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Abstract

We study recent bans on employers’ use of credit reports to screen job applicants - a

practice that has been popular among employers, but controversial for its perceived dis-

parate impact on racial minorities. Exploiting geographic, temporal, and job-level variation

in which workers are covered by these bans, we analyze these bans’ effects in two datasets:

the panel dimension of the Current Population Survey (CPS); and data aggregated from

state unemployment insurance records. We find that the bans reduced job-finding rates for

blacks by 7 to 16 log points, and increased subsequent separation rates for black new hires

by 3 percentage points. Results for Hispanics and whites are less conclusive. We inter-

pret these findings in a statistical discrimination model in which credit report data, moreso

for blacks than for other groups, send a high-precision signal relative to the precision of

employers’ priors.
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1 Introduction

From social media posts to credit reports and criminal background checks, there is increasingly

easy access to information about individuals’ private lives. The uses of this information have also

grown, as car insurance underwriters check credit scores, not just driving records, and prospective

employers check Facebook profiles, not just résumés. In this paper we study a leading example

of this information boom: the use of credit reports in labor markets. Pre-employment credit

screening (or “PECS” for short) is a popular screening tool among employers, used by perhaps

60% of large firms to screen (some) job applicants in 2010 (Society for Human Resource Man-

agement (2012)). However, PECS has also been controversial for its perceived costs, especially

for minorities. Policy-makers, often directly citing these disparate impact concerns, have now

banned or restricted PECS in eleven states, New York City, and Chicago since 2007.

We develop a statistical discrimination model that builds on Phelps (1972) and Autor and

Scarborough (2008) to guide our thinking about PECS bans and restrictions on the usage of

information in labor markets more broadly. The model illustrates that a ban on PECS can plau-

sibly either raise or lower both minority hiring rates, and average match quality of minority hires,

even though minorities in the US are disproportionately likely to have low credit scores.1 The

key mechanism highlighted by the model is that credit report information may be differentially

informative relative to other available screening tools for different groups. In particular the use

of PECS may benefit minorities by allowing some job-applicants to, intuitively speaking, “stand

out from the competition,” or more formally, move an employer’s posterior beliefs about match

quality above a low or diffuse prior (Autor and Scarborough (2008)).

We investigate the implications of this model by studying the impact of PECS bans on

different racial groups. Using geographic, temporal, and job-level variation in these bans, we

study labor market outcomes in two distinct datasets - the Current Population Survey (CPS),

and administrative data aggregated from state unemployment insurance records. We estimate

that PECS bans in fact have sizable, negative effects on labor market outcomes for blacks.

Our estimates suggest that black job-finding hazards declined by 7 to 16 percent after a PECS

ban, while new black hires became 3 percentage points more likely to experience involuntary

separation shortly after being hired. Our estimates for Hispanics and non-minorities are less

conclusive, and are imprecise enough to be consistent with large or moderate positive or negative

effects. Interpreted in light of our model, these findings suggest that in the absence of PECS

firms deferred more to their priors in evaluating new applicants’ match quality. More broadly,

regulation of the information used in hiring may have surprising consequences depending on the

alternative match-quality signals towards which firms substitute.

Our 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 PECS

bans. We then corroborate our results using job-level variation in which individuals are covered

by or exempted from PECS bans. Next, we also estimate demanding triple-difference models to

explore the robustness of our results to less restrictive identifying assumptions. Finally, we also

1In the mid-2000s for example, over 50% of blacks were in the bottom quintile of the credit score distribution,
and roughly 50% of Hispanics were in the bottom tertile (Avery et al. (2009))
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estimate “event-study” (or here, “event-time”) style models where we fully interact PECS ban

indicators with time dummies, allowing us to explore both the evolution of PECS bans’ impacts

over time, and to test our estimators’ various parallel-trends identifying assumptions.

In the CPS, using our preferred state-time specification we find that PECS bans decreased

black job-finding hazards by 15.6 log-points. When we corroborate this result using job-level

variation, we find that this estimate grows in magnitude, to 20.9 log-points. The difference in

these estimates is remarkably close to what would be predicted by the share of black workers

actually covered by PECS 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 PECS-ban

states or jobs, supporting our causal interpretation of these results.

Our corresponding CPS estimates for Hispanics and whites are less conclusive. For Hispanics,

our estimates of PECS bans’ effects on job-finding hazards are positive, but imprecise. For

whites, our estimates are more precisely estimated near zero, but exhibit some sensitivity to

how we control for possible divergent pre-trends. So, while we are most confident in our results

for blacks’ labor market outcomes, it may be that PECS also has labor market effects for other

groups.

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 em-

ployment status, and being built from a (near) universe rather than a CPS sample that, in some

less populous states, can be relatively small. We find qualitatively similar, although smaller,

results for black job-finding rates in the LEHD J2J, with our preferred specification suggesting

that PECS bans decrease black job-finding hazards by 7.4 log-points.

Similar to the CPS estimates, the LEHD J2J estimates for whites are small in magnitude and

sensitive to how we control for possibly divergent pre-trends. Our estimates for Hispanics in the

LEHD J2J diverge from those in the CPS, with the estimated effect on job-finding for Hispanics

being negative in the LEHD J2J, but positive in the CPS. These inconsistencies again make it

difficult to make any conclusive statement about the effects of PECS bans for these two groups.

We next investigate a second prediction of our statistical discrimination model, that these

negative effects of PECS bans on black applicants’ hiring rates should coincide with lower average

match quality among the set of black applicants who get hired. That is more high-match-quality

applicants are rejected and more low-match-quality applicants are hired. We use separation

rates among new hires as an observable proxy for their match quality. Using state and temporal

variation, we find that the share of new black hires involuntarily separating from their jobs

increases by 2.7 percentage points. This estimate rises to 4.4 percentage points if we also exploit

the variation in which jobs are covered by PECS bans. We perform placebo checks using a

sample of long-tenure black employees, who were presumably screened before PECS bans took

effect, and find no effect of PECS bans in this sample, suggesting that our results are not due

to general declines in black labor market outcomes in states or occupations were PECS usage is

banned.

These findings have important implications for both labor and credit markets. First, they
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show that restrictions on the information used in job-applicant screening can have large effects

on labor market outcomes. Indeed, the estimated effect of PECS ban on job-finding is as large

in magnitude as an 8 to 18 percent reduction in unemployment benefits (Meyer (1990)) or a 3 to

9% rise in wages (Lichter et al. (2014)).2 Second, the results suggest that credit reports contain

economically relevant information in at least one large non-credit market, the labor market, and

so changes in credit reporting practices or regulation may have effects that extend far beyond

credit markets themselves.

A contemporaneous paper, Ballance et al. (2017), studied the impacts of PECS bans on

census tracts with different average credit scores. In subsequent work, Friedberg et al. (2016)

expanded upon this work, and studied the direct effects of PECS bans on individuals with poor

credit health, and Cortes et al. (2017) investigated the market-wide effects of PECS bans in

labor markets with low average credit scores. These studies paint the picture that PECS bans

have disproportionately helped individuals with poor credit, although they may have had more

adverse market-wide consequences. Our study instead emphasizes that not all groups with poor

credit necessarily benefit from PECS bans, and that these bans can have surprisingly adverse

effects depending on how informative PECS was as a signal of job-applicant match quality for

the given group. Our paper also relates to a broader literature on the usage of information

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

Herkenhoff et al. (2016), and Dobbie et al. (2017)), drug testing (Wozniak (2015)), and criminal

records (Holzer et al. (2006), Agan and Starr (2016), Doleac and Hansen (2017), and Shoag and

Beuger (2016)).

Our paper makes three novel contributions to this literature. First, we provide the first ev-

idence that PECS bans have negative effects on average labor market outcomes for minorities,

despite their lower average credit scores, arguably contrary to the bans’ intended effects. Second,

we validate these findings using two datasets, a longitudinal dataset of individuals (the Current

Population Survey) where we are able to exploit variation in PECS ban coverage across occupa-

tions and industries as well as states, and administrative data aggregated from unemployment

records, where we exploit state-level variation in PECS bans. Third, we explain these findings

using a statistical discrimination framework that builds on Phelps (1972) and Autor and Scar-

borough (2008), which shows that PECS bans can hurt minority workers - despite their lower

credit scores - if credit scores are relatively more informative about match quality for minorities.

We investigate one implication of this model, that the match quality of minority new hires should

decline after PECS bans are implemented, and find that separation rates for black new hires rise,

consistent with the decline in match quality predicted by our model.3

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

growing literature on the usage of non-labor market information in labor markets. We then

2See Section 8 for further interpretation of the magnitudes of our estimates.
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% lower match quality among individuals who have declared
bankruptcy.
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provide background on the use of PECS and describe the eight state PECS bans we study.4 We

then develop a statistical discrimination model in Section 4 that guides the interpretation of our

results. Section 5 introduces our data and presents basic summary statistics. In Section 6, we

flesh out our empirical strategy for estimating the causal effect of PECS bans. We present our

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

9 concludes.

2 Literature

As the costs of storing and accessing information about potential employees has fallen, employer

usage of this information during the hiring process has risen. Policymakers and researchers have

taken a keen interest in the broader implications of this growth in the types and amount of

information used during the hiring process. This growth has led to bans and proposed bans on

the usage of criminal records, credit information, and drug-testing in the hiring process and a

growing body of empirical and theoretical research on these policies.

Most closely related to our paper are one contemporaneous paper, Ballance et al. (2017), and

two more recent papers, Cortes et al. (2017), and Friedberg et al. (2016). Whereas we focus on

the theory and empirics of how PECS bans can potentially harm groups that have poor credit,

these three papers focus on the direct effect of PECS on individuals or geographic areas with

bad credit scores or who are in financial distress.5 These papers also differ from ours in that they

do not investigate in a detailed way how the effects of PECS bans vary by occupation or the

implication of theory that PECS bans should reduce the match quality of new hires. Instead,

these papers focus on the complementary questions of how the effect of PECS bans vary by credit

status or proxies for credit status, and whether firms substitute towards alternative signals of

match quality.

Friedberg et al. (2016) use the Survey of Income and Program Participation (SIPP) and

state-level variation in PECS bans to study the impacts of PECS bans on job-seekers who have

had recent trouble paying their bills, which they use as a proxy for poor credit. They find that

PECS bans increase job finding hazards by roughly 25 percent for these individuals, consistent

with PECS bans allowing these individuals to avoid being removed from consideration for jobs

because of bad credit.

Using the Longitudinal Origin Destination Employment Statistics (LODES) and tract-level

variation in average credit scores, Ballance et al. (2017) find evidence consistent with Friedberg

4Although there have been 13 state and local PECS bans, in practice we only study eight; the remaining five
have been enacted too recently to provide sufficient post-ban data to study. See Appendix Section A for more
details.

5Friedberg et al. (2016) and Ballance et al. (2017) briefly also 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 PECS bans reduce employment by 1.9 percentage points for
blacks are quite similar to our range of 0.5 to 1.3 percentage points. See Section 8 for more details on interpreting
our estimates.
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et al. (2016), estimating that employment in tracts with average credit scores below 620 rises

roughly 6 percent after PECS bans are enacted. They then exploit data on the text of job-postings

to investigate whether firms have substituted towards alternative signals of match quality, and

find evidence that firms increased education and experience required in job-postings when they

were unable to rely on credit information.

Cortes et al. (2017) investigate the effect of PECS bans at a more aggregate level - the county

- and find that job vacancies decline in counties with lower average credit scores. Combined with

the findings from Friedberg et al. (2016) and Ballance et al. (2017), these findings suggest that

although for individuals with low credit scores, PECS bans have raised hiring rates, they have

reduced aggregate job-posting. Intriguingly, Cortes et al. (2017) find evidence that PECS bans

feed back into additional financial distress and worsening credit outcomes in counties with low

average credit scores.

Several related literatures have also studied PECS as a screening tool. In organizational psy-

chology, Bernerth et al. (2012) find that higher credit scores are positively correlated with worker

“conscientiousness” and negatively correlated with worker “agreeableness,” whereas Bryan and

Palmer (2012) find no correlation between adverse credit histories and employee appraisal rat-

ings. In management science, Weaver (2015) finds that his imputed values of credit scores are

uncorrelated with match quality.

Three recent studies on the removal of adverse information from credit reports are closely

related to, and complementary to, our own. Bos et al. (forthcoming) study an administrative

change in Sweden that removed bankruptcy and default information from some borrowers’ credit

reports, and find that this change led to higher employment rates for affected individuals. In

two related studies, Herkenhoff et al. (2016) and Dobbie et al. (2017) both study the effect

of the removal of bankruptcy flags on labor market outcomes using labor market data linked

with credit records. Consistent with our findings, they both find that removal of bankruptcy

from credit records has modest effects on flows into employment.6 Both authors also find that

employment rises particularly in retail and services, consistent with survey evidence (Society for

Human Resource Management (2012)) that these types of jobs may be particularly likely to rely

on credit checks during the hiring process. Herkenhoff et al. (2016) also explores transitions

into self-employment, finding that bankruptcy flag removal increases the probability of self-

employment and earnings from self-employment.7

All three of these papers provide important new evidence on the relationship between labor

and credit markets. However, the settings and variation in these papers differ from our own.

The identifying variation in Bos et al. (forthcoming) affected both credit and labor markets, as

it prevented lenders as well as employers from viewing past default information. Their study

6The authors interpret the magnitude of these results differently, with Herkenhoff et al. (2016) viewing the
estimates as sizable and Dobbie et al. (2017) viewing them as small. In practice, the magnitudes they estimate
are similar, with Herkenhoff et al. (2016) finding that removal of bankruptcy flags increases the probability of
transitioning to formal employment by .3 pp (roughly 7 percent), while Dobbie et al. (2017) find that removing
bankruptcy flags reduces the probability of being non-employed by .4 pp, or around 3.6 percent.

7Dobbie et al. (2017) briefly explore the effects of PECS bans on workers who filed for bankruptcy 4-6 years
ago. However, they estimate effects on employment levels, rather than flows out of unemployment, and do not
disaggregate these results by race. More broadly, it’s unclear how much weight employers put on bankruptcy
filings 4-6 years ago, making the results difficult to generalize to the overall population.
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also focused on Swedish pawnshop borrowers who previously defaulted on their loans, which is

both a much 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. (2017) study the removal of bankruptcy flags,

which usually occurs 7 to 10 years after bankruptcy was declared. However, survey research

suggests that only some employers check information as far back as seven years.8 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.

Our results are also related to other research in economics on the relationship between mi-

nority employment and the use of criminal background checks or drug tests: 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 declined for ex-offenders once criminal records became widely available online. Sim-

ilarly, Wozniak (2015) finds that restrictions on drug testing during employment screening are

associated with reduced black employment.9

More recently, a similar movement to the one that has led to PECS bans has resulted in a

number of cities and states restricting the use of criminal record checks during the hiring process

for private-sector firms. These “Ban-The Box” (BTB) policies have been passed in a number

of states and large cities. Using a clever resume-audit design to measure discrimination and a

difference-in-differences strategy exploiting New Jersey and New York’s BTB policies, Agan and

Starr (2016) find that BTB increases job application callback rates among blacks with criminal

records, but decreases them substantially among blacks without criminal records. On net, the

BTB policies hurt the average callback rates of blacks, with the primary beneficiary of the policies

being whites with criminal records.

Doleac and Hansen (2017) confirm that the differences in callback rates found in Agan and

Starr (2016) have translated into changes in actual hiring, finding that BTB policies reduce

employment by 3.4 percentage points for low-skilled black men. Using the Longitudinal Origin

Destination Employment Series (LODES), Shoag and Beuger (2016) reach somewhat contradic-

tory findings, finding that employment actual rose by 4% for residents of neighborhoods with

high crime-rates. Broadly, estimates of the effect of restrictions on the use of criminal records and

drug-testing parallel our own result that PECS bans have negative labor market consequences

for blacks despite their low average credit scores.

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)). While this literature has focused on credit markets per se, work is increasingly needed

on non-credit markets where the use of credit report data is common, including labor markets,

apartment rental markets, utilities, and cable/telecom contracts.

8In the Society for Human Resource Management (2012) report, roughly 25% of firms say they look at infor-
mation from 7 years ago or later.

9Wozniak (2015) notes two important facts: (1) the prevalence of illegal drug use is broadly similar among
blacks and whites, and (2), nevertheless, a literature in sociology and economics finds that drug use is commonly
perceived to be more prevalent among blacks.
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3 Background and Institutions

In this section, we discuss the usage of credit information in the hiring process, outline the policy

concerns with this practice, and detail the bans that several state and local governments have

enacted in response.

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

60% of firms used PECS to screen job applicants in 2010; roughly a quarter of these firms used

PECS for all job applicants (Society for Human Resource Management (2012)). For over half of

these firms, the primary reason for using PECS was to prevent theft, and correspondingly these

firms report using PECS for nearly all jobs (91%) that involve handling cash or other fiduciary

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

PECS also has a non-trivial effect on hiring decisions. Household survey evidence suggests

that 10% of low- and middle-income10 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

PECS-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 of the use of PECS have typically been motivated by two concerns. First, PECS

is seen as having an inequitable effect on traditionally disadvantaged job applicants. US Sen.

Elizabeth Warren, for example, has claimed that “credit reports in the hiring process are dispro-

portionately used to disqualify people of color from open positions” (Office of Senator Elizabeth

Warren (2013)). The EEOC has pursued a series of PECS-related Civil Rights Act suits against

employers, asserting that PECS “tend[s] to impact more adversely on females and minorities”

(Crawford (2010)). Second, PECS is seen as contributing to labor market hysteresis, as PECS

may increase the persistence of unemployment shocks for individuals with poor credit histories.

On net, this policy debate has seen thirteen new PECS 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 PECS ban, in April 2007. Hawaii,

Oregon and Illinois then followed suit in 2009-2010 and were joined by Maryland, Connecticut,

California, Vermont, Colorado and Nevada in 2011-2013. Delaware restricted PECS for public

employers in 2014. Chicago enacted city-level restrictions on PECS in 2012 to eliminate some

of the exemptions in Illinois’s ban, and New York City joined Chicago in mid-2015, enacting

what is arguably the US’s strongest PECS ban. Table 1 lists all states and large cities that have

enacted PECS bans, along with the dates the 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

10The survey defined middle-income as up to 120% of county-level median income.
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or categories such as law enforcement, gaming, space research, banking, or insurance.11,12 In

Table 2 we summarize the full breadth of this heterogeneity in PECS bans’ exemptions. We

collected this heterogeneity by referring to statute texts, various state agencies’ interpretations

of statutory terms such as “banking activities,” and guidance from human-resources law firm

Littler Mendelson that summarizes relevant case law (Gordon and Kauffman (2010), Rubin and

Nelson (2010), Rubin and Kim (2010), Fliegel and Mora (2011), Fliegel and Simmons (2011),

Fliegel et al. (2011), Fliegel and Mora (2012), Fliegel et al. (2013)). To use these exemptions

empirically, 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 5

below.

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

jobs ever covered by a PECS ban, we estimate that 48.8% are granted exemptions from a PECS

ban in at least one state.13 And among states that enact PECS bans, we find that the share of

workers actually covered by a ban ranges from 41.5%, in Connecticut, to 79.7%, in Hawaii.

4 Conceptual Framework

In this section we develop a framework for understanding PECS’s possible effects on minority

labor market outcomes14. We develop a statistical discrimination model that builds on Phelps

(1972) and especially on Autor and Scarborough (2008), and we illustrate in the model how

PECS’s effects on minority labor market outcomes can be positive even if minorities’ credit

reports are on average less favorable than non-minorities’.15 The key mechanism in the model

is that PECS may send, moreso for minorities than for non-minorities, a high-precision signal

relative to the precision of other available screening tools (such as interviews). Intuitively, if

employers have trouble screening minority job applicants, then it can be difficult for minority

applicants to send strong enough positive signals to stand out from the rest of the applicant pool;

11The 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 PECS bans’ exemptions.

12Evidence is consistent with at least a large share of firms complying with the bans. For example, Ballance
et al. (2017) find, using Equifax credit 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)).

13To compute this statistic, we weight by the number of workers employed in each job; the corresponding
unweighted statistic is 40.1%.

14This model does not incorporate ideas related to hystersis. This is an important topic for future work
15Discrimination models are generally divisible into statistical discrimination models and taste-based discrimi-

nation models, as reviewed in Bertrand and Mullainathan (2004). It may be compelling to develop a taste-based
rather than statistical model of discrimination through PECS, but such a model is difficult to reconcile with our
empirical results.
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the availability of additional screening tools such as PECS can help counteract this effect.

Formally we follow Autor and Scarborough (2008) and suppose employers screen job appli-

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

Continuing to follow Autor and Scarborough (2008), we suppose that in the absence of PECS,

employers’ available screening technologies send noisy and unbiased signals η = y+ ε of each job

applicant’s match quality, distributed as

ηr|yr ∼ N

(
yr,

1

hrε

)
(4.1)

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

inverse conditional variance of the signal ηr. By Bayes’ rule, firms assess the match quality of a

given applicant, who is from group r and who has signal η, to be distributed as

µ1(η, r) ∼ N

(
hr0µ

r
0 + hrεη

hr0 + hrε
,

1

hr0 + hrε

)
(4.2)

and so the unconditional distribution of such posteriors µ1 (i.e. integrating over the distribution

of η) is

µ1(r) ∼ N

(
µr0,

hrε
hr0 (hr0 + hrε)

)
(4.3)

Now suppose firms additionally use PECS as a screening technology. We suppose PECS

sends a noisy unbiased signal s = y + u, where the noise u is independent of other screening

technologies’ noise ε, and is normally distributed with inverse variance hrs.
16 The unconditional

distribution of firms’ revised posteriors µ2 (i.e. integrating over both signals η and s) is therefore,

µ2(r) ∼ N

(
µr0,

hrε + hrs
hr0 (hr0 + hrε + hrs)

)
(4.4)

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

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 r, given the

distributions of posteriors that arise from a given set of screening tools. As we define formally

16Corbae and Glover (2017) presents a related model that microfounds the correlation between credit reports
and match quality by assuming that individuals with low wealth and credit constraints are less likely to invest
in education and more likely to have poor credit reports. If firms cannot perfectly observe education, this will
lead firms to use credit reports as a proxy for education. Corbae and Glover (2017) then embeds this idea into
an equilibrium search framework. They abstract from the issues of race that we focus on here.
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below, we refer to the share of race r’s posteriors above κ as a hiring rate for race r.

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

unambiguously makes the tails of the distribution of posteriors thicker,17 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 race r can either rise or fall in response to the introduction of PECS.

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 PECS and by

non-PECS screening technologies: hBs 6= hWs and hBε 6= hWε . This stands in contrast to Autor

and Scarborough (2008), who focus on differences in means µ0. Meanwhile our emphasis on

differences in signal precision follows in the vein of Phelps (1972), who illustrated how screening

precision can affect hiring outcomes.18 Results available upon request show that our findings are

robust to the more general case where µB0 6= µW0 and hB0 6= hW0 .

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
W (4.5)

λW = 1− Φ

 κ− µ0((
hWη + hWs

)/(
h0
(
h0 + hWη + hWs

)))1/2

 (4.6)

λB = 1− Φ

 κ− µ0((
hBη + hBs

)/(
h0
(
h0 + hBη + hBs

)))1/2

 (4.7)

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

immediately from 4.4 and from firms’ cutoff strategies in κ.

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

we replace the noise of the PECS signal hWs with the term thWs in expressions 4.6 and 4.7 above.

The case of a complete PECS ban corresponds to t = 0, and the case where PECS is available

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

values of t,

dλB

dt
=
∂λB

∂t
+
∂λB

∂κ

∂κ

∂t
(4.8)

17That 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 4.3 and 4.4.

18See especially Phelps (1972)’s Case II and its extension.
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Applying the implicit function theorem to 4.5 yields,

dλB

dt
=
∂λB

∂t
+
∂λB

∂κ

[
−∂λW

∂t
−mB ∂λB

∂t
∂λW

∂κ
+mB ∂λB

∂κ

]
(4.9)

By introducing a common denominator ∂λW

∂κ
+ mB ∂λB

∂κ
which we note to be negative, we

conclude

sign

(
dλB

dt

)
= −sign

(
∂λB

∂t

∂λW

∂κ
− ∂λB

∂κ

∂λW

∂t

)
(4.10)

After differentiation and some manipulation, this expression can be evaluated at t = 0 to

show,

dλB

dt
> 0 ⇐⇒ hBs

hWs
>
hBε
hWε

(
h0 + hBε
h0 + hWε

)
(4.11)

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

only if PECS sends relatively high-information signals for minorities. Importantly, minorities do

not need PECS to send more precise signals in absolute terms; rather the ratio of PECS’ precision

for minorities relative to non-minorities, hBs /h
W
s , must be greater than the corresponding ratio

of precisions for non-PECS screening tools, hBε /h
W
ε , times a scalar. (Note also that this scalar

can readily be interpreted as the ratio of the precision of conditional posteriors in the absence of

PECS, as in Equation 4.2.)

Figure 1 illustrate this result graphically. In Figure 1 Panel A, we show equilibrium hiring

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

screening technology and therefore less diffuse posteriors than another group, labeled “green.”

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

Figure 1 Panel B then illustrates how posterior beliefs of applicants’ match qualities shift after

the introduction of PECS, in the case where PECS sends more precise signals for the previously

disadvantaged blue group. Finally, Figure 1 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 PECS,

and how this shift affects hiring rates for each group.

Intuitively, the mechanism illustrated in Figure 1 Panel B illustrates the effect of the term
∂λB

∂t
in Equation 4.8, while the mechanism illustrated in Figure 1 Panel C illustrates the term

∂λB

∂κ
∂κ
∂t

. In the simplified case illustrated graphically, we see that the group for which PECS sends

relatively precise signals is indeed the group that benefits from the introduction of PECS.

We now turn to our empirical work to study these effects of PECS in practice, beginning with

an introduction to our two datasets.
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5 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, 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 and are currently in beta release. We discuss additional details in Appendix A.

5.1 CPS

We use the panel dimension of the 2003-2015 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.19 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. Finally, in order to have more clearly interpretable flow estimates, we remove

individuals on temporary layoff from the population we refer to as “unemployed” (Katz and

Meyer (1990)).

When measuring an individual’s race, we make the ad hoc classification choice that multi-

racial individuals are “black” whenever they identify partly as black, and otherwise are “His-

panic” whenever they identify as Hispanic. We group all other race groups into a non-minority

category that we refer to as “white.” Thus we reach three mutually exclusive, collectively ex-

haustive categories which we refer to together as “race.”

Table 3 presents summary statistics for the CPS data. Columns (1) and (2) respectively show

statistics for states that do and do not ban PECS. Columns (3) and (4) then focus on states with

PECS bans, and respectively show statistics for jobs covered by and exempted by 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 and labor force

participation rates are broadly similar within race across states, although employment rates are

19More 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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slightly higher in states without PECS bans. For both blacks and whites, wages are also higher

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

Whereas states with PECS bans have higher average wages and more high-education workers,

these states tend to target PECS bans at relatively low-wage and low-education jobs. We see in

columns (3) and (4) that blacks, for example, earn roughly 37% higher wages in jobs exempted

from PECS bans, and are twice as likely to hold a college degree when working in exempted

jobs. This reflects the patterns seen previously in Table 2, where PECS exemptions generally

are granted for white-collar jobs such as jobs in management and finance.

Finally, in Table 4 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, invol-

untary 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 7.

5.2 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 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

states and Washington, DC.20 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.21

20Note that although the LEHD compiles data from all 51 states, all states are not yet included in the LEHD
J2J data. Data from Massachusetts and Kansas are excluded, which causes data for several other states to be
suppressed in cases where there are high migration rates to or from Massachusetts or Kansas. This leads to the
exclusion of Missouri, Connecticut, Rhode Island, Maine, New Hampshire, and Vermont. 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.

21These 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 6 for more discussion
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The Census releases the LEHD J2J data separately by worker race categories. The census

generates these race data by merging the Unemployment Insurance data using Social Security

Numbers (SSNs) with the Decennial Census short form, which contains detailed race informa-

tion, and the Social Security Administration (SSA) Personal Characteristics File (PCF), which

contains more limited information on race.22 Roughly 95% of observations in the LEHD J2J are

matched to either the Census short form or the SSA PCF file. Race is imputed for the remaining

5% of observations (Abowd and McKinney (2009)). Following our procedure in the CPS data,

we then aggregate race 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.

Table 5 reports summary statistics on separation rates and adjacent-quarter job-finding in

the LEHD J2J between the first quarter of 2005 and the second quarter of 2014 (the years for

which we have data from all states). Columns (1) and (2) report averages for states that have

not banned and have banned PECS 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.

A few features of Table 5 are notable. Starting with Panel A, notice that separation rates are

fairly high: between 6 and 10 percent of workers separate from their employer and do not have

new employment at the start of the subsequent quarter. Separation rates are also around forty

to fifty percent higher for blacks and Hispanics than they are for whites. Conversely, in Panel B

we see that adjacent-quarter job-finding rates are quite similar for different racial groups, with

blacks, whites, and Hispanics all having job finding rates between .216 and .238, depending on

the state category. Comparing columns, we see that states that ban PECS have lower separation

rates and job-finding rates for all racial groups, but the differences are small in magnitude.

5.3 Encoding Job-Level Variation

As we introduced in Section 3 and Table 2, PECS bans typically include a substantial number

of job-specific exemptions. Our goal is to use this rich, job-level variation to complement our

baseline state-level analyses. To do so, we first need to 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.23 We then encode each of these occupa-

tions and industries as either covered by, or exempted from, each PECS ban, based on the legal

sources detailed in Section 3 and, when necessary, our judgment.24 Finally, consistent with the

of how we account for duration dependence in the CPS data.
22Most importantly, the PCF does not contain information on Hispanic origin.
23These 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.”

24In some cases the correct encoding of industries’ and occupations’ exempt status is clear. For example, we
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PECS ban statutes, we code a job as exempt whenever either its industry or occupation is coded

as exempt.

We next use this classification of jobs’ exempt status to measure individuals’ exposure to

PECS bans. For employed individuals this is straightforward: in a PECS-ban state after the

enactment of a ban, an individual is exposed to the ban whenever his current job is not exempt.

For unemployed individuals, we develop two measures of exposure to PECS bans, both based

on an individual’s most recent job. Our first measure, which we refer to as “past job” exposure,

simply supposes an individual is exposed to a ban whenever his most recent job is not exempted

by that ban. The limitation of this measure is that many job-seekers search for jobs in occupations

and industries other than those of their most recent job. Therefore 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 PECS bans, and then using our ban-specific measures

of jobs’ exempt status.25

For all three of these measures of individuals’ exposure to PECS 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 PECS 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 25.

6 Empirical Strategy

In this section, we discuss the variation we exploit to study the effect of PECS 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 PECS 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

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

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 ambiguous, 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 PECS bans’ effects will be biased toward finding no effect (i.e., attenuation bias),
as we discuss more in Section 6 below.

25To describe our “expected job” exposure more formally, let ts be a vector of job-specific treatment dummies
indicating which jobs are treated by a PECS 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 Markov matrix Π, and pre-multiply ts by Π to obtain a state-specific vector of job 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 30.
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Given our focus on how PECS bans affect minority labor market outcomes, we also allow all of

our estimates of PECS bans’ effects to vary by race.

We next discuss in detail how this empirical strategy can be used to study our main out-

come of interest, job-finding rates. Because job-finding rates are well known to exhibit duration

dependence, we formally estimate a hazard model of job-finding. We show how a discrete-

time, semi-parametric proportional hazards model can be used tractably in conjunction with our

difference-in-differences strategy. Finally, we develop an estimator for this model on each of our

two datasets.

6.1 State-level Variation

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

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 PECS ban, and Ps(i),t be an indicator for whether a state had implemented

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

labor market outcomes:

yit = αs(i) + γt + δDs(i) × Ps(i),t + εit (6.1)

The parameter of interest in Equation 6.1, δ, will identify the causal effect of PECS on outcome

yit under the assumption that states enacting PECS bans would have had, in the absence of a

PECS ban, parallel trends in yit relative to states not enacting PECS bans.

Given the policy concerns about PECS’ disparate impacts on minorities we are interested

in whether PECS differentially affects different racial groups. To capture these heterogeneous

effects of PECS, we fully interact all of the right-hand-side variables in Equation 6.1 with race26

categories, 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 (6.2)

Equation 6.2 is equivalent to running Equation 6.1 separately by race.27 The parameters of

interest, the race specific interactions δr, will identify the causal effect of PECS on labor market

outcomes for each race r under the slightly weaker identifying assumption that different races

would have had, in the absence of a PECS ban, similar trends in states enacting PECS bans as

in states not enacting PECS bans.

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

26Recall from Section 5 that we defined three mutually exclusive and collectively exhaustive race categories,
R = {white,black,Hispanic}.

27In practice, as we discuss below, we cluster our standard errors at the state level, meaning that our variance-
covariance matrix differs from running Equation 6.1 separately by race.
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6.2, 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 (6.3)

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

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

r 6=W ). Equation

6.3 will identify the causal effect of PECS bans on the relative outcomes of blacks or Hispanics

(compared to whites) under the assumption that PECS-ban states and non-ban states would

have had, in the absence of a PECS ban, the same trends in the difference between blacks’ and

whites’ (or between Hispanics’ and whites’) labor market outcomes. It is important to keep

in mind that Equation 6.3 only identifies the effect of PECS on blacks or Hispanics relative to

whites. To interpret the triple-difference estimates as the total effect of PECS on minority job

finding, one needs to add the additional assumption that PECS does not impact the job-finding

hazard for whites.

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 PECS is banned in state s and define

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

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

specification corresponding to Equation 6.2 is:

yit = αs(i),r(i) + γt,r(i) +
∑
k

∑
r

δkr1r=r(i) ×Ds(i) × 1κst=k + εit (6.4)

6.2 Job-level Variation

The specifications in Section 6.1 above do not exploit the substantial job-level variation available

in different states’ PECS bans.

To leverage this job-level variation we use the treatment measure T lj(i),s(i), as we constructed

in Section 5.3. Recall that T lj(i),s(i) is a measure of how state s’s PECS ban covers an individual i

with job j, where we use the notation l ∈ {C,P,E} to stand for a PECS ban’s coverage of either

a current job (C), past job (P), or expected job (E).28 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 (6.5)

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

within PECS-ban states and all jobs in non-PECS-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,

28See Section 5.3 for more details.

17



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

PECS ban in any given state at any given time.29 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.30

As in Section 6.1 above, we are interested in how PECS bans differentially impact different

racial groups. Consequently, in practice we interact Equation 6.5 with a full set of race 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 (6.6)

Like before, interacting all regressors with race yields the same coefficient estimates as separately

estimating the effect of PECS by race, and so our identifying assumption only needs to hold

separately for each race. Specifically, for example, estimating the parameter δB in Equation 6.6

requires that outcomes for blacks in treated jobs are on parallel trends to outcomes for blacks in

untreated jobs (both within PECS states and in other states).

As in Section 6.1 above, we also estimate event-time versions of our job-level specifications

to determine the validity of our parallel trends assumptions, and explore the path of treatment

effects over time.

6.3 Duration Dependence

Our main outcome of interest is job-finding, i.e., how PECS 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 PECS 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)

)
(6.7)

29In set-theoretic terms, that is to say our set of job groups is the meet of the job partitions generated by the
PECS bans we study.

30For clarity, we emphasize that this also is true of the j(i) notation used in our estimation of the transition
probabilities that determine TE

j(i),s(i); see also footnote 25.
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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

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. Formally, λdi,t(τ) is defined as:

λdi,t(τ) =

exp

(∫ τ
0
λi,t(s)ds

)
− exp

(∫ τ−1
0

λi,t(s)ds

)
1− exp

(∫ τ−1
0

λi,t(s)ds

) (6.8)

Following Han and Hausman (1990) and Meyer (1990), we can work from the definitions in 6.7

and 6.8 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) (6.9)

ατ = ln

∫ τ

τ−1
λ0(s)ds (6.10)

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

fications described in Sections 6.1 and 6.2, we can then rely on our earlier identifying assumptions

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

difference model in Equation 6.2 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) (6.11)

+
∑
r

δr1r=r(i) ×Ds(i) × Ps(i),t

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

sumption of parallel trends between PECS-ban states and non-PECS-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 6.9 that this assumption is equivalent to the (arguably more inter-

pretable) 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-difference hazard model specifications,

analogous to Equation 6.4. For example, the event-time version of Equation 6.11 is,

ln(− ln(1− λdi,t(τ))) = ατ + αs(i),r(i) + γt,r(i) +X ′iβx,r(i) (6.12)

+
∑
k

∑
r

δkr1r=r(i) ×Ds(i) × Ps(i),t × 1κst=k
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The interpretation of exponentiated event-time coefficients δkr is then as event-time-specific haz-

ard ratios; for example, exp(δkr ) is the multiplicative effect of a PECS ban for race r in the kth

period after the implementation of a ban.

When it comes to estimation, we take two approaches depending on the aggregation level

of our data. For individual-level data like the CPS, the parameters of Equation 6.11 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 6.11. As we detail in the next subsection, care needs to be taken with

how this OLS estimator behaves in finite samples.

6.4 Hazard Model Estimation on Aggregate Data

We consider the problem of how to estimate the parameters of discrete-time hazard models such

as Equation 6.11 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 race 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

6.9. 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 variable’s limit to the function of the random

variables limit, we can consistently estimate models such as Equation 6.11 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 6.11, 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 variable31:

ε = E
[

ln(− ln(1− b))
]
− λds,r,t(τ) (6.13)

b ∼ Bin(Ns,r,t(τ), λds,r,t(τ)) (6.14)

We find that ε is less than 0.1% of λds,r,t(τ) when Ns,r,t(τ) > 500. So in practice when we

estimate the parameters of models such as Equation 6.11 on the LEHD J2J, we exclude states

in which any race 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 5.2, 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

31Where 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)).

7 Results

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

on the two outcomes highlighted by the model in Section 4: job-finding rates and match quality

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

analyses we also explore the validity of our identifying assumptions, and we probe the robustness

of our results to relaxations of these identifying assumptions.

7.1 Job-Finding Rates

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

rates. This question has the advantage of focusing on the most direct mechanism by which PECS

affects labor market outcomes: as a screen for job applicants. This question has also been central

in PECS-related policy debates.

As a first pass at this question, we estimate our basic proportional hazards model of job-

finding described in Equation 6.11, using CPS data. Recall that our coefficients of interest in

this specification are the race-specific treatment effects δr. Because this specification uses state-

time variation, these coefficients capture the difference in differences in log hazard rates for race

r in PECS-ban states relative to race r in non-ban states. As a concrete example, an estimate of

δr = 0.01 would indicate that race r’s job-finding hazards are higher by a factor of one log point

in PECS-ban states after the implementation of a PECS ban, relative to any contemporaneous

change in race r’s job-finding hazards in non-ban states.

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. Specifically, we plot estimates

of δkr from estimating Equation 6.12, the event-time version of Equation 6.11, for years k =

−3,−2, . . . 2, 3.32 These estimates are shown in Figure 2. Note that the omitted event time is

k = 0, so all estimates are relative to the 12 months immediately prior to the implementation of

a PECS ban.

Panel A of the figure shows estimates of δkr for blacks (r = B). We see that black job-finding

hazards in PECS-ban states are on parallel trends with non-ban states in the three years prior

to implementing PECS bans, as indicated by δkB estimates close to zero for k ≤ 0. This helps

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

the implementation of a PECS ban, black job-finding hazards fall by 13 log points, and fall by

an additional 7 log points in the second year after a PECS ban’s implementation (for a total

of 20 log points). Black job-finding hazards remain 21 log points lower in the third year after

implementation. These event-time estimates help illustrate what generates the main coefficient

32Note that while our CPS data are at the monthly level, we aggregate CPS event time to the yearly level to
improve precision. Concretely, for example, the dummy for k = 1 absorbs the 12 months immediately after the
implementation of a PECS ban (inclusive of the month of implementation).
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of interest for blacks, δB, in our baseline hazard model in Equation 6.11: δB will be equal to a

weighted average of δkB for k > 0 minus a weighted average of δkB for k ≤ 0.33

Panels B and C of Figure 2 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 PECS bans, albeit with perhaps a slight negative pre-trend for whites. On net we see little

evidence of an effect in the three post-years for these groups. However, these estimates are some-

what imprecise, and especially for Hispanics we are unable to reject large positive or moderately

negative effects. Indeed, for both Hispanics and whites the statistically significant uptick in job-

finding in the first year after PECS bans’ implementation may indicate an initial positive effect

for these groups that later dissipates.

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

Table 6 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

2. 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 Census division (to

capture possible seasonal effects).34

As expected given the patterns in Figure 2, Table 6’s estimate for blacks in column (1) is

roughly −16 log points. This estimate is essentially unchanged after adding covariates in column

(2). And while the 95% confidence interval for this estimate is somewhat wide, we reject a null

of no effect of PECS bans for blacks.

Our estimated effects for Hispanics and whites are smaller and statistically indistinguishable

from zero, as expected given the patterns in the event-time plots. Our standard errors for whites

are smaller than for Hispanics, in part reflecting the larger sample sizes available, and for whites

we can reject a positive effect on job-finding of 5 log points or more.35

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

to estimate the effects of PECS bans on job-finding. This primarily serves as a validation of

our state-level results: if the effects we documented in Table 6 are indeed attributable to PECS

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 6.9 to use our measures

T lj(i),s(i) of job-specific exposure to PECS bans, as defined in Section 5.3. Accordingly, when we

substitute for Equation 6.9’s generic fixed effects Wi, we use the job-level fixed effects developed

in our baseline job-level difference-in-difference specification, Equation 6.6. Results for estimating

several versions of this specification are shown in Table 7, while corresponding event-time plots

are shown in Figure 3.

The first two columns of Table 7 report our estimates when we use our expected-job exposure

measure, TEj(i),s(i). These two columns respectively exclude and then include individual-level

33These weights are approximately all equal, but the weights vary slightly with relative changes in PECS-ban
states’ black populations across years.

34Specifically, 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.

35We note, however, that our estimates in our later analysis using job-level variation are noisier, and do not
allow us to similarly reject a a positive effect on job-finding of 5 log points or more; see Table 7.
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covariates Xi. The next two columns then repeat this analysis using our past-job exposure

measure, T Pj(i),s(i). Estimates for blacks are larger than our state-level estimates from Table 6,

indicating that the patterns observed in our state-level analysis are indeed driven by jobs covered

by PECS bans. Indeed, if one scales up the point-estimates from our state-level analysis Table

6 by the share of unemployed blacks who previously worked in covered jobs in PECS ban states

(as reported in the summary statistics in Table 3), the resulting estimate is .238, not far from

our job-level estimate of .209 in Column (1) of 7. This similarity provides strong evidence that

our results are driven by individual exposure to PECS bans rather than alternative explanations.

Event-time plots corresponding to column (1) of Table 7 are shown in Figure 3. Estimates

for blacks are shown in Panel A and are remarkably similar to those in Figure 2: little or no

apparent pre-trend, and a persistent drop in job-finding hazards of about 20 log points after the

enactment of a PECS ban. The plots for Hispanics and whites in Panels B and C are also similar

to those shown previously in Figure 2.

On net, we view our job-level results as corroboration that our earlier state-level results are

attributable to PECS bans.

7.2 Job Separation Rates

In this section, we explore how a PECS ban affects newly hired workers’ rates of subsequent

involuntary separation, which is a readily available measure of new hires’ match quality. The

answer to this question provides information about how PECS is used as screening tool, and can

shed light on some possible efficiency gains or costs from the use of PECS. The effect of PECS

on new-hire match quality has also played a central role in policy debates about PECS.

Our dependent variable throughout this section is an indicator for any subsequent involuntary

separation after being newly hired.36 Given the rotating-panel structure of our CPS data (as

discussed in Section 5.1), 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, at the point of hire. Accordingly our em-

pirical 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 6.2. Figure 4 reports event-time versions of

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

separation rates for new hires fluctuated prior to the enactment of PECS bans, but were on a

downward trend in the two years immediately preceding the ban. Black separation rates then

increase immediately after PECS bans go into effect, although this increase is eroded by a decline

in the third year.

The increase in black new hires’ separation rates stands in contrast to the patterns seen for

Hispanics and whites in Panels B and C of the figure. Unlike black new hires, Hispanic new hires

36This choice may be particularly apt in the case of PECS, as PECS is 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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exhibit a strong negative pre-trend, which makes the near-zero point estimates in post years

somewhat difficult to interpret. As we discuss below in section 7.3, we explore possible strategies

to control for this pre-trend, although we ultimately find that a PECS ban’s effect on Hispanic

new hires’ match quality is inconclusive.

Meanwhile we see a slight but precisely estimated decrease in white new hires’ separation

rates in Panel C: after exhibiting parallel trends in pre-years, separation rates fall by roughly

1 percentage point in the first two years after a PECS ban’s implementation, and then by 4

percentage points in the third year.

The first column of Table 8 reports estimates of Equation 6.2 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 separation rates for white new hires. Given the evidence

seen in Figure 4 of strong pre-trends for Hispanics, we defer our interpretation of the point

estimates for Hispanics until we later control for pre-trends more explicitly. Column (2) shows

that adding our standard, individual-level covariates Xi has little impact on the results.

In Columns (3) and (4) 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’ PECS bans. We

estimate our baseline job-level difference-in-difference model, Equation 6.6, 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 separation rates, which rises from 2.7 percentage points in Columns (1) and (2)

to 4.1 percentage points in Columns (3) and (4). However, also note that the use of job-level

variation leads to little quantitative change in the estimated coefficients for whites and Hispanics.

We revisit this fact later in this section.

One potential concern with the results in Table 8 is that we could spuriously estimate a large

effect of PECS bans if these bans coincide by chance with other labor market disruptions. To

address this concern, we re-estimate the four separation regressions from Table 8 on a placebo

sample: long-tenure employees rather than new hires. Unfortunately 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 PECS ban was in effect, but

arguably is equally exposed to broader labor-market disruptions, such as plant closings and

sectoral change.

Table 9 reports results of these placebo regressions. These results do not suggest that simul-

taneous labor market shocks are biasing our results for blacks, as none of the black estimates in

the placebo sample is statistically significant at even the 10 percent level, and all estimates for

blacks have a different sign than before. However, note that our placebo results for Hispanics

and whites are qualitatively similar to our results on the new-hires sample. The Hispanic and

white placebo results are also comparable in magnitude to results in the new-hires sample, when

considered relative to the mean of the dependent variable in each sample (see Table 4).

We thus have two reasons for confidence in our results that PECS have decreased new black

hires’ match quality, and also two reasons for caution in our corresponding estimates for Hispanics
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and whites. First, for blacks the estimated effect on new hires’ separation rates in Table 8 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 PECS bans. However, as we noted,

the same is not true of Hispanics and whites. Second, these effects for blacks do not appear

in a placebo sample of long-tenure employees, while they do appear in the placebo sample for

Hispanics and whites. We conclude that the job-separation patterns documented for Hispanics

and whites are not necessarily attributable to PECS bans. In principle, it is possible that the

effect seen for all white workers, regardless of tenure or job exemption status, is an indirect,

equilibrium outcome resulting from PECS’ direct effects on blacks, but such general equilibrium

analyses are not our focus in this paper, nor is our empirical strategy well suited to investigate

them.

7.3 Robustness

We now revisit our earlier job-finding and job-separation results and explore their robustness

to other identifying assumptions, more demanding specifications, and in the case of job-finding,

estimation on a supplementary dataset built from administrative data.

We begin by studying job-finding in our supplementary dataset, the LEHD J2J data de-

scribed earlier in Section 5.2. Although the LEHD J2J does not provide the rich individual-level

demographics or information on spell length as 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 Sec-

tion 6.4, 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-time level.

Figure 5 reports estimates from event-time versions of Equation 6.12 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.37 Unlike

Figure 2, where we showed analogous event-time plots for our CPS data, all three panels in

Figure 5 suggest the existence of downward relative trends in PECS states prior to PECS bans’

implementation. After PECS bans went into effect, we see that the decline in black job-finding

rates accelerated, whereas job-finding rates for both Hispanics and whites rise for a period and

then fall slightly.

The existence of a downward trend in black job-finding rates in the LEHD J2J, but no trend

in the CPS, is somewhat puzzling. One possibility is that, because the LEHD J2J includes some

individuals who made job to job transitions not via unemployment, but voluntarily took time

off from work between jobs, the downward trend for the LEHD J2J could be driven by these

on-the-job switchers. These individuals are not ever counted as unemployed in our CPS analysis.

The divergent pre-trends in states enacting PECS bans in the LEHD J2J data suggest that

we explore the robustness of these results to alternative identifying assumptions. To begin, Table

10, Column (1) shows coefficient estimates that correspond to the LEHD J2J event-time plots in

Figure 5. Column (2) adds controls for linear trends at the state-race level to explore sensitivity

to the baseline difference-in-difference estimator’s parallel trends assumption. Column (3) adds

37This plug-in estimator was described in more detail in Section 6.4.
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state-time fixed effects to Column (1), creating a more-demanding triple-difference estimator as

in Equation 6.3. Finally, Column (4) adds state-race linear trends to Column (3). Recall that

the triple-difference estimator estimates the effect of PECS bans on the difference between black

and white (or between Hispanic and white) job-finding rates. These triple-difference specifica-

tions 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 PECS in the absence of PECS bans.38

The results in Column (2) of the table change markedly, all becoming more positive and

less precise relative to the estimates in Column (1). This is to be expected, given the large

pre-trends for all three races apparent in the LEHD J2J figures. 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 −4.4 log-points, although this estimate is

imprecise. Finally, when we add state-race linear trends in Column (4), we see little change in

the point-estimates for blacks relative to Column (3), while the Hispanic estimate increases in

magnitude. This suggests the presence of small or no pre-trends in Column (3) for blacks, but

possible pre-trends for Hispanics.

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 Figure 6. Looking at Panel A, which shows the evolution of black job-finding

hazards compared to white-job finding hazards in PECS-ban states compared to non-ban states,

we confirm there was little discernible trend prior to PECS bans’ implementation. After PECS

bans are introduced, black job-finding rates steadily decline relative to white job-finding rates.

Turning to Panel B, we see that there may be a slight downward trend in job-finding rates for

Hispanics that accelerates slightly after PECS bans were introduced. This explains the sensitivity

of the estimates for Hispanics in Table 10 to the inclusion of state-race linear trends.

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

have a significant negative effect on job-finding rates for blacks. Three of the four estimates of

the effect of PECS on black job-finding in the LEHD J2J are negative and economically large,

although they are consistently smaller in magnitude than our baseline estimates from the CPS,

varying from one-half to one-third of our CPS estimates. Furthermore, the most demanding

specifications in Column (4) are both economically large and precisely estimated. However,

these results also illustrate the continuing difficulty of estimating the effect of PECS bans on

Hispanics. Because our estimates for Hispanics are volatile across specifications and datasets,

we conclude that the effect of PECS bans on Hispanic labor market outcomes should be left for

later work, in different data or with a different identification strategy.

For completeness, we also replicate the four columns of our LEHD J2J robustness table in

our CPS data. These results are shown in Table 11. Column (1) repeats our baseline analysis of

CPS job-finding from Column (1) of Table 6. Column (2) then adds, as our LEHD J2J results,

state-race linear trends to our baseline CPS specification in Equation 6.11. We see that adding

38We re-emphasize that these estimates only estimate the impact of PECS on blacks or Hispanics relative to
the impact for whites. Only under the further restriction that PECS not impact job-finding rates for whites do
these estimates represent the total impact of PECS for blacks or Hispanics.
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state-race linear trends leaves the point estimate of the effect of PECS on job-finding unchanged,

although it does substantially increase the standard errors. The estimate for Hispanics increases

slightly, while the estimate for whites increases notably. Moving to Column (3), where we add

state-time fixed effects Column (1), turning the specification into a triple-difference estimator,

we see that the estimated effect of PECS on blacks is reduced and made noisier, but is still

economically large. The estimated effect for Hispanics is indistinguishable from the estimate in

Column (1). Figure 7 reports the event studies corresponding to Column (3), showing relatively

little pre-trend for blacks and a steady decline in job-finding rates after PECS bans go into effect.

Conversely, Hispanic job-finding rates jump up in the first two years after a PECS ban goes into

effect, but then decline to around their previous levels. Finally, in Column (4) we add state-race

specific linear trends to the triple-difference specification in Column (3). This change roughly

triples the estimated effect for blacks to over 35 log-points, while the estimate for Hispanics is

now near 0. 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.

Finally, in Table 12 we perform the same robustness analysis for the effect of PECS on

separation rates for new hires. This analysis is particularly important in light of the pre-trends

evident for blacks and Hispanics in Figure 4. Beginning with Column (2), we see that adding

state-race linear trends nearly doubles the magnitude of the point estimates for blacks (although

it remains imprecisely estimated), 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 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 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 Figure 8. Overall, Table 12 confirms our finding that PECS bans are associated

with increases in separation rates for black new hires, while casting doubt on any relationship

between PECS 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 7.2.

8 Discussion

We have documented that PECS bans were associated with a marked decrease in job-finding

hazards for blacks, and also a decrease in black new hires’ match quality as measured by sub-

sequent separation rates. We found little evidence of an impact for whites, and inconsistent

and imprecise estimates for Hispanics. 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, Equation 6.11, we estimate that

PECS reduced the job-finding hazard for blacks by 15.6 and 7.4 log-points in the CPS and
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LEHD J2J respectively. 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 5.39 This comparison implies our estimates translate into 3.7 and 1.7 percentage-point

reductions in the probability of black job-seekers finding a new job within a quarter of job-loss.

We now attempt to gage how these magnitudes compare to those of other 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 PECS hiring bans on black

job-finding rates are equivalent to about an 18 percent reduction in unemployment benefits using

our estimates from the CPS, and an 8 percent reduction in unemployment benefits using our

estimates from the LEHD J2J. In more recent work using data from the Austrian unemployment

insurance system, Card et al. (2007) find that eligibility for two months of severance pay results in

a roughly 12 percent reduction in the job-finding rate, while extending unemployment insurance

benefits from 20 to 30 weeks reduces job finding hazards by 6 to 9 percent. These estimates are

similar in magnitude to our estimates of the impact of PECS. Hence we find that our estimates

of the effect of PECS bans on black job-finding hazards are comparable in magnitude to quite

large interventions.

Given that PECS bans primarily affect labor demand, we can also compare the estimated

effect of PECS to demand-side factors. To do so, we need to convert our estimates of the effects

of PECS on job-finding hazards to estimates of the effect of PECS on black employment rates.

A complete analysis of this question would require using the baseline hazard estimates and

data on the number and characteristics of individuals entering employment between 2007 and

2015 to compute counterfactual employment rates. Instead, we perform a back of the envelope

calculation. We assume that the baseline hazard was equal to the mean job-finding rate for

PECS states in the sample. We can then combine that figure with the mean job-separation rate

for a given race to compute the change in the steady-state employment rate for the given group

caused by PECS bans.40 Using this approach, we estimate that PECS reduced the steady-state

black employment rate by 0.5 to 1.3 percentage points in states banning PECS. Combining these

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

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

a 3 to 9% increase in wages for black workers. This is a modest, but non-trivial wage change.

Is it reasonable that restrictions on the use of information like PECS 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.

(forthcoming) find that the removal of information on past defaults from credit reports results in

a 2-3 percentage point increase in employment rates for affected individuals in the year after the

39We 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
independent of our primary regressor of interest, the indicator for PECS ban coverage (Lancaster (1979)).

40The steady-state employment rate is equal to lfr × fr
fr+sr

where fr is the job-finding race for race r, sr is the
job-separation rate for race r, and lfr is the labor-force participation rate for race r.
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past default information removal. In related work, 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 (2017) find that Ban-the-Box polices reduce

the employment of low-skilled black workers by 3.5 percentage points.41 All three of these papers

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

impacts on employment outcomes.

9 Conclusions

In this paper, we estimate difference-in-difference models of the effect of PECS bans on labor

market outcomes by race. Under the assumption that different racial groups would have common

trends in different states in the absence of PECS bans, our estimates suggest two broad sets of

findings. First, using both the CPS and LEHD J2J data, we find that PECS bans lead to

reductions in black job-finding hazards. These estimates vary with the exact specification, but

are large in magnitude, with our preferred estimate implying that PECS bans decrease black

job-finding hazards in PECS ban states by 16 log-points, or roughly 3.7 percentage points at a

quarterly horizon. We find less conclusive evidence for whites and Hispanics.

Second, we find that separation rates for newly hired blacks rise after PECS bans are enacted,

while Hispanic and white separation rates appear to change little. This finding is consistent with

PECS 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. However,

the presence of pre-trends in black separation rates prior to PECS bans’ enactment makes us

more cautious about this conclusion than our conclusions about black job-finding rates. Whereas

results from our attempts to control for these pre-trends are consistent with PECS having a causal

effect on black separation rates, these controls also make our estimates imprecise.

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 PECS bans. We also find that our separation results for blacks

do not appear in a placebo sample of long-tenure workers, who were more likely to have been

hired before PECS bans were implemented. We also use event-time plots to test our difference-

in-difference estimators’ key identifying assumptions. We find evidence in the CPS that black

job-finding rates were indeed on parallel trends between PECS-ban states and non-ban states

prior to the passage of PECS bans. On the other hand, when we find evidence of non-negligible

pre-trends, as we do for black job-finding rates in our LEHD J2J data, we show our results are

generally robust to various strategies that control for these pre-trends, including a demanding

triple-difference estimator.

Broadly, our results suggest that PECS bans are associated with worsening labor market

41Given that criminal records may be a more important labor market signal than credit scores, it seems
reasonable that Doleac and Hansen (2017)’s estimated effects of criminal record bans are 3-7 times as large as
our estimates.

29



outcomes for unemployed blacks, and no consistent pattern for whites or Hispanics. While a

range of labor market phenomena may contribute to these results, we show how to make sense of

these results in a statistical discrimination model in which credit report data, moreso for blacks

than for other groups, send a high-precision signal relative to the precision of employers’ priors.

This conceptual framework sheds light both on the role of PECS in labor market screening, and on

the “soft” information available in credit report data more generally. Along with Ballance et al.

(2017) and Bos et al. (forthcoming), these are some of the first results to show that credit report

data may contain information valuable not just in credit markets, but in non-credit markets as

well.

However, the imprecision and inconsistency of our estimates for whites and Hispanics does not

rule out the possibility that PECS bans substantially affected average labor market outcomes

for individuals in these groups as well. The wide confidence intervals for blacks also include

both quite large and modest magnitudes. Furthermore, these aggregate results may disguise

substantially heterogeneous effects within race. In particular, even if PECS bans decrease average

job-finding rates for blacks, they may have actually increased job-finding rates for blacks with

particularly unfavorable credit reports. Friedberg et al. (2016) finds evidence that PECS bans

help individuals with low credit scores more broadly, but there is not yet evidence on how PECS

bans affected blacks with low credit scores.42

More broadly, our results do not provide any information on how PECS affects 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 PECS. The ability of PECS to thus prevent a particular kind of long-

term unemployment is a promising area for future research.
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10 Figures

Figure 1: Illustrating the Effects of Pre-Employment Credit Screening (PECS)

(a) Hiring without PECS

(b) Change in Employer Posteriors Post-PECS Introduction

(c) Change in Hiring Threshold Post-PECS Introduction

Notes: This figure graphically illustrates the statistical discrimination model described in Section 4. 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 Screening (PECS), 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-PECS screening tools for this group. Panel B then shows
the change in the population distribution of posteriors when employers gain access to PECS. The greater increase in the variance of these posteriors, µ2,
for the blue group than for the green reflects that PECS is a relatively precise screening tool for this group. Panel C then shows how the employer’s
hiring threshold shifts to ensure market-clearing for both groups after the introduction of PECS, and how this leads to an increase (resp. decrease) in
the hiring rate for the group for which PECS provided relatively precise (resp. imprecise) signals.
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Figure 2: Event-Time Analysis of the Effect of PECS on Job-Finding: CPS
State-Race FE, Time-Race FE
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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 Screening (PECS) before and after the PECS bans went into effect. Each panel shows results for a different race.
The reported coefficients come from estimating via MLE a version of the proportional hazards model in Equation 6.12 where we interact an indicator
for being covered by a PECS 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 PECS 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 and state-race fixed effects. The sample is restricted to balanced event years common to all PECS-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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Figure 3: Event-Time Analysis of the Effect of PECS on Job-Finding
State-Job-Race FE, Time-Race FE
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(b) Hispanics
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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 Screening (PECS) before and after the PECS bans went into effect. Each panel shows results for a different
race. The reported coefficients come from estimating with MLE a version of the proportional hazards model in Equation 6.12, where we use state-job-race
fixed effects in lieu of state-race fixed effects, and where we interact an indicator for being covered by a PECS ban with the expected probability of being
in a PECS covered job (given the unemployed workers previous job j(i)), Ds(i),t × Πj(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 PECS 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 and state-job-race fixed effects. The sample is restricted to balanced event
years common to all PECS-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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Figure 4: Event-Time Analysis of the Effect of PECS on Separations: New Hires
State-Race FE, Time-Race FE
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Notes: This figure shows the results of an event-time analysis of the difference in involuntary separation rates for workers newly hired out of unemployment
between states banning and not banning Pre-Employment Credit Screening (PECS) before and after the PECS bans went into effect. Each panel shows
results for a different race. The reported coefficients come from estimating a modified linear probability model of Equation 6.2 where we interact an
indicator for being covered by a PECS 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 PECS 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, state-race, and state-time fixed effects. The sample is restricted to balanced event years common to all PECS-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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Figure 5: Event-Time Analysis of the Effect of PECS on Job-Finding: LEHD J2J
State-Race FE, Time-Race FE
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Notes: This figure shows the results of an event-time analysis of the difference in the complementary log-log of the average job-finding rate (i.e.
ln(− ln(1 − job-finding rate))) between states banning and not banning Pre-Employment Credit Screening (PECS) before and after the PECS bans went
into effect. The reported coefficients come from estimating a version of Equation 6.2 where we interact an indicator for being covered by a PECS 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 PECS ban took effect
in state s. The model also includes year-quarter-race and state-race fixed effects. Regressions are weighted by the number of individuals of a given race
who separated from their jobs in state s in year-quarter t. The sample is restricted to balanced event years common to all PECS-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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Figure 6: Event-Time Analysis of the Effect of PECS on Job-Finding: LEHD J2J
State-Race FE, Time-Race FE, Time-State FE
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Notes: This figure shows the results of an event-time analysis of the difference in the complementary log-log of the average job-finding rate (i.e.
ln(− ln(1 − job-finding rate))) between states banning and not banning Pre-Employment Credit Screening (PECS) before and after the PECS bans went
into effect. The reported coefficients come from estimating a version of Equation 6.3 where we interact an indicator for being covered by a PECS 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 PECS ban took effect
in state s. The model also includes year-quarter-race, state-race, 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 PECS-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 race who separated from their jobs in state s in
year-quarter t. The sample is restricted to balanced event years common to all PECS-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 level.
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Figure 7: Event-Time Analysis of the Effect of PECS on Job-Finding: CPS
State-Race FE, Time-Race FE, Time-State FE
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(b) Hispanics
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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 Screening (PECS) before and after the PECS bans went into effect. Each panel shows
results for a different race. The reported coefficients come from estimating with MLE a version of the proportional hazards model in Equation 6.12 where
we interact an indicator for being covered by a PECS 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 PECS 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 and state-race fixed effects. The inclusion of state-time fixed effects means the reported coefficients should be interpreted as the difference between
PECS-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 PECS-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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Figure 8: Event-Time Analysis of the Effect of PECS on Separations: New Hires
State-Race FE, Time-Race FE, Time-State FE
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(b) Hispanics
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Notes: This figure shows the results of an event-time analysis of the difference in involuntary separation rates for workers newly hired out of unemployment
between states banning and not banning Pre-Employment Credit Screening (PECS) before and after the PECS bans went into effect. Each panel shows
results for a different race. The reported coefficients come from estimating a modified linear probability model of Equation 6.3 where we interact an
indicator for being covered by a PECS 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 PECS 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 and state-race fixed effects. The inclusion of state-time fixed effects means the reported coefficients should be interpreted
as the difference between PECS-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 PECS-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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11 Tables

Table 1: PECS Bans

State/City Date Passed Date Took Effect

(1) (2) (3)

Washington 4/18/07 7/22/07

Hawaii 7/15/09 7/15/09

Oregon 3/29/10 7/10/10

Illinois 8/10/10 1/1/11

Maryland 4/12/11 10/1/11

Connecticut 7/13/11 10/1/11

California 10/10/11 1/1/12

Chicago 3/14/12 4/1/12

Vermont 5/17/12 7/1/12

Colorado 4/19/13 7/1/13

Nevada 5/25/13 10/1/13

Delaware 5/18/14 5/8/14

New York City 5/6/15 9/3/15
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Table 3: Summary Statistics: CPS

Covered Jobs Exempted Jobs

(1) (2) (3) (4)

Panel A: Blacks

Black Share of State Adult Population 9.29% 13.32% . .

Black Labor-Force Participation Rate 66.21% 66.08% . .

Black Employment Rate 87.04% 88.92% . .

Share of Black Labor Force Covered by Ban 55.72% 0% . .

Share of Black Unemployed Covered by Ban 65.33% 0% . .

Average Weekly Wage ($) 771.98 633.09 660.57 902.76

Share of Workers with 4-Year College Degree 30.41% 22.71% 20.98% 41.63%

Panel B: Hispanics

Hisp. Share of State Adult Population 20.78% 10.71% . .

Hisp. Labor-Force Participation Rate 71.78% 70.21% . .

Hisp. Employment Rate 89.21% 92.89% . .

Share of Hisp. Labor Force Covered by Ban 71.79% 0% . .

Share of Hisp. Unemployed Covered by Ban 76.77% 0% . .

Average Weekly Wage ($) 635.95 605.35 559.87 825.87

Share of Workers with 4-Year College Degree 13.62% 16.32% 9.23% 24.40%

Panel C: Whites

White Share of State Adult Population 69.93% 75.97% . .

White Labor-Force Participation Rate 67.10% 66.11% . .

White Employment Rate 93.28% 95.00% . .

Share of White Labor Force Covered by Ban 52.67% 0% . .

Share of White Unemployed Covered by Ban 61.95% 0% . .

Average Weekly Wage ($) 979.55 837.47 837.87 1,136.74

Share of Workers with 4-Year College Degree 44.75% 36.19% 35.81% 54.41%
Notes: This table shows summary statistics by race from the CPS for years 2003-2015. 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.

(within PECS-ban states)

Non-PECS-Ban 

States
PECS-Ban States
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Table 4: Summary Statistics: CPS Dependent Variables

Covered Jobs Exempted Jobs

(1) (2) (3) (4)

Panel A: Blacks

Job-Finding Rate (out of Unemployment) 0.127 0.148 0.187 0.145

Involuntary Separation Rate, New Hires 0.113 0.096 0.111 0.128

Involuntary Sep. Rate, Long-Tenure Workers 0.025 0.020 0.025 0.026

Panel B: Hispanics

Job-Finding Rate (out of Unemployment) 0.179 0.224 0.253 0.190

Involuntary Separation Rate, New Hires 0.103 0.079 0.100 0.133

Involuntary Sep. Rate, Long-Tenure Workers 0.021 0.017 0.022 0.020

Panel C: Whites

Job-Finding Rate (out of Unemployment) 0.148 0.188 0.203 0.165

Involuntary Separation Rate, New Hires 0.087 0.070 0.079 0.109

Involuntary Sep. Rate, Long-Tenure Workers 0.016 0.012 0.016 0.015

Non-PECS-Ban 

States
PECS-Ban States

(within PECS-ban states)

Notes: This table shows job-finding rates, separation rates for recent hires, and separation rates for long-tenure workers, by race in the CPS for years 2003-2015. 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 PECS bans. Columns (3) and (4) then

compare covered vs. exempted jobs within PECS-ban states.

Table 5: Summary Statistics: LEHD J2J

Non-Ban States PECS Ban States

(1) (2)

Panel A: Separation Rate

Blacks 0.101 0.094

Hispanics 0.099 0.085

Whites 0.072 0.064

Panel B: Adjacent Quarter Job-Finding Rate

Blacks 0.238 0.222

Hispanics 0.223 0.217

Whites 0.224 0.216
Notes: This table shows separation and job-finding rates by race in

the LEHD J2J Flows data, broken down by states with and without

PECS bans. Three states with PECS bans after 2012 (Colorado,

Nevada, and Delaware), New England states, Kansas and Missouri

are not included in this table due to data limitations. The data begin

in 2005Q1 and end in 2014Q2. The separation rate is computed as

the number of separations divided by beginning of quarter

employment (i.e. "ensep" / "mainb"). Adjacent quarter job-finding

rate is computed as the number of people who separate to adjacent

quarter employment dividied by total separations (i.e. . "aqsep" /

"ensep").
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Table 6: Impact of PECS on Job-Finding: State-Level Variation

(1) (2)

1(Black)*1(Treated by Ban) -0.156** -0.158**

(0.0666) (0.0655)

1(Hispanic)*1(Treated by Ban) 0.0727 0.0642

(0.0558) (0.0568)

1(Non-Hispanic white)*1(Treated by Ban) -0.0130 -0.0126

(0.0310) (0.0309)

N 298,386 298,386

States 51 51

Ban States 8 8

Time-Race Fixed Effects Y Y

State-Race Fixed Effects Y Y

Demographic Controls N 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 2003-2015. Column (1) includes the state-race and time-race 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. Standard errors clustered at the state level are shown in parentheses.

Table 7: Impact of PECS on Job-Finding: Job-Level Variation

(1) (2) (3) (4)

1(Black)*1(Treated by Ban) -0.209*** -0.209*** -0.173*** -0.171***

(0.0714) (0.0709) (0.0624) (0.0622)

1(Hispanic)*1(Treated by Ban) 0.0383 0.0356 -0.00653 -0.00311

(0.0642) (0.0636) (0.0538) (0.0524)

1(Non-Hispanic white)*1(Treated by Ban) -0.0352 -0.0376 -0.0199 -0.0252

(0.0529) (0.0531) (0.0495) (0.0502)

N 293,336 293,336 293,344 293,344

States 51 51 51 51

Ban States 8 8 8 8

Treatment Level Expected Job Expected Job Past Job Past Job

State-PastJob-Race Fixed Effects Y Y Y Y

Time-Race Fixed Effects Y Y Y Y

Demographic Controls N Y N Y
Notes: This table reports MLE estimates of race-specific log differences in job-finding hazard rates following a PECS ban, using a state-job-time

difference-in-differences strategy (Equation 6.11 in the text). Data are from the CPS for years 2003-2015. Columns (1) and (3) include the state-job-race

and time-race fixed effects that implement difference-in-differences, while Columns (2) and (4) add 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. In the

first two columns, a job-seeker's exposure to a PECS ban is determined by whether his expected next job (as defined in Footnote 15 in the text) is

covered by or exempted from a PECS ban, while in the final two columns, exposure is determined by whether a job-seeker's most recent job was

covered or exempted. Data from Washington are excluded due to uncertainty about which jobs are exempted from Washington's ban. Sample sizes

differ slightly between columns using expected-job variation ((1) and (2)) and columns using past-job variation ((3) and (4)) because not all jobs are

observed in the pre-ban sample on which search probabilities are estimated. (See Data Appendix A for more details.) Standard errors clustered at the

state level are shown in parentheses.
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Table 8: Impact of PECS on Separation Rates for New Hires

(1) (2) (1) (2)

1(Black)*1(Treated by Ban) 0.0272 0.0276* 0.0442* 0.0434**

(0.0162) (0.0158) (0.0243) (0.0213)

1(Hispanic)*1(Treated by Ban) -0.0544*** -0.0549*** -0.0494*** -0.0494***

(0.0163) (0.0159) (0.0180) (0.0182)

1(Non-Hispanic white)*1(Treated by Ban) -0.0268*** -0.0262*** -0.0240*** -0.0242***

(0.00879) (0.00907) (0.00825) (0.00830)

N 46,201 46,201 45,446 45,446

States 51 51 51 51

Ban States 8 8 8 8

Treatment Level State State New Job New Job

Time-Race Fixed Effects Y Y Y Y

State-Race Fixed Effects Y Y N N

State-NewJob-Race Fixed Effects N N Y Y

Demographic Controls N Y N Y
Notes: This table reports linear probability model estimates of race-specific 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 2003-2015. Columns (1) and (3) include the state-(job-)race and time-race fixed effects 

that implement difference-in-differences, while Columns (2) and (4) add 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. 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; 

data from Washington are excluded from these models due to uncertainty about which jobs are exempted from Washington's 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.

Table 9: Impact of PECS on Separation Rates for Long-Term Employees

(1) (2) (3) (4)

1(Black)*1(Treated by Ban) -0.00370 -0.00377 -0.00381 -0.00399

(0.00236) (0.00238) (0.00514) (0.00514)

1(Hispanic)*1(Treated by Ban) -0.00399** -0.00405** -0.00511** -0.00509**

(0.00169) (0.00167) (0.00217) (0.00217)

1(Non-Hispanic white)*1(Treated by Ban) -0.00282*** -0.00271*** -0.00392*** -0.00383***

(0.000674) (0.000686) (0.000848) (0.000854)

N 3,889,607 3,889,607 3,824,278 3,824,278

States 51 51 51 51

Ban States 8 8 8 8

Treatment Level State State Current Job Current Job

Time-Race Fixed Effects Y Y Y Y

State-Race Fixed Effects Y Y N N

State-NewJob-Race Fixed Effects N N Y Y

Demographic Controls 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

and time-race fixed effects that implement difference-in-differences, while Columns (2) and (4) add demographic 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.
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Table 10: Robustness of Impact of PECS on Job-Finding: LEHD J2J

(1) (2) (3) (4)

1(Black)*1(Treated by Ban) -0.074** -0.006 -0.044 -0.052***

(0.032) (0.030) (0.028) (0.018)

1(Hispanic)*1(Treated by Ban) -0.053*** 0.078** -0.043*** -0.014

(0.015) (0.034) (0.013) (0.013)

1(Non-Hispanic white)*1(Treated by Ban) -0.017 0.046 . .

(0.015) (0.032) . .

N 5,448 5,448 5,448 5,448

States 38 38 38 38

Ban States 6 6 6 6

Time-Race Fixed Effects Y Y Y Y

State-Race Fixed Effects Y Y Y Y

State-Time Fixed Effects N N Y Y

State-Race Linear Trends N Y N Y

DD DDD

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 and time-race 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. Three states with PECS bans after 2012 (Colorado, Nevada, and Delaware), New England states, Kansas

and Missouri are not included in this table due to data limitations. Standard errors clustered at the state level are shown in parentheses.

Table 11: Robustness of Impact of PECS on Job-Finding: CPS

(1) (2) (3) (4)

1(Black)*1(Treated by Ban) -0.156** -0.160 -0.115 -0.358**

(0.0666) (0.177) (0.100) (0.180)

1(Hispanic)*1(Treated by Ban) 0.0727 0.107 0.0746 -0.00716

(0.0558) (0.0676) (0.0618) (0.0953)

1(Non-Hispanic white)*1(Treated by Ban) -0.0130 0.127*** . .

(0.0310) (0.0397) . .

N 298,386 298,386 298,386 298,386

States 51 51 51 51

Ban States 8 8 8 8

Time-Race Fixed Effects Y Y Y Y

State-Race Fixed Effects Y Y Y Y

State-Time Fixed Effects N N Y Y

State-Race Linear Trends N Y N Y
Notes: This table reports MLE estimates of race-specific log differences in job-finding hazard rates following a PECS ban, using a variety of difference-in-

differences and triple-difference models. Data are from the CPS for years 2003-2015. For convenience, Column (1) is a repeat of the state-time

difference-in-differences results in Column (1) of Table 6. 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. Standard errors clustered at the state level are shown in parentheses.

DD DDD
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Table 12: Robustness of Impact of PECS on Separation: CPS

(1) (2) (3) (4)

1(Black)*1(Treated by Ban) 0.0272 0.0491 0.0429** 0.0660*

(0.0162) (0.0314) (0.0166) (0.0371)

1(Hispanic)*1(Treated by Ban) -0.0544*** -0.0179 -0.0214 0.00700

(0.0163) (0.0425) (0.0199) (0.0629)

1(Non-Hispanic white)*1(Treated by Ban) -0.0268*** -0.00368 . .

(0.00879) (0.0145) . .

N 46,201 46,201 46,201 46,201

States 51 51 51 51

Ban States 8 8 8 8

Time-Race Fixed Effects Y Y Y Y

State-Race Fixed Effects Y Y Y Y

State-Time Fixed Effects N N Y Y

State-Race Linear Trends N Y N 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 2003-2015. 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

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. 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.
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