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Abstract

We study the removal of information that favors one group over another. Empirically, we

focus on banning the use of credit reports to screen job applicants, a practice alleged to

disadvantage minority groups with poorer average credit. We estimate these bans decrease

job-finding rates for blacks by 3 percentage points and increase involuntary separations for

black new hires by 4 percentage points. Theoretically, we show the incidence of removing

information depends on the information’s relative precision, not necessarily group averages.

We estimate credit checks benefit black job seekers because other screening tools, such as

interviews, are noisier signals for blacks.
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1 Introduction

Markets with information asymmetries are experiencing an information boom: in labor markets,

employers now check job seekers’ Facebook friends, not just résumés; in insurance markets, health

insurers collect data from patients’ home medical devices, not just from doctor visits; in credit

markets, lenders evaluate borrowers’ SAT scores, not just past loan repayment.1 With this boom

have come contentious debates. Should policy restrict access to previously private information,

and on what grounds? If newly available information is potentially unfavorable towards some

group on average, can restricting access to this information benefit that group?

In this paper we provide empirical and theoretical results to address such questions. Empir-

ically, we focus on a leading example of this information boom and related regulation: the use

of credit reports in labor markets. We evaluate whether recent restrictions on pre-employment

credit checks (or “PECCs”) have achieved one of their primary stated goals, to protect the labor

market opportunities of minorities who are disproportionately likely to have low credit scores.2

Next, for our theoretical results we develop a statistical discrimination model to help under-

stand which groups stand to benefit when a new information source such as PECCs is restricted.

We emphasize that relative rather than absolute advantage in an information source determines

which group benefits from access to that information in a competitive market, and we show

relative advantage is determined by scaling the precision of a new information source by the pre-

cisions of other available information sources. We then apply our theoretical framework to our

empirical estimates in order to quantify the precision of various screening tools – both PECCs

and other tools such as job interviews – for black, Hispanic, and white job applicants.

Our empirical focus on PECCs is motivated by the prevalence of PECCs’ usage and by the rich

variation available in recent PECC regulations. PECCs have been a popular screening tool among

employers, used by perhaps 60 percent of large firms to screen (some) job applicants in 2010

(Society for Human Resource Management (2012)). However, commentators have also raised

concerns that the use of credit report data will counteract anti-discrimination restrictions in US

labor law, given how minorities on average have lower credit scores. Policy-makers, often directly

citing these disparate impact concerns, have now banned or restricted PECCs in eleven states,

New York City, and Chicago since 2007. Importantly for our setting, these restrictions include

diverse exemptions for various occupations and industries across different states, providing us

with rich variation to study.

We estimate that PECC bans in fact have sizable, negative effects on labor market outcomes

for blacks. Our estimates suggest that black job-finding hazards declined by 14 percent after a

PECC ban, while new black hires became 4 percentage points more likely to experience involun-

tary separation shortly after being hired. Population average job-finding and white job-finding

show little change after PECC bans, and our estimates for Hispanics are usually statistically

indistinguishable from those for whites.

This empirical work begins with a standard, state-time difference-in-differences analysis of

job-finding and separation rates, exploiting temporal and geographic variation in recent PECC

1See Allen (2018), Jayakumar (2019), and Hughes (2013) discussing these particular examples.
2In the mid-2000s for example, over 50 percent of blacks were in the bottom quintile of the credit score

distribution, and roughly 50 percent of Hispanics were in the bottom tertile (Avery et al. (2009)).
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bans. We then corroborate our results using job-level variation in which occupations and in-

dustries are covered by or exempted from PECC bans. Next, we also estimate demanding

triple-difference models to explore the robustness of our results to less restrictive identifying as-

sumptions. Finally, we also estimate “event-study” (or here, “event-time”) style models where

we fully interact PECC ban indicators with time dummies, allowing us both to explore the

evolution of PECC bans’ impacts over time and to test our estimators’ various parallel-trends

identifying assumptions. Our core results are corroborated across these different specifications

and robustness checks.

Our theoretical work provides more general insights into the introduction or regulation of new

information sources in other markets. The key mechanism highlighted by our model is that, in

many settings, members of different groups each compete to “stand out from the competition,”

or more formally, to move a buyer’s posterior belief above a potentially low or diffuse prior. The

precision of different information sources determines which groups’ members are most able to do

so successfully. However, a group need not have an absolute advantage in the precision of a given

information source in order to benefit from that information being made available. We derive

a precise condition showing that a group’s benefit from the availability of a given information

source depends on the group’s relative advantage in the additional precision generated by that

information, that is, a precision measure that is appropriately scaled by the precision of other

information sources and priors.

To show the implications of these theoretical results in our setting, we develop a quantitative

version of our model to assess what levels of precision in PECCs and in other, non-PECC

screening tools are consistent with our empirical results. We find that black job applicants benefit

from the availability of PECCs not because PECCs provide particularly precise information

about match qualities for this group, but rather because other available screening tools – such as

job interviews – provide particularly noisy information for black job applicants: concretely the

standard deviation of noise in non-PECC tools is 68% higher for black applicants than for whites.

In contrast, PECCs provide roughly equally precise signals of match quality for all groups that

we study, and non-PECC signals such as interviews are similarly precise for Hispanics as they are

for whites. We also explore other potential explanations for PECCs’ effects, such as taste-based

discrimination or bias rather than noise in screening tools, and we find these are less consistent

with the data.

We conduct our empirical work in two distinct datasets - the Current Population Survey

(CPS) and administrative data aggregated from state unemployment insurance records. In the

CPS, using our preferred state-time specification with both demographic and state-year policy

and economic controls, we find that PECC bans decreased black job-finding hazards by 13.5

percent. When we corroborate this result using job-level variation, we find that this estimate

grows in magnitude, to 19.4 percent. The difference in these estimates is close to what would

be predicted by the share of black workers actually covered by PECC bans, given various bans’

carve-outs for some sectors or occupations. Our event-time analyses also show no evidence of

divergent pre-trends for blacks in PECC-ban states or jobs, supporting our causal interpretation

of these results. Meanwhile the same robustness exercises suggest there is little to no effect of

PECC bans on job-finding rates for whites or Hispanics.
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We also investigate the effects of PECC bans on hired applicants’ match quality, using invol-

untary separation rates among new hires as an observable proxy for their match quality. That is,

more high-match-quality applicants may be mistakenly rejected after a PECC ban, while more

low-match-quality applicants may be hired but then subsequently fired. Consistent with PECCs

being informative for black applicants, we find that the share of new black hires involuntarily

separating from their jobs increases by 4.3 percentage points after a PECC ban in our preferred

state-time specification with demographic and state-year policy and economic controls. When

using job-level variation to focus on applicants most likely affected by PECC bans, our estimate

rises to 7.9 percentage points.

We perform placebo checks using a sample of long-tenure black employees, who were presum-

ably screened before PECC bans took effect, and we find no effect of PECC bans in this sample.

This suggests that our results are not due to general changes in labor market outcomes by race or

ethnicity in states or occupations where PECC usage is banned. However, both for long-tenure

employees overall, and for white and Hispanic new hires, we find that PECC bans slightly de-

crease separation rates, suggesting that PECC bans coincide with a broader shift in hiring or

firing costs overall. We discuss possible reasons for this broader shift, including compliance costs

related to PECC bans.

Next we further probe these questions in an administrative dataset, the Longitudinal Em-

ployer Household Dynamics Job-to-Job data (LEHD-J2J). The US Census Bureau builds this

dataset by aggregating wage and employment data from state unemployment insurance records.

Relative to the CPS, the LEHD-J2J data have the advantages of not relying on self-reported

employment status, and being built from a (near) universe rather than the much smaller CPS

sample, but the disadvantage of only including unemployment spells that start in one quarter

and finish in an adjacent quarter, excluding both short and long unemployment spells. We find

qualitatively similar, although smaller, results for black job-finding rates in the LEHD-J2J, with

our preferred specification suggesting that PECC bans decrease black job-finding hazards by 3.4

percent. To help understand why this estimate differs in magnitude from that in the CPS, we

construct a CPS subsample that mimics the process of selection (on spell duration) into the

LEHD-J2J sample, and we find that after accounting for this selection, the CPS and LEHD

results are much more similar, differing only by 3.6 percentage points in our the uncontrolled

specification and by only 3.8 percentage points in our preferred specification with controls, reduc-

tions of 40% and 60% in the difference between the CPS and the LEHD-J2J results respectively.

The LEHD-J2J estimates for whites and Hispanics are also similar to those in the CPS. On

net, we view the consistency between estimates from administrative data and estimates from

analogous samples in the CPS as further support for our results.

Finally, we test whether the negative effect of PECC bans for black job applicants also varies

across other dimensions of heterogeneity, focusing on groups for which non-PECC screening tools

likely differ. We find that the effect of PECC bans is particularly pronounced for blacks without

a college degree, but such effects are negligible for blacks with higher educational attainment.

Assuming that education helps provide informative signals of match quality, this result provides

further evidence consistent with our proposed mechanism that PECC bans will tend to hurt

groups for whom employers receive relatively imprecise signals in the absence of PECCs. We
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find no evidence that effects differ by labor market experience, although we measure experience

poorly, so those estimates of differences are likely attenuated towards zero.

These findings show that restricting PECCs has large labor market impacts: the estimated

overall effect of PECC bans on black applicants’ job-finding is as large in magnitude as a 4.6

percent rise in wages (Lichter et al. (2014)). A contemporaneous paper, Ballance et al. (2017),

studies the impacts of PECC bans on census tracts with different average credit scores. Friedberg

et al. (2016) study the direct effects of PECC bans on individuals with poor credit health, and

Cortes et al. (2018) investigate the market-wide effects of PECC bans in labor markets with

low average credit scores. While these studies find that PECC bans lead to improved labor

market outcomes for some subgroups, our study instead emphasizes that not all groups with

poor average credit necessarily benefit from PECC bans, and that these bans’ average effects

depend on the relative informativeness of PECCs as a signal compared to alternative signals

across groups. A related literature has studied the correlation of credit histories with measures

of worker personality traits (Bernerth et al. (2012)), employee ratings (Bryan and Palmer (2012)),

and match quality (Weaver (2015)). A more detailed portrait of how firms use PECCs during

the hiring process is provided by the sociology literature on PECCs, which has studied how

HR professionals interpret credit report information (Kiviat (2017)) and respond to adverse or

positive credit information from different types of workers (O’Brien and Kiviat (2018)).

Our paper also relates to a growing literature on the usage of particular types of informa-

tion in labor markets, including more specific types of credit information (Bos et al. (2018),

Herkenhoff et al. (2016), and Dobbie et al. (2019)), drug testing (Wozniak (2015)), criminal

records (Holzer et al. (2006), Finlay (2009), Shoag and Veuger (2016), Agan and Starr (2018),

Craigie (Forthcoming), and Doleac and Hansen (Forthcoming)), unemployment duration (Kroft

et al. (2013) and Jarosch and Pilossoph (Forthcoming)) and job-testing (Autor and Scarborough

(2008) and Hoffman et al. (2018)).

Within labor economics, our work relates to the extensive literatures on affirmative action

(see Leonard (1984), Leonard (1990), Coate and Loury (1993), Holzer and Neumark (2000a),

Holzer and Neumark (2000b), and Miller (2017)), statistical discrimination and employer learning

(Phelps (1972), Aigner and Cain (1977), Lundberg and Startz (1983), and Altonji and Pierret

(2001)), racial wage-gaps (Bayer and Charles (2018)), and racial discrimination more broadly

(for literature reviews, see Altonji and Blank (1999), Fryer (2011), Lang and Lehmann (2012),

and Neumark (2018)).

Finally, our work is also related to a growing literature on the optimal accessibility and content

of credit report data (Musto (2004); Bos and Nakamura (2014); Kovbasyuk and Spagnolo (2015)).

Providing a complementary investigation to ours, Liberman et al. (2018) study the effects of

removing credit history information on credit market outcomes in Chile. While this literature

has focused on credit markets, work is increasingly needed on other markets where credit report

data are used, including labor markets, telecom contracts, and apartment rentals.

Our paper makes three contributions to these literatures. First, we show theoretically how

a ban on an information source in a competitive market has differential effects that depend on

an (appropriately scaled) measure of that information’s signal precision; this mechanism may

help explain existing estimates from a range of contexts, including drug testing and criminal
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record checks, where recent information restrictions have been found to adversely affect minority

groups (Wozniak (2015), Doleac and Hansen (Forthcoming)). 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 minority job applicants, despite minorities’ lower average

credit scores; we are also the first to estimate PECC bans’ effects on new-hire match quality.3

Third, we use our model quantitatively to shed light on how existing screening tools differ in

precision across different groups, and how the availability of new information sources such as

PECCs can therefore help equalize different groups’ outcomes. Our estimates imply that PECC

bans worsen labor market outcomes for blacks because, without PECC bans, employers have less

precise estimates of black match quality than whites or Hispanics. This finding provides support

for the idea that employers have noisier information about blacks than other race groups, a key-

underpinning of many statistical discrimination models (Aigner and Cain (1977), Cornell and

Welch (1996), Morgan and Vardy (2009), and Bjerk (2008)).

The remainder of this paper is organized as follows. In the next section, we provide back-

ground on the use of PECCs and describe the PECC bans we study. We then develop the

statistical discrimination model in Section 3. Section 4 introduces our data and presents basic

summary statistics. In Section 5, we flesh out our empirical strategy for estimating the causal

effect of PECC bans. We present our results in Section 6, where we also use the quantitative

version of our model to explore mechanisms and assess the precision of labor market screening

tools. We provide some interpretation of our results in Section 7, and then Section 8 concludes.

2 Background and Institutions

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

60 percent of firms used 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 percent) that involve handling cash or

other fiduciary responsibility (Society for Human Resource Management (2012)).

PECCs also have a non-trivial effect on hiring decisions. Household survey evidence suggests

that 10 percent of low- and middle-income4 job seekers recall being told they were denied a job

on the basis of information in their credit report (Traub (2013a)). As Traub (2013b) argues,

the true PECC-related rejection rate may be higher if firms do not always comply with the Fair

Credit Reporting Act’s requirement of sending adverse-action letters that report the use of credit

report data in adverse hiring decisions, or if applicants do not recall receiving these letters.

Restrictions on PECCs have typically been motivated by two concerns. First, PECCs are seen

as having an unequal effect on traditionally disadvantaged job applicants. US Sen. Elizabeth

3Herkenhoff et al. (2016) find a related result in studying the removal of past bankruptcy flags from credit
reports, finding that individuals hired after their bankruptcy flag is removed have lower earnings than observably
similar individuals who did not have a bankruptcy. They perform a back of the envelope calculation which
suggests that this difference corresponds to roughly 3 percent lower match quality among individuals who have
declared bankruptcy.

4The survey defined middle-income as up to 120 percent of county-level median income.
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Warren, for example, has claimed that “credit reports 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 a series of PECC-related actions against employers, asserting

that PECCs “tend to impact more adversely on females and minorities” (Crawford (2010)).

Second, PECCs are seen as contributing to labor market hysteresis, as PECCs may increase the

persistence of unemployment shocks for individuals with poor credit histories.

On net, this policy debate has seen thirteen new PECC bans enacted over the past eight

years, while more than a dozen other states have seen related legislation proposed but not

enacted (Morton (2014)). Washington 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 restricted PECCs for public employers in 2014. Chicago and New York City

enacted city-level restrictions on PECCs in 2012 and 2015. 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. The bans

variously grant exemptions to jobs that involve access 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.5,6 In Table

1 we summarize the full breadth of this heterogeneity in PECC bans’ exemptions. We collected

this heterogeneity by referring to statute texts, various state agencies’ interpretations of statu-

tory 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)). To use these exemptions empiri-

cally, we then translate each law’s exemptions into the Census industry and occupation codes

that will classify jobs in our data, a process that we describe in more detail in Section 4 be-

low. Although there have been 13 state and local PECC bans, in practice we only study ten;

the remaining three are either city bans for which our data are limited or 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. See Appendix Section E for more details.

The results of this process indicate how PECC bans’ coverage varies across states. Among

5The bans also differ in their enforcement mechanisms. The enforcement mechanism in Illinois, for example,
relies on private litigation by job applicants; in contrast the Connecticut law tasks the state Department of Labor
with enforcement. 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. Because it is difficult to categorize which of these laws’ enforcement mechanisms are stronger than others,
our analysis focuses on the between- and within-state heterogeneity in PECC bans’ exemptions.

6Evidence is consistent with at least a large share of firms complying with the bans. For example, Ballance
et al. (2017) 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 in Ballance et al. (2017)).
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jobs ever covered by a PECC ban, we estimate that 48.8 percent are granted exemptions from

a PECC ban in at least one state.7 And among states that enact bans, the share of workers

covered by a ban ranges from 41.5 percent in Connecticut, to 79.7 percent, in Hawaii.

3 Conceptual Framework

In this section we develop a theoretical framework to understand the effects of banning an

information source when that information differs across observable groups. We use a statistical

discrimination model that builds on Phelps (1972) and especially on Autor and Scarborough

(2008), and following that literature, we focus on race and ethnic groups in labor markets even

while emphasizing that the mechanisms illustrated here are relevant more broadly.8

We show that the use of information such as PECCs can have positive effects on a group’s

outcomes even if the information for that group is on average less favorable than for other groups.

The key mechanism is that relative advantage rather than absolute advantage determines how

information affects outcomes in a competitive market. Benefits accrue t?o the group for which, in

a sense we make precise, the relative difference between a given information source and alternative

information is most pronounced.

In considering differences across information sources, we focus on signal precision and assume

signals are mean-unbiased; however, we show in Appendix Section A that our core results are

robust to allowing for signal biases and taste-based discrimination as well. There are several

motivations for our focus on signal precision. First, classical arguments suggest that mean biases

may be eroded over time by experience and by competitive pressure (Becker (1957)). Second, and

in line with this first view, it is a common approach in the statistical discrimination literature to

allow the precision of signals to vary between observable groups: in addition to Phelps (1972), see

Aigner and Cain (1977), Cornell and Welch (1996), Morgan and Vardy (2009), or Bjerk (2008).

Reasons that the precision of signals may differ in particular for racial and ethnic minorities

may include the importance of social networks and referrals in job search (Bayer et al. (2008),

Hellerstein et al. (2011)), which for minorities may reflect long-standing structural inequality

(Smith (2007)), interpersonal or cultural barriers to interpreting interview information (Lang

(1986)), or hiring manager’s lower ability to screen applicants from races and ethnicities other

than their own (Benson et al. (2019)), among other factors.9

Formally we follow Autor and Scarborough (2008) and model employers as screening job

applicants from two observably distinct groups, a minority (B) and a majority (W). We let

7To compute this statistic, we weight by the number of workers employed in each job; the corresponding
unweighted statistic is 40.1 percent.

8Discrimination models are generally divisible into statistical discrimination models and taste-based discrimi-
nation models, as reviewed in Bertrand and Mullainathan (2004). Although we focus on statistical discrimination,
taste-based discrimination is also important. Charles and Guryan (2008) empirically investigate the importance
of taste based discrimination and find that employer taste-based discrimination may explain up a quarter of
black-white wage-gaps. As discuss in Appendix Section A, when we include taste-based discrimination alongside
statistical discrimination our core findings remain unchanged.

9Differences in signal precision across groups is also similar to the assumption used by Miller (2017), in
his related model of “screening capital” that is used to explain why temporary affirmative action may lead to
permanent increases in minority hiring rates.
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minority match qualities be normally distributed with mean µB0 and inverse variance hB0 , and

majority match qualities likewise be normally distributed, with (potentially different) mean and

inverse variance µW0 and hW0 . Match qualities are unobserved, and firms have rational priors over

match qualities based on job applicants’ membership in group B or W. We show robustness to

the case of biased priors in Appendix Section A.

Our goal is to compare two cases, first when employers use only a baseline set of screening

tools, and second when employers additionally have access to PECCs. Continuing to follow

Autor and Scarborough (2008), we first suppose that baseline screening tools provide noisy and

unbiased signals η = y + ε of each job applicant’s match quality, distributed as

ηr|yr ∼ N

(
yr,

1

hrε

)
(3.1)

for r ∈ {B,W}. Note hrε is the inverse variance of the noise term ε for race or ethnicity r, and

so also the inverse conditional variance of the signal ηr.

With that basic setup, our next step is to lay the groundwork for understanding firm hiring

behavior. Note that by Bayes’ rule, if a given applicant is from group r and has signal η, firms

assess the applicant’s match quality y(r, η) to be distributed as,

y(r, η) ∼ N

(
µ1(η, r),

1

hr0 + hrε

)
(3.2)

µ1(η, r) =
hr0µ

r
0 + hrεη

hr0 + hrε
(3.3)

and so the unconditional distribution of firms’ expected match qualities µ1 over all signal real-

izations η is,

µ1(r) ∼ N

(
µr0,

hrε
hr0 (hr0 + hrε)

)
(3.4)

We will be interested in how these expressions and resulting hiring rates differ when PECCs

are available. We suppose PECCs provide a noisy unbiased signal s = y + u, where the noise u

is independent of other screening tools’ noise ε and is normally distributed with inverse variance

hrs.
10 When PECCs are available, the new unconditional distribution of firms’ expected match

qualities µ2 over all realizations of both η and s is therefore,

µ2(r) ∼ N

(
µr0,

hrε + hrs
hr0 (hr0 + hrε + hrs)

)
(3.5)

We assume firms are seeking to fill an exogenous number of positions M by hiring applicants

with the highest expected match quality. Optimal firm strategies are then to hire all applicants

10Corbae and Glover (2018) present a related model that micro-founds the correlation between credit reports
and match quality, by allowing that individuals with lower wealth or more severe credit constraints may invest
less in education and may also have less favorable credit reports. If firms cannot perfectly observe education, this
will lead firms to use credit reports as a proxy for education. Corbae and Glover (2018) then embed this idea
into an equilibrium search framework. They abstract from the issues of race and ethnicity that we focus on here.

8



with posterior match quality above some cutoff κ (see Autor and Scarborough (2008) for simple

primitive conditions guaranteeing these strategies are optimal). Therefore to study minority job-

finding we are interested in what share of posteriors µ2(r) are above κ for each race or ethnicity

r, given the distributions of posteriors that arise from a given set of screening tools. As we define

formally below, we refer to the share of group r’s posteriors above κ as a hiring rate for group r.

We now examine how the introduction of PECCs affects these hiring hazards. While PECCs

unambiguously make the tails of the distribution of posteriors thicker,11 the hiring cutoff κ must

also increase in response, in order for markets to clear. So, as we now show formally, the hiring

rate for a given group r can either rise or fall in response to the introduction of PECCs.

To keep the key intuitions of the model clear, we now proceed by assuming µB0 = µW0 and

hB0 = hW0 ; that is, both groups’ unobserved match qualities are identically distributed. Thus the

key difference between the two groups is in the precision of signals sent by PECCs and by non-

PECC screening tools: hBs 6= hWs and hBε 6= hWε . Appendix Section A considers the more general

case with differences in match qualities and shows robustness of our key theoretical results.

If we normalize the number of majority applicants to 1 and let mB be the number of minority

applicants, then the hiring cutoff κ is defined implicitly by,

M = λW +mBλ
B (3.6)

λW = 1− Φ

 κ− µ0(
(hWε + hWs )

/
(h0 (h0 + hWε + hWs ))

)1/2

 (3.7)

λB = 1− Φ

 κ− µ0(
(hBε + hBs )

/
(h0 (h0 + hBε + hBs ))

)1/2

 (3.8)

where λW and λB are group-specific hiring rates. Note that the expressions for λW and λB follow

immediately from 3.5 and from firms’ cutoff strategies in κ.

To study the effect of PECCs, we parameterize the availability of PECCs using t ∈ [0, 1], and

we replace the noise of the PECC signal hWs with the term thWs in expressions 3.7 and 3.8 above.

The case of a complete PECC ban corresponds to t = 0, and the case where PECCs are available

corresponds to t = 1. We are then interested in the total derivative dλB/dt evaluated at various

values of t. By differentiating 3.6 with respect to t and isolating an expression for ∂κ/∂t that we

substitute into that total derivative, we obtain

dλB

dt
=
∂λB

∂t
+
∂λB

∂κ

[
−∂λW

∂t
−mB ∂λB

∂t
∂λW

∂κ
+mB ∂λB

∂κ

]
(3.9)

11That is to say, posteriors about each applicant become more precise, and therefore the population distribution
of posteriors, i.e. the distribution of posterior means, becomes more diffuse. This can be seen by comparing
expressions 3.4 and 3.5.
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After differentiation, some manipulation, and the introduction of a common denominator
∂λW

∂κ
+ mB ∂λB

∂κ
which we note to be negative, the resulting expression can be evaluated at t = 0

to show our main result:

dλB

dt
> 0 ⇐⇒ hBs

hWs
>
hBε
hWε

(
h0 + hBε
h0 + hWε

)
(3.10)

That is to say, the minority hiring rate λB is increasing in the availability of PECCs, t, if and

only if PECCs provide relatively high-information signals for the minority group. Importantly,

the minority does not need PECCs to provide more precise signals in absolute terms. Rather,

the ratio of PECCs’ precision for the minority group relative to non-minorities, hBs /h
W
s , must

be greater than the corresponding ratio of precisions for non-PECC screening tools, hBε /h
W
ε ,

multiplied by a scalar. The scalar can readily be interpreted as the ratio of the precision of

conditional posteriors in the absence of PECCs, as in Equation 3.2.

Figure 2 illustrates this result graphically. In Figure 2 Panel A, we show equilibrium hiring

rates in the absence of PECCs: one group, labeled “blue,” has noisier signals under non-PECC

screening tools and therefore less diffuse posteriors than another group, labeled “green.” Corre-

spondingly the blue group has a lower hiring rate, given the equilibrium hiring cutoff κ. Figure

2 Panel B then illustrates how posterior beliefs of applicants’ match qualities shift after the in-

troduction of PECCs, in the case where PECCs provide more precise signals for the previously

disadvantaged blue group. Finally, Figure 2 Panel C illustrates how the hiring cutoff κ must then

shift in order for markets to clear in response to the new information provided by PECCs, and

how this shift affects hiring rates for each group. In the simplified case illustrated graphically, we

see that the group for which PECCs provide relatively precise signals is indeed the group that

benefits from the introduction of PECCs.

We now turn to our empirical work focusing on PECCs as a particular example of a restricted

information source, beginning with an introduction to our two datasets.

4 Data Sources and Summary Statistics

In this section we describe our data and the construction of several variables that play a central

role in our analysis. Our primary dataset is the Current Population Survey (CPS), which we use

to measure job-finding, involuntary separation rates, and overall employment. We supplement

our CPS measures of job-finding by using publicly available administrative data collected from

the near-universe of state unemployment records: the Job-to-Job (J2J) Flows data from the US

Census Bureau, which are compiled as part of the Longitudinal Employer-Household Dynamics

(LEHD) program. We discuss additional details in Appendix E.

4.1 CPS

We use the panel dimension of the 2003-2018 Current Population Survey’s (CPS) micro-data (US

Census Bureau (2015a)). 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
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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.

We restrict the sample to civilians over the age of eighteen who are not on a temporary layoff. 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.

Table 2 presents summary statistics for the CPS data. Columns (1) and (2) respectively show

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 exempted from those

bans. Statistics are presented separately for blacks, Hispanics, and whites in three different

panels, A through C. We see that labor market characteristics such as employment rates are

broadly similar within race and ethnicity groups across states, although employment rates are

slightly higher in states without PECC bans. For both blacks and whites, wages are also higher

in PECC ban states, as is the share of workers with a four-year college degree.

In Table 3 we present a similar table of CPS summary statistics where we focus on three

outcomes related to the dependent variables used in our analysis: job-finding hazards, involuntary

separation rates for new hires, and involuntary separation rates for long-tenure workers. We

discuss these statistics when we turn to our analysis of these outcomes in Section 6.

4.2 LEHD-J2J Data

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 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 (US Census Bureau (2015b)). These are pub-

licly available administrative data aggregated from Unemployment Insurance (UI) records from

all 50 states and Washington, DC.12 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 three

years post-treatment and four years pre-treatment.13 Figure 1 illustrates LEHD-J2J availability

for the treated states.

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

12Note that although the LEHD compiles data from all 50 states, as described in more detail below, 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, and we exclude Montana, South Dakota, Wyoming,
and Idaho because the number of workers of different races or ethnicities are very small, as discussed more in
Appendix Section E.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.
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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). In our

analysis we focus on the intermediate category, adjacent-quarter flows. This category includes

spells of involuntary unemployment but also short voluntary breaks between jobs (Hyatt et al.

(2015)). 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. However, this limits our focus

in the LEHD to spells of unemployment spells of about one quarter, excluding shorter or longer

spells. The effects of PECCs bans for individuals with these medium lengths spells may differ

from those with shorter or longer spells.

Table 3 reports summary statistics on separation rates and adjacent-quarter job-finding in the

LEHD-J2J between the first quarter of 2005 and the first quarter of 2017 (the years for which

we have data from all states in our sample). Columns (1) and (2) report averages for states

that have not banned and have banned PECCs respectively. Panel A then reports the average

separation rate (the fraction of workers that separate from their main job within a quarter),

while Panel B reports the average adjacent-quarter job-finding rate, which measures the share of

workers separating from their job in a given quarter that find a new job by the end of the next

quarter.

4.3 Encoding Job-Level Variation

As we introduced in Section 2 and Table 1, PECC bans typically include a substantial number of

job-specific exemptions. In order to use this rich, 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 US Census 4-digit industry codes and 4-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 2 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 E.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.

Our second measure, which we refer to as “expected job” exposure, uses an estimate of each

unemployed individual’s probability of searching for work in a non-exempt 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.14

14To describe our “expected job” exposure more formally, let ts be a vector of job-specific treatment dummies
indicating which jobs are treated by a PECC ban in state s (i.e., zeros in ts 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 Π, and pre-multiply ts by Π to obtain a state-specific vector of job
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For all three of these measures of individuals’ exposure to PECC bans, i.e., current (C), past

(P ), and expected (E) job exposure, let T lj(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, for l ∈ {C,P,E}. For example, TEj(i),s(i) ∈ [0, 1]

stands for unemployed individual i’s expected-job exposure when formerly employed in job j,

i.e. TEj(i),s(i) = pj,s = Πjts, using the notation developed in Footnote 14.

5 Empirical Strategy

In this section, we discuss the variation we exploit to study the effect of PECC bans and how

we use this variation empirically.

The core of our empirical strategy is difference-in-differences. We first develop this strategy

using between-state variation in the timing of PECC bans, and we then show how to extend

this strategy to use job-level variation in which workers or job seekers are exposed to each ban.

We discuss and test, by means of event-time plots, the parallel-trends identifying assumptions

underlying this strategy. We also estimate demanding triple-difference models of the effect of

PECC bans to explore the robustness of our results to less restrictive identifying assumptions.

Given our focus on how PECC bans affect minority labor market outcomes, we also allow all of

our estimates of PECC bans’ effects to vary by race or ethnicity.

5.1 State-level Variation

Our baseline specifications take advantage of geographic variation in which states enacted PECC

bans and temporal variation in when those bans were enacted. Letting yist be a labor market

outcome for an individual i living in state s(i) in time t, Ds(i) be an indicator for state s(i) having

ever put into effect a PECC ban, and Ps(i),t be an indicator for whether a state had implemented

a PECC ban by time t, we estimate a difference-in-differences model of the effect of PECC bans

on labor market outcomes:

yit = αs(i) + γt + δDs(i) × Ps(i),t + εit (5.1)

Given the policy concerns about PECCs’ disparate impacts on minority job applicants, we

are interested in whether PECC bans differentially affects different race or ethnic groups. To

capture these heterogeneous effects of PECC bans, we fully interact all of the right-hand-side

variables in Equation 5.1 with race or ethnicity,15 leading to the workhorse specification we use

in much of our analysis:

yit = αs(i),r(i) + γt,r(i) +
∑
r

δr1r=r(i) ×Ds(i) × Ps(i),t + εit (5.2)

treatment probabilities ps for the unemployed, ps = Π×ts. 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. See also footnote 18.

15Recall from Section 4 that we defined three mutually exclusive race or ethnicity categories, R =
{white,black,Hispanic}.
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Equation 5.2 is equivalent to running Equation 5.1 separately by group.16 The parameters of

interest, the group-specific interactions δr, will identify the causal effect of PECC bans on labor

market outcomes for each race or ethnic group r under the identifying assumption that different

groups would have had, in the absence of a PECC ban, similar trends in states enacting PECC

bans as in states not enacting PECC bans.

Finally, in our most demanding specifications, we add state-time fixed effects to Equation

5.2, leading to the triple-differences specification:

yit = αs(i),r(i) + γt,r(i) + ξs(i),t +
∑
r 6=W

δr1r=r(i) ×Ds(i) × Ps(i),t + εit (5.3)

Note that we can no longer include all race/ethnicity-treatment interactions, because one is

absorbed by the state-time fixed effect, so we instead sum over all non-white groups (i.e.
∑

r 6=W ).

Equation 5.3 will identify the causal effect of PECC bans on the relative outcomes of blacks or

Hispanics (compared to whites) under the assumption that PECC-ban states and non-ban states

would have had, in the absence of a PECC ban, the same trends in the difference between blacks’

and whites’ (or between Hispanics’ and whites’) labor market outcomes.

In an effort to investigate the validity of our parallel trends assumptions and explore how

treatment effects change over time, we also estimate event-time models where we fully interact

our treatment dummies with event time, i.e., the number of time periods since a given ban

took effect. Formally, let ts0 be the time period when PECCs are banned in state s and define

κst = t − ts0 + 1. Fully interacting the vector of event-time indicators, κ, with a PECC ban

indicator then leads to the event-time study specifications below. For example, the event-time

specification corresponding to Equation 5.2 is:

yit = αs(i),r(i) + γt,r(i) +
∑
k

∑
r

δkr1r=r(i) ×Ds(i) × 1k=κst + εit (5.4)

5.2 Job-level Variation

The specifications in Section 5.1 above 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 T lj(i),s(i), as we constructed

in Section 4.3. Recall that T lj(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 l ∈ {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 baseline specification relying on

job variation is then:

yit = αs(i),j(i) + γt + δDs(i) × Ps(i),t × T lj(i),s(i) + εit (5.5)

The identifying assumption in this baseline specification is that treated jobs (i.e. a job covered

by a law in a treated state) are on parallel trends with non-treated jobs (both exempted jobs

16In practice, as we discuss below, we cluster our standard errors at the state level, meaning that our variance-
covariance matrix differs from running Equation 5.1 separately by group.

14



within PECC-ban states and all jobs in non-PECC-ban states).

Note that this specification may produce high-variance estimates in datasets of moderate

size, given the large number of state-job fixed effects αs(i),j(i) to be estimated. (In our CPS data,

for example, there are 473,398 such fixed effects, i.e. 473,398 non-empty state × industry ×
occupation cells, to be estimated on 13,077,449 panel observations.) In practice we therefore

form groups of jobs according to each job’s treatment status. We choose the smallest possible

number of groups such that all jobs in a given group are either all treated or all not treated by

a PECC ban in any given state at any given time.17 These are simply the standard fixed effects

to include in a difference-in-differences strategy, recognizing that our state-job variation is truly

at the state and job-group level. Throughout our empirical work we therefore allow j(i) to stand

for job group rather than job.18

As in Section 5.1 above, we are interested in how PECC bans differentially impact different

race or ethnic groups. Consequently, in practice we interact Equation 5.5 with a full set of group

dummies, leading to the empirical specification:

yit = αs(i),j(i),r(i) + γt,r(i) +
∑
r

δrDs(i) × Ps(i),t × T lj(i),s(i) + εit (5.6)

As in Section 5.1 above, 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.

5.3 Duration Dependence

Our main outcome of interest is job-finding, i.e., how PECC bans affect unemployed individuals’

probability of re-employment. It is well known that job-finding probabilities exhibit duration

dependence, so we formally estimate a hazard model to account for how a PECC ban may affect

both the probability 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 propor-

tional hazards model of job-finding as in Han and Hausman (1990) or Meyer (1990), and show

how it can incorporate our difference-in-differences strategy.

To begin, we model λi,t(τ), the probability of finding a job for person i, at time t, after being

unemployed for a length of time τ , given individual characteristics Xi and an arbitrary set of

fixed effects Wi, as:

λi,t(τ) = λ0(τ) exp

(
Wi +

∑
r

βr1r=r(i) ×Ds(i) × Ps(i),t +X ′iβx,r(i)

)
(5.7)

Note that the λ0 term is fully non-parametric in τ , as in Cox (1972), while the proportional

hazards assumption appears through the exponentiated term’s non-dependence on τ . The choice

17In set-theoretic terms, that is to say our set of job groups is the meet of the job partitions generated by the
PECC bans we study.

18For clarity, we emphasize that this also is true of the j(i) notation used in our estimation of the transition
probabilities that determine TEj(i),s(i); see also footnote 14.
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of the exponential functional form is standard, in order to model the hazard rate λi,t(τ) as

nonnegative.

In order to bring this expression to the data we need to transform this continuous time hazard,

λi,t(τ), into a discrete time hazard, λdi,t(τ), defined as the probability of job-finding between τ−1

and τ conditional on being unemployed at time τ − 1. Following Han and Hausman (1990) and

Meyer (1990), we can work from 5.7 to write the discrete time hazard in complementary-log-log

form as:

ln(− ln(1− λdi,t(τ))) = ατ +Wi +
∑
r

1r=r(i) ×Ds(i) × Ps(i),t +X ′iβx,r(i) (5.8)

ατ = ln

∫ τ

τ−1
λ0(s)ds (5.9)

If we replace the arbitrary fixed effects Wi with those from the difference-in-differences speci-

fications described in Sections 5.1 and 5.2, we can then rely on our earlier identifying assumptions

to identify the parameters of interest, βr. For example, our workhorse state-time difference-in-

differences model in Equation 5.2 can be written in complementary-log-log form as

ln(− ln(1− λdi,t(τ))) = ατ + αs(i),r(i) + γt,r(i) +X ′iβx,r(i) (5.10)

+
∑
r

δr1r=r(i) ×Ds(i) × Ps(i),t

This equation inherits the state-time difference-in-differences strategy’s basic identifying as-

sumption of parallel trends between PECC-ban states and non-PECC-ban states. In particular,

we assume parallel trends in the complementary-log-log of discrete-time hazards. It can be shown

in the derivation of Equation 5.8 that this assumption is equivalent to the assumption of parallel

trends in log continuous time hazards. Given the nonnegativity of hazard rates, we view this log

form as the most natural parallel trends assumption to make.

Note that we can also interact our treatment dummies with dummies for event time, i.e. κst, to

generate event-time versions of any of these difference-in-differences hazard model specifications,

analogous to Equation 5.4. For example, the event-time version of Equation 5.10 is,

ln(− ln(1− λdi,t(τ))) = ατ + αs(i),r(i) + γt,r(i) +X ′iβx,r(i) (5.11)

+
∑
k

∑
r

δkr1r=r(i) ×Ds(i) × Ps(i),t × 1k=κst

The interpretation of exponentiated event-time coefficients δkr is then as event-time-specific haz-

ard ratios.

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 5.10 can be estimated via

maximum-likelihood (as detailed in Meyer (1990)). For aggregated data like the LEHD-J2J, we

use OLS where we plug in population-average job-finding rates for λdi,t(τ) on the left-hand-side

of Equation 5.10. We discuss finite-sample properties of this nonlinear plug-in estimator in Ap-
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pendix Section E.4, where we demonstrate that any finite-sample bias due to nonlinearity on

the left-hand-side is negligible, so long as we limit our estimation to states with sufficiently large

populations of job seekers in each group that we study. In practice this means that when we

estimate Equation 5.10 in the LEHD-J2J, we exclude data from states with few minority job

seekers: Idaho, Wyoming, Montana, South Dakota, and North Dakota.

6 Results

In this section, we present our main results on the labor market effect of PECC bans. We focus

on the two outcomes highlighted by the model in Section 3: job-finding rates and match quality

for new hires, as indicated by new hires’ subsequent rates of involuntary separation.

6.1 Job-Finding Rates

We begin our empirical work by asking how a PECC ban affects unemployed workers’ job-finding

rates. First, we estimate our basic proportional hazards model of job-finding described in Equa-

tion 5.10 using CPS data. Our coefficients of interest in this specification are the race/ethnicity-

specific treatment effects δr. To illustrate what patterns in the data generate our estimates of

δr, we first show an event-time plot of how these log hazard ratios vary with event time κ. We

plot estimates of δkr from estimating Equation 5.11 for years k = −3,−2, . . . 2, 3, 4. The omitted

event time is k = 0, so all estimates are relative to the 12 months immediately prior to the

implementation of a PECC ban.

Figure 3 Panel A shows estimates of δkr for blacks (r = B) in our preferred specifications

including both demographic and state-year policy and economic controls, which we describe

more below. We see that black job-finding hazards in PECC-ban states are on mostly parallel

trends with non-ban states in the three years prior to implementing PECC bans. This helps

validate our difference-in-differences strategy’s identifying assumption. Then immediately after

the implementation of a PECC ban, black job-finding hazards fall by about 15 percent and fall

by an additional 10 percent of initial levels in the second year after a PECC ban’s implemen-

tation. Black job-finding hazards fall further to about 31 percent lower in the third year after

implementation and then rebound somewhat in the fourth year.

Panels B and C of Figure 3 then show analogous estimates for Hispanics and whites, respec-

tively. These plots also exhibit parallel trends in the three years prior to the implementation of

PECC bans. On net we see little evidence of an effect in the three years post-PECC ban for

whites. For Hispanics, there is some evidence of an uptick in job-finding in the first two years

after the PECC bans’ implementation, although in subsequent years the difference in job-finding

declines.

Having illustrated these patterns in our data, we now turn to our baseline estimates of δr.

Panel A1 of Table 4 reports these estimates in three rows for blacks, Hispanics, and whites

respectively. Column (1) presents results from a specification corresponding to our event-time

plots in Figure 3. Column (2) then adds our set of standard covariates: education groups;

age groups; gender; and marital status; urbanicity; and interactions between month-of-year and
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Census division (to capture possible seasonal effects).19 Column (3), our preferred specification,

then adds controls for state-time policy and economic shocks that could possibly confound our

analysis of PECC bans, including controls for policy choices in state s at time t (such as Ban-the-

Box policy, expanding Medicaid, or extending unemployment insurance) and exposure to local

economic shocks (such as manufacturing decline, the housing boom and bust, immigration, and

fracking).20 All of these state-year controls are interacted with race or ethnicity dummies.

As expected given the patterns in Figure 3, our estimate in Panel A1 of Table 4 for blacks

in column (1) is roughly −11 percent. This estimate is essentially unchanged after adding

demographic covariates in column (2). And while the 95 percent confidence interval for this

estimate is somewhat wide, we reject a null of no effect of PECC bans for blacks. Adding

state-time controls for time varying effects of economic conditions or changes in state policy in

Column (3) increases the magnitude of the point estimate to about −14 percent, although we

cannot reject the previous estimates.

Our estimated effects for whites are small and statistically indistinguishable from zero, as

expected given the patterns in the event-time plots. For whites we can reject a positive effect on

job-finding of 5 percent or more. For Hispanics, 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 three specifications, the overall effect is small in magnitude and negative, with coefficients

ranging from −0.2 to 0.7 percent. 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.

With these baseline state-level estimates in hand, we next turn to using job-level variation to

estimate the effects of PECC bans on job-finding. This serves as a validation of our state-level

results: if the effects we documented in Panel A of Table 4 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 5.8 to use our measures T lj(i),s(i)
of job-specific exposure to PECC bans, as defined in Section 4.3. Results for estimating several

versions of this specification are shown in Panel B of Table 4, and corresponding event-time plots

are shown in Appendix Figure F.1.

We measure job-specific exposure using expected-job exposure, TEj(i),s(i).
21 Column (1) of

Table 4 Panel B starts with our baseline version with no covariates other than the appropriate

job-level fixed effects, Wi. Column (2) then adds individual-level covariates Xi, and Column

(3) adds state-policy and economic controls. Estimates for blacks are larger than our state-level

estimates from Panel A1, indicating that the patterns observed in our state-level analysis are

indeed driven by jobs covered by PECC bans. In fact, if one scales up the point estimates from

our state-level analysis in Panel A by the share of unemployed blacks who previously worked in

covered jobs in PECC ban states (as reported in the summary statistics in Table 2), the resulting

19Specifically, 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.

20These controls are further described in Appendix Section E.1.
21In results available upon request, we find similar results using our alternative job-specific measures.
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estimate is .199, strikingly close to our job-level estimate of .194 in Column (3) of Panel B1 of

4. This similarity provides further evidence that our results are driven by individual exposure to

PECC bans rather than alternative explanations.

In specifications using job-level variation, the marginally significant positive effect for His-

panics that we found in Panel A1 is slightly reduced in magnitude and no longer statistically

significant, and in subsequent columns that include our individual-level and state-level controls,

these estimates are reduced to be essentially zero (a 1-percent, not percentage point, change in

job-finding hazards). We thus see three pieces of evidence suggesting a null effect of PECC bans

on Hispanic job-finding: the initial increase seen in Figure 3 is reduced to be close to zero in

subsequent years; the positive effect estimated in the first year after PECC bans is not stronger,

and in fact is 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 Hispanic job-finding

are most similar to the near-zero estimates we find for whites.

6.2 Job Separation Rates

In this section, we explore 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 throughout this section is an indicator for any subsequent involuntary

separation after being newly hired.22 Given the rotating-panel structure of our CPS data (as

discussed in Section 4.1), we observe involuntary separation for new hires at horizons ranging

from 1 to 14 months, making this a short- to medium-run measure of separation. Individual

observations are assigned to a time period t based on their hire date, and each newly hired

individual only appears once in our estimating sample. Accordingly our empirical strategy does

not need to account for any dependence of separation 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 interacted with race, as in Equation 5.2. Figure 4 reports event-time versions of

this baseline model. Starting with the event-time analysis for blacks in Panel A, we see that

involuntary separation rates for new hires fluctuated around 0 prior to the enactment of PECC

bans but were on a downward 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 Hispanics and whites in Panels B and C of the figure. Hispanic new hires exhibit a

negative pre-trend, which makes the near-zero point estimates in post years somewhat difficult

to interpret; as we discuss below, we ultimately find inconclusive results for Hispanic separation

rates. 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,

22This choice may be particularly apt in the case of PECCs, as PECCs are seen as a screen for behaviors such
as theft (Society for Human Resource Management (2012)) that are likely to lead to involuntary termination.
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and then by an additional 1 percentage point in the fourth year.

The first column of Table 5, Panel A reports estimates of Equation 5.2 corresponding to

these event-time plots. The results confirm our visual inspection of Figure 4, with Column (1)

showing a precisely estimated 2.7 percentage-point rise in involuntary separation rates for black

new hires, and a similar in magnitude decline in involuntary separation rates for white new hires.

Column (2) shows that adding our standard, individual-level covariates Xi and state-policy and

economic controls increases the estimated effect for blacks to nearly 5 percentage points,23 while

almost entirely eliminating the estimated impact of PECC bans on Hispanics and reducing the

magnitude of the estimate for whites. We discuss these white and Hispanic effects in more detail

below.

In Columns (3) and (4) 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 5.6, using our current-job

exposure measure TCj(i),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 2.7 percentage points in Columns (1) to 4.9 in Column (3) and, for

specifications with these controls, rises from 4.4 percentage points in Column (2) to 7.9 in Column

(4). However, also note that the use of job-level variation leads to little quantitative change in

the estimated coefficient for whites and Hispanics, and in Column (4), adding individual and

state-policy controls makes the estimated impact on involuntary separation rates for Hispanics

substantially smaller and statistically indistinguishable from zero.

We now turn to Panel B, which reports the overall effect of PECC bans on involuntary

separation rates. In the specifications without state policy and economic controls, Columns (1)

and (3), PECC bans are estimated to have a precise −.019 to −.022 percentage point effect

on involuntary separation rates; however, the inclusion of state policy and economic controls in

Columns (2) and (4) reduces the magnitude of both estimates, making both indistinguishable

from zero.

To better understand these results, we re-estimate the four separation regressions from Table

5 on a placebo sample: long-tenure employees rather than new hires. 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 sample 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.

Table 6 reports results of these placebo regressions. These results do not suggest that si-

multaneous labor market shocks are biasing our results for blacks; all estimates for blacks are

insignificant in this placebo sample and have the opposite sign as in our new-hire sample. Mean-

while, we estimate modest but significant negative effects on overall separation for whites and

for the population overall in these placebo regressions.

23In results available upon request, we show that this increase is driven entirely by the state and economic
policy controls. Controlling for only individual covariates has little impact on the results.
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On net we see two key conclusions from these results. 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 5 is higher when we use job-level variation than when we

use state-level variation, indicating 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 separation rates for whites after

PECC bans; effects for Hispanics are often statistically indistinguishable from those for whites.

We find this small negative effect both in the placebo sample and in our baseline sample of new

hires, and importantly, we find that this effect is not more pronounced when using job-level

variation than when using state-time variation. Accordingly, the evidence suggests that PECC

bans coincided with other shifts that made it slightly more costly to fire employees in general,

rather than detectably affecting the match quality of white and Hispanic new hires per se. While

our data are not well positioned to speak to what drives these shifts, 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 expensive due to employers’ substitution to alternative,

potentially more costly, signals.

An alternative measure of match quality is wages. In Appendix Table 5, we report estimates

of Equation 5.2 with hourly wages for new hires as the outcome variable. The estimates are

generally quantitatively small: the estimates in Column (1) using our base specifications are 0.9,

−0.8, and −0.5 percent for blacks, Hispanics, and whites respectively and −.4 percent for all

races 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 alternative empirical approaches or datasets.

Appendix Section D discusses the wage results in more detail.

6.3 Additional Robustness

We explore the robustness of our job-finding and job-separation results to other identifying

assumptions, alternative definitions of exposure to PECC bans, and in the case of job-finding,

estimation on a supplementary dataset built from administrative data. Full details are presented

in Appendix Section C and Figure 5 summarizes these results. Panel A of the figure summarizes

how our estimates of the relationship between PECC bans and job-finding vary with alternative

modeling choices, including alternative controls, specifications, and datasets. The results suggest

that the relatively large effect of PECC bans on the job-finding rates of blacks is consistent across

specifications, although the magnitude of the effects does vary somewhat across modeling choices.

In particular, the estimates in the LEHD-J2J of the effect of PECC bans on black job finding

hazards, ranging from -3.4 to -4.6 percent, are smaller than the corresponding CPS estimates of

-10.6 to -13.5 percent.

One possible explanation for the smaller estimates in the LEHD-J2J data relative to our
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CPS sample is that, as discussed in Section 4.2, we are only able to analyze adjacent-quarter,

employment-to-unemployment-to-employment transitions in the LEHD-J2J; we do not analyze

spells that start and end within the same quarter or that last for multiple quarters. In addition,

the LEHD-J2J only includes 44 of 50 states, including only 7 of the 10 treatment states we

study in the CPS. To study the effect of these differences, Panel B of Appendix Table 2 re-

estimates the CPS models restricting the sample to spells that would have selected into the

LEHD-J2J adjacent-quarter transition data and to the 44 LEHD-J2J states. We see that the

CPS estimates become markedly more similar to the LEHD-J2J estimates when the sample

mirrors the LEHD-J2J selection process, suggesting that different samples drive the divergence

between the estimates using the two datasets.

Returning to Figure 5, Panels B and C explore the robustness of the CPS job-finding results

using job-variation and job-separation results respectively. The full robustness analysis in the

CPS is reported in Appendix Table 3 and Appendix Table 4. For both job-finding and involuntary

separations in the CPS, we find that adding controls for time-varying state-level trends tends

to increase the magnitude of the effect of PECC bans on blacks, while having little systematic

impact on estimates for Hispanics or whites.

6.4 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 framework in Section 3, 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. We re-

estimate versions of our baseline specifications 5.1 (which has no race/ethnicity interactions) and

5.2 (which does have race/ethnicity interactions) where we now add interactions with categories

of education or experience: having a college degree, or having six years or more of potential

experience.

Table 7 Panel A reports estimates without 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). Similar to our prior discussion of heterogeneity

across race or ethnic groups, this suggests that workers without college degrees may send more

imprecise signals under non-PECC screening tools than do workers with college degrees.

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

poorly and hence attenuating any actual difference between these categories. Alternatively, it

is possible that neither high- nor low-experience job seekers have a relative advantage in PECC

signals or in baseline, non-PECC screening tools.

Panel B then investigates whether the effects we estimated previously by race and ethnicity
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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 worsen job-finding rates for whites or

Hispanics without college degrees, and, consistent with the results in Panel A, we find that

college-educated whites and Hispanics 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.

These results in Table 7 reinforce our interpretation of our earlier results. When PECCs

are banned, job seekers in observable groups that potentially have more precise baseline signals,

in particular college-educated job seekers, have better outcomes. At all education levels, black

job seekers still experience worse outcomes after PECC bans than other groups, though blacks

without college degrees experience the most negative effects overall. These findings are also

consistent with the estimates in Ballance et al. (2017), who find that PECC bans lead to a 5

percentage point increase in the share of job postings listing a college degree as a desired or

required qualification.

6.5 Mechanisms: Noise in PECCs and Other Screening Tools

This section uses the theoretical results from Section 3 to explore mechanisms behind our em-

pirical results above. In particular, we develop a quantitative version of our earlier model and

use it to examine several 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, 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.

The quantitative model follows the same setup as in Section 3: each group r has normally

distributed, unobservable match qualities with mean µr0 and inverse variance h0; non-PECC

screening tools provide unbiased signals of these match qualities with normally distributed noise

that has inverse variance hrε ; PECC signals likewise have normally distributed, mean-zero noise

with inverse variance hrs. 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 6.2), we also allow a PECC ban to

coincide with a change in firing cost c, perhaps related to regulatory compliance costs involved

in hiring a fired worker’s replacement. Appendix Section A gives a formal treatment of model

parameters, the firm’s problem, and the hiring and separation process.
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We estimate these terms for the same three groups from our empirical results: blacks, His-

panics, and whites. Besides the dispersion in match qualities h0, there are three terms to identify

per group, plus the pre- and post-ban firing costs cpre and cpost. We normalize one of the µr0 terms

to zero. This leaves eleven parameters to be estimated:

θ =

µB0 hBε hBs h0
µH0 hHε hHs cpost
· hWε hWs cpre

 (6.1)

We identify these eleven parameters by simulating model moments 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 Table 3, column (2). For the

“without PECCs” case we use estimates of PECC bans’ effects on job-finding rates and new

hires’ involuntary separation rates in Panel A of Tables 4 and 5. Further details on the model

simulations are presented in Appendix Section A, where we also explore robustness to using other

estimates of PECC bans’ effects, using job-level variation and additional controls.

Figure 6 presents estimates of some key parameters of interest for each group: PECCs’ signal

precisions hrs and the precision of non-PECC screening tools hrε . In the left half of the figure, we

find that the precision of non-PECC screening tools differs sharply across groups. For example

in the top panel, which shows parameters identified off our state-level regression estimates with

controls, these precisions range from 0.71 for blacks to 2.23 for whites.24 Meanwhile in the right

half of the figure, the precision of PECCs as a screening tool is closer to equal for white and black

job seekers – equal to 1.16 for whites and 1.23 for blacks. Interestingly the precision of PECCs

for Hispanics is markedly lower, equal to 0.65, 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 identified off our uncontrolled state-level regressions;

these estimates are broadly similar, and in this panel the black and white PECC precisions are

even closer to equal, at 1.29.

These parameter estimates illustrate one of the main points of our earlier theoretical work,

that a group – in this case, black job applicants – can benefit from the availability of a new

information source such as PECCs even if that group does not have an absolute advantage vis-a-

vis that new information. Rather, as emphasized by our main theoretical result in expression 3.10,

what matters is how precise the new information source is relative to other available screening

tools for a given group. We estimate that the availability of PECCs improves black labor market

outcomes not because PECCs provide meaningfully more precise signals about match qualities

for black job applicants than other groups, but because other, non-PECC screening tools contain

relatively more noise for black applicants.

We also conduct some basic counterfactual exercises to help illustrate our model estimates

24The units on these precision estimates are in terms of the inverse variance 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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and their usefulness. Table 8 presents these counterfactuals across three panels, where each panel

shows predicted job-finding and separation rates for each of the three groups, in the two cases

where PECCs are and are not available. For reference, Panel A shows the case with our baseline

parameters and no counterfactual, where we use the parameter values reported in the top half

of Figure 6. Panel B shows job-finding and separation rates when we counterfactually equalize

the precision 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. Panel C, in

contrast, has the same PECC precisions as in the baseline case, but here we counterfactually set

the precision of baseline signals for black and Hispanic job seekers to equal that of whites.

As can be seen across the three panels, equalizing the precision of PECCs (Panel B) does little

to reverse the patterns seen in the baseline case: the availability of PECCs still substantially

improves labor market outcomes for blacks, while other groups are affected less. Meanwhile,

equalizing baseline signal precisions across the three groups while leaving the precision of PECCs

unchanged (Panel C) markedly changes these patterns. Reflecting 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 in Panel C when PECCs are made available. Note we also see

that firing rates decrease slightly for all groups after a PECC ban in this counterfactual, given

the estimated shift in firing costs. If we shut down this channel however by holding firing costs

unchanged, we see that firing rates rise slightly – though by nearly zero – for all groups, consistent

with PECCs being about equally informative across groups.25

These results again underscore the key message of the parameter estimates above. We find

that the availability of PECCs as a screening tool has a different effect on black applicants not

because PECCs per se provide different information for black job applicants, but rather because

the other, non-PECC screening tools are disproportionately noisy for blacks.

7 Discussion

We have documented that PECC bans brought a marked decrease in job-finding hazards for

blacks, and also a decrease in black new hires’ match quality as measured by subsequent invol-

untary separation rates. We found little evidence of an impact for whites, and our results for

Hispanics generally were similar to those for whites. In this section, we discuss how economically

large our estimated effects for blacks are, and we compare these estimates to estimates of other,

previously studied policies’ effects on job-finding hazards.

In our preferred specification using state-time variation in the CPS data, Equation 5.10, we

estimate that PECC bans reduced the job-finding hazard for blacks by 13.5 percent. To get

a sense for the magnitude of these effects in absolute terms, we compare them to the baseline

job-finding rates for blacks in the LEHD-J2J data, as reported in Table 3.26 This comparison

25Specifically, if firing costs are unchanged after a PECC-ban, then the post-ban firing rates in the Panel C
counterfactual are 0.0878, 0.0801, and 0.0867 for blacks, Hispanics, and whites respectively.

26We estimate similar baseline job-finding rates in the CPS. However, given the CPS sample structure, esti-
mating these baseline rates in the CPS requires formally estimating a hazard model, and baseline hazards are
only estimated consistently in our specified model under strong conditions. Among these strong conditions is
the unrealistic requirement that no relevant regressors are omitted from the model, even if those regressors are
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implies our estimate translates into a 3 percentage point reduction in the probability of black

job seekers finding a new job within a quarter of job-loss.

Given that PECC bans may primarily affect labor demand, we gauge the magnitude of our

estimated effect of PECC bans by calculating how big an increase in wages would be required

to reduce black hiring and employment 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 perform 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.27 Using this approach, we estimate that PECC bans reduced the steady-state

black employment rate by 1.1 percentage points in states banning PECCs. Combining these

calculations with the elasticity of labor demand estimate of −.246 from Lichter et al. (2014)’s

meta-analysis, the effects of PECC bans are equivalent to the employment declines resulting from

a 4.6 percent increase in wages for black workers.

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 most closely resembling ours in empirical strategy, time period,

and policy, Doleac and Hansen (Forthcoming) find that Ban-the-Box (BTB) policies reduce the

employment of low-skilled black workers by 3.5 percentage points.,28 All three of these papers

suggest that regulations of information used in the hiring process can have economically large

impacts on employment outcomes.29

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

independent of our primary regressor of interest, the indicator for PECC ban coverage (Lancaster (1979)).
27The steady-state employment rate is equal to lfr × fr

fr+sr
where fr is the job-finding rate for group r, sr is

the job-separation rate for group r, and lfr is the labor-force participation rate for group r.
28Agan 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
BTB increases job application callback rates among blacks with criminal records, but decreases them among
blacks without criminal records. On net, the BTB policies reduce average callback rates of blacks, with the
primary beneficiary of the policies being whites with criminal records. Using the Longitudinal Origin Destination
Employment Series (LODES), Shoag and Veuger (2016) reach somewhat contradictory 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.

29Craigie (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.
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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 applicants with particularly weak credit may benefit from PECC bans,

we find that restricting access to credit information still harms black job applicants overall.30

We also differ from these papers in our focus on the mechanisms behind PECC bans’ effects

in equilibrium. We do so theoretically and empirically: our empirical evidence on involuntary

separation rates is novel, as is our use of a statistical discrimination model to interpret evidence

on separation rates and job-finding rates together. Interestingly however, other research on

PECC bans finds additional results that are consistent with the information-based mechanisms we

emphasize. Ballance et al. (2017) find that firms increased education and experience requirements

in job-postings when they were unable to rely on credit information after a PECC ban, and Cortes

et al. (2018) find that job vacancies decline more in counties with lower average credit scores

after a PECC ban, potentially reflecting PECC bans’ effects on expected match qualities.

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.31

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

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

30Friedberg et al. (2016) and Ballance et al. (2017) briefly explore effects by race. Friedberg et al. (2016)’s
point estimates for blacks are actually positive, but their standard errors large enough to be consistent with very
large positive or negative effects on blacks. 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 whites or Hispanics. 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
blacks are quite similar to our estimate of 1.1 percentage points.

31Dobbie 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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employers check information as far back as seven years.32 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 estimates of which we are aware that the precision of

traditional labor market screening tools, such as interviews, differs across different race or ethnic

groups. These 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)). These results offer a possible unifying explanation for a wide array

of findings in labor economics, including higher returns for blacks to other labor market signals,

such as occupational licenses (Blair and Chung (2018)) and veteran status (De Tray (1982)), the

positive relationship between firm size and black share (Holzer (1998)), and the long-run impacts

on black hiring of temporary affirmative action programs (Miller (2017)).33

8 Conclusions

In this paper we study “banning a signal,” or removing access to information that potentially is

heterogeneous across observable groups. We show theoretically and empirically that groups with

relative rather than absolute advantage in a given information source benefit from that informa-

tion being available, and we characterize relative advantage in terms of the given information

source’s precision scaled by the precision of other available information.

Empirically we focus on the example of banning PECCs, or pre-employment credit checks;

motivated by both the policy motivations for these bans and the long literature on labor market

discrimination across race or ethnicity, we estimate these bans’ effects on labor market outcomes

by race and ethnic groups. Our estimates suggest two broad sets of findings. First, using

both the CPS and LEHD-J2J data, we find that PECC bans lead to reductions in black job-

finding hazards, with our preferred estimate implying that PECC bans decrease black job-finding

hazards in PECC ban states by 14 percent, or roughly 3 percentage points at a quarterly horizon.

Estimates of the effect of PECC bans on white hiring rates are near zero, and our estimates for

Hispanics are usually indistinguishable from those for whites.

Second, we find that involuntary separation rates for newly hired blacks rise after PECC bans

are enacted. This finding is consistent with PECC bans reducing the match quality of newly

hired black job applicants – that is, more high-match-quality applicants are rejected and more

low-match-quality applicants are hired.

32In the Society for Human Resource Management (2012) report, roughly 25 percent of firms say they look at
information from 7 years ago or later.

33Miller (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
model, disproportionately benefit minority workers. If these investments in screening capital are one-time, fixed
costs, then they could explain the persistent effects of temporary affirmative action that he finds.
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We submit both of these main results to a range of robustness tests. Using rich, job-level

variation generated by these bans’ exemptions for various occupations and industries, we find

that our estimated effects are more pronounced for covered rather than exempted jobs, consistent

with our results being attributable to PECC bans. We also find that our involuntary separation

results for blacks do not appear in a placebo sample of long-tenure workers, who were more likely

to have been hired before PECC bans were implemented. We also use event-time plots to test

our difference-in-differences estimators’ key identifying assumptions. We find evidence in the

CPS that black job-finding rates were indeed on parallel trends between PECC-ban states and

non-ban states prior to the implementation of PECC bans.

We interpret these findings using a statistical discrimination model where we show that a

group benefits from an information source being made available when the group has relative

advantage vis-a-vis that information. We precisely characterize relative advantage in terms of

ratios of signal precisions, and we show robustness of our model’s conclusions to allowing for

other differences across signals and groups as well, such as taste-based discrimination or signal

biases. We then combine this model with our reduced form results and find that PECC bans

hurt blacks not because PECC signals are especially precise for blacks, but rather because non-

PECC screening tools, such as job interviews or résumés, provide particularly noisy signals

about match quality for black relative to white job applicants. Concretely we estimate that

the standard deviation of noise in non-PECC screening tools is 68% higher for black applicants

than for whites. These findings help explain the growing set of papers finding that a variety of

labor market signals, ranging from occupational licenses (Blair and Chung (2018)) to veteran

status (De Tray (1982)) to criminal records (Doleac and Hansen (Forthcoming)) to drug-testing

(Wozniak (2015)), may be more valuable for blacks than for whites.

However, these aggregate results may disguise substantially heterogeneous effects within

group. In particular, even if PECC bans decrease average job-finding rates for blacks, they

may have actually increased job-finding rates for blacks with particularly unfavorable credit re-

ports. Friedberg et al. (2016) find evidence that PECC bans help individuals who report facing

some degree of financial distress (trouble paying bills), but there is not yet evidence on how

PECC bans affected blacks with poor credit histories in particular.34

More broadly, our results do not provide information on how PECC bans affect an important

subpopulation of interest: highly indebted households that are more likely to become delinquent

on debts after job loss and therefore may have more protracted unemployment spells when

employers screen using PECCs. A complete welfare analysis of PECCs will thus need to take

into account the (as yet unknown) effects of PECCs on highly indebted households together with

the evidence we present here on the disparate impacts of PECC bans by race and ethnic group.

34In the related setting of Ban-the-Box policies, Agan and Starr (2018) find precisely this pattern: blacks overall
are hurt, but blacks with criminal records are helped.
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9 Figures

Figure 1: PECC Bans Timeline and Data Availability by State

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 2.
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Figure 2: Illustrating the Effects of Pre-Employment Credit Checks (PECCs) Bans

(a) Hiring without PECC

(b) Change in Employer Posteriors Post-PECC Introduction

(c) Change in Hiring Threshold Post-PECC Introduction

Notes: This figure graphically illustrates the statistical discrimination model described in Section 3. We apply the model to the parameter values
reported in the figure for two groups of job seekers: “blue” workers and “green” workers, who have identically distributed match qualities but who differ
in how precisely they are screened by employers’ available screening tools. Panel A shows the distribution of an employer’s posteriors for green and blue
workers when employers do not have access to Pre-Employment Credit Checks (PECCs), and the resulting hiring threshold κ1. The greater variance
of the population distribution of posteriors µ1 for green workers reflects the greater precision of non-PECC screening tools for this group. Panel B
then shows the change in the population distribution of posteriors when employers gain access to PECCs. The greater increase in the variance of these
posteriors, µ2, for the blue group than for the green reflects that PECCs are a relatively precise screening tool for this group. Panel C then shows how
the hiring threshold shifts to ensure market-clearing for both groups after the introduction of PECCs, and how this leads to an increase (resp. decrease)
in the hiring rate for the group for which PECCs provided relatively precise (resp. imprecise) signals.
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Figure 3: Event-Time Analysis of the Effect of PECC Bans on Job-Finding: CPS
State-Race/Ethnicity FE, Time-Race/Ethnicity FE

(a) Blacks

(b) Hispanics

(c) Whites

Notes: This figure shows the results of an event-time analysis of the difference in job-finding for newly 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 via MLE a version of the proportional hazards model in Equation 5.11 where we
interact an indicator for being covered by a PECC ban, Ds(i),t, with indicators for event time, κst. Event time is defined as the calendar year and
month, t, 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 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. 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
(2015a)). Error bars show 95 percent confidence intervals generated from standard errors clustered at the state level.
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Figure 4: Event-Time Analysis of the Effect of PECC Bans on Involuntary
Separations: New Hires

State-Race/Ethnicity FE, Time-Race/Ethnicity FE

(a) Blacks

(b) Hispanics

(c) Whites

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 5.2 where
we interact an indicator for being covered by a PECC ban, Ds(i),t, with indicators for event time, κst. Event time is defined as the calendar year
and month, t, 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 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. The sample is restricted to balanced event
years common to all PECC-ban states. Microdata on individual unemployment and involuntary separation rates for new hires come from the Current
Population Survey (US Census Bureau (2015a)). Error bars show 95 percent confidence intervals generated from standard errors clustered at the state
level. 39



Figure 5: Robustness of Estimated Effects of PECC Bans

(a) Job-Finding using State-Level Variation

(b) Job-Finding using Job-Level Variation

(c) Job Separations

Notes: This figure reports the robustness of our estimates of the effect of bans of Pre-Employment Credit Checks (PECCs) to alternative modeling choices
and data. Panel A shows estimates using state variation. The different bars report specifications that differ in what controls are included (demographic
and/or state economic and policy controls), which specification is used (difference-in-differences as in Equation 5.2 or triple-differences as in Equation 5.3),
and which dataset is used. Panel B reports the robustness of results using job-variation in exposure to PECC bans to different definitions of job-exposure
(past vs. predicted job) and specification (DD vs. DDD). Panel C reports the robustness of our estimates of the effect of PECC bans on job separations
to alternative controls and specification (DD vs. DDD). Error bars show 95 percent confidence intervals generated from standard errors clustered at the
state level.
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Figure 6: PECC Precision and Baseline Signal Precision

Notes: This figure shows estimates of model parameters hrε (the precision of PECC signals for group r) and hrs
(the precision of baseline screening tools for group r), as described in Section 6.5.
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Table 2: Characteristics of PECC and non-PECC Ban States and Jobs

PECC-Ban States Non-PECC-Ban states Covered Jobs Exempted Jobs

(1) (2) (3) (4)
Panel A. Labor Market Characteristics by Race/Ethnicity
Panel A1. 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 $655 $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 $633 $571 $847
    Share of Workers with 4-year College Degree 14% 17% 9% 26%

Panel A1. 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 ($) $989 $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 60% 54%

(Within PECC-ban states)

Notes: This table shows summary statistics by race from the CPS for years 2003-2018. Columns (1) and (2) respectively show statistics for PECS-
ban states and non-ban states.
Columns (3) and (4) then compare covered vs. exempted jobs within PECS-ban states. The share of unemployed workers covered by a PECS ban is 
determined by whether an
unemployed worker's most recent job was covered by or exempted from his home state's PECS ban.

Notes: 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 non-ban 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.
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Table 3: Dependent Variable Summary Statistics: CPS and LEHD-J2J Data

PECC-Ban States Non-PECC-Ban states Covered Jobs Exempted Jobs

(1) (2) (3) (4)
Panel A: Blacks
Job-Finding Rate out of Unemployment (CPS) 0.131 0.155 0.192 0.150
Involuntary Separation Rate, New Hires (CPS) 0.110 0.090 0.112 0.109
Involuntary Sep. Rate, Long-Tenure Workers (CPS) 0.027 0.022 0.026 0.027
Separation Rate (LEHD) 0.098 0.098
Adjacent Quarter Job-Finding Rate (LEHD) 0.234 0.252

Panel B: Hispanics
Job-Finding Rate out of Unemployment (CPS) 0.184 0.229 0.259 0.198
Involuntary Separation Rate, New Hires (CPS) 0.099 0.076 0.097 0.125
Involuntary Sep. Rate, Long-Tenure Workers (CPS) 0.024 0.018 0.024 0.022
Separation Rate (LEHD) 0.084 0.096
Adjacent Quarter Job-Finding Rate (LEHD) 0.226 0.234

Panel C: Whites
Job-Finding Rate out of Unemployment (CPS) 0.153 0.192 0.211 0.168
Involuntary Separation Rate, New Hires (CPS) 0.087 0.069 0.079 0.113
Involuntary Sep. Rate, Long-Tenure Workers (CPS) 0.019 0.014 0.019 0.018
Separation Rate (LEHD) 0.067 0.068
Adjacent Quarter Job-Finding Rate (LEHD) 0.218 0.229

(With PECC-ban states)

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. 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. Panel B shows separation and
job-finding rates by race or ethnicity in the LEHD-J2J Flows data, broken down by states with and without
PECC bans. Three treated states (Vermont, Washington, Connecticut) are not included in this table due to data
limitations. The data begin in 2005Q1 and end in 2017Q1. The separation rate is computed as the number of
separations divided by beginning-of-quarter employment. Adjacent quarter job-finding rate is computed as the
number of people who separate to adjacent quarter employment divided by total separations.
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Table 4: Impact of PECC Bans on Job-Finding: State and Job-Level Variation

(1) (2) (3)
Panel A. State-level Variation

Panel A1. Effect separately by race/ethnicity

    1(Black)*1(Treated by Ban) -0.106** -0.111*** -0.135**
(0.0416) (0.0415) (0.0576)

    1(Hispanic)*1(Treated by Ban) 0.0887* 0.0931* 0.0946
(0.0489) (0.0492) (0.0716)

    1(Non-Hispanic white)*1(Treated by Ban) -0.00649 -0.00417 -0.0166
(0.0283) (0.0295) (0.0382)

Panel A2. Overall Effect
    1(Treated by Ban) 0.00537 0.00719 -0.0155

(0.0280) (0.0297) (0.0357)

N 342,049 342,049 342,049
States 51 51 51
Ban States 10 10 10

Panel B: Job-Level Variation
Panel B1. Effects separately by race/ethnicity
    1(Black)*1(Treated by Ban) -0.150*** -0.154*** -0.194**

(0.0523) (0.0546) (0.0805)
    1(Hispanic)*1(Treated by Ban) 0.0651 0.0756 0.0159

(0.0558) (0.0554) (0.0853)
    1(Non-Hispanic white)*1(Treated by Ban) -0.0178 -0.0175 -0.0536

(0.0461) (0.0479) (0.0461)

Panel B2. Overall Effect
    1(Treated by Ban) -0.0104 -0.00767 -0.0632

(0.0415) (0.0450) (0.0402)

N 330,744 330,744 330,744
States 50 50 50
Ban States 9 9 9

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

Notes: This table reports MLE estimates of race-specific log differences in job-finding hazard rates following a PECS ban, 
using a state-time difference-in-differences strategy (Equation 6.11 in the text). Data are from the CPS for years 2003-2018. 
Column (1) includes the state-race and time-Race/Ethnicity Fixed Effects that implement difference-in-differences, while 
Column (2)  adds demographic controls fully interacted with race, which include binned education, binned age, gender 
and marital status, urbanicity, and interactions between month-of-year and Census division. Column (3)  includes extra 
controls at the state level. Standard errors clustered at the state level are shown in parentheses. Set of extra controls are: 
Saiz' price elasticity of housing multiplied by year dummies, dummy variablet hat equals 1 if the state was activelly 
extracting oil with Fracking, share of manufacturing jobs in 2000 multiplied by year dummies (ACS 2000), dummy 
variable that equals 1 if the state had any ban of the box policy at the time, dummy variable if the state expanded 
MedicAid (most states expadned in January of 2014), and a measurement for unemployment insurance extensions during 
the great recession by Hsu et al. (2018)
a. All controls used in regressions of Panel A are interacted by race dummies.

Notes: This table reports MLE 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 (Equation 6.11 in the text). Data are from the CPS for years 2003 to 2018. Column (1)
includes the state-race/ethnicity and time-race/ethnicity fixed effects that implement difference-in-differences,
while Column (2) adds demographic controls fully interacted with race or ethnicity group, which include binned
education, binned age, gender, and marital status, urbanicity, and interactions between month-of-year and Census
division. Column (3) adds controls for state economic and policy variables. In Panel B, Columns (1)-(3) also
include state-job-race/ethnicity fixed effects. In Panel A, a job seeker’s exposure to a PECC ban is determined
by whether or not he 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 footnote 14 in the text) is covered
by or exempted from a PECC ban. Standard errors clustered at the state level are shown in parentheses. The
controls for state economic and policy variables are: Saiz’s price elasticity of housing multiplied 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 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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Table 5: Impact of PECC Bans on Involuntary Separation Rates for New Hires

(1) (2) (3) (4)
Panel A: Effect separately by race/ethnicity
1(Black)*1(Treated by Ban) 0.0266* 0.0436* 0.0485*** 0.0787***

(0.0145) (0.0242) (0.0164) (0.0273)

1(Hispanic)*1(Treated by Ban) -0.0453*** -0.0113 -0.0448*** -0.0157
(0.0142) (0.0180) (0.0159) (0.0181)

1(Non-Hispanic white)*1(Treated by Ban) -0.0235*** -0.0203** -0.0199** -0.0162**
(0.00807) (0.00855) (0.00756) (0.00764)

Panel B: Overall effect
1(Treated by Ban) -0.0228*** -0.00910 -0.0191** -0.00186

(0.00751) (0.0104) (0.00822) (0.00915)

N 54,160 54,160 52,177 52,177
States 51 51 50 50
Ban States 10 10 9 9

Treatment Level State State New Job New Job
Time-Race/Ethnicity Fixed Effects Y Y Y Y
State-Race/Ethnicity Fixed Effects Y Y N N
State-New Job-Race/Ethnicity Fixed Effects N N Y Y
Demographic Controls (-Race/Ethnicity) N Y N Y
State Policy/Economic controls (-Race/Ethnicity) N Y N Y

Notes: This table reports linear probability model estimates of (race-specific)a differences in separation rates for newly hired 
workers following a PECS ban, using various difference-in-difference 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 2003-2018. 
Columns (1) and (3) include the state-(job)(-Race/Ethnicity)a and time-Race/Ethnicity Fixed Effects that implement difference-
in-differences, while Columns (2) and (4) add demographic controls (fully interacted with race)a, which include binned education, 
binned age, gender and marital status, urbanicity, and interactions between month-of-year and Census division. In the state-job-
time difference-in-differences model, a new hire's exposure to a PECS ban is determined by whether his new job is covered by or 
exempted from a PECS ban; Columns (5) and (6) add to the specification in columns (2) and (4) extra controls at the state level; . 
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. Set of extra controls are: Saiz' price 
elasticity of housing multiplied by year dummies, dummy variablet hat equals 1 if the state was activelly extracting oil with 
Fracking, share of manufacturing jobs in 2000 multiplied by year dummies (ACS 2000), dummy variable that equals 1 if the state 
had any ban of the box policy at the time, dummy variable if the state expanded MedicAid (most states expadned in January of 
2014), and a measurement for unemployment insurance extensions during the great recession by Hsu et al. (2018)
a. Regressions in panel A interact all the controls by race dummies.

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 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 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)). In the state-job-time difference-in-differences model,
a new hire’s exposure to a PECC ban is determined by whether her new job is covered by or exempted from a
PECC ban. 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.
All controls (individual and state policy/economic) are interacted by race-ethnicity dummies.
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Table 6: Impact of PECC Bans on Involuntary Separation Rates for Long-Tenure Employees

(1) (2) (3) (4)
Panel A: Effect separately by race/ethnicity
1(Black)*1(Treated by Ban) -0.000967 0.000573 -0.000935 0.000569

(0.00218) (0.00227) (0.00272) (0.00307)
1(Hispanic)*1(Treated by Ban) -0.00135 -0.000528 -0.00191 -0.00132

(0.00206) (0.00267) (0.00245) (0.00289)
1(Non-Hispanic white)*1(Treated by Ban) -0.00150** -0.000330 -0.00295*** -0.00197*

(0.000708) (0.000992) (0.000995) (0.00111)
Panel B: Overall effect
1(Treated by Ban) -0.00143* -0.000267 -0.00251** -0.00160

(0.000766) (0.000944) (0.000997) (0.00109)

N 4,432,444 4,432,444 4,310,058 4,310,058
States 51 51 50 50
Ban States 10 10 9 9

Treatment Level State State Current Job Current Job
Time-Race/Ethnicity Fixed Effects Y Y Y Y
State-Race/Ethnicity Fixed Effects Y Y N N
State-New Job-Race/Ethnicity Fixed Effects N N Y Y
Demographic Controls (-Race/Ethnicity) N Y N Y
State Policy/Economic controls (-Race/Ethnicity) N Y N Y

Notes: This table re-estimates the difference-in-difference models from Table 8 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 8, Columns (1) and (3) include the state-(job)(-Race/Ethnicity)a 
and time-Race/Ethnicity Fixed Effects that implement difference-in-differences, while Columns (2) and (4) add demographic controls. Columns (5) and (6) 
add to the specificatio in columns (2) and (4) extra controls at the state level. Data from Washington are excluded from Columns (3) and (4) due to 
uncertainty about which jobs are exempted from Washington's ban. Standard errors clustered at the state level are shown in parentheses. Set of extra controls 
are: Saiz' price elasticity of housing multiplied by year dummies, dummy variablet hat equals 1 if the state was activelly extracting oil with Fracking, share of 
manufacturing jobs in 2000 multiplied by year dummies (ACS 2000), dummy variable that equals 1 if the state had any ban of the box policy at the time, 
dummy variable if the state expanded MedicAid (most states expadned in January of 2014), and a measurement for unemployment insurance extensions 
during the great recession by Hsu et al. (2018)
a. Regressions in panel A interact all the controls by race dummies.

Notes: This table re-estimates the difference-in-differences models from Table 5 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 5, 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 and
state-time policy and economic controls. Data from Washington are excluded from Columns (3) and (4) due
to uncertainty about which jobs are exempted from Washington’s ban. 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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Table 7: Impact of PECC Bans on Job-Finding by Other Observable Subgroups

Subgroup:
(1) (2) (3) (4)

Panel A: by Subgroup
1(Subgroup = 0)*1(Treated by Ban) -0.0139 -0.0387 0.0216 -0.00691

(0.0274) (0.0374) (0.0356) (0.0498)
1(Subgroup = l)*1(Treated by Ban) 0.0580 0.0507 0.00168 -0.0182

(0.0462) (0.0502) (0.0345) (0.0376)
    p-value of differences: 0.08 0.04 0.67 0.81

Panel B: by Subgroup * Race/Ethnicity
1(Subgroup = 0)*1(Treated by Ban)*1(Black) -0.131** -0.169** -0.0845 -0.118

(0.0563) (0.0732) (0.128) (0.127)
1(Subgroup = l)*(Treated by Ban)*1(Black) 0.0206 0.0221 -0.113** -0.142**

(0.122) (0.106) (0.0439) (0.0572)
    p-value of differences: 0.33 0.19 0.84 0.85

1(Subgroup = 0)*1(Treated by Ban)*1(Hispanic) 0.0752 0.0802 0.0936* 0.0839
(0.0512) (0.0730) (0.0566) (0.0746)

1(Subgroup = l)*1(Treated by Ban)*1(Hispanic) 0.232*** 0.234*** 0.0868 0.0974
(0.0699) (0.0908) (0.0531) (0.0751)

    p-value of differences: 0.03 0.04 0.90 0.81

1(Subgroup = 0)*1(Treated by Ban)*1(Non-Hispanic White) -0.0292 -0.0380 0.0161 -3.38e-05
(0.0245) (0.0396) (0.0462) (0.0600)

1(Subgroup = l)*1(Treated by Ban)*1(Non-Hispanic White) 0.0300 0.0287 -0.0115 -0.0219
(0.0472) (0.0533) (0.0300) (0.0358)

    p-value of differences: 0.16 0.27 0.55 0.35

N 342,049 342,049 342,049 342,049
States 51 51 51 51
Ban States 10 10 10 10

Treatment Level State State State State
Time-Race/Ethnicity Fixed Effects Y Y Y Y
State-Race/Ethnicity Fixed Effects Y Y Y Y
State-New Job-Race/Ethnicity Fixed Effects N N N N
Demographic Controls (-Race/Ethnicity) N Y N Y
State Policy/Economic controls (-Race/Ethnicity) N Y N Y

High Education High Experience

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) and (3) 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) and (4) 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 PECCs 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. 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. 49



Table 8: Counterfactual Effects of PECC Bans under Alternative Signal Precisions

Hiring Rate Firing Rate Hiring Rate Firing Rate Hiring Rate Firing Rate
(1) (2) (3) (4) (5) (6)

With PECCs 0.163 0.1033 0.2397 0.0951 0.1876 0.0627
After PECCs Ban 0.1303 0.1375 0.2449 0.0852 0.1929 0.0546

With PECCs 0.1612 0.1068 0.2458 0.0793 0.187 0.0633
After PECCs Ban 0.1303 0.1375 0.2449 0.0852 0.1929 0.0546

With PECCs 0.1758 0.0648 0.2464 0.0698 0.1842 0.0649
After PECCs Ban 0.1743 0.0587 0.2525 0.0533 0.1836 0.0579

Black Hispanic Non-Hispanic White

Panel C: No Heterogeneity in Baseline Precision

Panel B: No Heterogeneity in PECCs Precision

Panel A: Baseline Case / No Counterfactual

Notes: This table shows simulated job-finding rates and involuntary separation rates in the quantitative model of
Section 6.5 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 applicants. Panel C does not vary PECCs’ precision from the baseline case but instead sets baseline signal
precisions to be equal across groups.
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In this appendix, we present several extensions of the model and empirics and provide more

detailed discussions of our data, methods, and results. Appendix Section A discusses our theo-

retical and quantitative model in more detail and compares our preferred model to alternative

models of how PECCs affect labor market outcomes. After this theoretical appendix, we provide

more information on our empirical work in Appendix Section B, where we provide an alternative

way of interpreting the magnitudes in our results, in Appendix Section C, where we discuss the

robustness of our results to alternative empirical strategies, in Appendix Section D, where we

present estimates of the effect of PECC bans on wages, and in Appendix Section E, where we

discuss our data sources and sample construction in detail.

A Model Details

This appendix section generalizes the analysis of Section 3 and provides details of the quantitative

version of the model from Section 6.5. We first show how to relax the assumption in Section 3

that match qualities are identically distributed across groups, and then we show what role the

introduction of either taste-based discrimination or signal biases would play in the model. Next

we develop details of the quantitative version of the model, and finally, we discuss robustness of

the quantitative model estimates.

First we relax the assumption that match qualities are identically distributed across groups,

i.e., the assumption that µB0 = µW0 and hB0 = hW0 . We continue the exposition of Section 3 at

the point of equation 3.9. Expression 3.9 is unchanged in this more general case, relative to that

in the main body of the text. The differentiation and manipulation that follows these cases is

∗Bartik: Department of Economics, University of Illinois at Urbana-Champaign, abartik@illinois.edu. Nel-
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from conversations with David Autor, Alan Benson, Kenneth Brevoort, Amy Finkelstein, Peter Ganong, Michael
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toinette Schoar, Danny Shoag, Lauren Taylor, and Russell Weinstein; conference discussion by Kyle Dempsey;
and comments from seminar participants at the CFPB, Federal Reserve Bank of Philadelphia, MIT, SOLE, and
Stanford SITE. Joyce Hahn (US Census Bureau) provided generous advice on the LEHD-J2J data. Mateo Ar-
belaez provided excellent research assistance. Nelson gratefully acknowledges support from a National Science
Foundation Graduate Research Fellowship under grant number 1122374. An earlier version of this paper circu-
lated under the title “Credit Reports as Résumés: The Incidence of Pre-Employment Credit Screening”. Any
errors or omissions are the responsibility of the authors.

1

mailto:abartik@illinois.edu
mailto:scottnelson@chicagobooth.edu


more involved in the general case, but the basic steps are the same. Equation A.7 is partially

differentiated with respect to κ and t for each group r, and these derivatives are evaluated at

t = 0. These expressions are substituted into equation 3.9. After manipulation, we obtain a

more general version of our main theoretical result, expression 3.10,

dλB

dt
> 0 ⇐⇒ hBs

hWs
>
hBε
hWε

(
hB0 + hBε
hW0 + hWε

)(
hW0
hB0

)(
1 +

∆µ

κ− µB0

)
(A.1)

where we define ∆µ = µB0 − µW0 .

This more general expression of our main theoretical result is equal to the original expression

3.10 with the addition of two multipliciative factors, each of which relates to one of the assump-

tions that have been relaxed relative to the main body of the text. The first of these factors

captures the effect of differences in the dispersion of match qualities hr0. The second of these

factors captures the effect of differences in average match qualities µr0. In the second of these

two factors, note that κ − µB0 is positive by the earlier assumption – consistent with observed

job-finding rates being below 50% – that firms hire from the right half of the (perceived) match

quality distribution. Hence, the inequality in A.1 is more likely to hold when the term ∆µ is

negative; that is, the availability of PECCs is more likely to benefit a group with lower average

match quality, holding signal precisions constant.

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 ωr, that

is added to relevant mean parameters for group r. Concretely, to model (1) we say ωr is added

to priors µr0, to signal realizations ηr, and to employers’ post-hiring perception of actual match

qualities; that is to say, taste-based discrimination implies a shift in perceived match quality at

all stages of the hiring and firing process. We model (2) as an ωr-shift in µr0 only: that is, priors

are biased by ωr, but signal realizations and post-hiring perceptions are both unbiased. We

model (3) as an ωr-shift in signal realizations ηr only: that is, priors and post-hiring perceptions

are both unbiased, but signal realizations are biased.1

We show how each of these three types of discrimination or biases ωr would introduce one

additional term for each group in our general main result, expression A.1. The additional term

would take the form f r(ωr, h), where f ’s argument h contains the precisions of priors and signals

across different groups. The rightmost term in expression A.1 would then be updated to include

f as follows, (
1 +

∆µ

κ− µB0

)
x
(

1 +
∆µ+ fB(ωB, h)− fW (ωW , h)

κ− µB0 − fB(ωB, h)

)
(A.2)

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

f r(ωr, h) = ωr (A.3)

In other words, taste-based discrimination is observationally equivalent in terms of modeled

1A fourth case would be that signals are biased, but employers know of this bias and adjust for it in forming
posteriors. In this case, posteriors and hence hiring outcomes would be the same as in the unbiased case.
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labor market outcomes to an actual ωr-shift in underlying match qualities. And so, as in our

discussion of the term ∆µ in expression A.1, our core result remains robust to allowing for

taste-based discrimination.

Meanwhile, (2) biased priors and (3) biased signals both imply that the influence of bias ωr is

attenuated by a factor that depends on various signal precisions h. Taking derivatives as in the

steps between expressions 3.9 and 3.10 introduces additional terms in h as well, reflecting how

the effect of the availability of PECCs itself depends on the amount of bias present. However,

even with these additional terms, the form in expression A.2 holds, and after simplification, f

can be shown to have the form,

f r(ωr, h) =
hrη + hrsh

r
η

hr0 + hrη
(A.4)

for a biased baseline signal, or the form,

f r(ωr, h) =
hr0 + hrsh

r
0

hr0 + hrη
(A.5)

for a biased prior. In both cases, the robustness of our main result follows from the form of

the new right-hand-side term in expression A.2. As in the case of heterogeneous match qualities

shown in expression A.1, the benefit from the availability of PECCs accrues more to the group

that has relative advantage in the precision of PECC signals, holding other parameters constant.

Through these more general cases, we also see that the use of PECCs 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 to explore whether the bias channel or the relative-precision

would explain our empirical results better.

We now detail the quantitative version of the model introduced in Section 6.5, starting with

the case where we assume priors and signals are unbiased. The model builds on our more

general framework discussed above, and we allow the mean of baseline match qualities to differ

across groups. We restrict hB0 = hH0 = hW0 however, as we are aware of no evidence suggesting

such dispersion differences are present “before” the use 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 κ in each case.

To estimate κ, we first calibrate each group’s population share mr using estimates of the

unemployed population from Table 2. We calibrate the number of positions to be filled, M ∈
[0, 1], using Table 3 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.
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With those calibrations in hand, we then solve for κ numerically given any putative set of

model parameters. For an arbitrary number of groups r, the hiring threshold κ in the more

general case is defined implicitly by

M =
∑
r

mrλ
r (A.6)

λr = 1− Φ

 κ− µr0(
(hrε + thrs)

/
(hr0 (hr0 + hrε + thrs))

)1/2

 ∀r (A.7)

To solve for κ, we simulate mrN draws from each group’s match quality distribution, and then

simulate signal realizations for each of these draws. We then find the N ·M highest values of

Bayesian posteriors about these draws’ match quality, across all groups r, where posteriors are

calculated as in expression 3.2 or the analogous expression for the case when PECCs are available.

The implicit hiring cutoff κ is then defined by the minimum of these M highest posteriors. The

simulation sample size N begins with N = 106 and adjusts upward to N = 108 as our search

across possible parameter values gets closer to convergence, to aid with the precision of the

simulated model moments.

Model moments are generated as follows. Job-finding rates for each group are simply the

share of that group’s mrN posteriors that fall above the estimated κ. 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
or cpost-ban. Specifically, all new hires are fired if their true match quality falls below the quantity,∑

r

mrE[yi|µ2(ηi, si, r) > κ]− c (A.8)

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 cpre-ban
or cpost-ban depending on the availability of PECCs.2 The expectation in the first term is likewise

solved for numerically using the mrN draws from each group.

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 also relevant to describing this exercise. We note that 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

2An alternative to our view that cpost-ban may represent compliance costs after a PECC ban could be that
this change reflects the cost of substitution to an alternative signal; what we call the baseline signal would then
be this alternative signal, and what we estimate as the combined precision of PECCs used in conjunction with
the baseline signal would instead be the precision of the PECC signal alone.
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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.

We also explore robustness to using other estimates of PECC bans’ effects, both using job-

level variation (Panel B of Table 4, column (3) of Table 5) and using state-level and demographic

controls (column (3) of Table 4, column (6) of Table 5). All of the results emphasized in the

qualitative discussion of the model simulations in Section 6.5 are robust to using these alternative

sets of empirical moments; magnitudes are also roughly unchanged and the relative sizes of

parameter values remain the same. The primary differences across these sets of moments are that

blacks’ relative disadvantage in baseline signal precision becomes somewhat more pronounced

when using moments based on job-level variation, and Hispanics’ relative disadvantage in PECC

signal precision becomes more pronounced using both of these alternative sets of moments.

Interestingly, this last point may relate to the elevated share of Hispanics with thin or no credit

files that has been noted elsewhere (Brevoort et al. (2015)).

We also examine robustness to allowing for signal bias in addition to differences in signal

precision in the quantitative model. Given that our estimates in Figure 6 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 ω, as described above in this section, 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 unchanged; additionally,

the magnitudes of estimated precisions are roughly unchanged, all moving by less than 11% of

their baseline values. Interestingly, our estimates of ω are in fact positive, indicating that in our

setting, allowing for signal bias in fact makes the role of differences in signal precision even more

important.

B Interpreting Magnitudes

In the main text, given that PECC bans may primarily affect labor demand, 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 magnitudes 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. Interpreting our results in light of this

finding, the effect of PECC bans on black job-finding rates are equivalent to about a 13 percent

reduction in unemployment benefits using our estimates from the CPS and a 6 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
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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.

C Robustness Discussion

This section discusses in more detail the results described in Section 6.3, where we explore

robustness to alternative identifying assumptions, more demanding specifications, and alternative

datasets. We begin by studying job-finding in our supplementary dataset, the LEHD J2J data

described earlier in Section 4.2. Although the LEHD J2J does not provide the rich individual-level

demographics 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 E.4, where we estimate a difference-in-differences model for the complementary-log-log

of observed job-finding rates for newly unemployed job-seekers at the state-race/ethnicity-time

level.

Figure F.2 reports estimates from event-time versions of Equation 5.11 using the LEHD J2J,

where we plug in observed job-finding rates bs,r,t(τ) for λds,r,t(τ) and estimate via OLS. Econo-

metric properties of this plug-in estimator are addressed in more detail in Appendix Section E.4.

After PECC bans went into effect, we see that the decline in black job-finding rates accelerated,

whereas job-finding rates for both Hispanics and whites 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 1 shows coefficient estimates that correspond to the

LEHD J2J event-time plots in Appendix Figure F.2. 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) adds state-time fixed effects to Column (1),

creating a more-demanding triple-difference estimator as in Equation 5.3. Finally, Column (4)

adds state-race/ethnicity linear trends to Column (3). Recall that the triple-difference estima-

tor 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.3

The results in Column (2) of the table change relative to Column (1), all becoming more

positive and less precise relative to the estimates in Column (1). When we add state-time fixed

effects in Column (3), the estimates become more similar to our baseline estimates in Column

(1), with the estimated effect for blacks being around −1.5 log-points, although this estimate

is imprecise. Finally, when we add state-race/ethnicity linear trends in Column (4), the point-

3We re-emphasize that these estimates only estimate the impact of PECC on blacks or Hispanics relative to
the impact for whites. Only under the further restriction that PECC not impact job-finding rates for whites do
these estimates represent the total impact of PECC for blacks or Hispanics.
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estimates for blacks roughly doubles in magnitude relative to Column (3), while the Hispanic

estimate also increases in magnitude. Columns (5)-(8) reproduce Columns (1)-(4), adding the

controls for changes in state policy and economic conditions discussed in Section E.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 blacks showing

a moderate, negative effect on job-finding rates, and estimates for Hispanics being near zero or

slightly positive.

We graphically validate the absence of pre-trends for blacks in the specification from Column

(3), using event-time estimates corresponding to this triple-difference estimator. These estimates

are shown in Appendix Figure F.3. Looking at Panel A, which shows the evolution of black job-

finding hazards compared to white-job finding hazards in PECC-ban states compared to non-ban

states, we confirm there was little discernible trend prior to PECC bans’ implementation. After

PECC bans are introduced, black job-finding rates steadily decline relative to white job-finding

rates. Black job finding rates seem to recover somewhat around 10 quarters after the PECC bans

are passed. Turning to Panel B, we see that there may be a slight downward trend in job-finding

rates for Hispanics that decelerates slightly after PECC bans were introduced. This explains

the sensitivity of the estimates for Hispanics in Panel A of Appendix Table 2 to the inclusion of

state-race/ethnicity linear trends.

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

a significant negative effect on job-finding rates for blacks. Six of the eight estimates of the effect

of PECC on black job-finding in the LEHD J2J are negative, and five of the eight estimates

are economically large in magnitude, 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 demanding specifications in Columns (4) and (8) are both economically significant 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 t and

become re-employed at a different employer in t+ 1.4 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 the sample-size

was not large enough, as discussed in Appendix Section E.4.

In Panel B of Table 2 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

4There 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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LEHD-J2J. 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-fin ding rates from −10.6 percent to −8.2 percent, roughly 40% closer to the

LEHD-J2J estimate of −4.6 percent. In Column (6), when we add the state policy and economic

conditions controls, the estimate for blacks is near zero, actually slightly less in magnitude than

the −3.4 percent estimate in the LEHD-J2J and about 60% closer relative to the LEHD-J2J

estimate. 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.

We also explore the robustness of our results in the full CPS data (i.e. not restricted to the

LEHD-J2J-like subsample). These results are shown in Appendix Table 3. Column (1) repeats

our baseline analysis of CPS job-finding from Column (1) of Table 4. Column (2) then adds,

as in our LEHD J2J results, state-race/ethnicity linear trends to our baseline CPS specification

in Equation 5.10. 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 (3), 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 blacks is reduced and made noisier,

but is still economically significant. The estimated effect for Hispanics is indistinguishable from

the estimate in Column (1). Appendix Figure F.4 reports the event studies corresponding to

Column (3), showing relatively little pre-trend for blacks and a steady decline in job-finding

rates after PECC bans go into effect. Conversely, Hispanic job-finding rates jump up in the first

two years after a PECC ban goes into effect, but then decline to around their previous levels.

Finally, in Column (4) we add state-race/ethnicity specific linear trends to the triple-difference

specification in Column (3). This change roughly triples the estimated effect for blacks to over 32

log-points, while the estimate for Hispanics is now smaller (although the estimate for Hispanics

is 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. Columns (5)-(8) repeat columns

(1)-(4), but add controls for state level covariates that vary over time and proxy for economic and

policy shocks. Adding these covariates substantially increases the magnitude of the estimated

effect for blacks, while having mixed effects for Hispanics. Adding these controls roughly halves

the point estimates for whites.

Finally, in Appendix Table 4 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 Hispanics in Figure 4. Beginning with Column (2), we see that adding

state-race/ethnicity linear trends nearly doubles the magnitude of the point estimates for blacks,

while the estimated magnitudes for Hispanics and whites are sharply reduced, suggesting that the

estimates for them are driven by pre-existing trends. This finding is confirmed when we turn to
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Column (3), which shows that adding state-time effects to Column (1) increases the estimate for

blacks considerably compared to our baseline specification in Column (1), while it decreases the

estimate for Hispanics to less than half its previous size. Adding state-race/ethnicity linear trends

in Column (4) further reduces the Hispanic estimate, while increasing the estimate for blacks by

another fifty percent. These changes should not be surprising given the substantial pre-trends

visible for Hispanics in the event-time version of Column (3), which is shown in Appendix Figure

F.5. Again, as in Appendix Table 2, adding controls for state-time covariates in Columns (5)-(8)

substantially increases the magnitude of the estimated effects for blacks, confirming that our

results are not driven by PECC bans being confounded with other state-level policy or economic

shocks. Overall, Appendix Table 4 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 new hires for whites and

Hispanics. This is the same conclusion reached in our earlier analysis of a placebo sample and

of job-level variation, in Section 6.2.

D 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 6.2. Appendix Table 5 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 5 and Columns (1), (5), and (6) in Appendix Table

4. Starting with Column (1), we see that the estimated overall effect of PECC bans on hourly

wages is small, only −.4 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 blacks and Hispanics. 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 6. Similar to the results in Appendix Table 5,

the results are in general near zero and quite noisy, with the possible exception of Hispanics,

for whom the estimated is negative, moderate in magnitude, and statistically significant in our

main 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.
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One potential concern with the results reported in Appendix Tables 5 and 6 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 5 and 6 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.

E 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.

E.1 Controlling for State Policy and Economic Confounders

The empirical strategy described above assumes that potential outcomes without PECC bans

are additively separable in state-race/ethnicity and time-race/ethnicity fixed effects. This as-

sumption would be violated if there were state-level changes in labor market policy or economic

conditions that may be correlated with both PECC bans and job-finding or involuntary separa-

tion rates. For instance, Ban-the-Box policies, which limit employers’ ability to check criminal

records during hiring, were passed in many states in this time period. To explore this issue, in

our regression tables we report supplementary specifications in which we control for state-level

changes in labor market policy or economic conditions that could potentially violate our assump-

tion of the additive separability of state-race/ethnicity and time-race/ethnicity fixed effects. This

exploration amounts to including a vector of state-level, time-varying controls, Wst to Equation

5.5 above.

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,

Forthcoming), 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 t (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.
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E.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.5 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

earlier survey years;6 no more than four post-years are available for many states, because the

majority of state PECC bans were enacted in the years 2010 to 2014, and as of this writing

CPS data were only available 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.

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 5.2. 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.

E.3 Encoding job-level variation in PECCs coverage

As we discussed in Section 4.3 and illustrated in Table 1, PECC bans typically include a sub-

stantial 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 the legal sources detailed in Section 2 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.

5We 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.

6Specifically, 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.
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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)

E.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 5.10 when only population-average job-finding rates are observed, as in our LEHD

J2J data, rather than individual job-finding outcomes, as in the CPS. Let Bs,r,t(τ) be the observed

number of individuals finding a job, and Ns,r,t(τ) be the number of job-seekers, at unemployment

duration τ for group r in state s time period t. Likewise define bs,r,t(τ) = Bs,r,t(τ)/Ns,r,t(τ).

We begin by noting that Bs,r,t(τ) ∼ Bin(Ns,r,t(τ), λds,r,t(τ)), where λds,r,t(τ) is as specified in

Equation 5.8 and “Bin” refers to the Binomial distribution. For large Ns,r,t(τ), we therefore

know bs,r,t(τ)
p→ λds,r,t(τ). 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 5.10 on aggregate data, simply by plugging in bs,r,t(τ) for

λds,r,t(τ).

However in practice the number of unemployed individuals, Ns,r,t(τ), is of course finite. Be-

cause we model a nonlinear function of λds,r,t(τ) on the left-hand-side of Equation 5.10, our OLS

estimator will exhibit some finite sample bias when we plug in bs,r,t(τ) for λds,r,t(τ).

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

a function of Ns,r,t(τ) and λds,r,t(τ) the size of the expected bias ε in the dependent variable7:

ε = E
[

ln(− ln(1− b))
]
− λds,r,t(τ) (E.1)

b ∼ Bin(Ns,r,t(τ), λds,r,t(τ)) (E.2)

We find that ε is less than 0.1 percent of λds,r,t(τ) when Ns,r,t(τ) > 500. So in practice when

we estimate the parameters of models such as Equation 5.10 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 4.2, we only estimate job-finding

models in the LEHD J2J on a single length of unemployment duration τ , the intermediate

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

7Where Bin refers to the Binomial distribution.
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and all individuals in this duration category are newly unemployed in the past quarter, this is

consistent with Bs,r,t(τ) being distributed Bin(Ns,r,t(τ), λds,r,t(τ)).

E.5 CPS Data Appendix

We use the panel dimension of the 2003-2018 Current Population Survey’s (CPS) micro-data (US

Census Bureau (2015a)). 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.8 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 individ-

uals 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.

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.

E.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 (2015b)). This is a publicly

available administrative data aggregated from Unemployment Insurance (UI) records from all 51

8More 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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states and Washington, DC.9 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.10 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.11

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.12 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

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.

9Note 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 E.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.

10This window differs slightly from that for the CPS because of differences in years for which data are available
across states.

11These 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 5 for more discussion
of how we account for duration dependence in the CPS data.

12Most importantly, the PCF does not contain information on Hispanic origin.
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E.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.13

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.

13To be precise, all standard errors are clustered at the state level, except for the standard errors displayed as
confidence intervals in Figure F.3, which needed to be clustered at the state-race/ethnicity level due to computa-
tional constraints.

15



F Appendix Figures

16



Appendix Figure F.1: Event-Time Analysis of the Effect of PECC Bans on
Job-Finding Using Job-Variation

State-Job-Race/Ethnicity FE, Time-Race/Ethnicity FE

(a) Blacks

(b) Hispanics

(c) Whites

Notes: This figure shows the results of an event-time analysis of the difference in job-finding for newly 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 5.11, 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(i)), Ds(i),t × pj(i),s(i), with indicators for
event time, κst. Event time is defined as the calendar year and month, t, 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 (2015a)). Error bars show 95% confidence intervals generated from standard errors clustered at the state
level.
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Appendix Figure F.2: Event-Time Analysis of the Effect of PECC Bans on
Job-Finding: LEHD J2J

State-Race/Ethnicity FE, Time-Race/Ethnicity FE

(a) Blacks

(b) Hispanics

(c) Whites

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.
ln(− ln(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 5.2 where we interact an indicator for being covered by a PECC
ban, Ds(i),t, with indicators for event time, κst. Event time is defined as the calendar year-quarter, t, 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 (2015b)). Error bars show 95% confidence intervals generated from standard errors clustered at
the state level.
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Appendix Figure F.3: Event-Time Analysis of the Effect of PECC Bans on
Job-Finding: LEHD J2J

State-Race/Ethnicity FE, Time-Race/Ethnicity FE, Time-State FE

(a) Blacks

(b) Hispanics

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. ln(− ln(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 5.3 where we interact an indicator for being covered by a PECC ban,
Ds(i),t, with indicators for event time, κst. Event time is defined as the calendar year-quarter, t, 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, state policy and
economic controls interacted with race-ethnicity dummies, and year-quarter-state fixed effects. The inclusion of
state-quarter-year fixed effects means the reported coefficients should be interpreted as the difference between
PECC-banning states and others states in the difference in the job-finding rate between blacks or Hispanics and
whites. Regressions are 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 (2015b)). Error bars show 95% confidence
intervals generated from standard errors clustered at the state-race/ethnicity level.
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Appendix Figure F.4: Event-Time Analysis of the Effect of PECC Bans on
Job-Finding: CPS

State-Race/Ethnicity FE, Time-Race/Ethnicity FE, Time-State FE

(a) Blacks

(b) Hispanics

zx

Notes: This figure shows the results of an event-time analysis of the difference in job-finding for newly unemployed
black and Hispanic 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 group. The reported
coefficients come from estimating with MLE a version of the proportional hazards model in Equation 5.11 where
we interact an indicator for being covered by a PECC ban, Ds(i),t, with indicators for event time, κst, and
where we add state-time fixed effects to the original specification. Event time is defined as the calendar year
and month, t, 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. In addition to state-time fixed effects, 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. The
inclusion of state-time fixed effects means the reported coefficients should be interpreted as the difference between
PECC-banning states and others states in the difference in the job-finding hazard between blacks or Hispanics
and whites. 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 (2015a)).
Error bars show 95% confidence intervals generated from standard errors clustered at the state level.
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Appendix Figure F.5: Event-Time Analysis of the Effect of PECC Bans on
Separations: New Hires

State-Race/Ethnicity FE, Time-Race/Ethnicity FE, Time-State FE

(a) Blacks

(b) Hispanics

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 group.
The reported coefficients come from estimating a modified linear probability model of Equation 5.3 where we
interact an indicator for being covered by a PECC ban, Ds(i),t, with indicators for event time, κst. Event time
is defined as the calendar year and month, t, 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
time-race/ethnicity, state-race/ethnicity fixed effects, individual demographic characteristics interacted with race-
ethnicity dummies, state policy and economic controls interacted with race-ethnicity dummies, and state-time
fixed effects. The inclusion of state-time fixed effects means the reported coefficients should be interpreted as
the difference between PECC-banning states and others states in the difference in the separation rate between
blacks or Hispanics and whites. 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 (2015a)). Error bars show 95% confidence intervals generated
from standard errors clustered at the state level.
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G Appendix Tables

Appendix Table 1: Robustness of Impact of PECC Bans on Job-Finding: LEHD-J2J

(1) (2) (3) (4) (5) (6) (7) (8)
Panel A. Separately by race/ethnicity
    1(Black)*1(Treated by Ban) -0.0458* 0.0126 -0.0149 -0.025* -0.0344 0.0079 -0.024 -0.033*

(0.03124) (0.01062) (0.01195) (0.01858) (0.02763) (0.01342) (0.02064) (0.02151)
    1(Hispanic)*1(Treated by Ban) 0.0201 0.0601*** 0.002 0.0148 0.0066 0.0076 -0.0079 -0.023**

(0.02312) (0.02251) (0.00862) (0.01941) (0.01241) (0.01293) (0.00926) (0.01363)
    1(Non-Hispanic white)*1(Treated by Ban) -0.0129 0.0313** 0.0044 0.0345**

(0.01805) (0.018) (0.01936) (0.01501)

Panel A. Overall Effect
    1(Treated by Ban) -0.0098 0.0352** -0.0002 0.0267**

(0.01911) (0.01672) (0.01871) (0.01298)

N 5700 5700 5700 5700 5700 5700 5700 5700
States 44 44 44 44 44 44 44 44
Ban States 7 7 7 7 7 7 7 7

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

     0   1
  ak 132   0
  al 144   0

Notes: This table reports OLS estimates of difference-in-differences and triple-difference models for the complementary-log-log of race-specific aggregate job-finding rates (i.e. ln(-ln(1-job-
finding))). Data are from the LEHD J2J. Column (1)  includes the state(-Race/Ethnicity)a and time(-Race/Ethnicity)a 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 level. Column (3) adds state-time effects to the specification from Column (1), implementing a triple-
difference estimator. Column (4) then augments the triple-difference model with linear trends at the state-race level. Column (5) , (6), (7), and (8) add to the specifications in columns (1) 
, (2), (3), and (4) extra controls at the state level.  Three treated states (Vermont, Washington,  Connecticu)  are not included in this table due to data limitations. Standard errors 
clustered at the state level are shown in parentheses. Set of extra controls are: Saiz' price elasticity of housing multiplied by year dummies, dummy variablet hat equals 1 if the state was 
activelly extracting oil with Fracking, share of manufacturing jobs in 2000 multiplied by year dummies (ACS 2000), dummy variable that equals 1 if the state had any ban of the box policy 
at the time, dummy variable if the state expanded MedicAid (most states expadned in January of 2014), and a measurement for unemployment insurance extensions during the great 
recession by Hsu et al. (2018)
a. Regressions in panel A interact all the controls by race dummies.

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. ln(-
ln(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) 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 (5) , (6), (7), and (8) add to the specifications in columns (1)
, (2), (3), and (4) 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 (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.

22



Appendix Table 2: Robustness of Impact of PECC Bans on Job-Finding: LEHD-J2J and
CPS Comparison Subsample

(1) (2) (3)
Panel A. LEHD J2J 
Panel A1. Separately by race/ethnicity
    1(Black)*1(Treated by Ban) -0.0458* -0.0344

(0.03124) (0.02763)
    1(Hispanic)*1(Treated by Ban) 0.0201 0.0066

(0.02312) (0.01241)
    1(Non-Hispanic white)*1(Treated by Ban) -0.0129 0.0044

(0.01805) (0.01936)
Panel A2. Overall Effect
    1(Treated by Ban) -0.0098 -0.0002

(0.01911) (0.01871)

N 5700 5700
States 44 44
Ban States 7 7
Panel B. CPS
Panel B1. Separately by race/ethnicity
    1(Black)*1(Treated by Ban) -0.106** -0.0820 0.00386

(0.0416) (0.157) (0.154)
    1(Hispanic)*1(Treated by Ban) 0.0887* 0.124 0.0711

(0.0489) (0.0782) (0.175)
    1(Non-Hispanic white)*1(Treated by Ban) -0.00649 -0.0834 -0.102

(0.0283) (0.0616) (0.0684)

Panel B2. Overall Effect
    1(Treated by Ban) 0.00537 -0.0240 -0.0551

(0.028) (0.0546) (0.0669)

N 342,049 45,065 45,065
States 51 44 44
Ban States 10 7 7
Adjascent Quarter Separations Sample N Y Y
Time-Race/Ethnicity Fixed Effects Y Y Y
State-Race/Ethnicity Fixed Effects Y Y Y
State-Time Fixed Effects N N N
State-Race/Ethnicity Linear Trends N N N
Demographic Controls (-Race/Ethnicity) N N N
State Policy/Economic controls (-Race/Ethnicity) N N Y

Notes: This table reports OLS estimates of difference-in-differences and triple-difference models for 
the complementary-log-log of race-specific aggregate job-finding rates (i.e. ln(-ln(1-job-finding))). 
Data are from the LEHD J2J. Column (1)  includes the state(-Race/Ethnicity)a and time(-
Race/Ethnicity)a 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 level. Column (3) adds state-time 
effects to the specification from Column (1), implementing a triple-difference estimator. Column (4) 
then augments the triple-difference model with linear trends at the state-race level. Column (5) , (6), 
(7), and (8) add to the specifications in columns (1) , (2), (3), and (4) extra controls at the state 
level.  Three treated states (Vermont, Washington,  Connecticu)  are not included in this table due 
to data limitations. Standard errors clustered at the state level are shown in parentheses. Set of extra 
controls are: Saiz' price elasticity of housing multiplied by year dummies, dummy variablet hat 
equals 1 if the state was activelly extracting oil with Fracking, share of manufacturing jobs in 2000 
multiplied by year dummies (ACS 2000), dummy variable that equals 1 if the state had any ban of 
the box policy at the time, dummy variable if the state expanded MedicAid (most states expadned 
in January of 2014), and a measurement for unemployment insurance extensions during the great 
recession by Hsu et al. (2018)
a. Regressions in panel A interact all the controls by race dummies.

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
and triple-difference models for the complementary-log-log of race/ethnicity-specific aggregate job-finding rates
(i.e. ln(-ln(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-indifferences and
triple-difference models and data from the CPS for years 2003-2018. Panel B Columns (2) and (3) restricts 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. In Panel A (LEHD-J2J) and Panel B columns (2) and (3), 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 3: Robustness of Impact of PECC Bans on Job-Finding: CPS

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A. Separately by race/ethnicity
    1(Black)*1(Treated by Ban) -0.106** -0.190 -0.0743 -0.322* -0.126** -0.189 -0.0731 -0.262

(0.0416) (0.184) (0.0683) (0.190) (0.0572) (0.170) (0.0800) (0.198)
    1(Hispanic)*1(Treated by Ban) 0.0887* 0.110 0.0769 0.0534 0.0744 0.284** 0.107 0.232

(0.0489) (0.0687) (0.0512) (0.0987) (0.0687) (0.118) (0.0736) (0.150)
    1(Non-Hispanic white)*1(Treated by Ban) -0.00649 0.0760** -0.0154 0.0309

(0.0283) (0.0387) (0.0366) (0.0537)

Panel B. Overall Effect
    1(Treated by Ban) 0.00537 0.0516** -0.0167 0.0423

(0.028) (0.025) (0.0331) (0.0298)

N 342,049 342,049 340,788 340,788 342,049 342,049 340,788 340,788
States 51 51 51 51 51 51 51 51
Ban States 10 10 10 10 10 10 10 10
Time-Race/Ethnicity Fixed Effects Y Y Y Y Y Y Y Y
State-Race/Ethnicity Fixed Effects Y Y Y Y Y Y Y Y
State-Time Fixed Effects N N Y Y N N Y Y
State-Race/Ethnicity Linear Trends N Y N Y N Y N Y
Demographic Controls (-Race/Ethnicity) N N N N N N N N
State Policy/Economic controls (-Race/Ethnicity) N N N N Y Y Y Y

     0   1
  ak 132   0
  al 144   0

Notes: This table reports OLS estimates of difference-in-differences and triple-difference models for the complementary-log-log of race-specific aggregate job-finding rates (i.e. ln(-ln(1-job-
finding))). Data are from the LEHD J2J. Column (1)  includes the state(-Race/Ethnicity)a and time(-Race/Ethnicity)a 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 level. Column (3) adds state-time effects to the specification from Column (1), implementing a triple-
difference estimator. Column (4) then augments the triple-difference model with linear trends at the state-race level. Column (5) , (6), (7), and (8) add to the specifications in columns (1) 
, (2), (3), and (4) extra controls at the state level.  Three treated states (Vermont, Washington,  Connecticu)  are not included in this table due to data limitations. Standard errors 
clustered at the state level are shown in parentheses. Set of extra controls are: Saiz' price elasticity of housing multiplied by year dummies, dummy variablet hat equals 1 if the state was 
activelly extracting oil with Fracking, share of manufacturing jobs in 2000 multiplied by year dummies (ACS 2000), dummy variable that equals 1 if the state had any ban of the box policy 
at the time, dummy variable if the state expanded MedicAid (most states expadned in January of 2014), and a measurement for unemployment insurance extensions during the great 
recession by Hsu et al. (2018)
a. Regressions in panel A interact all the controls by race dummies.

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-indifferences and triple-
difference models and data from the CPS for years 2003-2018. 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) 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 (5) , (6), (7), and (8) add to
the specifications in columns (1) , (2), (3), and (4) extra controls at the state level. 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 4: Robustness of Impact of PECC Bans on Separation: CPS

(1) (2) (3) (4) (5) (6) (7) (8)
Panel A: Effect separately by race/ethnicity
1(Black)*1(Treated by Ban) 0.0266* 0.0542** 0.0342** 0.0749** 0.0436* 0.0636** 0.0477* 0.104**

(0.0145) (0.0260) (0.0147) (0.0283) (0.0242) (0.0262) (0.0257) (0.0388)
1(Hispanic)*1(Treated by Ban) -0.0453*** -0.0104 -0.0170 0.0269 -0.0113 0.0566 0.00428 0.105**

(0.0142) (0.0359) (0.0177) (0.0532) (0.0180) (0.0471) (0.0176) (0.0498)

1(Non-Hispanic white)*1(Treated by Ban) -0.0235*** -0.0142 -0.0203** -0.0224
(0.00807) (0.0148) (0.00855) (0.0170)

Panel B: Overall effect
1(Treated by Ban) -0.0228*** -0.00436 -0.0102 0.00465

(0.00751) (0.0124) (0.0101) (0.0173)

N 54,160 54,160 53,726 53,726 54,160 54,160 53,726 53,726
States 51 51 51 51 51 51 51 51
Ban States 10 10 10 10 10 10 10 10

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

DD DDD

Notes: This table reports linear probability model estimates of race-specific differences in separation rates for newly hired workers following a PECS 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 8.  Column (2) 
adds controls for linear trends at the state(-Race/Ethnicity)a level. Column (3) adds state-time effects to the specification from Column (1), implementing a triple-difference estimator. Column (4) then 
augments the triple-difference model with linear trends at the state-race level. Column (5) , (6), (7), and (8) add to the specifications in columns (1) , (2), (3), and (4) extra controls at the state level. 
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. Set of extra controls are: Saiz' price elasticity of housing multiplied by year dummies, dummy variablet hat equals 1 if 
the state was activelly extracting oil with Fracking, share of manufacturing jobs in 2000 multiplied by year dummies (ACS 2000), dummy variable that equals 1 if the state had any ban of the box policy 
at the time, dummy variable if the state expanded MedicAid (most states expadned in January of 2014), and a measurement for unemployment insurance extensions during the great recession by Hsu et 
al. (2018)
a. Regressions in panel A interact all the controls by race dummies.

DD DDD

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 8. Column (2) adds controls for linear trends at the state(-
race/ethnicity) level. Column (3) adds state-time effects to the specification from Column (1), implementing
a triple-difference estimator. Column (4) then augments the triple-difference model with linear trends at the
state-race/ethnicity level. Column (5) , (6), (7), and (8) add to the specifications in columns (1) , (2), (3), and
(4) extra controls at the state level. 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 5: 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) 0.00932 0.0213 0.00731

(0.0309) (0.0300) (0.0707)
1(Hispanic)*1(Treated by Ban) -0.00861 0.0408* -0.0122

(0.0187) (0.0211) (0.0291)

1(Non-Hispanic white)*1(Treated by Ban) -0.00508 0.00432 -0.0361
(0.00924) (0.0110) (0.0261)

Panel B: Overall effect
1(Treated by Ban) -0.00431 0.0127 -0.0259*

(0.00877) (0.0102) (0.0148)
N 268,864 268,864 268,864
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 N
State-Race/Ethnicity Linear Trends N N Y
Demographic Controls (-Race/Ethnicity) N N N
State Policy/Economic controls (-Race/Ethnicity) N Y Y

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 6: Impact of PECC Bans on Hourly Wages: Long-Term Employees

(1) (2) (3) (4)
Panel A: Effect separately by race/ethnicity
1(Black)*1(Treated by Ban) 0.0139 -0.0144 0.00512 -0.0227

(0.0287) (0.0342) (0.0250) (0.0353)
1(Hispanic)*1(Treated by Ban) -0.0190** -0.00265 -0.00998* 0.00327

(0.00849) (0.00815) (0.00555) (0.00776)
1(Non-Hispanic white)*1(Treated by Ban) 0.00374 0.000412

(0.00760) (0.00493)

Panel B: Overall effect
Treated by Ban 0.000370 -0.00148

(0.00821) (0.00378)

N 1,513,664 1,513,664 1,513,664 1,513,664
States 51 51 51 51
Ban States 10 10 10 10

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

DD DDD

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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