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Abstract
In this dissertation, I explore inequalities in higher education and at the intersection of
higher education and the labor market.
Chapter 1 explores the employment effects of strengthening anti-discrimination laws
for minority workers in the context of two recent changes to the Missouri Humans Rights
Act. First, I use data from Missouri’s circuit courts to establish that workers file more
employment discrimination cases when the applicable laws are more favorable to plaintiffs.
Using data on individual job histories from the Quarterly Workforce Indicators, I then show
that employers respond to the increased litigation risk by hiring fewer protected workers.
Finally, I analyze data provided by Burning Glass Technologies to connect the decrease
in minority hiring with an increase in the prevalence of bachelor’s degree requirements
in online job postings. Counties with high levels of racial animus, and industries that are
highly susceptible to employment discrimination litigation, experienced the largest changes
in bachelor’s degree requirements and minority employment after the policy changes.
In Chapter 2, I provide evidence that part of the wage gap between college and university
graduates can be attributed to differences in employers’ perceptions about the two types
of schools. Using school-by-cohort earnings data from the College Scorecard, I show that
a recent policy that changed the names of six Massachusetts schools from State Colleges
to State Universities increased the earnings of students at the treated schools by $1,500 per
year. This result is robust to multiple specifications of the group of comparison schools.
The estimated effect of moving from a college to a university is nearly twice as large for
women as for men. Furthermore, I demonstrate that this change is not the result of increased
iii

graduation or employment rates or an increase in the share of students pursuing lucrative
majors like business or STEM fields.
Chapter 3 asks whether broad-based merit aid scholarships, which became increasingly
prominent during the 1990s and early 2000s, impacted the share of college students from
low-income families. Combining data on the family income distribution of students by
college and birth year from Opportunity Insights together with detailed scholarship data
from the National Association of State Student Grant and Aid Programs, I show that merit
aid programs tend to further skew undergraduate cohorts towards students from highincome families. However, this effect can be offset by giving larger financial awards and
can be completely reversed for particularly generous scholarships that require only modest
levels of academic achievement.
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Chapter 1

Discriminating Taste or Just
Discrimination?
Anti-Discrimination Laws and Employment in Missouri

1.1

Introduction

While a large literature has found that Title VII and state fair employment laws advanced
the labor market outcomes for black Americans in the mid-1900s, there is less consensus
about the effectiveness of these laws at deterring discrimination today. This debate hinges
partly on the hypothesis that firms facing greater enforcement costs for firing-type offenses
than for hiring-type offenses have incentive to simply not hire protected workers in the
first place. In this legal setting, strong anti-discrimination laws can hurt the very workers
they are intended to protect. In particular, strong anti-discrimination laws can discourage
employers from taking a chance on protected workers with less clear signals of their ability,
as employers may be concerned about the potential expense of a discrimination lawsuit if
the worker is hired and later terminated, disciplined, or passed over for a promotion.1
In this paper, I investigate whether strong anti-discrimination laws make employers less
1 These three categories account for nearly 50% of discrimination charges filed with the EEOC between 2011
and 2017; in contrast, only 3% of charges alleged discrimination in hiring.

1

willing to hire workers in protected classes. My analysis leverages two recent policy changes
in the state of Missouri. First, in August 2007, Missouri’s Supreme Court issued a new
interpretation of the Missouri Human Rights Act (MHRA) which significantly strengthened
discrimination protection for workers. The ruling in Daugherty v. City of Maryland Heights
lowered the burdern of proof that plaintiffs must meet to succeed in discrimination cases
brought under the MHRA from the “motivating factor" standard to the “contributing factor"
standard.2 Ten years later, Missouri’s state legislature passed Senate Bill 43 (SB43) which
amended the MHRA to explicitly require that plaintiffs meet a “determinative influence"
standard, a more demanding burden than the original motivating factor standard. SB43
additionally weakened discrimination protections by capping compensatory and punitive
damages recoverable by plaintiffs and by limiting the entities that can be sued under the
MHRA.
My analysis proceeds in three parts. First, I present descriptive evidence of the effect
that SB43 had on cases filed under the MHRA in Missouri’s circuit courts. Using a unique
dataset of all civil cases filed in Missouri’s circuit courts between 2016 and 2019, I show
that the number of employment discrimination cases filed jumped by over 200% in the
month before SB43 took effect before dropping to 33% below typical levels in the months
after. I also observe a precipitous decline in the share of cases that name an individual
as a defendant after SB43 and an associated increase in the probability that a case will be
removed to federal court, an event that typically favors defendants in discrimination cases.
Finally, limited data on trial judgments awarded to plaintiffs suggest the damages caps
imposed by SB43 significantly reduced the expected cost to employers of discrimination
lawsuits.
Having established a first-stage effect of the policy changes on discrimination litigation,
I next consider whether these policy changes impacted employment outcomes for black
workers in Missouri. I identify the effect of the policy changes on employment using
a difference-in-differences model that compares labor market outcomes in counties on
2 See

Section 1.2.4 for detailed descriptions of the motivating factor and contributing factor standards.
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either side of the Missouri border. This design identifies the effect of interest using only
variation within border-county pairs, allowing me to control for spatial heterogeneity in
local economic and labor market conditions. Using county-quarter level data from the
Quarterly Workforce Indicators, I find that black employment fell by 10% after the Daugherty
ruling in 2007 and remained depressed until SB43 took effect in 2017. Furthermore, I find
that the net effect on employment was the result of reduced hiring rather than increased
separations.
Finally, I show that job advertisements asked for more advanced credentials — specifically higher levels of education — in the years prior to SB43. Degree requirements in
particular disadvantage black workers, who are less likely to have college degrees than their
white counterparts. My analysis of over 2.5 million job advertisements posted between 2010
and 2018 shows that the share of job ads that specified a minimum education level fell by
over 7 percentage points, and the share that required a bachelor’s degree or higher fell by
over 3 percentage points.
This paper contributes to three broad strands of the law and economics literature. First,
it builds on work that evaluates the efficacy of anti-discrimination laws. Numerous studies
show that Title VII and state-specific fair employment laws were effective at improving
employment outcomes for protected classes of workers in the mid-1900s (e.g., Chay, 1998;
Carrington, McCue, and Pierce, 2000; Collins, 2003; Neumark and Stock, 2006). However,
as the focus of discrimination claims shifted away from hiring-based offenses in the 1980s
(Donohue and Siegelman, 1991), several studies have found that expansion or enforcement
of anti-discrimination laws can instead result in reduced hiring of protected workers (e.g.,
DeLeire, 2000; Acemoglu and Angrist, 2001; Oyer and Schaefer, 2002; Lahey, 2008; Bullock,
2015). This paper similarly documents unintended consequences of anti-discrimination
laws,3 but it expands on the previous literature by identifying a new source of variation in
the strength of discrimination laws: the causation standard, or burden of proof that plaintiffs
3 Behavioral backlash against litigation has been identified in response to other types of laws, such as Equal
Rights Amendments to promote gender equality. See Wheaton (2021).

3

must meet to establish an employer’s liability.4 If the burden of proof is set so high that no
plaintiff can meet it, then there is no credible threat of punishment under the law; on the
other hand, if the burden of proof is so low that even charges without merit can succeed
then businesses may choose to reduce hiring from protected classes to protect themselves
from the possibility of future lawsuits.
Second, it adds to a growing literature on employer screening in the hiring process.
These studies typically focus on what happens when employers are no longer able to
gather particular types of data about job applicants; research finds that in these situations,
employers rely on racial stereotypes to infer the missing information, often disadvantaging
minority applicants in the process. For example, ban-the-box laws (Shoag and Veuger, 2016;
Agan and Starr, 2018; Doleac and Hansen, 2020) and laws that prohibit credit checks (Bartik
and Nelson, 2016; Clifford and Shoag, 2016) or drug tests (Wozniak, 2015) for job applicants
are associated with worse labor market outcomes for blacks. In particular, Shoag and Veuger
(2016) and Clifford and Shoag (2016) relate ban-the-box laws and credit checks not only
with worse employment outcomes for men and blacks, respectively, but also with more
stringent credential requirements in job postings, suggesting that employers substitute to
accessible signals like education.
Finally, this research complements recent articles that probe the causes and consequences
of degree inflation; that is, the rising demand for college degrees among jobs that did
not previously require them (Fuller and Raman, 2017). Work by Modestino, Shoag, and
Ballance (2016, 2020) shows that employers demand more advanced credentials when labor
markets are tight. Shoag and Veuger (2016) and Clifford and Shoag (2016) suggest that
recent increases in ban-the-box laws and laws that prohibit credit checks may also contribute
to degree inflation by pushing employers to rely on educational attainment when they
4 To the best of my knowledge, only two studies to date have attempted to quantify the impact of causation
standards on plaintiff outcomes, and none have looked at downstream effects on employment. Brown and
Erskine (2009) conducts a qualitative study of racial discrimination cases in the UK and finds that a 2003
amendment to the burden of proof applied in those cases was one of the main factors influencing the likelihood
of success for the plaintiff. Similarly, Sherwyn and Heise (2010) uses a mock-jury experiment to show that
employers are more often found liable when the jury receives a motivating-factor instruction than when they
receive a pretext instruction.

4

can no longer rely on banned signals. This project suggests that employers may similarly
choose to rely on education when there are substantial costs to hiring the “wrong" person
— whether because of costly discrimination litigation, costly training, or other job-specific
reasons. This is consistent with Arcidiacono, Bayer, and Hizmo (2010), which finds that
employers observe ability much more accurately for college graduates than for high school
graduates.
The remainder of this paper proceeds as follows. Section 1.2 describes the Missouri
Human Rights Act and the two specific policy changes that I study. Section 1.3 provides
an overview of the main data sources I use in my analyses. In Section 1.4, I present a
descriptive analysis of employment discrimination cases filed in Missouri state courts.
Section 1.5 discusses my empirical strategy, and Sections 1.6 and 1.7 describe my results.
Section 1.8 concludes.

1.2
1.2.1

Discrimination under the Missouri Human Rights Act
The Origin and Role of the Missouri Commission on Human Rights

Upon assuming the role of Governor of Missouri in 1957, civil-rights activist James T. Blair
advocated fiercely for policies to improve equality within the state. In an early victory,
he signed into law House Bill 125 only six months into his term which provided for the
creation of a Commission on Human Rights (MCHR). The commission, officially established
in early 1958, consisted of eleven unpaid members appointed by the governor, one from
each congressional district. The commission was charged with conducting research and
publishing reports on discrimination in Missouri, investigating complaints of discrimination
and recommending ways to reduce discrimination, and “encourag[ing] fair treatment for
all persons regardless of race or national ancestry." Notably, since there were no state-wide
anti-discrimination laws in Missouri,5 the commission had no enforcement authority.
5A

few localities, such as Kansas City, had passed a public accommodations law to open up hotels,
restaurants, and theaters to Black patrons.

5

That changed in 1961 with the passage of the Fair Employment Practices Act, making
Missouri the twenty-first state to enact enforceable fair employment legislation (Chen,
2001). The act made it unlawful for employers to deny employment to any individual on
the basis of race, creed, color, religion, national origin, or ancestry.6 The Commission on
Human Rights was given responsibility for enforcing the Act and was accordingly granted
“general jurisdiction and power" to prevent discrimination in employment. Importantly, the
Commission was given the power to hold hearings and subpoena witnesses and, in the
event it found evidence of discrimination, the Commission could require employers to take
such actions as reinstating or promoting employees or ordering payment of back wages.
The MCHR has since evolved to administer not only the Fair Employment Practices
Act but also the Public Accommodations Act (passed in 1965) and the Fair Housing Act
(passed in 1972). While initially authorized as distinct pieces of legislation, they were
consolidated in 1986 into the Missouri Human Rights Act (MHRA), which remains the
preeminent law in the state of Missouri defining discrimination, establishing procedures
for investigating charges of discrimination, and prescribing available remedies for victims
of discrimination. Specifically, the MHRA today prohibits discrimination in employment,
public accommodations, and housing on the basis of race, color, religion, national origin,
ancestry, sex, disability, age (in charges of employment discrimination) and familial status
(e.g., the presence of children, in charges of housing discrimination). These are referred to
as “protected classes."
Currently, the MCHR has five offices located throughout the state and coordinates with
another fourteen local human rights agencies in Missouri to increase efficiency in processing
charges. In addition to the eleven unpaid governor-appointed commissioners, the commission employs an executive director and a 30-person support staff to investigate an average
of 1,700 discrimination complaints each year, over 80% of which allege discrimination in
employment.
6 The

Act was revised in 1965 to also bar discrimination on the basis of sex.

6

1.2.2

The MHRA and Federal Statutes

In addition to filing charges under the MHRA, citizens of Missouri who believe they have
been discriminated against are also able to file charges under various federal statues, including Title VII of the Civil Rights Act, the Americans with Disabilities Act (ADA), and the
Age Discrimination in Employment Act (ADEA). Although there are substantial similarities
between federal and state law, the MHRA offers slightly broader anti-discrimination protections. Of note, the MHRA applies to employers with 6 or more employees while Title VII
only applies to employers with at least 15 employees. Furthermore, the MHRA imposes
fewer restrictions on the damages that can be awarded to plaintiffs.
Due to the substantial similarities between the MHRA and federal laws, the MCHR
participates in a work-sharing agreement with its federal counterpart, the Equal Employment
Opportunity Commission (EEOC). Under the agreement, whenever a charge is filed with
the MCHR that is also covered by a federal law, the MCHR will dual file the charge with
the EEOC and vice versa.7 Generally, the entity that originally received the charge retains
control of the investigation.

1.2.3

Filing a Discrimination Claim Under the MHRA

Figure 1.1 illustrates the process of filing and resolving discrimination charges under the
MHRA. Individuals who believe they have been discriminated against must file an official
complaint of discrimination within 180 days of the alleged discriminatory act. The MCHR
then serves the complaint to the named defendants and invites the parties to mediate or
settle the case. Respondents have 10 days to accept the MCHR’s invitation to mediation.
If mediation fails, or if parties forgo mediation, the MCHR will appoint an investigator to
gather facts relating to the charge. The investigator conducts interviews, gathers documents
and other evidence, and writes an investigative summary which is then presented to the
7 The MCHR is an example of a Fair Employment Practice Agency (FEPA). Missouri has two other FEPAs:
the St. Louis Civil Rights Enforcement Agency and the Kansas City Human Relations Department, which
enforce local civil rights laws.

7

Figure 1.1: MCHR Charge Filing Process

Notes: This flow chart describes the order of events involved in filing a discrimination claim under the
Missouri Human Rights Act, from alleged discriminatory event to final disposition of the claim by the MCHR.
Percentages are calculated using annual data on all employment discrimination charges filed with the MCHR
between 2001 and 2020 (Missouri Department of Labor & Industrial Relations, 2001-2020).
Source: Missouri Commission on Human Rights website and Missouri Department of Labor & Industrial
Relations (2001-2020)

commission. After reviewing the facts collected by the investigator, the commission makes a
determination of whether there is enough evidence to constitute “probable cause." If the
commission finds that there is no probable cause, then they close the case. If the commission
determines that there is probable cause, it will attempt to settle the case through conciliation.
If the case does not settle, it will either proceed to a hearing or be dismissed.
At any point during this process, the two parties may reach a settlement and withdraw
the complaint. The plaintiff may also request a Notice of Right to Sue, which closes the
case with the MCHR and allows the plaintiff to instead file a civil lawsuit in state court. A
8

Notice of Right to Sue can only be requested if the complaint was filed with the MCHR at
least 180 days prior and the case is still open, i.e. the commission has not entered a “No
Probable Cause" finding. The plaintiff then has 90 days from the date the Notice of Right
to Sue is issued (or two years from the date of the alleged discriminatory act, whichever is
earlier) to file a suit in state court.
Remedies available under the MHRA include job reinstatement, compensatory damages
such as payment of back wages and emotional damages, and punitive damages. The MHRA
also allows the prevailing party to recover attorneys’ fees. Because attorneys’ fees often
dwarf actual damages awarded, any meritorious discrimination claim can represent a large
liability for the employer.8

1.2.4

Standard of Causation

Employment discrimination cases are difficult to prove.9 There is rarely any direct evidence
that an adverse employment action was the result of discrimination. Furthermore, employers
may have multiple motives that led to the adverse employment action, some of which might
be legitimate while others of which might be discriminatory. Recognizing the difficulty
facing plaintiffs, the courts and legislature established procedures and standards to be used
when evaluating discrimination claims.
Employment discrimination cases arising under federal laws are most commonly analyzed using the McDonnell Douglas burden-shifting framework. Under this framework, a
plaintiff must first establish a prima facie case of discrimination — generally, this involves
establishing that (1) they are a member of a protected class; (2) they suffered an adverse
employment action; (3) they met the employer’s legitimate expectations at the time of the
adverse action; and (4) they were treated differently than similarly situated employees who
are not members of the protected class. Once the plaintiff establishes a prima facie case of
8 See,

for example, Sherwyn and Heise (2010), Riggan (2014) and Ballentine (2017).

9 For

example, Selmi (2001) shows that plaintiffs succeed in only 18% of employment discrimination cases
tried before a judge. In contrast, plaintiffs succeed in 43% of insurance cases and 42% of personal injury cases
tried before a judge. See also Clermont and Schwab (2004).
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discrimination, the burden shifts to the employer to provide a non-discriminatory reason
for the adverse employment action. In the final stage, the plaintiff has the ultimate burden
of proving intentional discrimination by establishing that either (1) the legitimate reason
given by the employer was only a pretext for discrimination (in single-motive cases); or (2)
the plaintiff’s protected class was a motivating factor in the adverse employment action.10
This formulation is known as the “motivating factor" causation standard.
The majority of states have adopted the same standard of causation for evaluating claims
made under their specific anti-discrimination laws, often explicitly applying the federal
court’s interpretation of Title VII to their own related laws. See Figure 1.2. However, a
few states have instead adopted a more demanding standard know as the “determinative
influence" standard. This standard requires the plaintiff to persuade the court that the
adverse employment action would not have occurred but-for their protected class.11 This is
viewed by legal scholars and employment lawyers as a significantly higher burden for the
plaintiff to bear (Isaac, 2013; Crane, 2018).
Daugherty v. City of Maryland Heights. For over twenty years, Missouri courts
clearly followed the procedures and standards established in federal courts when litigating
discrimination claims brought under the MHRA. However, the Missouri Supreme Court
established a new “contributing factor" standard in Daugherty v.City of Maryland Heights.
The court’s opinion, issued on August 7, 2007, noted that “Missouri’s discrimination
safeguards under the MHRA... are not identical to the federal standards and can offer greater
discrimination protection." They further emphasized that the MHRA defined discrimination
to include “any unfair treatment" based on a protected class, and that “[n]othing in this
statutory language of the MHRA requires a plaintiff to prove that discrimination was
10 The

mixed motives theory of discrimination in federal law is the direct result of the Civil Rights Act of
1991, which amended the Civil Rights Act of 1964 to establish that, for cases filed under Title VII, “an unlawful
employment practice is established when it is shown that a discriminatory basis was a motivating factor, even
though other factors also motivated the practice."
11 Even under the motivating factor standard, a plaintiff’s remedies may be limited if they cannot establish
but-for causation (e.g., they will not receive back pay if the employer can persuade the court that the plaintiff
would have been terminated regardless of his or her protected class).
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Figure 1.2: Causation Standard Applied to Status-Based Claims Under State Anti-Discrimination Laws
January 2007

Notes: Status-based discrimination encompasses discrimination on the basis of race, color, religion, sex, and
national origin (i.e., the classes protected under Title VII of the Civil Rights Act). Koai (2019) discusses the
relevant causation standard for a number of states. For the remaining states, I infer the relevant causation
standard from state court opinions in recent discrimination cases. States do not often amend the causation
standard they apply to discrimination cases; however, Virginia’s state legislature passed sweeping reforms in
2020 targeting employment discrimination that, among other things, modified the causation standard applied
to discrimination cases from determinative influence to motivating factor. Alabama, Georgia, and Mississippi
do not have general state-level anti-discrimination statutes (National Conference of State Legislatures, 2015).
Source: Koai (2019) and author’s interpretation of state court opinions

a substantial or determining factor in an employment decision; if consideration of age,
disability, or other protected characteristics contributed to the unfair treatment, that is
sufficient."12 Based on this review of the specific language of the MHRA, the Supreme
Court concluded that for a plaintiff to prevail on a discrimination claim filed under the
MHRA they need only prove that their protected class contributed — at all — to the adverse
employment action.
Senate Bill 43. Employers, unhappy with the new standard applied to discrimination
cases, vigorously lobbied for legislation that would abrogate the contributing factor test.
12 Daugherty

v. City of Maryland Heights, 231 S.W.3d 814 (Mo. 2007)
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Between 2007 and 2016, seventeen different bills were introduced in Missouri’s General
Assembly with the intention of restoring the motivating factor standard.13 When Senate Bill
43 was introduced by Senator Gary Romine during the 2017 Legislative Session, however,
there was a key difference: Democratic Governor Jay Nixon — who had vetoed multiple
bills that would have eliminated the contributing factor standard14 — had been replaced by
pro-business Republican Governor Eric Greitens.15 SB43 proposed three substantive changes
to the MHRA. First, it increased the burden of proof required to succeed on a discrimination
claim from contributing factor to determinative influence.16 It also established caps on
actual and punitive damages recoverable by plaintiffs. The caps were set on a sliding scale,
from $50,000 for small employers to $500,000 for the largest employers,17 Finally, it modified
the definition of employer to explicitly exclude individuals from liability.
Numerous pro-business groups supported the bill, including the National Federation of
Independent Business, the Missouri Retailers Association, the Missouri Grocers Association,
the Associated Industries of Missouri, and the Missouri Chamber of Commerce and Industry.
They heralded it as “end[ing] a decade-long period where Missouri was one of the easiest
places in the nation to sue a company and win" (Ballentine, 2017) and claimed that it would
bring Missouri’s law in line with federal law and law in the majority of other states.18
13 See

Burch (2012). Bills included HB1858, HB2460 (2008), HB227 (2009), SB852 (2010), HB205, SB188 (2011),
HB1219, SB592 (2012), HB320, SB353 (2013), HB1930, SB703, SB757 (2014), HB1019, SB36 (2015), SB745, SB916
(2016).
14 Mullins-Freeman
15 Missouri

(2017); Blank (2012); and Hancock (2011)

Chamber of Commerce and Industry (2016)

16 Specifically,

the bill included the following definitions: “‘Because’ or ‘because of’, as it relates to the adverse
decision or action, the protected criterion was the motivating factor" and “‘The motivating factor’, the employee’s
protected classification actually played a role in the adverse action or decision and had a determinative influence
on the adverse decision or action."
17 The cap does not apply to amounts awarded for back pay or reasonable attorney’s fees which, as noted
above, can be much larger than the damages awarded in discrimination cases.
18 As introduced, this was true: “‘because’ or ‘because of’, as it relates to a decision or action" was originally
defined as “the protected criterion was a motivating factor." See Figure 1.2 for a map of states that applied the
motivating factor standard in discrimination cases. However, the version of the bill that was enacted instead
defined “‘because’ or ‘because of’, as it relates to a decision or action" as “the protected criterion was the
motivating factor" (emphasis added) and went on to define “the motivating factor" as “the employee’s protected
classification actually played a role in the adverse action or decision and had a determinative influence on the
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Opponents of the bill included the Missouri State NAACP, the Missouri National Education
Association, the Mid-Missouri Civil Liberties Association, ACLU Missouri, and the National
Employment Lawyers Association. They argued that it actually created a higher standard of
proof than federal law and, if enacted, would make Missouri one of the most difficult states
in which to succeed on a discrimination claim.
Governor Greitens signed SB43 into law on June 30, 2017, effective August 28, 2017. In
reponse, the NAACP took the unusual step of issuing a travel advisory for the state
of Missouri, citing SB 43 as one of the primary reasons: “SB 43 legalizes individual
discrimination and harassment in Missouri and would prevent individuals from protecting
themselves from discrimination, harassment, and retaliation in Missouri." The controversy
surrounding the bill garnered attention from local and national media, including the New
York Times, CNN, and NBC.19 SB43 also got the attention of the U.S. Department of Housing
and Urban Development (HUD), which sent multiple letters to the MCHR warning that, with
the proposed amendments, the MHRA would no longer provide substantially equivalent
protections as those guaranteed under federal law and as a result, Missouri would lose
over $400,000 annually in funding provided through the Fair Housing Assistance Program.
Internal records showed that officials at the Missouri Department of Labor and Industrial
Relations anticipated losing an additional $800,000 annually from the EEOC.20
These events — the 2007 ruling on Daugherty and the 2017 passage of SB43 — thus define
three separate regimes in Missouri: a motivating factor regime that lasted until August
2007; a contributing factor regime from August 2007 until August 2017; and a determinative
influence regime starting in September 2017. In the remainder of this paper, I provide
evidence of the effect these regime changes had on employment opportunities in Missouri,
particularly for blacks.
adverse decision or action" (emphasis added).
19 Vora

(2017); Sanchez (2017); Ortiz (2017)

20 Peters

(2017); Committee on Legislative Research: Oversight Division (2017)
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1.3

Data

This paper combines three main data sources to provide a detailed picture of how changes
to the causation standard applied in discrimination cases impacted Missouri workers. First,
I use a unique dataset from Missouri’s Case.Net online portal to establish a link between the
causation standard in force and discrimination case filings and outcomes. Next, I use data
from the Quarterly Workforce Indicators (QWI) to study the direct impact on employment.
Finally, I use proprietary job posting data from Burning Glass Technologies to identify
a possible mechanism contributing to the observed employment effect. In the following
subsections, I describe the primary data elements used from each source.

1.3.1

Missouri Case.Net Data

Missouri Case.Net provides public access to the Missouri state courts’ automated case
management system, pulling together information entered by judicial staff in the court
system’s computer database.21 Using the Case.Net web portal, I identified the universe of
roughly 1.4 million civil cases filed in Missouri circuit courts between 2016 and 2019. For
each case, I observe the filing date, the case type, the name and year of birth of the plaintiff,
the names of all defendants, the judge initially assigned to the case and the judge assigned
at disposition, the manner and date of disposition, and all associated docket entries. For
cases in which a judgment is entered by the court, for instance a jury verdict, I also have
access to the full text of the judgment. This generally indicates which party succeeded in
the case as well as the amount of any damages awarded, if any.
Despite the richness of this data, it has several notable shortcomings. Most importantly,
it does not include the date on which the alleged discriminatory action took place; this
prevents me from pinpointing which causation standard applies to each case. In lieu of this,
I discuss general trends over time, using the conditions for receiving a Notice of Right to
Sue and overall statute of limitations (described in Section 1.2.3 above) to highlight the time
21 Information

is only available for cases that have been deemed public under the Missouri Revised Statutes.
This excludes, sfor instance, juvenile court records, trade secret information, and mental health evaluations.
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period over which cases under the new regime would start to appear. The data similarly
lacks other information that would commonly be found in the initial complaint, including
the specific type of discrimination alleged. Finally, the data does not include information on
the terms of settlement agreements, which are generally confidential.
Each case is assigned one of over 200 possible case types. The most common case types in
the data include overdue accounts, tax claims, rent and possession or other landlord claims,
child support claims, dissolution of marriage cases, and personal injury cases. Employment
discrimination cases, identified as cases with case type equal to “CC Employmnt Discrmntn
213.111," account for 0.2% of cases. This is consistent with the number of right-to-sue letters
issued by the MCHR and also with previous work finding that employment discrimination
cases represent only a small fraction of civil cases on the federal docket (Clermont and
Schwab, 2009).

1.3.2

Quarterly Workforce Indicators

The QWI is a publicly-available database that provides local labor market statistics based on
linked employer-employee microdata from the Longitudinal Employer-Household Dynamics
(LEHD). The LEHD in turn merges earnings and employment data at the worker-firm level
from state unemployment insurance systems with firm characteristics from the Quarterly
Census of Employment and Earnings and worker demographics from the Census, Social
Security records, and individual tax returns. Using these rich administrative datasets, the
LEHD covers over 95% of private-sector jobs in the US. Thanks to the underlying worker
and firm microdata, QWI data is available by industry, worker demographics (e.g., race, sex,
age), and firm characteristics (e.g., age, size).
The primary unit of analysis in the QWI is a job, which is defined as a worker-firm
pair with positive earnings in a given quarter. The QWI links individuals’ jobs across time
to build full employment histories. Workers can have multiple jobs in the same quarter;
for instance, a worker might have a primary job and a secondary job, or a worker might
hold one job at the beginning of the quarter and then hold a different job at the end of the
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Figure 1.3: Selected Measures of Individual Employment and Turnover in the QWI

Measures
Beginning-of-Quarter Employment (Emp)
Count of Jobs (Flow Employment) (EmpTotal)
Hires All (HirA)
Separations (Sep)

-2

-1

t

1

2

X
X

Notes: This figure reproduces, in part, figures found in “Quarterly Workforce Indicators 101" (2019).
Each employment measure counts the number of jobs (employee-firm pairs) in a given quarter with a
history matching the pattern described in that row. Green shading indicates quarters in which the job
must exist, i.e., generate positive earnings. Yellow shading with an ‘X’ indicates quarters in which the
job must not exist, i.e. the employee must have received no earnings from that firm in that quarter.
For example, beginning-of-quarter employment in quarter t counts the number of jobs that existed in
quarters t and t − 1. Hires All in quarter t counts the number of jobs that existed in quarter t and did
not exist in quarter t − 1.
Source: “Quarterly Workforce Indicators 101" (2019)

quarter.
In this project, I study the effect of anti-discrimination law on both employment and
turnover using data from the 2020Q4 release of the QWI for Missouri and its eight neighboring states.22 I consider jobs held by workers in these states from the first quarter of 2000
until the last quarter of 2019.23
Figure 1.3 summarizes the measures of individual-level employment and turnover that I
use to construct my outcomes of interest. My employment results use beginning-of-quarter
employment for blacks and whites, Empt,r for r ∈ { B, W }, which is a point-in-time measure
that counts the number of worker-firm combinations that appear with positive earnings
in both quarter t and quarter t − 1. The QWI also provides two important measures of
turnover: the number of jobs that begin in quarter t (i.e. the number of hires, HirAt,r ) and
the number of jobs that end in quarter t (i.e. the number of separations, Sept,r ). Hires in
quarter t are measured as the number of worker-firm pairs that exist in t but not in t − 1,
while separations are measured as the number of worker-firm pairs that exist in t but not in
22 Arkansas,

Iowa, Illinois, Kansas, Kentucky, Nebraska, Oklahoma, and Tennessee

23 The availability of data before the federal-state partnership underlying the LEHD was established in 2003
varies significantly by state. The earliest data available for Arkansas is from the third quarter of 2002, and the
earliest data available for Kentucky is from the first quarter of 2001. Furthermore, data for Arkansas is not
available after the second quarter of 2018.
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t + 1. I convert the number of separations into a rate by dividing by the total number of
jobs in the quarter: SepRt,r = Sept,r /EmpTotalt,r . This rate captures the share of jobs held
by workers of race r in quarter t that ended in that quarter.24

1.3.3

Burning Glass Technologies NOVA

Burning Glass Technologies (BGT) is a leading provider of labor market data and analytics.
Its NOVA data product provides information on millions of job listings collected by web
crawlers from over 45,000 job boards and corporate sites. The information is updated daily,
checked for duplication (fully 8 out of 10 job listings collected is identified as a duplicate),
and then parsed into over 70 individual data elements. Among the fields extracted from
each job listing are employer name, employer location, job title, minimum education and
experience requirements, skill requirements, and salary information. Certain fields, like
employer name, job title, and skill requirements, are standardized in the data to improve
categorization. In addition to fields extracted directly from the job listings, BGT provides an
array of derived variables relevant to labor market analysis. These variables include the job
posting date, identified as the first date the job listing was spidered, as well as occupation
and industry classifications.25
My analysis uses data on approximately 2.5 million job listings posted between January
2010 and December 2018 by employers in Missouri and its neighboring states. This likely
represents a large majority of all jobs advertised during this time frame: research suggests
that between 60% and 70% of all jobs were listed online in 2013, and around 85% are listed
online today.26 Using data on the individual job postings, I calculate three ratios to capture
24 The denominator, EmpTotal , measures the total number of worker-firm pairs with positive earnings in the
t
reference quarter. This measure is always higher than Empt : it includes very short-term jobs (i.e. jobs that begin
and end in the same quarter) as well as multiple jobs for individuals who are transitioning between jobs during
the quarter. While this may not be desirable when analyzing overall employment trends, I use it here to allow
for a clean interpretation of the separation rate.
25 BGT provides standard classifications, like NAICS and O*Net, as well as their own classifications based on
real-time analysis of job postings.
26 Jobs at small businesses and lower-income, lower-skilled jobs are less likely to be posted online, see
Carnevale, Jayasundera, and Repnikov (2014).
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Figure 1.4: Employment Discrimination Cases Filed in Missouri Circuit Court, by Filing Month

Notes: This figure plots the number of employment discrimination cases filed each month in
Missouri’s 46 circuit courts. Employment discrimination cases are identified in the Missouri Case.Net
data as cases with Case Type equal to “CC Employmnt Discrmntn 213.111."
Source: Missouri Case.Net data, 2016-2019.

employers’ demand for education: the share of job postings with any education requirement,
the share of job postings requiring at least a high school education but not requiring a
bachelor’s degree, and the share of job postings that require at least a bachelor’s degree.

1.4

Discrimination Cases Before and After SB43

Before turning to my empirical analysis of employment outcomes and job advertisements, I
first briefly present descriptive evidence that the amendments made to the MHRA under
SB43 led to significant benefits for defendants in discrimination lawsuits. Given a reasonable
expectation of these benefits, employers might rationally modify their decision-making
processes for employees in protected classes.
Number of Cases. Figure 1.4 provides an initial look at the number of employment
discrimination cases filed in Missouri circuit courts during each month between January
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2016 and December 2019. Several important features stand out. First, nearly 300 cases were
filed in August 2017, the month in which SB43 took effect.27 This is over three times the
average number that were filed in the preceding six months and over four times as many
as were filed in August 2016. The figure also suggests (1) that the number of employment
discrimination cases filed was well above normal levels starting in May 2017, the month
in which SB43 was passed by Missouri’s General Assembly; (2) that there was a persistent
decrease in the number of employment discrimination cases filed each month after SB43
went into effect; and (3) that this decrease was largest in the months immediately following
SB43.
I formalize these observations with some simple regressions presented in Table 1.1.
All regressions exclude cases filed in August 2017 and include month-of-year fixed effects
to control for seasonality (case filings typically peak in June/July and again in November/December). Column (1) shows that the average number of cases filed each month
fell by nearly a third after SB43 went into effect. As shown in column (2), however, cases
rose by over 50% between May and July 2017, before peaking in August. Case filings then
fell sharply for several months, to just over half of the pre-SB43 level, before rebounding
and stabilizing at about 85% of the pre-SB43 level. Column (3) shows the results from a
difference-in-difference regression comparing the number of discrimination cases filed each
month to the number of other tort cases filed each month.28 Because of level differences in
the number of cases filed between the two types, my dependent variable in this regression
is the log of the number of cases. The point estimates from this regression show similar
percent changes as presented in column (2).
27 This is slightly surprising, since the modifications made to the MHRA by SB43 only apply to cases in
which the alleged discriminatory action occurred on or after August 28, 2017. However, it was not initially clear
how the effective date was going to be interpreted; there was some chance that, if the courts determined the
changes were procedural rather than substantive, they would apply to any cases filed after the effective date.
This issue was quickly resolved by the courts, which released revised jury instructions in May 2018 that made
clear that SB43 only applied to cases in which the action at issue occurred on or after August 28, 2017.
28 These

are primarily personal injury and property damage cases.
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Table 1.1: Effect on Employment Discrimination Case Filings

Cases Filed
(1)

log(Cases Filed)
(2)

(3)

Pre-SB43 (May 17 - Jul 17)

34.274∗∗∗
(6.516)

0.343∗∗∗
(0.035)

Post-SB43 (Sep 17 - Feb 18)

−27.211∗∗∗
(4.098)

−0.475∗∗∗
(0.028)

Post-SB43 (Mar 18 - Dec 19)

−9.755∗∗∗
(3.228)

−0.148∗∗∗
(0.006)

60.492∗∗∗
(7.053)

59.991∗∗∗
(4.861)

4.087∗∗∗
(0.024)

X

X

X
X

47
0.426

47
0.732

94
0.998

Post-SB43

Constant

Month-of-Year Fixed Effects
Case Type Fixed Effects
Observations
Adjusted R2

−19.484∗∗∗
(4.130)

Notes: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.1. Coefficients in columns (1) and (2) show the effect of SB43
on the number of employment discrimination cases filed in Missouri circuit courts, estimated
by simple OLS regressions of case counts on treatment indicator variables and month-of-year
fixed effects. Coefficients in column (3) present coefficients from a difference-in-differences
model, using the personal injury cases (another common tort claim) as the control group. The
dependent variable in column (3) is the natural log of the number of cases filed. All regressions
exclude data from August 2017. Standard errors are heteroskedasticity-robust.
Source: Missouri Case.Net data, 2016-2019
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Individuals as Defendants. Employment discrimination cases often name multiple defendants. As shown in Figure 1.5a, from early 2016 until mid 2018, employment discrimination
cases filed in Missouri’s circuit courts named an average of 2.6 defendants. Defendants can
be businesses or individuals; as shown in Figure 1.5b, over 60% of cases filed during this
time named at least one individual defendant.29 Individual liability, while not common,30
can provide additional avenues of recourse for victims of discrimination and can encourage
otherwise hesitant plaintiffs to sue. As discussed in Goldberg (1994), individual liability
increases a plaintiff’s expected monetary benefit from suing because, unlike compensatory
damages, punitive damages are calculated on a per-defendant basis and thus are generally
increasing in the number of defendants found liable. Individual liability also allows victims
of discrimination to receive “personal justice," by directly punishing offending individuals
for their actions. (Worth, 2007)
After SB43, however, individual defendants are no longer liable for discrimination under
the MHRA. According to testimony provided during house hearings, supporters of the
bill argued that employer liability is sufficient to deter and compensate for discrimination.
(House Special Committee on Litigation Reform, 2017) This argument maintains that
employers have an incentive to discipline individuals who discriminate because the employer
is liable under the law, and this threat of employer discipline will in turn prevent individuals
from discriminating even without any direct personal liability. The effect of removing
individual liability under the MHRA is evident in Figures 1.5a and 1.5b. As an increasing
share of cases filed were subject to the amended MHRA,31 the average number of defendants
named in each case fell by nearly 50%. This change was overwhelmingly due to a reduction
29 I identified individual defendants as defendants that appeared in the form “[word], [word]”, unless the
second word was “LLC", “INC", etc.
30 As discussed in Worth (2007), federal statues such as Title VII and the ADEA do not provide for individual
liability of supervisors and coworkers. Only a few states allow claims to be filed against individuals in addition
to employers (Scott, 2018).
31 Since

a case must be open with the MCHR for at least 180 days before a claimant can request a notice of
right to sue, all cases filed before February 24, 2018 were necessarily subject to the unamended MHRA. The
statute of limitations requires that charges of discrimination be filed in court within two years of the alleged
discriminatory action, so by August 28, 2019 virtually all cases filed should be subject to the amended MHRA.
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Figure 1.5: Defendants in Employment Discrimination Cases, by Filing Date
(a) Average Number of Named Defendants

(b) At Least One Individual Defendant

Notes: Sub-figure (a) plots the average number of entities named as defendants in employment discrimination cases filed in Missouri’s circuit courts between 2016 and 2019, as
reported in the Missouri Case.Net data. This is decomposed into the average number of
individuals and the average number of firms named as defendants. Each named defendant
in the data is classified as an individual or firm based on the defendant name: if the
defendant name is of the form “[Word 1], [Word 2]" it is considered to be an individual
defendant unless [Word 2] is “Inc" or “LLC". Any defendant that is not classified as an
individual is classified as a firm. Averages are taken over all cases filed within a given
half-year (January-June or July-December). Sub-figure (b) plots the share of cases filed in
each half-year that named at least one individual as a defendant, using the same definitions
as above.
Source: Missouri Case.Net data, 2016-2019.
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in the average number of individual defendants named: while the average number of
businesses named decreased only slightly, from 1.46 in early 2018 to 1.26 in late 2019, the
average number of individuals named fell from 1.22 to 0.12, and the share of cases that
named at least one individual as a defendant fell from 0.62 to 0.09.
Removal to Federal Court. In addition to increasing plaintiffs’ potential monetary
benefits and feelings of justice, individual liability has another practical effect: it reduces
the likelihood that a case will be removed to federal court under diversity jurisdiction.32,33
Federal courts are particularly unfriendly to plaintiffs in employment discrimination cases:
as discussed in Selmi (2001) and Clermont and Schwab (2009), plaintiff success rates in
federal court are much lower for employment discrimination cases than for other tort cases.
Furthermore, federal judges are more likely to dismiss cases or grant summary judgment in
favor of the defendants than state judges (Christensen, 2017; Koppel, 2009).
Figure 1.6 shows the share of employment discrimination cases that were removed
to federal court by filing date. Cases filed under the un-amended MHRA were removed
to federal court approximately 12% of the time. By the end of 2019, however, a fifth
of employment discrimination cases were removed to federal court. This trend primarily
follows from the decrease in the share of cases that named individual defendants: throughout
the time period for which data is available, cases that did not name an individual defendant
were twice as likely to be removed as cases that did name an individual defendant.
Case Disposition. For cases that remain in state court, I observe whether the case
ultimately settles, is dismissed by the court, or goes to trial.34 As shown in Figure 1.7(a),
32 In

order for a case to be removed from state court to federal court, all plaintiffs must be of different
citizenship than all defendants (Cafferty, 2019). Reducing the number of defendants makes this much more
likely to be true, particularly for large companies incorporated outside of Missouri.
33 Paul

(2017)

34 Following

Clermont and Schwab (2004) and a review of associated docket entries, I group detailed
dispositions into these three categories. Settled cases are those with a method of disposition equal to “Dismissed
by Parties," “Structured Settlement," “Consent Judgment," or “Uncontested." Cases that were dismissed by
the court are those with a method of disposition equal to “Dismiss by Ct w/ Prejudice," “Dismiss by Ct
w/o Prejudice," or “Default Judgment." Tried cases are those with a method of disposition equal to “Tried by
Court-Civil" or “Jury Verdict - Civil." Approximately 4.6% of cases have another disposition type, including
“Change of Venue", “Case Consol into Another Case", and “Bankruptcy Stay." Ongoing cases are identified as

23

Figure 1.6: Share of Employment Discrimination Cases Filed in Missouri Circuit Court that were Removed to
Federal Court, by Filing Date

Notes: This figure graphs the share of employment discrimination cases filed in Missouri’s
circuit courts that were subsequently removed to federal court, as reported in the Missouri
Case.Net data. These cases appear in the data with the Disposition field equal to “Removed
to Fed Court."
Source: Missouri Case.Net data, 2016-2019.

it typically takes more than a year to resolve a case. Among cases filed in the first half of
2016, the earliest period for which I have data, the median time to settlement is 450 days,
with nearly a quarter of cases taking more than two years to settle. Time to dismissal is
similar, with a median time of 447 days. Trials take significantly longer, with a median time
to disposition of over two years. Given the typical length of time to disposition, a large
share of cases filed in 2018 and 2019 are still ongoing.35 (See Figure 1.7(b).) Thus, I will
focus on disposition at intermediate points in time rather than the ultimate case disposition.
Figure 1.8 shows the share of cases that were settled, dismissed, and tried over time. Six
hundred days after filing, approximately 40% of cases had settled, 14% had been dismissed,
those with a method of disposition equal to “Not Disposed."
35 The COVID-19 pandemic and associated court closures further complicate comparing the disposition of
cases early and late in my data.
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Figure 1.7: Disposition of Employment Discrimination Cases

Notes: Panel (a) summarizes the length of time between filing and disposition for employment discrimination
cases filed in Missouri’s circuit courts during the first half of 2016, as reported in the Missouri Case.Net data.
Time to disposition is computed as the difference between the disposition date and the filing date. For each
disposition type, the figure plots the median time to disposition. The boxes extend from the first to the third
quartiles of the distribution, while the lines extend up to 1.5 times the interquartile range on either side. Any
outliers outside this range are represented as individual points. Panel (b) summarizes the method of disposition
for employment discrimination cases filed in Missouri’s circuit courts that were not removed to federal court.
Following Clermont and Schwab (2004), detailed disposition types are grouped into four categories: removed to
federal court (method of disposition equals “Removed to Fed Court"); settled (method of disposition equals
“Dismissed by Parties," “Structured Settlement," “Consent Judgment," or “Uncontested"); dismissed by court
(method of disposition equals “Dismiss by Ct w/ Prejudice," “Dismiss by Ct w/o Prejudice," or “Default
Judgment"); or trial (method of disposition equals “Tried by Court-Civil" or “Jury Verdict-Civil"); ongoing cases
have method of disposition equal to “Not Disposed." A small number of cases (less than 5%) appear in the data
with other disposition methods; these cases are excluded from this figure.
Source: Missouri Case.Net data, 2016.
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Figure 1.8: Cumulative Hazard Function, by Disposition Type

Notes: This figure plots the cumulative hazard function for employment discrimination cases filed in Missouri’s
circuit courts by disposition type and filing date, using the Missouri Case.Net data. Following Clermont and
Schwab (2004), detailed disposition types are grouped into four categories: removed to federal court (method
of disposition equals “Removed to Fed Court"); settled (method of disposition equals “Dismissed by Parties,"
“Structured Settlement," “Consent Judgment," or “Uncontested"); dismissed by court (method of disposition
equals “Dismiss by Ct w/ Prejudice," “Dismiss by Ct w/o Prejudice," or “Default Judgment"); or trial (method
of disposition equals “Tried by Court-Civil" or “Jury Verdict-Civil"); ongoing cases have method of disposition
equal to “Not Disposed." A small number of cases (less than 5%) appear in the data with other disposition
methods; these cases are excluded from this figure. This figure also excludes cases filed on or after July 1,
2019 the latest date for which disposition 600 days after filing is available for all cases. The panel labeled
“Ongoing" graphs the share of cases that are ongoing x days after filing, while the remaining three panels
graph the share of cases that have been disposed of by a particular method (settlement, dismissal, or trial)
within x days after filing.
Source: Missouri Case.Net data, 2016-2019.
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and 1% had been tried in court. To look for an effect of SB43 on case disposition, I compare
outcomes for cases filed before SB43 (January 2016 - April 2017), in the run-up to SB43 going
into effect (May 2017 - August 2017), immediately after it went into effect (September 2017 April 2018), and after discrimination case filings reached their new average level (May 2018 December 2019). Cases filed during all four time periods settled at approximately the same
rate and speed. Cases filed in the latest time period are slightly less likely to be dismissed
600 days after filing than cases filed earlier; however, it is difficult to know how much of this
difference is the result of SB43 and how much is the result of COVID-related court delays.
Interestingly, the data suggests that cases filed in the latest time period are more likely to
have been tried within 600 days of filing than earlier cases, despite COVID-related court
closures.
Plaintiff Awards. The trends in settled cases and cases that went to trial discussed above
could benefit the defendant, plaintiff, or neither depending on the settlement terms and
findings made during trial. Unfortunately, settlements are generally confidential, precluding
any systematic analysis (Schwab and Meise, 2011; Sherwyn and Heise, 2010). However,
data on the prevailing party and award amounts are available for the large majority (87%)
of cases that went to trial. Table 1.2 summarizes the outcomes of 63 trials for which data
are available. Overall, the court found in favor of the plaintiff in 40% of cases, increasing
from 35% for cases filed between January 2016 and April 2017 to 44% for cases filed after
May 2018. Median awards to plaintiffs fell from $350,000 to $180,000. Furthermore, all
five multi-million dollar awards occurred before SB43 went into effect. These are precisely
the awards that the damages caps in SB43 were designed to moderate. Finally, the data
on attorneys’ fees awarded to plaintiffs show that they are a significant potential expense
for defendants, averaging nearly $350,000 and exceeding damages in almost 50% of cases.
To the extent that court-awarded damages are a plaintiff’s threat point during settlement
negotiations, smaller damages awards would be expected to tilt settlement terms in favor of
employers.
These observations point toward several mechanisms by which SB43 reduced the ex-
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Table 1.2: Trial Outcomes and Awards to Plaintiffs

Compensatory + Punitive Damages
Filing Date

Attorney’s Fees

Total Cases

Finding for
Plaintiff (%)

Mean

Median

N > $1M

Mean

34
13
6
9

35.29
46.15
50.00
44.44

$3,151,884
$920,659
$185,633
$300,064

$345,500
$419,500
$156,900
$180,128

3
2
0
0

$336,060
$516,359
$339,021
$175,036

Jan 16 - Apr 17
May 17 - Aug 17
Sep 17 - Apr 18
May 18 - Dec 19

Notes: This table presents summary statistics describing the outcomes of sixty-two employment discrimination cases that were tried
in Missouri’s circuit court before February 2021 for which the text of the judgment was available through the Missouri Case.Net web
portal. Data on the prevailing party, damages, and attorney’s fees are extracted from the text of the judgment.
Source: Missouri Case.Net data, 2016-2019

pected cost to employers of employing members of protected classes. First, the data shows
a pronounced decrease in discrimination cases filed after SB43 took effect. This suggests
that the unconditional probability of being sued under the MHRA fell. Among cases filed,
the share of cases that were removed to federal court increased after SB43, which provides
some evidence that the probability of being found liable under the MHRA conditional on
being sued also fell. Finally, a review of awards made to plaintiffs at trial illustrates the
importance of the damages caps imposed by SB43: average and median damages fell, and
multimillion dollar awards were eliminated, reducing the cost to employers conditional on
being found liable.36

1.5

Empirical Strategy

The analyses presented in the remainder of this paper rely on a difference-in-differences
(DD) design in which I compare employment outcomes and advertised job characteristics
in counties on either side of the Missouri border. Business located in counties on the
Missouri side of the border were “treated" by the judicial interpretation in Daugherty and its
subsequent reversal under SB43, while businesses located in counties just outside Missouri
were not. As discussed in Dube, Lester, and Reich (2010) and Allegretto, Dube, and Reich
(2011), border-county DD designs control for spatial heterogeneity in local economic and
36 To

the extent that employers bear the cost of legal counsel for their employees sued in their personal
capacity, the elimination of individual liability also reduces the cost to employers. (Goldberg, 1994)
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labor market conditions that could otherwise bias estimated effects. In this section, I describe
my sample of Missouri border counties and neighboring border counties. I then discuss my
estimating equations.

1.5.1

The Border Counties

Missouri has 115 counties in total, 47 of which fall along its border. Each of Missouri’s
border counties is adjacent to an average of 2 out-of-state counties. Over two-thirds of
Missouri’s population, and over 90% of its black population, resides in a border county.
Thus, looking at border counties is particularly important for considering the effect of the
regime changes on black workers.
Columns (1) - (3) of Table 1.3 compare the demographics of residents on either side of the
Missouri border. Notably, counties on the Missouri side of the border are more diverse than
their out-of-state counterparts. Only 78% of Missouri border county residents are white,
compared to 84% of neighboring border county residents. The Missouri border counties
have relatively more black residents than their neighboring counterparts, and relatively
fewer Hispanic residents. On both sides of the border, white residents are more educated
than black residents on average, with a larger percentage of white residents holding a
bachelor’s degree or higher and a smaller percentage of white residents having earned less
than a high school diploma. These differences are constant throughout the time period I am
studying, and thus do not bias the results I estimate in the following sections.
Columns (4) - (6) place the border counties in the larger context of Missouri and its
neighboring states. Relative to the state overall, Missouri’s border counties are more diverse
and better educated — for both whites and blacks. In contrast, comparing counties that
border Missouri to the overall populations of their respective states, these counties are less
diverse and, for whites, less educated. These differences primarily reflect the locations
of major cities within the states: Missouri’s two largest cities, Kansas City and St. Louis,
are on its border while the largest cities in Missouri’s neighboring states, such as Chicago,
Nashville, and Des Moines, are not on the Missouri border.
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Table 1.3: Demographic Characteristics of Missouri and Neighboring States

Border Counties

Number of Counties
Total Population

MO
(1)

Other
(2)

47
4,040,981

55
2,662,952

51.43
38.31

50.72
38.29

78.02
15.59
2.10
4.36

All Counties
p-value
(3)

MO
(4)

Other
(5)

p-value
(6)

115
6,045,448

766
38,434,548

0.00
0.98

50.97
38.33

50.79
37.66

0.14
0.07

83.96
8.99
2.06
6.81

0.03
0.01
0.87
0.01

82.63
11.52
1.77
3.86

78.77
11.39
2.85
9.98

0.01
0.91
0.00
0.00

8.89
29.51
29.79
31.81

8.37
30.27
31.32
30.04

0.56
0.66
0.02
0.51

10.25
31.93
29.66
28.15

9.66
30.91
30.13
29.30

0.25
0.18
0.25
0.34

15.65
31.03
36.19
17.12

15.21
31.03
36.27
17.49

0.73
1.00
0.94
0.79

16.08
31.27
35.62
17.03

15.76
31.73
34.14
18.37

0.54
0.43
0.00
0.02

57,417
32,906

56,441
31,044

0.72
0.47

52,567
32,659

55,643
32,813

0.02
0.89

65.50
63.91

63.05
59.34

0.03
0.01

63.40
62.77

63.30
61.09

0.87
0.06

5.99
15.96

6.01
15.90

0.95
0.94

6.43
15.89

6.44
16.55

0.98
0.23

16.39
11.18
9.51
9.44
7.73

14.20
11.65
8.32
11.22
9.74

0.01
0.42
0.02
0.20
0.00

16.73
11.57
9.25
9.91
8.68

14.14
11.40
8.52
11.77
9.46

0.00
0.40
0.00
0.01
0.03

Panel A: Demographic Characteristics
Female, %
Median Age (years)
Population by Race, %
White (Not Hispanic)
Black
Asian
Hispanic
Educational Attainment, White (%)
Less than high school diploma
High-school graduate
Some college or associate’s degree
Bachelor’s degree or higher
Educational Attainment, Black (%)
Less than high school diploma
High-school graduate
Some college or associate’s degree
Bachelor’s degree or higher
Median Household Income, 2015 $
White
Black
Panel B: Employment Measures
Labor Force Participation Rate
White
Black
Unemployment Rate
White
Black
Share of Jobs, Selected Industry (%)
Educational Services
Manufacturing
Accommodation and Food Services
Retail Trade
Health Care

Notes: p-values are from regressions of the variable of interest, measured at the county level, on an indicator variable that equals 1 if the
county is in Missouri and 0 otherwise. Observations are weighted by population. Educational attainment is observed for the population
aged 25 and over. Selected industries are the five industries with the most employment in Missouri’s border counties in the first quarter of
2015.
Source: American Community Survey 5-Year Estimates, 2015; Quarterly Workforce Indicators, 2015.
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1.5.2

Estimating Equations

My baseline model for employment outcomes takes the form
ycpq = β CF [ MOc × CFq ] + β DI [ MOc × DIq ] + δc + φ pq + ε cpq

(1.1)

where ycpq denotes an outcome of interest for workers in county c and quarter q. The p
subscripts denote contiguous-county pairs and are included to indicate that counties may
appear multiple times in the data, once for each pair to which they belong. MOc is an
indicator variable that equals 1 if county c is located in Missouri and CFq and DIq are
indicator variables that equal 1 if quarter q falls during the contributing factor regime and
determinative influence regime, respectively. Thus the coefficients β CF and β DI capture
the effect of the contributing factor and determinative influence regimes on employment
outcomes relative to outcomes during the earlier motivating factor regime. The δc are
county-level fixed effects. Finally, the φ pq term allows for county-pair-specific time effects.
The coefficients of interest, β CF and β DI , are then estimated only using variation within each
border county pair. As in Dube, Lester, and Reich (2010), border counties are repeated for all
pairs they are part of. Repeating counties in multiple pairs creates a mechanical correlation
among residuals across border county pairs; to account for this, I cluster my standard errors
at the county level.
In addition to my baseline results, I also present the results of dynamic models of the
form
ycpq =

∑ βt × 1[t = q] MOc + δc + φpq + ε cpq

(1.2)

The coefficients β t capture the effect of the regime in force in quarter t; this effect is
normalized to 0 in 2017 Q3, the first quarter of the “determinative influence" regime.
I first present the results from estimating Equations 1.1 and 1.2 separately by race r. I
then compare results across races using a triple-differences model of the form
B
0
0
0
0
0
− yW
ycpq
cpq = β CF [ MOc × CFq ] + β DI [ MOc × DIq ] + δc + φ pq + ε cpq

(1.3)

B − yW represents the difference in outcome y between blacks and white in county
where ycpq
cpq
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c during quarter q. As discussed in Olden and Møen (2020), the triple difference estimator
can be equivalently written as difference-in-differences of ratios. The coefficients β0CF and
β0DI then capture the effect of the different regimes on blacks relative to whites.
My baseline model for job posting characteristics takes the same form as Equation 1.1
above. My outcomes of interest for this analysis are the shares of job postings that specify
different minimum levels of education. These regressions are weighted by the total number
of job postings in each county-quarter cell. As an alternative, I also estimate linear probability
models at the individual job posting level. This specification allows me to control for detailed
characteristics of each job. I model whether job j requires a given education level as
D jcpq = β DI [ MOc × DIq ] + δcr + φrpq + πX j + εrjcpq

(1.4)

where D jcpq equals one if job j requires education level D and X j is a vector of individual
job characteristics including industry and occupation. Due to the limited time horizon of
the BGT data, I am only able to estimate the effect on job advertisements of switching from
the contributing factor regime to the determinative influence regime.

1.6

Employment Results

In this section, I provide evidence that black employment in Missouri fell under the contributing factor regime. Employment changes reflect the net effect of hiring and separation
decisions; I show that the employment effect I identify is primarily mediated by changes
along the hiring margin.
Table 1.4 presents the results of my baseline model, estimated separately by race. Column
(1) reports the outcome from a regression of the natural log of black employment in a countyquarter cell on regime-specific indicator variables. The point estimates indicate that black
employment in Missouri fell by 10% under the contributing factor regime before rebounding
to previous levels after SB43 took effect. As shown in column 2, white employment in
Missouri stayed relatively constant over the same time period. The triple difference estimates
formalizes the comparison between black and white employment by estimating Equation 1.3.
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Table 1.4: Effect of Regime Changes on Employment and Turnover, by Race
ln(Emp)

ln(Hires)

Sep. Rate

Black
(1)

White
(2)

Black
(3)

White
(4)

Black
(5)

White
(6)

-0.108∗∗∗
(0.029)

-0.006
(0.006)

-0.085∗∗∗
(0.036)

0.005
(0.012)

0.001
(0.002)

0.003
(0.001)

Determinative Influence

-0.045
(0.063)

-0.003
(0.014)

-0.068
(0.077)

0.010
(0.023)

-0.003
(0.004)

0.002
(0.002)

Observations
Adjusted R2

15,738
0.990

16,078
0.998

15,138
0.974

16,056
0.992

14,898
0.838

16,086
0.929

Difference-in-Differences Estimates
Contributing Factor

Triple Difference Estimates (B-W)
-0.101∗∗∗
(0.027)

-0.074∗∗
(0.034)

-0.002
(0.002)

Determinative Influence

-0.037
(0.057)

-0.036
(0.078)

-0.004
(0.004)

Observations
Adjusted R2

15,738
0.972

15,138
0.913

14,898
(0.743

Contributing Factor

Notes: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01. Standard errors are clustered by county. This table presents estimates
of the effect of regime changes on employment and turnover in Missouri. Coefficients are estimated by
regressing employment measures on indicator variables that equals one for observations (counties or jobs) in
Missouri during the contributing factor or determinative influence regime (2007Q3-2017Q2 and 2017Q3-2019Q4,
respectively). All regressions also include county-level fixed effects and county-pair-by-quarter fixed effects.
Observations in columns (5)-(6) are weighted by the total number of jobs in each county-quarter cell.
Source: Quarterly Workforce Indicators for Missouri and neighboring states, 2000-2019.

This shows that, compared to whites, black employment fell by 10% under the contributing
factor standard.
The change in employment identified in columns (1) and (2) represents the net effect
of changes in hiring and firing. In columns (3), (4), (5), and (6), I look at these effects
separately. Column (3) shows that black hires fell by over 8 percent under the contributing
factor standard. White hiring, as reported in column (4), did not change. Overall, the tripledifferences model indicates that hiring of blacks fell by 7.4% relative to whites. Looking
instead at the separation rates, shown in columns (5) and (6), I find no significant changes
for either blacks or whites.
Figure 1.9 shows the dynamics of these effects by plotting the β t coefficients from
estimating the dynamic form of the model shown in Equation 1.2 above. All coefficients
shown are relative to 2017 Q3 which is normalized to 0. There is a large, discontinuous drop
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Figure 1.9: Effect of Regime Changes on Employment Outcomes, by Race

Notes: This figure plots coefficients estimated by regressing the natural log of employment (Panel A), the
natural log of hires (Panel B), and the separation rate (separations divided by total jobs, Panel C) on a full
set of quarterly treatment indicator variables. The coefficient corresponding to 2017Q3 is normalized to zero.
Regressions are estimated separately for blacks and whites. All regressions also include county fixed effects
and county-pair-by-time fixed effects. In Panel C, observations are weighted by the number of jobs in the
county-quarter. Standard errors are clustered by county. Colored shading represents 95% confidence intervals
around the coefficient estimates. Light gray shading denotes the “contributing factor" regime in Missouri.
Dark gray shading denotes the Great Recession, as defined by the NBER.
Source: Quarterly Workforce Indicators for Missouri and neighboring states, 2000-2019.
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in black employment that occurs immediately after the Daugherty decision and persists until
SB43 takes effect (see Figure 1.9(a)). This same pattern is repeated in Figure 1.9(b), which
plots the effect on black hiring over time. Figure 1.9(c), in contrast, shows no such effect.

1.7

Education and Racial Bias in Job Advertisements

The results discussed in Section 1.6 show that black employment in Missouri fell by approximately 10% between 2007 and 2017, when anti-discrimination laws were particularly
plaintiff-friendly, and that this was in large part the result of fewer blacks being hired
during this time. In this section, I present evidence that fewer blacks were hired under the
contributing factor regime in part because they were screened out of jobs from the very
beginning via education requirements in job postings. This mechanism is consistent with
Oyer and Schaefer (2004), which states that “businesses have tilted their hiring of protected
workers toward those with track records because they present less litigation risk than their
more sparsely credentialed counterparts."
A growing literature provides evidence that potential job applicants respond to the
qualifications listed in job advertisements (Gaucher, Friesen, and Kay, 2011; Snyder, 2016;
Wille and Derous, 2017; Abraham and Stein, 2019) and that the language in job advertisements can reflect discriminatory preferences of employers (Burn et al., 2019). Advertised
qualifications, then, are powerful screening tools, especially when a qualification is satisfied
by a larger share of one group of potential applicants than another. The prevalence of
education qualifications, in particular, often puts black applicants at a disadvantage (Blair
et al., 2020; Blair and Ahmed, 2020). In 2018, 37% of non-Hispanic whites in the US had
a bachelor’s degree or higher, compared to only 22% of blacks. At the same time, 26% of
online job postings asked for a bachelor’s degree or higher, up from 16% in 2007. High-wage
industries in particular increasingly look for job applicants with bachelor’s degrees: among
industries with median wages greater than $55,000, the share of job postings requiring at
least a bachelor’s degree grew from 25% to 42%. In comparison, it only grew from 14%
to 18% among job postings in low-wage industries. Black workers are concentrated in
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Figure 1.10: Correlations Between Bachelor’s Degree Requirements in Job Postings and the Racial
Distribution of New Hires

Notes: This figure plots the share of job postings in a given industry-year that ask for a Bachelor’s degree
requirement against the share of new hires in that industry-year that are black. Point size corresponds to total
employment in the industry-year; color varies by industry.
Source: Burning Glass Technologies data, 2000-2018; Quarterly Workforce Indicators, 2010-2018.

low-wage industries, where they make up approximately 14% of the workforce compared
to 9% of the workforce in high-wage industries. As shown in Figure 1.10, there is a striking
correlation between the share of job postings that require a bachelor’s degree or higher and
the share of new hires that are black. This relationship is particularly strong within industry:
for every 10 percentage point increase in the share of job postings requiring a bachelor’s
degree or higher, the share of new hires who are black falls by 2.9 percentage points.

1.7.1

Results on Education Requirements in Job Advertisements

Table 1.5 documents clear differences in the education requirements in job advertisements
before and after SB43. Column 1 regresses the share of job advertisements in a countyquarter cell that specify a minimum education requirement on an indicator variable that
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Table 1.5: Effect of Regime Changes on Education Requirements in Job Postings
Baseline Model

MO × DI

Linear Probability Model

Any Degree

HS Diploma

BA Degree

Any Degree

HS Diploma

BA Degree

(1)

(2)

(3)

(4)

(5)

(6)

−0.076∗∗∗

−0.042∗∗∗

−0.035∗∗∗

−0.050∗∗∗

−0.031∗∗∗
(0.004)

−0.019∗∗∗
(0.005)

X
X

X
X

X
X

5,396,881
0.527

5,396,881
0.398

5,396,881
0.679

(0.006)

(0.004)

(0.005)

Firm Sector Fixed Effects
Occupation Family Fixed Effects
Observations
Adjusted R2

5,881
0.832

5,881
0.692

5,881
0.905

(0.007)

Notes: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.1. Standard errors are clustered by county. This table presents estimates of the effect of SB43,
which moved Missouri from a contributing factor regime to a determinative influence regime, on the prevalence of education
requirements in job postings. Coefficients are estimated by regressing the share of job postings that require a given level of
education on an indicator variable that equals one for observations (counties or jobs) in Missouri during the determinative
influence regime (2017Q3-2019Q4). All regressions also include county-level fixed effects and county-pair-by-quarter fixed
effects. Regressions in columns (4)-(6) further control for the sector of the firm posting the job and the occupation family
of the job, as classified by BGT. Observations in columns (1)-(3) are weighted by the total number of job postings in each
county-quarter cell.
Sources: Burning Glass Technologies data for Missouri and neighboring states, 2010-2018.

equals one for observations in Missouri after SB43 went into effect and 0 otherwise. The
point estimates indicate that the share of job advertisements that list a minimum education
level fell by 7.6 percentage points in Missouri border counties after SB43 went into effect from
a baseline level of 51.9%. Columns (2) and (3) demonstrate that the effect shown in column
(1) is the result of a reduction in both high school degree requirements and bachelor’s
degree requirements. As shown in column (2), after SB43 the share of job advertisements
that asked for a high school diploma or associate’s degree fell by 4.2 percentage points in
treated counties from a baseline of 24.7%. Similarly, the share of job advertisements that
asked for a bachelor’s degree fell by 3.5 percentage points from a baseline of 27.1%.
It is possible that the effects shown in columns (1) - (3) instead represent a shift in
the distribution of job advertisements towards sectors or occupations that are less likely
to specify education requirements. To allow for this, I use the linear probability model
from Equation 1.4 above. The results from these regressions are shown in columns (4) - (5).
After controlling for characteristics of individual job advertisements, I find slightly smaller,
though still highly significant, impacts of SB43 on the probability of observing minimum
education requirements.
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Figure 1.11 investigates the dynamics of these effects. It plots the β q coefficients from
estimating models of the form shown in Equation 1.2 above. All coefficients shown are
relative to β 2017Q2 , which is normalized to 0. These results feature a striking decrease in the
share of job advertisements that include minimum education requirements that is concurrent
to SB43 taking effect. These event-study results are also useful for evaluating the validity
of the parallel trends assumption that underlies my estimates. The coefficient estimates
throughout the pre-period are generally small and insignificant, consistent with the parallel
trends assumption holding.
Effect of Education Requirements on Employment. Given that black workers are less
likely than white workers to hold bachelor’s degrees, the effect identified above might
mechanically reduce employment of black workers if it disproportionately removes them
from the applicant pool. I therefore re-estimate Equation 1.1 above, including controls
for the share of job postings that required a bachelor’s degree or higher and the share
of job postings with no specified education requirement. The coefficient on MOC × DIq
then identifies the effect of SB43 that is not driven by changes in advertised education
requirements. The results of these regressions are displayed in Table 1.6. Columns (1) and
(2) report the coefficients from my baseline model, re-estimated using only data from 20102018 (the time period for which job advertisement data is available). The results in columns
(3) and (4) add controls for the prevalence of education requirements in job postings. The
point estimates indicate that, holding the share of job advertisements with no education
requirement, increasing the share that ask for a bachelor’s degree decreases employment
for both black and white workers; this effect is over 4 times as large for black workers as
for white workers. Increasing the share of jobs that don’t list any education requirement
(while holding constant the share of jobs that require a bachelor’s degree) also decreases
employment for blacks and whites, again with blacks experiencing a sharper effect.37 After
controlling for these relationships, there is no remaining statistically significant effect of
37 It is worth pointing out that “no education requirement listed" is not the same as “high school diploma not
needed."
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Figure 1.11: Effect of Regime Changes on Employment Outcomes, by Race

Notes: This figure plots coefficients estimated by regressing the share of job postings in a county-quarter cell
that list different levels of education requirements on a full set of quarterly treatment indicator variables, as
well as county fixed effects and county-pair-by-time fixed effects. The coefficient corresponding to 2017Q2 is
normalized to zero. Observations are weighted by the number of jobs in the county-quarter. Standard errors
are clustered by county. Colored shading represents 95% confidence intervals around the coefficient estimates.
Dashed gray line denotes the shift from the contributing factor regime to the determinative influence regime.
Source: Burning Glass Technologies data for Missouri and neighboring states, 2010-2018.
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Table 1.6: Effect of Education Requirements in Job Postings on Employment

MO × DI

Black

White

Black

White

(1)

(2)

(3)

(4)

0.066∗∗∗

0.005
(0.007)

−0.001
(0.014)

−0.001
(0.004)

−0.188∗∗∗
(0.045)

−0.044∗∗∗
(0.014)

0.132∗∗∗
(0.041)

0.040∗∗∗
(0.011)

7,301
0.997

7,373
0.998

(0.033)

% BA Requirement
% Any Ed Requirement

Observations
Adjusted R2

7,301
0.996

7,372
0.999

Notes: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.1. Standard errors are clustered by county. This table
presents estimates of the effect of SB43, which moved Missouri from a contributing
factor regime to a determinative influence regime, on employment after controlling for
the prevalence of education requirements in job postings. Coefficients are estimated by
regressing the natural log of employment on an indicator variable that equals one for
observations (counties or jobs) in Missouri during the determinative influence regime
(2017Q3-2019Q4) and, in columns (3) and (4), the share of job postings that ask for different
levels of education. All regressions also include county-level fixed effects and county-pairby-quarter fixed effects. Observations are weighted by the total number of jobs in each
county-quarter cell.
Sources: Burning Glass Technologies data for Missouri and neighboring states, 2010-2018;
Quarterly Workforce Indicators for Missouri and neighboring states, 2010-2018.

SB43 on employment for either blacks or whites. This suggests that the overall effect of SB43
on black employment is primarily the result of changes in the education requirements listed
in job advertisements.

1.7.2

Results on Racial Bias

These results indicate that employers inflated the education credentials asked for in job
advertisements under the contributing factor regime, and this policy reduced black employment. Despite being race-neutral on its face, degree inflation has a disparate impact on
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workers with lower credentialing rates, such as black workers.38 It is therefore worth asking
whether the decision to use such a policy is neutral or whether there is evidence of racial
bias in which employers implement it. To answer this question, I test for treatment effect
heterogeneity along two dimensions. First, I look at whether SB43 had a greater impact
in counties with above-median measures of racial animus. I also look for treatment effect
heterogeneity across industries based on their susceptibility to discrimination claims.
Racial Animus. It is difficult to accurately measure levels of racial animus: in surveys,
individuals often answer questions to conceal socially-unacceptable attitudes (Kuklinski,
Cobb, and Gilens, 1997; Ong and Weiss, 2000; Tourangeau and Yan, 2007). I therefore use
an alternative metric to identify high-animus counties: the difference between an area’s
support for Barack Obama in the 2008 presidential election and John Kerry in the 2004
presidential election. This measure is intended to describe an area’s preference for a black
candidate relative to a white candidate. As shown by Stephens-Davidowitz (2014), it is
highly correlated with an area’s racially-charged Google search rate, which the paper argues
provides a relatively unbiased view of prevailing attitudes in a region. In addition to
overcoming the self-censoring that can plague survey questions, the relative preference for
Obama is available at the county level whereas General Social Survey data (used by Mas
and Moretti (2009)) is only available at the state level and the racially-charged search rate
calculated by Stephens-Davidowitz is only available at the media-market level.39
Denoting counties that were less supportive of Obama relative to Kerry than the average
Missouri border county as “high-animus", I compare responses to SB43 in low- versus
high-animus counties.40 To do this, I interact my treatment variable with an indicator
38 Disparate impact is itself recognized as a form of discrimination, tracing back to Griggs v. Duke Power Co.
(1971). At issue in this case was whether firms could use high school diplomas as a prerequisite for promotion
to high-paying jobs. At the time, 55% of white men held a high school diploma, compared to only 30% of
black men. In the Supreme Court’s decision in favor of the plaintiffs, Chief Justice Burger noted “[t]he facts of
this case demonstrate the inadequacy of broad and general testing devices, as well as the infirmity of using
diplomas or degrees as fixed measures of capability." See NAACP Legal Defense and Educational Fund (2021).
39 Data

on county-level returns for presidential elections comes from the MIT Election Data and Science Lab.

40 Nationally, support for Obama in 2008 exceeded support for Kerry in 2004 by 4.8 percentage points.
Missouri’s border counties were less supportive of Obama, with his support exceeding support for Kerry by
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Table 1.7: Effect of Regime Changes on Education Requirements in Job Postings, High-Animus vs. Low-Animus
Counties

Any Degree

HS Diploma

BA Degree

(1)

(2)

(3)

MO × Determinative Influence

−0.059∗∗∗

−0.048∗∗∗
(0.006)

−0.011
(0.008)

MO × Determinative Influence × High Animus

−0.023∗∗∗
(0.008)

0.009
(0.006)

−0.032∗∗∗
(0.005)

268,750
0.113

268,750
0.045

268,750
0.112

(0.008)

Observations
Adjusted R2

Notes: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.1. Standard errors are clustered by county. This table presents estimates of the
effect of SB43, which moved Missouri from a contributing factor regime to a determinative influence regime, on the
prevalence of education requirements in job postings in high- and low-animosity counties. Coefficients are estimated
by regressing the share of job postings that require a given level of education on an indicator variable that equals
one for observations (counties or jobs) in Missouri during the determinative influence regime (2017Q3-2019Q4),
interacted with an indicator variable identifying high animosity counties. I define a county to be high animosity if
the difference between the share of voters who cast ballots for Barack Obama in 2008 and John Kerry in 2004 is less
than 3.2 percentage points, the median difference across the Missouri border counties. All regressions also include
county-level fixed effects and county-pair-by-quarter fixed effects. Observations are weighted by the total number of
job postings in each county-quarter cell.
Sources: Burning Glass Technologies data for Missouri and neighboring states, 2010-2018; County Presidential
Election Returns, 2004 and 2008.

variable for being high-animus:
ycpq = β[ MOc × DIq ] + β0 [ MOc × DIq × Hc ] + δc + φ pq + ε cpq

(1.5)

These results are presented in Table 1.7. As shown in column (1), the share of job postings
that specified a minimum level of education fell by 5.9 percentage points; however, in
high-animus counties they fell by an additional 2.3 percentage points. The point results in
column (2), however, indicate that there is no statistically significant difference in the share
of job postings that asked for a high school diploma. Instead, as shown in column (3), the
share of job postings that required a bachelor’s degree fell by an additional 3 percentage
points in high-animus counties. Thus, while both high- and low-animus counties reduced
only 3.2 percentage points, on average.
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the share of job postings that asked for a high school diploma, the share of job postings that
asked for a bachelor’s degree fell primarily in high-animus counties.
Discrimination Claims. Industries vary in their susceptibility to employment discrimination litigation (Epstein, 1992; Oyer and Schaefer, 2002), with industries that are more
susceptible to litigation hiring relatively fewer protected workers in equilibrium (Ayes and
Siegelman, 1996). Because highly-susceptible industries are more exposed to the potential
costs of discrimination litigation, they have a strong incentive to reduce hiring of protected
workers. Evidence that these industries also modified their job advertisements more than
other industries is suggestive of degree-inflation policies being targeted to reduce black
employment.
Following Oyer and Schaefer (2002), I use the propensity of black workers to file
discrimination claims with the Equal Employment Opportunity Commission (EEOC) as a
proxy for an industry’s susceptibility to discrimination litigation. This measure is derived
using data on individual claims filed with the EEOC between 2011 and 2017.41 For each
industry, I calculate the average number of claims filed annually that allege race-based
discrimination by black workers. I then divide the number of claims by the total number
of jobs held by black workers in each industry in 2010 Q1 according to the QWI. I use
a similar method to calculate the propensity of black workers to file EEOC claims with
“merit."42 Looking at merit claims allows me to identify industries with more discrimination,
rather than industries that have more claims filed conditional on the amount of underlying
discrimination (Dahl and Knepper, 2020). For example, industries with more educated
workers might have more claims filed simply because educated workers have better access
to the legal system (Oyer and Schaefer, 2002). I interact these claim rates with my treatment
41 My

EEOC data lists all claims associated with each complaint, the basis for each claim (e.g., race, sex, or
age), the type of alleged discriminatory action (e.g., hiring, termination, wages), the employer’s 2-digit NAICS
industry code, the employer’s size range, the complainant’s gender and race, and details on the resolution of
the claim.
42 The EEOC considers a claim to have merit if it resulted in a settlement, withdrawal with benefits, or a
reasonable cause finding.
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Table 1.8: Effect of Regime Changes on Education Requirements in Job Postings, by Industry Susceptibility to
Discrimination Litigation
Total Charge Rate
Any Degree

HS Diploma

Merit Charge Rate
BA Degree

Any Degree

HS Diploma

BA Degree

(1)

(2)

(3)

(4)

(5)

(6)

MO × DI

−0.029∗∗
(0.012)

−0.033∗∗∗
(0.005)

0.004
(0.010)

−0.031∗∗
(0.013)

−0.045∗∗∗
(0.008)

0.014
(0.013)

MO × DI × Charge Rate

−0.002∗
(0.001)

0.001
(0.001)

−0.003∗∗
(0.001)

−0.018
(0.014)

0.023∗∗
(0.012)

−0.041∗∗
(0.018)

Observations
Adjusted R2

231,606
0.477

231,606
0.257

231,606
0.380

231,606
0.477

231,606
0.257

231,606
0.380

Notes: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.1. Standard errors are clustered by county. This table presents estimates of the
effect of SB43, which moved Missouri from a contributing factor regime to a determinative influence regime, on the
prevalence of education requirements in job postings in industries that are more or less susceptible to discrimination
litigation. Coefficients are estimated by regressing the share of job postings that require a given level of education on an
indicator variable that equals one for observations (counties or jobs) in Missouri during the determinative influence
regime (2017Q3-2019Q4), interacted with a measure of industry susceptibility to discrimination litigation. I proxy for an
industry’s susceptibility to discrimination litigation using data on the propensity of black workers to file discrimination
claims with the Equal Employment Opportunity Commission (EEOC). All regressions also include county-level fixed
effects, county-pair-by-quarter fixed effects, and 2-digit industry fixed effects. Observations are weighted by the total
number of job postings in each county-quarter-industry cell.
Sources: Burning Glass Technologies data for Missouri and neighboring states, 2010-2018; U.S. Equal Employment
Opportunities Commission, 2011-2017.

variable:
ycpqi = β[ MOc × DIq ] + β0 [ MOc × DIq × Claimsi ] + δc + φ pq + γi + ε cpqi

(1.6)

Table 1.8 summarizes the results from these regressions. In columns (1) - (3), treatment
is interacted with the total charge rate, i.e. total race-related charges brought against the
EEOC divided by the total number of jobs held by black workers in the industry. As shown
in column (1), industries with 1 additional charge per 10,000 black workers per year reduced
the share of job postings that specified a minimum level of education by an additional 1.68
percentage points. This heterogeneity, however, is completely driven by heterogeneity in
the effect on bachelor’s degrees: column (2) shows that, while the share of job postings that
asked for a high school diploma fell across the board, the effect on high school diploma
requirements did not vary by the propensity of black workers to file claims with the EEOC.
On the other hand, column (3) shows that the share of job advertisements that ask for a
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bachelor’s degree or higher falls by 2.1 percentage points for each 1-unit increase in the
charge rate. The effect is similar, but stronger, when I interact treatment with the merit
charge rate instead (see columns (4)-(6)).

1.8

Conclusion

Based on the number of claims filed with the EEOC, racial discrimination is an ongoing
problem in the workplace today. It is therefore imperative to understand the role that
anti-discrimination laws — the primary tool available to deter discrimination — play in
encouraging equitable consideration and treatment of all workers. In this paper, I provide
evidence that attempts to use these legislative tools to address discrimination can have
unintended consequences. Specifically, I find that when the standard of causation applied to
Missouri’s anti-discrimination law is more favorable for plaintiffs, black employment in the
state falls. I decompose this effect to show that black workers account for a smaller share
of new hires under plaintiff-favoring regimes, while the separation rate for black workers
remains stable.
When the legal climate favors plaintiffs in discrimination lawsuits, employers anticipate
that they may face litigation-related expenses if they hire black workers and subsequently
need to discipline, demote, or dismiss them. Even race-neutral employers might therefore
be more selective about who they hire during these times. My analysis of job advertisements
posted under the contributing factor and determinative influence regimes finds evidence
consistent with this theory: under the plaintiff-friendly contributing factor regime, the share
of job advertisements that specified a minimum education level was 7.6 percentage points, or
15%, higher than under the defendant-friendly determinative influence regime. Furthermore,
the share of job advertisements that required a bachelor’s degree in particular was also 15%
higher under the contributing factor regime. Because black workers are significantly less
likely to hold bachelor’s degrees than white workers, degree inflation like this can present a
considerable barrier to employment, even if the policy is race-neutral on its face. However,
the data suggests that the degree inflation that occurred during the contributing factor
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regime might not have been race-neutral, as it was concentrated in areas with above-average
measures of racial animus.
Taken together, these analyses provide compelling evidence that employers are less
willing to take a chance on protected workers without credentials when they face higher
expected costs from discrimination litigation and that the screening measures they implement — namely searching for candidates with bachelor’s degrees — reduce employment
of black workers. From a policy perspective, my results highlight the importance of reducing discrimination in the hiring process, where it is often difficult to detect and therefore
rarely brought before the EEOC and other relevant agencies. It also supports the idea that
bachelor’s degree requirements, like high-school diploma requirements in the 1960s and
1970s, have a disparate impact on black workers and thus could fall under the umbrella of
employment tests prohibited by Griggs v. Duke Power Co.
Future work is needed to explore how these policy changes impact employment for
members of other protected classes. To the extent that other classes (e.g. sex or age) divide
workers into groups that are similar in terms of degree attainment (e.g. women today earn as
many if not slightly more bachelor’s degrees than men) or have have other qualifications that
might compensate for a lack of degree (i.e., older workers, who have a lower probability of
holding a bachelor’s degree, may be able to instead show that they have extensive experience
which would make them appear less risky to an employer), less-favored groups within those
classes might not experience the same negative employment outcomes I identified for black
workers.
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Chapter 2

What’s In A Name?
The Signaling Value of a University Education

2.1

Introduction

While a large literature in economics has established that earnings are positively correlated
with school quality, there is still much debate about whether this correlation exists because
school quality impacts students’ human capital formation or because school quality functions
as a signal to employers about students’ unobservable ability. Several recent studies have
provided evidence of the signaling mechanism by comparing the outcomes of students
with similar ability levels who attended different quality schools. These papers tend to
equate “quality" with average SAT scores or published rankings and assume that employers
have perfect information about the relative quality of different schools. However, we know
little about how employers, as opposed to researchers, assign quality signals to different
schools. A recent survey of over 700 hiring managers conducted by the Chronicle for
Higher Education and American Public Media’s Marketplace indicates that employers rely
heavily on name recognition and that students from schools unknown to the respondent
are at a disadvantage (“The Role of Higher Education in Career Development: Employer
Perceptions", 2012). This casts doubt on the probability that employers can accurately rank
two arbitrary schools according to conventional metrics. Is Colorado College ranked higher
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or lower than Fordham University? Do students at Elon University have higher or lower
average SAT scores than students at Ursinus College?1 Faced with incomplete information
about the quality of schools their job applicants attend, how do employers infer school
quality and, in turn, expected employee productivity?
In this paper, I explore the idea that employers use the name of a prospective employee’s
alma mater to form expectations of their productivity. First, I present anecdotal and
correlational evidence of the relationship between school name and measures of quality.
Universities have lower average admissions rates and higher average math SAT scores than
colleges. I also find that university students earn more on average than college students,
even after controlling for a variety of factors like major choice, SAT scores, completion rates,
and student demographics. Recent surveys have also demonstrated that, when asked what
the best college or university is in the country, virtually all responses were universities.
I provide empirical evidence that employers use school name as a signal of ability in
the context of a recent policy that changed the names of a set of schools without affecting
their underlying quality. On July 28, 2010, Massachusetts House Bill 4864 (H.4864) created a
new State University system out of the existing State College system and renamed six state
colleges accordingly. For example, Bridgewater State College was renamed Bridgewater
State University. Crucially, it included no provisions that would directly improve the affected
schools’ ability to endow their students with human capital: it did not increase state funding,
create new programs of study, or otherwise change the way that schools were instructing
their students. By looking at the effect on earnings of students who were already enrolled at
the time of the policy change, this unique setting allows me to identify the signaling effect
of quality while explicitly holding constant all factors of the education production function
and student sorting.
I identify the effect of the policy using a difference-in-differences model that compares
the average earnings of students who attended treated schools and students who attended
1 According to Barron’s Profiles of American Colleges (2009), Colorado College is a Tier II (highly competitive
plus) school while Fordham University is a Tier III (highly competitive). Students at Elon University and
Ursinus College have math SAT scores between 560 and 660.
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similar schools, before and after the name change. Using aggregate earnings data from
College Scorecard on over three hundred thousand students who first enrolled in college
between 1996 and 2008, I show that the name change increased average earnings for students
at the treated schools by over $1,500 per year, or approximately 4% of average earnings at
the comparison schools during the period following the name change. The size of the effect
(in dollars) is roughly equal at various points in the earnings distribution and is comparable
to the average national difference between the earnings of college and university graduates.
As I demonstrate, these findings are robust to using different comparison groups.
I take these effects as evidence that employers use the name of the school a student
attended as a signal of his productivity. The validity of my interpretation relies heavily on
the fact that H.4864 was not coupled with any other policy change that affected the ability
of the treated schools to produce human capital. To support this empirically, I use similar
difference-in-differences models to estimate the effect of the name change on a number of
potential inputs to the human capital production function such as instructional expenditures
per student and the student/faculty ratio. I find no effect on these measures, suggesting the
name change was not accompanied by other changes that increased the human capital of
students at the treated schools. I therefore argue that this result is inconsistent with a model
in which differences in average wages across schools are driven by differences in schools’
abilities to produce human capital or differences in student sorting across schools.
This paper contributes to three major literatures in the economics of education. First, it
builds on work studying the effect of college quality on labor market outcomes. Economists
have not reached a consensus: Dale and Krueger (2002, 2014) consistently find no effect
of college quality on earnings while numerous other studies show a positive effect (e.g.
Brewer, Eide, and Ehrenberg, 1999; Lindahl and Regnér, 2005; Black and Smith, 2006; Long,
2008; Saavedra, 2008; Hoekstra, 2009; Long, 2010; Andrews, Li, and Lovenheim, 2016; Anelli,
2020; Chetty et al., 2017a; Canaan and Mouganie, 2018). One of the main challenges in this
literature is overcoming the endogenous sorting of students into schools. Dale and Krueger
address sorting by controlling for the set of schools to which students applied and arguing
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that the remaining variation in where students matriculated is random. Older studies
primarily relied on controlling for as many observable student characteristics as possible.
More recent work measures the effect for students at a particular margin of the ability
distribution as in Hoekstra (2009) and Kozakowski (2019) which look at discontinuities in
admissions criterion to estimate the effect of attending a flagship university and a four-year
public college, respectively. Kozakowski (2019) in particular finds that for low-income and
minority students, attending a four-year public college in Massachusetts increases annual
earnings by $8,000. In contrast to these approaches, my novel empirical setting (1) identifies
the average effect for a wide range of students and (2) randomizes the signal sent by students
after endogenous sorting has already occurred.2
Second, it contributes to the on-going discussion about why education impacts earnings:
is it because education increases productivity by generating human capital (Mincer, 1974) or
is it because it acts as a signal of unobserved ability (Spence, 1973)? Empirical evidence in
favor of one theory or the other is still fairly limited, largely because the predictions of the
two models are so similar and thus there are few natural experiments that can distinguish
them. Work in this space, such as Lang and Kropp (1986), Aryal, Bhuller, and Lange (2019),
and Bedard (2001) has used compulsory schooling laws and expanded access to higher
education to identify a signaling component of education. In contrast, Clark and Martorell
(2014) finds no signaling value to obtaining a high school diploma (relative to a GED).
Another strand of the signaling literature studies the interaction between signaling and
employer learning. For example, Farber and Gibbons (1996), Altonji and Pierret (2001), and
Lange (2007) estimate that experience with an employer resolves uncertainty about worker
ability within a matter of years; they then argue that this limits the relevance of signaling in
explaining wage gaps. Lange and Topel (2006) provides a review and critique of several
related papers.
Finally, this research complements recent work providing evidence that employers use
2 Students may endogenously transfer in or out of schools after the name change occurred; however as I
demonstrate later in the paper, transfer rates appear to be stable over the relevant time period.
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college quality as a signal of unobservable ability. MacLeod et al. (2017) introduce a model
in which employers use college reputation, defined as the mean admission test score of
applicants, as a signal of individual skill when setting wages. They use administrative data
from Colombia to show that the return to reputation decreased following the introduction of
an exit exam, consistent with their model. Hershbein (2013) focuses on the interaction of two
different signals: college selectivity (defined as average SAT score) and individual college
GPA. His model predicts that employers will be less sensitive to GPA when setting wages for
graduates of more selective schools because graduating from a more selective school sends
a stronger signal of ability than graduating from a less selective school. He finds empirical
support for this prediction using survey data on five cohorts who graduated between
the mid-1960s and the mid-2000s. Lang and Siniver (2011) use a regression discontinuity
design to compare students who attended two colleges in Israel, one more selective than
the other. They find that students just above the threshold for admission into the more
selective college initially earn higher wages than students just below the threshold, but that
this gap disappears relatively quickly as employers gain more information about worker
productivity and argue that this is consistent with a framework in which college quality is
used as a signal by employers. Finally, using data on elite colleges in India Sekhri (2020)
finds evidence that higher quality schools boost the earnings of their graduates. The author
proposes two possible mechanisms: signaling or access to superior alumni networks. In
comparison, my paper relies on a more accessible definition of quality that can be readily
assessed by employers. Additionally, my empirical setting allows me to isolate the effect of
school name from potential peer effects, which would be captured in the effects measured
by Hershbein (2013), Lang and Siniver (2011), and Sekhri (2020).
The remainder of this paper proceeds as follows. Section 2.2 presents evidence of the
relationship between between school name and quality. Section 2.3 describes my empirical
setting: the Massachusetts public higher education system and House Bill 4864. Sections 2.4
and 2.5 describes the data I use and my empirical strategy. Section 2.6 presents my results
and addresses potentially confounding responses by students and the institutions themselves.
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Section 2.7 concludes.

2.2

The Relationship Between Name and Quality

Is there a difference between a college and a university? Technically, the answer is ‘yes.’ For
example, the Massachusetts Department of Higher Education has very specific guidelines
establishing which institutions qualify as universities: before a college can apply for university status, it must offer graduate degree programs in at least four different fields (Burns,
2019). Beyond technical distinctions, there are also strong differences in the perceptions of
colleges and universities. According to a partner at higher education research firm Simpson
Scarborough, “‘[t]he associations that people make with a college are very different from
associations they make with a university. When people think of a college, they think of a
small institution with a bucolic campus. When they think of a university, they think big
– lots of resources, lots of majors, expansive facilities, very strong research programs and
lots of graduate programs.’ The connotations are so strong that colleges tend to be less
appealing to prospective students than universities." (McCluskey, 2013)
This difference in perception may be at least partially driven by behavioral biases like
representativeness and stereotypes. For example, according to Barron’s Profile of American
Colleges, 60% of Tier I (Most Competitive) schools are universities. Similarly, when asked
in a recent Gallup poll to name the best college or university in the United States, all but
one of the schools mentioned by at least 1% of respondents are universities - and that one
exception is MIT (Newport, 2003). These facts are consistent with a story in which agents
“forget" that there are many high-quality colleges because the high-quality institutions that
come to mind are all universities. This can lead to exaggerated perceptions of even small
differences in the average quality of colleges and universities (Gennaioli and Shleifer, 2010;
Bordalo et al., 2016).
Using data from the Integrated Postsecondary Education Data System (IPEDS), I find
evidence that, on average, universities are slightly more competitive and admit slightly
higher ability students. They also spend slightly more per student. However, all of these
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differences are small. As shown in Figure 2.1(a), admissions rates at universities are about
3.6 percentage points lower than at colleges, indicating that they are more selective. Their
students also have slightly higher math scores on the SAT than college students, shown in
Figure 2.1(b). The difference, which has been increasing since the late 1990s, still stands at
just 25 points. There is even less of a difference in SAT verbal scores, pictured in Figure 2.1(c),
although they appear to be rising at universities. Finally, Figure 2.1(d) shows that there
are small but persistent differences in instructional expenditures per full-time equivalent
student, with universities spending approximately $1,500 more than colleges.
Differences in earnings between university and college students, on the other hand, are
large and persistent. Figure 2.2 shows an earnings premium for university students of more
than $3,000 relative to college students. Differences in school quality and student population
account for just over half, leaving an earnings premium of $1,300 after controlling for racial
and gender mix, SAT scores, the admission rate, 4- and 6-year graduation rates, and the
distribution of majors.

2.3

Public Higher Education in Massachusetts and House Bill 4864

Massachusetts currently has a three-tier system for public higher education that consists
of fifteen community colleges, nine state universities, and five University of Massachusetts
campuses. Each segment serves a distinct mission within the overall system. The community
colleges are intended to provide open access to associate degree and certificate programs
across the state, with special responsibility for workforce development programs and
developmental or remedial courses. In 2010, they served over 130,000 students. They
are also the most affordable option in the system, with in-state tuition and fees totaling
about $4,500 per year. The state universities are united by their emphasis on teaching
and providing easy access state-wide to bachelor’s and master’s degree programs. Six are
liberal arts and sciences programs, while the other three focus on specific areas (art and
design, liberal arts, and maritime-related fields such as marine engineering and marine
safety). These schools enrolled nearly 50,000 undergraduates and 25,000 graduate students
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Figure 2.1: Measures of School Quality, Colleges and Universities

Notes: This figure shows common average measures of school quality at colleges and
universities over time. Schools are classified as colleges and universities based on their
name; schools with neither word in the name (e.g. institutes) are excluded. Admissions
rates (the share of students who applied to a school and were subsequently admitted) and
SAT scores are reported separately for each enrollment cohort. SAT score percentiles are
computed among the set of students who enrolled, rather than all applicants. Instructional
expenditures are reported by academic year. They are measured in 2016 dollars.
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Figure 2.2: Mean Earnings by Cohort, Colleges and Universities

Notes: This figure plots mean earnings by cohort for students who attended colleges and universities in New
England and the Mid-Atlantic states. Observations are weighted by the number of students in each cohort.
Earnings are measured in 2016 dollars. Cohorts are defined to include two consecutive enrollment cohorts
and are referred to by the anticipated graduation year of the earlier enrollment cohort. Schools are classified
as colleges and universities based on their name; schools with neither word in the name (e.g. institutes) are
excluded.

in 2010, with average in-state tuition and fees of just over $7,000. Finally, the University of
Massachusetts campuses are devoted to providing programs with a special research focus
to enhance knowledge. Together, they enrolled over 50,000 undergraduates and 16,000
graduate students in 2010. They had the highest average in-state tuition and fees in the
system, at over $11,000 per year.
The state university segment was officially created out of the existing state college
segment by House Bill 4864 (H.4864), which was enacted by then-Governor Deval Patrick
on July 28, 2010. The most noticeable effect of the bill was to rename six of the nine state
colleges: Bridgewater State College, Fitchburg State College, Framingham State College,
Salem State College, Westfield State College, and Worcester State College were re-dubbed
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“State Universities."3 Notably, the bill did not create any new programs or degrees,4 nor did
it directly affect the institutions’ funding.5,6
A Brief History of H.4864. The idea to re-designate the state colleges as state universities
was first proposed in House Bill 449 (H.449), which was filed with the Massachusetts state
legislature in early January 2009. It was referred to the Committee on Education later
that month, then to the Committee on Higher Education in May 2009. Concurrently, the
Massachusetts State Senate was considering a nearly-identical bill, Senate Bill 2162 (S.2162),
which was filed in early May 2009. Both H.449 and S.2162 focused on creating a state
university system from the state college system, but instead of changing the names of
the affected institutions they only included a provision that the institutions be allowed to
change their names if desired. These bills were jointly replaced by House Bill 4560 (H.4560)
in March 2010. Importantly, H.4560 was the first piece of legislation to explicitly include
language that would, upon effect, change the names of the six aforementioned institutions.
Finally, on July 8, 2010 H.4560 was replaced with H.4864 which was enacted by both the
House and the Senate on July 19, 2010 before being signed into law by the Governor on July
28, 2010. The bill took effect 90 days later.7
Costs and Benefits. Changing the name of a college is a costly process. In addition
to potentially upsetting alumni and donors to the college and the risk of brand confusion,
3 While the remaining three schools in the segment, Massachusetts College of Liberal Arts, Massachusetts
Maritime Academy, and Massachusetts College of Art and Design, were also reclassified as universities, the bill
did not change their names. According to Mary Grant, who was the president of MCLA from 2002-2014, these
institutions retained their names since they already “reflect[ed] the type of different and unique opportunities
[they] provide [their] students." (Huberdeau, 2010)
4 For

a listing of all new programs added at Massachusetts’ public colleges and universities since the
mid-2000s, see https://www.mass.edu/bhe/lib_programs.asp.
5 While

the name change did not have any direct impact on funding for the state universities, some believed
that the name change would improve the schools’ access to competitive grants. According to Katy Abel, a
spokeswomen for the Massachusetts Department of Higher Education, “[m]any people believe grant applications
from state universities are looked on more favorably, especially those considered by private foundations and
[federal] government agencies... we hope that proves to be the case." (Huberdeau, 2010)
6 The

full text of the bill is available at https://malegislature.gov/Bills/186/H4864.

7 See

https://malegislature.gov/Bills/186/H4864 and https://malegislature.gov/Bills/186/H4560 for a full
time line of the legislative proceess.
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changing the name imposes fixed costs, from changing signs to stationary to websites.
One estimate showed that Worcester State spent over a quarter of a million dollars on
updating signs alone.8 Thus, institutional name changes are only worth undertaking if
the expected benefits are relatively large. Supporters of the bill cited several, including
attracting more students from out of state, retaining more Massachusetts students in state,
and attracting better faculty members. For example, Plymouth State, in neighboring New
Hampshire, experienced a large spike in the number of Massachusetts students it enrolled
following its transition from College to University (Lederman, 2010). Most importantly,
though, numerous education officials stressed that they expected the name change would
improve their students’ outcomes in the increasingly competitive labor market. For instance,
Evan Dobelle, President of Westfield State College from 2007-2013, said “The benefits of a
university designation are very tangible... Our students will see an increase in the value
of their degrees in the market place."9 Katy Abel, a spokesman for the Massachusetts
Department of Higher Education, also cited the potential benefit to students: “There’s
also the advantage for our students who are going into extremely competitive job markets.
While it’s a name change, it can be an added boost for our graduates - the term university
has meaning on a resume."10 An article describing the new Massachusetts State University
System, published in the Massachusetts School Counselors Association newsletter Counselor’s
Notes, similarly stated: “We believe strongly that this change will enhance the value of our
students’ and alumni degrees and help them compete for jobs."11 Despite these claims, to
date there has been no effort to quantify the magnitude of the effect on students’ earnings.
In the next section, I outline the empirical method that I use to fill this gap.
8 McCluskey
9 LaBorde

(2010)

10 Huberdeau
11 “The

(2013)

(2010)

Massachusetts State University System: A Message from the Presidents (Excerpt)" (2011)
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2.4

Data

This paper uses data from the College Scorecard, a federal initiative first released in September 2016 to assist students with the difficult task of selecting a college by providing clear
information on critical metrics such as graduation rates, average student loan debt, and
average earnings. These data are collected by several sources, including the Integrated Postsecondary Education Data System (IPEDS), the Department of the Treasury, and the National
Student Loan Data System, and made available to the public in aggregate form. The database
covers all active IPEDS institutions that receive Title IV aid, excluding administrative units.
Earnings Definition. The Department of the Treasury links data on federally-aided
students to their administrative tax records to construct aggregate measures of earnings. A
snapshot of each student’s earnings is included from the calendar year six years after he
entered school (i.e. for a student who started school in 2004, earnings would be measured
in calendar year 2011). Earnings include all wages and deferred compensation reported on
W-2 forms plus any self-employment earnings reported on Schedule SE. Due to the way
earnings are measured, they are only available for individuals who were employed during
that calendar year. Furthermore, the Department of the Treasury excluded the earnings
of any individuals enrolled in school during that calendar year, identified as individuals
with federal loans in deferment. All earnings measures are converted to 2016 dollars using
the CPI for all urban consumers. In addition to mean earnings, the College Scorecard also
includes the 25th , 50th , and 75th percentiles of the earnings distribution at each school, as
well as means broken down by gender and parental income tercile.
Cohort Definition. Within each school, the College Scorecard pools earnings across
consecutive entry-year cohorts.12 I assign treatment status to these mixed cohorts based
on whether the anticipated completion date of both cohorts is after the name change went
into effect. While other studies commonly assume the anticipated completion date is four
years after entry (i.e. “normal time to completion" for a bachelor’s degree), I use six years to
12 Date

of entry is inferred based on information provided on the FAFSA.
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take into account the fact that at both the treatment and comparison schools, fewer than
half of eventual student-completers have finished their degrees within that time frame. For
ease of exposition going forward, I will refer to each pooled cohort by the earlier of the two
anticipated graduation years; for instance, the “2009 cohort" refers to the cohort of students
anticipated to graduate in 2009 and 2010, who entered school in the fall of 2003 and 2004.
The latest cohort in my sample consists of students who entered school in the fall of 2007
and 2008. Importantly, this means that all of the students included in the earnings data
entered school prior to the name change (in fact, they all entered before the relevant bill had
been introduced to the legislature) and therefore they had no reason to anticipate that the
Massachusetts State Colleges would become universities during their tenure as students.
This is important for establishing that student sorting occurred before treatment.13
The structure of the data introduces two sources of noise into my analysis. First, because
earnings are pooled across cohorts the 2010 cohort includes both treated and untreated
students - I anticipate students who entered school in 2004 would graduate prior to the
name change, while students who entered in 2005 would graduate after the name change.
As noted above, I do not consider this cohort treated for the purposes of my main analysis.
The overall share of this pooled cohort that is still enrolled in school after the name change is
quite small; furthermore, my results are similar when I modify the treatment definition for
this cohort. Second, because students are grouped by entry year rather than graduation year
or exit year my estimates should be interpreted as intent-to-treat effects. This discrepancy
decreases as a larger fraction of students in each subsequent entry cohort is still enrolled in
school at the time of the name change.

2.5

Empirical Strategy and Identification

I implement a difference-in-differences (DD) design in which I compare the six schools
affected by H.4864 (the “treated schools") to a comparison group of schools with similar
13 With

the later cohorts, this may not be true for transfer students; however, as I demonstrate in Section 2.6.3,
transfer rates appear to be stable and thus unlikely to bias my estimates.
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baseline characteristics. I then analyze the effect of the name change on the earnings of over
470,000 students who entered either a comparison or a treatment school between 1996 and
2008. Importantly, all of these students had sorted into their school of choice well before
the name change was even proposed in the state legislature. Thus, the treatment effect
measured in this analysis is not biased by any differences in student sorting among schools
caused by the name change.

2.5.1

Comparison Group Definition

Heterogeneity among schools affects both the composition of the student body and the
amount of human capital students accumulate while enrolled. Furthermore, students
who attend geographically distant schools may face different labor market conditions upon
entering the workforce: recent research has shown that 76% of students in the Northeast want
to stay in the region after completing their education (Robbins, 2018), and the average public
school graduate only moves about 330 miles away from their undergraduate institution
(Sentz et al., 2018).
To take these differences into account, I match the treated schools to observably similar
schools in the Integrated Postsecondary Education Data System (IPEDS). Specifically, I
restrict the set of comparison schools to public institutions in New England and the
Mid-Atlantic states with the same Basic Carnegie Classification (“Masters Colleges and
Universities: Larger Programs") and Undergraduate Instructional Program Classification
(“Balanced arts & sciences/professions, some graduate coexistence") as the treated schools.14
Finally, I exclude Tribal and Historically Black institutions, as well as any institutions that
14 The Carnegie Classification of Institutions of Higher Education uses data from IPEDS and the College Board
to identify groups of roughly comparable institutions. It is currently managed by the Center for Postsecondary
Research at the Indiana University School of Education. “Masters Colleges and Universities: Larger Programs"
generally include schools that grant at least 200 masters degrees but fewer than 20 doctoral degrees each year.
This classification specifically excludes Special Focus Institutions such as seminaries, medical schools, and art
schools. Schools classified as having “balanced arts & sciences/professions, some graduate coexistence" have
bachelor’s degree majors relatively balanced between arts and sciences fields and professional fields (41-59% of
majors in each), with up to half of the fields corresponding to undergraduate majors also offering graduate
programs.
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do not receive Title IV funding.15
In addition to results for my preferred comparison group, I also present results estimated
using alternative comparison groups that relax the restrictions described above. In particular,
I consider comparison groups that (1) relax the restrictions imposed on institutions’ Carnegie
Classifications to include any Masters or Baccalaureate institution with a mix of arts and
sciences and professions, (2) use the Data Feedback Report comparison group selected
by NCES,16 and (3) restrict location based on distance to the nearest treated school. See
Appendix Table A.1 for more details and a full list of the schools included in each comparison
group.

2.5.2

Summary Statistics

Table 2.1 presents summary statistics for treated and comparison schools prior to the
name change. These summary statistics demonstrate that my treatment and comparison
group schools are balanced on important dimensions including selectivity, student body
composition, and graduation rates.
This table shows that the student body composition of the treated and comparison
schools is fairly similar. The comparison schools receive 60% more applications annually
than the treated schools; however, given their statistically indistinguishable admission rates
and yields (the share of applications accepted and the share of accepted students who
enroll), the difference in applications is proportional to the difference in entering class size.
Students entering the treated and comparison schools also have similar average ability levels
as measured by the math and verbal SAT scores. Although the comparison schools are,
on average, larger than the treated schools, they have approximately the same gender and
racial mix and enroll similar shares of in-state students. Comparison schools have slightly
15 Title

IV aid includes Pell Grants, Federal Supplemental Educational Opportunity Grants, direct subsidized,
unsubsidized, and PLUS loans, and federal work study.
16 Each institution in IPEDS is assigned to a comparison group by NCES for the purpose of generating an
annual Data Feedback Report that compares each school with other schools within the same group. NCES
assigns comparison groups using an algorithm that considers, among other factors, institution level and control,
Carnegie classification, and enrollment. Schools may opt to instead select their own custom comparison group.
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4,814
60.67
33.33
455
552
465
555
5,747
58.67
5.50
4.67
92.80
77.17
27.00
50.50
82.67
23.50
61.00

Student Body Composition
Undergraduate enrollment
Women (%)
Black or African American (%)
Hispanic/Latino (%)
In-State Resident (%)

Retention and Graduation Rates
Retention rate for full-time students (%)
Four-year graduation rate (%)
Six-year graduation rate (%)

Student Financial Aid
Any financial aid (%)
Pell grant (%)
Federal loans (%)

81.92
27.56
58.20

79.76
35.16
56.96

7,516
56.92
8.60
7.60
89.11

7,880∗
58.20
35.88
463
556
472
568

25

6

Admissions Selectivity
Number of applications
Admissions rate (%)
Admissions yield (%)
SAT verbal score - 25th percentile
SAT verbal score - 75th percentile
SAT math score - 25th percentile
SAT math score - 75th percentile

Number of Schools

Primary
(2)

Treated
(1)

Table 2.1: Balance Table for Treated and Comparison Schools

82.26
27.16
61.74

77.63
33.18
54.63

7,174
56.79
8.32
6.95
86.75

6,726
60.59
34.38
462
557
469
568

38

Expanded CC
(3)

82.39
27.22
65.89

77.17
30.06
52.11

6,080
55.11
20.50
3.33
85.10

6,346
58.24
38.71
458
545
463
552

18

DFRCG
(4)

81.80
33.00
51.80

78.40
26.70
50.30

7,771
57.60
9.40
13.60
87.08

8,029
57.50
32.60
446
536
455
549

10

<150 miles
(5)

81.14
26.95
56.95

80.38
36.10
57.76

7,860
57.19
8.29
8.62
88.86

8,421∗
57.29
35.00
468
559
477
573

21

<330 miles
(6)

81.84
27.61
56.55

78.84
32.90
55.13

7,756
57.06
8.90
6.65
89.12

7,508
59.06
36.94
462
558
472
572

31

< 660 miles
(7)

Distance to Nearest Treated School

Comparison Group

63

17.67
5,006
1,411

17.32
6,529∗∗∗
2,081

Primary
(2)
16.92
6,574∗∗∗
2,179

Expanded CC
(3)
17.33
6,456∗∗
2,682

DFRCG
(4)
17.20
6,581∗∗
1,530

<150 miles
(5)
17.29
6,566∗∗
2,085

<330 miles
(6)

17.16
6,494∗∗∗
2,254

< 660 miles
(7)

Distance to Nearest Treated School

Comparison Group

Notes: ∗ p<0.05; ∗∗ p<0.01; ∗∗∗ p<0.001. Table 2.1 presents summary statistics as of 2009 for the treated and comparison group schools. Stars indicate
significant differences between the treated schools and the comparison schools. The Primary comparison group (column 2) includes public schools in New
England and Mid-Atlantic states with the same Basic Carnegie Classification (“Masters Colleges and Universities: Larger Programs") and Undergraduate
Instructional Program Classification (“Balanced arts & sciences/professions, some graduate coexistence") as the treated schools. The Expanded CC comparison
group (column 3) is defined in the same way as the primary comparison group but additionally includes schools with similar Basic Carnegie Classifications
(“Masters Colleges and Universities" - any size; “Baccalaureate Colleges" - any fields) and Undergraduate Instructional Program Classifications (“Arts &
sciences plus professions, some graduate coexistence" or “Balanced arts & sciences/professions, some graduate coexistence"). The DFRCG comparison group
(column 4) includes all schools in the same data feedback report comparison group as one of the treated schools, restricted to residential schools in New
England and Mid-Atlantic states. The comparison groups in columns 5-7 are defined in the same way as the primary comparison group, but schools are
restricted based on their geodetic distance to the nearest treatment school (rather than the state in which they are located). Column 5 restricts to schools
within a 150 mile radius of a treated school; this is the median distance moved by a state college graduate. Column 6 restricts to schools within a 330 mile
radius of a treated school; this is the mean distance moved by a state college graduate. Finally, column 7 restricts to schools within a 660 mile radius of a
treated school; this is the mean distance moved by an elite college graduate. See Sentz et al. (2018). See Appendix A.1 for a complete list of all schools in each
comparison group.
Source: College Scorecard (2018).

Institutional Resources
Student/faculty ratio
Instructional expenditures per FTE student
Endowment assets per FTE student

Treated
(1)

Table 2.1: Balance Table for Treated and Comparison Schools (Continued)

higher four-year and six-year graduation rates than treated schools, although these differences are not statistically significant. They also have higher instructional expenditures
and endowment assets per full-time equivalent student. As I show in Section 2.6.3, these
differences remain constant over time and thus do not bias my estimated results.

2.5.3

Estimating Equations and Identification

I estimate the causal effect of the name change using a dynamic difference-in-differences
design. In particular, for each comparison group and earnings measure I estimate equations
of the form:
yic =

∑

C6=2010

β C × 1(c = C) × Treatedi + φi + γc + ε ic

(2.1)

where yic denotes an earnings measure for students who attended school i as part of cohort
c; φi are school-specific fixed effects, which absorb constant differences across schools;
and γc are cohort-specific fixed effects, which absorb overall time trends in earnings. The
coefficients of interest, β C , capture the effect of the name change on the earnings of students
in cohort C ; this effect is normalized to 0 for C = 2010. I estimate standard errors and
p-values using permutation tests to account for the small number of schools, and smaller
number of treated schools, in my sample.17 Specifically, I calculate 5,000 placebo effects
by randomly assigning treatment status to six comparison schools. I then compare my
estimated treatment effect to the distribution of placebo effects to determine statistical
significance.

2.6

Aggregate Earnings Results

This section shows that H.4864 significantly increased the earnings of students at the treated
schools. I start by showing the effect on mean earnings. I then look for treatment effect
17 Typical

methods of conducting statistical inference for difference-in-differences estimators with few clusters
tend to overstate significance, see Bertrand, Duflo, and Mullainathan (2004). In such instances, permutation
tests are a common approach to non-parametrically estimate the distribution of the coefficient of interest under
the null distribution, as in Conley and Taber (2011).
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Figure 2.3: Mean Earnings by Cohort, Treatment and Comparison Schools

Notes: This figure plots mean earnings by cohort for students who attended the treatment and comparison
schools. Observations are weighted by the number of students in each cohort. Earnings are measured in 2016
dollars. Cohorts are defined to include two consecutive enrollment cohorts and are referenced by the anticipated
completion year of the earlier enrollment cohort. The dashed gray line marks the date the name change was
enacted (July 2010).

heterogeneity at multiple points of the earnings distribution as well as by gender and parent
income tercile.
Figure 2.3 plots mean earnings six years after entry for students in the 2002-2013 cohorts
(who entered school between 1996 and 2008). It shows that students at treatment and
comparison schools in the 2010 cohort and earlier had approximately equal mean earnings
while students at the treatment schools in later cohorts experienced a large and persistent
increase in earnings. Figure 2.4 plots the coefficients β Treated
from Equation 2.1 above.
t
Coefficients are only identified up to a constant term, so β Treated
has been normalized to
2010
0. This figure shows that there is no significant pre-trend in the data, supporting the
validity of the research design. Furthermore, it shows that mean earnings experience a
sharp, discontinuous increase of approximately $1,500 for students at treated schools after
the name change, which represents a 4% annual increase in earnings from a base average
earnings level of about $35,000 for students in the 2010 cohort.. This effect persists over
65

Figure 2.4: Effect of Name Change on Mean Earnings

Notes: This figure plots DD coefficients and 95% confidence intervals from a regression of mean earnings on
leads and lags of treatment status, along with school and cohort fixed effects. Observations are weighted by the
number of students in each cohort. Confidence intervals are estimated based on the distribution of 5,000 placebo
effects. Earnings are measured in 2016 dollars. Cohorts are defined to include two consecutive enrollment
cohorts and are referenced by the anticipated completion year of the earlier enrollment cohort. The dashed gray
line marks the date the name change was enacted (July 2010).

several entry cohorts. As shown in Table 2.2, this estimate ranges between $1,150 and $1,500
depending on the specific set of schools used as the comparison group. Assuming that the
estimated boost in earnings measured six years after entry remains constant throughout an
individual’s lifetime until retirement and are invested with an average annual real return of
5%, by age 65 these extra earnings will amount to over $200,000 of additional wealth. To
the extent that the initial earnings boost places students on a career trajectory with greater
earnings growth, this is a conservative estimate of the lifetime effect of treatment.

2.6.1

Testing for Heterogeneity in Treatment Effects

Earnings Distribution. Table 2.3 presents results from separately estimating the impact of
the name change on earnings at the 25th, 50th, and 75th percentile of the distribution for
each school. These results indicate that the effect of the name change was felt across the
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Table 2.2: Estimated Treatment Effects by Comparison Group

Comparison Group
Distance to Nearest Treated School
Primary
(1)
Static Difference-in-Differences Results

Expanded CC
(2)

DFRCG
(3)

<150 miles
(4)

<330 miles
(5)

< 660 miles
(6)

1,513.83∗∗∗
[0.00]
Dynamic Difference-in-Differences Results

1,396.29∗∗
[0.01]

1,157.99
[0.08]

1,272.61∗
[0.01]

1,485.35∗∗∗
[0.00]

1,235.94∗∗
[0.00]

725.95
[0.16]
103.52
[0.45]
-213.35
[0.63]
-326.49
[0.66]
1,028.79∗∗∗
[0.00]
1,569.23∗∗∗
[0.00]
1,660.87∗∗∗
[0.00]
0.97
0.97
352
44

983.69
[0.12]
423.23
[0.32]
-104.81
[0.56]
8.73
[0.50]
960.82∗∗∗
[0.00]
1,543.20∗∗∗
[0.00]
1,621.18∗∗∗
[0.00]
0.88
0.87
192
24

425.37
[0.14]
-2.99
[0.46]
-132.47
[0.66]
60.36
[0.40]
1,123.55∗∗∗
[0.00]
1,442.51∗∗∗
[0.00]
1,420.02∗∗∗
[0.00]
0.86
0.85
128
16

443.09
[0.15]
-212.33
[0.69]
-272.54
[0.72]
-309.55
[0.83]
1,063.23∗∗∗
[0.00]
1,529.53∗∗∗
[0.00]
1,592.83∗∗∗
[0.00]
0.95
0.94
216
27

613.50
[0.07]
-154.00
[0.64]
-150.61
[0.63]
-165.48
[0.70]
963.71∗∗∗
[0.00]
1,324.85∗∗∗
[0.00]
1,439.73∗∗
[0.00]
0.96
0.96
296
37

(c ≥ 2011) × Treatedi
(c = 2002) × Treatedi

(c = 2004) × Treatedi
(c = 2006) × Treatedi
(c = 2008) × Treatedi
(c = 2012) × Treatedi
(c = 2013) × Treatedi
(c = 2014) × Treatedi
Adjusted R-Squared (Static)
Adjusted R-Squared (Dynamic)
Number of Observations
Number of Schools

539.09
[0.10]
-58.27
[0.54]
-231.20
[0.69]
-266.99
[0.78]
1,140.44∗∗∗
[0.00]
1,610.55∗∗∗
[0.00]
1,704.28∗∗∗
[0.00]
0.96
0.96
248
31

Notes: *** p<0.001; ** p<0.01; * p<0.05 This table presents DD coefficients and p-values from regressions of mean earnings
on treatment status (static difference-in-differences results) or leads and lags of treatment status (dynamic difference-indifferences results). All regressions also include school and cohort fixed effects. Observations are weighted by the number of
students in each cohort. p-values listed below coefficients are estimated from the distribution of 5,000 placebo effects. See
Appendix A.1 for a complete list of all schools in each comparison group.

earnings distribution, with relatively constant level effects on earnings for students at all
three percentiles.
Gender. Columns (2) and (3) of Table 2.4 present results from estimating the effect of the
name change on earnings for men and women separately. I find that the effect on women’s
earnings is more than double the effect on men’s: at treated schools, women experience an
earnings increase of over $1,800 following the name change, compared to an increase of less
than $900 for men. The difference in treatment effect is highly statistically significant, with a
p-value of 0.0002. This large difference complements several recent literatures on the gender
gap in wages. For instance, one possible explanation for this gap could be that women,
more so than men, choose to apply to better-paying jobs after the name change, perhaps
because they experience a confidence boost from the more prestigious name on their degree.
This aligns with a growing recent literature that finds a large gender gap in confidence that
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Table 2.3: Estimated Treatment Effects Across the Earnings Distribution

Mean
(1)

25th Pctile
(2)

Median
(3)

75th Pctile
(4)

1,595.59∗∗∗
[0.00]

1,394.73∗∗
[0.00]

1,534.46∗∗
[0.00]

-429.13
[0.78]
-910.95
[0.94]
-1,044.34
[0.97]
-535.37
[0.92]
942.09∗∗∗
[0.00]
1,109.17∗∗∗
[0.00]
1,052.45∗∗∗
[0.00]
0.94
0.94
248
31

229.85
[0.36]
-228.47
[0.65]
-844.04
[0.95]
-701.96
[0.95]
889.90∗∗∗
[0.00]
1,071.08∗∗
[0.01]
1,253.62∗∗
[0.00]
0.96
0.96
248
31

412.90
[0.27]
237.59
[0.31]
-582.42
[0.90]
-402.34
[0.82]
1,065.82∗∗∗
[0.00]
1,628.64∗∗∗
[0.00]
1,623.90∗∗
[0.00]
0.95
0.95
248
31

Static Difference-in-Differences Results
1,513.83∗∗∗
[0.00]
Dynamic Difference-in-Differences Results

(c ≥ 2011) × Treatedi
(c = 2002) × Treatedi

(c = 2004) × Treatedi
(c = 2006) × Treatedi
(c = 2008) × Treatedi
(c = 2012) × Treatedi
(c = 2013) × Treatedi
(c = 2014) × Treatedi
Adjusted R-Squared (Static)
Adjusted R-Squared (Dynamic)
Number of Observations
Number of Schools

539.09
[0.10]
-58.27
[0.54]
-231.20
[0.69]
-266.99
[0.78]
1,140.44∗∗∗
[0.00]
1,610.55∗∗∗
[0.00]
1,704.28∗∗∗
[0.00]
0.96
0.96
248
31

Notes: *** p<0.001; ** p<0.01; * p<0.05 This table presents DD coefficients and p-values from regressions
of earnings on treatment status (static difference-in-differences results) or leads and lags of treatment
status (dynamic difference-in-differences results). All regressions also include school and cohort fixed
effects. Observations are weighted by the number of students in each cohort. p-values listed below
coefficients are estimated from the distribution of 5,000 placebo effects.
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impacts job application decisions (see, e.g., Coffman, 2014; Mohr, 2014; Avilova and Goldin,
2018; Murciano-Goroff, 2018; Abraham and Stein, 2019). Alternatively, if employers believe
that they have noisier information about women’s unobservable ability then receiving the
signal that they attended a university could provide employers with more information about
women then about men. This narrative is similar to the one in Lang and Manove (2011), in
which employers find it more difficult to evaluate black candidates than white candidates.
This creates an extra incentive to black candidates to make observable investments in
education which act as signals to employers. It also complements Arcidiacono, Bayer, and
Hizmo (2010), in which employers use race to statistically discriminate among less-educated
workers.
Parental Income. Columns (4)-(6) of Table 2.4 presents results from estimating regression
(1) separately by parental income tercile. These results indicate that the treatment effect is
monotonically decreasing by parental income tercile. Treated students in the bottom income
tercile, whose parents earned less than $30,000 per year, experienced an earnings increase of
$1,700 compared to $1,450 for students in the second tercile and $1,350 for students in the
highest tercile. However, the differences across the terciles are all statistically insignificant.

2.6.2

Potentially Confounding Responses by Students

It is possible that, instead of employers responding to students differently based on the
name of their alma mater, students themselves respond to the name change by making
different choices while enrolled that result in higher earnings when they enter the labor
market. For example, students could perceive the value of a university degree to be higher
than the value of the college degree and therefore have a higher incentive to graduate after
the name change. Since a large literature shows that graduation discontinuously increases
earnings (see, e.g., Lange and Topel, 2006, for a review of this work), this could generate the
observed effect on earnings among treated students. As shown in Figure 2.5(a), the six-year
completion rate has been increasing at the treatment schools relative to the comparison
schools since at least the late 1990s. The trend appears to be linear rather than discontinuous
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Figure 2.5: Effect of Name Change on Potentially Confounding Factors

Notes: This figure plots DD coefficients and 95% confidence intervals from regressions of
potential confounding factors on leads and lags of treatment status, along with school and
cohort fixed effects. Observations are weighted by the number of students in each cohort.
Confidence intervals are estimated based on the distribution of 5,000 placebo effects.
Earnings are measured in 2016 dollars. Cohorts are defined to include two consecutive
enrollment cohorts and are referenced by the anticipated completion year of the earlier
enrollment cohort. The dashed gray line marks the date the name change was enacted
(July 2010).
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Table 2.4: Heterogeneity in Estimated Treatment Effects

By Gender

By Parental Income

All Students
(1)
Static Difference-in-Differences Results

Female
(2)

Male
(3)

<$30K
(4)

$30K-$75K
(5)

>$75K
(6)

1,513.83∗∗∗
[0.00]
Dynamic Difference-in-Differences Results

1,806.05∗∗
[0.00]

878.44
[0.07]

1,699.07∗∗
[0.01]

1,441.78∗∗
[0.00]

1,368.76∗∗
[0.00]

477.48
[0.20]
-407.92
[0.77]
-387.47
[0.77]
-121.12
[0.60]
1,013.29∗∗∗
[0.00]
1,900.76∗∗∗
[0.00]
2,159.95∗∗∗
[0.00]
0.95
0.95
248
31

759.25
[0.10]
773.22
[0.10]
241.13
[0.32]
-225.98
[0.67]
1,307.42∗∗∗
[0.00]
1,090.35∗
[0.01]
1,067.30∗
[0.03]
0.92
0.92
248
31

277.80
[0.36]
-958.58
[0.86]
647.22
[0.16]
-959.67
[0.90]
794.71∗
[0.01]
1,499.56∗∗
[0.00]
2,115.92∗∗∗
[0.00]
0.87
0.88
248
31

9.06
[0.51]
90.16
[0.46]
-1,155.93
[0.97]
-351.53
[0.74]
1,392.00∗∗
[0.00]
1,430.90∗∗
[0.00]
708.25
[0.11]
0.92
0.92
248
31

1,031.15∗
[0.02]
428.41
[0.20]
-15.85
[0.50]
355.05
[0.16]
1,265.39∗∗∗
[0.00]
1,674.49∗∗∗
[0.00]
2,066.50∗∗∗
[0.00]
0.94
0.94
248
31

(c ≥ 2011) × Treatedi
(c = 2002) × Treatedi

(c = 2004) × Treatedi
(c = 2006) × Treatedi
(c = 2008) × Treatedi
(c = 2012) × Treatedi
(c = 2013) × Treatedi
(c = 2014) × Treatedi
Adjusted R-Squared (Static)
Adjusted R-Squared (Dynamic)
Number of Observations
Number of Schools

539.09
[0.10]
-58.27
[0.54]
-231.20
[0.69]
-266.99
[0.78]
1,140.44∗∗∗
[0.00]
1,610.55∗∗∗
[0.00]
1,704.28∗∗∗
[0.00]
0.96
0.96
248
31

Notes: *** p<0.001; ** p<0.01; * p<0.05 This table presents DD coefficients and p-values from regressions of mean
earnings for different subpopulations of students on treatment status (static difference-in-differences results) or leads
and lags of treatment status (dynamic difference-in-differences results). All regressions also include school and cohort
fixed effects. Observations are weighted by the number of students in each cohort. p-values listed below coefficients are
estimated from the distribution of 5,000 placebo effects.

at the date of the name change and thus is unlikely to represent a true student response to
the name change. As a robustness check, I re-estimate Equation 2.1 including the six-year
completion rate as an additional covariate; my estimated effect falls from $1,500 to $1,400
and remains highly statistically significant.
Figure 2.5(b) shows the effect of the name change on the share of students in each cohort
with measured earnings. There are two reasons that a student might not appear in the
earnings cohort: (1) they have no reported earnings for the year earnings are measured or
(2) they are enrolled in school (defined as having federal students loans in deferment) in the
year earnings are measured. Any difference in the share of students with measured earnings
could indicate differential selection pre- and post-treatment. For example, the share might
decrease if more treated students choose to pursue graduate school after the name change;
assuming that these are high-ability, high-earning students, this would decrease the mean
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earnings measured for the remaining students.
Next, I consider that the name change might impact students’ choice of major. Since
many recent papers point to large variation in earnings by major (e.g. Arcidiacono, 2004;
Altonji, Arcidiacono, and Maurel, 2015; Carnevale, Cheah, and Hanson, 2015; Altonji and
Zimmerman, 2017), if more treated students chose to major in high-earning fields like
business and STEM then the data would show an earnings increase for treated students that
has nothing to do with signaling. First, I note that this outcome is unlikely, particularly in
the earlier treated cohorts who were near the end of their enrollment period at the time of
the name change. Most major changes happen earlier in students’ college careers to allow
them time to complete all required classes for their new major. To test for this mechanism
in the data, I look at the share of degrees in business and STEM fields.18 As shown in
Figures 2.5(c) and (d), I find no effect of the name change on the share of degrees awarded
in business/marketing or STEM fields.
Finally, I address the possibility that students might change their transfer behavior
related to the treated schools after the name change. Changes to the transfer student
population could bias the results presented above if those changes (1) introduce endogenous
sorting within earnings cohorts or (2) bias the earnings estimates themselves. I argue
that the former is not a concern by construction of the earnings cohorts. As discussed
in Section 2.4, the College Scorecard groups students into earnings cohorts based on the
year they first received Title IV aid at a particular institution, adjusted using grade level
information reported on the FAFSA. Following this algorithm, any students who begin their
higher education at one of the treated schools and then choose to transfer elsewhere will
still be included in the relevant earnings cohort at the treated school. Thus, the name change
cannot induce any endogenous sorting out of the earnings cohorts. Furthermore, students
who transfer into a particular school are included in the earnings cohort of their new school
with other students who started at that school in that year, regardless of their grade level at
18 I define STEM fields according to the Department of Homeland Security’s STEM Designated Degree Program List. This includes programs in engineering (CIP code 14), biological sciences (CIP code 26), mathematics
(CIP code 27), and physical sciences (CIP code 40). See “Eligible CIP Codes for the STEM OPT Extension" (2016).
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the time of transfer.19 This means that any change to the population of transfer-in students
potentially induced by the name change would appear in earnings cohorts with students
who entered school in 2011 and later, well after the entry dates of the earnings cohorts used
in my analysis. Taken together, the process for constructing earnings cohorts implies that
the set of students included in each cohort used in this analysis is fixed by 2008.
Although transfer students do not lead to endogenous sorting in the earnings cohorts,
they could still bias estimates if the name change impacted the size of the transfer-out population at the treated schools or which schools they transferred to in a way that mechanically
influenced their earnings. For instance, if students tend to transfer from the treated schools
to schools with higher average earnings and as a result of the name change fewer students
chose to transfer, earnings would appear lower at the treated schools mechanically. Using
data from IPEDS, Figure 2.6(a) shows no effect of the name change on the transfer-out rate.
While not much is known about where these transfer-out students went, the data available
indicate no overall change in the share who transferred to a two-year college or four-year
college (see Figures 2.6(a) and (c)).

2.6.3

Potentially Confounding Institutional Responses

The key identifying assumption underlying this analysis is that any change in the earnings
of students who attended the treated schools relative to comparison schools following
the name change is the result of the name change itself. So far, I have demonstrated that
earnings of students at the treatment and comparison schools exhibited parallel trends in
the years leading up to the name change and that all endogenous sorting behavior occurs
before the name change. I have also shown in Section 2.6.2 above that students enrolled at
the treated schools did not respond to the name change in a number of ways that could
have impacted their earnings. Here, I will present evidence supporting the final piece of
this claim: that the name change was just a name change; that is, it was not accompanied by
19 This

means that transfer students appear in earnings cohorts at two institutions. For example, a student
who started his college career at College A in 2005 and then transferred to College B in 2007 would be included
in the 2005 earnings cohort at College A and the 2007 earnings cohort at College B.
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Figure 2.6: Effect of Name Change on Transfer Rates

Notes: This figure plots DD coefficients and 95% confidence intervals from regressions of
transfer-out rates (i.e. the share of students who started at one school and subsequently
transferred to another) on leads and lags of treatment status, along with school and
cohort fixed effects. Observations are weighted by the number of students in each cohort.
Confidence intervals are estimated based on the distribution of 5,000 placebo effects.
Enrollment cohorts are referenced by their anticipated date of completion. The dashed
gray line marks the date the name change was enacted (July 2010). Panel (a) looks at
the overall transfer-out rate at each school as reported in IPEDS. Panels (b) and (c) look
at the transfer-out rates to 4-year and 2-year institutions, respectively. These rates are
calculated by the Department of the Treasury using data from the National Student Loan
Data System and thus are shares of students who received federal financial aid rather than
shares of all students. These figures are therefore more representative of the population of
students for whom earnings data are available.
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Figure 2.7: Effect of Name Change on Instructional Expenditures

Notes: This figure plots DD coefficients and 95% confidence intervals from a regression of
instructional expenditures per full-time equivalent student on leads and lags of treatment
status, along with school and cohort fixed effects. Observations are weighted by the number
of students in each cohort. Confidence intervals are estimated based on the distribution of
5,000 placebo effects. Earnings are measured in 2016 dollars. Cohorts are defined to include
two consecutive enrollment cohorts and are referenced by the anticipated completion year
of the earlier enrollment cohort. The dashed gray line marks the date the name change was
enacted (July 2010).
institutional changes that generated additional human capital for the the treated students.
To do so, I consider the effect of the name change on several metrics that one would expect
enter the education production function. Figure 2.7 shows that, if anything, instructional
expenditures per full-time equivalent student fell over time at the treated schools relative to
the comparison schools. Because this change appears to have occurred gradually over an
extended time frame, it is unlikely to bias my estimated results (and, if anything, would
tend to bias them downwards).
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2.7

Conclusion

This paper provides evidence that the name of the school a student attends has a significant
impact on their future earnings. I find that students who graduated after House Bill 4864
changed the names of six State Colleges to State Universities increased their earnings by an
average of over $1,500, or 4.3% of pre-treatment earnings. This finding is highly statistically
significant. The data also suggest that the impact varies by gender, increasing earnings by
$1,800 for women but only by $900 for men.
Between the policy design and the available data, I can eliminate several alternative
explanations for the observed increase in wages. First, the timing of the name change, and
the relatively short time period between introduction and enactment of the legislation that
led to the name change, means that treatment could not have induced students to select into
the treated cohort. Furthermore, I show that treatment did not induce students to switch
into more lucrative majors like business or STEM fields. It is also not associated with an
increased completion rate or the share of students working.
Although this paper rules out many explanations, more data are needed to determine
what mechanisms contribute to this phenomenon. For example, the increase in earnings
could reflect a compositional shift in the jobs that students were able to secure after
graduation. Alternatively, students could be earning more money for doing the same jobs.
It is also possible that students believe that they are better qualified (or at least appear to
be better qualified) and therefore apply to higher-paying jobs than they would have in the
absence of treatment, although data on admissions to the treated schools does not suggest
that students’ perceived the treated schools to be of higher quality after the name change.
There are also interesting heterogeneities that merit further investigation. In particular, it
would be interesting to know if the effects are stronger for out-of-state employers rather
than employers in Massachusetts, since out-of-state employers might be less informed about
the name change.
More data - and time - are also needed to evaluate how the treatment effect evolves.
Pure signaling models suggest that the treatment effect reflects a permanent level increase in
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annual earnings. Under this assumption, a $1,500 annual earnings increase would translate
to an additional $200,000 of wealth by age 65. If the earnings growth of treated students
resembles the earnings growth of the average university student rather than the average
college student, the treatment effect could in fact increase over time. On the other hand,
models of statistical discrimination with learning suggest that the the value of the signal will
fade out over time as employers gain more information about students’ true productivity
(Altonji and Pierret, 2001; Arcidiacono, Bayer, and Hizmo, 2010; Farber and Gibbons, 1996;
Lange, 2007).
Studying this and similar natural experiments provide a unique way to study the strength
and prevalence of implicit biases towards certain types of education. This is particularly
relevant in the face of accusations of biases in favor of elite institutions (such as Ivy League
schools) and against local community colleges. In response several states have discussed,
with varying degrees of resolve, renaming community colleges to reduce the stigma against
those students. Given the costs involved in such an undertaking, a better understanding of
how renaming schools generates better outcomes for students could lead to more efficient
solutions.
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Chapter 3

Merit Aid and Opportunity in Higher
Education
3.1

Introduction

The importance of higher education is hard to overstate. While most research focuses
on the (substantial, persistent) wage premium enjoyed by college graduates relative to
their less-educated peers, studies have also found that college graduates hold safer, more
prestigious jobs; are healthier; are less likely to go to prison or jail; are more likely to be
married; and overall are just plain happier (Trostel, 2015). But despite its many benefits,
access to higher education is decidedly unequal across different socioeconomic groups
(Chetty et al., 2014; Ma, Pender, and Welch, 2019). As a result, promoting access to higher
education for low-income students has become a central issue in national policy discussions
and popular news outlets.
Schools, of course, often have other goals that they are trying to simultaneously satisfy
with their admissions policies, including enrolling top-performing students. Because these
students are in high demand, colleges and universities have increasingly taken to offering
merit aid packages — scholarships for which eligibility is solely determined by academic
performance rather than financial circumstances — as a way to be more attractive. Up until
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the mid-1990s, merit scholarships were generally privately funded; however, since then
many states have instituted merit aid programs for which large numbers of students qualify.
These programs typically have eligibility criteria based on class rank, GPA, standardized
test scores, or some combination of all three.
Merit scholarships are widely criticized by civil rights groups for promoting racial
and socioeconomic inequality since indicators of academic merit themselves are highly
correlated with families’ socioeconomic status. Thus, rewarding high-achieving students
often results in rewarding white students and students from high-income families. For
example, Heller and Rasmussen (2002) detail the rates at which different races qualify for
the Florida Bright Futures Award and the Michigan Merit Award Scholarship and find
that under both programs minority students qualify at far lower rates than white students.
They further find that students at schools with the highest rates of free/reduced price
lunch eligibility and the lowest rates of college-going are much less likely to qualify for
the scholarships. Similarly, Heller (2004) analyzes how different variations of the Adams
Scholarship’s eligibility criteria would affect the racial distribution of eligible students and
finds that, in all scenarios, minority and low-income students qualify for the scholarship at
much lower rates than more advantaged students.
To the extent that colleges are successful in their efforts to entice high-performing
students, one might expect that merit aid would exacerbate income inequality within
schools, at odds with the national priority of providing opportunities for low-income
students. However, not all students who are eligible for a merit scholarship will accept
it, and in fact research shows that wealthy students are less price-sensitive and therefore
less responsive to financial aid offers than low-income students (Goodman, 2008; Ness
and Tucker, 2008). As said by then-Governor Mitt Romney about his proposed Adams
Scholarship, “You could say, ‘Boy, the rich people are all going to get this.’ But the rich
people don’t take advantage of it. The question is, who uses it? High income families ... do
not go to public institutions of higher learning."1
1 Vaishnav

and Dedman (2004)
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In this paper, I exploit the proliferation of large-scale, state-funded merit scholarship
programs during the 1990s and 2000s to estimate the impact of merit aid on the parental
income distribution of enrolled students. Using detailed data from the National Association
of State Student Grant & Aid Programs (NASSGAP), I identify twenty-five large-scale merit
scholarship programs available to students from twenty-two states. I combine details about
the scholarships with data from Opportunity Insights on the parental income distribution
for cohorts of students who first enrolled in school between 1990 and 2010. Using variation
in when each scholarship program first began funding students, I estimate the effect of
merit aid on the share of students with parents in each national income quintile.
My results show that merit aid programs reduce the share of students at eligible
institutions whose parents’ income places them in the lowest quintile while increasing the
share in the top quintile. This effect is primarily driven by “weak" merit aid programs, i.e.
those for which relatively few students are eligible. More generous awards induce smaller
shifts to the parental income distribution. Merit aid programs have the strongest effect
on the income distribution at highly-selective and selective four-year schools; the parental
income distribution at non-selective four-year schools is unchanged. Two-year schools also
experience a large decrease in the share of enrolled students coming from the bottom of the
parental income distribution; however this appears to be the result of low-income students
shifting out of two-year schools rather than high-income students shifting in.
This work contributes to several branches of the economics of higher education literature. First, it builds on work that evaluates the effect of merit aid on college attendance
and completion. Previous work has shown that broad-based, state-funded merit aid programs induce substantial responses among students in Georgia (Dynarski, 2002, 2003, 2008),
Massachusetts (Goodman, 2008; Cohodes and Goodman, 2014), Mississippi (Allin, 2015), Nebraska (Angrist et al., 2017; Angrist, Autor, and Pallais, 2020), and Tennessee (Pallais, 2009).
However, these studies find mixed effects on disadvantaged students relative to their more
advantaged peers. For example, Dynarski (2002) finds that the Georgia HOPE scholarship
increases college attendance more among white students than among black students, which
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she attributes to the rigorous academic standards required to qualify. In contrast, Singell,
Waddell, and Curs (2006) concludes that Georgia’s HOPE scholarship improved access
for low-income students. In Massachusetts, Goodman (2008) demonstrates that students
who qualified for the Adams Scholarship exhibited similar responses conditional on ability,
regardless of their family income level. More recently, Angrist, Autor, and Pallais (2020)
shows randomly giving Pell-eligible and nonwhite applicants in Nebraska generous merit
scholarships strongly affects their degree attainment. On the other hand, Farrell (2004)
compares the demographics of scholarship recipients and high school graduates in Alaska,
Florida, Kentucky, Michigan, and New Mexico and finds that minorities and students from
high-poverty districts account for disproportionately few merit scholarship winners.
This work also adds to a growing conversation around the determinants of access to
college. As discussed in Chetty et al. (2017b), colleges vary significantly in the share of
low-income students they enroll, with private schools and more selective schools enrolling
significantly fewer students from the lowest parental income quintile. Several studies have
shown that generous need-based financial aid awards are effective at inducing low-income
students to apply to more selective colleges (van der Klaauw, 2002; Hoxby and Turner,
2013; Dynarski et al., 2018) and that, while need-based aid can reduce within-school income
inequality (Goldrick-Rab et al., 2016; Capelle, 2019), merit aid may exacerbate it (Ehrenberg
and Levin, 2006). Importantly, research suggests that merit aid and need-based aid are
orthogonal to each other: increases in merit aid are not made at the expense of need-based
aid (Cornwell, Misztal, and Mustard, 2009; Doyle, 2010).
The remainder of this paper proceeds as follows. Section 3.2 describes the expansion
of merit-based financial aid and discusses within-college income inequality. Section 3.3
provides an overview of the primary data sources that I use for my analysis and presents
my empirical strategy. I discuss my results in Section 3.4. Section 3.5 concludes.
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Figure 3.1: State-Funded Grant Aid per FTE Student, 1978-2018

Notes: Need-based grants include any grants for which a students’ financial circumstances play a role in
determining eligibility, even if other criteria are also used.
Source: Ma, Pender, and Libassi (2020, Figure SA-17A),

3.2
3.2.1

Background
Trends in Merit Aid

While individual colleges and universities have long offered merit aid as a way to entice
particularly qualified students, federal- and state-funded aid has historically been focused
on low-income students. As shown in Figure 3.1, merit aid accounted for no more than
10% of all state-funded grant aid prior to the mid-1990s. However, by 2010 merit aid
accounted for nearly 30% of state spending on postsecondary grant aid. This growth is
largely attributable to the increasing prevalence of broad-based merit scholarships, beginning
with Georgia’s HOPE Scholarship in 1993. In what came to be a watershed moment for
postsecondary financial aid, Georgia’s program provided funding to thousands of the state’s
top-performing high school graduates, conditional on enrolling at an in-state school for their
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Figure 3.2: Expansion of Broad-Based Merit Aid Programs, 1988-2010

Notes: The HOPE Scholarship in Georgia and the Academic Challenge Scholarship in Arkansas were originally
instituted as need-based grants, requiring that students meet both academic and financialneed criteria. Georgia
eliminated the HOPE scholarship’s financial need criterion in 1996, and Arkansas followed suit in 2010. For
this purposes of this analysis, I am only considering these programs to be merit scholarships after all financial
need components are eliminated.
Source: National Association of State Student Grant and Aid Programs (2016); Frisvold and Pitts (2018); and
program websites

postsecondary education. This revolutionized the provision of non-need based aid: where
previous programs had been small (awarding only the very highest achieving students) or
narrowly targeted (for instance, to encourage students to enter nursing or teacher-training
programs), the HOPE scholarship instead targeted students with solid, but not outstanding,
academic records with the aim of keeping them in the state (Lanford, 2017).
The Georgia HOPE scholarship proved highly popular. In the 15 years since its introduction, similar programs were adopted by nearly 20 other states, primarily concentrated in
the eastern US (see Figure 3.2). Competition for students, prestige, and financial resources
helped to fuel the spread of state-funded merit aid (Cohen-Vogel et al., 2008). These new
merit aid programs share several characteristics. They typically award students who have
achieved a pre-determined minimum level of achievement, either measured by GPA, test
scores, or both, with enough aid to cover all or most of the cost of tuition at an in-state
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public school (Doyle, 2010). Because these programs are often motivated by a desire to keep
top-performing students in-state, the awards can only be used at in-state schools; some
awards stipulate that they can only be used at in-state public schools. Many, although not
all, of the programs are funded by lottery revenues (Heller, 2004). Finally, these scholarships
are usually very simple to apply for — and in many cases, applications are not necessary to
receive an award. Several states, including Georgia, Kentucky, Louisiana, Massachusetts,
and Tennessee, simply notify all eligible students.2 This is a stark contrast to need-based programs, which often involve prohibitively complex applications (Dynarski and Scott-Clayton,
2006; Bettinger et al., 2012). Research also suggests that high-school students are more
knowledgeable about merit aid programs than need-based aid programs (Turner, Jones, and
Hearn, 2004).
Figure 3.3 shows the share of state-funded grant aid allocated based on merit in each
state at two points in time. In 1996, very few states offered broad-based merit aid to their
students, which is reflected in the overwhelming share of aid allocated based on need in
nearly all states. Over the next 15 years, however, the share of aid allocated based on merit
had exploded as more and more states introduced broad-based merit aid programs. In
fact, by 2010 twelve states spent more on merit aid than on need-based aid. This expansion
occurred overwhelmingly in states with low median incomes. As shown in Figure 3.4, the
share of grant aid allocated based on merit increased from 5% of total grant aid in 1996 to
nearly 35% in 2010 in low-income states. In contrast, merit aid grew slowly in high-income
states between 1996 and 2002 before peaking at approximately 11% of total grant aid and
then steadily decreasing throughout the latter part of the decade.
Over this time frame, low-income students made small in-roads among the college-going
population. (Chetty et al., 2017b, Table II). However, Belley and Lochner (2007) find no such
gains after conditioning on ability. Low-income students are particularly underrepresented
at private colleges and highly-selective colleges (see Figure 3.5), even when they would
2 Most states require students to complete the FAFSA in order to receive their merit-based award; however,
the amount of the award does not depend on the information contained in the FAFSA.
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Figure 3.3: Share of Total Grant Aid Based on Merit by State, 1996 and 2010

Notes: Blue-shaded bars indicate states with broad-based merit aid programs in place. Merit-based grants
include any grants for which a students’ eligibility is determined solely based on academic performance (e.g.,
test scores, GPA, class rank), with no consideration of financial circumstances. States with broad-based merit
aid programs are identified in Table 3.2.
Source: National Association of State Student Grant and Aid Programs (1996, 2010).

Figure 3.4: Share of Total Grant Aid Based on Merit, 1996-2016
High-Income vs. Low-Income States

Notes: Merit-based grants include any grants for which a students’ eligibility is determined solely based on
academic performance (e.g., test scores, GPA, class rank), with no consideration of financial circumstances.
High-income states are the 25 with the highest median incomes, from the 2010 American Community Survey
data.
Source: National Association of State Student Grant and Aid Programs (1996-2016, Table 3).
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Figure 3.5: Parental Income Distribution of Enrolled Students, 1980 Birth Cohort
Public vs. Private, By College Selectivity Tier

Source: Chetty et al. (2017b, Table 3)

likely have been admitted (Bowen, Chingos, and McPherson, 2009; Hoxby and Turner, 2013;
Avery et al., 2019). Recent research suggests that, despite large increases in financial aid,
the majority of four-year public institutions — particularly flagship public schools, which
are often among the most selective — are simply not affordable for low-income students,
and that the share of institutions that are affordable has been falling over time (Debaun and
Warwick, 2019).

3.3
3.3.1

Data and Empirical Strategy
Scholarship Data

The National Association of State Student Grant & Aid Programs (NASSGAP) is a non-profit
organization that is dedicated to expanding postsecondary educational opportunities avail-
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able to students by strengthening government-sponsored programs related to postsecondary
financial aid, access, and completion. Its member agencies come from all 50 states and are
responsible for administering their respective states state-funded aid programs. As part of
their mission, they conduct research, publish reports, and hold conferences with the goal of
helping align existing aid programs with federal, state, and local priorities.
Each year, NASSGAP conducts an annual survey of its member agencies to collect data
on all state-funded programs that provide financial aid to students pursuing postsecondary
education. While these surveys go back to 1969, data on individual aid programs are only
available beginning with the 2002-2003 academic year. For each program, the survey data
provide a rich set of information about eligibility criteria, funding sources, award amounts,
recipients, and expenditures.
I use the program-level survey data to identify large-scale merit scholarships. For the
purposes of this analysis, these include any programs that (1) provide non-loan aid;3 (2)
determine eligibility based on academic merit (i.e., using test scores, GPA, or class rank)
without consideration of financial need; and (3) provide funding to all eligible students.4
Table 3.1 provides summary statistics on programs that meet these criteria each year from
2002 to 2010. As shown, the number of broad-based merit programs increased from 16
during the 2002-2003 academic year to 23 by 2010. These programs distributed over $1.7
billion dollars annually to an average of 725,000 students. Despite the fact that most of
the scholarships are available to students who enroll at either public or private schools,
the large majority (over 85%) of recipients enrolled at public schools. While scholarship
recipients mostly elected to attend four-year schools, approximately 20% enrolled at two-year
institutions. Because awards are generally higher-value when used at four year institutions,
nearly 90% of program funds went to four-year institutions. Details for each program are
contained in Table 3.2. Of these, thirteen were either introduced or discontinued between
3 This

includes grants or scholarship aid, conditional grants, and tuition waivers.

4I

exclude small scholarships in Ohio and Wisconsin that award exactly one student from each high school
each year as being too narrowly targeted.
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Table 3.1: State Merit Scholarship Program Recipients and Funding, 2002-2010

Total

Share of Recipients

Share of Funds

Academic Year

N

Recipients
(000s)

Dollar
Amt ($ M)

Public

4-Year

Public

4-Year

2002 - 2003
2003 - 2004
2004 - 2005
2005 - 2006
2006 - 2007
2007 - 2008
2008 - 2009
2009 - 2010
2010 - 2011

16
16
18
19
20
21
22
21
23

442.48
491.46
568.57
589.09
615.67
602.74
642.18
597.54
652.10

966.61
1,048.86
1,271.86
1,378.52
1,511.25
1,572.57
1,685.62
1,707.31
1,945.50

0.87
0.88
0.87
0.84
0.84
0.86
0.87
0.87
0.86

0.80
0.80
0.80
0.80
0.81
0.79
0.80
0.80
0.82

0.85
0.87
0.86
0.84
0.85
0.87
0.86
0.86
0.86

0.88
0.89
0.89
0.88
0.87
0.89
0.88
0.89
0.90

Notes: This table summarizes the growth of state-funded merit scholarship program between 2002
and 2010, the period for which detailed program-level data on recipients and spending is available
through NASSGAP.
Source: National Association of State Student Grant and Aid Programs (2016)

1998 and 2010, the time frame for which income data is available.

3.3.2

Income Distribution Data

I measure parental income distributions using data made available by Opportunity Insights.
Opportunity Insights is a not-for profit organization that uses “big data" to generate rigorous,
policy-relevant research focused on ways to improve upward mobility. As part of their
mission, they provide publicly available datasets to support related work. In this project, I
use data from Chetty et al. (2017b) Table 3, Baseline Longitudinal Estimates of Child and
Parent Income Distributions by College and Child’s Cohort. This dataset includes, for each
college-birth cohort cell, the share of students with parents in each quintile of the national
income distribution.5 Chetty et al. measure parental income as all pre-tax income at the
household level using data from federal tax records. In years in which a student’s parents
5 As discussed in Hoxby and Turner (2019), different institutions face different income distributions depending on their target populations. For instance, if we assume that public schools are targeted to serve students
in their respective states’ then the income distribution one might expect at a school in Louisiana, where the
median household income is $51,000, is very different from the income distribution one might expect at a public
school in Connecticut, where the median household income is nearly $79,000. Regardless of the baseline income
distribution, however, changes in the distribution can still be informative about whether merit scholarships
expand access for low-income students.
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All in-state

7,500
19,000
3,000

All in-state
All in-state
All in-state
and

27,000

All in-state

54,000
2,000

12,000

Public in-state

All in-state
All in-state

45,000

All in-state

66,000

GPA and ACT
score
GPA and ACT
scores
Class rank and
MCAS scores
MEAP
or
ACT/SAT scores
MEAP scores
GPA
and
ACT/SAT scores
ACT/SAT score

Missouri Higher Education Academic Scholarship
Program (1997-)
Nevada Millennium Scholarship (2000)
GPA
New Jersey Outstanding Scholar Recruitment Pro- Class rank
gram (OSRP) (1998-)
SAT scores

Michigan Promise Scholarship (2007-2008)
Mississippi Eminent Scholars Grant (1996-)

Louisiana Taylor Opportunity Program for Students
(TOPS) (1998-)
Massachusetts John and Abigail Adams Scholarship
Program (2005-)
Michigan Merit Award Scholarship (2000-2006)

All in-state

GPA/ACT score

8,000

115,000

All in-state

34,000
2,500
40,000

ACT scores
GPA

Arkansas Academic Challenge Scholarship (2010-)
Delaware Student Excellence Equals Degree (SEED)
Scholarship (2007-2017)
Florida Bright Futures Scholarship, FAS and FMS
(1997-)
Georgia Helping Outstanding Pupils Educationally
(HOPE) Scholarship (1995-)
Idaho Robert R. Lee Promise Category B Scholarship
(2001-2014)
Kentucky Educational Excellence Scholarship (1998-)

$1,400
$4,000

$2,000

$1,000
$2,500

$1,500

$1,100

$3,500

$1,400

$500

$3,250

$7,750

$3,500
$1,600

$3,000

1,000

All in-state

University
of
Alaska campuses
All in-state
Public in-state

Class Rank

Alaska Scholars (1999-)

Avg. Award

Avg. Recipients

GPA
and
ACT/SAT scores
GPA

Eligible Schools

Program Name (Year Introduced - Year Discontin- Award Criteria
ued)

Table 3.2: State-Funded Merit Scholarship Programs
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19,000
2,250
5,500
32,500
3,300
61,000
3,500
9,000

6,000

Public in-state
All in-state
All in-state
All in-state
All in-state
All in-state
All in-state
All in-state

Public in-state

$2,500

$4,500

$4,200

$3,500

$1,200

$5,000

$7,500

$2,400
$1,500

Avg. Award

Notes: This table includes programs identified in the NASSGAP Annual Surveys that (1) operated between 1999 and 2010; (2) provide non-loan aid; (3)
determine eligibility based on merit alone; and (4) fund all eligible students. ‘Year Introduced’ and ‘Year Discontinued’ indicate the first and last academic
years, respectively, in which students entering college were eligible to receive the award. The HOPE Scholarship in Georgia and the Academic Challenge
Scholarship in Arkansas were originally instituted as need-based grants, requiring that students meet both academic and financial need criteria. Georgia
eliminated the HOPE scholarship’s financial need criterion in 1996, and Arkansas followed suit in 2010. ‘Eligible Schools’ are schools at which the award
could be used. ‘Avg. Recipients’ include both new and renewing students. ‘Avg. Award’ is calculated as total dollars spent on the scholarship divided by the
total number of recipients. The average number of recipients and average amount of the award are calculated over all years between 2002 and 2010 during
which the merit aid program operated.
Source: National Association of State Student Grant and Aid Programs (2016); Frisvold and Pitts (2018); and program websites.

GPA
GPA and ACT
score
South Carolina Palmetto Fellows Scholarship (1998-) GPA and ACT
score
South Carolina Legislative Incentive for Future Ex- GPA and ACT
cellence (LIFE) Scholarship (1998-)
score
South Dakota Opportunity Scholarship (2004-)
GPA and ACT
score
Tennessee HOPE Scholarship (2004)
GPA
and
ACT/SAT scores
Utah Regents’ Scholarship
GPA and ACT
scores
West Virginia Providing Real Opportunities for Maxi- GPA
mizing In-State Student Excellence (PROMISE) Scholarship (2002)
Wyoming Hathaway Scholarship (2006)
GPA and ACT
scores

New Mexico Lottery Success Scholarship (1997-)
North Dakota Academic Scholarship (2010-)

Avg. Recipients

Eligible Schools

Program Name (Year Introduced - Year Discontin- Award Criteria
ued)

Table 3.2: State-Funded Merit Scholarship Programs (Continued)

file a tax return, parental income is defined as the Adjusted Gross Income from Form 1040.
In years in which no tax return is filed, parental income is defined as the sum of wage
earnings (from Form W-2) and unemployment benefits (from Form 1099-G). Parental income
is averaged over the 5 years when the student is aged 15-19; quintiles are calculated by
ranking income within birth cohort. These measures are then collapsed to the college-cohort
level using the college each student attended most frequently between the ages of 19 and 22.
College attendance is determined using data from Form 1098-T and Pell grant records.

3.3.3

Empirical Strategy

My analysis uses an event study framework with staggered adoption dates to measure the
effect of broad-based merit aid on the parental income distribution within schools. My
baseline model takes the form
q

Yit = β × MeritAidit + δi + γt + ε ist

(3.1)

q

The dependent variable, Yit , is the share of students enrolled at college i from cohort t
whose parental income falls in quintile q. My variable of interest, MeritAidit , is an indicator
variable that equals 1 if students at school i in cohort t were eligible to receive a broad-based
merit scholarship. Because my income data is available by birth-year cohort, rather than
college entry-year cohorts, I approximate this variable by assuming that students enter
college during the calendar year in which they turn 19.6 My model also includes collegelevel fixed effects δi and cohort-level fixed effects γt . Observations are weighted by the total
number of students in each college-cohort cell. Standard errors are clustered by state. This
analysis uses state-level variation in the timing of scholarships to identify the coefficient of
6 Data

on college enrollment among National Longitudinal Survey of Youth’s 1997 cohort (NLSY97) — born
between 1980 and 1984 — shows that the modal full-time undergraduate entered college for the first time during
the calendar year in which they turned 19. For this analysis, I consider a student to have enrolled full-time in
college in year t if they were enrolled in a 2- or 4-year institution for at least 3 months in year t and at least 6
months in year t + 1. Using this definition, over 40% of NLSY97 respondents who ever enrolled in college did
so during the calendar year in which they turned 19, and another 25% did so during the calendar year in which
they turned 20. Note that some students would therefore have been 18 at the time of enrollment in the former
group, and 19 in the latter group.
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interest, comparing schools in states that implemented broad-based merit scholarships at
different points in time.
I next estimate two variations on this model to take into account some of the heterogeneity
in the various merit aid programs. First, following Sjoquist and Winters (2015a,b) I split the
set of merit aid programs into strong and weak programs.
q

Yit = β S × StrongMeritAidit + βW × WeakMeritAidit + δi + γt + ε ist

(3.2)

Strong programs are characterized by larger participation rates and more generous awards
than weak programs.7 Finally, I estimate a model that directly controls for the average size
of the award granted by each merit aid program:
q

Yit = β 1 × MeritAidit + β 2 × MeritAwardit + δi + γt + ε ist

(3.3)

where MeritAwardit is the average dollar value of the merit scholarship for which students
at school i in cohort t are eligible, calculated using the NASSGAP program-level data. If
students at school i in cohort t are not eligible for any of the merit aid programs identified,
then MeritAwardit equals zero.
Since the majority of merit aid recipients enroll at public colleges and universities, I
present results restricting the data to only public schools. Even within the set of public
schools, however, there is significant variation in terms of selectivity, and, to some extent,
the dollar value of the award.8 I therefore also explore heterogeneity in the impact of merit
scholarships by college tier.9
7 Sjoquist

and Winters (2015b) define strong merit aid programs to be those in Florida, Georgia, Kentucky,
Louisiana, Nevada, New Mexico, South Carolina, Tennessee, and West Virginia. The set of strong merit aid
programs is slightly more limited than the set of “broad" merit aid programs defined in Dynarski (2004, 2008);
Fitzpatrick and Jones (2012), which they define as programs for which at least 30% of high school students
would be eligible based on their grades and test scores.
8 Several

merit aid programs provide different funding levels at different schools, often corresponding to the
price of the school. For example, awards are typically lower if used at community colleges, which tend to have
low tuition and fees.
9 Using

the classifications found in Chetty et al. (2017b, Table 3) I classify public schools into three tier:
highly selective, selective, non-selective 4-year, and 2-year.

92

3.4

Results

Table 3.3 displays estimates of the impact of state merit aid programs on the parental income
distribution of students at public and private colleges. The first row presents estimates from
Equation 3.1, in which all twenty-five of the merit aid programs are treated as equivalent.
The results of this specification suggest that merit aid programs are associated with a small
increase in the median parental income for college students, associated with small decreases
in the share of students coming from the lower 60% of the national income distribution and
an increase in the share coming from the top 20%. In the next two rows, I look separately at
the impact of strong and weak merit aid programs. These results highlight the importance of
accounting for program heterogeneity, as strong and weak programs have opposite impacts
on the parental income distribution of college students. My estimates show that strong
programs, which offer generous awards to a broad group of students, can in fact reduce
income inequality within schools. They are associated with statistically significantly lower
median incomes and an increased share of students with parents in the lowest income
quintile. In contrast, weak merit aid programs exacerbate income inequality, increasing
the median income of college students and the share of students from the highest income
quintile while reducing the share from the lowest three quintiles.
The final two rows in Table 3.3 report results from my preferred specification, in which I
control for both the presence of a state-funded merit aid program and the average size of
the award made by that program. This provides a direct measure of program generosity, in
contrast with the less precise strong/weak categorization. These estimates show that merit
aid programs have a large impact on the parental income distribution of college students,
shifting it further in favor of wealthy students. Introducing a merit scholarship is associated
with a large increase in the median income of college students’ parents and the share of
college students with parents in the top income quintile, while significantly reducing the
share of students from the lowest income quintiles. Larger awards can offset this effect, with
a $1,000 increase in the average award amount increasing the share of students from the
lowest income quintile by nearly half a percentage point while reducing the share from the
93

94

1,060
(1,234)

Weak Merit Aid

−84.363
(877)
23,515

Avg Award Amt

Observations

23,515

0.483∗∗∗
(0.112)

−1,097∗∗∗
(376)
23,515

−1.369∗∗∗
(0.378)

−0.363∗∗
(0.166)

1,931∗∗∗
(540)

3,718∗∗∗
(1,111)

0.556∗∗
(0.273)

−0.160
(0.147)

−2,418∗∗
(1,209)

969∗
(519)

(3)

Pct Q1

23,515

0.312∗∗∗
(0.094)

−0.960∗∗∗
(0.275)

−0.267∗∗
(0.108)

0.132
(0.402)

−0.179
(0.123)

(4)

Pct Q2

23,515

−0.024
(0.090)

−0.486∗
(0.270)

−0.640∗∗∗
(0.100)

−0.210
(0.359)

−0.545∗∗∗
(0.111)

(5)

Pct Q3

23,515

−0.102
(0.104)

0.316
(0.337)

0.023
(0.118)

0.194
(0.405)

0.061
(0.131)

(6)

Pct Q4

23,515

−0.670∗∗∗
(0.177)

2.500∗∗∗
(0.526)

1.247∗∗∗
(0.241)

−0.672
(0.628)

0.823∗∗∗
(0.243)

(7)

Pct Q5

Notes: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01. Standard errors are clustered by school. This table presents estimates of the impact of large-scale merit aid programs on
the parental income distribution of enrolled students. Coefficients are estimated by regressing moments of the parental income distribution on an indicator
variable that equals one if a merit scholarship is available for students in a given school-cohort. My preferred specification also controls for the average
amount of the merit award made by the program for which students in that school-cohort cell are eligible. All regressions also include school-level fixed
effects and birth cohort-level fixed effects. Observations are weighted by the total number of students in each school-cohort cell.
Source: Chetty et al. (2017b, Table 3); National Association of State Student Grant and Aid Programs (2016)

−70.242
(2,422)

Merit Aid

Program Generosity

−5,009∗
(2,854)

−281
(1,184)

(2)

(1)

Strong Merit Aid

Strong/Weak Programs

Merit Aid

Base Model

Median

Mean

Parental Income

Table 3.3: Impact of Merit Aid Programs on the Parental Income Distribution of College Students

top income quintile by over two-thirds of a percentage point.
In Table 3.4, I examine heterogeneity in the impact of merit aid programs on the parental
income distribution of college students by the type (public vs private) and tier of college.
The first two rows estimate Equation 3.3 using only data on public colleges, while the next
two rows use only data on private colleges. From these estimates, it is clear that public
colleges are driving the results. This is consistent with the fact that most students who
receive one of these state-funded merit scholarships enroll at a public school; the number of
students who are induced to enroll at a private college as a result of qualifying for a merit
scholarship is likely not enough to generate a detectable shift in the income distribution.
Looking separately at the different tiers of public schools, the effect of merit scholarships
on the income distribution at selective colleges and two-year colleges (the two largest
categories) follows the pattern discussed above. It seems unlikely, however, that merit
aid would be sufficient to induce high-income students to enroll at a community college;
a more likely hypothesis is that the availability of merit aid is instead encouraging lowincome students to enroll at a four-year college, thus reducing their representation among
community college students. The distribution at nonselective four-year colleges is not
significantly affected by merit scholarships, in part reflecting imprecision in the estimates
due to the small number of schools. At highly selective schools, merit scholarships again
decrease representation of students from the lower income quintiles while more generous
awards increase it. However, at highly selective schools mean parental income actually falls
after the introduction of a merit scholarship, although it falls less when there is a more
generous award. As these highly selective schools contain more individuals not only from
the top income quintile but from the far right tail of the income distribution, this impact
shows that even students from very wealthy families respond to merit aid.

3.5

Conclusion

State-funded merit scholarships provide over a billion dollars of funding annually to
students pursuing higher education. While the main goal of these programs is usually to
95

96

−603
(701)

Avg Award Amt

−462
(1,215)

−8,109∗∗
(3,508)

Avg Award Amt

3,114
(2,771)

−1,025
(907)

Merit Aid

Avg Award Amt

−0.846∗∗
(0.374)
0.320∗∗∗
(0.122)

−1,816∗∗∗
(590)

0.338∗∗∗
(0.071)

−0.795∗∗∗
(0.168)

0.322
(0.298)

−1.031
(1.037)

5,398∗∗∗
(1,632)

−445
(616)

10,548∗∗∗
(1,053)

Avg Award Amt

Selective Public

1,153
(1,030)

−33,987∗∗∗
(2,038)

Merit Aid

Highly Selective Public

3,051
(3,340)

0.514∗∗∗
(0.120)

−1,501∗∗∗
(391)

24,914∗∗∗
(7,987)

−1.439∗∗∗
(0.399)

(3)

Pct Q1

4,799∗∗∗
(1,148)

Merit Aid

All Private

1,832
(2,284)

(2)

(1)

Merit Aid

All Public

Median

Mean

0.343∗∗
(0.169)

−1.020∗∗
(0.487)

0.268∗∗∗
(0.070)

−0.324∗
(0.183)

0.016
(0.176)

−0.109
(0.556)

0.375∗∗∗
(0.103)

−1.147∗∗∗
(0.296)

(4)

Pct Q2

Parental Income

0.320∗
(0.179)

−1.286∗∗
(0.534)

−0.226∗∗∗
(0.081)

0.252∗
(0.127)

−0.192
(0.164)

0.028
(0.427)

0.022
(0.096)

−0.630∗∗
(0.290)

(5)

Pct Q3

0.035
(0.177)

−0.018
(0.594)

0.219
(0.203)

−1.189∗∗∗
(0.312)

0.271
(0.236)

−0.724
(0.756)

−0.140
(0.112)

0.408
(0.360)

(6)

Pct Q4
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−1.018∗∗∗
(0.352)

3.171∗∗∗
(0.995)

−0.599∗∗∗
(0.193)

2.057∗∗∗
(0.414)

−0.417
(0.392)

1.836∗
(1.088)

−0.772∗∗∗
(0.189)

2.809∗∗∗
(0.554)

(7)

Pct Q5

97

−723
(2,314)

Avg Award Amt

−1,741∗∗∗
(405)

−1,627∗∗∗
(466)

Avg Award Amt

0.805∗∗∗
(0.205)

0.489∗∗∗
(0.106)

−1.367∗∗∗
(0.293)

0.062
(0.529)

0.842∗∗∗
(0.227)

−2.164∗∗∗
(0.689)

−1.358
(1.609)

(4)

Pct Q2

−2.071∗∗∗
(0.531)

(3)

Pct Q1

−0.123
(0.100)

−0.159
(0.247)

−0.989∗∗
(0.378)

1.306
(1.184)

(5)

Pct Q3

−0.395∗∗∗
(0.147)

0.972∗∗
(0.447)

0.132
(0.473)

0.581
(1.429)

(6)

Pct Q4

−0.776∗∗∗
(0.190)

2.718∗∗∗
(0.595)

−0.047
(0.530)

1.542
(1.619)

(7)

Pct Q5

Notes: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.1. Standard errors are clustered by school. This table presents estimates of the heterogeneity in the impact of large-scale
merit aid programs on the parental income distribution of enrolled students by type of school (public vs private) and selectivity tier. Coefficients are
estimated by regressing moments of the parental income distribution for different subsets of schools on an indicator variable that equals one if a merit
scholarship is available for students in a given school-cohort and the average amount of the merit award made by the program for which students in that
school-cohort cell are eligible. All regressions also include school-level fixed effects and birth cohort-level fixed effects. Observations are weighted by the total
number of students in each school-cohort cell.
Source: Chetty et al. (2017b, Table 3); National Association of State Student Grant and Aid Programs (2016)

4,984∗∗∗
(1,292)

4,523∗∗∗
(1,418)

224
(1,203)

Merit Aid

Two-Year Public

4,155
(5,408)

Merit Aid

2,821
(3,645)

(2)

(1)

Nonselective Four-Year Public

Median

Mean

Parental Income

Table 3.4: Heterogeneity in the Impact of Merit Aid Programs on the Parental Income Distribution of College Students (Continued)
By School Type and Tier

encourage high-achieving students to attend college in-state, they are all introduced against
a background of stark income inequality within colleges, with more than twice as many
high-income students enrolled in public colleges as low-income students. The contrast
is even more apparent at private colleges, where more than 40% of all enrolled students
come from the highest income quintile. In this context, it is helpful to know whether merit
scholarships contribute to this inequality or if they can serve the dual purpose of improving
access to colleges for low-income students.
Using data from Opportunity Insights, this paper estimates the impact of merit scholarships on the parental income distribution of college students by exploiting variation in the
availability of merit scholarships to students within a state over time. I find that merit aid
programs are capable of improving access to colleges for low-income students. However,
programs with strict eligibility criteria and less-generous funding can instead exacerbate
income inequality within schools.
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Appendix A

Appendix to Chapter 2
A.1

Comparison Group Construction

In this analysis, I present results using six different comparison groups. These comparison
groups are constructed as follows:
1. Primary Comparison Group. To construct this comparison group, I start with the
universe of schools that received Title IV funding during the 2009-2010 academic year. I
restrict the group to public schools located in New England and the Mid-Atlantic states.
I exclude historically black or tribal schools. Finally, I restrict to the set of schools with
the same Basic Carnegie Classification (“Masters Colleges and Universities: Larger
Programs") and Undergraduate Instructional Program Classification (“Balanced arts &
sciences/professions, some graduate coexistence") as the treated schools.
2. Expanded CC Comparison Group. To construct this comparison group, I apply the
same set of criteria used to construct the Primary Comparison Group, but I expand
it to include schools with similar Basic Carnegie Classifications (“Masters Colleges
and Universities", any size; “Baccalaureate Colleges", any size) and Undergraduate
Instructional Program Classifications (“Arts & sciences plus professions, some graduate
coexistence" or “Balanced arts & sciences/professions, some graduate coexistence").
3. DFRCG Comparison Group. To construct this comparison group, I start with the
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set of schools that are listed in the data feedback report comparison group (DFRCG)
for at least on treated school, and then restrict to schools in New England and the
Mid-Atlantic states. A school can either create its own custom comparison group for
the data feedback report or it can use one auto-generated for it by the National Center
for Education Statistics. Auto-generated comparison groups are selected based on
control type, the largest program of study, and enrollment size.
4. Distance-Based Comparison Groups. To construct these comparison groups, I apply
the same set of criteria used to construct the Primary Comparison Group, but I restrict
schools based on their geodetic distance to the nearest treated school, rather than by
the state in which they are located. First, I create a comparison group that restricts to
schools within a 150 mile radius of a treated school; this is the median distance moved
by a state college graduate. Next, I create a comparison group that restricts to schools
with a 330 mile radius of a treated school; this is the mean distance moved by a state
college graduate. Finally, I create a comparison group that restricts to schools within a
660 mile radius of a treated school; this is the mean distance moved by an elite college
graduate. See Sentz et al. (2018).
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1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34

Central Connecticut State University
Eastern Connecticut State University
Southern Connecticut State University
Western Connecticut State University
Morehead State University
Northern Kentucky University
University of Southern Maine
Bowie State University
Frostburg State University
University of Maryland-University College
Salisbury University
Towson University
Massachusetts College of Liberal Arts
University of Massachusetts-Dartmouth
University of Michigan-Dearborn
Keene State College
Plymouth State University
Rowan University
New Jersey City University
Ramapo College of New Jersey
Rutgers University-Camden
Stockton University
The College of New Jersey
William Paterson University of New Jersey
College of Staten Island CUNY
CUNY Lehman College
SUNY College at Brockport
SUNY at Fredonia
SUNY College at Geneseo
State University of New York at New Paltz
SUNY Oneonta
SUNY College at Potsdam
SUNY College at Plattsburgh
University of North Carolina Wilmington

School Name

Table A.1: Comparison Schools

CT
CT
CT
CT
KY
KY
ME
MD
MD
MD
MD
MD
MA
MA
MI
NH
NH
NJ
NJ
NJ
NJ
NJ
NJ
NJ
NY
NY
NY
NY
NY
NY
NY
NY
NY
NC

State

X

X
X
X
X
X
X
X

X

X
X
X

X

X
X

X

X

Primary

X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X

X
X
X
X
X
X

X

X
X

Expanded CC

X

X
X

X
X

X

X
X

X
X
X

DFRCG

X
X

X
X

X

X

X

X

X

X
X
X

X
X
X

X

X
X
X

X

X
X

X

< 330 mi

X
X

X
X
X
X
X
X
X

X

X
X
X

X
X

X
X

X

X
X

X

< 660 mi

Distance to Nearest Treated School

< 150 mi
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35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51

University of North Carolina at Pembroke
Bloomsburg University of Pennsylvania
California University of Pennsylvania
Cheyney University of Pennsylvania
Clarion University of Pennsylvania
East Stroudsburg University of Pennsylvania
Edinboro University of Pennsylvania
Kutztown University of Pennsylvania
Lincoln University
Mansfield University of Pennsylvania
Millersville University of Pennsylvania
Shippensburg University of Pennsylvania
Slippery Rock University of Pennsylvania
Rhode Island College
Castleton University
Johnson State College
Radford University

School Name

Comparison Schools (Continued)

NC
PA
PA
PA
PA
PA
PA
PA
PA
PA
PA
PA
PA
RI
VT
VT
VA

State

X
X
X

X

X

X
X
X

X
X
X
X

X
X
X
X

X

X

Expanded CC

X

Primary

X

X

X
X

X
X
X

DFRCG

X

X

X

X

X

X

X

X

< 330 mi

X

X

X

X

X
X
X
X

X
X

< 660 mi

Distance to Nearest Treated School

< 150 mi

