first
application.

Table A4: Main Estimates using Alternate Instruments
(1) (2) (3) (4) (5) (6) (7) (8)

Instrument 1st Lottery Win Any Lottery
Quarters Health Quarters Health

Earnings Any Emp Employed Industry Earnings Any Emp Employed Industry
Start Program 0.500 0.0574 -0.184 0.592 0.514 0.0670 0.820 0.284

(0.269) (0.169) (2.216) (0.205) (0.199) (0.133) (1.693) (0.126)
Demographics X X X X X X X X
Academic X X X X X X X X
Labor Market X X X X X X X X

Notes. Dependent variable is quarterly log earnings five to seven years after focal lottery unless otherwise specified. Instrumented
variable is enrollment in the ADN program. Each cell represents results from an individual regression. Instruments used are either
the first lottery sample with the result of the first lottery or the stacked sample with winning any lottery as the instrument. All
regressions control for year, cohort, and lottery-instance. Regressions weighted as described in text, unless otherwise specified.
Standard errors clustered at the individual level. See text for more details on individual specifications.

42



Table A5: Heterogeneity in Individual Fixed Effects
Minority -0.133

(0.020)
Main Effect 0.543

(0.011)
2857336

Older than 30 -0.102
(0.020)

Main Effect 0.544
(0.012)

2857336
Female -0.012

(0.018)
Main Effect 0.515

(0.019)
2857336

NCLEX Pass Rate -0.038
(0.018)

Main Effect 0.523
(0.013)

2857336
ADN Graduates in 2004 0.023

(0.019)
Main Effect 0.489

(0.016)
2857336

Program Completion Rate 0.007
(0.026)

Main Effect 0.498
(0.024)

2857336
Hospital Beds 0.057

(0.018)
Main Effect 0.471

(0.014)
2850447

RN Employment -0.000
(0.018)

Main Effect 0.504
(0.013)

2857336
Med. Asst. Relative Wage 0.073

(0.019)
Main Effect 0.458

(0.015)
2857336

RN Relative Wage 0.166
(0.019)

Main Effect 0.449
(0.011)

2857336
Nurse-Med Assistant Relative Wage 0.037

(0.020)
Main Effect 0.494

(0.011)
2857336

Notes. See notes for table 7 for notes on sample construction. Reported coefficients are the estimates of the interaction
term γ from equation 4, run as individual regressions. Minority students are Hispanic and African American. Over
30 years old defined as age at first application for Central College samples, and age at enrollment in the program
for the statewide sample. County-level information comes from 2010 Census. Relative wages and employment are
relative to overall mean wages and share of employment, respectively. Medical assistants include nurse assistants and
other medical assistants, as well as licensed vocational nurses. Information on hospital beds comes from the California
Office of Statewide Health Planning and Development, 2014. All community variables expressed as a dummy variable
interaction with being above or below the median county. Lottery programs (15 programs) had no selection based on
student characteristics. Any Randomization programs (27 programs) had any element of randomization. Competitive
programs (43 programs) had admission based on student characteristics including but not limited to coursework, work
experience, references, and essays. The rest of the colleges (9 programs) had waitlists or first-come-first-served lottery
systems. Standard errors clustered at the individual level..
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A.2 Further Evidence of Lottery Randomization

I discuss the validity of the Central College lottery in section 3. In this appendix I provide further
evidence through additional tests. First, I regress admission on a set of individual characteristics,
defined in the year prior to the application, as shown in Table A6. No variable is statistically
significant. In another test of lottery balance, I regress the outcome variables defined in the pre-
lottery period on the lottery results, while controlling for demographic and academic variables.
The results of this excercise are shown in Table A7. Here, again, is evidence of the balance of the
lottery. One way to interpret these are as reduced form estimates of the outcomes in the pre-lottery
period.

Table A6: Balance, Joint Regressions, by Lottery Instance
All Lot 1 Lot 2 Lot 3 Lot 4

Female 0.0137 0.0276 -0.00575 0.0102 0.0120
(0.00520) (0.00830) (0.00890) (0.0145) (0.0156)

Hispanic 0.00695 0.000677 0.0244 -0.0142 0.0282
(0.00719) (0.00948) (0.0141) (0.0140) (0.0145)

Asian -0.0160 -0.0185 -0.0161 -0.0523 0.0578
(0.00803) (0.00897) (0.0115) (0.0196) (0.0197)

Other Race -0.0329 -0.0624 0.0139 -0.0334 -0.0287
(0.00451) (0.00804) (0.00827) (0.0174) (0.0113)

Age 0.00698 0.0147 0.00135 0.0304 -0.0265
(0.000212) (0.000375) (0.000400) (0.000708) (0.000710)

GPA -0.0159 -0.000125 -0.0404 -0.0353 0.0272
(0.00247) (0.00404) (0.00271) (0.00373) (0.00715)

Enrolled at other college 0.00207 -0.0164 0.00982 0.0785 -0.0433
(0.00362) (0.00908) (0.00749) (0.00989) (0.0101)

Had BOG Waiver 0.0180 0.00372 0.0585 -0.00853 0.0203
(0.00525) (0.00952) (0.00725) (0.00761) (0.0201)

Had Pell Grant -0.0209 -0.0322 -0.0133 0.0619 -0.117
(0.00529) (0.00818) (0.00834) (0.0139) (0.0164)

Had Calgrant 0.0128 -0.00397 0.00936 0.0639 0.000810
(0.00666) (0.0116) (0.0128) (0.0176) (0.0113)

Had Loans 0.00119 -0.00725 -0.0193 -0.0156 0.0927
(0.00870) (0.0108) (0.0150) (0.0254) (0.0360)

Consistent Employment 0.0156 0.0776 -0.0104 0.00694 -0.120
(0.0128) (0.0175) (0.0195) (0.0187) (0.0335)

Employed in Health -0.0113 -0.0519 0.0373 -0.00551 0.00416
(0.00783) (0.0124) (0.0136) (0.0113) (0.0178)

Quarterly (log) Earnings) -0.0269 -0.0532 -0.0422 -0.0388 0.115
(0.00127) (0.00137) (0.00229) (0.00214) (0.00441)

N 7316 2885 2130 1280 1021
Sh. Admitted 0.0284 0.0308 0.0272 0.0266 0.0264
F 1.333 1.757 1.094 1.918 1.226
p < F 0.179 0.0394 0.357 0.0211 0.250

Notes. First column shows mean characteristics measured at term of first application. Enrollment at other
college defined as ever having taken a course at another community college, with similar definition by district.
Employment defined as nonzero quarterly earnings. Quarters employed defined as the number of quarters
with nonzero earnings in the four years prior to application, with maximum 16. Consistent employment
defined as employment in at least eight of the 16 quarters before first application. Employment in Health
defined as employment in the two-digit NAICS industry code 62: Health Care and Social Assistance. Second
and third columns show results of regressing mean characteristics on lottery admission and cohort fixed
effects. Second column includes all applications that were decided by random lottery: the first through
fourth. The final column only includes first lottery.
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Table A7: Lottery Balance, Outcome Regressions
All Lotteries 1st Lottery

Earnings -100.0 571.0
(333.8) (603.5)

N 78109 31238

Log Earnings -0.0250 0.0317
(0.0491) (0.0854)

N 78109 31238

Employed -0.00721 0.0373
(0.0258) (0.0393)

N 126154 51206

Quarters Employed 0.266 0.164
(0.633) (0.954)

N 2929 1155

Employed in Health 0.0108 0.0243
(0.0243) (0.0368)

N 126154 51206

Employed in Health if Employed 0.0244 0.0148
(0.0346) (0.0520)

N 74180 29664

Notes. Coefficients are the results of the second of the following two steps.
First, a regression of the variable of interest in the two years prior to first
application on a set of demographic and academic characteristics. The second
is a regression of lottery admission on the residual from the first step and
cohort dummies. Variables included in the first step are age, race, gender, GPA,
enrollment in another district, and units earned, as well as year and quarter
dummies. Employment defined as nonzero quarterly earnings. Employment
in Health defined as employment in the two-digit NAICS industry code 62:
Health Care and Social Assistance. Results for the number of quarters em-
ployed includes one observation for each student-lottery combination,with the
outcome variable being the number of quarters with nonzero earnings.
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A.3 One-Step Dynamic Regression

Column 5 of Table 6 shows estimates of the “one-step” regression as used by Gelber, Isen and
Kessler (2016) and Cellini, Ferreira and Rothstein (2010) in scenarios where applicants may reapply.
One concern is that reapplication itself may have an effect on later earnings. In the case of the
Central College lottery, losing a lottery increases the likelihood of participating in a future lottery.
This is similar to the case of Cellini, Ferreira and Rothstein (2010), where a district failing to pass
a bond is more likely to consider a similar bond in a later year than a district that succeeded in
passing a bond. The “one-step” estimator Cellini, Ferreira and Rothstein (2010) propose takes this
added effect into account. I adapt this estimator using the following equation of the reduced form:

yict = α +
τ̄∑
τ=0

(θτAdmiti,t−τ +φτApplyi,t−τ ) +XitcΨ + ηc + νt +uitc (5)

The coefficient of interest, θτ , represents the effect of winning the lottery on earnings at year
τ regardless of the effect of losing the lottery on future lottery participation and admission to the
program. The reduced form estimate of θτ is 0.141 (0.07), which is quite similar to the results
shown using the more conventional approach.

A.4 Individual Fixed Effects Estimates, Sensitivity

Table A8 shows that the individual fixed effects estimates from Table 7 are robust to a variety
of specifications. The first column only includes time fixed effects in addition to the individual
fixed effect. Addition of age dummies is important, since it accounts for different earnings profiles
over time. Column 3 adds a dummy variable for whether a student was enrolled in at least eight
units—a halftime load—that quarter. Column 3 is my preferred specification. As two additional
tests of robustness, I first exclude a full year of data for each student: their first year prior to
application or enrollment in a program. This accounts for the “Ashenfelter’s Dip”, which is that
students entering an educational program tend to experience job loss or a decline in earnings
immediately prior. In the final column I exclude from the comparison group all students who
earned any other degree, making the comparison between ADN earners and students who did not
earn a single other degree or certificate. The results are broadly similar across specifications.

46



Table A8: Individual Fixed Effects Estimates, Sensitivity
(1) (2) (3) (4) (5)

Central College Applicants
Started Program 0.417 0.459 0.433 0.439 0.477

(0.0417) (0.0391) (0.0388) (0.0397) (0.0396)
64759 64759 64759 56060 59389

Post-Degree 0.584 0.590 0.566 0.575 0.495
(0.0434) (0.0400) (0.0397) (0.0404) (0.0427)
64759 64759 64759 56060 59389

Central College ADN Enrollees
Post-Degree 0.450 0.474 0.455 0.469 0.452

(0.0551) (0.0501) (0.0497) (0.0505) (0.0498)
22660 22660 22660 19728 22386

Statewide Enrollees
Post-Degree 0.607 0.595 0.504 0.532 0.502

(0.0101) (0.00955) (0.00940) (0.00947) (0.00940)
N 2857336 2857336 2857336 2595104 2812914

Year-Qtr FE X X X X X
Age Dummies X X X X
Enrolled X X X
Exclude t-1 X
Exclude other degree-earners X

Notes. See notes for Table 7 for notes on sample construction. Column 4 excludes one year of data. For Central
College applicant samples this year is the second year prior to the last lottery a student entered. For the Central
College enrollees and the Statewise enrollees samples, this excluded year is the year prior to enrollment in the
program. Column 5 excludes from the comparison group any student who earned another degree or certificate
from a community college in California. Standard errors clustered at the individual level.
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