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Abstract—We study the removal of information from a market, such as a
job-applicant screening tool. We characterize how removal harms groups
with relative advantage in that information: typically those for whom the
banned information is most precise relative to alternative signals. We illus-
trate this using recent bans on employers’ use of credit report data. Bans
decrease job-finding rates for Black job-seekers by 3 percentage points
and increase involuntary separations for Black new hires by 4 percentage
points, primarily because other screening tools, such as interviews, have
around 60% higher standard deviation of signal noise for Black relative to
white job-seekers.

I. Introduction

E are in the midst of an information boom: employ-

ers now check job-seekers’ Facebook friends; lenders
evaluate loan applicants’ SAT scores; and other examples
abound.! With this boom have come contentious debates.
Should policy restrict access to some of this new informa-
tion? When are different individuals helped or hurt by such
restrictions?

We help answer such questions theoretically and empir-
ically. Theoretically, we characterize which groups of indi-
viduals benefit from information restrictions using a novel
measure of relative advantage in information. Relative ad-
vantage depends on an intuitive ratio between various in-
formation sources’ precision as signals of unobserved qual-
ity. The group with the lowest (highest) relative advantage
typically benefits from an information source being banned
(available).

Empirically, we illustrate this result by studying recent
restrictions on the use of credit report data in labor mar-
kets. We ask whether these restrictions have achieved one of
their primary stated goals, to protect the labor market oppor-
tunities of minority job-seekers. We estimate these restric-
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tions have sizable, negative effects on labor market outcomes
for Black job-seekers: a 13% decline in Black job-finding
hazards and a 3.7 percentage-point increase in Black work-
ers’ probability of involuntary separation shortly after hiring.
Population average job-finding and white job-finding show
little change after credit check bans, and our estimates for
Hispanic job-seekers are usually statistically indistinguish-
able from those for white job-seekers.

Our theoretical work helps explain these results. In the
case of credit check bans, Black job-seekers will not neces-
sarily benefit on average from recent restrictions even though
Black individuals are disproportionately likely to have low
credit scores,” and even though Black individuals may have
moderately noisier credit report information.®> This is be-
cause the effect of restrictions also depends on the informa-
tiveness of credit report data relative to other existing screen-
ing tools. In a quantitative version of our theoretical model,
we estimate this measure of relative advantage is particularly
high for Black job applicants, largely because the standard
deviation of noise in other screening tools such as job inter-
views and referrals is 60 to 80% higher for Black job-seekers
than for white job-seekers.

Our application to credit check bans is motivated by the
prevalence of such credit checks and by the rich varia-
tion available in recent regulations. Pre-employment credit
checks, which we shorten as PECCs, have been a popular
screening tool among employers, used by perhaps 60 per-
cent of large firms to screen job applicants in 2010 (Society
for Human Resource Management, 2012). However, often
citing concerns about minorities’ disadvantage in credit re-
port information,* policy-makers have restricted PECCs in
11 states, New York City, and Chicago. These restrictions
include varied exemptions for certain occupations and in-
dustries, providing us with rich variation to study.

We conduct our empirical work in two datasets—the Cur-
rent Population Survey (CPS) and administrative data aggre-
gated from state unemployment insurance records. We begin
with a standard, state-time difference-in-differences analysis
of job-finding and involuntary separation rates after PECC
bans, and then corroborate our results using rich job-level
variation in which occupations and industries are covered

’In the mid-2000s, for example, over 50 percent of Black individuals
were in the bottom quintile of the credit score distribution (Avery et al.,
2009).

3We quantify this in section VE; for related evidence, see also Blattner
and Nelson (2024).

4U.S. Sen. Elizabeth Warren, for example, has claimed that “credit re-
ports in the hiring process are disproportionately used to disqualify people
of color from open positions” (Office of Senator Elizabeth Warren, 2013).
The EEOC has pursued Civil Rights Act suits against employers asserting
that PECCs “tend[s] to impact more adversely on females and minorities”
(Crawford, 2010).
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by or exempted from PECC bans. Results from demanding
triple-difference models, from tests of our estimators’ vari-
ous parallel-trends assumption, and from permutation tests,
all further corroborate these results. Results using the Sun
and Abraham (2021) estimator and from the diagnostics pro-
posed by Goodman-Bacon (2021) suggest that biases due to
staggered treatment timing do not influence our results. We
also investigate PECC bans’ effects across other dimensions
of heterogeneity for which non-PECC screening tools likely
differ, such as different levels of educational attainment. We
find that the negative effect of PECC bans is particularly
pronounced for Black job-seekers without a college degree,
which, assuming education provides a signal of match qual-
ity, is further consistent with our theoretical results.

Our paper makes three contributions to the literature.
First, we show theoretically how a ban on an information
source has differential effects across groups depending on
a novel measure of groups’ relative advantage in informa-
tion. Whereas some models of labor market screening (and
discrimination) have emphasized group differences in aver-
age match quality, signal precision, or both (Autor & Scar-
borough, 2008; Phelps, 1972; Aigner & Cain, 1977), our
characterization of how relative advantage in signal preci-
sion affects the incidence of banning a signal across groups
is new. We view our theoretical result as relevant in a range
of information-intensive markets, such as labor and finance,
where regulation contemplates bans of various informa-
tion sources, and where extant information restrictions have
been found to generally worsen Black individuals’ outcomes
(Agan & Starr, 2018; Wozniak, 2015; Doleac & Hansen,
2020).

Second, focusing empirically on the example of PECC
bans, we provide the first evidence that PECC bans have
negative effects on average labor market outcomes for Black
job-seekers, despite Black individuals’ lower average credit
scores; we are also the first to estimate PECC bans’ effects
on new-hire match quality. These findings show that restrict-
ing PECCs has large labor market impacts: the estimated
overall effect of PECC bans on the employment rate of Black
individuals is as large in magnitude as a 8.6% rise in wages
(Lichter et al., 2015). A contemporaneous paper, Ballance
et al. (2020), studies the impacts of PECC bans on census
tracts with different average credit scores. Friedberg et al.
(2021) study the direct effects of PECC bans on individuals
with poor credit health, and Cortes et al. (2022) investigate
the supply-side responses to PECC bans.’

A related literature has studied the correlation of credit histories with
measures of worker personality traits (Bernerth et al., 2012), employee rat-
ings (Bryan & Palmer, 2012), and match quality (Weaver, 2015). A more
detailed portrait of how firms use PECCs during the hiring process is pro-
vided by the sociology literature on PECCs, which has studied how HR
professionals interpret credit report information (Kiviat, 2019) and respond
to adverse or positive credit information from different types of workers
(O’Brien & Kiviat, 2018). Corbae and Glover (2023) theoretically study
PECC bans in an equilibrium search framework where credit report data,
due to the interaction between credit constraints and human capital, are
used as a proxy for imperfectly observed education.

Third, we are the first to provide quantitative estimates
of divergent signal noise across race and ethnic groups for
standard job-screening tools such as interviews and refer-
rals. This finding provides empirical support for models in
which employers have noisier information about Black job-
seekers than other groups (Aigner & Cain, 1977; Cornell &
Welch, 1996; Morgan & Vardy, 2009; Bjerk, 2008) and help
explain known results in other settings beyond information
regulation, including the higher return for Black individuals
to other labor market signals such as occupational licenses
(Blair & Chung, 2022), referral letters (Heller & Kessler,
2021), and veteran status (De Tray, 1982), the positive re-
lationship between firm size and Black share (Holzer, 1998,
and the persistent impacts of temporary affirmative action
programs (Miller, 2017).® More broadly, our results show
how differences in the precision of signals received by em-
ployers, given the social environment and commonly used
screening tools, may represent a form of institutional dis-
crimination (Small & Pager, 2020) that generates racial dis-
parities in labor market outcomes.’

The remainder of this paper is organized as follows. We
develop our theoretical results in section II. Section III pro-
vides background on the use of PECCs and introduces our
data, and section IV describes our empirical strategy. We
present our results in section V, where we also apply our
theoretical results to our empirical estimates. Section VI
concludes.

II. Conceptual Framework

This section analyzes theoretically the effects of banning
an information source. We develop a measure of relative
advantage in information, and we show our measure has a
straightforward closed form in a range of settings.

SRecent research has explored the implications of the usage of particu-
lar types of information in labor markets, including more specific types of
credit information (Bos et al., 2018; Herkenhoff et al., 2021; and Dobbie
et al., 2020), drug testing (Wozniak, 2015), criminal records (Holzer et al.,
2006; Finlay, 2009; Shoag & Veuger, 2016; Agan & Starr, 2018; Craigie,
2020; and Doleac & Hansen, 2020), unemployment duration (Kroft et al.,
2013 and Jarosch & Pilossoph, 2019), and job-testing (Autor & Scarbor-
ough, 2008 and Hoffman et al., 2018). Liberman et al. (2018) study the
effects of removing credit history information on credit market outcomes
in Chile.

7A range of evidence from sociology and economics points to signal
precision playing a central role in labor markets in particular, for rea-
sons including the importance of social networks and referrals in job
search (Braddock II & McPartland, 1987; Neckerman & Kirschenman,
1991; Waldinger, 1997; Smith, 2005; Bayer et al., 2008; Hellerstein et al.,
2011), interpersonal or cultural barriers to interpreting interview informa-
tion (Lang, 1986), or a hiring manager’s lower ability to screen applicants
from races and ethnicities other than their own (Giuliano et al., 2009; Ben-
son et al., 2023). Employers and job-seekers also directly report disparities
in signal precision: Wozniak (2011) finds that 23% of employers say that
they find it easier to determine who is a good hire for white than Black ap-
plicants and that, for both employers and Black job-seekers, the most com-
mon specific suggestion for improving Black-male employment outcomes
is creating ways for Black job-seekers to provide additional information to
employers.
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A. A Model of Relative Advantage in Information

‘We focus on markets with information asymmetries where
agents on one side of the market—the senders—compete to
signal the other side of the market—a receiver—that their
quality is above some (potentially endogenous) threshold.
Examples include labor market settings with fixed wages,
or credit market settings similar to the U.S. mortgage mar-
ket, where loan approval often depends on threshold rules.®
We characterize the effects of banning an information source
when that source as well as other information sources per-
form differently for senders from different groups, and when
these groups differ in terms of their underlying match qual-
ities for the receiver. We also allow for receivers, or their
priors, or particular signals, to be biased against particular
groups.

The model highlights three mechanisms that drive the ef-
fects of information restrictions in screening. First, adding
an information source or increasing the precision of an exist-
ing information source—that is, a refinement of the available
signal technologies—will spread out, or add variance to, the
receiver’s expectations about the senders’ qualities. Second,
such an increase in variance is good for any group on av-
erage in partial equilibrium, so long as the senders benefit
from conveying any information at all—that is, so long as
a sender who sends no information does not get selected by
the receiver. However, and third, in general equilibrium the
threshold for being selected is endogenous, so the effects of
adding or subtracting signals depends on a sense of relative
advantage over other groups in the market.

We now specify the details of the model. The distribution
of match qualities within group g has mean ., ¢ and inverse
variance A, . Receivers are risk neutral and desire to trans-
act with a fixed number of senders M, and receiver payoffs
are increasing in match quality. Match qualities are unob-
served, but various information sources indexed by k send
signals about match quality with noise that is characterized
by inverse variance hg ; for group g. Receivers form posterior
beliefs about match quality based on these signals and make
matching decisions based on these posteriors. We suppose
receivers have rational priors based on group membership,

8See Keys et al. (2010) for evidence on the use of threshold rules in mort-
gage approvals. In a labor market setting, the assumption of fixed wages
could be motivated by a binding minimum wage, firms having all the bar-
gaining power and paying workers their (common) outside option, or firm
commitment to paying posted wages. Hall and Krueger (2012) find that
only about one-third of new hires reported bargaining over their wage. Of
the two-thirds that did not report bargaining over their wage, about half
reported knowing their exact wage prior to being interviewed for the job.
Wage bargaining is more common among highly educated workers and
workers making job-to-job transitions. Broadly, we interpret this evidence
to suggest that modeling firms as committing to posted wages is a rea-
sonable assumption for firm behavior in many cases, particularly among
unemployed job-seekers as in our empirical setting. We also discuss in
section VB some evidence that PECC bans have not had a detectable ef-
fect on wages. At the same time, our model may not be appropriate for
analyzing labor market segments where wage-bargaining dominates, or
for understanding information sources more commonly used during wage-
bargaining rather than screening, such as salary histories (Bessen & Denk,
2024; Hansen & McNichols, 2020).

consistent with a model in which receivers statistically dis-
criminate, though we extend to more general (and potentially
biased) priors in appendix section A.° We focus on one sig-
nal that is banned and we represent all other available infor-
mation sources as a single composite “other” signal, where
this composite is defined formally in appendix section A.
Following a long literature and especially Autor and Scar-
borough (2008), we suppose both match qualities and signal
noise are normally distributed, which makes manipulating
receivers’ posteriors tractable.

Given risk-neutrality, it is straightforward to see that re-
ceivers’ optimal strategies are to transact with all senders for
whom the receivers expect match quality to be above some
cutoff k. Therefore to study senders’ outcomes, we are inter-
ested in what share of posterior means are above k for each
group g, given the distributions of posteriors that arise from
a given set of signaling tools. We refer to the share of group
g’s posteriors above this cutoff as \,, or a success rate for
group g.lo We assume the desired number of successes, M,
is small enough that receivers select matches from the right
tail of perceived match qualities; this is consistent with, for
example, an employer hiring less than half of the applicants
whom it sees.

We now examine how the availability of the second sig-
nal affects these success rates. While the availability of the
second signal unambiguously make the tails of the distribu-
tion of posteriors thicker,!! the quality threshold k must also
increase in response, so there are two counteracting forces
that could either increase or decrease a given group’s success
rate. The result that senders can benefit from a refinement
in signals that shifts some posteriors to a “good” region for
senders is familiar to the literature on Bayesian persuasion,
for example, in proposition 2 of Kamenica and Gentzkow
(2011), and we characterize implications of this in a setting
where an endogenous quality threshold can generate coun-
teracting effects across groups in equilibrium.'?

“Whereas statistical and taste-based discrimination are illegal in labor
market contexts under Title VII of the Civil Rights Acts and in credit mar-
kets under the Equal Credit Opportunity Act, including such behavior in
the model is consistent both with our empirical results on PECC bans’
effects, and broader evidence in labor markets on how employers discrim-
inate based on race and ethnicity in the hiring process (see, e.g., Bertrand
& Mullainathan, 2004) and in credit markets on how lenders discrimi-
nate based on race and ethnicity in underwriting decisions (Bartlett et al.,
2022). When receivers cannot use group membership in decision-making,
our model is also consistent with receivers observing how signal precisions
vary across groups, for example, when employers are aware of how much
statistical noise there is in a given referral or educational background.

10The desired number of successes, M, and the resulting threshold k, may
vary across contexts. We abstract from these differences in this section.
Our empirical approach is robust to rich differences between firms, states,
and across time, as long as those differences are not correlated with PECC
bans.

"That is to say, posteriors about each sender become more precise, and
therefore the population distribution of posterior means becomes more dif-
fuse. This can be seen by examining expression (A.5) in appendix sec-
tion A.

12This literature has also studied strategic interaction among senders, for
example, by Gentzkow and Kamenica (2017), Board and Lu (2018), and
Au and Kawai (2020). We study a setting where senders take the signal
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DELETING A SIGNAL 155

To characterize the banned signal’s net effect, we param-
eterize the availability of the second signal with a € [0, 1],
and replace the noise of the banned signal /4 pannea With the
term 0/1g panned, Such that o = 0 corresponds to a total ban
and a = 1 corresponds to no ban at all. We then evaluate the
effect of varying o on group-specific success rates for two
groups g and g'. Details are presented in appendix A. Our
main result is that success rates for a group are increasing
in the availability of the banned signal if and only if that
group’s relative advantage in the banned signal precision,
g banned /g banned 1S greater than the group’s relative advan-
tage in other available screening tools, w,/wy. Relative ad-
vantage takes an especially simple form when underlying
match qualities are identically distributed across groups with
the same variance 1/hg:

Proposition 1. With identically distributed match qualities
across groups, the success rate '\, of group g is increasing in
the availability o of the banned signal as
dh hy o
—% > 0 if and only if —gbanned =, (1)
da hg ,banned Wg
where the final term, which captures relative advantage in
baseline signals, is characterized by

We = hg,baseline(ho + hg,baselinc)- 2)

Intuitively, the proposition shows that a group, labeled g,
can benefit from the availability of a signal even without hav-
ing absolute advantage vis-a-vis that signal (i.e., even if the
ratio Ag panned /Mg banned 18 1ess than 1), if and only if the same
group is more disadvantaged in terms of other signals (i.e.,
if the ratio wg/wy is yet lower). Figure 1 illustrates this re-
sult graphically. In figure 1 panel A, we show equilibrium
success rates after a signal ban: one group, labeled “0,” has
noisier signals under baseline screening tools and therefore
less diffuse posteriors than another group, labeled “1.” Cor-
respondingly group O has a lower success rate, given the
equilibrium quality threshold k. Figure 1 panel B then il-
lustrates how posterior means of match qualities shift when
the banned signal is instead available, in the case where the
banned signal provides more precise signals for group 0. Fi-
nally, figure 1 panel C illustrates how the quality threshold
k must then shift in order for markets to clear in response to
the new information provided by the additional signal, and
how this shift affects success rates for each group. We see
that the group for which the banned signal provides rela-
tively precise signals is indeed the group that benefits from
the availability of the signal.

When groups have differently distributed match qualities,
relative advantage takes a more general but still intuitive
form:

Proposition 2. When match quality distributions differ
across groups, the success rate \g of some group g is in-

technology as given, and a planner regulates the availability of signals with
an eye to equilibrium incidence across groups.

creasing in the availability o of the banned signal as

d-}\- h anne A

—=2 > 0 if and only if “ghamed &<1+—M),

do hg’,banned Wg K= g0
3)

where A = g0 — g 0, and where relative advantage in
baseline signals is characterized by

We = hg,baseline (hg,O + hg,baseline)/hg,o- 4

The more general expression in proposition 2 nests the
simpler expression in proposition 1 by adding two mul-
tiplicative factors, each of which relates to differences in
match quality distributions across groups. The factor newly
included in expression equation (4) captures the effect of dif-
ferences in the dispersion of match qualities /. The factor
newly included in expression equation (3) captures the effect
of differences in mean match qualities Ap. Proposition 2
provides a more general characterization of the role of sig-
nal precision and bias in determining the effects of changing
available signaling tools than has been shown in prior work.
Aigner and Cain (1977), for example, study signal precision
without characterizing changes in available signals, and Au-
tor and Scarborough (2008) assume signals differ only in
their biases, not their precisions.

Differences in mean match qualities Ay may reflect the
effects of institutional discrimination across groups (Small
& Pager, 2020), including, for example, unequal access to
education, but these differences may also reflect taste-based
discrimination or more overt bias against particular groups
that affect the receiver’s “perceived” match quality. The re-
sult in proposition 2 shows that a group is more likely to have
relative advantage in a banned signal whenever that group is
the target of such discrimination.'® The same conclusion also
holds for other types of bias that we explore in appendix A,
including biased priors or stereotypes (Bordalo et al., 2016;
Bohren et al., 2023, 2020; Charles & Guryan, 2008; Dar-
ity & Mason, 1998), and biased signals where the receiver
remains unaware of the bias in the signal (Autor & Scarbor-
ough, 2008).

III. Empirical Setting: Background and Data

In this section we provide background on our empirical
application and describe our data. Our primary dataset is the
CPS, which we use to measure job-finding, involuntary sep-
aration rates, and employment. We discuss additional details
in appendix D.

A.  Background and Institutional Details

While evidence on employer use of PECCs is limited,
an industry survey suggests that perhaps 60% of firms used

13This holds given our assumption that matches are made from the upper
half of the perceived match quality distribution, such that the denominator
K — JLg,0 1S positive.
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156 THE REVIEW OF ECONOMICS AND STATISTICS

FIGURE 1.—ILLUSTRATING THE EFFECTS OF A SIGNAL BAN

(a) Success Rates under a Signal Ban
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This figure graphically illustrates the model developed in section ITA. We apply the model to the parameter values reported in the figure for two groups of senders: “0” and “1,” who have identically distributed match
qualities but who differ in how precisely they are screened by available information sources. For more details see section ITA.
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TABLE 1.—CHARACTERISTICS OF PECC AND NON-PECC BAN STATES AND JOBS

Covered jobs Exempted jobs
PECC-ban states Non-PECC-ban states (Within PECC-ban states)
()] (@) 3 “

Panel A. Labor market characteristics by race/ethnicity
Panel Al. Blacks

Black share of state adult population 9% 14%

Black employment rate 87% 90%

Share of black unemployed covered by ban 68% 0%

Average weekly wage ($) $776 $923 $664 $923

Share of workers with 4-year college degree 31% 24% 21% 43%
Panel A2. Hispanics

Hisp. share of state adult population 21% 11%

Hisp. employment rate 90% 93%

Share of hisp. unemployed covered by ban 79% 0%

Average weekly wage ($) $645 $634 $571 $847

Share of workers with 4-year college degree 14% 17% 9% 26%
Panel A3. Whites

White share of state adult population 70% 75%

White employment rate 94% 95%

Share of white unemployed covered by ban 65% 0%

Average weekly wage ($) $990 $866 $850 $1,158

Share of workers with 4-year college degree 45% 37% 36% 56%
Panel B. State economic and policy variables

Saiz housing supply elasticity 1.367 2.367

Share of manufacturing jobs 12% 14%

Maximum total unemployment benefit (thousands of $) $22 $17

Share of states with fracking activity 10% 22%

Share of states passing “ban-the-box” policies 80% 59%

Share of states expanding medicaid under the ACA 80% 54%

This table shows how the characteristics of workers, state economic conditions, and policy vary between-PECC banning and non-PECC-banning states, and between jobs covered by PECC bans and not covered by
PECC bans. Panel A reports summary statistics by race or ethnicity from the CPS for years 2003 to 2018. Panel B reports average economic characteristics and state-policy variables. Columns 1 and 2, respectively,
show statistics for PECC-ban states and nonban states. Columns 3 and 4 then compare covered vs. exempted jobs within PECC-ban states. The share of unemployed workers covered by a PECC ban is determined by
whether an unemployed worker’s most recent job was covered by or exempted from her home state’s PECC ban.

PECCs to screen job applicants in 2010; roughly a quarter
of these firms used PECCs for all job applicants (Society for
Human Resource Management, 2012). For over half of these
firms, the primary reason for using PECCs was to prevent
theft, and correspondingly these firms report using PECCs
for nearly all jobs (91%) that involve handling cash or other
fiduciary responsibility (Society for Human Resource Man-
agement, 2012).

PECCs have a nontrivial effect on hiring decisions.
Household surveys suggest that 10% of low- and middle-
income job-seekers recall being told they were denied a job
on the basis of information in their credit report (Traub,
2013a). The true PECC-related rejection rate may be higher
if some applicants are unaware of the reason for their rejec-
tion (Traub, 2013b).

Thirteen new PECC bans have been enacted to date, while
more than a dozen other states have seen related legisla-
tion proposed but not enacted (Morton, 2014). Washing-
ton was the first state to enact a PECC ban, in April 2007.
Hawaii, Oregon, and Illinois then followed in 2009-2010,
and six other states followed in 2011-2013. Delaware re-
stricted PECCs for public employers in 2014. Chicago and
New York City enacted city-level restrictions on PECCs in
2012 and 2015. Appendix figure 1 shows the states and large
cities that have enacted PECC bans, along with the dates
these laws were signed and went into effect.

These bans vary in strength because of the exemptions
they grant to certain jobs, for example, jobs that involve ac-
cess to payroll information, jobs in high-level management,
jobs that involve supervising other staff, and jobs in dozens
of other industries or categories such as law enforcement,
gaming, space research, banking, or insurance.!* In table 1,
we summarize the full breadth of this heterogeneity in PECC
bans’ exemptions. We collected this heterogeneity by refer-
ring to statute texts, various state agencies’ interpretations
of statutory terms such as “banking activities,” and guidance
from human-resources law firm Littler Mendelson that sum-
marizes relevant case law (discussed further in appendix D).

14The bans also differ in their enforcement mechanisms. In Illinois, for
example, enforcement relies on private litigation by job applicants; in con-
trast the Connecticut law tasks the state Department of Labor with enforce-
ment. These differing enforcement mechanisms also raise the question of
how vigorously different regulators or plaintiff bars have chosen to enforce
these laws. From our conversations with state regulators and reading of the
professional literature in human resources, we conclude that enforcement
has not been particularly vigorous in most states, but that some employers
have nonetheless been eager to comply with bans to avoid being in non-
compliance. Indeed, Phillips and Schein (2015) reported that, as of their
writing, state courts had seen no cases on the state-level bans enacted by
2012, which could be consistent with strong compliance with these laws.
Furthermore, other evidence is consistent with at least a large share of firms
complying with the bans: Ballance et al. (2020) find, using Equifax credit
report data, that employer-related credit checks per unemployed person
decline 7 to 11 percent in the three years after credit bans are passed (see
figure 3 by Ballance et al., 2020).
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We then translate each law’s exemptions into the Census in-
dustry and occupation codes that will classify jobs in our
data, a process that we describe in more detail in section ITIIC
below. Although there have been 13 state and local PECC
bans, in practice we only study ten; the remaining three are
either city bans which were enacted after the state had al-
ready banned PECCs (Chicago), enacted toward the end of
our sample (New York City), or the Delaware ban, which
only covered the public sector and continued to allow PECCs
after an initial interview, which according to evidence re-
ported by Society for Human Resource Management (2012)
likely makes the restriction nonbinding. See appendix sec-
tion D for more details.

The results of this process indicate how PECC bans’ cov-
erage varies across states. Among jobs ever covered by a
PECC ban, we estimate that 49% are granted exemptions
from a PECC ban in at least one state. And among states that
enact bans, the share of workers covered by a ban ranges
from 42% in Connecticut to 80% in Hawaii.

B. CPS

We use the panel dimension of the 2003-2018 CPS micro-
data (U.S. Census Bureau, 2019). The Bureau of Labor
Statistics uses the CPS to measure cross-sectional unem-
ployment and labor-force participation, while the panel di-
mension is used for estimating gross flows in and out of
unemployment, employment, and nonparticipation. Monthly
sample sizes are about 100,000 adults, each of whom stays in
the sample for four consecutive months, then leaves for eight
months, and then re-enters for a final four months. We re-
strict the sample to civilians over the age of eighteen who are
not on a temporary layoff. As illustrated in appendix figure 1,
the number of pre- and post-ban years varies between treat-
ment states. Consequently, for states implementing PECC
bans, we restrict the sample to a balanced set of pre- and
post-ban years common to all states, which is 3 years before
the bans’ implementation and 4 years afterwards.!>

Table 1 presents summary statistics related to PECC bans
using the CPS data. Columns 1 and 2 respectively show la-
bor market statistics for states that do and do not ban PECCs.
Columns 3 and 4 then focus on states with PECC bans,
and respectively show statistics for jobs covered by and ex-
empted from those bans. Statistics are presented separately
for Black, Hispanic, and white workers in panels A1 through
A3. We see that labor market characteristics such as em-
ployment rates are broadly similar within race and ethnicity
groups across states, although employment rates are slightly
higher in states without PECC bans. Wages are also higher
in PECC ban states, as is the overall share of workers with a
four-year college degree.

The CPS provides rich longitudinal information on indi-
vidual job-finding hazards and involuntary separation rates.

5As recommended by Schmidheiny and Siegloch (2023) (see their re-
mark 2), we note that this implies our estimates are not informative about
PECC bans’ effects at horizons longer than four years; both our regression
estimates and our graphical analyses reflect this balanced-data restriction.

However, our estimates, although reasonably precise, are
somewhat noisy. Furthermore, data in the CPS are self-
reported and this may result in further uncertainty. We
address these concerns by analyzing the Job-to-Job (J2J)
Flows data released as part of the Longitudinal Employer-
Household Dynamics (LEHD) program (U.S. Census Bu-
reau, 2018). We discuss these data more in appendix sec-
tion D.6 and present results using these data as robustness
checks in appendix section C.3.

C. Encoding Job-Level Variation

As we introduced in section IITA and table 1, PECC bans
typically include a substantial number of job-specific ex-
emptions. To use this job-level variation to complement our
state-level analyses, we categorize which jobs in our data are
covered by or exempted from each law.

We identify jobs in our data using U.S. Census four-digit
industry codes and four-digit occupation codes, the most
precise classifiers available in the CPS. We then encode each
of these occupations and industries as either covered by or
exempted from each PECC ban, based on the legal sources
detailed in section IIIA and, when necessary, our judgment.
Finally, consistent with the PECC ban statutes, we code a
job as exempt whenever either its industry or occupation is
coded as exempt. More detail on this classification procedure
is presented in appendix section D.3.

We next use this classification of jobs’ exempt status to
measure individuals’ exposure to PECC bans. For employed
individuals this is straightforward: in a PECC-ban state after
the enactment of a ban, an individual is exposed to the ban
whenever his current job is not exempt. For unemployed in-
dividuals, we use two measures of job-level exposure. Our
first measure, which we refer to as “past job” exposure,
uses an unemployed individual’s most recent job. Our sec-
ond measure, which we refer to as “expected job” exposure,
uses an estimate of each unemployed individual’s probabil-
ity of searching for work in a nonexempt job, conditional on
her most recent job. We construct this measure by assuming
these search probabilities are proportional to observed job-
to-job transition rates (via unemployment) in the absence
of PECC bans, and then using our ban-specific measures of
jobs’ exempt status. Appendix section D.3 describes the con-
struction of our “expected job” exposure more formally. For
all three of these measures of individuals’ exposure to PECC
bans, that is, current (C), past (P), and expected (E) job ex-
posure, let le(i)’s(i) stand for the exposure of individual i in
job j and state s after the enactment of state s’s PECC ban,
forl € {C, P, E}.

IV. Empirical Strategy

A. State-level Variation

Our baseline specifications are state-time difference-in-
differences models using the staggered adoption of PECC
bans across geography and time. Let y; be a labor market
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outcome for an individual i living in state s(i) in time #, D
be an indicator for state s(i) having ever put into effect a
PECC ban, and Py, be an indicator for whether a state had
implemented a PECC ban by time . We estimate

Vit = (i), r(i) F+ Veori) + Z&h:r(f) x Dyiiy X Pyiy +€ir, (5)
r
where all right-hand-side variables are fully interacted with
race or ethnicity r.'
In other specifications, we also estimate triple-differences
models of the form

Vit = Os(i),ri) + Yer) + sy + Z 8 Lr=r(iy X Ds(i)
r#W

X Py + €. (6)

These models modify equation (5) by adding state-time fixed
effects while suppressing the » = W (white job-seeker) in-
teraction terms. The coefficients 3, therefore test for PECC
bans’ effects among group r relative to white job-seekers.

We also estimate event-time models where we fully inter-
act our treatment dummies with event time, that is, the num-
ber of time periods since a given ban took effect. Formally,
let 75 be the time period when PECCs are banned in state
s and define ky; =1t —#5 + 1. The event-time specification
corresponding to equation (5) is then

Vit = Os(i),r(iy + Ve + Z Z 85 1r—r(iy X Dy
k r

X k=i, + €irs (N

with other event-time specifications defined analogously.

B. Job-Level Variation

The specifications in section IVA do not exploit the
substantial job-level variation available in different states’
PECC bans. To leverage this job-level variation we use the
treatment measure Tj’(i),x(i), as we constructed in section IIIC.

Recall that le(i),s(i) is a measure of how state s’s PECC ban
covers an individual i with job j, where we use the notation
[ € {C, P, E} to stand for a PECC ban’s coverage of either a
current job (C), past job (P), or expected job (E). Our base-
line specification relying on job variation is then

Yie = Os(iy, j(i),r(i) T Yer() T Z 8rDsiy X Py(iye
r

X Ty F €ir- @®)

Note that this specification may produce high-variance es-
timates in datasets of moderate size, given the large number
of state-job fixed effects o) ji) to be estimated. In practice
we therefore form groups of jobs such that all jobs in a given
group are either all treated or all not treated by a PECC ban

10We define three mutually exclusive race or ethnicity categories, R =
{white, Black, Hispanic}.

in any given state at any given time—these are the standard
fixed effects to include given the level of variation in the
data. There are 43 such job groups in our setting. Through-
out our empirical work we therefore allow j(7) to stand for
job group rather than job.

As in section IVA, we also estimate event-time versions
of our job-level specifications to determine the validity of
our parallel trends assumptions and to explore the path of
treatment effects over time.

C. Duration Dependence

One of our outcomes of interest y; is unemployed indi-
viduals’ job-finding rates, that is, probabilities of transition-
ing from unemployment to employment in adjacent months.
It is well known that job-finding rates exhibit duration de-
pendence, so we formally estimate a hazard model to ac-
count for how a PECC ban may affect both the probabil-
ity of job-finding at a given unemployment duration and the
composition of durations among the pool of unemployed. In
particular, we specify a semi-parametric proportional haz-
ards model of job-finding as by Han and Hausman (1990)
or Meyer (1990), and show how it can incorporate our
difference-in-differences strategy.

To begin, we model \; ,(t), the probability of finding a job
for unemployed person i, at time ¢, after being unemployed
for a length of time T, given individual characteristics X; and
an arbitrary set of fixed effects W;, as

N (1) = ho(T)exp <Wi + Z Brlr=ri) X Dsii)
r

x Py + Xi/Bx,r(i)>- 9

Note that the L term is fully nonparametric in t, as by Cox
(1972), while the proportional hazards assumption appears
through the exponentiated term’s nondependence on T.

We transform this continuous time hazard, \;,(t), into a
discrete time hazard, )\;{ ,(1), defined as the probability of
job-finding between t — 1 and T conditional on being unem-
ployed at time t — 1. Following Han and Hausman (1990)
and Meyer (1990), we can work from equation (9) to write
the discrete time hazard in complementary-log-log form as

In(—In(1 = %¢,(1) = ac + Wi+ Y _ 8,1,y X Dy

X Pyiy.e + X{Br.riiy» (10)

T
oy = ln/ ho(s)ds. (1D
-1

If we replace the arbitrary fixed effects W; with those
from the difference-in-differences specifications described
in sections IVA and IVB, then this specification inher-
its difference-in-differences’ parallel trends identifying as-
sumption. In particular, we assume parallel trends in the
complementary-log-log of discrete-time hazards. It can be
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shown in the derivation of equation (10) that this assump-
tion is equivalent to the assumption of parallel trends in log
continuous time hazards. Given the nonnegativity of haz-
ard rates, we view this log form as the most natural paral-
lel trends assumption to make. We also interact our treat-
ment dummies with dummies for event time, that is, kg, to
generate event-time versions of any of these difference-in-
differences hazard model specifications, analogous to equa-
tion (7).

We take two approaches to estimation depending on the
aggregation level of our data. For individual-level data like
the CPS, the parameters of equation (10) can be estimated
via maximum-likelihood (Meyer, 1990). For aggregated data
like the LEHD-J2J or cases where we need to estimate linear
models, we use OLS where we plug in population-average
job-finding rates for )\;-1:[('[) on the left-hand side of equa-
tion (10). We discuss finite-sample properties of this non-
linear plug-in estimator in appendix section D.4, where we
show that any finite-sample bias due to nonlinearity on the
left-hand side is negligible so long as we exclude LEHD-J2J
data from five states with few minority job-seekers: Idaho,
Wyoming, Montana, South Dakota, and North Dakota.

D. Staggered Treatment

Recent literature on difference-in-differences in settings
where treatment is staggered over time (e.g., Goodman-
Bacon, 2021; De Chaisemartin & d’Haultfoeuille, 2020; Sun
& Abraham, 2021; Borusyak et al., 2024) shows that two-
way fixed-effects estimators like the ones we use can be con-
founded by heterogeneity in treatment effects across treated
units when treatment is staggered over time. We re-estimate
our key regression specifications from sections IVA and IVB
using the robust estimator by Sun and Abraham (2021) to ex-
plore whether these biases influence our results. We note that
Sun and Abraham (2021) and related recent tools use linear
estimators, so in our job-finding survival models we first ag-
gregate the data to use a linear model as in appendix sec-
tion D.4, and we then show robustness to the Sun and Abra-
ham (2021) estimator within that linear model. We discuss
these results in detail throughout section V below; broadly
we find that these biases due to staggered treatment adop-
tion have almost no impact on our results.

To understand why staggered treatment adoption has little
quantitative influence on the estimates in our setting, we
adapt a diagnostic strategy suggested in Goodman-Bacon
(2021) to assess two underlying sources of staggered-
treatment bias. We discuss this analysis extensively in
appendix C.1. One important source of bias is a two-way
fixed-effects estimator’s implicit use of some treated units
as controls for other treated units. We find using Goodman-
Bacon (2021) weights that essentially all (97%) of the
identifying variation for a linear two-way fixed effects
estimator in our setting does not use these potentially con-
founding treated versus treated comparisons; this reflects the
fact that most states never enact a PECC ban. The second

source of bias is that, among treated versus never-treated
comparisons, correlation between treatment timing and
treatment effect heterogeneity can lead a two-way fixed
effects estimate to differ from the average treatment effect.
In assessing this second source of bias, we find that there
is essentially no correlation between individual states’ treat-
ment timing and those states’ treatment-effect estimates, and
furthermore that most state-specific estimates are clustered
closely to our overall estimated treatment effect.

V. Results

A. Job-Finding Rates

We start with estimating PECC bans’ effects on job-
finding. Panel A1l of table 2 reports our baseline estimates
in CPS data of 3, from equation (10), with the three ta-
ble rows corresponding to Black, Hispanic, and white job-
seekers. Column 1 presents results from a specification
without demographic or state-level policy and economic
controls. Column 2 then reports estimates using the Sun and
Abraham (2021) interaction-weighted estimator that aggre-
gates treatment cohort-specific treatment-effect estimates,
using the linear specification on aggregated data discussed in
section IVD. Column 3 then returns to the column 1 specifi-
cation but adds our set of demographic covariates: education
groups; age groups; gender; marital status; urbanicity; and
interactions between month-of-year and Census division (to
capture possible seasonal effects).!”

For these first three columns, potential confounders, such
as the Great Recession, will only bias our estimates if they
cause state-specific changes in labor market outcomes by
race or ethnicity, and if these state-specific changes are cor-
related with the implementation of PECC bans. To further
show robustness to such potential confounders, our preferred
specification in column 4 then adds controls for state-time
varying policy and economic shocks, including controls for
policy choices in state s at time ¢ (such as Ban-the-Box pol-
icy, expanding Medicaid, or extending unemployment insur-
ance) and exposure to local economic shocks (such as man-
ufacturing decline, the housing boom and bust, immigration,
and fracking).!® All of these state-year controls are inter-
acted with race or ethnicity dummies.

17Specifically, our age categories are 18-29, 30-39, 40-49, 50-61, and
62+; education categories are less than high school, GED, high school
diploma (not GED), some college, and college or more; marital status is
an indicator for married; and the definition of urbanicity is taken from the
CPS documentation.

8The full set of controls include: Saiz’s price elasticity of housing mul-
tiplied by year dummies (Saiz, 2010), a dummy variable that equals 1 if
the state had geological potential for fracking in a given year (Bartik et al.,
2019), the share of manufacturing jobs in 2000 multiplied by year dummies
(ACS 2000), a dummy variable that equals 1 if the state had any Ban-the-
Box policy in a given year, a dummy variable that equals 1 if the state had
expanded Medicaid by a given year, year 2000 state Hispanic and foreign
born share interacted with year dummies, and a measure of unemployment
insurance extensions during the Great Recession (Hsu et al., 2018). All
controls are interacted by race-ethnicity dummies. These controls are fur-
ther described in appendix section D.1.
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TABLE 2.—IMPACT OF PECC BANS ON JOB-FINDING: STATE AND JOB-LEVEL VARIATION

1) (@) 3 “
Panel A. State-level variation
Panel Al. Effect separately by race/ethnicity
1(Black)*I(Treated by ban) —0.102** —0.0843** —0.105** —0.129**
(0.0418) (0.0352) (0.0419) (0.0573)
1(Hispanic)*1(Treated by Ban) 0.0792 0.0310 0.0832* 0.0842
(0.0488) (0.0448) (0.0492) (0.0708)
1(Non-Hispanic white)*1(Treated by ban) —0.0137 —0.0088 —0.0112 —0.0182
(0.0266) (0.0212) (0.0278) (0.0386)
Panel A2. Overall effect
1(Treated by ban) —0.000860 —0.0124 0.00111 —0.0174
(0.0270) (0.0170) (0.0288) (0.0362)
N 343,262 6,535 343,262 343,262
States 51 51 51 51
Ban states 10 10 10 10
Panel B: Job-level variation
Panel B1. Effects separately by race/ethnicity
1(Black)*1(Treated by ban) —0.141%* —0.0831** —0.143** —0.183**
(0.0548) (0.0372) (0.0579) (0.0805)
1(Hispanic)*1(Treated by ban) 0.0515 0.0117 0.0621 —0.000790
(0.0559) (0.0499) (0.0556) (0.0854)
1(Non-Hispanic white)*1(Treated by ban) —0.0296 —0.0401* —0.0286 —0.0565
(0.0430) (0.0237) (0.0449) (0.0473)
Panel B2. Overall effect
1(Treated by ban) —0.0198 —0.0339 —0.0164 —0.0664
(0.0402) (0.0208) (0.0438) (0.0413)
N 331,942 6,535 331,942 331,942
States 50 50 50 50
Ban states 9 9 9 9
Time-race/ethnicity fixed effects Y Y Y Y
State-race/ethnicity fixed effects Y Y Y Y
Demographic controls (-race/ethnicity) N N Y Y
State policy/economic controls (-race/ethnicity) N N N Y
State-past job-race/ethnicity fixed effects Y Y Y Y
Aggregate level regression N Y N N
Sun and Abraham (2021) N Y N N

This table reports estimates of race/ethnicity-specific log differences in job-finding hazard rates following a PECC ban using both a state-time difference-in-differences strategy and a state-job-time difference-
in-differences strategy. Data are from the CPS for years 2003 to 2018. Column I reports MLE estimates of hazard models that include the state-race/ethnicity and time-race/ethnicity fixed effects that implement
difference-in-differences. Column 2 presents estimates using Sun and Abraham (2021)’s interaction-weighted differences-in-differences estimator. Column 3 adds demographic controls fully interacted with race or
ethnicity group to the specification in column 1. Column 4 adds controls for state economic and policy variables. Standard errors clustered at the state level are shown in parentheses. For more details see section VA.

Our estimate for Black job-seekers in panel Al column 1
of table 2 is roughly —10%. And while the 95% confidence
interval for this estimate is somewhat wide, we reject a null
of no effect of PECC bans for Black job-seekers. The esti-
mate in column 2, which implements the Sun and Abraham
(2021) estimator, is about —8 percent. This similar differ-
ence relative to column 1 confirms that any biases due to
staggered adoption of treatment are negligible, as also dis-
cussed in section IVD. We further explore these estimates
in appendix section C.1 and find that the modest differences
between columns 1 and 2 are driven by our need to use ag-
gregated data in column 2, rather than by staggered treatment
timing per se.

This estimate is essentially unchanged after adding demo-
graphic covariates in column 3. Adding controls for time
varying effects of economic conditions or changes in state
policy in column 4 increases the magnitude of the point
estimate to about —13 percent, although we cannot reject
the previous estimates. Our estimated effects for white job-
seekers are small and statistically indistinguishable from

zero. For white job-seekers we can reject a positive effect
on job-finding of 5% or more. For Hispanic job-seekers, we
estimate a marginally significant increase in job-finding rates
after PECC bans are passed, which we discuss more below.

Panel A2 then reports the overall effect of being treated
by a PECC ban for all workers. In all five specifications, the
overall effect is small in magnitude and negative, with coeffi-
cients ranging from —1.7% to 0.1%. The standard errors are
small enough that we can rule out large positive or negative
effects of PECC bans, although small to moderate positive
or negative effects are consistent with the data.

To illustrate the data patterns that drive these estimates,
figure 2 shows corresponding event study plots, with three
panels for Black, Hispanic, and white job-seekers. Like our
preferred specification in column 4 of of table 2, these fig-
ures all include controls for demographics, other state-by-
time policy variation, and economic shocks.

In panel A of the figure, we see that Black job-finding haz-
ards in PECC-ban states are on mostly parallel trends with
nonban states in the three years prior to implementing PECC
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FIGURE 2.—EVENT-TIME ANALYSIS OF THE EFFECT OF PECC BANS ON JOB-FINDING: CPS
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This figure shows the results of an event-time analysis of the difference in job-finding for unemployed individuals between states banning and not banning Pre-employment Credit Checks (PECCs) before and after the

PECC bans went into effect. For details see section VA.

bans. This helps validate our difference-in-differences strat-
egy’s identifying assumption. Then immediately after the
implementation of a PECC ban, Black job-finding hazards
fall by about 15%. They fall by an additional 10% of initial
levels in the second year after a PECC ban’s implementa-
tion and then fall further to about 30% lower in the third
year after implementation before rebounding somewhat in
the fourth year.

Panels B and C of figure 2 then show analogous estimates
for Hispanic and white job-seekers. These plots also exhibit
parallel trends in the three years prior to the implementa-
tion of PECC bans. On net we see little evidence of an ef-
fect in the post-PECC ban years for white job-seekers. For
Hispanic job-seekers, there is some evidence of an uptick in
job-finding in the first two years after the PECC bans’ im-
plementation, though this attenuates in subsequent years.

We next turn to using job-level variation to estimate the
effects of PECC bans on job-finding. This serves as a valida-

tion of our state-level results: if the effects we documented in
panel A of table 2 are indeed attributable to PECC bans, then
we should see these effects in particular for jobs exposed to
these bans. To do this, we extend the baseline proportional
hazards model in equation (10) to use our measures le(i),s(i)
of job-specific exposure to PECC bans, as defined in sec-
tion IIIC. Results for estimating several versions of this spec-
ification are shown in panel B of table 2, and corresponding
event-time plots are shown in appendix figure 2.

We measure job-specific exposure using expected-job ex-
posure, ]}lgi),s(i)' Column 1 of table 2 panel B starts with our
baseline version with no covariates other than the appropri-
ate job-level fixed effects, W;. Column 2 then reports esti-
mates using the Sun and Abraham (2021) estimator. The re-
sults are qualitatively similar to the estimates in column 1,
although moderately smaller in magnitude. As with the re-
sults in panel A, we find in appendix section C.1 that the
differences between columns 1 and 2 in panel B are driven
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TABLE 3.—IMPACT OF PECC BANS ON INVOLUNTARY SEPARATION RATES FOR NEW HIRES
(€Y (@) 3 “ (&) (6)

Panel A. Effect separately by race/ethnicity
1(Black)*1(Treated by ban) 0.0213 0.0231** 0.0365 0.0406™* 0.0419%** 0.0685**

(0.0131) (0.0103) (0.0230) (0.0160) (0.0139) (0.0300)
1(Hispanic)*1(Treated by ban) —0.0545%** —0.0531*** —0.0222 —0.0545%** —0.0529*** —0.0248

(0.0149) (0.0139) (0.0187) (0.0168) (0.0153) (0.0193)
1(Non-Hispanic white)*1(Treated by ban) —0.0215%** —0.0213*** —0.0190** —0.0207*** —0.0207*** —0.0189**

(0.00749) (0.0043) (0.00862) (0.00630) (0.0055) (0.00742)
Panel B. Overall effect
1(Treated by ban) —0.0246*** —0.0243** —0.0112 —0.0236** —0.0231*** —0.00709

(0.00699) (0.0063) (0.00939) (0.00751) (0.0074) (0.00749)
N 54,389 54,389 54,389 52,407 52,407 52,407
States 51 51 51 50 50 50
Ban states 10 10 10 9 9 9
Treatment level State State State New Job New Job New Job
Time-race/ethnicity fixed effects Y Y Y Y Y Y
State-race/ethnicity fixed effects Y Y Y N N N
State-new job-race/ethnicity fixed effects N N N Y Y Y
Demographic controls (-race/ethnicity) N N Y N N Y
State policy/economic controls (-race/ethnicity) N N Y N N Y
Sun and Abraham (2021) N Y N N Y N

This table reports linear probability model estimates of (race/ethnicity-specific) differences in separation rates for newly hired workers following a PECC ban, using various difference-in-differences strategies.
Columns 1 through 3 use state-time difference-in-differences, while columns 4 through 6 use state-job-time difference-in-differences. Data are from the CPS for years 2003 to 2018. Columns 1, 3, 4, and 6 include the
state-(job)(-race/ethnicity) and time-race/ethnicity fixed effects that implement difference-in-differences, while columns 3 and 6 add demographic controls (fully interacted with race or ethnic group), which include
binned education, binned age, gender, and marital status, urbanicity, and interactions between month-of-year and Census division, and a set of state-year policy and economic controls. Columns 2 and 5 report results
using Sun and Abraham (2021)’s interaction-weighted difference-in-differences estimator. The controls for state economic and policy variables are described in section VA. Standard errors clustered at the state level
are shown in parentheses. All controls (individual and state policy/economic) are interacted by race-ethnicity dummies.

by aggregating the data rather than the adjustment for stag-
gered adoption itself.

Column 3 then adds individual-level covariates X;, and
column 4 adds state-policy and economic controls. Esti-
mates for Black job-seekers are substantially larger than
our state-level estimates from panel Al in three of the four
columns, indicating that the patterns observed in our state-
level analysis are indeed driven by jobs covered by PECC
bans. If one scales up the point estimates from our state-level
analysis in panel A, column 4 by the share of unemployed
Black individuals who previously worked in covered jobs in
PECC ban states (as reported in the summary statistics in ta-
ble 1), then the resulting estimate is —0.189, strikingly close
to our job-level estimate of —0.183 in column 4 of panel
B1 of table 2. While estimates using job-level variation have
the potential to be attenuated by spillovers from treated to
exempt jobs, this similarity provides further evidence that
our results are driven by individual exposure to PECC bans
rather than other explanations.

In specifications using job-level variation, the some-
times marginally significant positive effect for Hispanic
job-seekers that we found in panel Al is slightly reduced in
magnitude and no longer statistically significant, and in sub-
sequent columns that include our individual-level and state-
level controls, these estimates are reduced to be essentially
zero (a 1%, not percentage point, change in job-finding haz-
ards). We thus see three pieces of evidence suggesting a null
effect of PECC bans on Hispanic job-finding: the initial in-
crease seen in figure 2 is reduced to nearly zero in subse-
quent years; the positive effect estimated in the first year af-

ter PECC bans is not stronger, but is in fact weaker, using
variation in which jobs were covered by PECC bans; and the
effect is reduced to zero in job-level regressions after adding
controls. We conclude that while our findings for Black job-
finding are robust, the actual effect of PECC bans on His-
panic job-finding are most similar to the near-zero estimates
we find for white job-seekers.

B. Job Separation Rates

In this section, we study how a PECC ban affects newly
hired workers’ rates of subsequent involuntary separation,
which is a readily available measure of new hires’ match
quality. Our dependent variable in this section is an indicator
for any subsequent involuntary separation after being newly
hired. Given the rotating-panel structure of our CPS data,
we observe involuntary separation for new hires at horizons
ranging from 1 month to 14 months, making this a short- to
medium-run measure of separation. Individual observations
are assigned to a time period ¢ based on their hire date, and
each newly hired individual only appears once in our esti-
mating sample. Accordingly, our empirical strategy does not
need to account for any dependence of involuntary separa-
tion rates on the duration of employment, and we use linear
probability models estimated via OLS.

Similar to our job-finding specifications, we begin our
analysis using difference-in-differences models fully inter-
acted with race/ethnicity. The first column of table 3, panel
A reports estimates of equation (5): we find a precisely es-
timated 2.1 percentage-point rise in involuntary separation
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164 THE REVIEW OF ECONOMICS AND STATISTICS

rates for Black new hires, and a similar-in-magnitude decline
in involuntary separation rates for white new hires. As be-
fore, using the Sun and Abraham (2021) estimator has little
effect on the point estimates in column 2. Column 3 shows
that adding our standard, individual-level covariates X; and
state-policy and economic controls increases the estimated
effect for Black new hires to 3.7 percentage points, while
almost entirely eliminating the estimated impact of PECC
bans on Hispanic new hires and reducing the magnitude of
the estimate for white new hires.

In columns 4 through 6 of panel A of the table, we then
take advantage of job-level variation based on whether new
hires’ jobs are covered by or exempted from their states’
PECC bans. We estimate our baseline job-level difference-
in-differences model, equation (8), using our current-job ex-
posure measure Tj%)’s(i) (i.e, the job into which new hires
are newly hired). As with our earlier job-finding results, the
use of job-level variation also increases the magnitude of
the estimated impact on Black involuntary separation rates,
which, for specifications without individual and state-policy
controls, rises from 2.1 percentage points in Columns (1) to
4.1 in column 4 and, for specifications with these controls,
rises from 3.7 percentage points in column 3 to 6.9 in col-
umn 6. However, also note that the use of job-level variation
leads to little quantitative change in the estimated coefficient
for white and Hispanic new hires, and in column 6, adding
individual and state-policy controls makes the estimated im-
pact on involuntary separation rates for Hispanic new hires
substantially smaller and statistically indistinguishable from
zero. Column 5 again duplicates our previous finding that
implementing the Sun and Abraham (2021) estimator has
little qualitative or quantitative impact on our estimates.

We now turn to panel B, which reports the overall effect
of PECC bans on involuntary separation rates. In the specifi-
cations without state policy and economic controls, columns
1 and 4, PECC bans are estimated to have a precise —0.024
to —0.025 percentage point effect on involuntary separation
rates; these estimates are attenuated somewhat by the inclu-
sion of state policy and economic controls in columns 3 and
6. We discuss these results further below.

Figure 3 shows event-study plots corresponding to our
baseline estimates in column 3 of table 3, panel A. Starting
with the event-time analysis for Black new hires, we see that
involuntary separation rates for new hires fluctuated around
0 prior to the enactment of PECC bans but were on a down-
ward trend in the year immediately preceding the ban. Black
involuntary separation rates then increase immediately after
PECC bans go into effect. The increase in Black new hires’
involuntary separation rates stands in contrast to the patterns
seen for Hispanic and white new hires in panels B and C of
the figure. Hispanic new hires exhibit a negative pre-trend.
Meanwhile we see a slight but precisely estimated decrease
in white new hires’ involuntary separation rates in panel
C: after exhibiting parallel trends in pre-years, involuntary
separation rates fall by roughly 2 percentage points in the
first two years after a PECC ban’s implementation, and then

FIGURE 3.—EVENT-TIME ANALYSIS OF THE EFFECT OF PECC BANS ON
INVOLUNTARY SEPARATIONS: NEW HIRES
STATE-RACE/ETHNICITY FE, TIME-RACE/ETHNICITY FE
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This figure shows the results of an event-time analysis of the difference in involuntary separation rates for
workers newly hired out of unemployment between states banning and not banning PECCs before and
after the PECC bans went into effect. For details see section VB.

by an additional 1 percentage point in the fourth year. Ap-
pendix figure 4 shows similar patterns in event-study plots
using job-level variation, corresponding to column 6 of table
3, panel A.
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To better understand our separation results for new hires,
we re-estimate the four involuntary separation regressions
from table 3 on a placebo sample: long-tenure employees.
The CPS does not report employment tenure, so we define
this “long-tenure” sample as all individuals in our panel who
are never observed as unemployed in any preceding sample
month. As compared to the sample of new hires, this sam-
ple is less likely to have been hired when a PECC ban was
in effect, but arguably is equally exposed to broader labor-
market disruptions that could confound our results, such as
plant closings and sectoral change. Appendix table 5 reports
results of these regressions. All but one of our placebo es-
timates for Black workers are insignificant and all have a
negative sign, in contrast with the significant positive effects
on Black involuntary separations in our new-hire sample.
Placebo results for white and Hispanic workers are similarly
negative; all three subgroups’ placebo estimates are statis-
tically indistinguishable from each other. Meanwhile when
all three subgroups are pooled together, placebo estimates
are significantly, modestly negative in the population over-
all. Overall, these placebo results further corroborate that
our finding for Black separation rates is attributable to the
effect of PECC bans rather than confounding labor market
trends.

In summary, we see two key conclusions from our anal-
ysis of separation rates. First, there is robust evidence that
PECC bans have decreased new Black hires’ match quality.
In addition to the evidence in our baseline regressions and
event-time plots, we find that the estimated effect on Black
new hires’ involuntary separation rates in table 3 is higher
when we use job-level variation than when we use state-level
variation. This suggests that the state-level results are indeed
driven by jobs covered by PECC bans. Furthermore we find
that these effects for Black new hires are not present in a
placebo sample of long-tenure Black employees, who were
presumably screened before PECC bans took effect.

Second, we find that there was a modest negative change
in overall separation rates after PECC bans. This effect is
significant for white new hires, while effects for Hispanic
new hires are often statistically indistinguishable from those
for white new hires. Importantly, we also find a small neg-
ative effect in the placebo sample, and we find that this ef-
fect is not more pronounced when using job-level variation
than when using state-time variation. Accordingly, the evi-
dence suggests that PECC bans coincided with other shifts
that made it slightly more costly to fire employees in gen-
eral, regardless of racial or ethnic group or whether PECC
bans were in effect at the time of initial hiring. While our
data are not well positioned to speak to what drives these
changes, two possibilities are that PECC bans could lead
to direct changes in hiring or firing costs due to costs of
compliance, or that the hiring process becomes more expen-
sive due to employers’ substitution to alternative, potentially
more costly, signals.

An alternative measure of match quality is wages. In ap-
pendix table 10, we report estimates of equation (5) with

hourly wages for new hires as the outcome variable. The es-
timates are generally quantitatively small: the estimates in
Column 1 using our base specifications are 0.8%, —0.3%,
and 0.3% for Black, Hispanic, and white workers, respec-
tively, and 0.2% for all race and ethnicity groups combined.
However, the estimates are also quite imprecise, and we are
unable to rule out substantively large negative or positive
effects. Given this imprecision, exploration of the effect of
PECC bans on wages will likely need to wait for alterna-
tive empirical approaches or datasets. Appendix section C.9
discusses the wage results in more detail.

C. Additional Robustness

We explore the robustness of our job-finding and job-
separation results to other identifying assumptions and mod-
eling choices; to alternative definitions of exposure to PECC
bans; to changes to the sample definition; to different out-
come measures; to permutation tests using randomized treat-
ment assignment across jobs, states, and time; and, in the
case of job-finding, estimation on a supplementary dataset
built from administrative data. These results include the
triple-difference specification from equation (6): both an un-
controlled specification, and our preferred specification with
the same controls as in our difference-in-differences results.
Full details are presented in appendix section C. Figure 4
summarizes a subset of these results. Panel A of the fig-
ure summarizes how our estimates of the estimated relation-
ship between PECC bans and job-finding vary with alterna-
tive modeling choices, controls, and datasets. Panels B and
C explore the robustness of the CPS job-finding results us-
ing job-variation, and of our involuntary job-separation re-
sults. The results suggest that the relatively large effect of
PECC bans on the job-finding rates of Black job-seekers is
consistent across specifications, although the magnitude of
the effects does vary some across specifications and datasets.
Permutation tests also produce p-values consistent with our
baseline estimates; for example, we find that the probability
of estimating an equal or greater effect size as our actual es-
timate of PECC bans’ effects on Black job-finding probabil-
ities is less than 2.5% in simulations with randomly assigned
treatment across states, jobs, and time.

D. Magnitudes

In specification (10) using state-time variation in the CPS
with demographic, state policy, and economic shock con-
trols, we estimate that PECC bans reduce the job-finding
hazard for Black job-seekers by 13%. To get a sense for
the magnitude of these effects in absolute terms, we com-
pare them to the baseline job-finding rates for Black job-
seekers in the LEHD-J2J data, as reported in appendix table
2. This comparison implies our estimate translates into a 2.9
percentage point reduction in the probability of Black job-
seekers finding a new job within a quarter of job-loss.
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FIGURE 4.—ROBUSTNESS OF ESTIMATED EFFECTS OF PECC BANS
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This figure reports the robustness of our estimates of the effect of bans of PECCs to alternative modeling choices and data. Error bars show 95% confidence intervals generated from standard errors clustered at the
state level.
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Given that PECC bans primarily affect labor demand, we
gauge the magnitude of our estimated effect of PECC bans
by calculating how big of an increase in wages would be
required to reduce Black labor demand the same amount.
To do so, we need to convert our estimates of the effects
of PECC bans on job-finding hazards to estimates of the
effect of PECC bans on Black employment rates. We per-
form a back of the envelope calculation and assume that
the baseline hazard was equal to the mean job-finding rate
for PECC-ban states in the sample. We can then combine
that figure with the mean job-separation rate for a given
race or ethnicity group to compute the change in the steady-
state employment rate for the given group caused by PECC
bans.!” Using this approach, we estimate that PECC bans
reduced the steady-state Black employment rate by 1.2 per-
centage points in states banning PECCs. Combining these
calculations with the elasticity of labor demand estimate of
—0.246 from Lichter et al. (2015)’s meta-analysis, the ef-
fects of PECC bans are equivalent to the employment de-
clines resulting from an 8.6% increase in wages, assuming
an exogenously determined fixed wage.?’

E. Mechanisms: Noise in PECCs and Other Screening Tools

This section estimates a quantitative version of the the-
oretical model introduced in section II to explore mecha-
nisms behind our empirical results above. We examine sev-
eral key determinants of PECC bans’ effects: the precision
of PECCs as a screening tool and the precision of other
available screening tools such as job interviews and refer-
rals, both for minority and for white job-seekers. Intuitively,
to identify these precisions, this section asks what amount
of noise in PECCs and in other, non-PECC screening tools
would be consistent with the changes we observe in both
job-finding rates and involuntary separation rates after PECC
bans. We also assess whether allowing for other differences
across signals and groups, such as biases in signal realiza-
tions or in employers’ priors, would substantially affect our
estimates of precision differences.

The quantitative model follows the same setup as in sec-
tion I[A: each group g has normally distributed, unobserv-
able match qualities with mean p, 0 and a common inverse
variance hp; non-PECC screening tools provide unbiased
signals of these match qualities with normally distributed
noise that has inverse variance /g paseline; PECC signals like-
wise have normally distributed, mean-zero noise with in-

9The steady-state employment rate is equal to f, x 7 :—v where f, is

the job-finding rate for group r, s, is the job-separation rate for group r,
and [ f; is the labor-force participation rate for group r.

20We prefer this approach rather than directly estimating the effect on
employment levels because it takes time for employment levels to con-
verge to their steady state equilibrium value after a change in job-finding
and separation rates. In appendix section C.2, we discuss appendix table
4, which reports estimates of the effect of PECC bans on employment lev-
els. The qualitative patterns are similar to the estimates of the new steady
state equilibrium, but magnitudes are smaller, consistent with incomplete
convergence to the new steady state.

verse variance /g panned- Meanwhile, risk-neutral firms seek
to fill an exogenous number of positions M € [0, 1] and hire
the M job applicants that have the highest expected match
qualities based on their signal realizations. After the hiring
decision, firms learn the true match quality of all new hires;
firms then fire any of the new hires whose match quality is
lower than the expected match quality of making another
new hire (from any group), less some firing cost c¢. Given
our evidence that firing rates change after PECC bans even
for long-tenure employees whose screening was not affected
by the ban (see section VB), we also allow a PECC ban to
coincide with a change in firing cost ¢, perhaps related to reg-
ulatory compliance costs involved in hiring a fired worker’s
replacement. Appendix section B gives a formal treatment
of model parameters, the firm’s problem, and the hiring and
involuntary separation process.

We estimate these terms for the same three groups from
our empirical results: Black, Hispanic, and white. Besides
the dispersion in match qualities 4, there are three terms
to identify per group, plus the pre- and post-ban firing costs
Cpre and Cpose. We normalize one of the i, terms to zero. This
leaves 11 parameters to be estimated:

hB. banned hO

hH banned Cpost | - (12)

WB,0 hB,baseline

0= WHo hu baseline

hW,baseline hW,banned Cpre

We identify these 11 parameters by simulating model mo-
ments and matching these to corresponding moments from
our empirical work: hiring and firing decisions for each of
the three groups, both with and without PECCs. Specifically,
for the “with PECCs” case we match the empirical moments
in the first two rows of each panel in appendix table 2, col-
umn 1. For the “without PECCs” case we use estimates of
PECC bans’ effects on job-finding rates and new hires’ in-
voluntary separation rates in panel A of tables 2 and 3. Fur-
ther details on the model simulations are presented in ap-
pendix section B, where we also explore robustness to using
other estimates of PECC bans’ effects, using job-level vari-
ation and additional controls.

Figure 5 presents estimates of some key parameters
for each group: PECCs’ signal precisions /g panned and
the precision of non-PECC screening tools /g paseline- We
find that the precision of non-PECC screening tools dif-
fers sharply across groups. For example, in the top panel,
which shows parameters identified off our state-level regres-
sion estimates with controls, these precisions range from
0.52 for Black job-seekers to 1.38 for white job-seekers.?!
Meanwhile, the precision of PECCs as a screening tool is
closer to equal for white and Black job-seekers—equal to
1.04 for white job-seekers and 1.00 for Black job-seekers.

2I'The units on these precision estimates are in terms of the inverse vari-
ance of the distribution of match qualities, relative to a standard normal
distribution. Because we do not translate our estimates of match qualities
into economic terms such as dollars of marginal product, these estimates
are best understood in relative terms to each other, for example, comparing
the precision of posteriors to the precision of PECCs signals.
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FIGURE 5.—PECC PRECISION AND BASELINE SIGNAL PRECISION
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This figure shows estimates of model parameters /1, yanned (the precision of PECC signals for group r) and /. paseline (the precision of baseline screening tools for group r), as described in section VE.

Interestingly, the precision of PECCs for Hispanic job-
seekers is markedly lower, equal to 0.71, which may relate to
the elevated share of Hispanic adults with thin or no credit
files that has been noted elsewhere (Brevoort et al., 2015).
The bottom panel of the figure shows parameters identi-
fied off our job-level regressions with controls; these esti-
mates are broadly similar, with Black and white PECC preci-
sions again particularly close to each other, at 1.29 and 1.21,
respectively.

These parameter estimates illustrate one of the main
points of our earlier theoretical work, that a group—in this
case, Black job-seekers—can benefit from a new informa-
tion source such as PECCs even if that group does not have
an absolute advantage vis-a-vis that new information. We
estimate that the availability of PECCs improves Black la-
bor market outcomes not because PECCs provide more pre-
cise signals about match qualities for Black job-seekers than
other groups, but because other, non-PECC screening tools
contain relatively more noise for Black job-seekers.

In appendix section B, we also briefly explore robust-
ness of these empirical estimates to allowing for signal bi-
ases across groups, in the sense of Autor and Scarborough
(2008). We find that our core results on relative advantage
in PECC signal precision are unchanged, and in fact are
modestly strengthened, by allowing for biases in signals—
suggesting that PECC bans are a prominent empirical set-
ting where relative advantage is determined more by signal
precision than by signal bias. As discussed in section IIA,
our estimates of relative advantage are also robust to the
presence of taste-based discrimination, related racial animus
or biases, and also structural discrimination that affects hu-
man capital accumulation, as all of these are captured in
the |, terms that measure mean differences in employers’

perceived match quality. Overall, we conclude our results on
the importance of relative advantage in PECC signal pre-
cision are generally robust to considering potential biases
among employers and in labor market signals.

We conduct some basic counterfactual exercises to help
illustrate our model estimates and their usefulness. Table 4
presents these counterfactuals across three panels, where
each panel shows predicted job-finding and involuntary sep-
aration rates for each of the three groups, in the two cases
where PECCs are and are not available. For reference, table
4, panel A shows the case with our baseline parameters and
no counterfactual, using the parameter values reported in the
top half of figure 5. Table 4, panel B shows job-finding and
separation rates when we counterfactually equalize the pre-
cision of PECCs across the three groups, by changing the
precision of PECCs for Black and Hispanic job-seekers so
that it equals PECCs’ precision for white job-seekers. Ta-
ble 4, panel C, in contrast, has the same PECC precisions as
in the baseline case, but here we counterfactually set the pre-
cision of baseline signals for Black and Hispanic job-seekers
to equal that of white job-seekers.

As can be seen across the three panels of table 4,
equalizing the precision of PECCs (panel B) does little to
reverse the patterns seen in the baseline case: the avail-
ability of PECCs still substantially improves labor market
outcomes for Black job-seekers, while other groups are af-
fected less. Meanwhile, equalizing baseline signal precisions
across the three groups while leaving the precision of PECCs
unchanged (panel C) markedly changes these patterns. Re-
flecting how our estimates of PECCs’ precision are relatively
close to equal across all three groups, no group experiences
a pronounced change in its job-finding rates when PECCs
are made available.
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TABLE 4.—COUNTERFACTUAL EFFECTS OF PECC BANS UNDER ALTERNATIVE SIGNAL PRECISIONS

Black Hispanic Non-Hispanic White
Hiring Rate Firing Rate Hiring Rate Firing Rate Hiring Rate Firing Rate

)] 3 “ () 6
Panel A: Baseline case/no counterfactual
With PECCs 0.1421 0.1129 0.1825 0.0917 0.1473 0.0797
After PECCs ban 0.106 0.1352 0.1952 0.0762 0.1522 0.0718
Panel B: No heterogeneity in PECCs precision
With PECCs 0.1424 0.1116 0.1874 0.081 0.1465 0.0803
After PECCs ban 0.106 0.1352 0.1952 0.0762 0.1522 0.0718
Panel C: No heterogeneity in baseline precision
With PECCs 0.1573 0.0811 0.1823 0.0875 0.1445 0.0812
After PECCs ban 0.1579 0.0732 0.1907 0.0709 0.1432 0.0744

This table shows simulated job-finding rates and involuntary separation rates in the quantitative model of section VE under various counterfactual parameter values. Panel A shows the baseline case with no
counterfactual. Panel B counterfactually sets PECCs’ precision for all groups equal to our estimate of PECCs’ precision for white job-seekers. Panel C does not vary PECCs’ precision from the baseline case but

instead sets baseline signal precisions to be equal across groups.

V1. Conclusions

We study “banning a signal,” or removing access to an
information source in a market. We characterize the effects
of information removal theoretically using a novel measure
of relative information advantage, and we apply these results
empirically to the use of credit report data in labor markets.

Our main theoretical result emphasizes that relative ad-
vantage in information determines incidence across groups,
and relative advantage depends on that information’s preci-
sion scaled appropriately by the precision of other available
information sources. Hence a group can benefit on average
from an information source being available even if the in-
formation appears to disfavor that group in absolute terms—
for example, because of lower average realizations or greater
noise.

We use these findings in an empirical study of bans on pre-
employment credit checks, or PECCs. Using state-, time-,
and job-level variation in PECC bans’ coverage, we provide
the first evidence of PECC bans’ adverse effects on Black
job-seekers’ hiring rates, and the first evidence of PECC
bans’ effects on match quality among new hires. We then
illustrate how reduced-form findings such as these identify
differences in the precision of various information sources
across groups. We find that PECC bans hurt Black job-
seekers not because PECC signals are especially precise for
Black job-seekers, but rather because non-PECC screening
tools, such as referrals or job interviews, provide noisy sig-
nals about match quality for Black relative to white job-
seekers. Concretely we estimate that the standard deviation
of noise in non-PECC screening tools is 60 to 80% higher for
Black job-seekers than for white job-seekers. This could be
due to a number of reasons, such as segregation in Amer-
ican society (Logan & Parman, 2017; Boddie & Parker,
2018).

Our model and estimates suggest two broad conclusions
about the relationship between information and inequality.
First, in the context of labor markets, our results suggest

that introducing new screening tools can improve Black la-
bor market outcomes, even if those screening tools are less
precise for or generally have low realizations for Black job-
seekers; this emerges from a general result that new signals
will tend to benefit groups for whom baseline screening tools
are particularly imprecise, as well as groups that face biases
such as taste-based discrimination or racial animus. Second,
research and policy should work to understand and remedy
the institutional and social factors underlying inequality in
screening tools in a variety of markets, for example, in fi-
nance as well as labor, where the sources of and characteris-
tics of information used by decision-makers play an impor-
tant role in determining economic outcomes.
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In this appendix, we present several extensions of the model and empirical application, and we
provide more detailed discussions of our data, empirical methods, and results. Appendix Section
A discusses our theoretical model in more detail, and Appendix Section B likewise develops the
quantitative model. Next, we provide more information on our empirical application in Appendix
Section C, where we provide an alternative way of interpreting the magnitudes in our estimates,
discuss the robustness of our results to alternative empirical approaches, presents results from
placebo PECC bans, and present estimates of the effect of PECC bans on additional outcomes
such as wages and part-time employment. In Appendix Section D, we discuss our data sources
and sample construction in detail. Finally, in Appendix Section E we discuss the connection of
our approach and results to the wider literature in more detail.

A Model Details

This appendix section presents further details on the model from Section 2.1. At the heart of the
model is a signal extraction problem across information sources, or signals, indexed by k. We
decompose the noise in each signal in a standard way: for sender 7, the realization of signal k is,

Sik = i + O + €k (A1)

where f; is the individual’s true match quality, d; is a potential mean bias in signal k, and ¢,  is
signal noise that has mean zero across individuals. We begin with the case of unbiased signals,
and we generalize to the case of d; # 0 later in this appendix.
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Signals differ in their precision hj, or the inverse variance of their signal noise: h, =
1/Var(e; ;). We suppose individuals are members of different groups ¢ and signal precisions
potentially differ across groups, hgr # hy k-

Following the normal-normal parametrization described in the text, the distribution of match
qualities and signal realizations can then be written in terms of hgj, group-specific mean match
qualities p4 0 and inverse variance of match qualities i,

pi ~ N (001,00 1/ g(in0) (A.2)
Si,k ~ N (/Ll, 1/hg(z),k> (AS)

with the noise in each signal having been partialled out from the noise in other signals, such that
signal noise can without loss of generality be treated as i.i.d. within group ¢. In such a setting,
a lender’s Bayesian posterior m; about the unobserved p; after observing the realization of one
or more signals s; , for individual 7 is,

91)70+Zk g(i),k hg(l’)@‘*’Zkh i

With risk-neutral receivers, it will be sufficient to keep track of the mean of this posterior distri-

bution for each individual, which we denote m;. After integrating over signal noise realizations,
the distribution of these expected match qualities across individuals in group g is then,

Zk hg k )
m; ~N , ’ A5
o) (M%O hg,O (hg,o + Zk hg,k) ( )

This general framework makes it straightforward to study a banned signal and a baseline signal.
The baseline signal can be expressed as a composite of all other available signals, with its precision
given by the sum of the precisions of all other signals besides the banned signal,

g,basehne E hfg7 g banned (A 6)

If we normalize the number of senders in group ¢’ to 1 and let m, be the mass of senders in
group ¢, then the quality threshold  in the absence of a signal ban is defined implicitly by,

g 979

k= Hg0
N= 1-0 g A
((hg,baseline + hg7banned) / (hg,O (hg,O + hg,baseline + h’g,banned)))

R — g0
A, = 1-@ g 7| (A9)
((hg/,baseline + hg/,banned) / (hg/,O (hg/,O + hg/,baseline + hg/,banned)))




where Ay and )\, are group-specific success rates. Note that the expressions for A\, and A, follow
immediately from the distribution of posterior means in A.4, from the definition of Ay paseline i1
A.6, and from firms’ cutoff strategies in terms of .

To study the effect of the banned signal, we parameterize the availability of the banned signal
using « € [0, 1], and we replace the noise of the banned signal hgpannea With the term ahy banned
in expressions A.8 and A.9 above. The case of a complete ban corresponds to a = 0, and the
case where the banned signal is available corresponds to a = 1. We are then interested in the
total derivative d\,/da evaluated at various values of . By differentiating A.7 with respect to
« and isolating an expression for 0k /0« that we substitute into that total derivative, we obtain

(A.10)

O )Y
Xy A 4 2y [_8_5 _mga_ag]
- X, O\
do  Oa Ok K
After differentiation, some manipulation, and the introduction of a common denominator
% + mg% which we note to be negative, the resulting expression can be evaluated at o = 0,

yielding a result that implies our two main propositions,

dX h anne h aseline h h aseline hy A
Doy Pt ot (bt} (b (30 )
do hgl,banned hg/,baseline hg’,O + hg/,baseline hg,O R — g0

where we define Ay = pg0 — f1g0. Propositions 1 and 2 follow from expression A.11 by sub-
stituting the terms of relative advantage in baseline signals, wy, as defined in the text, and, to
derive Proposition 1, by particularizing to the case where hy o = hyo and Ap = 0.

Next we further generalize the model to include the potential for (1) taste-based discrimina-
tion, (2) biased priors, or (3) biased signals." We model each of these as a shift, denoted d,, that
is added to relevant mean parameters for group g. Concretely, to model (1) we say ¢, is added
to priors fi40, to signal realizations s, &, and to receivers’ post-match perception of actual match
qualities; that is to say, taste-based discrimination implies a shift in perceived match quality at
all stages of the interaction between senders and receivers. We model (2) as an J,-shift in j
only: that is, priors are biased by d,, but signal realizations and post-match perceptions are
both unbiased. We model (3) as an J,-shift in signal realizations s, only: that is, priors and
post-match perceptions are both unbiased, but signal realizations are biased.?

We show how each of these three types of discrimination or biases d, would introduce one
additional term for each group in our general main result, Proposition 2. The additional term
would take the form f,(d,, h), where f’s argument h contains the precisions of priors and signals

across different groups. The rightmost term in Proposition 2, (1 + Hi“ 0), would then be
g,

Bohren et al. (2019) provides evidence in favor of the existence of biased priors in a labor market settings
and Bohren et al. (2020) argues that some research may mistake these biased priors, or inaccurate statistical
discrimination in their terminology, for taste-based discrimination.

2A fourth case would be that signals are biased, but receivers know of this bias and adjust for it in forming
posteriors. In this case, posteriors and hence success rates would be the same as in the unbiased case.



updated to include f as follows,

Ap+ fg(éga h) — fg’(ég’a h))
(1 + K — g0 — Ju(0,,7) (A.12)

For the first type of bias, (1) taste-based discrimination, the added term is simply,

fg(égv h) = 0, (A.13)

In other words, taste-based discrimination is observationally equivalent in terms of modeled labor
market outcomes to an actual d,-shift in underlying match qualities. And so, as in our discussion
of the term Ay after Proposition 2, taste-based discrimination can reinforce the effects of relative
disadvantage across information sources.

Meanwhile, (2) biased priors and (3) biased signals both imply that the influence of bias J, is
attenuated by a factor that depends on various signal precisions h. Taking derivatives as in the
steps between expressions A.9 and A.11 introduces additional terms in h as well, reflecting how
the effect of the availability of the banned signal depends on the amount of bias present. After
simplification, the form in expression A.12 holds, and f can be shown to have the following form
for a biased baseline signal,

h baseline + h bannedh baseline
f 5 , h — g, g, 9, A—‘ 14
9( 7 ) h’g70 + hg,baseline ( )

or the following form for a biased prior,

h 0 + h bannedh 0
. . 7 Al
fo(0g: 1) hgo + hg baseline Y

In both cases, the benefit from the availability of the banned signal accrues more to the group
that has relative advantage in precision, holding other parameters constant.

Through these more general cases, we also see that the availability of the banned signal is
more likely to benefit groups that face a relative disadvantage in bias terms, rather than just
in precision terms. While we view the key conclusion as similar in both cases — i.e. relative
advantage is what matters — we can use the quantitative model detailed in the next section to
explore whether the bias channel or the relative-precision channel would explain our empirical
results better in the context of PECC bans.

B Quantitative Model Details

In this section we detail the quantitative version of the model introduced in Section 5.5, starting
with the case where we assume priors and signals are unbiased. We allow the mean of baseline
match qualities to differ across groups. We restrict h) = hil = h}Y however, as we are aware
of no evidence suggesting such dispersion differences are present “before” the use of differently
precise screening tools. We emphasize, as in the discussion above, that any differences in mean



baseline match qualities could simply be the result of taste-based discrimination rather than
actual difference.

In estimating the model, we identify parameters that generate observed hiring rates and
separation rates in the cases with and without PECC bans in place, which correspond to the
model cases where t = 1 and ¢t = 0 respectively. Quantitatively, the key step in this process is to
estimate the hiring threshold  in each case.

To estimate k, we first calibrate each group’s population share m, using estimates of the
unemployed population from Table 1. We calibrate the number of positions to be filled, M €
[0, 1], using Table 2 to estimate monthly flows of new hires from among the unemployed as a
share of the unemployed population. We do not change these calibrations as we search across
different parameter values.

With those calibrations in hand, we then solve for x numerically given any putative set of
model parameters. For an arbitrary number of groups g, the hiring threshold x in the more
general case is defined implicitly by

M=) mg\ (B.1)

A\ =1— AR LAY | Ve (B2)
((hg,baseline + thg,banned) / (hg,O (hg,O + hg,baseline + thg,banned)))

making it straightforward to solve for s via simulation.?

Model moments are generated as follows. Job-finding rates for each group are simply the
share of that group’s my/N posteriors that fall above the estimated x. Subsequent separation
rates are generated by modeling the firm’s firing decision as a tradeoff between a given hire’s
match quality, the expected match quality of making another new hire, and the firing cost cpre-ban
OT Cpost-ban- opecifically, all new hires are fired if their true match quality falls below the quantity,

ngE[uilmi > K] —c (B.3)

g

where the first term is the expected match quality of a new hire averaged over all possible groups,
and c is the firing cost a firm incurs for firing the currently hired worker, equal to either cyre-ban
OT Cpost-ban depending on the availability of PECCs.* The expectation in the first term is likewise
solved for numerically using the m,N draws from each group.

3In particular, to solve for x, we simulate my N draws from each group’s match quality distribution, and then
simulate signal realizations for each of these draws. We then find the NV - M highest values of Bayesian posteriors
about these draws’ match quality, across all groups g, where posteriors are calculated as in expression A.4 or the
analogous expression for the case when PECCs are available. The implicit hiring cutoff & is then defined by the
minimum of these M highest posteriors.

4As an alternative to our view that Cpost-ban MaY represent compliance costs after a PECC ban, this cost could
also reflect the cost of substitution to an alternative signal. The change in the dispersion in posterior expectations
from before to after a PECC ban would then be net of the contribution of this new signal.



The simulated firing and job-finding rates provide a total of twelve model moments, where
the twelve is for three groups, two cases with and without PECCs, and two rates. These twelve
moments are compared to the twelve counterparts from our empirical work as described in the
main body of the text. We search across parameter values to minimize the unweighted sum of
squared differences between these twelve moments.

One technical note is relevant. In principle the implementation of a PECC ban will change
the composition of match qualities in the applicant pool as firms endogenously change their
hiring and firing strategies, and so there will in principle be a gradual rather than immediate
convergence path to a new, post-PECC-ban equilibrium. While it is possible to solve for this
convergence path in the same simulations above, we believe this extra complexity detracts from
the core focus of the quantitative model. Thus we assume that the composition of match qualities
in the pool of job-seekers is unchanged under a PECC ban in our model simulations. Equivalently,
this can be seen as an assumption that flows into and out of unemployment that are affected by
the availability of PECCs are small relative to other flows determining the characteristics of the
applicant pool.

Figure 5 reports the model parameter estimates that we particularly highlight in our theo-
retical framework. Readers may also be interested in the full set of estimated model parameters;
for completeness we report those here. We emphasize that the group-specific match qualities
reflect any effects of taste-based discrimination as well as institutional discrimination such as
inequalities in educational access. When we target our controlled estimates of job-finding and
job separation using state-level variation, we estimate,

B0 NBpaseline PBbanned Fo 0.0490 0.5243 1.0022 0.9677
W0 NHbaseline MHbanned Cpost| = [0.1489 1.2216 0.7141 1.0482 (B.4)
hVV,baseline hW,banned Cpre : 1.3846 1.0408 0.8955

Meanwhile when we target our controlled-specification coefficients (column (3) of Table 2 Panel
A, column (6) of Table 3), we estimate,

1Bo hBpaseline PBbanned ho 0.0810 0.4233 1.2936 0.7771
//JH70 hH,baseline hH,banned cpost = 01745 12890 06731 10671 (B5)
hVV,baseline hW,banned Cpre ’ 1.3897 1.2110 0.9290

We also examine robustness to allowing for biased signals, in the sense of Autor and Scar-
borough (2008), in addition to differences in signal precision. Given that our estimates in Figure
5 highlight the baseline signal as a source of differences across groups, we introduce a twelfth
parameter that allows the baseline signal to be biased by some amount ¢, as described above in
Appendix Section A, for minority applicants.” When we re-estimate the model allowing for this
baseline signal bias, we find that our core results on relative advantage in PECC signal precision
are largely unchanged, and in fact become slightly stronger in the sense of differences across
groups; overall though, these changes are modest, as the magnitudes of estimated precisions

5We obtain very similar results when the bias applies only for Black applicants, rather than all minority
applicants



move by less than 11% of their baseline values. While further work is needed to develop empiri-
cal strategies for distinguishing the effects of differential noise separately from the effects of bias,
this robustness exercise suggests PECCs are one important empirical context where differential
signal noise, rather than signal biases in the sense of Autor and Scarborough (2008), are drivers
of disparities across groups.

C Further Empirical Results

In this section, we present additional discussion related to the magnitude of our estimates, and
we provide more detail on the robustness of our results to alternative identifying assumptions,
different specifications, and alternative datasets that we discussed briefly in Section 5.3. We also
present the results from a placebo PECCs ban excercise, as well as evidence on the effects of
PECC bans on additional outcomes, including wages and part-time employment.

C.1 Robustness to Treatment Effect Heterogeneity

Two-way fixed effects (TWFE) estimators can be confounded by heterogeneity in treatment
effects across treated units when treatment is staggered over time, even when the parallel trends
assumption holds (see e.g., Goodman-Bacon (2021), De Chaisemartin and d’Haultfoeuille (2020),
Sun and Abraham (2021), Borusyak et al. (2021)). Goodman-Bacon (2021) shows that this bias
arises from two sources. First, TWFE models incorporate comparisons of treated units whose
treatment starts in one time period to treated units whose treatment starts in a later time period,
and this use of treated units as implicit controls can introduce bias of ambiguous sign. However,
this bias is negligible in our setting. Using the decomposition of Goodman-Bacon (2021), which
quantifies the weight that a TWFE estimator assigns to each possible pairwise comparison in
the data (e.g., a comparison between treated unit A and treated unit B), we find that that a
linear TWFE estimator in our setting places only 3% of its total weights on pairwise comparisons
between treated units. In the phrasing of Baker et al. (2022), this means that the vast majority
of our pairwise comparisons come from “clean” pairs.

As a result of this predominance of “clean pairs,” we do not expect estimators that correct
for the biases above to have a quantitatively important impact on our results. Nevertheless, for
completeness, in Table 3 we re-estimate our key regression specifications from sections 4.1 and
4.2 using the robust estimator in Sun and Abraham (2021). Some of these results are discussed
in Section 5, but we discuss them again and some further results here for completeness. Columns
(1)-(3) report the robustness of our job-finding results, while Columns (4) and (5) report the
robustness of our separations results. Panel A reports results using state level variation in
exposure to PECC bans, while Panel B reports results using job-level variation in exposure to
PECC bans.

We note that Sun and Abraham (2021), and many of the related recent tools developed to
solve this challenge, use linear estimators, so in our job-finding survival models we first aggregate
the data to use a linear model as in Appendix Section D.4 in Column (2), and we then show
robustness to the Sun and Abraham (2021) estimator with that linear model in Column (3). We



compare both of these estimates to our base specification results shown in Column (1). Two
patterns stand out regarding these estimates. First, the estimates are qualitatively all quite
similar, with all estimates being of the same sign and general magnitude. Second, to the extent
that there are differences, these differences are generated by the need to aggregate the data (i.e.
in the move from specification (1) to (2)), rather than from using the Sun and Abraham (2021)
estimator.

Moving to the job separation outcomes in Columns (4) and (5), we see that using the Sun
and Abraham (2021) estimator has a very small effect on the estimates impact of PECC bans.
Combined, these results confirm our expectation that biases due to heterogeneous treatment
effects and staggered treatment onset are not consequential in our setting.

C.2 Interpreting Magnitudes

In the main text, we compare the estimated effect of PECC bans to demand-side factors, where
we estimate the effects of PECC bans are equivalent to the employment declines resulting from
a 4.6 percent increase in wages for Black workers. Here we attempt to gauge how these mag-
nitudes compare to those of supply- rather than demand-side policies studied in the literature.
Meyer (1990)’s study of unemployment insurance finds that a 10 percent increase in the size of
unemployment benefits results in a roughly 8.8 percent decline in the job-finding hazard. Inter-
preting our results in light of this finding, the effect of PECC bans on Black job-finding rates
are equivalent to about a 15 percent reduction in unemployment benefits using our estimates
from the CPS and a 4 percent reduction in unemployment benefits using our estimates from the
LEHD J2J. In more recent work using data from the Austrian unemployment insurance system,
Card et al. (2007) find that eligibility for two months of severance pay results in a roughly 12
percent reduction in the job-finding rate, while extending unemployment insurance benefits from
20 to 30 weeks reduces job-finding hazards by 6 to 9 percent. These estimates are similar in
magnitude to our estimates of the impact of PECC bans.

As we discuss in the main text, we prefer to estimate the long-run equilibrium effect on em-
ployment rates using the effect on job-finding and separation rates rather than directly estimating
the effect on employment levels because it may take some time for equilibrium employment rates
to converge to their steady state value after a change in job-finding and separation rates. However,
for completeness, Appendix Table 4 reports estimates of the effect of PECC bans on employment
rates. In our baseline specification using state variation in PECC bans without demographic or
state policy and economic controls, reported in Column (1), we estimate that PECC bans re-
duce Black employment rates by about 0.8 percentage points, while having a positive effect on
Hispanic employment rates and small effects on White employment rates. This estimated ef-
fect on Black employment levels is roughly half of the long-run equilibrium effect implied by
the estimated effects on job-finding and separations. This smaller magnitude is consistent with
incomplete convergence to the new steady state, reflecting the medium run time-horizon of our
data.



C.3 LEHD J2J Data Results

We begin by studying job-finding in our supplementary dataset, the LEHD J2J data described
earlier in Section D.6. Although the LEHD J2J does not provide the rich individual-level demo-
graphics or information on spell length that the CPS does, the fact that it is aggregated from
administrative data on the near-universe of state unemployment-insurance records makes it a
valuable source of additional information. We follow the empirical strategy detailed in Appendix
Section D.4, where we estimate a difference-in-differences model for the complementary-log-log
of observed job-finding rates for unemployed job-seekers at the state-race/ethnicity-time level.
Figure 3 reports estimates from event-time versions of Equations 4.3 and 4.6 using the LEHD

J2J, where we plug in observed job-finding rates by,,.+(7) for the outcome A, ,(7) and estimate via

syt
OLS. Econometric properties of this plug-in estimator are addressed in more detail in Appendix
Section D.4. After PECC bans went into effect, we see that the decline in Black job-finding rates
accelerated, whereas job-finding rates for both Hispanic and white job-seekers rose for a period
and then fell slightly.

We explore the robustness of these results to alternative identifying assumptions. To begin,
Panel A, Column (1) in Appendix Table 6 shows coefficient estimates that correspond to the
LEHD J2J event-time plots in Appendix Figure 3. Column (2) adds controls for linear trends
at the state-race/ethnicity level to explore sensitivity to the baseline difference-in-difference es-
timator’s parallel trends assumption. Column (3) implements the Sun and Abraham (2021)
estimator. Column (4) adds state-time fixed effects to Column (1), creating a more-demanding
triple-difference estimator as in Equation 4.2. Finally, Column (5) adds state-race/ethnicity
linear trends to Column (4). Recall that the triple-difference estimator estimates the effect of
PECC bans on the difference between Black and white (or between Hispanic and white) job-
finding rates. These triple-difference specifications require the weaker identifying assumption
that the difference between Black and white (or between Hispanic and white) job-finding rates
would have exhibited common trends between states banning and not banning PECCs, in the
absence of PECC bans.

The results in Column (2) of the table change relative to Column (1), all becoming more
positive relative to the estimates in Column (1), with the sign for Black job seekers actually
flipping and becoming positive (although imprecisely estimated). In Column (3) we again show
that adjusting for staggered treatment adoption using the Sun and Abraham (2021) estimator
has no material effect on our estimates. When we add state-time fixed effects in Column (4), the
estimates become more similar to our baseline estimates in Column (1), with the estimated effect
for Black job-seekers being around —1.5 log-points, although this estimate is imprecise. Finally,
when we add state-race/ethnicity linear trends in Column (5), the point-estimates for Black
job-seekers roughly doubles in magnitude relative to Column (4), while the Hispanic estimate
also declines to near zero. Columns (6)-(9) reproduce Columns (1)-(2) and (4)-(5), adding the
controls for changes in state policy and economic conditions discussed in Section D.1. Adding
these controls does not have a clear pattern of effects on the coefficients, increasing some estimates
but decreasing others. In general, the overall pattern is similar, with estimates for Black job-
seekers showing a moderate, negative effect on job-finding rates.

Overall, these results lend additional credence to our baseline estimates that PECC bans



have a significant negative effect on job-finding rates for Black job-seekers. Seven of the nine
estimates of the effect of PECC on Black job-finding in the LEHD J2J are negative, although
they are smaller in magnitude than our baseline estimates from the CPS, varying from one-half
to one-sixth of our CPS estimates. Furthermore, the most specification adjusting for staggered
treatment adoption in Column (3) is both economically large and precisely estimated.

Why are the LEHD-J2J smaller in magnitude (although still generally negative) than the CPS
estimates? One possibility is that the differences reflect differences in the types of unemployment
spells that are included in the two datasets. The CPS sample that we use in our main analysis
differs from the LEHD-J2J data in two ways. First, the CPS data include unemployment spells of
all lengths ranging from 1 week to several years (124 weeks). Conversely, the LEHD-J2J data only
includes adjacent quarter flows, i.e. people who leave employment at a given firm in quarter ¢ and
become re-employed at a different employer in ¢ + 1.% This excludes both job-seekers who lose a
job and find a new one within the same quarter, as well as those who have longer unemployment
spells and don’t find a new job until after ¢t + 1. Second, the CPS data include information on all
states (and the District of Columbia) while the LEHD-J2J data exclude 7 states either because
the LEHD-J2J data are not available or do not start early enough or because a state’s minority
population was not large enough, as discussed in Appendix Section D.4.

In Appendix Table 7 we investigate whether the CPS results look more similar to the LEHD-
J2J results once we limit the sample to unemployment spells of the same length as those in the
LEHD-J2J. Panel A reports results in the LEHD (duplicated from Appendix Table 6. Panel
B, Column (1) reports the base specifications using the CPS for comparison. Panel B, Column
(2) then reports results where we restrict the CPS sample to more closely match the LEHD-J2J
sample. Specifically, we restrict the sample to the same 44 states and the LEHD-J2J data and to
unemployment spells that match the type of spells picked up in the LEHD-J2J (i.e., spells where
the person starts a quarter unemployed and ends the quarter employed). We see that making this
restriction reduces the CPS estimate of the effect of PECC bans on Black job-finding rates from
—10.2 percent to —9.1 percent, roughly 20% closer to the LEHD-J2J estimate of —4.6 percent.
In Column (3), when we add the state policy and economic conditions controls, the estimate for
Black job-seekers is near zero, actually slightly less in magnitude than the —3.4 percent estimate
in the LEHD-J2J reducing the absolute magnitude of the gap by about 60%. As in our previous
tables, Column (4) shows that the results are not sensitive to using the Sun and Abraham (2021)
estimator. Combined, these results suggests that some of the divergence between the CPS and
LEHD-J2J is explained by the particular sample where we measure labor market transitions in
the LEHD-J2J.

C.4 CPS Data Robustness Results

We also explore the robustness of our results in the full CPS data not restricted to the LEHD-J2J-
like subsample. These results are shown in Appendix Table 8. Column (1) repeats our baseline
analysis of CPS job-finding from Column (1) of Table 2. Column (2) then adds, as in our LEHD

6There is also a within quarter transition measure in the LEHD-J2J. However, this variable includes both
transitions with and without an unemployment spell in the same quarter, so it is not appropriate for our analysis
of the effect of PECC bans on job-finding rates of unemployed workers.
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J2J results, state-race/ethnicity linear trends to our baseline CPS specification in Equation 4.6.
We see that adding state-race/ethnicity linear trends increases the magnitude of the Black and
Hispanic estimates of the effect of PECC bans on job-finding, although it also substantially
increases the standard errors. Moving to Column (5), where we add state-time fixed effects to
the specification from Column (1), turning the specification into a triple-difference estimator, we
see that the estimated effect of PECC bans on Black job-seekers is reduced and made noisier,
but is still economically significant and is statistically indistinguishable from the estimate in
column (1). The estimated effect for Hispanic job-seekers is indistinguishable from the estimate
in Column (1). Finally, in Column (6) we add state-race/ethnicity specific linear trends to the
triple-difference specification in Column (5). This change roughly triples the estimated effect for
Black job-seekers to over 32 log-points, while the estimate for Hispanic job-seekers is now smaller
(although imprecise). The patterns in this table are broadly similar to those we observe in the
LEHD J2J, further validating our headline CPS results on job-finding. Section C.8 below further
discusses the remaining columns in this table.

In Appendix Table 9 we perform the same robustness analysis for the effect of PECC bans on
separation rates for new hires. This analysis is particularly important in light of the pre-trends
evident for Hispanic new hires in Figure 3. Beginning with Column (2), we see that adding
state-race/ethnicity linear trends nearly doubles the magnitude of the point estimates for Black
new hires, while the estimated magnitudes for Hispanic and white new hires are sharply reduced,
suggesting that the estimates for them are driven by pre-existing trends. This finding is confirmed
when we turn to Column (5), which shows that adding state-time effects to Column (1) (thus
generating a triple-difference estimator) increases the estimate for Black new hires considerably
compared to our baseline specification in Column (1), while it decreases the estimate for Hispanic
new hires to about half of its previous size. Adding state-race/ethnicity linear trends in Column
(6) further reduces the absolute magnitude of the Hispanic estimate, while increasing the estimate
for Black new hires by another fifty percent. Overall, Appendix Table 9 confirms our finding that
PECC bans are associated with increases in separation rates for Black new hires, while casting
some doubt on there being any particular relationship between PECC bans and separation rates
for white and Hispanic new hires. This is the same conclusion reached in our earlier analysis of
a placebo sample and of job-level variation, in Section 5.2. Section C.8 below further discusses
the remaining columns in this table.

C.5 Race-specific baseline hazards

The model we estimate in our main job-finding specifications, shown in Equation 4.6, imposes the
assumption of proportional baseline hazards. Our estimates may be inconsistent if this assump-
tion is violated. In Appendix Table 15, we relax this assumption by allowing baseline hazards
to differ flexibly across race. This change has almost no affect on the estimated parameters,
suggesting that this specific issue does not have a material impact on our results.
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C.6 Restricting to Months 1-4 of CPS

Krueger et al. (2017) provide evidence that in some circumstances attrition during the four
month break between CPS survey months 1-4 and 5-8 can lead to attrition bias. We explore
the extent to which this issue impacts our estimates in Appendix Table 13, which reports our
main job-finding (in Columns (1) and (2)) and separations specifications (in Columns (3) and
(4)) using both state-level variation (Panel A) and job-level (Panel B) variation in exposure to
PECC bans. The results in this table are qualitatively similar to those in our main specifications.
Quantitatively, the job-finding results tend to be larger than our baseline specifications using all
of the CPS months suggesting that, if anything, attrition bias due to the rotation group structure
is causing us to understate the impact of PECC bans on job-finding. The separations results
tend to be smaller in magnitude and less precise than our baseline results.

C.7 Part-Time Employment Results

PECC bans may have different impacts on part-time job finding than overall job-finding for
several reasons. First, if PECC bans worsen match quality and part-time jobs indicate poor
match quality, PECC bans may increase part-time job finding. Second, if the type of people who
tend to get part-time jobs find signaling their productivity particularly difficult, PECC bans may
decrease part time job finding disproportionately. Appendix Table 14 estimates hazard models of
the effect of PECC bans on the probability of finding a part-time job. The estimates are noisier
than our baseline specification, but generally are similar or higher in magnitude to our baseline
estimates. This is suggestive evidence that PECC bans may particularly impact those most
likely to find part-time work, although the estimates are sufficiently noisy that strong inferences
cannot be made.

C.8 Job-Specific Trends

A potential concern with the parallel trends assumptions underlying our difference-in-differences
and triple-difference specifications could be whether particular segments of the labor market,
which different race or ethnic groups may be differently exposed to, may be experiencing different
secular rates of job growth or job losses. We examine whether this is the case and whether this has
a material effect on our results in Tables 8 and 9, which present robustness in our job-finding and
job-separation results respectively (other aspects of these tables are discussed separately above).
The two tables are structured similarly: first, column (1) in both tables repeats our column (1)
difference-in-differences analysis from Tables 2 and 3 in the main body, and column (2) then shows
robustness to adding state-by-race/ethnicity-specific linear trends; column (4) then repeats our
difference-in-difference analysis from Tables 2 and 3 using job-level variation, adding state-by-job
linear, quadratic, and cubic trends, while column (3) shows robustness to adding state-by-job
linear trends along (without the higher-order polynomial); column (5) shows the triple-difference
specification discussed in Section C.4 above, and columns (6) and (7) then shows robustness to
adding, respectively, state-by-race/ethnicity-specific linear trends and state-by-job linear trends.
As these linear trends introduce hundreds or thousands of additional parameters to be estimated,
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they often lead to higher standard errors on our primary coefficients of interest. However, we
are reassured that these robustness checks either lead to similar or larger (and same-signed)
coefficients as in our specifications without these trends.

C.9 Wage Results

We focus on separation rates for new hires as our main measure of the effect of PECC bans on
match quality. However, wages are another important measure of match quality. Additionally,
general equilibrium effects of PECC bans on non-directly affected workers may also appear in
wages. We investigate these potential wage impacts of PECC bans in this section, expanding
upon our brief discussion in Section 5.2. Appendix Table 10 reports estimates of the effect of
PECC bans on the hourly wages of newly hired workers following PECC bans. These estimates
parallel the results in Column (1) in Table 3 and Columns (1), (5), and (6) in Appendix Table 9.
Starting with Column (1), we see that the estimated overall effect of PECC bans on hourly wages
is small, only 0.2 log-points, and is similarly small when the results are broken down by race or
ethnic group, with estimates less than 1 log-point for all three groups. However, it must be noted
that the estimates are quite noisy, with large standard errors that make it difficult to rule out
economically large results for both Black and Hispanic workers. This imprecision is highlighted
by the results in Columns (2) and (3), which add state policy and economic controls and then
state-race/ethnicity linear trends, resulting in large changes from specification to specification,
without any particular pattern. This inconsistency of the results combined with their imprecision
highlights that these data may not be well-suited to study the wage effects of PECC bans on
wages.

PECC bans may also affect hourly wages through general equilibrium effects on labor markets.
We examine this possibility by looking at the relationship between PECC bans and hourly wages
among long-tenure workers in Appendix Table 11. Similar to the results in Appendix Table
10, the results are in general near zero and quite noisy, with the possible exception of Hispanic
workers, for whom the estimated is negative, moderate in magnitude, and statistically significant
in the first specification. However, the magnitude, significance, and sign of these Hispanic results
are inconsistent across the four specifications, making it difficult to interpret the results. Broadly,
we view these results as too noisy to use for reliable inference.

One potential concern with the results reported in Appendix Tables 10 and 11 is that hourly
wages may be measured with error, particularly for workers who are not paid by the hour.
Consequently, the estimates may be attenuated towards zero. In results available upon request,
we explore this possibility by estimating the effect of PECC bans on weekly wages and hourly
wages for the subset of workers paid by the hour. Although the exact estimates differ, the broad
pattern of small, noisy, and inconsistent results we found in 10 and 11 is the same for these two
additional sets of analyses. Definitive analysis of the effect of PECC bans on wages will have to
wait for different empirical strategies or datasets.
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C.10 Heterogeneity by Other Observable Subgroups

In this section we explore whether PECC bans have different effects across other observable
subgroups, both overall and within race or ethnicity groups. We focus on two central labor
market observables that are likely to be related to how employers screen applicants: education
level and potential experience. In view of the theoretical results in Section 2, we would expect
any benefits of a ban to accrue to subgroups that have relative advantage in the precision of
baseline, non-PECC signals, and relative disadvantage in the precision of PECCs, all else equal.
We re-estimate versions of our baseline specification 4.1 where we now add interactions with
categories of education or experience: having a college degree, having six years or more of
potential experience, or having high predicted wages.”

Table 12 Panel A reports estimates on overall job-finding (i.e. not interacted with race or
ethnicity). We see that PECC bans have a small, imprecisely estimated negative effect on job-
finding rates for job-seekers without college degrees, and a positive effect for college-educated
job-seekers; the difference between the two groups is marginally significant in column (1) and
becomes more significant as we add state policy and economic controls in column (2). We see
fewer differences across experience levels in columns (3) and (4). One potential explanation
for these contrasting patterns is that we may be measuring (relevant) experience imprecisely
and hence attenuating any actual difference between these categories. Turning to Columns (5)
and (6), we see that PECCs bans have negative estimated effects overall on job-finding for
low predicted-wage workers and positive or near zero estimated effects for low predicted-wage
workers, but the differences between these two groups are not precisely estimated.

Panel B then investigates whether the effects we estimated previously by race and ethnicity
also differ within group by education level or experience. For all three race or ethnicity groups,
the effect of a PECC ban is between 6 and 16 percentage points less negative for job-seekers with
a college degree or more. For Black job-seekers, the reduced effect of PECC bans on job-finding
rates is large enough to completely counteract the negative effect of a PECC ban, leading to a
slight rise in job-finding rates of around 2.1 percent for Black college graduates. In contrast, we
do not find evidence that PECC bans significantly reduce job-finding rates for white or Hispanic
job-seekers without college degrees, and, consistent with the results in Panel A, we find that
college-educated white and Hispanic job-seekers have slightly higher job-finding rates after a
PECC ban. Moving to Columns (3) and (4), we see that, as in Panel A, the effect of PECC bans
does not seem to vary with our measure of potential experience.

Finally, in Columns (5) and (6) we see that, like in the case of education, the effects of
PECCs bans are more negative for job-seekers with low predicted wages, particularly for Black
job-seekers. This finding is consistent with workers with higher predicted wages having relative
advantage in the precision of baseline non-PECC signals or in the precision of PECCs. Alter-
natively (or in addition), this pattern could reflect the potential ability of high-wage workers

"We predict wages by estimating a Mincer-style wage regression, regressing log hourly wages on education,
potential experience, years of education interacted with potential experience, potential experience squared, years
of education squared, and two-digit industry and occupation dummies and interactions between industry and
occupation dummies. We classify workers having above median predicted wages as having “high” predicted
wages and workers having below median predicted wages as having “low” predicted wages.
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to substitute towards applying to lower-wage jobs in response to PECC bans, while lower wage
workers have less ability to make such adjustments. However, we emphasize that, although the
differences between high and low-predicted wage workers are economically large for all Black and
Hispanic job-seekers, the difference is not precisely estimated for any racial or ethnic group.

C.11 Placebo PECC Ban Treatments

In this section, we report results of placebo treatment analyses where we randomly assign treat-
ment status to different states, jobs, and time periods and assess where our actual treatment
effect estimates fall in the overall distribution of potential treatment effect estimates. Specifi-
cally, we repeatedly randomly assigned treatment status to 10 states (the overall number treated
in our balanced sample), to a share of jobs approximately equal to the average share of jobs
covered by an actual PECC ban (making these only approximately equal is necessary because
of the discreteness of job groups), and randomly assigned treatment timing for each of these
states (within the range of treatment starts dates observed in our data). We then estimated our
main difference-in-differences models using both state-level and job-level variation for both our
job-finding and separations outcomes following our main specifications in Tables 2 and 3. These
regressions correspond to Column (4) in Panels A and B of Table 2, and to Columns (3) and (6)
of Table 3. We performed 500 such simulations for each outcome and estimator.

We report the distribution of treatment effect estimates in Appendix Figures 5, 6, 7, and
8. In each of these figures, we show the distribution of estimates for Black, Hispanic, and
White job-seekers in Panels A, B, and C respectively. For comparison, we show our treatment
effect estimate in our actual sample with a dotted red line. In all four figures, we see that the
simulated treatment effect estimates of the effect of PECC bans on job-finding for all three races
are clustered around 0, with most of the mass lying between -.2 and .2 for job-finding rates, or
between -.05 and .05 for job-separation rates.

Looking more closely at Figures 5 and 6, which respectively show simulated state-level and
job-level variation, we see that our actual point estimates of -.129 and -.183 for Black job-seekers’
job finding rates using state-level and job-level variation are smaller than most of the mass; for
state-variation the two-sided p-value is .168, and when using job-level variation the two-sided
p-value is .058. Conversely, and consistent with our baseline findings for these groups, our actual
point estimates for white job-seekers and Hispanic job-seekers are closer to the center of the mass
and have p-values of .998, .632, .364, and .198 across the two groups and two levels of variation.

Appendix Figures 7 and 8 then report the same placebo analysis for our job separations
specifications. Here we again find that our point estimate for Black households is mostly outside
the main mass of the simulations, especially for job-level variation where our simulations imply a
two-sided p-value of .004. For Hispanic and white separation rates, our estimates are again within
the main mass of the simulations, though the modest decrease we estimate in white separation
rates has a p-value of .110 in the job-level variation (and .102 in the state-level variation).
Broadly, this placebo exercise suggests that our results, particularly for Black job-seekers and
using job-level variation, would be unlikely to be observed due to chance if there were no actual
treatment effect of PECC bans.
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D Data Appendix

Here we note a few additional features of interest regarding state policy and economic controls
sample selection, finite-sample properties, variance-covariance matrices, and weighting.

D.1 Controlling for State Policy and Economic Confounders

This subsection presents further details on the controls for state-time policy and economic shocks
introduced in Section 5.1 of the text. These controls include three measures of changes in state
labor market policy, including indicators for at least one MSA in the state adopting a Ban-the-Box
policy (Doleac and Hansen, 2020), an indicator for whether the state expanded Medicaid as part
of the Affordable Care Act (ACA), and a measure of state Unemployment Insurance generosity
during the Great Recession (Hsu et al., 2018). The period covered in our data, from 2002 to
2018, was a time of significant labor market change, during which the US economy experienced
a large housing boom and bust, the Great Recession, a 30 percent decline in manufacturing, a
sizable oil and gas boom, and high immigration rates. To control for state exposure to these time-
varying economic shocks, we include controls for the baseline manufacturing share of employment
in each state multiplied by year-dummies, the interaction between elasticity of housing supply
calculated by Saiz (2010) and year-dummies, as a control for exposure to the housing boom and
bust, a measure of fracking activity in state s in time ¢ (Bartik et al., 2019), and baseline share
of the population that was Hispanic and foreign-born in 2000 interacted with year dummies.
All of these state policy and economic conditions controls are included interacted with race and
ethnicity dummies. All tables present results from uncontrolled regressions as well.

D.2 Sample Restrictions

Because PECC-ban states implemented their bans at different times, we balance the number
of pre-ban years and post-ban years across all PECC-ban states, using the maximum number

of balanced years available in our data.®

For the CPS data this results in using three pre-ban
years and four-post ban years: no more than three pre-years are available, because Washington
enacted its ban in 2007 and a CPS redesign in 2003 presents considerable challenges in using

9 no more than four post-years are available for many states, because the

earlier survey years;
majority of state PECC bans were enacted in the years 2010 to 2014, and in our analysis we use
CPS data through February 2018. Similar data constraints result in using six pre-ban years and
two post-ban years and one quarter in the LEHD J2J data, as the LEHD J2J data were only

available through the first quarter of 2017.

8We restrict the sample to a balanced panel of years. In the absence of heterogeneous treatment effects, the
unbalanced sample would also provide an unbiased estimate of the average treatment effect. However, because
there may be heterogeneous treatment effects we conservatively restrict our sample to the balanced set of event-
years. Although there have been 13 state and local PECC bans, in practice we only study ten; the remaining
three are either a) city bans for which our data are limited or b) the Delaware ban, which only covered the public
sector and continued to allow PECCs after an initial interview, which according to evidence in Society for Human
Resource Management (2012) likely makes the restriction non-binding.

9Gpecifically, the CPS classification system for industries and occupations changed in 2003, which makes it
impossible to define a consistent set of job groups to use both before and after 2003 for our job-level analyses.

16



We also note that, because our measures of job-level variation among the unemployed rely
on knowing job-seekers’ most recent jobs, we exclude from our analysis any job-seekers who
do not report a most recent job (new labor market entrants). For sake of consistency across
specifications, we impose the same sample restriction when using state-level variation. Including
these new entrants in our state-level analyses generally tends to attenuate, although not undo,
our results. This restriction has the added benefit of making our CPS sample more similar to
our LEHD J2J sample, which only includes individuals who recently separated from a job.

We use one additional sample restriction when we estimate models using job-level variation,
as described in Section 4.2. Because we have been unable to find reliable evidence on which jobs
were covered or exempted by Washington’s PECC ban, we exclude data from Washington for all
results at the job level.

D.3 Encoding job-level variation in PECCs coverage

As discussed in Section 3.3 and illustrated in Table 1, PECC bans typically include a substantial
number of job-specific exemptions. In this section, we provide more detail on how we categorize
which individuals’ jobs in our data are covered by or exempted from each law.

We identify jobs in our data using US Census 4-digit industry codes and 4-digit occupation
codes, the most precise classifiers available in the CPS. These 4-digit codes represent a relatively
fine partition of industries and occupations: for example, industry code 9070 is for “drycleaning
and laundry services,” while occupation code 4420 is for “ushers, lobby attendants, and ticket
takers.” We then encode each of these occupations and industries as either covered by or exempted
from each PECC ban, based on statute texts, state agencies’ interpretations of statutory terms
such as “banking activities,” and guidance from human-resources law firm Littler Mendelson
that summarizes relevant case law (Gordon and Kauffman (2010), Rubin and Nelson (2010),
Rubin and Kim (2010), Fliegel and Mora (2011), Fliegel and Simmons (2011), Fliegel et al.
(2011), Fliegel and Mora (2012), Fliegel et al. (2013)). For example, Gordon and Kauffman
(2010) analyze the Illinois PECC ban and conclude the law should be interpreted as exempting
occupations including “senior executives, in-house attorneys, human resources professionals, most
finance department and information technology employees, and managers with money-handling
responsibilities.” Finally, consistent with the PECC ban statutes, we code a job as exempt
whenever either its industry or occupation is coded as exempt.

In some cases the correct encoding of industries’ and occupations’ exempt status is clear.
For example, we encode occupation code 3850, “police and sheriff’s patrol officers,” as exempt
in states that grant an exemption for law enforcement occupations. Other cases are more am-
biguous, particularly when exemptions are granted to specific job features (e.g., “unsupervised
access to marketable assets”). In these cases we use our judgment and explore robustness to
alternative classification schemes. In general, if we misclassify jobs in any of these ambiguous
cases, our empirical estimates of PECC bans’ effects will be biased toward finding no effect (i.e.,
attenuation bias)

Finally, to describe the “expected job” exposure measure of Section 3.3 more formally, let
ts be a vector of job-specific treatment dummies indicating which jobs are treated by a PECC
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ban in state s (i.e., zeros in ¢4 correspond to exempted jobs). We estimate job-to-job transition
probabilities (via unemployment) in all untreated states and months, collect these probabilities
in the transition matrix II, and pre-multiply ¢, by II to obtain a state-specific vector of job
treatment probabilities ps for the unemployed, ps = II X t,. Intuitively, each component j of
ps is a measure of the probability that an unemployed worker formerly employed in job j will
transition into employment in a job that is treated in state s, conditional on transitioning into
some employment. We then assume search probabilities are equal to these estimated transition
probabilities.

D.4 Hazard Model Estimation on Aggregate Data

We consider the problem of how to estimate the parameters of discrete-time hazard models such
as Equation 4.6 when only population-average job-finding rates are observed, as in our LEHD
J2J data, or when it is desirable to specify a linear regression, as in some of our robustness
exercises using the Sun and Abraham (2021) estimator. Let B, (7) be the observed number of
individuals finding a job, and N, .(7) be the number of job-seekers, at unemployment duration
7 for group r in state s time period t. Likewise define by, ¢(7) = By .t(7)/Ngt(T).

We begin by noting that Bi,;(7) ~ Bin(Ny,..(7), A%, (7)), where XY _,
Equation 4.6 and “Bin” refers to the Binomial distribution. For large N, (7), we therefore
know b, +(7) By \d

s,r,t

(1) is as specified in

(7). So by the continuous mapping theorem, which shows that functions of
random variables limit to the function of the random variable’s limit, we can consistently estimate
models such as Equation 4.6 on aggregate data, simply by plugging in b,..(7) for X? (7).

However in practice the number of unemployed individuals, N, .(7), is of course finite. Be-
(1) on the left-hand-side of Equation 4.6, our OLS
estimator will exhibit some finite sample bias when we plug in by,.(7) for ¢ (7).

cause we model a nonlinear function of \¢ |,

We use numerical integration to investigate the size of this bias. Specifically, we calculate as

a function of Ny,.(7) and A2

¢ ,.+(7) the size of the expected bias € in the dependent variable'’:

¢ =E {m(— In(1 — b))} — A7) (D.1)
b ~Bin(Ny (1), AL, (7)) (D.2)

We find that e is less than 0.1 percent of A? (1) when Ny, (7) > 500. So in practice
when we estimate the parameters of models such as Equation 4.6 on the LEHD J2J, we exclude
states in which any race or ethnic group ever has fewer than 500 unemployed individuals at the
unemployment duration that we study. This leads to the exclusion of data points from Idaho,
Wyoming, Montana, North Dakota, and South Dakota.

For clarity we also reiterate that, as discussed in Section D.6, we only estimate job-finding
models in the LEHD J2J on a single length of unemployment duration 7, the intermediate

category of “adjacent-quarter flows.” Because the data are available at a quarterly frequency

10Where Bin refers to the Binomial distribution.

18



and all individuals in this duration category are newly unemployed in the past quarter, this is
consistent with B,.;(7) being distributed Bin(Njy,..(7),\?, ,(7)).

s,r,t

D.5 CPS Data Appendix

We use the panel dimension of the 2003-2018 Current Population Survey’s (CPS) micro-data (US
Census Bureau (2019)). The Bureau of Labor Statistics uses the CPS to measure cross-sectional
unemployment and labor-force participation, while the panel dimension is used for estimating
gross flows in and out of unemployment, employment, and non-participation (e.g., as in Shimer
(2012)). Monthly sample sizes are about 100,000 adults, each of whom stays in the sample for
four consecutive months, then leaves for eight months, and then re-enters for a final four months.
The panel has a rotating structure so that roughly one-eighth of the sample is in each of the
eight months.

We adjust the panel structure of the raw CPS micro-data only slightly. We correct household
identifiers for occasional erroneous matches between months.!! Due to recent improvements
in the CPS micro-data (see Drew et al. (2014) for a discussion) this procedure does not rely
on the more intricate matching process often used on CPS data from the 1990s and earlier
(Madrian and Lefgen (1999)). We also remove military members and any children aged eighteen
or younger from our panel. In order to have more clearly interpretable flow estimates, we remove
individuals on temporary layoff from the population we refer to as “unemployed” (Katz and
Meyer (1990)). Finally, as illustrated in Figure 1, the number of pre and post-ban years varies
between treatment states. Consequently, for states implementing PECC bans, we restrict the
sample to a balanced set of pre and post-ban years common to all states, which is 3 years before
the bans’ implementation and 4 years afterwards.

We define job-finding in the CPS by whether an individual transitions into employment in
a given month, conditional on having been unemployed (“U”) in the prior month. We define
involuntary separations for newly non-employed individuals using the CPS question about an
individual’s most recent job, “Did you lose [that job], quit that job, or was it a temporary job
that ended?” Individuals whose response is encoded as “lost job” as opposed to “quit job” or
“temporary job ended” are coded as having involuntary separated. For individuals who appear
with multiple spells (e.g., two transitions from unemployment to employment), we include all such
spells in our analysis. Our clustering of standard errors at the state level allows arbitrary error
correlation across these multiple spells within individual level. (Given that the CPS sampling
frame is address/geography-based, individuals are always observed within the same state.)

When measuring an individual’s race or ethnicity, we make the ad hoc classification choice
that multi-racial individuals are “Black” whenever they identify partly as Black, and individuals
otherwise are “Hispanic” whenever they identify as Hispanic. We group all other groups into
a non-minority category that we refer to as “white.” Thus we reach three mutually exclusive
categories.

' More precisely, when one household is replaced by another due to mid-panel attrition, we generate new
identifiers for the replacement households in cases where the new and old identifiers coincide. This affects less
than 0.07% of households in the data.
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D.6 LEHD J2J Data Appendix

The CPS provides rich longitudinal information on individual job-finding hazards and separation
rates. However, our estimates, although reasonably precise, are somewhat noisy. Furthermore,
data in the CPS is self-reported and this may result in further uncertainty. We address these
concerns by analyzing the Job-to-Job (J2J) Flows data released as part of the Longitudinal
Employer-Household Dynamics (LEHD) program (US Census Bureau (2015)). This is a publicly
available administrative data aggregated from Unemployment Insurance (UI) records from all 51
states and Washington, DC.*? As in the CPS, we restrict the sample to a balanced set of pre and
post-treatment time periods. In the case of the LEHD, this restriction limits us to 14 quarters
post-treatment and 17 quarters pre-treatment.'® Figure 1 illustrates LHED-J2J availability for
the treated states. We refer to these data as the LEHD J2J data.

The LEHD J2J reports three different measures of transitions to new jobs, depending on the
duration of unemployment spells between jobs. These three measures correspond to spells that
last two or more quarters (“transitions from persistent unemployment”), spells that last roughly
one quarter (“adjacent-quarter transitions”), and spells that last less than one quarter (including
spells of zero length, i.e. job changes without any time off from work). Because of the coarse
nature of the quarterly data none of these three categories contains exclusively voluntary or
involuntary job changes. In our analysis we focus on the intermediate category, adjacent-quarter
flows. We note that this category includes spells of involuntary unemployment but also short
voluntary breaks between jobs (Hyatt et al. (2015)). The choice to use this category strikes a
balance between trying to focus on involuntary unemployment, which would be impossible in
the shortest-duration category, and avoiding duration-dependence problems that would arise in
using the longest-duration category.'*

The Census releases the LEHD J2J data separately by worker race and ethnicity categories.
The census generates these data by merging the Unemployment Insurance data using Social
Security Numbers (SSNs) with the Decennial Census short form, which contains detailed race
and ethnicity information, and the Social Security Administration (SSA) Personal Characteristics
File (PCF), which contains more limited information on race.'’® Roughly 95% of observations
in the LEHD J2J are matched to either the Census short form or the SSA PCF file. Race
and ethnicity is imputed for the remaining 5% of observations (Abowd and McKinney (2009)).
Following our procedure in the CPS data, we then aggregate race and ethnicity into three major

12Note that although the LEHD compiles data from all 51 states, as described in more detail below, We
exclude some states due to data limitations. Particularly, we exclude Vermont, Washington, and Connecticut
(three treated states) because their are insufficient numbers of pre and post-treatment years given our balanced
sample restriction. Additionally, we also exclude Idaho, Wyoming, Montana, North Dakota, and South Dakota
because of the small sample issues discussed in Section D.4. The data from these suppressed states is still included
in the flows data for other states. For example, if a person separated from a job in New York and took a job
in Connecticut, this would be recorded as a job-to-job flow for New York, even though Connecticut’s own flows
data are suppressed.

13This window differs slightly from that for the CPS because of differences in years for which data are available
across states.

14These duration dependence problems arise because the same individual appears in the unemployed pool in
multiple quarters, yet the length to-date of the spell in each case is unobserved. See Section 4 for more discussion
of how we account for duration dependence in the CPS data.

15Most importantly, the PCF does not contain information on Hispanic origin.
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categories: Black, Hispanic, and a non-minority category referred to as “white.” The Census
releases both raw and seasonally adjusted versions of the LEHD J2J. We use the seasonally
adjusted time-series.

Appendix Table 2 reports summary statistics on our key dependent variables, job-finding
and separation rates, using both the CPS and the LEHD-J2J. Summary statistics are calculated
using observations from between the first quarter of 2005 and the first quarter of 2017 in the
LEHD-J2J and between 2003 and 2018 in the CPS (the years for which we have data from all
states in our sample). Columns (1) and (2) report averages for states that have banned and have
not banned PECCs respectively. Columns (3) and (4) then report the CPS dependent variables
separately for covered and exempted jobs within states banning PECCs (LEHD-2J2 data do not
have the occupational detail required to break down outcomes by covered and exempt status).
Panel A, B, and C report these averages separately for Black, Hispanic, and White individuals
respectively.

D.7 Inference and Weighting

Following Bertrand et al. (2004), to account for correlated shocks within states over time, and also
to account for instances in which the same individual has multiple unemployment spells in our
CPS panel, all of our standard errors are clustered at the state level or the state-race/ethnicity
level.!6

Finally, we note that throughout our CPS analysis we use sample weights as suggested by
CPS documentation (i.e., longitudinal weights when estimating flows, and cross-sectional weights
otherwise). In the LEHD J2J, all specifications are weighted by the newly unemployed population
in the given state-race/ethnicity-year.

E Extended Literature Discussion

Above, we estimated that PECC bans reduced steady-state Black employment by 1.5 percentage
points in states banning PECCs. Is it reasonable that restrictions on the use of information like
PECCs in the hiring process can have such a large impact on job-finding rates? Other evidence
from the literature suggests yes. Studying the effect of the usage of credit information in hiring
in Sweden, Bos et al. (2018) find that the removal of information on past defaults from credit
reports results in a 2 to 3 percentage point increase in employment rates for affected individuals in
the year after the past-default information removal. Wozniak (2015) finds that laws discouraging
or encouraging the use of drug-testing in the hiring process have a 7 to 30 percent effect of Black
employment levels in affected industries. In work closely related to our empirical application,
Doleac and Hansen (2020) find that Ban-the-Box (BTB) policies reduce the employment of low-
skilled Black workers by 3.5 percentage points.!” All three of these papers suggest that regulation

16To be precise, all standard errors are clustered at the state level, except for the standard errors displayed as
confidence intervals in Figure 7?7, which needed to be clustered at the state-race/ethnicity level due to computa-
tional constraints.

17 Agan and Starr (2018) combine a résumé-audit design with a difference-in-differences strategy exploiting New
Jersey and New York’s BTB policies to explore the mechanisms driving the effects of BTB policies and find that
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of information used in the hiring process can have economically large impacts on employment
outcomes.!®

Our results also are complementary with other recent papers on PECC bans, though our
focus differs from these papers. One contemporaneous paper, Ballance et al. (2017), and a more
recent paper, Friedberg et al. (2016), study the direct effect of PECC bans on individuals who
are especially likely to have poor credit: Friedberg et al. (2016) focus on Survey of Income
and Program Participation (SIPP) respondents who report having recent trouble paying their
bills, finding that job-finding hazards rose by 25 percent for these individuals after PECC bans;
Ballance et al. (2017) focus on individuals living in census tracts with average credit scores below
620, finding that employment in these census tracts rose 6 percent after PECC bans. In contrast,
we emphasize how PECC bans’ effects for broader groups can still be negative overall. That is,
even though Black job-seekers with particularly weak credit may benefit from PECC bans, we
find that restricting access to credit information still harms Black job-seekers on average.’

Three recent studies on the removal of adverse information from credit reports are closely
related to, and complementary to, our own. Bos et al. (2018) study an administrative change in
Sweden that removed bankruptcy and default information from some borrowers’ credit reports,
and they find that this change led to higher employment rates for affected individuals. In two
related studies, Herkenhoff et al. (2016) and Dobbie et al. (2019) study the effect of the removal
of bankruptcy flags using labor market data linked with credit records. Consistent with our
findings, they both find that removal of bankruptcy information from credit records modestly
increases flows into employment, by 7 and 3.6 percent respectively.?’

The settings and variation in these papers differ from our own. The identifying variation
in Bos et al. (2018) affected both credit and labor markets, as it prevented lenders as well as
employers from viewing past default information. Their study focuses on Swedish pawnshop

BTB increases job application callback rates among Black applicants with criminal records, but decreases them
among Black applicants without criminal records. On net, the BTB policies reduce average callback rates of
Black applicants, with the primary beneficiary of the policies being white applicants with criminal records. Using
the Longitudinal Origin Destination Employment Series (LODES), Shoag and Veuger (2016) reach somewhat
divergent findings, finding that employment actual rose by 4 percent for residents of neighborhoods with high
crime-rates after BTB laws were passed. Using broader variation, Holzer et al. (2006) find that employers’ use
of criminal background checks predicts higher Black-male employment, despite higher levels of criminal history
among Black males. Finlay (2009) finds that labor market outcomes worsened for ex-offenders once criminal
records became available online.

18Craigie (Forthcoming) adds important nuance to this discussion by noting that the effects of these information
restrictions may be different in public versus private labor markets. She investigates the effects of BTB policies
on public employer hiring rates for Black workers with criminal records and finds large, positive effects, while
finding no evidence for negative spillovers in public employment for Black workers without criminal records.

YFriedberg et al. (2016) and Ballance et al. (2017) briefly explore effects by race. Friedberg et al. (2016)’s
point estimates for Black individuals are actually positive, but their standard errors large enough to be consistent
with very large positive or negative effects. Ballance et al. (2017) use the ACS to study the effect of the bans on
the overall Black employment rate, rather than transitions from unemployment to employment, and they do not
investigate effects on white or Hispanic individuals. However, despite these differences, a back of the envelope
calculation suggests that Ballance et al. (2017)’s estimate that PECC bans reduce employment by 1.9 percentage
points for Black individuals is quite similar to our estimate of 1.5 percentage points.

20Dobbie et al. (2019) briefly explore the effects of PECC bans on workers who filed for bankruptcy four to six
years ago. However, they estimate effects on employment levels, rather than flows out of unemployment, and do
not disaggregate these results by race.
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borrowers who previously defaulted on their loans, which is both a different institutional context
and likely a more credit-challenged group than the population of US job-seekers as a whole.
Herkenhoff et al. (2016) and Dobbie et al. (2019) study the removal of bankruptcy flags, which
usually occurs 7 to 10 years after bankruptcy. However, survey research suggests that only some
employers check information as far back as seven years.?! Furthermore, bankruptcy is only one
type of adverse credit information, and the effects of availability of other types of adverse credit
information may differ. We thus view these three studies as informative about different types of
information in different populations than our own.

More broadly, we provide the first quantitative estimates of which we are aware that the
precision of traditional labor market screening tools, such as interviews and referrals, differs
across different race or ethnic groups.

While interesting on their own, these results also offer a possible unifying explanation for a
wide range of findings in labor economics. First, these results may help explain higher returns for
Black individuals to other labor market signals, such as occupational licenses (Blair and Chung
(2018)) and veteran status (De Tray (1982)), that could help compensate for higher noise in other
screening tools. Second, our findings may also help in understanding the relationship between
firm size and Black employee share (Holzer (1998)), and the long-run impacts on Black worker
hiring of temporary affirmative action programs (Miller (2017)), as firms may face fixed costs to
reducing baseline signal noise for minority applicants. ?> Third, our results provide support for
the frequent modeling assumption in the statistical discrimination literature that employers may
have less precise estimates of the match quality of minority job candidates (Phelps (1972), Aigner
and Cain (1977), Cornell and Welch (1996), Morgan and Vardy (2009)). Our evidence on the
imprecision of signals generated by the current screening process for Black job-seekers suggests
that the current screening tools used by firms may represent an important form of institutional
discrimination, as discussed by Small and Pager (2020).

As a result, policies that reduce segregation or shift firm screening practices may be promising
policy responses. For example, Miller (2017) finds that firms temporarily required by federal
contracts to follow affirmative action hiring guidelines permanently increase their hiring rates
for Black workers, even after the federal contract lapses. He interprets these findings in a model
of “screening capital”, where firms respond to affirmative action by investing in screening tools
that, because firms have less precise posteriors of the quality of minority workers as in our

2Tn the Society for Human Resource Management (2012) report, roughly 25 percent of firms say they look at
credit report information from 7 years ago or later.

22The higher precision of signals for white job candidates may reflect firms’ having already paid the fixed costs
of creating a job-screening process that allows white candidates to send precise signals. We do not model or
provide evidence on how firms choose which screening tools to invest in. Exploring these choices is a rich area for
future research to understand institutional discrimination.

23We conjecture, based on our own results and our reading of the combined evidence, that more subjective or
qualitative information sources such as referrals and interviews may be more precise for white than Black job-
seekers, while precision may be more similar across groups for third-party measures, and for more quantitative
measures such as credit reports, job-screening tests, and criminal records. Consistent with this idea, evidence
suggests that the precision of commonly used quantitative job-screening tests is similar for Black and white
applicants (Hartigan and Wigdor (1989), Wigdor and Green (1991), and Jencks and Philips (1998)). This
conjecture is also consistent with the results in Agan and Starr (2018), Doleac and Hansen (2020), and Wozniak
(2015). However, see also footnote 8 for discussion of other signals not covered by these two broad signal types.
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model, benefit minority workers. Policy may also seek to address other factors that prior work
has identified as contributing to inequality in labor market screening tools, including differences
in social networks (Neckerman and Kirschenman (1991), Bayer et al. (2008), Hellerstein et al.
(2011)), which for racial and ethnic minorities may reflect longstanding structural inequality
(Smith (2007)).

Beyond labor economics, our results relate to the burgeoning literature at the intersection
of economics and computer science on the effects of including or excluding certain data features
used in algorithmic decision-making, especially in settings where concerns about discrimination
and equity are important (Kleinberg et al. (2018) and Rambachan and Roth (2020)). Much
of this literature has focused on whether algorithms reduce or increase disparities in outcomes
across groups, depending on how the baseline decision-maker affects the training data and how
outcomes are measured in the training data. Our paper adds an additional dimension to this
discussion by suggesting that the impact of new data or algorithms on policy-relevant disparities
depends also on how the precision of available information for different groups is affected.
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F Appendix Figures

Appendix Figure 1: PECC Bans Timeline and Data Availability by State
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Notes: Oregon’s PECC ban originally had an implementation date of 7/10/2010, but implementation was
accelerated to 3/29/2010 (Friedberg et al., 2016). In Delaware, the law only banned credit screening for public
jobs and before the first interview; see also Section 3.1.
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Appendix Figure 2: Event-Time Analysis of the Effect of PECC Bans on
Job-Finding Using Job-Variation
State-Job-Race/Ethnicity FE, Time-Race/Ethnicity FE
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Notes: This figure shows the results of an event-time analysis of the difference in job-finding for unemployed individuals between states banning and
not banning Pre-Employment Credit Checks (PECCs) before and after the PECC bans went into effect. Each panel shows results for a different race
or ethnic group. The reported coefficients come from estimating with MLE a version of the proportional hazards model in Equation 4.6, where we use
state-job-race/ethnicity fixed effects in lieu of state-race/ethnicity fixed effects, and where we interact an indicator for being covered by a PECC ban
with the expected probability of being in a PECC covered job (given the unemployed workers previous job j(%)), Ds(i),t X Pj(i),s(i)» with indicators for
event time, kg¢. Event time is defined as the calendar year and month, ¢, minus the year and month that a PECC ban took effect in state s. To improve
precision we pool twelve months of event-time dummies into year dummies. The model also includes job-time-race/ethnicity fixed effects, individual
demographic characteristics interacted with race-ethnicity dummies, and state policy and economic controls interacted with race-ethnicity dummies. The
sample is restricted to balanced event years common to all PECC-ban states. Microdata on individual unemployment and job-finding come from the
Current Population Survey (US Census Bureau (2019)). Error bars show 95% confidence intervals generated from standard errors clustered at the state
level.
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Appendix Figure 3: Event-Time Analysis of the Effect of PECC Bans on
Job-Finding: LEHD J2J
State-Race/Ethnicity FE, Time-Race/Ethnicity FE
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Notes: This figure shows the results of an event-time analysis of the difference in the complementary log-log of the average job-finding rate (i.e.,
In(— In(1 — job-finding rate))) between states banning and not banning Pre-Employment Credit Checks (PECCs) before and after the PECC bans went
into effect. The reported coefficients come from estimating a version of Equation 4.1 where we interact an indicator for being covered by a PECC
ban, Ds(i)‘t, with indicators for event time, Ks¢. Event time is defined as the calendar year-quarter, ¢, minus the year-quarter that a PECC ban took
effect in state s. The model also includes time-race/ethnicity, state-race/ethnicity fixed effects, individual demographic characteristics interacted with
race-ethnicity dummies, and state policy and economic controls interacted with race-ethnicity dummies. Regressions are weighted by the number of
individuals of a given group who separated from their jobs in state s in year-quarter t. The sample is restricted to balanced event years common to all
PECC-ban states. Data on job-finding rates for workers who separate from their main jobs come from the Longitudinal Employer-Household Dynamics
Job-to-Job Flows data (LEHD J2J) (US Census Bureau (2015)). Error bars show 95% confidence intervals generated from standard errors clustered at
the state level.

27



Appendix Figure 4: Event-Time Analysis of the Effect of PECC Bans on
Separations Using Job-Variation: New Hires
State-Job-Race/Ethnicity FE, Time-Race/Ethnicity FE
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Notes: This figure shows the results of an event-time analysis of the difference in involuntary separation rates for workers newly hired out of unemployment

between states banning and not banning Pre-Employment Credit Checks (PECCs) before and after the PECC bans went into effect. Each panel shows
results for a different race or ethnic group. The reported coefficients come from estimating a modified linear probability model of equation 4.4 where
we interact an indicator for being covered by a PECC ban in job j(i) at the time of hiring, Ds(i) X XT]'C(‘i).s(i)‘ with indicators for event time, Kg¢.
Event time is defined as the calendar year and month, ¢, minus the year and month that a PECC ban took effect in state s. To improve precision we
pool twelve months of event-time dummies into year dummies. The model also includes job-time-race/ethnicity fixed effects, individual demographic
characteristics interacted with race-ethnicity dummies, and state policy and economic controls interacted with race-ethnicity dummies. The sample is
restricted to balanced event years common to all PECCs-ban states. Microdata on individual unemployment and involuntary separation rates for new
hires come from the Current Population Survey (US Census Bureau (2019)). Error bars show 95% confidence intervals generated from standard errors
clustered at the state level. 28



Appendix Figure 5: Placebo Analysis of the Effect of PECC bans on Job-Finding
Using State Variation
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Notes: This figure shows results of placebo treatment analyses where we randomly assign treatment status to states and dates, following the share of
treated states in our actual sample. We then estimate with MLE a version of the proportional hazards model in Equation 4.6 using state-level variation.
The three panels of the figure show the distribution of estimated placebo treatment effects for Black, Hispanic, and white individuals. The vertical line
in each figure shows our actual estimate. 29



Appendix Figure 6: Placebo Analysis of the Effect of PECC bans on Job-Finding
Using Job Variation
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Notes: This figure shows results of placebo treatment analyses where we randomly assign treatment status to states, jobs, and dates, following the share
of treated states and jobs in our actual sample. We then estimate with MLE a version of the proportional hazards model in Equation 4.6 using job-level
variation. The three panels of the figure show the distribution of estimated placebo treatment effects for Black, Hispanic, and white individuals. The
vertical line in each figure shows our actual estimate. 30



Appendix Figure 7: Placebo Analysis of the Effect of PECC bans on Separations
for New Hires using State Variation
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Notes: This figure shows results of placebo treatment analyses where we randomly assign treatment status to states and dates, following the share of
treated states in our actual sample. We then estimate the linear probability model of involuntary separation rates for new hires in equation 4.4, using
state-level variation. The three panels of the figure show the distribution of estimated placebo treatment effects for Black, Hispanic, and white individuals.
The vertical line in each figure shows our actual estimate. 31



Appendix Figure 8: Placebo Analysis of the Effect of PECC bans on Separations
for New Hires using Job Variation
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Notes: This figure shows results of placebo treatment analyses where we randomly assign treatment status to states, jobs, and dates, following the share
of treated states and jobs in our actual sample. We then estimate the linear probability model of involuntary separation rates for new hires in equation
4.4, using job-level variation. The three panels of the figure show the distribution of estimated placebo treatment effects for Black, Hispanic, and white
individuals. The vertical line in each figure shows our actual estimate. 32
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Appendix Table 2: Dependent Variable Summary Statistics: CPS and LEHD-J2J Data

PECC-Ban States  Non-PECC-Ban states Covered Jobs Exempted Jobs
(With PECC-ban states)

(1) @) (3) 4)

Panel A: Blacks

Job-Finding Rate out of Unemployment (CPS) 0.131 0.155 0.193 0.150
Involuntary Separation Rate, New Hires (CPS) 0.107 0.090 0.109 0.109
Involuntary Sep. Rate, Long-Tenure Workers (CPS) 0.024 0.019 0.023 0.024
Separation Rate (LEHD) 0.096 0.100

Adjacent Quarter Job-Finding Rate (LEHD) 0.219 0.240

Panel B: Hispanics

Job-Finding Rate out of Unemployment (CPS) 0.183 0.229 0.259 0.198
Involuntary Separation Rate, New Hires (CPS) 0.097 0.076 0.093 0.126
Involuntary Sep. Rate, Long-Tenure Workers (CPS) 0.020 0.015 0.021 0.018
Separation Rate (LEHD) 0.083 0.099

Adjacent Quarter Job-Finding Rate (LEHD) 0.214 0.225

Panel C: Whites

Job-Finding Rate out of Unemployment (CPS) 0.153 0.192 0.211 0.168
Involuntary Separation Rate, New Hires (CPS) 0.084 0.068 0.076 0.110
Involuntary Sep. Rate, Long-Tenure Workers (CPS) 0.015 0.011 0.015 0.014
Separation Rate (LEHD) 0.063 0.069

Adjacent Quarter Job-Finding Rate (LEHD) 0.210 0.224

Notes: This table shows summary statistics for our outcome variables, job-finding and separation rates, in
both the CPS and LEHD-J2J data. From the CPS, we report job-finding rates, separation rates for recent
hires, and separation rates for long-tenure workers, by race or ethnicity for years 2003 to 2018. Recent hires
are defined as individuals observed with previous unemployed-to-employed transitions in up to 15 months of
history in the CPS panel. Long-tenure workers are defined as individuals observed as employed at all prior
available dates in the CPS panel. From the LEHD-J2J data, we report separation rates and adjacent quarter
job-finding rates for quarters from 2005Q1 until 2017Q1. The separation rate is computed as the number of
separations divided by beginning-of-quarter employment and the adjacent quarter job-finding rate is computed as
the number of people who separate to adjacent quarter employment divided by total separations. Three treated
states (Vermont, Washington, Connecticut) are not included in the LEHD-J2J rows due to data limitations. For
both data sources, columns (1) and (2) respectively show statistics for states with and without PECC bans.
Columns (3) and (4) then compare covered vs. exempted jobs within PECC-ban states for the CPS dependent
variables (occupation data are not available in the LEHD-2J2, preventing us from computing averages separately
for covered and exempted jobs). Different panels report dependent variable means separately separately by race
and ethnicity, with Panels A, B, and C showing averages for Black, Hispanic, and White workers and job-seekers
respectively.
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Appendix Table 3: Adjusting for Staggered Treatment Adoption

Outcome: Job-Finding Separations
Data-structure: Individual Aggregate Individual

1) 2) ®3) 4) ()

Panel A. State-level Variation
Panel Al. Effect separately by race/ethnicity

1(Black)*1(Treated by Ban) -0.102%* -0.0883** -0.0843** 0.0213 0.0231%*
-0.0418 (0.0436) (0.0352) (0.0131) (0.0103)
1(Hispanic)*1(Treated by Ban) 0.0792 0.0272 0.0310 -0.0545%%%  _0.0531%**
(0.0488) (0.0570) (0.0448) (0.0149) (0.0139)
1(Non-Hispanic white)*1(Treated by Ban) -0.0137 -0.00325 -0.0088 -0.0215%%*  _0.0213%%*
(0.0266) (0.0295) (0.0212) (0.00749) (0.0043)
Panel A2. Overall Effect
1(Treated by Ban) -0.000860 -0.0101 -0.0124 _0.0246%**  _(0.0243%**
(0.0270) (0.0306) (0.0170) (0.00699) (0.0063)
N 343,262 6,535 6,535 54,389 54389
States 51 51 51 51 51
Ban States 10 10 10 10 10

Panel B: Job-Level Variation
Panel Bl. Effects separately by race/ethnicity

1(Black)*1(Treated by Ban) -0.141%** -0.0906** -0.0831%* 0.0406%*  0.0419%**
(0.0548) (0.0427) (0.0372) (0.0160) (0.0139)
1(Hispanic)*1(Treated by Ban) 0.0515 -0.00503 0.0117 -0.0545%*%  _0.0529%**
(0.0559) (0.0636) (0.0499) (0.0168) (0.0153)
1(Non-Hispanic white)*1(Treated by Ban) -0.0296 -0.0400 -0.0401* -0.0207F*%  _0.0207+**
(0.0430) (0.0411) (0.0237) (0.00630) (0.0055)
Panel B2. Overall Effect
1(Treated by Ban) -0.0198 -0.0404 -0.0339 -0.0236%**  _0.0231%**
(0.0402) (0.0417) (0.0208) (0.00751) (0.0074)
N 331,942 6,535 6,582 52,407 52407
States 50 50 50 50 50
Ban States 9 9 9 9 9

Time-Race/Ethnicity Fixed Effects
State-Race/Ethnicity Fixed Effects
State-New Job-Race/Ethnicity Fixed Effects
State-Past Job-Race/Ethnicity Fixed Effects
Aggregate Level Regression

Sun & Abraham (2021)

Z Z <2<
Z <<z
Z Z Z <2
< Z2zZ <2z~

KKK Z <

Notes: This table investigates the impact that staggered treatment adoption has on our differences-in-differences
estimates of the effect of PECC bans on job-finding (Columns (1) through (3)) and separation rates for new
hires (Columns (4)-(5)). In Panel A, a job-seeker’s exposure to a PECC ban is determined by whether or not
she lives in a state that implemented a PECC ban. In Panel B, a job-seeker’s exposure to a PECC ban is
determined by whether her expected next job (as defined in Appendix Section D.3) is covered by or exempted
from a PECC ban. Column (1) reports MLE estimates of hazard models that include the state-race/ethnicity and
time-race/ethnicity fixed effects that implement difference-in-differences. Column (3) presents estimates models
using Sun and Abraham (2021)’s interaction-weighted differences-in-differences estimator. This approach can
only be implemented with linear models, so we aggregate job-finding rates to the year-by-quarters-unemployed-
by-treatment level, where the treatment-level is the state in Panel A and state-by-job-treatment-status in Panel B.
We then estimate OLS models for the complementary-log-log of race/ethnicity-specific job-finding rate (i.e., In(-
In(1-job-finding))). To understand the extent to which any differences in the estimates are driven by the required
aggregation versus using the Sun and Abraham (2021) estimator, Column (2) reports results using traditional
difference-in-differences models on the aggregated data. Column (4) reports linear probability model estimates of
(race/ethnicity-specific) differences in separation rates for newly hired workers following a PECC ban using the
standard difference-in-differences fixed effects. Column (5) then implements Sun and Abraham (2021)’s estimator
for these separations specifications. Standard errors clustered at the state level are shown in parentheses.
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Appendix Table 4: Impact of PECC Bans on Employment Levels

M) 2) 3) (4)

Panel A: Effect separately by race/ethmicity

1(Black)*1(Treated by Ban) -0.00833%** -0.00764%* -0.00897*** -0.00664
(0.00294) (0.00380) (0.00327) (0.00425)
1(Hispanic)*1(Treated by Ban) 0.00877** 0.00761 0.0111%%* 0.0121%*
(0.00339) (0.00542) (0.00348) (0.00516)
1(Non-Hispanic white)*1(Treated by Ban) 0.00163 0.00215 0.00438* 0.00486*
(0.00169) (0.00252) (0.00232) (0.00242)

Panel B: Overall effect

1(Treated by Ban) 0.00202 0.00181 0.00471%* 0.00496*
(0.00207) (0.00283) (0.00259) (0.00281)
N 10,599,769 10,599,769 7,505,047 7,505,047
States 51 51 50 50
Ban States 10 10 9 9
Treatment Level State State New Job New Job

Time-Race/Ethnicity Fixed Effects
State-Race/Ethnicity Fixed Effects

State-New Job-Race/Ethnicity Fixed Effects
Demographic Controls (-Race/Ethnicity)

State Policy/Economic controls (-Race/Ethnicity)

Z 22 <~
<<z <
Z Z <z~
<KK 2

Notes: This table reports linear probability model estimates of (race/ethnicity-specific and overall) differences
in employment rates for working age individuals following a PECC ban, using various difference-in-differences
strategies. Columns (1) and (2) use state-time difference-in-differences, while Columns (3) and (4) use state-job-
time difference-in-differences. Data are from the CPS for years 2003 to 2018. Columns (1) and (3) include the
state-(job)(-race/ethnicity) and time-race/ethnicity fixed effects that implement difference-in-differences, while
Columns (2) and (4) add demographic controls (fully interacted with race or ethnic group), which include binned
education, binned age, gender, and marital status, urbanicity, and interactions between month-of-year and Census
division, and a set of state-year policy and economic controls. The controls for state economic and policy variables
are: Saiz’s price elasticity of housing multiplied by year indicators (Saiz (2010)), an indicator for whether the
state had geological potential for fracking in the given year (Bartik et al. (2019)), the share of manufacturing jobs
in 2000 multiplied by year indicators (ACS 2000), an indicator for whether the state had any Ban-the-Box policy,
an indicator for whether the state had expanded Medicaid in the given year, year 2000 state Hispanic and foreign
born share interacted with year indicators, and a measurement for unemployment insurance extensions during
the Great Recession (Hsu et al. (2018)). Standard errors clustered at the state level are shown in parentheses.
All controls (individual and state policy/economic) are interacted by race-ethnicity dummies.
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Appendix Table 5: Impact of PECC Bans on Involuntary Separation Rates for Long-Tenure

Employees
(1) 2) (3) “4) (5) (6)

Panel A: Effect separately by race/ethnicity
1(Black)*1(Treated by Ban) -0.00311 -0.00428 -0.000992 -0.00428 -0.00450%** -0.00215

(0.00207) (0.00373) (0.00190) (0.00373) (0.00140) (0.00375)
1(Hispanic)*1(Treated by Ban) -0.00302 -0.00378* -0.00239 -0.00378* -0.00356%* -0.00327

(0.00180) (0.00221) (0.00240) (0.00221) (0.00151) (0.00271)
1(Non-Hispanic white)*1(Treated by Ban) -0.00251 %% -0.00330%** -0.00133 -0.00330%%* -0.00329%%% -0.00201%*

(0.000720) (0.000871) (0.000911) (0.000871) (0.00051) (0.000979)
Panel B: Overall effect
1(Treated by Ban) -0.00265%** -0.00267*** -0.00142* -0.00351%** -0.00349%* -0.00225%*

(0.000700) (0.00054) (0.000803) (0.000851) (0.00066) (0.000915)
N 4,716,320 4,716,320 4,716,320 4,590,155 4,590,155 4,590,155
States 51 51 51 50 50 50
Ban States 10 10 10 9 9 9
Treatment Level State State State Current Job Current Job Current Job
Time-Race/Ethnicity Fixed Effects Y Y Y Y Y Y
State-Race/Ethnicity Fixed Effects Y Y Y N N N
State-New Job-Race/Ethnicity Fixed Effects N N N Y Y Y
Demographic Controls (-Race/Ethnicity) N N Y N N Y
State Policy/Economic controls (-Race/Ethnicity) N N Y N N Y
Sun & Abraham (2021) N Y N N Y N

Notes: This table re-estimates the difference-in-differences models from Table 3 on a placebo sample of long-
tenure workers. Long-tenure workers are defined as individuals observed as employed at all prior available dates
in the CPS panel. As in Table 3, Columns (1)-(2) and (4)-(5) include the state-(job)(-race/ethnicity) and time-
race/ethnicity fixed effects that implement difference-in-differences, while Columns (2) and (4) add demographic
controls and state-time policy and economic controls. Data from Washington are excluded from Columns (4)
through (6) due to uncertainty about which jobs are exempted from Washington’s ban. Columns (3) and (6) report
estimates using Sun and Abraham (2021)’s interaction-weighted differences-in-differences estimator. Standard
errors clustered at the state level are shown in parentheses. The set of extra controls for state economic and
policy variables is: Saiz’s price elasticity of housing multiplied by year dummies (Saiz (2010)), a dummy variable
that equals 1 if the state was actively extracting oil with fracking in a given year (Bartik et al. (2019)), the share of
manufacturing jobs in 2000 multiplied by year dummies (ACS 2000), a dummy variable that equals 1 if the state
had any Ban-the-Box policy in a given year, a dummy variable that equals 1 if the state had expanded Medicaid
by a given year (most states expanded in January of 2014), and a measurement for unemployment insurance
extensions during the Great Recession (Hsu et al. (2018)). All controls (individual and state policy/economic)
are interacted by race-ethnicity dummies.
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Appendix Table 6:

Robustness of Impact of PECC Bans on Job-Finding: LEHD-J2J

(1) (2) (3) “4) (5) (6) (7) (8) 9)
Panel A. Separately by race/ethnicity
1(Black)*1(Treated by Ban) -0.046 0.013 -0.045%** -0.015 -0.025* -0.034 0.008 -0.024 -0.033*
(0.031) (0.011) (0.014) (0.010) (0.015) (0.027) (0.013) (0.017) (0.017)
1(Hispanic)*1(Treated by Ban) 0.020 0.060%** 0.021 0.002 0.015 0.007 0.008 -0.008 -0.023%*
(0.023) (0.022) (0.022) (0.007) (0.016) (0.012) (0.013) (0.007) (0.011)
1(Non-Hispanic white)*1(Treated by Ban) -0.013 0.031* -0.012 0.0044 0.0345%*
(0.018) (0.018) (0.014) (0.01936)  (0.01501)
Panel A. Overall Effect
1(Treated by Ban) -0.010 0.035%* -0.009 0.000 0.027%*
(0.019) (0.017) (0.015) (0.019) (0.013)
N 5,700 5,700 5,700 5,700 5,700 5,700 5,700 5,700 5,700
States 44 44 44 44 44 44 44 44 44
Ban States 7 7 7 7 7 7 7 7 7
Time-Race/Ethnicity Fixed Effects Y Y Y Y Y Y Y Y Y
State-Race/Ethnicity Fixed Effects Y Y Y Y Y Y Y Y Y
State-Time Fixed Effects N N N Y Y N N Y Y
State-Race/Ethnicity Linear Trends N N Y N Y N Y N Y
Demographic Controls (-Race/Ethnicity) N N N N N N N N N
State Policy/Economic controls (-Race/Ethnicity) N N N N N Y Y Y Y
Sun & Abraham (2021) N N Y N N N N N N

Notes: This table investigates the robustness of the estimates of the effect of PECC-bans on job finding rates
using an alternative data-set. Specifically, the table reports OLS estimates of difference-in-differences and triple-
difference models for the complementary-log-log of race/ethnicity-specific aggregate job-finding rates (i.e., In(-
In(1-job-finding))) using the LEHD J2J data. Panel A reports results separately by race while Panel B reports
the overall effect of PECC bans. Column (1) includes the state(-race/ethnicity) and time(-race/ethnicity) fixed
effects that implement difference-in-differences (Equation 6.11 in the text), while Column (2) adds controls for
linear trends at the state-race/ethnicity level. Column (3) reports estimates using Sun and Abraham (2021)’s
interaction-weighted differences-in-differences estimator. Column (4) adds state-time effects to the specification
from Column (1), implementing a triple-difference estimator. Column (5) then augments the triple-difference
model with linear trends at the state-race/ethnicity level. Column (6) through (9) add to the specifications in
columns (1) , (2), (4), and (5) extra controls at the state level. Three treated states (Vermont, Washington,
Connecticut) are not included in this table due to data limitations of the LEHD-J2J. Standard errors clustered
at the state level are shown in parentheses. The set of extra controls for state economic and policy variables
included in Column (6)-(9) is: Saiz’s price elasticity of housing multiplied by year dummies (Saiz (2010)), a
dummy variable that equals 1 if the state was actively extracting oil with fracking in a given year (Bartik et al.
(2019)), the share of manufacturing jobs in 2000 multiplied by year dummies (ACS 2000), a dummy variable
that equals 1 if the state had any Ban-the-Box policy in a given year, a dummy variable that equals 1 if the
state had expanded Medicaid by a given year (most states expanded in January of 2014), and a measurement for
unemployment insurance extensions during the Great Recession (Hsu et al. (2018)). All controls (individual and
state policy and economy) are interacted by race-ethnicity dummies.
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Appendix Table 7: Robustness of Impact of PECC Bans on Job-Finding: LEHD-J2J and
CPS Comparison Subsample

1) 2) B3) O]

Panel A. LEHD J2J
Panel Al. Separately by race/ethnicity

1(Black)*1(Treated by Ban) -0.046 -0.034 -0.045%**
(0.031) (0.027) (0.014)

1(Hispanic)*1(Treated by Ban) 0.020 0.007 0.021
(0.023) (0.012) (0.022)

1(Non-Hispanic white)*1(Treated by Ban) -0.013 0.004 -0.012
(0.018) (0.019) (0.014)

Panel A2. Overall Effect

1(Treated by Ban) -0.010 0.000 -0.009
(0.019) (0.019) (0.015)
N 5,700 5,700 5,700
States 44 44 44
Ban States 7 7 7
Panel B. CPS
Panel Bl. Separately by race/ethnicity
1(Black)*1(Treated by Ban) -0.102%* -0.0911 -0.0101 -0.144
-0.0418 (0.148) (0.150) (0.175)
1(Hispanic)*1(Treated by Ban) 0.0792 0.120 0.0623 0.049
(0.0488) (0.0806) (0.181) (0.066)
1(Non-Hispanic white)*1(Treated by Ban) -0.0137 -0.0850 -0.103 -0.082
(0.0266) (0.0563) (0.0664) (0.049)

Panel B2. Overall Effect

1(Treated by Ban) -0.000860 -0.0273 -0.0593 -0.0619
(0.0270) (0.0495) (0.0615) (0.0408)
N 343,262 45,041 45,041 1,998
States 51 44 44 44
Ban States 10 7 7 7

Adjascent Quarter Separations Sample
Time-Race/Ethnicity Fixed Effects
State-Race/Ethnicity Fixed Effects

State-Time Fixed Effects

State-Race/Ethnicity Linear Trends

Demographic Controls (-Race/Ethnicity)

State Policy/Economic controls (-Race/Ethnicity)
Sun & Abraham (2021)

Z 222 Z < <2
2222 2
Z <222
L2222

Notes: This table investigates the robustness of the estimates of the effect of PECC-bans on job finding rates using
alternative datasets and empirical strategies. Panel A reports OLS estimates of difference-in-differences models for
the complementary-log-log of race/ethnicity-specific aggregate job-finding rates (i.e., In(-In(1-job-finding))) using
the LEHD J2J data. Panel B reports MLE estimates of race/ethnicity-specific log differences in job-finding hazard
rates following a PECC ban, using a variety of difference-in-differences models and data from the CPS for years
2003-2018. Panel B Columns (2) through (4) restrict the CPS sample to adjacent quarter transitions that mimic
the transitions observed in the LEHD-J2J. For reference, column (1) reports CPS estimates in the unrestricted
sample that we focus on in much of the paper. In both Panels, Column (2) includes the state(-race/ethnicity) and
time(-race/ethnicity) fixed effects that implement difference-in-differences (Equation 6.11 in the text). Column
(3) adds extra controls for local policy and economic changes at the state level. Column (4) reports estimates using
Sun and Abraham (2021)’s interaction-weighted differences-in-differences estimator. In Panel A (LEHD-J2J) and
Panel B columns (2) through (4), three treated states (Vermont, Washington, Connecticut) are not included in

this table due to data limitations of the LEHD-J2J. Standard errors clustered at the state level are shown in
parentheses. The set of extra controls for state economic and policy variables included in Column (3) is: Saiz’s

price elasticity of housing multiplied by year dummies (Saiz (2010)), a dummy variable that equals 1 if the state
was actively extracting oil with fracking in a given year (Bartik et al. (2019)), the share of manufacturing jobs in
2000 multiplied by year dummies (ACS 2000), a dummy variable that equals 1 if the state had any Ban-the-Box
policy in a given year, a dummy variable that equals 1 if the state had expanded Medicaid by a given year
(most states expanded in January of 2014), and a measurement for unemployment insurance extensions during
the Great Recession (Hsu et al. (2018)). All controls (individual and state policy and economy) are interacted by
race-ethnicity dummies.
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Appendix Table 8: Robustness of Impact of PECC Bans on Job-Finding: CPS

DD DDD
1) (2) 3) (4) (5) (6) (7)
Panel A. Separately by race/ethnicity
1(Black)*1(Treated by Ban) -0.102%* -0.197 -0.0741 -0.0732 -0.0628 -0.337* -0.0749
(0.0418) (0.186) (0.0730) (0.0722) (0.0637) (0.195) (0.0599)
1(Hispanic)*1(Treated by Ban) 0.0792 0.121* 0.0429 0.0400 0.0754 0.0529 0.0708
(0.0488) (0.0682) (0.0591) (0.0574) (0.0507) (0.0980) (0.0505)
1(Non-Hispanic white)*1(Treated by Ban) -0.0137 0.0865%* -0.0211 -0.0222
(0.0266) (0.0406) (0.0369) (0.0356)
Panel B. Overall Effect
1(Treated by Ban) -0.000860 0.0601 -0.0140 -0.0153
(0.0270) (0.0247) (0.0447) (0.0432)
N 343,262 343,262 15,853 15,853 342,023 342,023 341,218
States 51 51 50 50 51 51 51
Ban States 10 10 9 9 10 10 10
State Level Treatment Y Y N N Y Y Y
Job-State Level Treatment N N Y Y N N N
Time-Race/Ethnicity Fixed Effects Y Y Y Y Y Y Y
State-Race/Ethnicity Fixed Effects Y Y Y Y Y Y Y
State-Past Job-Race/Ethnicity Fixed Effects N N Y Y N N N
State-Past Job-Linear Trends N N N N N N Y
State-Race/Ethnicity Linear Trends N Y N N N Y N
Past Job-Race/Ethnicity Fixed Effects-Linear Trends N N N Y N N N
Past Job-Race/Ethnicity Fixed Effects-Quadratic Trends N N N Y N N N
Past Job-Race/Ethnicity Fixed Effects-Cubic Trends N N N Y N N N
State-Time Fixed Effects N N N N Y Y Y
Yearly-Spell Length-State-Job Level Aggregate Regression N N Y Y N N N

Notes: This table investigates the robustness of the estimates of the effect of PECC-bans on job finding rates
using alternative empirical strategies in the CPS. The table reports MLE estimates of race/ethnicity-specific
log differences in job-finding hazard rates following a PECC ban, using a variety of difference-in-differences and
triple-difference models and data from the CPS for years 2003-2018. Column (1) repeats column (1) from Table
2 Panel A for reference. Column (2) adds state-race/ethnicity-specific linear trends. Columns (3) and (4) explore
robustness of our estimates using job-level variation in Table 2 Panel B, by adding a flexible third-order polynomial
in time at the state-job level. MLE estimation of this specification does not converge, so in column (4) we estimate
this specification via OLS on collapsed job finding rates. To understand the extent to which any differences in the
estimates relative to those in Table 2 are driven by the required aggregation, column (3) repeats the specification
of Table 2 Panel B column (1) on the aggregated data. Columns (5) through (7) estimate triple-difference models
based on equation 4.2. Column (5) adds state-time fixed effects to the column (1) specification from Table 2 Panel
A in order to implement a triple-difference estimator. Column (6) then augments this triple-difference model with
linear trends at the state-race/ethnicity level, while column (7) adds linear trends at the state-job level.
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Appendix Table 9: Robustness of Impact of PECC Bans on Separations: CPS

DD DDD
1) ) ®3) “) (5) (6) (7)
Panel A: Effect separately by race/ethnicity
1(Black)*1(Treated by Ban) 0.0213 0.0676%* 0.0424%%  0.0423%* 0.0286**  0.0826***  0.0273*
(0.0131) (0.0264) (0.0161) (0.0166) (0.0135) (0.0275) (0.0137)
1(Hispanic)*1(Treated by Ban) -0.0545%** -0.00836 -0.0531%%%  _0.0537%** -0.0281 0.0223 -0.0260
(0.0149) (0.0338) (0.0178) (0.0186) (0.0181) (0.0493) (0.0188)
1(Non-Hispanic white)*1(Treated by Ban) ~0.0215%%* -0.00610 S0.0211%%%  _(,02]2%**
(0.00749) (0.0134) (0.00641) (0.00692)
Panel B: Overall effect
1(Treated by Ban) -0.0246%** 0.00275 -0.0231%%%  _0.0232%**
(0.00699) (0.0120) (0.00812) (0.00859)
N 54,389 54,389 52,407 52,407 53,959 53,959 53,735
States 51 51 50 50 51 51 51
Ban States 10 10 9 9 10 10 10
State Level Treatment Y Y N N Y Y Y
Job-State Level Treatment N N Y Y N N N
Time-Race/Ethnicity Fixed Effects Y Y Y Y Y Y Y
State-Race/Ethnicity Fixed Effects Y Y Y Y Y Y Y
State-Past Job-Race/Ethnicity Fixed Effects N N Y Y N N N
State-Past Job-Linear Trends N N N N N N Y
State-Race/Ethnicity Linear Trends N Y N N N Y N
Job-Race/Ethnicity Fixed Effects-Linear Trends N N Y Y N N N
Job-Race/Ethnicity Fixed Effects-Quadratic Trends N N N Y N N N
Job-Race/Ethnicity Fixed Effects-Cubic Trends N N N Y N N N
State-Time Fixed Effects N N N N Y Y Y

Notes: This table reports linear probability model estimates of race/ethnicity-specific differences in separation
rates for newly hired workers following a PECC ban, using a variety of difference-in-differences and triple-difference
strategies. Data are from the CPS for years 2003-2018. For convenience, Column (1) is a repeat of the state-time
difference-in-differences results in Column (1) of Table 3. Column (2) adds state-job- state-race/ethnicity-specific
linear trends. Columns (3) and (4) explore robustness of our estimates using job-level variation in Table 3, by
adding a flexible third-order polynomial in time at the state-job level (in column 4) and a linear trend at the
state-job level (in column 3). Columns (5) through (7) estimate triple-difference models based on equation 4.2.
Column (5) adds state-time fixed effects to the column (1) specification from Table 3 in order to implement
a triple-difference estimator. Column (6) then augments this triple-difference model with linear trends at the
state-race/ethnicity level, while column (7) adds linear trends at the state-job level.
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Appendix Table 10: Impact of PECC Bans on Hourly Wages: New Hires

1) (2) (3)
Panel A. Effect Separately by race/ethnicity
1(Black)*1(Treated by Ban) 0.00770 0.0109 0.0290
(0.0296) (0.0310) (0.0769)
1(Hispanic)*1(Treated by Ban) -0.00278 0.0549%* -0.0223
(0.0199) (0.0209) (0.0310)
1(Non-Hispanic white)*1(Treated by Ban) 0.00263 0.00331 _0.0351
(0.0112) (0.0137) (0.0224)
Panel B. Overall Effect
Treated by Ban 0.00188 0.0128 -0.0238
(0.00802) (0.0110) (0.0144)
N 176,644 176,644 176,644
States 51 51 51
Ban States 10 10 10
Time-Race/Ethnicity Fixed Effects Y Y Y
State-Race/Ethnicity Fixed Effects Y Y Y
State-Time Fixed Effects N N Y
State-Past Job-Race/Ethnicity Fixed Effects-Linear Trends N N Y
Linear Trends-Past Job N N N
Demographic Controls (-Race/Ethnicity) N N N
State Policy/Economic controls (-Race/Ethnicity) N Y N

Notes: This table reports linear model estimates of race/ethnicity-specific differences in (log) hourly wages for
workers who did not lose their jobs following a PECC ban, using a variety of difference-in-differences and triple-
difference strategies. Data are from the CPS for years 2003-2018. Column (1) presents results when controlling
for state(-Race/Ethnicity) and year(-Race/Ethnicity) fixed effects. Column (2) adds extra controls at the state
level. Column (3) adds state(-Race/Ethnicity) linear trends additionally to the controls in column (2). Standard
errors clustered at the state level are shown in parentheses. New hires are defined as individuals observed with
previous unemployed-to-employed transitions in up to 15 months of history in the CPS panel. Standard errors
clustered at the state level are shown in parentheses. The set of extra controls for state economic and policy
variables is: Saiz’s price elasticity of housing multiplied by year dummies (Saiz (2010)), a dummy variable that
equals 1 if the state was actively extracting oil with fracking in a given year (Bartik et al. (2019)), the share of
manufacturing jobs in 2000 multiplied by year dummies (ACS 2000), a dummy variable that equals 1 if the state
had any Ban-the-Box policy in a given year, a dummy variable that equals 1 if the state had expanded Medicaid
by a given year (most states expanded in January of 2014), and a measurement for unemployment insurance
extensions during the Great Recession (Hsu et al. (2018)). All controls (individual and state policy and economy)
are interacted by race-ethnicity dummies.

43



Appendix Table 11: Impact of PECC Bans on Hourly Wages: Long-Term Employees

DD DDD
1) (2) 3) 4)

Panel B. Effect Separately by race/ethnicity
1(Black)*1(Treated by Ban) 0.0128 -0.0142 0.00360 -0.0216

(0.0289) (0.0336) (0.0244) (0.0357)
1(Hispanic)*1(Treated by Ban) -0.0198** -0.00193 -0.0110% 0.00417

(0.00845) (0.00816) (0.00550) (0.00765)
1(Non-Hispanic white)*1(Treated by Ban) 0.00357 0.0000317

(0.00775) (0.00484)
Panel B: Overall Effect
Treated by Ban -2.81e-05 -0.00160

(0.00840) (0.00343)
N 1,605,184 1,605,184 1,605,184 1,605,184
States 51 51 51 51
Ban States 10 10 10 10

Time-Race/Ethnicity Fixed Effects Y Y
State-Race/Ethnicity Fixed Effects Y Y
State-Past Job-Race/Ethnicity Fixed Effects-Linear Trends N N
Linear Trends-Past Job N N
State-Race/Ethnicity Linear Trends N Y
Demographic Controls (-Race/Ethnicity) N N
State Policy/Economic controls (-Race/Ethnicity) N N

Z 222K ~K
Z 2 <2<

Notes: This table reports linear model estimates of race/ethnicity-specific differences in log(hourly wages) for
workers who did not lose their jobs following a PECC ban, using a variety of difference-in-differences and triple-
difference strategies. Data are from the CPS for years 2003-2018. Column (1) presents results when controlling
for state(-Race/Ethnicity) and year(-Race/Ethnicity) fixed effects. Column (2) adds extra controls at the state
level. Column (3) adds state(-Race/Ethnicity) linear trends additionally to the controls in column (2). Standard
errors clustered at the state level are shown in parentheses. New hires are defined as individuals observed with
previous unemployed-to-employed transitions in up to 15 months of history in the CPS panel. Standard errors
clustered at the state level are shown in parentheses. The set of extra controls for state economic and policy
variables is: Saiz’s price elasticity of housing multiplied by year dummies (Saiz (2010)), a dummy variable that
equals 1 if the state was actively extracting oil with fracking in a given year (Bartik et al. (2019)), the share of
manufacturing jobs in 2000 multiplied by year dummies (ACS 2000), a dummy variable that equals 1 if the state
had any Ban-the-Box policy in a given year, a dummy variable that equals 1 if the state had expanded Medicaid
by a given year (most states expanded in January of 2014), and a measurement for unemployment insurance
extensions during the Great Recession (Hsu et al. (2018)). All controls (individual and state policy and economy)
are interacted by race-ethnicity dummies.
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Appendix Table 12: Impact of PECC Bans on Job-Finding by Other Observable Subgroups

Subgroup: High Education High Experience High Expected Wage
1) 2) (3) “4) (5) (6)

Panel A: by Subgroup ("Grp.")

1(Grp=0)*1(Treated) -0.0242 -0.0452 0.0129 -0.0108 -0.0311 -0.0497
(0.0262) (0.0386) (0.0362) (0.0512) (0.0274) (0.0452)
1(Grp=1)*1(Treated) 0.0630 0.0608 -0.00407 -0.0194 0.0262 0.0110
(0.0478) (0.0526) (0.0330) (0.0376) (0.0390) (0.0392)

p-value of differences: 0.05 0.03 0.72 0.85 0.85 0.17

Panel B: by Subgroup ("Grp.") * Race/Ethnicity

1(Grp=0)*1(Treated)*1(Black) -0.132%* -0.169%* -0.0700 -0.101 -0.131%* -0.165%*
(0.0556) (0.0722) (0.118) (0.120) (0.0617) (0.0765)
1(Grp=1)*(Treated)*1(Black) 0.0485 0.0513 -0.113%* -0.139%* -0.0693* -0.0836
(0.111) (0.0958) (0.0453) (0.0568) (0.0419) (0.0525)
p-value of differences: 0.21 0.10 0.75 0.75 0.37 0.25
1(Grp=0)*1(Treated)*1(Hisp.) 0.0621 0.0658 0.0891 0.0789 0.0381 0.0479
(0.0509) (0.0724) (0.0578) (0.0758) (0.0526) (0.0779)
1(Grp=1)*1(Treated)* 1 (Hisp.) 0.255 0.256 0.0761 0.0855 0.152%* 0.148*
(0.0744) (0.0942) (0.0528) (0.0740) (0.0744) (0.0821)
p-value of differences: 0.01 0.02 0.82 0.91 0.14 0.18
1(Grp=0)*1(Treated)*1(White) -0.0397 -0.0430 0.000186 -0.0100 -0.0390 -0.0420
(0.0241) (0.0406) (0.0465) (0.0621) (0.0303) (0.0430)
1(Grp=1)*1(Treated)*1(White) 0.0286 0.0339 -0.0162 -0.0205 0.00250 -0.00184
(0.0469) (0.0552) (0.0279) (0.0358) (0.0289) (0.0395)
p-value of differences: 0.13 0.12 0.73 0.83 0.13 0.13
N 343,262 343,262 343,262 343,262 343,262 343,262
States 51 51 51 51 51 51
Ban States 10 10 10 10 10 10
Treatment Level State State State State State State

Time-Race/Ethnicity FEs
State-Race/Ethnicity FEs
State-New Job-Race FEs
Demographic Controls
State Policy/Econ. Controls

z ZZ <~
<2 K
z ZZ <~
<<ZK
Z 22 <~
<o Z K

Notes: This table reports MLE estimates of alternative-subgroup-specific log differences in job-finding haz-
ard rates following a PECC ban using both a state-time difference-in-differences strategy and a state-job-time
difference-in-differences strategy (Equation 6.11 in the text). Data are from the CPS for years 2003 to 2018.
Columns (1), (3), and (5) include the state-subgroup and time-subgroup fixed effects that implement difference-
in-differences, as well as demographic controls fully interacted with the subgroup for the given column, which
include binned education, binned age, gender, and marital status, urbanicity, and interactions between month-of-
year and Census division. Columns (2), (4), and (6) include extra controls for state economic and policy variables
interacted with the subgroup. Each subgroup is binned into two categories and we report both the interaction of
those subgroups with an indicator for being treated by a PECC ban but also the p-value of the difference between
the two-values of the subgroup. High education is defined as having a four-year college degree or more; high
experience is defined as having six or more years of potential experience. High predicted wage is defined as having
an above median predicted wage. We predict wages by estimating a Mincer-style wage regression, regressing log
hourly wages on education, potential experience, years of education interacted with potential experience, potential
experience squared, years of education squared, and two-digit industry and occupation dummies and interactions
between industry and occupation dummies. Panel A includes the subgroup alone interacted with being exposed
to a PECC ban. In Panel B, we fully interact the given subgroup with race/ethnicity and being exposed to a
PECC ban. The set of extra controls for state economic and policy variables is: Saiz’s price elasticity of housing
multiplied by year dummies (Saiz (2010)), a dummy variable that equals 1 if the state was actively extracting oil
with fracking in a given year (Bartik et al. (2019)), the share of manufacturing jobs in 2000 multiplied by year
dummies (ACS 2000), a dummy variable that equals 1 if the state had any Ban-the-Box policy in a given year,
a dummy variable that equals 1 if the state had expanded Medicaid by a given year (most states expanded in
January of 2014), a measurement for unemployment insurance extensions during the Great Recession (Hsu et al.
(2018)), and share of the 2000 population that was foreign born and Hispanic interacted with year dummies. All
controls (individual and state policy/economic) are interacted with subgroup and race-ethnicity dummies.
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Appendix Table 13: Impact of PECC Bans: CPS Interview Months 1-4

1) (2) ®3) )

Job finding Separations
Panel A. State-level Variation
Panel Al. Effect separately by race/ethnicity
1(Black)*1(Treated by Ban) -0.136 -0.153 0.0118 0.00607
(0.104) (0.103) (0.0135) (0.0176)
1(Hispanic)*1(Treated by Ban) 0.0815 0.161 -0.0136 -0.00792
(0.0552) (0.112) (0.00909) (0.0183)
1(Non-Hispanic white)*1(Treated by Ban) 0.0285 0.0186 -0.0143%** -0.0160%**
(0.0386) (0.0395) (0.00323) (0.00406)
Panel A2. Overall Effect
1(Treated by Ban) 0.0163 0.0172 -0.0114%%** -0.0122%*
(0.0306) (0.0329) (0.00365) (0.00501)
N 180,994 180,994 65,640 65,640
States 51 51 51 51
Ban States 10 10 10 10
Panel B: Job-Level Variation
Panel Bl. Effects separately by race/ethnicity
1(Black)*1(Treated by Ban) -0.232* -0.254* 0.0184 0.00822
(0.134) (0.132) (0.0189) (0.0251)
1(Hispanic)*1(Treated by Ban) 0.0197 0.0324 -0.0104 -0.00345
(0.0703) (0.0783) (0.0109) (0.0159)
1(Non-Hispanic white)*1(Treated by Ban) 0.0177 0.0192 _0.0177Hxx _0.0189%*
(0.0590) (0.0621) (0.00436) (0.00591)
Panel B2. Overall Effect
1(Treated by Ban) -0.0142 -0.0124 -0.0120%** -0.0126%**
(0.0438) (0.0493) (0.00383) (0.00460)
N 173,950 173,950 63,492 63,492
States 50 50 50 50
Ban States 9 9 9 9
Time-Race/Ethnicity Fixed Effects Y Y Y Y
State-Race/Ethnicity Fixed Effects Y Y Y Y
Demographic Controls (-Race/Ethnicity) N Y N Y
State Policy/Economic Controls (-Race/Ethnicity) N N N N
State-Past Job-Race/Ethnicity Fixed Effects Y Y Y Y
Aggregate Level Regression N N N N
Sun & Abraham (2021) N N N N

Notes: This table reports estimates of the effects of PECC bans on job-finding and job separations restricting the

sample to CPS interview months 1-4. Columns (1) and (2) report results for job-finding, while Columns (3) and
(4) present results for separations for new-hires. Panel A reports estimates using state-level variation in exposure
to PECC bans while Panel B reports estimates using job-level variation in exposure to PECC bans. Columns (1)
and (3) report estimates using our baseline specification, while Columns (2) and (4) add controls for individual
demographic characteristics. Column (1) and (2) report MLE estimates of hazard models of the effect of PECC
bans on job-finding, while Columns (3) and (4) report linear probability models of the effect of PECC bans on
separations for new hires. Data are from the CPS for years 2003 to 2018. Standard errors clustered at the state
level are shown in parentheses. All controls are interacted by race-ethnicity indicators.
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Appendix Table 14: Impact of PECC Bans on Part-Time Job-Finding

) )
State Level Job-Level Variation
Panel A. State-level Variation
Panel Al. Effect separately by race/ethnicity
1(Black)*1(Treated by Ban) -0.138 -0.183
(0.0914) (0.135)
1(Hispanic)*1(Treated by Ban) 0.152%* 0.115
(0.0683) (0.0788)
1(Non-Hispanic white)*1(Treated by Ban) -0.00110 -0.00854
(0.0363) (0.0507)
Panel A2. Overall Effect
1(Treated by Ban) 0.0193 0.00445
(0.0329) (0.0415)
N 309,284 296,181
States 51 50
Ban States 10 9
Time-Race/Ethnicity Fixed Effects Y Y
State-Race/Ethnicity Fixed Effects Y Y
Demographic Controls (-Race/Ethnicity) N N
State Policy/Economic Controls (-Race/Ethnicity) N N
State-Past Job-Race/Ethnicity Fixed Effects Y Y
Aggregate Level Regression N N
Sun & Abraham (2021) N N

Notes: This table reports estimates of the effects of PECC bans on finding part-time jobs using the same
proportional hazards specification as in Table 2, but replacing the outcome of finding any job with the outcome
of finding a part-time job. As in Table 2, all all columns report MLE estimates of hazard models that include
the state-race/ethnicity and time-race/ethnicity fixed effects that implement difference-in-differences. Column (1)
reports estimates using state-level variable in exposure to PECC bans, while Column (2) reports results using job-
level variation in exposure to PECC bans (state-job-race/ethnicity fixed effects are included in this specification).
Job-level exposure is measured using individual’s expected job. Data are from the CPS for years 2003 to 2018.

Standard errors clustered at the state level are shown in parentheses. All controls are interacted by race-ethnicity
indicators.
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Appendix Table 15: Impact of PECC Bans on Job-Finding: Different Baseline Hazards by

Race
(1) (2) 3)
Panel A. State-level Variation
Panel Al. Effect separately by race/ethnicity
1(Black)*1(Treated by Ban) -0.102%* -0.0833%* -0.105%*
(0.0414) (0.0348) -0.0419
1(Hispanic)*1(Treated by Ban) 0.0795 0.0315 0.0838*
(0.0490) (0.0447) (0.0495)
1(Non-Hispanic white)*1(Treated by Ban) -0.0129 -0.0083 -0.0107
(0.0265) (0.0211) (0.0279)
Panel A2. Overall Eftect
1(Treated by Ban) -0.000370 -0.0117 0.00162
(0.0271) (0.0171) (0.0289)
N 343,239 6,535 343,239
States 51 51 51
Ban States 10 10 10
Time-Race/Ethnicity Fixed Effects Y Y Y
State-Race/Ethnicity Fixed Effects Y Y Y
Demographic Controls (-Race/Ethnicity) N N Y
State Policy /Economic Controls (-Race/Ethnicity) N N N
State-Past Job-Race/Ethnicity Fixed Effects Y Y Y
Aggregate Level Regression N Y N
Sun & Abraham (2021) N Y N

Notes: This table reports estimates relaxing the proportional hazards assumption used in Table 2 by allowing
for baseline hazards to vary by race/ethnicity. Data are from the CPS for years 2003 to 2018. Column (1)
reports MLE estimates of hazard models that include the state-race/ethnicity and time-race/ethnicity fixed
effects that implement difference-in-differences. Column (2) presents estimates models using Sun and Abraham
(2021)’s interaction-weighted differences-in-differences estimator. This approach can only be implemented with
linear models, so we aggregate job-finding rates to the year-by-quarters-unemployed-by-treatment level. We then
estimate OLS models for the complementary-log-log of race/ethnicity-specific job-finding rate (i.e., In(-In(1-job-
finding))). Column (3) returns to the MLE hazard specification estimated on individual level data and adds
demographic controls fully interacted with race or ethnicity group to the specification in Column (1), including
binned education, binned age, gender, and marital status, urbanicity, and interactions between month-of-year
and Census division. Column (4) adds controls for state economic and policy variables. The controls for state
economic and policy variables are: Saiz’s price elasticity of housing multiplied by year indicators (Saiz (2010)),
an indicator for whether the state had geological potential for fracking in the given year (Bartik et al. (2019)), the
share of manufacturing jobs in 2000 multiplied by year indicators (ACS 2000), an indicator for whether the state
had any Ban-the-Box policy, an indicator for whether the state had expanded Medicaid in the given year, year
2000 state Hispanic and foreign born share interacted with year indicators, and a measurement for unemployment
insurance extensions during the Great Recession (Hsu et al. (2018)). Standard errors clustered at the state level
are shown in parentheses. All controls are interacted by race-ethnicity indicators.
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