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Abstract

We study how labor-market tightness affects minority earnings gaps using administrative data

for US metropolitan areas from 2010 to 2025. After accounting for national shocks, local season-

ality, and local trends, a 1-percentage-point unemployment decline reduces the white-minus-

minority earnings gap by about 0.2 percentage points for all jobs and 0.3 percentage points for

new stable hires. These responses strengthen as slack declines, reaching 0.4 and 0.6 percentage

points, respectively, in hot markets. Neither observed worker and vacancy composition nor

concurrent policy changes account for these effects. Increased mobility and upgrading across

broad job categories explain little of the narrowing, although hiring distributions become more

similar between the two groups. Where recruiting is concentrated among fewer employers, the

earnings-gap response varies less with slack. Together, the findings point toward relative earn-

ings improvements within labor-market segments and employer competition as a mechanism

through which tightness narrows minority earnings gaps.
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1 Introduction

Tighter labor markets raise employment and the wages employers must pay to attract and retain

workers. These gains are unevenly distributed: employment responds more strongly to labor-

market conditions for less-skilled and minority workers, on both the extensive and the intensive

margin (Bound and Holzer 2000; Cajner et al. 2017; Hines et al. 2001; Hoynes 2000). Whether

tightening also narrows the gap in pay between minority and white workers is far less settled.

Economic theory provides no unambiguous prediction, because tightness operates through sev-

eral offsetting margins at once: the composition of employment, the segments in which labor

demand expands, and the pay of observationally similar workers (Black 1995; Solon et al. 1994).

We study how labor-market tightness affects the earnings gap between white workers and Black

and Hispanic workers using administrative MSA-level data from 2010 to 2025. Our local-market

approach allows us to study the earnings effects of tightness after accounting for national shocks,

local seasonality, and gradual demographic and economic changes. Tighter labor markets narrow

minority earnings gaps, with larger reductions among new hires. These effects strengthen as labor-

market slack declines, particularly among new hires. Observed composition and policy changes,

increased mobility, and upgrading across broad job categories explain little of this compression,

though the job types the two groups enter do become more similar. Employer competition, how-

ever, matters: recruiting concentration limits the additional compression that tightening produces

as markets heat up. Together, our findings argue against labor-market segmentation and reallo-

cation, and point to employer competition as a relevant channel through which tightness affects

earnings gaps.

We combine quarterly earnings by group from the Census Bureau’s Quarterly Workforce Indica-

tors (QWI), built from aggregated worker–employer records, with local labor-market conditions

for up to 374 MSAs. These data identify minority earnings gaps market by market, whereas much

of the previous evidence on tightness and racial gaps rests on national or state aggregates. We

regress the minority earnings gap, measured as 100 times the log difference between white and

pooled Black and Hispanic mean monthly earnings, on tightness across MSA-quarters. We mea-

sure tightness by the negative of the local unemployment rate, because we show that local job

postings carry no additional information about the gap once aggregate movements are absorbed.

Our specification absorbs the variation most likely to confound the estimates: conditions common

to all markets in a quarter, each market’s recurring seasonal pattern, and its own linear trend.
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We therefore identify the response from a market’s deviation from its own seasonal path, net of

national developments and of gradual local demographic and economic changes.

A 1-percentage-point decline in unemployment reduces the minority earnings gap by about 0.2

percentage points for all jobs and 0.3 percentage points for new stable hires. These magnitudes are

equivalent to the effect of a one-dollar increase in the real minimum wage estimated in the same

specification. As labor-market slack declines, the effects of tightness strengthen and the difference

between all jobs and new stable hires widens: in cold markets the same unemployment decline

reduces the gap by approximately 0.2 percentage points for both, whereas in hot markets the re-

ductions reach 0.4 percentage points for all jobs and 0.6 percentage points for new stable hires.

Alternative measures of tightness deliver the same pattern, and estimates within six macroeco-

nomic windows since 2002 show that our results are not driven by a single episode.

Our results do not reflect changes in the workers or jobs being compared, or policies that coincide

with tightening. Adding MSA-level workforce-composition measures, including differences in ed-

ucation, age, and other earnings-related characteristics, leaves the estimates unchanged. Selective

geographic mobility does not account for the compression either: workers entering and leaving

metropolitan areas contribute little to changes in the minority earnings gap. On the demand side,

we construct minority- and white-specific measures of tightness and show that stronger demand

for the kinds of jobs minorities disproportionately hold does not drive the effect of aggregate tight-

ness on the earnings gap. Finally, the estimates remain unchanged after accounting for minimum

wage changes and job-posting measures of employers’ diversity, equity, and inclusion (DEI) en-

gagement. Taken together, these exercises provide little support for observed compositional or

concurrent policy changes as explanations for the earnings compression.

Job mobility and broad job-type upgrading do not account for the effect of tightness on the earn-

ings gap. Using the Census Bureau’s Job-to-Job Flows, we find that hiring from nonemployment

and moves between employers rise more strongly for minorities than for whites. Accounting for

differences between the groups in transition rates, however, leaves the earnings response essen-

tially unchanged for all jobs and only partly reduces it for new stable hires. We also find limited

evidence of systematically greater minority upgrading across broad job categories. Neverthe-

less, the distributions of minority and white hires across industry–firm-size job types converge

as markets tighten. Therefore, our findings suggest that tightening narrows minority earnings

gaps within job categories, pointing toward the importance of employer-specific dimensions in
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explaining these effects.

Employer competition shapes how strongly tightening compresses the earnings gap. Employer

competition can improve earnings because workers may receive more and better offers, or because

their current employers may raise pay to retain them. We construct a proxy for employer market

power using the concentration of local recruiting across employers, measured from job postings

within detailed occupations (Azar et al. 2020), and interact it with tightness. Where recruiting

is concentrated, the earnings-gap response to tightness varies less with slack. The difference is

clearest in hot labor markets: a 1-percentage-point decline in unemployment narrows the gap for

all jobs by about 0.4 percentage points where recruiting is concentrated, against 0.6 percentage

points where it is dispersed. These results point toward employer competition as an important

channel through which improvements in labor-market conditions affect earnings gaps.

Our findings speak to three families of explanations for minority earnings gaps: the kinds of jobs

workers hold, how employers evaluate and pay workers, and the set of jobs and employers work-

ers can effectively reach. The composition, occupational-demand, and destination results restrict

the first, since neither who is employed nor reallocation across broad job categories accounts for

the compression. On the other hand, our results cannot differentiate between explanations based

on discrimination and those based on unequal access to job opportunities. The two are obser-

vationally equivalent in our setting even though the disadvantage they describe differs: tighter

markets improve workers’ outside options, and better outside options can reduce the earnings

consequences of discrimination and of unequal access alike, without any change in employers’

preferences or in workers’ networks. What the evidence does indicate is that competition among

employers changes the earnings consequences of these disadvantages, whatever their origin.

This paper contributes to several strands of the literature. Research on strong labor markets finds

particularly large employment and hours gains for disadvantaged workers (Hines et al. 2001).

Related work on business-cycle fluctuations finds larger cyclical employment responses among

disadvantaged workers, while differences in earnings responses are more heterogeneous (Hoynes

2000). More recently, Autor et al. (2024) link post-pandemic wage compression at the bottom of the

distribution to stronger employer competition and note a contemporaneous narrowing of racial

wage gaps. Our work provides a systematic analysis of how local labor-market tightness shapes

minority earnings gaps and of the labor-market margins underlying that relationship. Aaronson

et al. (2019) find additional high-pressure employment gains for disadvantaged groups, but lit-
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tle evidence of improvements in relative wages or earnings. Using granular administrative data

across local labor markets, we not only provide more robust evidence on the earnings margin but

also convincingly document that minority earnings-gap compression becomes stronger as slack

declines. We also document a stronger response among new stable hires and its stronger variation

with the degree of labor-market slack, which extends research on the cyclicality of wages in newly

formed employment relationships (Gertler et al. 2020; Martins et al. 2012) to earnings inequality

between whites and minorities.

We also contribute to the literature on the cyclical job ladder (Haltiwanger et al. 2018; Moscarini

and Postel-Vinay 2018) and racial earnings inequality by examining whether differences in job

mobility responses to tightness between whites and minorities account for earnings convergence.

Racial differences in hiring and job loss drive employment disparities over the cycle (Cajner et al.

2017; Couch and Fairlie 2010). Additionally, the returns to mobility themselves differ by race. For

instance, higher job churn among Black men and closer monitoring of Black workers reentering

employment widen the earnings gap (Cavounidis et al. 2024; Daly et al. 2020). Our results show

that minority-relative job mobility rises with tightness, yet accounting for these differences leaves

most of the earnings compression intact, consistent with our limited evidence of minority-relative

upgrading across broad job categories. Because the pay ranking of a broad category is itself an

incomplete measure of job quality (Sorkin 2018), our findings do not rule out meaningful advance-

ment along dimensions those categories do not capture. Indeed, our results on hiring distributions

show that they become more similar between whites and minorities with tighter markets. Overall,

our findings suggest that tightening narrows minority earnings gaps within broad job categories,

potentially through changes in hours or employment continuity, movement toward better-paying

employers (Gerard et al. 2021; Sorkin 2025), or earnings gains within existing employment rela-

tionships.

Finally, we connect earnings inequality between whites and minorities to the interaction between

employer competition and labor scarcity in two ways. First, our results highlight the potential role

of outside opportunities in strengthening workers’ bargaining positions even when they do not

change employers, since transition frequency and upgrading across broad job categories appear to

explain little of the earnings compression. This connects our work to Lang et al. (2005), who show

how discriminatory hiring can weaken minority workers’ alternatives and lower their earnings,

and to Wursten and Reich (2023), who link racial wage convergence following minimum-wage
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increases to improved access to alternative employers. More broadly, our results connect to the

literature on how outside offers and worker mobility shape employer wage-setting power (Cahuc

et al. 2006). Second, we speak directly to the role of employer competition by showing that when

recruiting is more concentrated across employers, minority earnings-gap compression is less re-

sponsive to an increase in tightness. This finding extends the literature on how barriers to mobil-

ity and recruiting concentration limit the competitive pressure exerted by outside opportunities.

In particular, it builds on Johnson et al. (2025), who show that restrictions on mobility can limit

workers’ gains from tight labor markets and widen racial earnings gaps, and on Burya et al. (2023),

who show that recruiting concentration weakens the response of advertised wage growth to un-

employment. Together, these contributions highlight the importance of employer competition in

determining labor-market differences between minority and white workers.

2 Tightness and Minority Earnings Gaps

Tighter labor markets need not benefit all workers equally (Aaronson et al. 2019). Workers can gain

by finding employment or increasing their earnings (via higher wages in their current jobs, greater

job stability, more hours, or transitions to better-paying or higher-quality jobs), but the relative

importance of these channels differs across workers. For example, Hines et al. (2001) document

especially strong employment responses among less-skilled workers during expansions, while

Autor et al. (2024) connect stronger employer competition to larger wage gains in lower-paying

jobs among those working.

This heterogeneity makes a comparison between minority and white workers relevant because

the two groups differ in their characteristics and positions in the labor market (Altonji and Blank

1999). Moreover, even when workers are observationally similar, employment circumstances may

still generate group-specific responses to tightening. For example, Daly et al. (2020) show that

Black and white workers with similar observed characteristics follow different earnings trajecto-

ries, with slower early-career wage growth among Black workers. Beyond whether minorities

gain more from tightening, we also ask whether their relative earnings gains vary with the degree

of labor-market slack. This question builds on evidence of additional employment benefits for

some disadvantaged groups in high-pressure economies (Aaronson et al. 2019).

The literature motivates examining several channels through which tightening may affect minor-

ity earnings gaps. First, hiring and job loss contribute differently to racial employment gaps over
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the cycle (Couch and Fairlie 2010), so we examine entry, separations, and stable employment sep-

arately. Second, the earnings consequences of changing employers depend not just on how often

workers move but also on the types of jobs they move to. For instance, Haltiwanger et al. (2018)

document procyclical movement to higher-paying firms. Therefore, we analyze destination pay

and earnings around moves alongside transition frequency. Third, we study earnings responses to

tightening separately for new hires and the broader stock of jobs because the literature shows that

changes in the quality of newly formed matches can make new-hire earnings more responsive to

labor-market conditions (Gertler et al. 2020). Finally, we investigate whether recruiting concentra-

tion shapes minorities’ earnings gains relative to whites as markets tighten, since equally strong

labor demand may generate less competition when recruiting is concentrated among a few firms.

Such competition can benefit workers even without a move, as outside offers induce employers to

raise pay to retain them (Cahuc et al. 2006).

The relevance of tightness for minority earnings gaps does not depend on the precise origins of

these gaps. As we discuss in Section 10, segmented markets, discrimination, and information

and network barriers provide different, and potentially complementary, channels through which

tightness can shape the evolution of these gaps. Minority earnings gaps can narrow if minorities

and whites belong to different segments of the labor market and labor demand increases dispro-

portionately in minority-concentrated segments. Discrimination can restrict access to jobs and

affect pay through different mechanisms (Lang and Lehmann 2012), but tightening generally in-

creases employers’ costs of maintaining their racial preferences as workers’ alternatives improve.

Personal networks or information barriers can create earnings disadvantages for workers with

poorer access to well-paying jobs, but tighter markets can weaken those disadvantages by in-

ducing employers to search more broadly, making access to job opportunities less dependent on

personal contacts. Therefore, understanding how tightness changes minority earnings gaps does

not require first settling their origins.

3 Data

We use the Census Bureau’s Quarterly Workforce Indicators (QWI) to measure local earnings, em-

ployment, and hiring by race. The QWI are produced by the Longitudinal Employer–Household

Dynamics (LEHD) program from unemployment-insurance wage records linked to information

on workers and employers (US Census Bureau 2026a). They provide consistent measures of earn-
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ings and employment flows for small geographic areas that are difficult to study with household

surveys alone. Our main panel covers metropolitan statistical areas (MSAs) from the third quarter

of 2010 through the second quarter of 2025, with up to 387 MSAs observed over this period. The

data cover private-sector and state and local government jobs, accounting for approximately 96

percent of US wage-and-salary jobs (Jones-Ruiz 2020).1 Appendix C.1 provides the construction

details.

We study earnings for two job populations. The first consists of jobs held at the beginning of the

quarter, including those that end before the quarter is over. The second consists of new stable

hires: workers who joined an employer in the previous quarter and whose jobs continue through

the reference quarter, excluding recent recalls. In both cases, the outcome is average monthly

earnings.2 New-stable-hire earnings therefore refer to the full quarter following entry, not the

initial hiring quarter. These are earnings measures, not hourly wage rates: they reflect pay, hours,

and time employed, and a stable job need not be full-time.

We compare non-Hispanic white workers with a pooled group of non-Hispanic Black workers and

Hispanic workers of any race, which we collectively refer to as minorities. For each job popula-

tion, MSA, and quarter, we first combine Black and Hispanic earnings using the corresponding job

counts as weights. We then define the minority earnings gap as 100 times the difference between

the natural log of white mean earnings and the natural log of this pooled minority mean. The out-

come therefore describes the unadjusted earnings difference between the groups employed locally.

A positive gap denotes higher white earnings, and a decline denotes earnings-gap compression.

The minority earnings gaps in the QWI data are consistent with those documented in previous

work using household surveys (Bayer and Charles 2018; Daly et al. 2017). Appendix Figure C.1

shows that QWI gaps exhibit differences across states similar to those in the Current Population

Survey (CPS) and American Community Survey (ACS), including after common annual move-

ments are removed. We use states for this comparison because it is the most granular level of

geography consistently identified across all three sources.

To limit the influence of earnings averages based on small groups of workers, we exclude MSAs

with fewer than 100 new stable hires among either white workers or pooled minorities in any

quarter of 2010Q1–2025Q2. This removes 13 of the 387 MSAs available in the QWI, leaving up to

1Federal employment and self-employment are excluded from the QWI. In addition, the QWI report job aggregates by
workplace, so workers with multiple employers can be counted more than once.

2Quarterly earnings divided by three.
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374. We apply the same exclusion to both earnings populations and all MSA-level analyses. While

excluding these MSAs meaningfully limits the influence of noisy earnings averages from small

hiring groups, our baseline results remain similar when these MSAs are included.

To relate these earnings gaps to local labor-market conditions, we construct measures of tightness

from local unemployment and job postings. Monthly, not-seasonally-adjusted MSA unemploy-

ment rates come from the Bureau of Labor Statistics’ Local Area Unemployment Statistics (LAUS)

(US Bureau of Labor Statistics 2018). While LAUS measures workers by residence, QWI assign

jobs by workplace. This is unlikely to represent a problem, since the geographic overlap between

the two populations is substantial: in the 2024 ACS, 93 percent of workers living in an MSA work

in that same MSA (US Census Bureau 2024).3

Lightcast supplies online job postings identifying the date, location, occupation, industry, and re-

cruiting employer (Lightcast 2026).4 We count newly posted advertisements and use these counts

as a proxy for vacancies. Unlike new postings, vacancies measure the stock of positions open at a

given point in time. Despite this distinction, Lightcast postings and job openings reported in the

Job Openings and Labor Turnover Survey (JOLTS) (US Bureau of Labor Statistics 2026b) closely

align across states: the correlations exceed 0.97 both in log levels and after removing common

annual movements and 0.87 after removing persistent state heterogeneity (Appendix Figure C.2).

This agreement supports the use of postings as a measure of local recruiting activity.

We use Lightcast’s detailed information in three additional ways. First, we construct measures

of minority-relative occupational tightness to assess whether the relationship between tightness

and earnings gaps reflects stronger demand for jobs in which minorities are concentrated. Second,

we use full posting texts to identify diversity, equity, and inclusion (DEI) content and recruitment

for specialized DEI roles to examine the role of inclusion-oriented recruiting in the relationship

between earnings gaps and tightness. Third, we use information on employers to construct their

shares of recruiting within detailed occupations and measure local recruiting concentration, fol-

lowing Azar et al. (2020) and Choi and Marinescu (2024). We use this measure to study whether

monopsony power affects the earnings-gap response to tightness. We provide further details on

the construction of these measures in the relevant sections.
3The calculation uses national estimates from the 2024 one-year ACS, Table B08016, for workers ages 16 and older living
in metropolitan areas, including those working from home.

4We use the Census Bureau’s 2023 metropolitan delineations to assign job postings to MSAs using their reported coun-
ties.
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We use CPS and ACS public-use microdata (Flood et al. 2025; US Census Bureau 2026c) to adjust

for compositional change, since the QWI do not report all the individual characteristics needed

for these adjustments. Both report education, age, sex, marital status, and employment, allowing

us to assess whether local workforces change as markets tighten. The ACS’s larger local samples

and information on immigration history support more detailed composition adjustments than are

feasible with our CPS extract. The CPS, in turn, provides monthly labor-market information and

longer historical coverage.5 Coverage and frequency differ across sources; we specify the sample

and timing used in each exercise.

We use the Census Bureau’s Job-to-Job Flows (J2J) and origin–destination statistics (US Census

Bureau 2026b) to distinguish two channels that could explain the narrowing of minority earnings

gaps: improved access to employment or movement to better-paying jobs. These quarterly aggre-

gates report direct employer changes and transitions into and out of nonemployment by race and

ethnicity, industry, and location. Unlike hiring counts alone, they distinguish entry into employ-

ment from movement between employers. The origin–destination tables identify the industries

and MSAs of the jobs being left and entered and report earnings before and after the move for the

same mover cohorts. This allows us to ask whether minorities reach better-paying destinations

and obtain larger earnings gains, rather than simply making more moves.

Finally, we supplement these data with state minimum-wage histories (Vaghul and Zipperer

2022), updated using Economic Policy Institute and official state sources. These measures, de-

flated using the BLS CPI-U (US Bureau of Labor Statistics 2026a), allow us to assess whether

minimum-wage changes account for the relationship between tightness and minority earnings

gaps.6

4 Empirical Framework

We estimate the effect of local labor-market tightness on the earnings gap between white and

minority workers, for metropolitan area m in quarter t:

Gmt = β Tmt + σm,q(t) + δt + γmt + εmt, (1)

5For the CPS-based analyses, we use the Census Bureau’s 2003, 2013, and 2023 metropolitan delineation files, together
with IPUMS CPS documentation on changes in metropolitan identifiers, to match survey areas to the geographic
definitions used in our local tightness data.

6Appendix F.3.1 details their construction. Additional data used in supplementary exercises are described in the corre-
sponding appendices.
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where Gmt = 100
(︂

ln w W
mt − ln w M

mt

)︂
is the minority earnings gap defined in Section 3. We use the

log difference multiplied by 100 to approximate the percentage earnings gap, so changes in the

gap are interpreted in percentage points. Here, Tmt is a measure of local labor-market tightness,

and σm,q(t), δt and γmt are MSA-by-quarter-of-year fixed effects, calendar-quarter fixed effects and

local linear trends, with q(t) the quarter of the year in which t falls. Negative values of β indicate

a narrowing of the earnings gap in tighter markets. Standard errors are clustered by metropolitan

area.

The MSA-by-quarter-of-year fixed effects, σm,q(t), absorb persistent differences across markets and

market-specific seasonality. The MSA component removes cross-market variation in factors such

as industry and occupational composition that may jointly shape average labor-market tightness

and the minority earnings gap. The seasonal component accounts for recurring local fluctuations

in labor demand—for example, harvest-related demand in agricultural areas—whose timing and

magnitude differ across markets and may induce comovement between tightness and the earnings

gap. Identification therefore comes from deviations in tightness from the level typically observed

in the same market and quarter of the year. Calendar-quarter fixed effects remove the national

business cycle and any other conditions common to all markets in a quarter.

Our preferred specification, equation (1), combines MSA-by-quarter-of-year and calendar-quarter

fixed effects with MSA-specific linear trends. We include these trends to absorb gradual local

changes that may jointly affect labor-market tightness and minority earnings gaps. Metropoli-

tan areas follow divergent structural trajectories (Diamond 2016; Ganong and Shoag 2017), while

aging, rising educational attainment, immigration, and minority population growth can change

workforce composition at different rates across markets. Allowing each metropolitan area its own

trend accounts for these different trajectories.

Our data show that gradual changes in composition matter for the estimated response to tightness

and that local trends largely absorb their influence. We assess this by comparing how the tight-

ness estimate changes when we add local trends or direct composition controls. If trends absorb

the relevant compositional variation, adding the controls to a specification that already includes

trends should change the estimate little. To measure composition, we use four ACS measures of

the local working-age population: mean age, the share holding a bachelor’s degree or more, the

foreign-born share, and the minority share.7 Because these measures are available for 237 of the

7Each measure is person-weighted over civilian household residents aged 16–64 and enters with a one-year lag. We

10



374 metropolitan areas from 2012 onward, we compare estimates within this subsample. Panel A

of Table D.1 starts from a specification with MSA-by-quarter-of-year and calendar-quarter fixed

effects and adds the composition controls, local trends, or both, holding observations fixed within

each earnings population.

The results support using local trends to account for the compositional changes relevant to the

tightness estimate. Relative to the specification with fixed effects alone, adding composition con-

trols reduces the estimated response by approximately 15 percent.8 Adding trends produces sim-

ilar reductions, while adding composition controls to the specification with trends changes the

estimates by only around 1 to 2 percent.9 Although these four measures do not exhaust local com-

positional change, their limited additional contribution suggests that trends absorb the measured

demographic variation relevant to the estimated earnings-gap response. Including local trends

nonetheless comes at a cost: they may absorb genuinely gradual earnings responses to tightening

alongside potentially confounding changes (Meer and West 2016; Neumark et al. 2014).

Together, the fixed effects and local trends substantially narrow the variation used to estimate

the tightness response. The full specification absorbs over 90 percent of the variation in earnings

gaps for beginning-of-quarter jobs and over 80 percent for new stable hires, as well as more than

90 percent of the variation in tightness. Persistent differences across metropolitan areas account

for most of the earnings-gap variation, while common quarterly movements at the national level

are particularly important for tightness. Identification therefore rests on the remaining changes

within each market, net of its recurring seasonal pattern, common quarterly conditions, and local

linear trend.

Because the effects of tightness may vary across metropolitan areas, equal and employment weight-

ing may produce different estimates. We give each observed MSA-quarter equal weight because

our interest is in how minority earnings gaps respond to tightening across local labor markets,

rather than in how tightness affects the average minority worker. Employment weighting instead

construct the measures by assigning residential PUMAs to the metropolitan area containing most of their residents
under the 2023 metropolitan delineations. The Census Bureau released no standard ACS one-year file for 2020, so
quarters in 2021 use the 2019 values.

8We express all changes as percentages of the same starting fixed-effects-only estimate, rather than of the estimate
immediately before each adjustment, so that the adjustments can be compared on a common scale.

9An alternative is to include state-by-year fixed effects, building on the literature’s use of regional time controls to
account for geographically uneven economic conditions (Allegretto et al. 2011; Dube et al. 2010). However, state-by-
year fixed effects are considerably less effective at absorbing the relevant compositional changes than trends: adding
composition controls to a specification already including state-by-year fixed effects changes the estimates by around
11 percent (Panel B of Table D.1).
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gives greater weight to markets with more minority jobs, even though those jobs face the same

measured tightness within each market-quarter. With all MSAs included, employment weighting

assigns more than half of the total weight to the 20 largest markets, but only about 6 percent to the

200 smallest.

5 Core Results

5.1 Baseline Estimates

Tighter local labor markets narrow the minority earnings gap, with larger reductions among new

stable hires. Table I reports the estimated effect of local labor-market tightness on the minority

earnings gap, for jobs held at the beginning of the quarter and for new stable hires. Tightness

is measured by minus the LAUS unemployment rate (columns 1 to 3) or by the log ratio of job

postings to unemployment (columns 4 to 6).

In our main specification using unemployment (column 3), a 1-percentage-point decline in local

unemployment narrows the minority earnings gap by approximately 0.2 percentage points for

beginning-of-quarter jobs and 0.3 percentage points for new stable hires.10 The same specification

with the vacancy-to-unemployment ratio as our measure of tightness (column 6) yields similar re-

sults: doubling this ratio narrows the earnings gap by 0.3 and 0.4 percentage points, respectively.11

The finding that tighter local labor markets narrow the minority earnings gap also holds in less re-

strictive specifications, although the estimated magnitude varies. Because our preferred controls

may absorb genuine earnings responses alongside confounding variation, we compare specifica-

tions to assess how these adjustments affect the estimated response. The alternative specifications

retain MSA-by-quarter-of-year fixed effects alone (columns 1 and 4) or add state-by-calendar-

quarter fixed effects (columns 2 and 5). The estimated responses remain negative and statistically

significant across most specifications, with generally larger magnitudes than under our preferred

specification. This pattern is consistent with compositional changes contributing, in less saturated

specifications, to the estimated narrowing of minority earnings gaps as markets tighten (Section 4).

Finally, tightening narrows minority earnings gaps more strongly among new hires than among

10For beginning-of-quarter jobs, the effect amounts to a reduction of approximately 0.5 percent relative to the
estimation-sample mean earnings gap of 40.3 percentage points. For new stable hires, the corresponding reduction is
approximately 1.3 percent relative to a mean gap of 23.6 percentage points.

11These estimates give each MSA-quarter equal weight. Table E.1 reports the same specifications weighting by minority
job counts and excluding the five largest metropolitan areas.
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TABLE I: TIGHTNESS AND THE MINORITY EARNINGS GAP

−U ln(V/U)

Outcome:
W - M earnings gap

MSA seasonal
FE only

Add state-
quarter FE

Add date FE
and trends

MSA seasonal
FE only

Add state-
quarter FE

Add date FE
and trends

Population: Beginning-of-quarter jobs
Tightness −0.61∗∗∗ −0.76∗∗∗ −0.21∗∗∗ −1.73∗∗∗ −0.57∗∗∗ −0.26∗∗

(0.04) (0.12) (0.05) (0.09) (0.21) (0.11)

Population: New stable hires
Tightness −1.17∗∗∗ −0.55∗∗∗ −0.30∗∗∗ −3.14∗∗∗ −0.34 −0.41∗∗

(0.04) (0.13) (0.08) (0.10) (0.25) (0.18)

Notes: Each cell reports a separate regression of the current-quarter minority earnings gap on the indicated tightness
measure over 2010Q3–2025Q2. The outcome is the white-minus-minority earnings gap, constructed as 100 times the
difference in log mean QWI monthly earnings. Entries are approximate percentage-point changes in the earnings gap
for a 1-percentage-point unemployment decline in the −U columns and a doubling of postings relative to unemploy-
ment in the ln(V/U) columns. All specifications include MSA-by-quarter-of-year fixed effects. Columns 2 and 5 add
state-by-calendar-quarter fixed effects; columns 3 and 6 instead add calendar-quarter fixed effects and MSA-specific
linear trends. All estimates are unweighted and use 21,613–22,158 observations in 368–374 MSAs. MSA-clustered stan-
dard errors are in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

beginning-of-quarter jobs. In our preferred specification, the response for new stable hires is about

40 percent more negative than for beginning-of-quarter jobs. This pattern is consistent with the

substantial responsiveness of entry wages to labor-market conditions documented by Martins et

al. (2012). New stable hires account for only about a tenth of minority jobs in a quarter, how-

ever, suggesting that their stronger response alone is unlikely to explain the earnings compression

observed for the broader stock of jobs.

5.2 The Choice of Tightness Measure

The effect of tightness on the minority earnings gap in Table I is negative and significant under

both the unemployment rate and the vacancy-to-unemployment ratio. Therefore, the finding that

tightness reduces earnings gaps does not depend on which of the two measures we use.

Because unemployment enters both measures, their agreement in Table I is at least partly mechan-

ical. We isolate what the vacancy side contributes by adding log postings per labor-force partici-

pant to equation (1) alongside the unemployment rate. Table E.3 places that specification beside

the baseline. The unemployment coefficient is unchanged for both earnings outcomes, while nei-

ther recruiting coefficient is distinguishable from zero. Once the fixed effects, in particular the

national movements, are absorbed, local variation in recruiting activity carries no information

about the gap beyond the unemployment rate.
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A null on the vacancy side could be an artifact of the job postings data we use, either because

online job postings are a poor measure of vacancies at the local level or because their coverage

grows non-linearly within MSA over the sample as advertising moves online, which would make

postings rise without any change in vacancies.

We conduct two analyses that argue against both explanations. The first, in Table E.4, replaces

online postings with the official vacancy count published in JOLTS, and repeats the estimation of

Table E.3 at the state level, the most granular geography for which that count exists. The coefficient

on the vacancy side is again indistinguishable from zero with either source of vacancies, although

the unemployment side is estimated imprecisely at this geographic level. The second compares

how fast the two sources grow. If expanding data coverage were driving the rise in postings, we

would expect faster growth in online job postings than in official openings. However, that’s not

the case. Postings per new stable hire rise about 5.8 percent a year over the sample and official

openings per new stable hire about 5.7 percent, with the ratio between the two showing no trend

distinguishable from zero. While we find no national difference, we observe some differences

across states and industries between the two measures, which prevents us from treating online

job postings as a valid measure at the local level. Nevertheless, these analyses suggest that the

null effect on the vacancy side of tightness is a feature of local labor markets rather than an artifact

of our postings measure.12

This result does not contradict the literature on tightness and wages. The vacancy-to-unemployment

ratio is the standard summary of tightness in work on aggregate wage growth, where it is formed

from officially counted vacancies and set against a national average wage (Benigno and Eggerts-

son 2023). Domash and Summers (2022) enter the two sides separately and find that the vacancy

side retains predictive power of its own over long samples. That evidence establishes an effect

on wage growth, and is uninformative about how that effect differs between white and minority

workers. A measure can be highly predictive of aggregate wage growth, yet uninformative about

an earnings gap if it primarily captures wage pressure common to both groups: the gap changes

only when white and minority earnings respond differently to that pressure. Thus, vacancies

may raise earnings broadly without predicting convergence across groups unless their incidence

or earnings effects differ between them. Moreover, their estimates rest on aggregate fluctuations

over time, while ours set those aside and use variation across markets. Using the unemployment

12Equation (1) also addresses coverage growth by construction: within a market, coverage that grows at a constant rate
enters the postings measure in logs as a linear time term, and the trends absorb it exactly.
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rate to measure tightness is consistent with previous work on racial earnings gaps. For instance,

Aaronson et al. (2019) use the distance between the national unemployment rate and the natural

rate, while Autor et al. (2024) build a state index from unemployment and employer-to-employer

separations.

Therefore, we use the unemployment rate as our measure of tightness in the remainder of the

paper: the two measures are equally informative for the gap, and the unemployment rate is mea-

sured consistently across markets. Moreover, our choice is in line with the most closely related

literature.

5.3 Nonlinearity in the Level of Slack

The constant slope in equation (1) imposes that a decline in unemployment from 9 to 8 percent car-

ries the same effect as a decline from 4 to 3. There is reason to question it: at high unemployment,

i.e., when labor-market slack is ample, an employer filling a vacancy can draw on a deep pool of

available workers, whereas in a market already near full employment the same additional tighten-

ing may require raising pay or reaching further into the applicant queue (Benigno and Eggertsson

2023; Phillips 1958).

Several channels could make the response to tightening differ by group. Consider hiring stan-

dards: employers raise education and experience requirements when workers are plentiful and

relax them when workers are scarce (Modestino et al. 2020). If the applicants those requirements

screen out are disproportionately minority, relaxing them as markets tighten will affect the gap,

and will affect it most where slack is already low. Employer wage-setting power and the difficulty

of changing jobs may work the same way, since both operate through a worker’s outside option.

When labor is abundant, that option is weak for everyone, especially workers with few alterna-

tive employers. As labor becomes scarce, alternatives expand, with the greatest increase among

those who initially had the fewest. National evidence shows this kind of state dependence: racial

gaps in employment narrow more once unemployment falls below the natural rate (Aaronson

et al. 2019). Here, we examine whether the minority earnings-gap response to tightening varies

with local labor-market slack. We then explore the potential roles of job mobility and employer

wage-setting power in Sections 7 and 9.

In Table II we relax the linearity assumption imposed in equation (1) by adding to our main spec-

ification a quadratic and a cubic term in tightness. The inclusion of these terms is motivated by
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the original Phillips curve, which is convex in the level of unemployment (Phillips 1958), and by

wage-bargaining models in which wages rise linearly with the vacancy-to-unemployment ratio

(Pissarides 2000). The polynomial approximates that shape without imposing a particular direc-

tion of change in the slope. The fitted slope is evaluated at unemployment rates of 8.9, 5.6 and 2.9

percent, which correspond to the 10th percentile, the mean, and the 90th percentile of the tightness

distribution.13

TABLE II: THE EFFECT OF TIGHTNESS AT COLD, AVERAGE, AND HOT MARKET CONDITIONS

Outcome:
W - M earnings gap

Cold
U = 8.87%

Difference:
avg. – cold

Average
U = 5.60%

Difference:
hot – avg.

Hot
U = 2.93%

Difference:
hot – cold

Panel A. Tightness slopes at each market condition
Population: Beginning-of-quarter jobs
Tightness −0.20∗∗∗ — −0.28∗∗∗ — −0.36∗∗∗ —

(0.06) (0.08) (0.12)

Population: New stable hires
Tightness −0.22∗∗ — −0.40∗∗∗ — −0.62∗∗∗ —

(0.09) (0.12) (0.18)

Panel B. Differences between the tightness slopes
Population: Beginning-of-quarter jobs
Tightness — −0.08 — −0.09 — −0.16

(0.05) (0.07) (0.12)

Population: New stable hires
Tightness — −0.18∗∗∗ — −0.23∗∗∗ — −0.41∗∗∗

(0.07) (0.08) (0.15)

Notes: The outcome is the white-minus-minority earnings gap, constructed as 100 times the difference in log mean
QWI monthly earnings. Panel A reports fitted responses to a 1-percentage-point unemployment decline from a cubic
specification in tightness; Panel B reports differences between these responses. Entries are in percentage points: Panel
A reports changes in the earnings gap and Panel B differences between those changes. All specifications include MSA-
by-quarter-of-year and calendar-quarter fixed effects and MSA-specific linear trends. Estimates are unweighted and
use 21,990–22,158 observations in 374 MSAs over 2010Q3–2025Q2. Cold and hot conditions correspond to the 90th and
10th percentiles of unemployment outside 2020; average conditions use the full-sample mean. Panel B subtracts the
cooler-market response from the hotter-market response in the indicated order. Standard errors in parentheses use the
MSA-clustered covariance matrix, including covariance between responses. Stars test a zero response in Panel A and a
zero difference in Panel B: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

The response steepens as slack is exhausted. For a 1-percentage-point unemployment decline,

the estimated narrowing of the gap for jobs held at the beginning of the quarter rises from 0.2

percentage points in cold markets to 0.3 at average conditions and 0.4 in hot markets, and for

new stable hires from 0.2 to 0.4 to 0.6 percentage points. Gains from a high-pressure economy are

therefore larger where markets are already tight.

13The two percentiles are taken excluding 2020 while the mean is taken over the whole window, so that Table II and
Table E.2, which excludes 2020, are evaluated at the same three conditions.
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The effects on the two job populations diverge as slack disappears. Compared to the response

for all jobs, new hires’ response is the same in cold markets and almost doubles in hot ones.

The stronger response of entry pay is therefore a feature of tight markets rather than a constant

property of the relationship.

Panel B tests whether the slopes differ across conditions, using their estimated covariance. Moving

from cold to hot markets increases the estimated earnings-gap compression by 0.2 percentage

points for jobs held at the beginning of the quarter and by 0.4 percentage points for new stable

hires, with the differences more precisely estimated for new hires. These differences are sizable

relative to the average effect of tightening: the additional compression from cold to hot markets

exceeds that effect for new stable hires and amounts to about three-quarters of it for beginning-of-

quarter jobs.

5.4 Stability Across Historical Periods

The overall relationship we estimate between tightness and earnings-gap compression could be

driven by one or a few historical episodes in which unobserved local developments affected earn-

ings gaps and were correlated with tightness. We find, however, that this relationship recurs

across distinct periods, including both expansions and contractions, arguing against an explana-

tion based on episode-specific confounding.

Figure I shows the relationship between tightness and minority earnings gaps across six different

periods in our sample. We estimate period-specific tightness responses jointly for each earnings

population, extending the sample back to 2002 to use as much history as the data allow. Each

period corresponds to a distinct macroeconomic episode: the expansion of 2002–2007, the reces-

sion of 2008–2009, the slow recovery through 2014, the more robust expansion of 2015–2019, the

pandemic year, and the expansion of 2021–2025. MSA intercepts and linear trends vary across

windows, while MSA-by-quarter-of-year effects are common across periods. Cross-window mag-

nitudes are not directly comparable: shorter windows retain less identifying variation after fitting

local trends, while geographic coverage expands over time as states enter the QWI.

The estimate for jobs held at the beginning of the quarter is negative in every window, including

the periods preceding our main estimation sample. Across these periods, a 1-percentage-point

decline in unemployment narrows the minority earnings gap by approximately 0.1 to 0.4 percent-

age points. The estimates for new stable hires are generally more negative than those for all jobs
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and are also broadly consistent across periods. Although the shorter estimation windows leave

greater uncertainty around the individual estimates, taken together, these estimates indicate that

the relationship between tightness and minority earnings gaps persists over time and is not driven

by a single historical episode.

FIGURE I: THE EFFECT OF TIGHTNESS ON THE MINORITY EARNINGS GAP, BY PERIOD
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Notes: Each point reports the period-specific response of the current-quarter minority earnings gap to tightness, from
one regression per earnings population estimated jointly across periods. The outcome is the white-minus-minority
earnings gap, constructed as 100 times the difference in log mean QWI monthly earnings. Entries are approximate
percentage-point changes in the earnings gap for a 1-percentage-point unemployment decline. All specifications in-
clude MSA-by-quarter-of-year and calendar-quarter fixed effects, with MSA effects and MSA-specific linear trends
fitted within each period. Each period is a distinct macroeconomic episode. All estimates are unweighted and use
34,590 observations for beginning-of-quarter jobs and 34,138 for new stable hires in 374 MSAs over 2002Q1–2025Q2,
with the all-period MSA exclusions described in Table D.1. Period-specific counts range from 1,488 to 8,739 and from
1,482 to 8,514, respectively, as metropolitan coverage expands when states enter the QWI. Vertical bars show 90 percent
confidence intervals based on MSA-clustered standard errors.

6 Assessing the Role of Composition and Policy

The narrowing of minority earnings gaps in tighter labor markets could reflect changes in worker

composition, a shift in vacancy composition toward occupations in which minorities are concen-

trated, or changes in concurrent public and employer policies during our sample period. We first

assess whether changes in worker composition or selective geographic mobility explain this nar-

rowing, then examine whether shifts in occupational demand account for the aggregate-tightness

relationship. Finally, we examine whether changes in minimum wages or employers’ DEI engage-

ment explain the earnings compression associated with tightening.
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6.1 Worker-side Composition

Our earnings gap outcome compares the mean earnings of white and minority workers employed

in an MSA, so their earnings could converge if the characteristics of the two workforces changed

differently as markets tightened. Accounting for observed workforce and population characteris-

tics leaves the estimates unchanged. Similarly, selection into cross-MSA employer changes based

on previous earnings does not contribute to the narrowing of the gap.

To assess whether changes in demographic composition explain the effects of tightness on earn-

ings gaps, we add MSA-level controls constructed from the CPS and ACS to our specification,

retaining QWI earnings gaps as the outcome. To capture earnings-related differences in the em-

ployed workforce, we first add white-minus-minority differences in age, sex, education, and mari-

tal status.14 To account for the importance of migration during our period of study and its differen-

tial relevance across areas, the next ACS block adds immigration history and English proficiency

to the previous basic demographics. The lack of comparable immigration information in our CPS

extract precludes the same adjustment there. Finally, we add all-race population shares describing

education, age, and, in the ACS, foreign birth. This last set of controls captures broader changes

in local labor supply and MSA structure that could affect both tightness and earnings gaps. Be-

cause of the limited geographic detail in the public-use CPS and ACS files, these comparisons

are restricted to fewer MSAs than the main analysis. Specifically, geographic identification and

matching requirements restrict the exercise to 260 MSAs in the CPS and 237 MSAs over 2012–2024

(excluding 2020) in the ACS. For each survey, a no-controls baseline estimate on the same restricted

sample provides the benchmark against which we compare the adjusted estimates, so that sample

differences are not attributed to the controls. Appendix F.1.1 provides additional details on the

covariates, survey populations, and timing.

The baseline estimate barely changes across the adjustments, as shown in Table III. In both the

CPS- and ACS-restricted samples, a 1-percentage-point unemployment decline still narrows the

minority earnings gap by about 0.25 percentage points for beginning-of-quarter jobs and 0.4 per-

centage points for new stable hires, with the estimates essentially unchanged after adding con-

trols. Observed changes in workforce and population composition therefore do not account for

the narrowing of the earnings gap with tightness.

Demographic controls account for observed workforce differences, but workers moving between

14The ACS controls also include differences in disability status.
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TABLE III: MINORITY EARNINGS GAPS AND WORKER COMPOSITION

Outcome:
W - M earnings gap Baseline

Add demographic
differences

Also add immigration
differences

Also add aggregate
population shares

Panel A. ACS workforce and population controls
Population: Beginning-of-quarter jobs
Tightness −0.26∗∗∗ −0.26∗∗∗ −0.24∗∗∗ −0.25∗∗∗

(0.09) (0.08) (0.08) (0.08)

Population: New stable hires
Tightness −0.42∗∗∗ −0.44∗∗∗ −0.42∗∗∗ −0.43∗∗∗

(0.14) (0.14) (0.14) (0.14)

Panel B. CPS workforce and population controls
Population: Beginning-of-quarter jobs
Tightness −0.24∗∗∗ −0.25∗∗∗ — −0.25∗∗∗

(0.06) (0.06) (0.06)

Population: New stable hires
Tightness −0.36∗∗∗ −0.36∗∗∗ — −0.36∗∗∗

(0.10) (0.10) (0.10)

Notes: Each cell reports a separate regression of the current-quarter minority earnings gap on tightness. The outcome
is the white-minus-minority earnings gap, constructed as 100 times the difference in log mean QWI monthly earnings.
Entries are approximate percentage-point changes in the earnings gap for a 1-percentage-point unemployment decline.
All specifications include MSA-by-quarter-of-year and calendar-quarter fixed effects and MSA-specific linear trends.
Estimates are unweighted. Controls, constructed using survey weights, accumulate within each panel; columns share
a common sample within each earnings population. Workforce and immigration controls are white-minus-minority
differences; population controls are all-race shares. The immigration adjustment is available only in the ACS. Panel A
covers 2012–2019 and 2021–2024, with 11,204–11,226 observations in 237 MSAs; annual controls are assigned to each
year’s QWI quarters. Panel B covers 2010Q3–2025Q1, with 12,068–12,099 observations in 260 MSAs. MSA-clustered
standard errors are in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

MSAs may also differ in unobserved characteristics that affect their earnings. An inflow of rel-

atively high-earning minority workers or an outflow of relatively low-earning minority workers

could narrow the local gap without improving earnings for other workers. To assess the role of

this type of selection, we focus on movers’ previous earnings, which capture differences reflected

in pay that the demographic controls need not capture. We focus on earnings before the move

because earnings at the new job may already reflect improved opportunities: attributing those

gains to composition would credit the arrival of new workers with an improvement that the move

itself produced.15 We use J2J origin–destination data, which report mean earnings before and af-

ter cross-MSA employer changes among continuously employed workers. Panel A of Table IV

shows that employer-to-employer moves across MSAs, especially incoming moves, increase more

for minorities than for whites as markets tighten. This suggests that selective cross-MSA sorting

15Previous earnings also reflect the origin employer and local labor-market conditions, so they summarize movers’
prior earnings positions rather than provide a pure measure of worker productivity.
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could be particularly relevant to earnings-gap compression.

Panel B compares movers’ previous earnings with the mean earnings of their own group in the

relevant local workforce: the destination for arrivals and the origin for departures. As markets

tighten, the previous earnings of movers decline relative to these benchmarks. Selection into cross-

MSA moves thus shifts toward lower-paid workers within each group, with no clear difference

between whites and minorities. This similarity, however, does not by itself imply that the flows

have the same effect on minority earnings gaps. Their contribution to each group’s mean also

depends on how many workers move and how far their earnings lie from that mean.

To quantify those contributions, we combine the number of movers with their previous earnings.

For departures, we compare the pre-move local mean with the mean after removing departing

workers and their earnings. For arrivals, we compare the mean earnings of the destination’s other

workers with the mean after adding arrivals at their previous pay. The arrival comparison there-

fore values workers at origin earnings but measures their contribution at the destination, without

treating earnings gains at the new job as a change in composition. We calculate each contribution

separately for whites and minorities, take the difference between the groups, and add the arrival

and departure contributions to obtain their combined effect on the earnings gap. Appendix F.1.2

provides the construction details and timing conventions.

The accounting shows that arrivals and departures affect the two groups’ mean earnings differ-

ently, but their contributions to the gap cancel out (Panel C). For a 1-percentage-point unemploy-

ment decline, the arrival contribution, valued at previous pay, widens the minority earnings gap

by about 0.005 percentage points. Departures work in the opposite direction: removing leavers

narrows the gap by roughly the same amount. The combined response of the minority earnings

gap is approximately −0.0001 percentage points, with a standard error of 0.0030 percentage points.

Thus, although cross-MSA job mobility increases more for minorities and the earnings position of

movers changes with tightness, the net contribution of these flows to the earnings gap is small and

statistically insignificant. Together with the demographic adjustments, this provides little support

for changes in worker composition as an explanation of our earnings-gap finding.

6.2 Vacancy-side Composition

Changes in aggregate tightness could simply reflect a shift in the composition of vacancies toward

occupations in which minorities are concentrated. Earnings gaps would then narrow because
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TABLE IV: CROSS-MSA JOB MOBILITY AND ITS CONTRIBUTION TO LOCAL EARNINGS GAPS

White minorities White minus minority

Panel A. Cross-MSA employer flows
Outcome: Incoming cross-MSA moves / local stable jobs
Tightness +0.02∗∗∗ +0.03∗∗∗ −0.01∗∗∗

(0.00) (0.00) (0.00)

Outcome: Outgoing cross-MSA moves / local stable jobs
Tightness +0.01∗∗∗ +0.02∗∗∗ −0.00

(0.00) (0.00) (0.00)

Panel B. Movers’ earnings relative to their group’s local workforce
Outcome: Pre-move earnings / destination pre-move mean
Population: Arrivals
Tightness −0.37∗∗∗ −0.39∗∗∗ +0.02

(0.14) (0.15) (0.16)

Outcome: Pre-move earnings / origin pre-move mean
Population: Departures
Tightness −0.54∗∗∗ −0.51∗∗∗ −0.02

(0.13) (0.14) (0.12)

Panel C. Flow contributions at pre-move earnings
Outcome: Removing departing workers
Tightness +0.006∗∗∗ +0.011∗∗∗ −0.005∗∗

(0.001) (0.002) (0.002)

Outcome: Arrivals valued at pre-move earnings
Tightness −0.007∗∗∗ −0.011∗∗∗ +0.005∗∗

(0.002) (0.002) (0.002)

Outcome: Combined flow contribution at pre-move pay
Tightness −0.001 −0.001 −0.000

(0.002) (0.003) (0.003)

Notes: Each cell reports a separate regression of the indicated outcome on tightness. Entries are responses to a 1-
percentage-point unemployment decline; the final column directly estimates the white-minus-minority response. All
specifications include MSA-by-quarter-of-year and calendar-quarter fixed effects and MSA-specific linear trends. Es-
timates are unweighted and use a common sample of 21,752 observations in 374 MSAs over 2010Q3–2025Q1. Panel
A reports percentage-point changes in J2JOD employer moves between distinct MSAs, divided by same-group local
stable jobs: destination jobs in t + 1 for arrivals and origin jobs in t − 1 for departures. These are workplace changes,
not necessarily residential moves. In Panel B, the first two columns report approximate percent changes in movers’ pre-
move earnings relative to their own group’s local pre-move mean; the final column reports the difference between these
responses in percentage points. In Panel C, the first two columns report approximate percentage contributions to each
group’s local mean earnings from removing departures, adding arrivals at pre-move pay, and combining both flows;
the final column reports the corresponding percentage-point contributions to the minority earnings gap. Black and
Hispanic counts and earnings totals are pooled before constructing minority outcomes. Appendix F.1.2 provides the
formulas and sample restrictions. MSA-clustered standard errors are in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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demand rises disproportionately for these occupations, rather than because the local labor market

tightens more broadly. Both explanations imply genuine relative earnings gains for minorities,

but they point to different mechanisms through which tighter labor markets compress minority

earnings gaps. We find that controlling for minority-relative occupational conditions leaves the

estimated effect of aggregate tightness essentially unchanged. These findings suggest that broader

tightening improves minorities’ relative earnings through channels beyond stronger demand for

minority-heavy occupations.

We construct minority-relative occupational tightness, Rmt, from recruiting and unemployment

conditions in eight broad occupational groups, as follows:

θr
mt =

∑o sr
moy(t)vmot

∑o sr
moy(t)ˆ︁umot

, Rmt = log θM
mt − log θW

mt, (2)

where r indexes the two groups, with M and W denoting minorities and whites. Within each

MSA and occupation, recruiting intensity, vmot, is Lightcast postings divided by employment in a

fixed baseline period, making recruiting comparable across occupations of different sizes. We ap-

proximate local occupational unemployment, ˆ︁umot, by multiplying the MSA unemployment rate

from LAUS by the ratio of the occupation’s national unemployment rate to the national average,

with both national rates calculated from the CPS. This preserves local differences in overall unem-

ployment while allowing conditions to differ across occupations. We average recruiting intensity

and unemployment separately using each group’s time-varying ACS employment shares by oc-

cupation, sr
moy(t), which gives greater weight to occupations where more of its members work.

Each group’s tightness index, θr
mt, is the ratio of these two averages, and minority-relative tight-

ness is the difference between the groups’ log indices.16 A higher Rmt indicates more favorable

occupational conditions for minorities relative to whites. The comparison between minorities and

whites reflects the occupations in which each group works, not vacancies or local unemployment

observed separately by group. Appendix F.2 details the underlying measures, occupational map-

pings, and updating rules.

We include this relative index alongside aggregate tightness in the main specification of Section 4.

The comparison examines whether the earnings gap still narrows with broader local tightening

16An unemployment-only measure of relative occupational tightness is highly correlated with aggregate −U (0.61
after removing MSA-by-quarter-of-year and calendar-quarter effects and MSA trends). We therefore use the relative
occupational ln(V/U) measure, whose correlation with aggregate −U is much lower (−0.04).
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when relative occupational conditions are held constant, and whether improvements in those

conditions have themselves an additional relationship with the gap. The limited geographic de-

tail in the ACS restricts MSA coverage, and we also require a minimum number (100) of minority

employment observations to construct the occupational shares. These requirements restrict this

exercise to 212 MSAs over 2010Q3–2025Q2.17 We therefore compare the joint estimates with the

aggregate-only estimates on the same sample, rather than with the larger-sample headline coeffi-

cient.

Accounting for minority-relative occupational conditions leaves the estimated effect of aggregate

tightness essentially unchanged (Table V). More favorable minority-relative occupational condi-

tions are weakly associated with additional earnings compression among new stable hires, but the

corresponding estimate for beginning-of-quarter jobs is not statistically significant. After includ-

ing the index, a 1-percentage-point unemployment decline narrows the minority earnings gap by

approximately 0.3 percentage points for beginning-of-quarter jobs and 0.4 percentage points for

new stable hires, essentially unchanged from the estimates without the occupational index. Panel

B makes the magnitudes of the estimates for both tightness measures comparable by scaling each

coefficient by the corresponding measure’s standard deviation after accounting for the other mea-

sure, fixed effects, and trends.18 A one-standard-deviation improvement in minority-relative oc-

cupational tightness is associated with a narrowing of the minority earnings gap of approximately

0.1 percentage points for both beginning-of-quarter jobs and new stable hires. These responses are

approximately 30 and 45 percent as large as the corresponding responses to aggregate tightness,

respectively. Relative occupational demand therefore is insufficient to explain why broader tight-

ening narrows the gap.

6.3 Policy Levers

Beyond changes in worker and vacancy composition, the earnings compression associated with

tightening could reflect policies affecting pay and access to jobs. Higher minimum wages or

greater employer commitment to inclusion could improve minorities’ relative earnings and, if

17Geographic matching supports 240 MSAs. Requiring at least 100 unweighted minority employment records across
the 2012–2014 ACS releases, to construct the occupational shares, leaves 212. The national CPS occupational rates do
not further restrict MSA coverage.

18We regress each measure on the other tightness measure, fixed effects, and trends and use the residual standard
deviation on the estimation sample. For the preferred pairing, these are approximately 0.718 percentage points for
aggregate −U and 0.054 log points for relative occupational tightness. Coefficients and standard errors receive the
same scaling, leaving significance unchanged. These conditional responses are not additive contributions to overall
compression.
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TABLE V: AGGREGATE AND MINORITY-RELATIVE OCCUPATIONAL TIGHTNESS

Outcome:
W - M earnings gap

Aggregate tightness:
−U

Aggregate tightness:
ln(V/U)

Panel A. Baseline scaling
Population: Beginning-of-quarter jobs
Aggregate tightness −0.27∗∗∗ −0.45∗∗∗

(0.06) (0.15)
Minority-relative occupational tightness −0.79 −0.59

(0.57) (0.56)

Population: New stable hires
Aggregate tightness −0.39∗∗∗ −0.61∗∗∗

(0.10) (0.23)
Minority-relative occupational tightness −1.62∗ −1.35

(0.84) (0.82)

Panel B. Standardized effects
Population: Beginning-of-quarter jobs
Aggregate tightness −0.20∗∗∗ −0.14∗∗∗

(0.04) (0.05)
Minority-relative occupational tightness −0.06 −0.05

(0.04) (0.04)

Population: New stable hires
Aggregate tightness −0.28∗∗∗ −0.19∗∗∗

(0.07) (0.07)
Minority-relative occupational tightness −0.13∗ −0.10

(0.07) (0.06)

Notes: Each column within an earnings population reports a regression including aggregate and minority-relative oc-
cupational tightness. The outcome is the white-minus-minority earnings gap, constructed as 100 times the difference
in log mean QWI monthly earnings. Entries are approximate percentage-point changes in the earnings gap. All speci-
fications include MSA-by-quarter-of-year and calendar-quarter fixed effects and MSA-specific linear trends. Estimates
are unweighted and use 12,548–12,572 observations in 212 MSAs over 2010Q3–2025Q2; both columns use identical
observations within each earnings population. Panel A scales aggregate −U to a 1-percentage-point unemployment
decline and log-V/U measures to a doubling. For minority-relative tightness, this is a doubling of the minority-to-white
occupational-tightness ratio. Panel B scales each coefficient by its regressor’s standard deviation after accounting for
the other tightness measure, fixed effects, and trends. The occupational indices combine recruiting and unemployment
conditions across eight occupational groups using annually updated employment shares separately for white and mi-
nority workers; Appendix F.2 details their construction. MSA-clustered standard errors are in parentheses. ∗p < 0.10,
∗∗p < 0.05, ∗∗∗p < 0.01.

they coincide with tighter markets, partly explain this relationship. We examine these two possi-

bilities by adding minimum wages and posting-based measures of DEI engagement to our main

specification. Accounting for either leaves the estimated effect of tightness unchanged.

6.3.1 Minimum Wages

Minimum-wage increases can narrow minority earnings gaps because minorities are dispropor-

tionately represented among workers whose pay is affected (Wursten and Reich 2023). State and
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local wage floors rose substantially during the 2010s (Aaronson et al. 2020), and previous evidence

also links higher minimum wages to stronger labor-market conditions (Başkaya and Rubinstein

2012).19 If these policy changes coincide with tightening, part of the earnings compression could

therefore reflect higher wage floors rather than improved labor-market conditions.

To assess this possibility, we add the real statutory minimum wage to the preferred specification

in Section 4. The measure uses the higher of the state and federal minimum wages, averaged

within each quarter and expressed in 2024 dollars. For MSAs crossing state borders, we combine

state values using fixed employment shares, so that the measure does not change simply because

employment shifts toward the part of the MSA with a higher wage floor. We compare the base-

line and adjusted estimates on identical observations within each earnings population, retaining

beginning-of-quarter jobs and new stable hires over 2010Q3–2025Q2. Appendix F.3.1 provides the

construction details.

TABLE VI: EARNINGS-GAP COMPRESSION AFTER ACCOUNTING FOR MINIMUM WAGES

Outcome:
W - M earnings gap Baseline + Minimum wage

Population: Beginning-of-quarter jobs
Tightness (−U) −0.21∗∗∗ −0.22∗∗∗

(0.05) (0.05)
Real effective minimum wage — −0.18

(0.11)

Population: New stable hires
Tightness (−U) −0.30∗∗∗ −0.31∗∗∗

(0.08) (0.08)
Real effective minimum wage — −0.34∗∗

(0.14)

Notes: Each column within an earnings population reports a regression of the current-quarter minority earnings gap on
tightness, with or without the real minimum wage. The outcome is the white-minus-minority earnings gap, constructed
as 100 times the difference in log mean QWI monthly earnings. Entries are approximate percentage-point changes in
the earnings gap for a 1-percentage-point unemployment decline or a one-dollar increase in the minimum wage, in
2024 dollars. All specifications include MSA-by-quarter-of-year and calendar-quarter fixed effects and MSA-specific
linear trends. Estimates are unweighted and use 21,990–22,158 observations in 374 MSAs over 2010Q3–2025Q2. Both
columns use identical observations within each earnings population. The wage floor averages applicable state/federal
rates within each quarter; fixed employment shares combine state rates in cross-state MSAs. Local ordinances are not
comprehensively captured. Appendix F.3.1 provides the construction details. The adjusted column’s two coefficients
come from the same regression. MSA-clustered standard errors are in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Accounting for minimum wages leaves the earnings-gap response to tightness essentially un-

changed (Table VI). For a 1-percentage-point unemployment decline, the estimated narrowing

of the minority earnings gap remains 0.2 percentage points among beginning-of-quarter jobs and

19That analysis uses state-year observations for 1978–2007, outside of our period of analysis.
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around 0.3 percentage points among new stable hires. Higher minimum wages are themselves

associated with narrower gaps, particularly among new hires: a one-dollar increase in the real

wage floor is associated with a 0.3-percentage-point narrower minority earnings gap among new

hires. The corresponding estimate for beginning-of-quarter jobs is a statistically insignificant 0.2

percentage points. Minimum wages may therefore contribute to narrower earnings gaps, but their

observed variation does not account for the earnings compression associated with tightening.

6.3.2 Diversity, Equity, and Inclusion

Employers’ efforts to broaden recruitment and support underrepresented workers could also con-

tribute to minority earnings compression. These initiatives became more prominent during our

sample period, particularly following 2020 (Abdelwahed 2025; Indeed and Glassdoor 2022), and

their scale appears sensitive to firms’ economic circumstances (Ayas et al. 2023). Because stronger

local demand improves those circumstances while also tightening labor markets, employers may

have greater scope to expand these initiatives precisely when markets are tight. Therefore, part

of the estimated tightening response could reflect changes in employers’ commitment to inclu-

sion. We assess this possibility by exploiting the full text of job postings to construct two novel

measures of diversity, equity, and inclusion (DEI) engagement. Accounting for either leaves the

earnings-gap response to tightening essentially unchanged.

To identify language describing inclusion commitments, practices, and specialized DEI roles we

apply a rule-based algorithm to job-advertisement titles and bodies. After standardizing text for-

matting, the algorithm searches for predefined phrases and combinations of words. Some rules

require words to appear close together—for example, language encouraging applications along-

side a reference to underrepresented groups—rather than relying on isolated mentions of diversity

or inclusion. The rules accommodate common wording variants and record whether qualifying

language is present, rather than counting how often DEI-related words appear. Appendix F.3.2.1

describes the algorithm in detail.

We use the resulting classifications to construct two indicators of DEI engagement. Our first mea-

sure, substantive DEI content, captures employers’ stated commitments or actions to promote

inclusion. It flags language describing commitments to an inclusive workplace, outreach to un-

derrepresented applicants, inclusive hiring practices, or support for employee resource groups.

We do not count “boilerplate” legal language, including generic equal-opportunity and nondis-
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crimination statements, as evidence of substantive DEI content. Our second measure, recruitment

for specialized DEI roles, captures employers’ decisions to advertise positions with a dedicated

DEI function. It identifies explicit DEI functions or combinations of inclusion-related language

and occupational terms in job titles, such as “diversity manager,” while excluding specified unre-

lated uses, such as “financial equity.” This measure captures advertisements for those roles, not

all vacancies posted by employers that recruit for them. Across our posting sample, the algorithm

identifies specialized DEI roles in 0.03 percent of advertisements and substantive DEI content in

6.6 percent of them. Both measures encompass inclusion beyond race and describe advertised

engagement, not verified implementation or effectiveness.

Comparisons with human reviews lend support to both measures as indicators of advertised DEI

engagement, with closer agreement on specialized roles than on substantive inclusion language.

We compare the algorithmic classifications with human reviews of 600 postings, using a sample

that oversamples algorithm-positive postings and edge cases. For specialized DEI roles, the al-

gorithm agrees with human reviewers in 88 percent of cases. The corresponding agreement rate

for substantive DEI content is 69 percent. Greater disagreement over substantive content is ex-

pected, given the more subjective nature of its classification. In the human-reviewed sample, the

algorithm classifies more advertisements as substantive than human reviewers. The algorithm

captures most human-identified substantive content but also identifies cases that reviewers do

not accept. In particular, the algorithm counts explicit inclusion commitments even when no con-

crete initiative is described. Human reviewers appear to apply a stricter threshold, treating some

of these commitments as generic employer language rather than substantive engagement. Ap-

pendix F.3.2.1 provides the review procedures and detailed comparisons.

External comparisons suggest that employers whose job postings more often contain substan-

tive DEI content also show broader commitments to inclusion. We assess this relationship us-

ing commitments documented outside employers’ advertisements. Among employers commit-

ted to pursuing Black Equity at Work certification—a program setting standards for workplace

racial equity—substantive DEI content appears in approximately 35 percent of postings on aver-

age, compared with 6 percent among employers in similar industries and with comparable post-

ing volumes. Substantive DEI content in job postings is also more prevalent among the career-

services sponsors and partners listed by North Carolina A&T, a historically Black university.20

20Neither DEI measure clearly predicts smaller Black–white callback disparities in the independent correspondence
experiment reported by Kline et al. (2024). However, the comparison includes only 92 employers, which may limit

28



Appendix F.3.2.2 reports these comparisons.

To assess whether local DEI engagement accounts for the earnings compression associated with

tightening, we construct separate MSA-level shares of eligible advertisements containing sub-

stantive DEI content and advertising specialized DEI roles. We pool postings over the current

and previous three quarters to smooth fluctuations in relatively uncommon DEI recruiting. We

then add each measure separately to the preferred specification in Section 4. Because classified

postings begin in 2010Q3, the four-quarter DEI shares restrict this comparison to 2011Q2–2025Q2.

We re-estimate the baseline on the same observations so that changes from the baseline tightness

estimate reflect the added control rather than sample differences. Appendix F.3.2.3 provides addi-

tional detail on the construction and scaling of the DEI measures.

TABLE VII: EARNINGS-GAP COMPRESSION AFTER ACCOUNTING FOR DEI ENGAGEMENT

Outcome:
W - M earnings gap Substantive DEI content Specialized DEI roles

Population: Beginning-of-quarter jobs
Tightness (−U) −0.22∗∗∗ −0.22∗∗∗

(0.05) (0.05)
DEI control −0.04 +0.00

(0.05) (0.05)

Population: New stable hires
Tightness (−U) −0.28∗∗∗ −0.28∗∗∗

(0.09) (0.09)
DEI control +0.09 −0.03

(0.09) (0.10)

Notes: Each column within an earnings population reports a regression including tightness and the indicated DEI con-
trol; the two DEI measures enter separately. The outcome is the white-minus-minority earnings gap, constructed as
100 times the difference in log mean QWI monthly earnings. Entries are approximate percentage-point changes in the
earnings gap for a 1-percentage-point unemployment decline or a one-interquartile-range increase in DEI engagement.
All specifications include MSA-by-quarter-of-year and calendar-quarter fixed effects and MSA-specific linear trends.
Estimates are unweighted and use 20,536–20,694 observations in 368 MSAs over 2011Q2–2025Q2, with identical ob-
servations across columns within each earnings population. DEI shares pool eligible advertisements over the current
and previous three quarters. Substantive content identifies inclusion commitments or actions beyond legal boilerplate;
specialized roles identify recruitment for dedicated DEI functions. Reference interquartile ranges, from the 2017–2019
distribution across 374 MSAs, are 2.31 percentage points for substantive content and 2.12 advertisements per 10,000 for
specialized roles. Appendix F.3.2.3 details construction and scaling. MSA-clustered standard errors are in parentheses.
∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Accounting for either DEI measure leaves the earnings-gap response to tightening essentially un-

changed (Table VII). A 1-percentage-point unemployment decline is associated with a narrowing

of the minority earnings gap of approximately 0.2 percentage points for beginning-of-quarter jobs

and 0.3 percentage points for new stable hires. These estimates are the same as those obtained

our ability to detect such a relationship.
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without DEI controls. The DEI measures themselves have little explanatory power and are in-

significant. Therefore, changes in DEI engagement captured by our posting-based measures do

not account for the narrowing of the minority earnings gap as labor markets tighten.

7 Transition Frequency and Earnings-Gap Compression

Workers change employers more often when labor markets tighten (Akerlof et al. 1988), and those

moves on average reallocate them toward better-paying employers (Moscarini and Postel-Vinay

2018). Tightening may raise mobility unevenly across groups of workers, and a difference in

those responses could account for the compression documented in Section 5. We assess whether

minority transition rates rise more strongly than white transition rates as markets tighten, and

then examine whether these relative changes can account for the effect of tightness on the earnings

gap. Minorities’ hiring and job-to-job transitions rise more strongly as markets tighten, but these

increases do not explain why tightness narrows the earnings gap.

We measure transitions using LEHD’s Job-to-Job Flows data. From these data, we construct sepa-

rate rates of hiring from another employer or from nonemployment, and of separation to another

employer or into nonemployment. Each J2J rate divides the quarterly flow by average main-job

employment at the beginning and end of the quarter.21 We also use the QWI to compare initial hir-

ing with hiring that reaches stable status (i.e., employment relationships that continue through the

following quarter). For each measure, the comparison is the white rate minus the minority rate,

where the latter is constructed by weighting Black and Hispanic rates by each group’s beginning-

of-quarter employment in the QWI. Appendix G provides further details on the measurement of

each rate and on the estimates behind each panel.

Panel A of Table VIII shows that tighter labor markets increase hiring more strongly for minority

workers than for white workers. For hiring from another employer, a 1-percentage-point decline

in local unemployment raises the hiring rate through direct employer changes by 0.10 percentage

points for white workers and by 0.14 for minority workers. The contrast is sharper for the hiring

rate from nonemployment, which rises only for minority workers. Both differential responses are

precisely estimated.

The separation results reinforce this pattern. Separations to another employer rise by 0.11 per-

21Flows accrue over the whole quarter while employment is measured at a single point in time. Averaging the begin-
ning and the end approximates average employment over the quarter, which is the conventional base for a quarterly
flow rate.
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TABLE VIII: TRANSITION RATES AND LOCAL LABOR-MARKET TIGHTNESS

Panel A. Job transitions and access to stable jobs
White minorities White minus minority

Outcome: Direct employer-change hires (EE)
Tightness +0.10∗∗∗ +0.14∗∗∗ −0.04∗∗∗

(0.01) (0.02) (0.01)

Outcome: Direct employer-change separations (EE)
Tightness +0.07∗∗∗ +0.11∗∗∗ −0.04∗∗∗

(0.01) (0.01) (0.01)

Outcome: Hires from nonemployment (NE)
Tightness +0.03 +0.08∗∗∗ −0.05∗∗∗

(0.02) (0.02) (0.01)

Outcome: Separations into nonemployment (EN)
Tightness −0.04 −0.04 +0.01

(0.03) (0.03) (0.01)

Outcome: Initial hires in entry quarter t
Tightness +0.26∗∗∗ +0.48∗∗∗ −0.23∗∗∗

(0.02) (0.06) (0.04)

Outcome: Subsequent stable hires, recorded in t+1
Tightness +0.09∗∗∗ +0.13∗∗∗ −0.04∗∗∗

(0.01) (0.02) (0.01)

Panel B. White-minus-minority transition responses by market temperature
Cold Average Hot

Outcome: Direct employer-change hires (EE)
Tightness −0.04∗∗∗ −0.10∗∗∗ −0.16∗∗∗

(0.01) (0.01) (0.02)

Outcome: Direct employer-change separations (EE)
Tightness −0.04∗∗∗ −0.09∗∗∗ −0.13∗∗∗

(0.01) (0.01) (0.02)

Outcome: Hires from nonemployment (NE)
Tightness −0.06∗∗∗ −0.04∗∗ −0.02

(0.01) (0.02) (0.03)

Outcome: Separations into nonemployment (EN)
Tightness +0.01 −0.01 −0.04∗∗

(0.01) (0.01) (0.02)

Notes: Each cell reports a response of the indicated transition rate to a 1-percentage-point unemployment decline, in
percentage points. Panel A reports linear estimates for white workers, minorities, and their directly estimated differ-
ence. Panel B reports white-minus-minority responses from cubic specifications, evaluated at unemployment rates of
8.87, 5.47, and 2.93 percent; these benchmarks exclude 2020, but the regressions include it. All specifications include
MSA-by-quarter-of-year and calendar-quarter fixed effects and MSA-specific linear trends. Estimates are unweighted.
EE denotes direct employer changes, NE hires from nonemployment, and EN separations into nonemployment. J2J
rates use average beginning- and end-of-quarter main-job employment as the denominator; minority rates use QWI
employment weights. The QWI hiring outcomes align entry in quarter t: initial hiring is 100HirNt/Empt, and subse-
quent stable hiring is 100HirNSt+1/Empt. J2J estimates use 22,051 observations over 2010Q3–2025Q2; QWI estimates
use 21,548 observations over 2010Q3–2025Q1. Both cover 374 MSAs. Appendix G provides definitions. Standard errors
are MSA-clustered. Stars use t tests in Panel A and normal-reference tests in Panel B: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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centage points for minority workers, compared with 0.07 for white workers, with a precisely

estimated difference. Separations into nonemployment, by contrast, decline similarly for both

groups, though neither decline is statistically significant. Together, the separation results indicate

that tightening increases moves between employers rather than exits from employment.

To assess whether the stronger minority hiring response extends to more durable employment

relationships, we compare initial hiring with jobs that reach stable status in the following quarter.

Both rates increase more for minority workers than for white workers, but the minority-white

difference falls from 0.23 percentage points for initial hiring to just 0.04 for hiring that reaches

stable status. Tightening therefore increases minority workers’ entry into stable employment, but

by substantially less than the initial hiring response would suggest.

Because tightening compresses earnings gaps more strongly in already-tight markets, Panel B

examines whether differences in transition-rate responses between minorities and whites also

depend on labor-market slack. The employer-change margins steepen as slack disappears: a 1-

percentage-point decline in unemployment raises the hiring rate from another employer by 0.04

percentage points more for minorities than for whites in cold markets, compared with 0.16 per-

centage points more in hot markets. For hiring from nonemployment, minorities’ additional re-

sponse relative to whites falls from 0.06 percentage points in cold markets to 0.02 in hot ones. This

may reflect minorities’ greater likelihood of being unemployed, which leaves more scope for rel-

ative gains through hiring when slack is high, with this source of gains becoming less important

as labor-market conditions improve. Thus, as slack disappears, minorities’ transition rates re-

spond more strongly to tightening relative to whites’, driven by a growing employer-to-employer

response that more than offsets a shrinking relative response in hiring from nonemployment.

Table IX examines whether the observed differences in transition rates explain why tightness nar-

rows the minority earnings gap. To do so, we include the white-minus-minority differences in flow

rates as controls in equation (1). For all jobs, the estimated narrowing is essentially unchanged un-

der every set of flow controls. For new stable hires, the estimated narrowing declines from 0.29

percentage points in the baseline to 0.23 when controlling for the stable-hiring difference and to

0.21 when the employer-change difference is included as well.22 Thus, minorities’ greater gains

in access to stable employment appear to partly explain why tightening narrows the earnings gap

22The flow rates are unavailable in a small number of MSA–quarters. For comparability across columns, we fix the
sample in this exercise to the observations for which every rate is available. The restriction alters the new-hire baseline
by 0.005 percentage points, from the 0.30 of Table I to 0.29.
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TABLE IX: THE MINORITY EARNINGS GAP AFTER ACCOUNTING FOR TRANSITION RATES

No flow controls Controls for white-minus-minority flow differences

Outcome:
W - M earnings gap Baseline EE

EE, NE
and EN

Stable
hiring

EE + stable
hiring

Population: Beginning-of-quarter jobs
Tightness −0.21∗∗∗ −0.25∗∗∗ −0.23∗∗∗ −0.21∗∗∗ −0.25∗∗∗

(0.05) (0.05) (0.05) (0.05) (0.05)

Population: New stable hires
Tightness −0.29∗∗∗ −0.27∗∗∗ −0.26∗∗∗ −0.23∗∗∗ −0.21∗∗

(0.08) (0.08) (0.08) (0.08) (0.08)

Notes: Each cell reports a separate regression of the current-quarter minority earnings gap on tightness and the indicated
flow controls. The outcome is the white-minus-minority earnings gap, constructed as 100 times the difference in log
mean QWI monthly earnings. Entries are approximate percentage-point changes in the earnings gap for a 1-percentage-
point unemployment decline. All specifications include MSA-by-quarter-of-year and calendar-quarter fixed effects and
MSA-specific linear trends. Estimates are unweighted and use 21,901–22,051 observations in 374 MSAs over 2010Q3–
2025Q2. All columns use identical observations within each earnings population. Controls are white-minus-minority
rate differences. EE is the direct employer-change separation rate, NE hiring from nonemployment, and EN separation
into nonemployment. Stable hiring is measured in the current quarter, 100HirNSt/Empt, unlike the forward-aligned
outcome in Table VIII. Column 4 includes only stable hiring; column 5 combines it with EE. Appendix G.3 provides the
construction details. MSA-clustered standard errors are in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

among new hires.

Thus, minorities’ stronger transition-rate responses do not explain why tightness narrows minor-

ity earnings gaps among all jobs, though they account for a small part of the response among new

hires. Transition frequency, however, only captures how often workers move, not the types of jobs

they move to, which we examine in Section 8.

8 Transition Quality and Earnings-Gap Compression

We next study whether tightness changes the quality of the jobs workers obtain. We first rank

hiring destinations by pay across industry, firm size, and geography and compare how their ranks

respond to tightening. We then account for where workers come from, asking whether an increase

in tightness leads minorities to upgrade more than whites from lower-paying to higher-paying

industries or metropolitan areas and whether such upgrading contributes to their relative earnings

gains from changing employers. Overall, we find limited evidence of stronger upgrading for

minorities across these broad pay categories. However, comparing the full hiring distributions

across job types reveals a clear reduction in separation at hiring between whites and minorities,

capturing a broader convergence in the jobs the two groups obtain than pay rankings alone reveal.

We focus first on hiring destinations, using the QWI’s category earnings and initial-hiring counts.
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We rank industries by pay to assess whether hiring shifts toward higher-paying sectors. To cap-

ture geographic differences within local labor markets, we also rank counties within each MSA

to assess whether hiring shifts toward higher-paying counties. Industry, county, firm-size, and

joint job-type rankings all use inflation-adjusted average earnings in stable jobs over the three

preceding calendar years and are updated annually. For each measure, we calculate the average

destination rank of initial hires. The comparison is the white mean rank minus the minority mean

rank, with the latter weighting Black and Hispanic mean ranks by their respective hire counts.

Table X compares how destination pay ranks respond to tightening across groups. Panel A con-

siders industry, firm size, and geography separately. The most substantial improvement occurs

in firm size: a 1-percentage-point decline in unemployment raises the destination rank of initial

hires by about 0.2 points for both groups, but the difference between their responses is not distin-

guishable from zero. Along the industry dimension, the corresponding increase is 0.05 points for

white hires and 0.09 for minority hires, with a statistically significant difference of 0.05 points in

favor of minorities. Neither group shows a clear shift toward higher-paying counties within the

hiring MSA. Because a job destination can rank highly in one dimension but poorly in another, the

first row of Panel B considers industry, firm size, and geography in a joint ranking of destinations,

while the second row ranks industry-by-size job types within each MSA to capture shifts toward

better-paying local jobs that differences in pay across locations alone may obscure. When job types

are ranked across all MSAs, neither group’s response is distinguishable from zero, whereas ranks

rise similarly with tightness for both groups when job types are compared within the same MSA.

Taken together, these measures provide very limited evidence that tightening leads minorities to

upgrade more than whites across the broad job categories we observe.

To assess whether tightening reduces segmentation between minorities and whites at hiring, Panel C

compares the full hiring distributions of the two groups across industry-by-size job types. This

comparison can reveal convergence in the jobs the two groups obtain that their average pay ranks

may conceal. We measure the distance between these distributions using the standard dissim-

ilarity index: a value of zero indicates identical hiring distributions, while larger values imply

greater separation. A 1-percentage-point decline in unemployment reduces the index by 0.13

points. Tightening therefore makes initial hiring for white and minority workers more similar

in composition, with limited evidence of disproportionate movement of minority workers toward

higher-paying categories. The convergence may instead occur through shifts between similarly
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TABLE X: JOB DESTINATIONS AND SEPARATION BETWEEN MINORITIES AND WHITES IN

HIRING

white minorities white minus minority

Panel A. Individual dimensions of initial-hire destinations
Outcome: Industry: initial-hire destination rank
Tightness +0.05 +0.09∗∗ −0.05∗∗∗

(0.04) (0.04) (0.02)

Outcome: Firm size: initial-hire destination rank
Tightness +0.21∗∗∗ +0.23∗∗∗ −0.02

(0.07) (0.08) (0.04)

Outcome: Geography: county destination rank within MSA
Tightness −0.02 −0.04 +0.02

(0.16) (0.17) (0.03)

Panel B. Joint dimensions of initial-hire destinations
Outcome: Industry, size, and geography jointly
Tightness −0.03 +0.00 −0.03

(0.06) (0.06) (0.03)

Outcome: Industry and size jointly, within MSA
Tightness +0.17∗∗∗ +0.22∗∗∗ −0.04

(0.06) (0.07) (0.03)

Panel C. Separation in initial hiring
Outcome: Distance between white and minority hiring distributions
Tightness — — −0.13∗∗∗

(0.04)

Notes: Each cell reports a separate regression of the indicated QWI initial-hiring outcome on tightness, measured in the
receiving MSA. Entries are responses to a 1-percentage-point unemployment decline. Panels A and B use destination
pay ranks on a zero-to-100 scale; their final column directly estimates the white-minus-minority response. Panel A
considers industries, firm-size classes, and counties within the hiring MSA. All pay ranks use all-worker private-sector
stable-job earnings over the three preceding calendar years, deflated using the CPI-U, weighted by stable-job counts,
and updated annually. Each benchmark requires at least eight valid quarters and at least two in each reference year.
County comparisons require at least two ranked counties within the MSA. Panel B ranks joint job types across MSAs or
within each MSA. Mean ranks are weighted by initial-hiring counts, pooling Black and Hispanic counts for minorities;
both groups must have at least 75 percent of initial hires in commonly available categories. Panel C measures separation
between the groups as 100 times one-half the sum of absolute differences in white and minority hiring shares across
industry–firm-size types; negative estimates indicate less separation. All specifications include MSA-by-quarter-of-
year and calendar-quarter fixed effects and MSA-specific linear trends. Estimates are unweighted and cover 2010Q3–
2025Q2. Panel A uses 21,317 observations in 367 MSAs for industry, 21,648 in 374 for firm size, and 13,686 in 233 for
counties. Panel B uses 11,859 observations in 300 MSAs; Panel C uses 12,591 in 317. MSA-clustered standard errors are
in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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ranked job types or offsetting movements across higher- and lower-ranked types.

Changes in hiring destinations as markets tighten, however, do not by themselves reveal the gains

from changing jobs, since tightening may also change the jobs workers leave. A shift toward

better-paying destinations need not imply greater upgrading if workers also move from better-

paying origins. To account for both sides of a move, we use LEHD’s Job-to-Job Origin-Destination

data, which report flows and mean earnings before and after employer transitions. Unlike the

initial-hiring comparisons above, this exercise follows workers between employers, including di-

rect changes and hires following brief nonemployment.23 Within each origin MSA, quarter, and

group, we pool earnings using mover counts and then calculate the log change from mean origin

to mean destination earnings. Table XI separates this observed gain into the amount associated

with differences in pay between origin and destination industries or MSAs and a residual. We

construct the industry- or MSA-pay component using the same calculation and mover weights,

but replacing observed earnings with the corresponding categories’ inflation-adjusted average

earnings in stable QWI jobs over the three calendar years preceding the transition.

Table XI provides little evidence that tightening leads minority movers to upgrade more than

white movers across industries or metropolitan areas. Once both origin and destination pay are

taken into account, the industry-pay component points to slightly greater upgrading for minori-

ties, consistent with the hiring-destination results, whereas the metropolitan-pay component is

close to zero. Both responses are statistically insignificant. Accounting for where workers move

from therefore provides little support for disproportionate minority upgrading across these cate-

gories as a source of earnings compression. The white-minus-minority difference in total earnings

gains also shows no clear response to tightening. However, this result concerns differences be-

tween the groups and therefore does not imply that movers obtain no earnings gains from tight-

ening.

Taken together, the destination and earnings-gain results provide limited evidence that tightness

narrows minority earnings gaps through systematically greater minority upgrading across broad

pay categories. Nevertheless, tightening makes the hiring distributions of the two groups more

similar, which could reflect improvements in the jobs minorities obtain that help narrow earnings

gaps without being captured by standard quality measures. These results leave open the possibil-

ity that tightening generates earnings improvements within broad job categories and in existing

23Both measures cover transitions between stable jobs, with earnings measured over a full quarter in the origin job
before the move and in the destination job afterward.
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TABLE XI: EARNINGS GAINS ACROSS EMPLOYER TRANSITIONS AND THE CONTRIBUTION OF

BROAD PAY CATEGORIES

Industry pay categories Metropolitan pay categories

Population: Employer transitions
Outcome: Observed W - M earnings-gain difference
Tightness −0.00 −0.00

(0.07) (0.07)

Outcome: Component accounted for by category pay
Tightness −0.05 −0.01

(0.04) (0.02)

Outcome: Remaining W - M earnings-gain difference
Tightness +0.05 +0.01

(0.08) (0.07)

Notes: Each cell reports a separate regression of the white-minus-minority difference in earnings gains on tight-
ness. Entries are approximate percentage-point changes in the white-minus-minority earnings-gain difference for a
1-percentage-point unemployment decline. J2JOD mover cohorts include stable direct employer changes and stable
hires following brief nonemployment. Within each origin MSA, quarter, and group, we sum mover counts and earn-
ings totals before calculating mean origin and destination earnings; the observed gain is the difference between the
logs of these means. Black and Hispanic counts and earnings totals are likewise combined before taking logs. The
category-pay component applies the same calculation and mover weights to origin and destination category pay, using
all-worker private-sector QWI stable-job earnings over the three calendar years preceding the transition. Earnings are
deflated using the CPI-U and weighted by stable-job counts. Benchmarks are updated annually and require at least
eight valid quarters and at least two in each reference year. Both endpoints of a move use the same transition-year
reference. The residual is the observed gain minus this component. Both columns use identical origin–destination
cells jointly defined by industry and MSA, retaining only cells with released, positive mover counts and earnings at
both endpoints and available industry and metropolitan pay benchmarks. The same retained movers underlie all three
outcomes in both columns. All six regressions use the same 21,682 eligible origin-MSA–quarters in 374 MSAs from the
joint-cell construction. All specifications include origin-MSA-by-quarter-of-year and calendar-quarter fixed effects and
MSA-specific linear trends. Estimates are unweighted and cover 2010Q3–2025Q1. MSA-clustered standard errors are
in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

jobs. Section 9 examines employer competition as a potential mechanism for such gains.

9 Monopsony Power

Competition among employers, not just overall labor demand, affects workers’ opportunities to

move to better-paying jobs and may shape the earnings gains minorities obtain relative to whites

as markets tighten. We find that recruiting concentration limits the additional minority earnings-

gap compression that tightening produces as labor markets heat up. In hot markets, in particular,

the earnings-gap response to tightening is meaningfully weaker where recruiting is more concen-

trated.

Recruiting concentration may limit how strongly tightening increases the pressure on employers

to improve pay. Tighter markets can improve workers’ outside opportunities, making it harder to
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recruit and retain workers at low pay, as discussed by Langella and Manning (2021). However,

if hiring expands primarily among a few employers, stronger labor demand need not generate

the same competition for workers as when recruiting is spread across many employers. Under

these conditions, the same increase in tightness could produce smaller improvements in workers’

ability to obtain better pay.

Concentration’s implications for minority earnings gaps depend on which workers gain most from

the competitive pressure created by tightening. In the job-ladder framework discussed by Autor

et al. (2024), workers in lower-paying jobs may benefit particularly from the stronger employer

competition associated with tightening because alternative offers are more likely to improve on

their current pay, through moves to better-paying firms or raises by current employers. Because

Black and Hispanic workers are disproportionately represented in lower-paying jobs (Ross and

Bateman 2019), stronger competition could raise their earnings relative to whites.24 Recruiting

concentration could limit those relative gains by weakening the competitive pressure that tighten-

ing creates.

To proxy for local employer market power, we measure recruiting concentration among employ-

ers seeking workers in the same local occupation, following Azar et al. (2020). For each MSA and

six-digit occupation, we calculate a quarterly Herfindahl–Hirschman index (HHI) from employ-

ers’ shares of job postings. The index is higher when fewer employers account for a higher share

of the recruiting. Our MSA-level measure is a posting-weighted average across occupations, us-

ing each occupation’s average HHI over the preceding four quarters. This measure describes the

recruiting environment both minorities and whites face, rather than concentration among the em-

ployers hiring from each group separately. Appendix I details the construction and benchmarks

the measure against published concentration and pay patterns.

Because we aim to understand how market power shapes the earnings-gap response to tighten-

ing, we interact our measure of local employer market power with tightness.25 We first estimate

a linear relationship and then allow the role of concentration to vary with the degree of slack in

the labor market, following equation (8). Our measure of concentration is constructed using post-

ings from the preceding four quarters, so this comparison covers only the period 2011Q3–2025Q2.

Table XII reports the linear estimates in Panel A. Panel B compares earnings-gap responses at low

24This channel can operate through differences across employers within occupations, consistent with our finding in
Section 6.2 that minority-relative occupational conditions do not account for the aggregate-tightness relationship.

25Our specifications also include concentration as a separate control.
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(p25) and high (p75) concentration in cold, average, and hot markets, showing how the role of

concentration varies with the strength of the labor market.

TABLE XII: RECRUITING CONCENTRATION AND THE MINORITY EARNINGS-GAP RESPONSE TO

TIGHTNESS

Outcome:
W - M earnings gap Estimate

Panel A. Linear specification
Population: Beginning-of-quarter jobs
Tightness −0.21∗∗∗

(0.05)
Tightness × concentration −0.02

(0.03)

Population: New stable hires
Tightness −0.28∗∗∗

(0.09)
Tightness × concentration −0.06

(0.05)

Panel B. Earnings-gap responses by concentration and market temperature

Overall (linear)
Cold

U = 8.87%
Average

U = 5.60%
Hot

U = 2.93%

Population: Beginning-of-quarter jobs
Tightness at p25 concentration −0.19∗∗∗ −0.05 −0.27∗∗∗ −0.56∗∗∗

(0.05) (0.06) (0.08) (0.13)
Tightness at p75 concentration −0.21∗∗∗ −0.15∗∗∗ −0.25∗∗∗ −0.38∗∗∗

(0.05) (0.06) (0.08) (0.12)
Significance of p25–p75 difference † † † †

Population: New stable hires
Tightness at p25 concentration −0.22∗∗ −0.06 −0.41∗∗∗ −0.82∗∗∗

(0.09) (0.10) (0.13) (0.20)
Tightness at p75 concentration −0.28∗∗∗ −0.19∗ −0.35∗∗∗ −0.56∗∗∗

(0.09) (0.10) (0.13) (0.19)
Significance of p25–p75 difference † † † †

Notes: The outcome is the white-minus-minority earnings gap, constructed as 100 times the difference in log mean
QWI monthly earnings. Responses to a 1-percentage-point unemployment decline, and differences between those
responses, are expressed in percentage points of the earnings gap. All specifications include concentration, MSA-
by-quarter-of-year and calendar-quarter fixed effects, and MSA-specific linear trends. Estimates are unweighted and
use 20,176–20,326 observations in 368 MSAs over 2011Q3–2025Q2. Panel A reports the linear tightness response at
median concentration and the percentage-point difference in that response associated with the p75–p25 concentration
difference. Panel B evaluates responses at low and high concentration: the overall column uses the linear model, and the
cold, average, and hot columns use a cubic in tightness interacted with concentration. Concentrations p25 and p75 use
the occupational-reference sample and are approximately 942 and 2,680 on the zero-to-10,000 HHI scale. Appendix I.3
provides construction and reference values. MSA-clustered standard errors are in parentheses. Stars test individual
responses: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. Daggers test the p25–p75 difference: †, ††, and † † † denote the same
respective thresholds.

Recruiting concentration limits the additional minority earnings-gap compression that tightening

produces as labor markets heat up. The hot-market estimates in Panel B highlight this difference.

39



For beginning-of-quarter jobs, a 1-percentage-point unemployment decline narrows the minor-

ity earnings gap by an estimated 0.6 percentage points at low concentration, compared with 0.4

percentage points at high concentration. The same, but more pronounced, pattern holds for new

stable hires.

As labor markets cool, the difference in the response to tightening between low- and high-concentration

markets becomes smaller, and the ordering eventually reverses. For beginning-of-quarter jobs, a

1-percentage-point unemployment decline narrows the minority earnings gap by approximately

0.3 percentage points at average conditions at both concentration levels. In cold markets, the cor-

responding response is statistically indistinguishable from zero at low concentration and indicates

a small reduction of approximately 0.1 percentage points at high concentration.

The offsetting concentration differences in cold and hot markets help explain why the linear esti-

mates in Panel A show little overall difference in earnings compression. The estimated interactions

are small and statistically indistinguishable from zero for both earnings populations. Together,

these results suggest that employer competition shapes how strongly labor scarcity translates into

relative earnings gains for minorities, particularly in already-tight markets.

10 Interpretation

We interpret the paper’s findings through three major families of explanations linking labor-

market conditions to earnings inequality between minorities and whites: differences in the kinds

of jobs workers hold, differences in how employers evaluate workers and set the terms of a match,

and differences in the set of jobs and employers workers can effectively reach.

The first, labor-market segmentation, locates the difference in the kinds of jobs workers hold.

White and minority workers hold different jobs for reasons that can precede the contemporane-

ous hiring decision, including premarket skills and credentials (Neal and Johnson 1996), occupa-

tional and industry sorting, and the jobs available where workers live (Altonji and Blank 1999;

Bayer and Charles 2018). Under this account, the gap can narrow as markets tighten if demand

strengthens disproportionately in segments where minority workers are concentrated (Bound and

Holzer 2000).

The second locates the difference between minorities and whites in how employers evaluate work-

ers and set the terms of a match once a potential worker–employer match is under consideration.

Employers may evaluate minority applicants differently because of preferences (Becker 1957) or
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beliefs about characteristics they cannot observe (Lang and Lehmann 2012). Such discrimina-

tory treatment can operate both in hiring decisions and in pay-setting. At the hiring stage, Kline

et al. (2024) document lower callback rates for Black applicants than for otherwise comparable

white applicants, with substantial differences across employers. The consequences of discrimina-

tory screening can change with labor-market conditions.26 As applicants become scarce, passing

over suitable workers becomes more costly because employers have fewer alternatives for filling

vacancies. For instance, the framework of Lang et al. (2005) illustrates how shortening appli-

cant queues can reduce the earnings penalty from discriminatory hiring even when employers’

racial preferences remain unchanged. Discriminatory treatment can also affect the pay workers

receive. Using personnel records from a large service organization, Castilla (2008) finds evidence

of discrimination in salary increases for minority employees with the same performance ratings as

white employees, and Black (1995) shows how just a few prejudiced employers can lower minor-

ity workers’ equilibrium wages even at unprejudiced firms. Tighter markets can make such pay

disadvantages harder to sustain when they provide workers with better outside offers, increasing

the risk that underpaid employees leave or reject unfavorable terms. The competing-offer mech-

anism in Cahuc et al. (2006) illustrates how this pressure can affect compensation: outside offers

induce employers to renegotiate pay to recruit or retain workers.

The third locates the difference between minorities and whites in the set of jobs and employers

workers can effectively reach. Information about vacancies and pay, referrals, networks, geog-

raphy, and other search frictions shape that opportunity set (Bayer et al. 2008; Hellerstein et al.

2011; Montgomery 1991). If these channels differ across groups, workers can face different sets

of feasible opportunities before any employer evaluates them. Tightening may therefore narrow

differences between whites and minorities in effective opportunities if employers search more

broadly or workers receive more offers; those additional opportunities can also strengthen the

outside options of workers who remain in their current jobs.

All three explanations can coexist in equilibrium. For instance, networks can shape the oppor-

tunities available to workers, affecting their outside options and the discrimination they face at

their current employers. Similarly, discrimination or unequal access earlier in workers’ careers

26An example of how hiring standards vary with labor-market conditions is provided by Modestino et al. (2020), who
show that employers raise education and experience requirements when workers are plentiful. Although their analy-
sis does not examine race-specific differences, changes in these requirements can affect minority and white applicants
differently because the two groups differ in the observed characteristics employers use to screen applicants.
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can help shape the kinds of jobs they ultimately hold.27 Our data do not allow us to separate these

interconnected mechanisms.

Our results rule out particular channels through which labor-market segmentation could account

for earnings compression, but do not allow us to distinguish discrimination from information and

network explanations. Observed changes in workforce composition and higher labor demand in

minority-concentrated occupations do not explain the effects of tightness on the earnings gap. Our

results also provide limited evidence of systematically greater minority upgrading across broad

job categories. These findings restrict explanations based on changes in who is employed or in

demand and reallocation across broad job categories, while leaving open earnings improvements

within those categories.

Discrimination and information or network barriers are harder to distinguish because both nar-

row the set of outside options available to minority workers, and tightening reduces the earnings

consequences of either by widening those options. Employers may become more willing to hire

minority applicants as vacancies become harder to fill. Tightening may also generate more offers

outside personal networks, reducing the disadvantage of holding fewer or less valuable contacts

for finding well-paying jobs. Neither employers’ racial preferences nor workers’ underlying infor-

mation and network disadvantages need to change: more frequent offers alone can reduce their

earnings consequences. Similar improvements in hiring and earnings can therefore arise under

either explanation.

What our findings do indicate, however, is that competition among employers helps determine

how strongly minority earnings gaps respond to tightening. The concentration results provide the

clearest evidence: earnings compression strengthens as markets heat up, but the additional com-

pression is smaller where recruiting is more concentrated. This pattern suggests that the availabil-

ity of competing employers, not simply the overall strength of labor demand, shapes how strongly

greater labor scarcity translates into pressure to improve pay.

The hiring and mobility analyses show that group differences in transition rates or destinations do

not account for most of the observed minority earnings gap compression. This directs attention

to improvements in earnings within the broad job categories we observe, which need not occur

within the same employer. More competing offers can allow workers to move to better-paying em-

27For the purpose of distinguishing the three explanations, however, we treat observed differences in the kinds of
jobs workers hold as given. This organizational distinction does not imply that those differences are independent of
discrimination or unequal access.
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ployers within those categories; alternatively, current employers may raise pay to retain workers

who receive outside offers (Cahuc et al. 2006). The evidence therefore points to a role for employer

competition in changing the earnings consequences of existing disadvantages, without identify-

ing whether those disadvantages originated in job segmentation, discriminatory treatment, or

unequal access to opportunities.

11 Conclusion

This paper shows that tighter labor markets narrow minority earnings gaps, with stronger com-

pression as slack declines and particularly pronounced gains among recent hires. These find-

ings show that the benefits of strong labor markets for minority workers extend beyond access

to employment to relative earnings. The pattern is not readily explained by observed changes in

workforce composition or job transitions. On the other hand, employer competition shapes the

gains from tightening, particularly when labor is already scarce. Taken together, the results point

to the importance of both strong labor demand and workers’ access to competing employers for

reducing the earnings disparities between minorities and whites.

An important open question is whether the relative earnings gains achieved in tight markets per-

sist when demand weakens. Following workers beyond periods of strong demand would help

distinguish temporary earnings compression from lasting improvements in career prospects. An-

other is which barriers tighter markets help workers overcome. Combining evidence on workers’

access to job offers with direct evidence on employers’ hiring and pay-setting decisions would

help distinguish the roles of unequal access to opportunities and discriminatory treatment. Un-

derstanding both the mechanisms and the persistence of these gains would help clarify how strong

labor demand and policies that broaden workers’ opportunities can jointly contribute to lasting

reductions in disparities between minority and white workers.
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C Data

C.1 QWI Coverage and Earnings Construction

We use release R2026Q2 of the QWI, retaining the race-by-ethnicity tabulations for private-sector

and state and local government employment. The main analysis uses all-industry totals. For

MSAs that cross state boundaries, the QWI report each state’s portion separately. We combine

these portions by weighting their mean earnings by the corresponding job counts: beginning-of-

quarter jobs for beginning-of-quarter earnings, and new stable hires for new-stable-hire earnings.

An MSA mean is available only when every reported state portion has usable earnings and a

matching job count.

The beginning-of-quarter outcome uses EarnBeg and its corresponding count, Emp. A job is counted

in quarter t when earnings from the same employer are positive in t− 1 and t. The new-stable-hire

outcome uses EarnHirNS and HirNS: earnings from the employer must be positive in t − 1, t, and

t + 1, and absent in t − 2 through t − 5. Entry thus occurs in t − 1, while earnings are measured in

t. These conditions identify a new employment relationship that reaches full-quarter duration and

exclude recalls within the preceding year. They do not establish continuous hours worked or full-

time employment within the quarter. Both earnings variables equal the corresponding group’s

quarterly earnings per job divided by three.

All MSA-level analyses exclude the same 13 metropolitan areas with fewer than 100 white or

pooled Black-and-Hispanic new stable hires in at least one quarter of 2010Q1–2025Q2. The exclu-

sion applies to both earnings populations in every period, including the pre-2010 historical-period

regressions. It leaves 374 of the original 387 MSAs in the main panel; individual exercises impose

additional data requirements. National and state-level descriptive comparisons retain their origi-

nal geographic coverage.

Across the 374 retained MSAs and 60 quarters of 2010Q3–2025Q2, earnings gaps are available

for 98.7 percent of possible MSA–quarters for beginning-of-quarter jobs and 98.0 percent for new

stable hires. Most missing MSA–quarters occur toward the end of the sample, as the Alaska and

Michigan series in our panel end in 2016Q2 and 2021Q4, respectively.

White and Black workers are non-Hispanic; Hispanic workers may be of any race. Minority mean

earnings are the weighted average of Black and Hispanic mean earnings, using each group’s share

of minority jobs as its weight. The white-minus-minority earnings gap is 100 times the difference
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between log white mean earnings and log pooled minority mean earnings, and it is constructed

only when all three group means and matching job counts are available.

C.2 Household Surveys and Earnings Comparisons

The CPS earnings gap comparison discussed in Section 3 and shown in Figure C.1 of this appendix

uses outgoing-rotation-group respondents in the basic monthly CPS, provided through IPUMS

(Flood et al. 2025). We retain employed civilian nonstudents ages 16–65 in private-sector or state

and local government wage-and-salary jobs, with positive usual weekly earnings and earnings

weights. We exclude allocated earnings, federal employees, and the self-employed. We multiply

observations at the old fixed earnings top code by 1.5, without applying this adjustment to the

newer dynamic top-coded values. The weekly-earnings sample does not require a valid hourly

wage. Annual state means pool eligible observations across all twelve months using earnings

weights.

The equivalent ACS comparison uses the Census Bureau’s one-year public-use microdata (US

Census Bureau 2026c). We retain civilian household residents ages 16–64 who are not students, re-

port private-sector or state and local government wage-and-salary work, and have positive wage

income, weeks worked, and usual weekly hours, with no positive self-employment income. Re-

spondents need not be employed at the interview because earnings refer to the preceding twelve

months. We construct a weekly earnings measure for the ACS comparison of earnings gaps with

the QWI data. Weekly earnings equal annual wage and salary income, adjusted by the Census

income-adjustment factor, divided by weeks worked. We use reported weeks in 2005–2007 and

from 2019 onward, and the midpoints of the reported weeks categories in 2008–2018. Annual

group means use person weights. Standard one-year ACS data are unavailable for 2020.

Figure C.1 compares state-level minority earnings gaps in the QWI with those in the CPS and ACS

to assess whether the sources capture similar geographic patterns. The figure shows unadjusted

gaps and gaps net of year fixed effects. Each observation covers a full state, including its non-

metropolitan areas, rather than averaging MSA gaps within the state. Each QWI annual group

mean weights quarterly EarnBeg by the matching Emp counts, requiring usable observations in

all four quarters for whites, Blacks, and Hispanics. In every source, Black and Hispanic earnings

totals and weights are pooled before calculating the minority mean.

The QWI and household surveys show similar geographic patterns in minority earnings gaps,
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FIGURE C.1: MINORITY EARNINGS GAPS IN ADMINISTRATIVE AND HOUSEHOLD-SURVEY
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Notes: Each observation is a state–year, including metropolitan and nonmetropolitan areas; the District of Columbia
is treated as a state. The white-minus-minority earnings gap is 100 times the difference in log mean earnings. Both
axes are measured in percentage points. Minorities pool non-Hispanic Black workers and Hispanic workers of any
race; white workers are non-Hispanic. The QWI measure beginning-of-quarter monthly earnings in private and state
and local government jobs at all ages. Its annual means weight quarterly earnings by matching job counts. The CPS
uses earnings-weighted usual weekly earnings for employed civilian nonstudents ages 16–65 in the same ownership
categories, excluding allocated earnings and applying the fixed-top-code adjustment. The ACS uses person-weighted
annual wage income divided by weeks worked for civilian household nonstudents ages 16–64 with positive wage
income, weeks, and hours and no positive self-employment income. Appendix C.2 gives the detailed eligibility rules.
Minority earnings totals and weights are pooled before taking logs in each source. The QWI–CPS comparison covers
2000–2024; QWI–ACS covers 2005–2024 except 2020, when standard one-year ACS data are unavailable. Each pair
requires complete years in both sources; its levels and residual panels use identical observations. Residuals remove
year fixed effects separately in each source, with no state fixed effects, trends, or other controls. Each state–year receives
equal weight in the Pearson correlation and linear fit. No observations are trimmed and no additional minimum survey-
record count is imposed. Vertical axes display −100 to 100 percentage points of the earnings gap; any observations
outside this range remain in the fitted lines, correlations, and sample counts.
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both in levels and after removing common annual movements. The correlation between QWI and

CPS gaps is approximately 0.69 before and after removing year fixed effects; the corresponding

correlations with the ACS are approximately 0.68.

C.3 Unemployment, Postings, and Job Openings

Quarterly MSA unemployment rates are averages of the three monthly, not-seasonally-adjusted

LAUS rates. The postings-to-unemployment measure divides the mean monthly number of newly

dated Lightcast advertisements by the mean monthly number of unemployed people in the same

quarter, then takes the natural log. Thus, it is the log of a ratio of quarterly averages, not an

average of monthly ratios or logs. We take posting locations from Lightcast’s county variable and

map counties to MSAs using the 2023 metropolitan delineations. The local recruiting measure

requires usable county and posting-date information, available for 99.1 percent of advertisements

over 2010Q3–2025Q2. The share of postings with usable county and date information was lowest

in 2023, at 95 percent, and recovered thereafter.

For the comparison with JOLTS, we aggregate Lightcast advertisements with identified counties

to states and use the BLS’s not-seasonally-adjusted total-nonfarm state job-opening counts. JOLTS

openings are positions available on the last business day of the month for which employers are

actively recruiting externally (US Bureau of Labor Statistics 2026b). We average all twelve monthly

counts in each source and then take logs. Figure C.2 compares the paired state–year observations

in log levels (Panel A), after removing year fixed effects (Panel B), and after removing state fixed

effects (Panel C).

Lightcast postings and JOLTS openings track each other closely across states and over time. Their

correlation is 0.972 in log levels and 0.973 after removing year fixed effects. After removing persis-

tent differences across states, the correlation remains high, at 0.878, indicating that the two sources

also capture similar year-to-year changes within states.
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FIGURE C.2: STATE RECRUITING ACTIVITY IN JOLTS AND LIGHTCAST
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Notes: All three panels use the same 714 state–years: the 50 states and the District of Columbia in 2011–2024, including
2020. JOLTS measures not-seasonally-adjusted total-nonfarm positions open on the last business day of the month for
which employers are actively recruiting externally. Lightcast measures newly dated online job advertisements with
an identified US county, summed across industries, including unclassified advertisements. Each annual count is the
average of all twelve monthly counts; we take its natural log after averaging. Counts are measured in individual
openings or advertisements, not thousands. Requiring complete years within the main 2010Q3–2025Q2 window yields
the stated annual coverage. Panel A places log JOLTS openings on the horizontal axis and log Lightcast postings on
the vertical axis. Panel B removes year fixed effects separately from each logged series. Panel C instead removes state
fixed effects, retaining year-to-year variation. No state-specific trends or other controls are included. Green lines show
linear fits; the reported Pearson correlations and fits give equal weight to each state–year and retain all observations.
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D Empirical Framework

D.1 Composition Controls and Local Linear Trends

Table D.1 compares how direct composition controls and two alternative adjustments for local

change affect the estimated earnings-gap response to tightness. Panel A considers MSA-specific

linear trends, while Panel B considers state-by-year fixed effects. Both panels start from the same

specification with MSA-by-quarter-of-year and calendar-quarter fixed effects. The former allow

each MSA its own recurring seasonal pattern, with quarters of the year numbered one through

four; the latter absorb shocks common to all MSAs in each calendar quarter. Each panel reports

the share of this starting estimate absorbed by composition controls, the alternative adjustment,

both together, and the increment from adding composition controls to that adjustment. Com-

paring the fourth column across panels shows whether composition controls have less influence

on the tightness estimate after local trends or after state-level annual changes are absorbed. Ev-

ery specification uses the same observations within each job population, so differences reflect the

adjustment and not the sample.

The composition measures are mean age, the share holding a bachelor’s degree or more, the

foreign-born share, and the pooled Black and Hispanic share. We use MSA-wide measures rather

than differences between minorities and whites because the exercise assesses whether local trends

account for demographic changes relevant to the estimated earnings-gap response to tightness.

Such changes may affect the two groups differently even when measured for the local popula-

tion as a whole. Each is a person-weighted mean over civilian household residents aged 16–64 in

the ACS one-year person files, excluding residents of group quarters and members of the Armed

Forces. Residential PUMAs are assigned to their majority MSA under the 2023 metropolitan de-

lineations, using the crosswalk appropriate to each PUMA vintage, assigning only those that lie

predominantly within a single MSA. The measures describe the local working-age population as

a whole, in work or out of it, and cover residents beyond the QWI-covered jobs that form the

dependent variable.

Each annual value enters lagged one year, so that the composition attached to a quarter precedes

the earnings and tightness measured in it. The Census Bureau released no standard one-year

file for 2020, and the four quarters of 2021 therefore carry the 2019 values; no 2020 composition

observation is imputed. The majority-PUMA assignment, which retains only MSAs for which the
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combined omission and commission error is below 15 percent in both PUMA vintages, reaches 237

of the 374 metropolitan areas retained in the main panel. The first usable control year is 2012, so

the estimation window runs 2013Q1–2025Q2 and retains 2020. Both panels contain 11,674 MSA–

quarters for beginning-of-quarter jobs and 11,652 for new stable hires, in 237 MSAs, of which 944

and 943 observations fall in 2020. One new-stable-hire observation that is a singleton under state-

by-year fixed effects is excluded from every specification to maintain a common sample across the

two panels.

In Panel A, composition controls absorb 17.6 percent of the starting fixed-effects-only estimate for

beginning-of-quarter jobs and 14.1 percent for new stable hires. Adding local trends instead ab-

sorbs 19.4 and 16.9 percent, respectively. Once trends are included, adding composition controls

changes the estimates by only −1.6 and 1.2 percent of the same starting estimates, respectively.

The exercise therefore indicates that the trends absorb the drift these four measures record, and

that direct controls have little left to remove once they are imposed. In Panel B, adding composi-

tion controls to state-by-year fixed effects changes the estimates by amounts equivalent to 11.3 per-

cent of the starting fixed-effects-only estimate for beginning-of-quarter jobs and 10.9 percent for

new stable hires. Their larger additional influence under state-by-year fixed effects supports using

MSA-specific trends to account for the measured demographic changes relevant to the tightness

estimate. It does not establish that the trends absorb every source of slow-moving confounding,

and the four measures are not an exhaustive description of local compositional change.
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TABLE D.1: LOCAL LINEAR TRENDS AND MEASURED COMPOSITIONAL DRIFT

Panel A. MSA-specific linear trends

Job population
Composition

controls MSA trends Both
Composition

added to trends

Beginning-of-quarter jobs 17.6 19.4 17.7 -1.6
New stable hires 14.1 16.9 18.1 1.2

Panel B. State-by-year fixed effects

Job population
Composition

controls
State-by-year
fixed effects Both

Composition
added to

state-by-year FE

Beginning-of-quarter jobs 17.6 -58.4 -47.1 11.3
New stable hires 14.1 -1.5 9.4 10.9

Notes: Entries report the share of the same starting tightness estimate absorbed by each adjustment, in percent. The
outcome is the white-minus-minority earnings gap, constructed as 100 times the difference in log mean earnings, and
tightness is the negative LAUS unemployment rate. Both panels start from MSA-by-quarter-of-year and calendar-
quarter fixed effects alone, with estimates of −0.43 (standard error 0.11) for beginning-of-quarter jobs and −0.45 (0.10)
for new stable hires, in percentage points per 1-percentage-point unemployment decline. Panel A adds composition
controls, MSA-specific linear trends, and both; its fourth column reports the additional share absorbed when composi-
tion controls are added to trends. Panel B starts from the same baseline and adds composition controls, state-by-year
fixed effects, and both; its fourth column reports the additional share absorbed when composition controls are added to
state-by-year fixed effects. No specification in Panel B includes MSA trends. All entries, including the fourth column,
use the common starting estimate as the denominator; a negative entry means the estimate grows in magnitude. The
controls are mean age, the share with a bachelor’s degree or more, the foreign-born share, and the minority share. They
use person-weighted ACS one-year data for civilian household residents ages 16–64, assigned to MSAs by majority
residential PUMA under the 2023 delineations. Controls enter lagged one year; 2019 supplies the controls for 2021
because no standard one-year ACS file is available for 2020. The sample covers 2013Q1–2025Q2, including 2020, with
11,674 beginning-of-quarter and 11,652 new-stable-hire observations in 237 MSAs. All specifications in both panels use
identical observations within each population, excluding one new-stable-hire singleton throughout to maintain this
common sample. MSA–quarters are equally weighted, and standard errors are clustered by MSA. All MSA regressions
exclude, in every period, the 13 metropolitan areas with fewer than 100 white or minority new stable hires in at least
one quarter of 2010Q1–2025Q2.
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E Core Results

E.1 Employment-Weighted Estimates

Table E.1 repeats the specifications of Table I under the alternative weighting. Each MSA–quarter

is weighted by its minority job count in the relevant job population, and the five largest metropoli-

tan areas are excluded. Everything else follows the main table.

The two weightings answer different questions. Equal weights describe the response of the aver-

age metropolitan labor market, while minority job counts give greater influence to markets with

more minority employment. Excluding New York, Los Angeles, Chicago, Miami, and Houston

limits the influence of the very largest markets. Even after these exclusions, the 20 largest remain-

ing markets receive about 45 percent of the employment weight, compared with about 5 percent if

each retained MSA–quarter is weighted equally. The 200 smallest receive only about 8–9 percent,

rather than about 54 percent. Therefore, we report the equal-weighted estimates in the main text

because the paper’s question concerns how minority earnings gaps respond to tightening across

local labor markets.

Under this alternative weighting and sample, the point estimates in our preferred specification

remain close to those in the main table.
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TABLE E.1: TIGHTNESS AND THE MINORITY EARNINGS GAP, EMPLOYMENT-WEIGHTED

−U ln(V/U)

Outcome:
W - M earnings gap

MSA seasonal
FE only

Add state-
quarter FE

Add date FE
and trends

MSA seasonal
FE only

Add state-
quarter FE

Add date FE
and trends

Population: Beginning-of-quarter jobs
Tightness −0.62∗∗∗ −1.20∗∗∗ −0.21∗∗∗ −1.91∗∗∗ −1.54∗∗∗ −0.25

(0.07) (0.35) (0.08) (0.20) (0.56) (0.17)

Population: New stable hires
Tightness −1.28∗∗∗ −0.78∗∗∗ −0.30∗∗∗ −3.69∗∗∗ −0.85∗∗ −0.44∗∗

(0.09) (0.25) (0.11) (0.20) (0.40) (0.22)

Notes: This table mirrors Table I, weighting each MSA–quarter by minority job counts and excluding the five largest
metropolitan areas. The outcome is the white-minus-minority earnings gap in the indicated job population, constructed
as 100 times the difference in log mean QWI monthly earnings. Each cell reports the estimated response of the gap in
percentage points from equation (1), scaled to the changes in tightness described below. Tightness is the LAUS unem-
ployment rate, which carries a negative sign so that the measure rises as a market tightens, or the log ratio of Lightcast
job postings to LAUS unemployment. Entries for the first are read for a 1-percentage-point decline in unemployment
and for the second for a doubling of the ratio. Standard errors are clustered by MSA. The estimation sample covers
2010Q3–2025Q2, including 2020, with the all-period MSA exclusions described in Table D.1. The weighted samples con-
tain 369 MSAs. The state-by-calendar-quarter specifications drop 360 singleton observations for beginning-of-quarter
jobs and 377 for new stable hires, leaving 363 MSAs in each case. Every specification includes MSA-by-quarter-of-year
fixed effects. The state-by-calendar-quarter columns add those effects; the trend columns instead add calendar-quarter
effects and MSA-specific linear trends. Job populations are defined in Section 3. Parentheses report standard errors;
∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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E.2 State Dependence Excluding 2020

Table E.2 repeats the state-dependence exercise of Table II on the sample that excludes the four

quarters of 2020. We estimate the same cubic specification in negative unemployment. As in the

main table, cold and hot conditions use the 10th and 90th percentiles of tightness outside 2020,

while average conditions use the mean over the full sample. Panel A reports the fitted slope at

unemployment rates in cold, average, and hot markets. Panel B reports the differences between

those slopes. Because the evaluation points are held at the values used in the main table, the

comparison isolates the change in estimation sample rather than combining it with a change in

where the polynomial is read.

TABLE E.2: THE EFFECT OF TIGHTNESS AT COLD, AVERAGE AND HOT MARKET CONDITIONS,
EXCLUDING 2020

Outcome:
W - M earnings gap

Cold
U = 8.87%

Difference:
avg. – cold

Average
U = 5.60%

Difference:
hot – avg.

Hot
U = 2.93%

Difference:
hot – cold

Panel A. Tightness slopes at each market condition
Population: Beginning-of-quarter jobs
Tightness −0.11 — −0.25∗∗∗ — −0.39∗∗∗ —

(0.08) (0.09) (0.14)

Population: New stable hires
Tightness −0.20∗ — −0.40∗∗∗ — −0.67∗∗∗ —

(0.11) (0.13) (0.21)

Panel B. Differences between the tightness slopes
Population: Beginning-of-quarter jobs
Tightness — −0.14∗∗ — −0.13 — −0.28∗

(0.07) (0.08) (0.15)

Population: New stable hires
Tightness — −0.20∗∗ — −0.28∗∗ — −0.47∗∗

(0.09) (0.11) (0.20)

Notes: This table repeats Table II excluding 2020. The outcome is the white-minus-minority earnings gap, constructed
as 100 times the difference in log mean earnings, and tightness is the negative LAUS unemployment rate. Entries
are in percentage points. Panel A reports local responses to a 1-percentage-point unemployment decline; Panel B
reports differences between these responses, with standard errors using their covariance within each cubic specification.
Evaluation points remain fixed at unemployment rates of 8.87, 5.60, and 2.93 percent to isolate the change in sample. All
regressions include MSA-by-quarter-of-year and calendar-quarter fixed effects and MSA-specific linear trends, weight
MSA–quarters equally, and cluster standard errors by MSA. The sample covers 2010Q3–2025Q2, excluding the four
quarters of 2020, with 20,670 beginning-of-quarter and 20,507 new-stable-hire observations in 374 MSAs. All-period
MSA exclusions follow Table D.1. Parentheses report standard errors; ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Excluding 2020 increases the difference between cold- and hot-market responses for both job pop-

ulations. The cold-to-hot increase in earnings compression rises from 0.16 to 0.28 percentage

points for beginning-of-quarter jobs and from 0.41 to 0.47 percentage points for new stable hires,
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per 1-percentage-point unemployment decline. These contrasts are significant at the 10 and 5 per-

cent levels, respectively, when 2020 is excluded. The pandemic quarters therefore do not generate

the estimated increase in compression as markets heat up.
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E.3 Unemployment and Recruiting Intensity Entered Together

A rise in the vacancy-to-unemployment ratio can reflect more vacancies, fewer unemployed work-

ers, or both. Table E.3 asks whether recruiting intensity helps explain minority earnings gaps once

unemployment is taken into account.

We measure recruiting intensity as the log of Lightcast postings per LAUS labor-force partici-

pant in the same MSA and quarter. Dividing by the labor force adjusts for market size without

using unemployment as the denominator. The posting counts are constructed as described in Ap-

pendix C.3. We compare the preferred specification with and without recruiting intensity, using

the same observations within each job population so that differences reflect the added regressor

rather than changes in the sample. The exercise does not test the restriction the ratio imposes on

its two components, since the unemployment side enters in percentage points and not in logs.

TABLE E.3: UNEMPLOYMENT AND RECRUITING INTENSITY ENTERED TOGETHER

Beginning-of-quarter jobs New stable hires

Outcome:
W - M earnings gap Baseline

Add recruiting
intensity Baseline

Add recruiting
intensity

Unemployment (−U) −0.21∗∗∗ −0.21∗∗∗ −0.30∗∗∗ −0.29∗∗∗

(0.05) (0.05) (0.08) (0.08)

Recruiting intensity — +0.01 — −0.04
(0.12) (0.21)

Notes: Each column reports a regression of the white-minus-minority earnings gap, constructed as 100 times the differ-
ence in log mean earnings. Entries are changes in the gap in percentage points. Baseline columns include the negative
LAUS unemployment rate; the remaining columns add recruiting intensity, measured as log Lightcast postings per
LAUS labor-force participant. Unemployment entries correspond to a 1-percentage-point decline in unemployment
and recruiting entries to a doubling of postings per labor-force participant. All specifications include MSA-by-quarter-
of-year and calendar-quarter fixed effects and MSA-specific linear trends, weight MSA–quarters equally, and cluster
standard errors by MSA. The sample covers 2010Q3–2025Q2, including 2020, with 22,158 beginning-of-quarter and
21,990 new-stable-hire observations in 374 MSAs. Baseline and joint specifications use identical observations within
each population, so their differences reflect the added control rather than sample changes. All-period MSA exclusions
follow Table D.1. Parentheses report standard errors; ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Adding recruiting intensity leaves the unemployment estimates essentially unchanged, at ap-

proximately −0.21 percentage points for beginning-of-quarter jobs and −0.30 percentage points

for new stable hires per 1-percentage-point unemployment decline. The recruiting estimates are

+0.01 and −0.04 percentage points per doubling and insignificant. The exercise therefore finds no

evidence that the vacancy side adds information about the gap once unemployment is included.
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E.4 Online Postings against the Official Vacancy Count

The absence of a detectable vacancy-side relationship could reflect limitations of the online-postings

measure. To assess this possibility, Table E.4 repeats the comparison of unemployment and recruit-

ing intensity using either Lightcast postings or official JOLTS openings. We conduct the exercise

at the state level, where JOLTS provides coverage over our full sample period.

The state minority earnings gap is built from QWI state records using the construction method

previously applied for metropolitan areas, and the unemployment measure and the labor-force

denominator come from the BLS statewide LAUS series. The vacancy side enters once as Lightcast

postings per labor-force participant and once as JOLTS openings per labor-force participant, each

alongside the unemployment measure, on the same observations within a job population. The

regressions use the state-level counterpart of our preferred specification.

TABLE E.4: ONLINE POSTINGS AND OFFICIAL VACANCY COUNTS AT THE STATE LEVEL

Outcome:
W - M earnings gap

Online
postings

Official
openings

Population: Beginning-of-quarter jobs
Unemployment −0.11 −0.11

(0.09) (0.09)
Vacancy side +0.18 −0.12

(0.58) (0.84)

Population: New stable hires
Unemployment −0.31 −0.31

(0.19) (0.19)
Vacancy side +0.08 −0.02

(0.42) (0.66)

Notes: Each column reports one regression of the state minority earnings gap on the unemployment measure and a va-
cancy side entered together, following the metropolitan specification of Table E.3. The outcome is the state white-minus-
minority earnings gap, constructed as 100 times the difference in log mean QWI monthly earnings in the indicated job
population, using the same construction as for metropolitan areas. Entries are changes in the gap in percentage points.
The first column measures vacancies using Lightcast online postings and the second using official JOLTS openings. The
comparison is conducted at the state level, the most granular geography with JOLTS coverage over the full sample pe-
riod. Minorities pool non-Hispanic Black workers and Hispanic workers of any race; white workers are non-Hispanic.
Both vacancy sides enter as the log of vacancies per labor-force participant, so the unemployment entry is read for a
1-percentage-point decline in the state unemployment rate and the vacancy entry for a doubling of vacancies per labor-
force participant. State unemployment and the labor force come from the BLS statewide LAUS series, and postings
are the Lightcast county file summed to the state. All regressions cover 2010Q3–2025Q2 in 50 states and DC, includ-
ing 2020, with state and calendar-quarter fixed effects, state-specific linear trends, and state-by-quarter-of-year fixed
effects. Each state–quarter receives equal weight and standard errors are clustered by state. Within a job population
both columns use the same observations, 3,010 state–quarters for beginning-of-quarter jobs and 3,005 for new stable
hires. Parentheses report standard errors; ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

The vacancy side is statistically indistinguishable from zero under both sources and for both job
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populations. The unemployment estimates remain negative and broadly comparable in magni-

tude to the metropolitan estimates, but are also imprecisely estimated. The absence of a detectable

vacancy-side relationship is therefore not specific to online postings, although the imprecision of

the state estimates limits the strength of this check.
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F Assessing the Role of Composition and Policy

F.1 Worker-side Composition

F.1.1 Workforce and Population Controls

We use ACS and CPS controls to assess whether changes in worker composition account for the

tightening response of QWI earnings gaps among beginning-of-quarter jobs and new stable hires

(Appendix C.1). For each survey and earnings population, we use the same MSA–quarters in

every specification, retaining only observations with all the controls needed for the most complete

adjustment. This keeps the sample fixed as controls are added, so that changes in the tightness

estimate reflect the adjustment rather than changes in which observations enter the regression.

The ACS workforce controls use survey-weighted means among civilian household residents aged

16–64 who are not students and report wage-and-salary work with usable weekly earnings, fol-

lowing the eligibility rules in Appendix C.2. For our first set of controls, we compute annual

white-minus-pooled-minority differences in mean age; female share; high-school, some-college or

associate-degree, bachelor’s-degree, and postgraduate-degree shares; married share; and disabil-

ity share. We pool Black and Hispanic respondents using their person weights to calculate each

minority mean or share. Each annual difference is assigned to all four QWI quarters in that year.

The ACS comparison covers 2012–2019 and 2021–2024.

The second set of ACS controls describes immigration history and English proficiency through

white-minus-minority differences in group shares. We distinguish foreign birth, noncitizenship,

and limited English proficiency; arrival in the United States 0–5, 6–10, 11–20, or 21 or more years

earlier; and origins in Mexico, Central America and the Caribbean, South America, Europe and

Canada, Asia, Africa, and Oceania or other regions. Each share uses all eligible wage workers in

the group as its denominator, not only immigrants. Thus, these controls capture both the preva-

lence of immigration in each workforce and differences in immigrants’ backgrounds. People born

in US territories or abroad to US parents are not classified as immigrants.

To capture changes in local labor supply beyond the employed workforce, the final set of ACS con-

trols adds all-race population shares. These are the bachelor’s-or-higher and foreign-born shares

among civilian household residents aged 16–64, and the share aged 55 or older among those aged

16 and older. They include students and nonworkers, with retirement-age residents included in

the age measure. As with the workforce controls, each annual share is assigned to all four quarters
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of its year.

The CPS workforce controls use Basic Monthly person weights among civilian nonstudent wage-

and-salary workers aged 16–65. Because only worker characteristics are needed, we can use re-

spondents beyond the outgoing-rotation subsample asked about earnings. We construct white-

minus-minority differences in mean age and female, high-school, some-college or associate-degree,

bachelor’s-or-higher, and married shares. To reduce sampling fluctuations, we pool respondents

from the current and preceding quarters and calculate weighted means and shares over those six

months, rather than averaging two quarterly means. This smoothing applies only to the CPS con-

trols; QWI earnings and unemployment remain current-quarter measures. The CPS comparison

covers 2010Q3–2025Q1.

The final CPS specification adds the bachelor’s-or-higher share among civilian residents aged 16–

64 and the share aged 55 or older among residents aged 16 and older. As in the ACS, these all-race

population measures include students and nonworkers. They use the CPS civilian noninstitu-

tional population and the same six-month pooling as the workforce controls.

Both surveys cover fewer MSAs than the QWI because their public-use geographic identifiers do

not permit a comparable match to every metropolitan area. The ACS identifies residential Public

Use Microdata Areas (PUMAs), which can cross MSA boundaries. We assign each PUMA to the

MSA containing most of its residents. For each MSA, we calculate the percentage of its residents

excluded by this assignment and the percentage of assigned residents who live outside the MSA.

We retain the MSA only if the sum of these two percentages is below 15 percent under both the

2010 and 2020 PUMA definitions. Applying the threshold to both definitions limits the risk that

the PUMA redesign appears as a change in worker composition. The geographic match supports

240 MSAs; the paper-wide exclusions reduce this to 237.

For the CPS, metropolitan identifiers are available for only part of the sample, and their bound-

aries change over time. We match the CPS areas to the 2023 MSA definitions used in the QWI,

requiring their shared territory to contain at least 90 percent of the population of each area. A

match must therefore cover nearly all residents of both the CPS area and the QWI MSA, not merely

place one smaller area inside a much larger one. We also require all six months used to construct

a control to represent the same geographic area, so that boundary changes do not create artificial

changes in composition. Areas and periods that cannot be matched on this basis are excluded. To-

gether with data availability and the paper-wide exclusions, these requirements leave 260 MSAs
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in the CPS comparison. Table III reports the resulting observation counts for each earnings popu-

lation.

F.1.2 Cross-MSA Flows and Earnings Accounting

The cross-MSA accounting asks whether the number and previous earnings of movers can explain

changes in local minority earnings gaps, without treating pay gains at the new job as a change in

worker composition. We use release R2026Q2 of the J2J origin–destination data for not-seasonally-

adjusted, all-industry employer changes between distinct MSAs, retaining moves between stable

jobs with published positive counts and usable earnings at both ends. Within-MSA moves and

moves involving nonmetropolitan areas are excluded. For a transition in quarter t, origin earnings

refer to t− 1 and destination earnings to t+ 1. Locations refer to employers rather than necessarily

to workers’ residences. We pool Black and Hispanic counts and earnings totals before calculating

minority means or rates.

We combine these flows with QWI stable-job counts and earnings to compare movers with the

local workforce. For a group (either whites or minorities) in a given MSA, let N− and P− denote its

stable-job count and total quarterly earnings in t− 1, and N+ and P+ the corresponding quantities

in t + 1. Because QWI mean earnings are reported per month, we multiply them by three and

by the matching stable-job count to obtain quarterly earnings totals. Mean earnings before and

after the move are µ− = P−/N− and µ+ = P+/N+. Let D be the number of departures and

P−
D their pre-move earnings total; let A be the number of arrivals and P−

A and P+
A their origin- and

destination-job earnings totals. We omit MSA, group, and transition-quarter subscripts to simplify

the notation below.

Panel A of Table IV expresses arrivals as a share of the workforce they join, 100A/N+, and de-

partures as a share of the workforce they leave, 100D/N−. Panel B asks how movers’ previous

earnings compare with those of their own group in the relevant local labor market before the move.

For arrivals, we compare their mean origin-job earnings, P−
A /A, with the destination MSA’s µ−.

For departures, we compare P−
D /D with the origin MSA’s µ−. Each outcome is 100 times the log

of this ratio. A decline as markets tighten means that movers’ prior earnings fall relative to the

local benchmark, not that moving lowers their pay.

Panel C combines the size of the flows with their earnings to measure their contribution to each

group’s local mean. We first calculate the pre-move mean after subtracting departures and their
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earnings, and the post-move mean after subtracting arrivals and their earnings:

µno-out =
P− − P−

D
N− − D

, µno-in =
P+ − P+

A
N+ − A

. (3)

We then add arrivals back to the post-move workforce at their previous pay. This replaces their

destination earnings total with their origin earnings total while retaining their actual number:

µpre-pay =
P+ − P+

A + P−
A

N+
. (4)

The departure contribution measures the change in the pre-move mean when leavers are removed.

The arrival contribution measures the change in the post-move mean when arrivals are added at

previous pay. Expressed as approximate percentage changes in each group’s mean earnings, these

contributions and their sum are

cD = 100 log
(︃

µno-out

µ−

)︃
, cA = 100 log

(︃
µpre-pay

µno-in

)︃
, cF = cD + cA. (5)

In the arrival comparison, workers other than arrivals have the same observed earnings in both

calculations. Therefore, the difference comes only from adding arrivals at their previous pay,

measuring their contribution to the local mean without counting their new job earnings gains.

We estimate each outcome separately for whites and minorities, and regress its white-minus-

minority difference on tightness to compare the groups’ responses directly. For Panel C, this dif-

ference gives the contribution to the minority earnings gap, measured in percentage points. All

regressions use the same MSA–quarters so that the comparisons across rows and groups are not

affected by changes in the sample. Both groups must have the flow counts, employment counts,

and earnings needed for every comparison above. We also require workers with positive total

earnings to remain after subtracting departures from the pre-move workforce and arrivals from

the post-move workforce; otherwise, the remaining workers’ mean earnings needed for Panel C

cannot be calculated.

The sample, from 2010Q3–2025Q1, ends one quarter before the core panel because the account-

ing requires earnings in t + 1. Because the arrival, departure, and combined contributions use

the same observations and specification, their estimated responses also add up: the combined

response equals the sum of the arrival and departure responses.
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F.2 Vacancy-side Composition: Occupational Tightness Construction

To construct the occupational-tightness index in equation (2), we harmonize ACS employment,

CPS unemployment, and Lightcast recruiting into eight groups: management and business; pro-

fessional and technical occupations other than health; health practitioners and technical occupa-

tions; services including health support; sales and office occupations; farming, construction, ex-

traction, installation, maintenance, and repair; production; and transportation and material mov-

ing. ACS and Lightcast classifications use SOC major groups; CPS occupations use the harmo-

nized OCC1990 codes. Occupations outside these groups are excluded, accounting for 1.4 percent

of otherwise eligible Lightcast postings in the 212-MSA sample and 0.02 percent of eligible CPS

records; all eligible ACS employment records can be assigned to a group.28 The broad groups pro-

vide a common classification across sources while preserving differences in the occupations held

by whites and minorities.

The employment shares sr
moy determine how much weight each occupation receives in a group’s

index. We calculate them from person-weighted ACS employment among civilian household res-

idents aged 16–64 in private-sector or state and local government wage-and-salary jobs. Because

the shares describe where group members work rather than their earnings, we include students

and impose no earnings or hours restriction. For minorities, we pool Black and Hispanic employ-

ment within each occupation before calculating its share of total minority employment. To avoid

constructing these distributions from very small samples, we require at least 100 unweighted mi-

nority employment records across 2012–2014, leaving 212 MSAs.

To reduce sampling noise while allowing the employment shares to change, we update them an-

nually using the three most recent preceding ACS survey years. For 148 MSAs with at least 100

minority employment records in 2007–2009, the series starts with that window and uses the har-

monized 2013 metropolitan definitions. The remaining 64 MSAs use the 2023 geographic assign-

ments and first obtain shares from 2012–2014. To retain their earlier earnings observations, we

also apply those first shares to outcome years 2010–2014. Only the employment weights are car-

ried backward; recruiting and unemployment still reflect the quarter being studied. Thus, these

early weights use ACS years that postdate the earnings observations they are applied to. When

updating shares, we skip the unavailable standard 2020 ACS release and use the three most recent

28These percentages use unweighted records after the other source-specific restrictions described here. Lightcast and
CPS cover 2010Q3–2025Q2; the ACS employment inputs cover 2007–2024, excluding 2020.
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available survey years; this does not remove 2020 earnings observations.

To construct recruiting intensity, vmot = Vmot/Ēmo, we assign Lightcast postings to MSAs through

their county and average the monthly counts of newly dated postings within each quarter to

obtain Vmot. The denominator Ēmo is the occupation’s average all-race, person-weighted ACS em-

ployment in 2012–2014, using the employment sample defined above. Keeping this denominator

fixed ensures that recruiting intensity rises only when postings rise, rather than when the number

of employed workers falls.

The occupational unemployment measure is ˆ︁umot = Umtqot, where Umt is the local LAUS unem-

ployment rate and qot = uCPS
ot /uCPS

t compares the national unemployment rate in occupation o

with the rate across all classifiable occupations. To construct both national rates, we use CPS civil-

ian respondents aged 16–64 who are employed or unemployed with previous work experience,

retaining those with a classifiable occupation and a positive composite weight. Unemployed re-

spondents are assigned by their previous occupation, so new entrants without one are excluded.

We pool the monthly observations within each quarter and use the composite weights to calculate

unemployment as a share of the corresponding labor force.

Because the same local rate Umt enters both groups’ unemployment indices, it cancels from Rmt.

A change in overall MSA unemployment alone therefore does not move the relative index: the

groups differ through their occupational employment shares and the recruiting and unemploy-

ment conditions of those occupations. This construction measures relative occupational con-

ditions without requiring directly observed local unemployment separately for minorities and

whites.

F.3 Policy Levers

F.3.1 Minimum-Wage Construction and Comparison

We construct quarterly state wage floors from daily rates in Vaghul and Zipperer (2022) through

December 2022, extended through June 2025 using recorded state policy changes and their effec-

tive dates. For each day, we use the higher of the state and federal floors. Averaging these rates

within the quarter gives each wage floor a weight proportional to the number of days it applies,

rather than treating a mid-quarter increase as if it applied throughout. We then express the quar-

terly average in 2024 dollars by multiplying it by the ratio of the 2024 annual average CPI-U to the

current quarter’s average CPI-U (US Bureau of Labor Statistics 2026a).
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For MSAs spanning more than one state, we construct fixed employment weights from QWI

counts with valid disclosure status. Each state’s weight is its share of the MSA’s private-sector

jobs in 2010Q2, just before the sample begins. The measure records statutory floors, not the share

of workers bound by them, and does not comprehensively capture local ordinances, exemptions,

eligibility differences, or compliance.

F.3.2 Diversity, Equity, and Inclusion

F.3.2.1 DEI Classification and Review

The posting-based measures distinguish employers’ stated commitments and actions from their

recruitment for a dedicated DEI function. The first measure, substantive DEI content, equals one

when the advertisement body contains a qualifying commitment or action related to workplace

diversity or inclusion. The second, specialized DEI-role advertising, identifies the occupational

function of the advertised position from its title. Neither measure requires the other to be positive.

Classification rules. The algorithm applies a fixed set of phrase-matching rules. We first stan-

dardize text formatting, then look for specified terms and phrases, sometimes requiring them to

appear close together and in a particular order. For example, an invitation rule looks for language

encouraging applications from underrepresented groups. These restrictions make the classifica-

tion more selective than a count of isolated DEI-related words, but do not amount to a contextual

reading of the full advertisement.

Four groups of body rules identify actions: invitations to underrepresented applicants; outreach

and recruiting pipelines; inclusive selection practices; and organizational resources, such as em-

ployee resource groups, DEI teams, or targeted mentoring. Commitment rules identify affirma-

tive language about organizational priorities. Examples include committed to in close proximity

to diversity or inclusion language, and statements about building or maintaining an inclusive

workplace. A concrete initiative is not required for a commitment to qualify. Substantive DEI

content is the union of these action and commitment indicators, so several matches in the same

advertisement still count as one positive posting.

Legal boilerplate is recorded separately through equal-opportunity employer statements, nondis-

crimination language, protected-characteristic lists, federal-contractor statements, and legally framed

accommodation notices. These matches alone do not produce a positive substantive DEI content
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classification. The substantive measure encompasses inclusion beyond race; a racial term is not

required. These choices make the measure one of advertised organizational engagement, not a

count of concrete initiatives or evidence that an initiative was implemented.

We search both title fields supplied by Lightcast and combine the inclusion-related and occupa-

tional terms they contain when classifying the posting; an exclusion term in either field rules

it out. A title qualifies through an explicit DEI phrase or acronym; inclusion-related language

combined with an occupational term such as manager or specialist; a diversity-recruiting phrase;

or a designated equal-opportunity or affirmative-action role. Specified terms exclude supplier

and procurement, ecological, student and academic, health, and financial or other non-DEI uses

of equity. Because these are textual rules, ambiguous acronyms can generate false positives and

mixed-function titles can be excluded. The measure counts advertisements for the identified roles,

not all advertisements posted by employers that recruit for them.

The full posting sample contains 391.9 million advertisements across 374 MSAs over 2010Q3–

2025Q2. The algorithm identifies 119,139 advertisements for specialized DEI roles and 25.75 mil-

lion with substantive DEI content, representing 0.03 and 6.57 percent of the respective eligible

postings.

Independent reading of advertisements. The review assesses whether the automated labels cor-

respond to readings of the advertisements under the intended definitions. The reviewed postings

come from a stratified review roster spanning 2010–2025. The roster deliberately overrepresents

algorithm-positive postings and negative postings with potentially relevant language, alongside

other negative cases, rather than reproducing their frequencies in the posting population. This

design provides more examples of rare classifications, particularly specialized DEI roles, and po-

tential omissions. The review is therefore informative about classification boundaries, but, because

it overrepresents potentially difficult cases, its unweighted disagreement rates should greatly ex-

ceed those in the full posting population.

Three research assistants review 600 postings selected to cover different periods and combina-

tions of algorithmic classifications. Selection balances coverage of classification patterns within

periods rather than mirroring their frequency, further increasing the representation of rare cases.

They receive the full available title fields and body and the coding instructions, without the al-

gorithm’s labels or other information, and provide five separate judgments: whether the posting
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contains specialized DEI roles, boilerplate, substantive action, substantive commitment, and ex-

plicitly racial or ethnic substantive content. They distinguish an action from an aspiration, while

allowing an explicit workforce-inclusion commitment to qualify without a concrete initiative. For

specialized roles, the title is primary and the body may clarify an acronym, but cannot turn a

generic title into a DEI occupation. They are instructed to read the material in context rather

than implement another keyword rule and to leave unsupported judgments unresolved. Two

hundred different postings are reviewed by each assistant, so the sample does not allow us to

measure agreement between reviewers. Their rationales were not collected, so explanations of

their disagreements are not available. Their judgments are retained without adjudication and are

not treated as an error-free benchmark.

For the algorithm and the reviewers alike, substantive content is positive if either action or com-

mitment is positive, negative only if both are negative, and unresolved otherwise. Unresolved

judgments are excluded from the comparison. The comparison uses 582 resolved postings for

substantive content and 593 for specialized roles.

The algorithm classifies 47.2 percent of the reviewed postings as specialized DEI roles and 66.3

percent as containing substantive DEI content, compared with 35.8 and 47.6 percent for the human

reviewers (Panel A of Table F.2). These percentages describe the selected review sample, which

deliberately includes DEI-positive and edge cases, rather than represent percentages for the full

postings population.

Agreement is higher for specialized roles, but the direction of disagreement matters for both mea-

sures. Table F.1 reports agreement rates and the direction of disagreement for the reviewed post-

ings.

Algorithm–human agreement is 68.9 percent for substantive content and 87.9 percent for special-

ized roles. The algorithm identifies more substantive content than the human reviewers. This

comparison involves a more subjective judgment than identifying a specialized role, particularly

at the boundary between an explicit inclusion commitment and generic employer language.

Although disagreement is not trivial, the review sample oversamples algorithm-positive postings

and potential boundary cases. Panel B of Table F.2 reweights postings using their period and orig-

inal sampling group, distinguishing positive cases, potentially difficult negatives, and ordinary

negatives, while matching the full-sample algorithm-positive shares. The same weights apply to

both. In the reviewed sample, the weighted shares are 0.03 percent for specialized DEI roles and
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6.6 percent for substantive content under the algorithm, compared with 0.71 and 15.3 percent for

human reviewers, respectively. Differences remain, particularly for substantive content, likely the

result of the limited sample size and of the weights adjusting the composition of the review sample

but not eliminating selection within the weighting groups.

TABLE F.1: VALIDATION OF POSTING-BASED DEI CLASSIFICATIONS IN SAMPLES

OVERSAMPLING BOUNDARY CASES

Agreement Both Algorithm only Human only Both
Measure N (%) positive positive positive negative

Substantive DEI content 582 68.90 241 145 36 160
Specialized DEI roles 593 87.86 210 70 2 311

Notes: The comparison uses the algorithmic classifications and independent human judgments without adjudication.
The review sample deliberately oversamples algorithm-positive postings and algorithm-negative postings with poten-
tially relevant language, giving greater representation to rare classifications and boundary cases. Reviewers read the
available posting text and titles without the algorithm’s labels. Substantive content is the union of substantive action
and commitment; specialized roles concern the occupational function. Unresolved judgments are excluded separately
by measure, not recoded as zero. The table draws on 600 postings reviewed by three research assistants and uses the
582 resolved substantive-content and 593 resolved specialized-role comparisons. Each posting has one human review,
so agreement between human reviewers cannot be calculated. Agreement is the percentage receiving the same binary
classification. The four count columns partition the resolved sample: both positive, algorithm only positive, human
only positive, and both negative. Human judgments are not assumed error-free. These unweighted statistics describe
the reviewed advertisements, not population prevalence or error rates. Appendix F.3.2.1 provides the definitions and
review procedures; Table F.2 reports positive-classification shares.
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TABLE F.2: DEI CLASSIFICATION SHARES IN SAMPLES OVERSAMPLING BOUNDARY CASES

A. Positive classifications in the review sample (%)
Measure N Algorithm Human

Specialized DEI roles 593 47.22 35.75
Substantive DEI content 582 66.32 47.59

B. Positive classifications calibrated by sampling stratum (%)
Measure N Algorithm Human

Specialized DEI roles 593 0.03 0.71
Substantive DEI content 582 6.57 15.27

Notes: Panel A reports unweighted positive-classification shares; Panel B reports shares calibrated by sampling stra-
tum. Both use the resolved samples of Table F.1, drawn from 600 postings reviewed by three research assistants. The
samples deliberately oversample algorithm-positive postings and algorithm-negative postings with potentially rele-
vant language, giving greater representation to rare classifications and boundary cases. Each posting has one human
review. Substantive content is the union of substantive action and commitment; specialized roles concern the occupa-
tional function. Unresolved judgments are excluded separately by measure, and each row uses the same observations
for the algorithm and the reviewers. For each measure, Panel B uses 25 cells: five periods (2010–2011, 2012–2014, 2015–
2016, 2017–2019, and 2020–2025) crossed with five original sampling groups (positives with one or multiple qualifying
rule matches, negatives with near-target signals or other candidate-rule signals, and ordinary negatives outside the
candidate set). Within algorithm-positive and algorithm-negative postings separately, weights reproduce the cell pro-
portions recorded in the original text-sampling frame. They also match the full-study algorithm-positive shares of 0.03
percent for specialized roles and 6.57 percent for substantive content, using unrounded targets. Specifically, a posting
in cell h receives weight proportional to pa Nh/(Nanh), where a is its algorithmic status, pa its target share, Nh/Na the
cell’s share of that status in the sampling frame, and nh its resolved review count. Weights are positive and identical
across classifiers within each row; N remains the actual number reviewed. The text-sampling frame is broader than the
MSA estimation sample, and calibration does not correct residual selection within cells. These are descriptive calibrated
comparisons, not population-prevalence estimates for the algorithm or the human reviewers. Human judgments are
not assumed error-free. Appendix F.3.2.1 provides the review procedures and definitions.

F.3.2.2 External Validation of DEI Measures

We use three external comparisons to assess whether the DEI information extracted from the post-

ings aligns with employer equality and inclusion engagement documented externally, outside of

the advertisements. Two exercises examine formal racial-equity commitments and recruiting re-

lationships; a third examines applicants’ callback outcomes. The first two speak to organizational

engagement, while the third asks whether that engagement also corresponds to less unequal ap-

plicant treatment.

To compare employers’ advertised DEI engagement with the external records, we construct an

employer-level share for each measure over the period relevant to each benchmark. Using the

existing classifications, we divide each employer’s qualifying postings by all of its postings in the

linked data during that period. We report substantive content as a percentage and specialized roles

as advertisements per 10,000 postings. Employers must have at least 50 matched postings and an
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identified industry. We assign each employer to its most frequent two-digit NAICS category in

the fourth quarter of the final year covered by each comparison, combining manufacturing, retail,

and transportation categories into their standard sectors, since the employer’s industry enters the

selection of comparison employers.

Formal commitments and recruiting relationships. The first benchmark comprises the 35 em-

ployers listed by Management Leadership for Tomorrow (2021) as committed to pursuing Black

Equity at Work certification by May 2021. This program sets standards for workplace racial eq-

uity; appearing on the list records a commitment to the process, not certification already achieved.

We use 2021 posting shares and retain 26 employers with identified matches and adequate com-

parison support. The second benchmark is the December 2024 list of career-services sponsors and

partners at North Carolina A&T, a historically Black university (North Carolina Agricultural and

Technical State University 2024). Using 2024 posting shares, we retain 37 of the 40 listed employ-

ers.

For each identified employer, we select up to five employers outside the corresponding list in the

same industry and closest in log posting volume. A comparison employer must have between

half and twice the identified employer’s posting volume, and each matched set must contain at

least three comparisons. Matching is without replacement, producing 130 comparison employ-

ers for Black Equity at Work and 185 for North Carolina A&T. Employer identities and compari-

son groups are established without using the DEI shares, and ambiguous employer or subsidiary

matches are excluded. We first subtract each set’s mean comparison share from the identified em-

ployer’s share, then average these differences with equal weight across identified employers. The

95 percent confidence intervals use 9,999 bootstrap resamples of matched sets.

Substantive DEI content is more prevalent among employers with independently documented in-

clusion commitments, most clearly in the certification-program comparison (Table F.3, Panel A).

Its average posting share is 34.9 percent among those employers and 5.6 percent among their com-

parisons, a difference of 29.3 percentage points with a 95 percent interval of [15.2, 44.3]. The North

Carolina A&T difference is also positive, at 11.2 points, but less precisely estimated: its interval is

[−1.1, 23.9] (Table F.3, Panel B). Specialized DEI roles are also more prevalent among employers

committed to pursuing certification, by an estimated 29.0 advertisements per 10,000 postings. The

North Carolina A&T comparison shows no clear difference in specialized-role advertising. Boil-
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erplate is also more prevalent among the externally identified employers, so the associations are

not unique to substantive language. The evidence is most informative about employers’ broader

commitment to inclusion rather than the implementation of a particular hiring practice.

Applicant treatment. The third exercise asks whether employers advertising more DEI engage-

ment have smaller Black–white callback gaps. We use the difference between the callback rates of

white and Black applicants reported by Kline et al. (2024). We link these outcomes to employers’

DEI posting shares during the experiment’s October 2019–April 2021 fieldwork window. Of the

97 employers in the external source, 92 remain after identity and posting-coverage restrictions and

the exclusion of industries represented by only one employer. Each regression relates the white-

minus-Black callback gap to one DEI measure, controlling for industry indicators and log posting

volume and weighting employers equally. We standardize the DEI measure by its employer-level

sample standard deviation, so the coefficient gives the percentage-point difference in the callback

gap associated with a one-standard-deviation increase in advertised engagement.

Neither DEI measure clearly predicts smaller Black–white callback disparities (Table F.3, Panel C).

The estimated response to a one-standard-deviation increase is 0.02 percentage point for substan-

tive content and −0.3 for specialized roles, with respective 95 percent intervals of [−0.4, 0.6] and

[−0.8, 0.4]. These intervals use 3,999 employer-level bootstrap resamples. The small employer

sample, however, leaves considerable uncertainty, so these estimates cannot rule out a relation-

ship.

Taken together, the external validations support an interpretation of substantive content as adver-

tised engagement associated with broader commitments, without establishing effective nondis-

criminatory hiring.
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TABLE F.3: DEI RECRUITING MEASURES AND INDEPENDENTLY DOCUMENTED EMPLOYER

ENGAGEMENT

Measure Listed Comparison Difference 95% CI
employers employers

A. Commitment to Black Equity at Work certification
Substantive DEI content (%) 34.87 5.56 29.31 [15.23, 44.27]
Specialized DEI roles (per 10,000) 39.32 10.35 28.97 [-0.03, 68.02]
Legal boilerplate (%) 77.65 57.91 19.74 [8.51, 31.04]

B. North Carolina A&T recruiting relationships
Substantive DEI content (%) 26.96 15.75 11.21 [-1.10, 23.92]
Specialized DEI roles (per 10,000) 2.19 2.77 -0.57 [-2.73, 1.62]
Legal boilerplate (%) 76.12 64.43 11.69 [-0.21, 22.50]

C. white–Black callback gaps
Measure Response per SD (pp) 95% CI

Substantive DEI content 0.02 [-0.44, 0.64]
Specialized DEI roles -0.31 [-0.82, 0.36]

Notes: Panels A and B compare employer posting shares with matched employers outside the corresponding published
list. Panel A uses 2021 shares for 26 employers and 130 comparisons; the external cohort records commitment to pursue
certification, not certification achieved (Management Leadership for Tomorrow 2021). Panel B uses 2024 shares for 37
employers and 185 comparisons from the university’s December 2024 sponsor and partner list (North Carolina Agricul-
tural and Technical State University 2024). Matches share a broad two-digit industry and have similar posting volumes,
within a factor of two. Each listed employer is matched to up to five comparison employers, without replacement, and
must have at least three. Listed-employer means, matched-set comparison means, and their differences weight listed
employers equally. The 95 percent confidence intervals resample matched sets 9,999 times. For substantive content
and legal boilerplate, means are percentages and differences and their confidence intervals are in percentage points;
specialized roles are advertisements per 10,000 postings. All three use matched postings as their denominator, rather
than the measure-specific nonmissing-text counts used in the MSA regressions. Panel C uses 92 employers from Kline
et al. (2024), with posting shares during October 2019–April 2021. Separate regressions relate published raw white-
minus-Black callback gaps to each DEI measure, controlling for broad industry and log posting volume and weighting
employers equally. Entries represent one employer-level standard deviation more DEI exposure; the outcome is in
percentage points. The 95 percent confidence intervals use 3,999 employer-level bootstrap resamples, holding the ex-
posure standard deviation at its original-sample value. The source’s callback rates are rounded to 0.1 percentage point;
the partly industry-adjusted grades are not the outcome. Appendix F.3.2.2 describes coverage and interpretation.

F.3.2.3 Local DEI Exposure and Earnings-Gap Regressions

The earnings regressions use DEI shares to describe engagement in the local recruiting environ-

ment. Advertisements, excluding those for fully remote positions, are assigned to MSAs by post-

ing location. For measure d, let Nd
mt be the number of advertisements flagged with either sub-

stantive DEI content or hiring for specialized DEI jobs in MSA m and quarter t, and Neligible,d
mt the

corresponding eligible count of total advertisements. The trailing-four-quarter share is:

Dd
mt =

∑3
j=0 Nd

m,t−j

∑3
j=0 Neligible,d

m,t−j

. (6)
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Pooling the advertisement counts smooths fluctuations in uncommon DEI recruiting while giving

each eligible advertisement the same weight within the four-quarter window. Only DEI exposure

is smoothed: tightness and earnings refer to the current quarter.

Across all MSA–quarters with complete four-quarter shares in 2011Q2–2025Q2, specialized-role

advertising averages 2.0 advertisements per 10,000 postings, with a standard deviation of 2.6

across MSA-quarters, while substantive content averages 5.1 percent, with a standard deviation

of 3.8 percentage points. The 25th and 75th percentiles are 0 and 3.0 advertisements per 10,000 for

specialized roles, and 2.5 and 6.7 percent for substantive content. These local summary statistics

weight MSA–quarters equally and describe the constructed measures before the outcome-specific

regression restrictions. To make coefficients comparable across the two measures while preserv-

ing the time-varying share nature of the original variable, we center each share at the median and

divide it by the interquartile range of pooled 2017–2019 shares across 374 equally weighted MSAs.

G Transition Frequency and Earnings-Gap Compression

G.1 Transition Rates from Job-to-Job Flows

Panel A of Table VIII uses the published, not-seasonally-adjusted metropolitan rates from the

LEHD Job-to-Job Flows, which record transitions involving a worker’s main job. Each rate divides

the quarterly flow by average main-job employment at the beginning and end of the quarter, and

therefore describes transitions per job held. Averaging the two endpoints follows the Job-to-Job

Flows convention: employment changes within the quarter, and the average sets the base each

flow is measured against. Direct employer changes involve no observed nonemployment spell.

Hires from nonemployment and separations into nonemployment are the full nonemployment-

flow measures, not the narrower persistent nonemployment measures. Nonemployment here is

defined from employment records and does not distinguish unemployment from being outside

the labor force. Hires are assigned to the MSA of the destination employer and separations to the

MSA of the origin employer. Moves across MSA boundaries can therefore affect local hiring and

separation rates differently.

The pooled minority rate averages Black and Hispanic rates using their QWI beginning-of-quarter

employment as weights, which is a pooling of published rates and not a reconstruction from

group-specific flow counts. The third column of Panel A is the white rate minus that pooled

rate, a difference we form before estimation and estimate in its own regression. Each rate enters
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equation (1) as the dependent variable. The white columns are estimated on observations with

positive white employment and the minority and difference columns on observations with posi-

tive minority employment.

G.2 Initial and Stable Hiring

The final two rows of Panel A use the QWI rather than the Job-to-Job Flows and are not restricted

to workers’ main jobs. Initial hires are current-quarter new hires, excluding recalls to the same em-

ployer within the preceding year, relative to beginning-of-quarter employment: 100HirNt/Empt.

Subsequent stable hiring is 100HirNSt+1/Empt, counting entry-quarter hires whose jobs reach

full-quarter status in the following quarter, as defined in Appendix C.1. Both rates therefore de-

scribe the same cohort of entrants at two stages, using employment in the entry quarter as their

denominator.

Black and Hispanic hires and employment are summed before the ratio is taken. The comparison

uses the common availability sample for the new-stable-hire earnings regressions with flow con-

trols, further requiring initial-hiring counts, positive entry-quarter employment, and following-

quarter stable-hiring counts for both groups. Both hiring rows and all three reported outcomes

use the same MSA–quarters, but not the full sample used for the J2J transition rates. Because sta-

ble status is recorded one quarter after entry, this sample ends in 2025Q1. A smaller response of

stable hiring does not by itself establish a decline in retention, since retention depends on the pro-

portional changes in stable and initial hiring, not on the difference between their percentage-point

responses.

G.3 Flow Controls in the Earnings Regression

Table IX returns to the earnings outcome and adds the transition rates as controls. Every control is

a white-minus-minority difference in a current-quarter rate, measured in percentage points. The

employer-change control is the direct employer-change separation rate, and the nonemployment

controls are the hiring-from-nonemployment and separation-to-nonemployment rates, all three

from the Job-to-Job Flows and pooled as described above. The stable-hiring control is the QWI

new-stable-hire rate relative to beginning-of-quarter employment, 100HirNSt/Empt. Unlike the

forward-aligned measure in Appendix G.2, it records stable hiring in the earnings quarter rather

than following that quarter’s entrants into the next quarter.
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Every column of the table, including the baseline, uses the same MSA–quarters within each earn-

ings population, retaining only observations with all four flow controls available. Differences

across columns therefore reflect the controls rather than changes in the estimation sample. Be-

cause transition rates and the composition of movers may themselves respond to tightness, these

comparisons show how conditioning on measured flow differences changes the tightness esti-

mate; they do not identify a causal share of earnings compression attributable to mobility.

H Transition Quality and Earnings-Gap Compression

The exercises in Section 8 distinguish changes in hiring destinations from upgrading relative to the

jobs workers leave. Table X uses QWI initial hires to describe where hiring occurs, while Table XI

uses J2J origin–destination data to account for both endpoints of employer changes.

H.1 Destination Pay Ranks

Panel A places industries, firm-size classes, and counties within each MSA on separate pay rank-

ings. For each dimension, we average destination ranks using initial-hiring counts, without con-

ditioning on a worker’s previous employer or employment status. All ranks use a zero-to-100

scale and the same pay ranking for white and minority hires. The outcomes therefore describe the

relative pay positions of each group’s hiring destinations, rather than the improvement relative to

the jobs individual workers leave.

All destination pay ranks use all-worker private-sector stable-job earnings over the three preced-

ing calendar years, deflated using the CPI-U and weighted by stable-job counts. We update these

ranks annually. A pay benchmark requires all three reference years, at least eight valid quarters in

total, and at least two in each year. Changes in average destination rank can therefore reflect both

shifts in where hiring occurs and changes in the relative pay rankings of those destinations.

Industries are ranked nationally, while counties are ranked within each MSA to capture differences

in pay among locations in the same local labor market. A geographic comparison requires at

least two ranked counties. Firm-size classes are also ranked within each MSA. The five classes

contain 0–19, 20–49, 50–249, 250–499, and 500 or more employees; they are ranked by earnings,

not assumed to pay more as firm size increases. The joint job-type ranks of Panel B use the same

rolling earnings benchmarks and support requirements.

Because a destination can rank highly in one dimension but poorly in another, Panel B ranks
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36 job types defined jointly by industry and firm size. Eight industries are split into three size

groups—fewer than 50, 50–249, and 250 or more employees—while the remaining twelve indus-

tries enter without size splits.29 The first row ranks these job types across metropolitan areas,

where a destination’s position reflects the type of job together with its location. The second ranks

them within each metropolitan area to detect shifts toward better-paying local jobs that differences

in pay across locations may obscure.

Black and Hispanic hire counts and rank numerators are pooled before the minority mean is

formed, and the third column estimates the white-minus-minority difference in its own regres-

sion. Within each measure, both groups are compared over the same categories with released hir-

ing counts and usable pay ranks. These categories must cover at least 75 percent of each group’s

total initial hires in the MSA–quarter, so that the comparison does not rest on a small observed

subset of hiring.

H.2 Separation between Whites and Minorities in Hiring

Panel C measures how differently white and minority hires are distributed across the same 36 job

types, rather than comparing their average positions on a pay ranking. The measure is 100 times

one half of the summed absolute differences between the two groups’ hiring shares, which equals

zero when the two distributions coincide and rises as they diverge. A negative response therefore

records convergence between them, but leaves the level of pay at those destinations open, since

two groups may share a distribution anywhere on the ranking. It also does not identify which

group’s distribution moves toward the other’s.

Hiring shares are calculated within each MSA–quarter over job types with released counts for

both groups, again requiring these types to cover at least 75 percent of each group’s initial hires.

Unlike the rank measures, the dissimilarity index does not require a pay benchmark. It therefore

retains a larger sample than Panel B: 317 metropolitan areas instead of 300 areas.

H.3 Earnings Gains across Transitions

Table XI extends the destination comparisons by accounting for the pay of the jobs movers leave.

We ask whether tightening produces larger gains for minority than for white movers through

29The eight split industries are construction, manufacturing, wholesale trade, retail trade, professional and technical
services, administrative and support services, health care and social assistance, and accommodation and food ser-
vices.
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changes in their origin and destination categories, valued using recent category pay. The Job-

to-Job Origin-Destination statistics report mover counts and mean earnings before and after em-

ployer changes. We combine two routes: direct changes between stable jobs and stable hires

following brief nonemployment. Earnings endpoints are the quarter before and the quarter after

the transition for direct changes, and two quarters before against one quarter after for the brief-

nonemployment route, which allows for the intervening spell. In both routes, earnings refer to a

full quarter in each job; stable refers to employment continuity, not full-time work.

Both columns use cells that jointly identify origin and destination industries and MSAs. We retain

a route within a cell only when its mover count and earnings at both endpoints are released and

positive, and rolling industry and metropolitan pay benchmarks are available at both endpoints.

The same retained cells and mover counts therefore underlie both decompositions. We apply the

same transition-year benchmark to both endpoints of each move. Moves within an industry or

MSA are included as well as moves between them; the corresponding category-pay component is

zero for a move within the category.

Within each origin MSA, quarter, and group, we pool mover counts and earnings totals across both

routes before taking logs. Let nj be the count in retained cell–route j, and let eO
j and eD

j denote its

mean origin and destination earnings. Suppressing the MSA, quarter, and group subscripts, the

observed gain is

G = ln

(︄
∑j njeD

j

∑j nj

)︄
− ln

(︄
∑j njeO

j

∑j nj

)︄
. (7)

Black and Hispanic counts and earnings totals are likewise combined before calculating the mi-

nority gain. Thus, G is the log change in the retained movers’ mean earnings, not an average

of cell-level log changes or of individual workers’ earnings growth. Pooling first avoids making

the observed gain depend mechanically on whether the same movers are grouped by industry or

geography.

The first row reports the tightening response of the white-minus-minority difference in G, with

estimates and standard errors multiplied by 100 to express the response in percentage points. For

the second row, we apply the same earnings-gain calculation and mover weights after replacing

eO
j and eD

j with the reference pay of the corresponding origin and destination categories. Reference

pay uses all-worker private-sector stable-job earnings over the three calendar years preceding the

transition, deflated using the CPI-U and weighted by stable-job counts. The benchmarks update
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annually and follow the same support requirements as the destination ranks. Industry reference

pay is calculated across MSAs, while metropolitan reference pay uses all-industry earnings within

each MSA. This component values moves between categories at their recent relative pay, allowing

category pay differences to evolve across transition years. The third row is the observed gain

net of that component, so the first row equals the sum of the second and third. This residual

is an accounting remainder, not a separate estimate of within-firm wage changes: earnings can

also vary with the employers and workers involved, hours, and other features not captured by

category pay.

I Monopsony Power

I.1 Measuring Recruiting Concentration

We follow the vacancy-based approach of Azar et al. (2020) to measure how recruiting opportuni-

ties are distributed across employers seeking workers in the same local occupation. We adapt their

commuting-zone geography to MSAs to match our earnings data, assigning Lightcast postings us-

ing the Census Bureau’s 2023 metropolitan delineations and defining occupations at the six-digit

SOC level. Following their methodology, within each MSA–occupation–quarter, we calculate an

HHI as the sum of squared employer posting shares. Advertisements without an identified em-

ployer do not enter these shares, and fully remote postings are excluded from the main measure.

The occupation-level HHIs are combined into an MSA concentration index, Cmt, ranging from

zero to one. For outcome quarter t, the quarterly HHIs are first averaged within each occupation

over t − 4 through t − 1, and then averaged across occupations using their total posting counts

over those four quarters as weights. Calculating the HHI separately each quarter avoids treat-

ing employers recruiting at different times as if they competed for workers simultaneously. An

occupation can contribute even if its HHI is available for fewer than four quarters.

Occupations with a calculable HHI account for almost all non-fully-remote postings over the four-

quarter window. Coverage averages over 99 percent across MSA–quarters, with a minimum of

about 83 percent.30

30Incomplete coverage arises when postings lack an occupation code or belong to occupations for which no employer
can be identified over the four-quarter window.
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I.2 Benchmarking the Measure

We replicate the design of Azar et al. (2020) to check whether our Lightcast data reproduce their

concentration and pay patterns. Following their work, we use commuting zones and restrict the

data to 2016. The construction of the HHI indexes follows the description in the previous section.

For the purposes of the replication, we follow the treatment of unidentified employers in Azar et

al. (2020), assigning each such posting to a separate employer to obtain a lower-bound HHI, rather

than excluding these postings as in our main measure. Similarly, we follow their exclusion of

internships and retain all remote-work categories. Our main measure instead retains internships

and excludes fully remote postings.

Panel A of Table I.1 compares the resulting concentration distribution with the later public data

release documented by Choi and Marinescu (2024). The original study uses the 200 occupations

with the most postings, but its exact occupation list cannot be recovered from the public release.

We therefore select the 200 largest occupations by posting volume in our 2016 data. Of these, 160

occupational codes appear in the public release. Each pair contributes its annual-average HHI

with equal weight. Thus, we follow the original design using a newer data release and a recon-

structed occupation list, rather than exactly the same postings and occupations as the original

study.

Panel B compares our estimates with the original paper’s published relationship between concen-

tration and pay. We replicate the first-column specifications in its Table 2 for advertised salary

and OEWS hourly pay, regressing log pay on log HHI with calendar-quarter fixed effects. These

comparisons follow the same specification and pay concepts.
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TABLE I.1: BENCHMARKING RECRUITING CONCENTRATION AND ITS RELATIONSHIP WITH PAY

Panel A. Recruiting concentration in 2016
Source Mean p25 Median p75

Later public Lightcast snapshot 4155.44 1092.02 3333.33 6750.00
Current Lightcast replication 4183.38 1194.80 3333.33 6731.52

Panel B. Pay and recruiting concentration
Published estimate Current replication

Outcome: Log Lightcast advertised salary
Log HHI −0.05 −0.06∗∗∗

(0.00)

Outcome: Log OEWS hourly pay
Log HHI −0.07 −0.06∗∗∗

(0.00)

Notes: Panel A reports unweighted summary statistics for 2016 commuting-zone–six-digit-occupation HHIs on a zero-
to-10,000 scale, averaging available quarterly indices. The later public Lightcast snapshot contains 91,909 markets
and 160 occupations; the current reconstruction contains 119,223 markets and 200 occupations. Each posting with an
unidentified employer is treated as a separate employer; the main analysis instead uses identified-employer HHIs.
Internships are excluded and remote-work categories retained. The benchmark follows Azar et al. (2020); the public
snapshot is documented by Choi and Marinescu (2024). Panel B reports elasticities from unweighted regressions of
log pay on log HHI with calendar-quarter fixed effects. Published coefficients are from Azar et al. (2020). Current
salary and hourly-pay regressions use 203,329 and 174,173 market–quarters, respectively. Heteroskedasticity-robust
standard errors are in parentheses; published standard errors and significance symbols are not reproduced. For current
estimates, ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. Appendix I.2 details the construction and differences in coverage.

Our data closely reproduce the concentration distribution in the public release and the pay rela-

tionships in the original study. Mean HHI is 4,183 in our data, compared with 4,155 in the public

release; both have a median of 3,333 and similar upper quartiles. Our pay elasticities are approx-

imately −0.06 for both advertised salary and OEWS hourly pay, close to the published estimates

of −0.05 and −0.07, respectively.

I.3 Specifications and Reported Responses

To assess whether concentration shapes the earnings-gap response to tightening, our linear spec-

ification adds concentration and its interaction with tightness to the baseline earnings regression.

We also ask whether this difference in responses depends on how tight the market already is. For

this, we extend the cubic specification described in Section 5.3, interacting concentration with each

of the three tightness terms.

We estimate the relationship separately for beginning-of-quarter jobs and new stable hires. Cen-

tered tightness is xmt = −Umt − −U, where unemployment is measured in percentage points.

We center concentration at its estimation-sample median and divide it by its interquartile range,
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cmt = (Cmt − C50)/(C75 − C25), separately for each earnings population. The cubic specification is

ymt = αm,q(t) + λt + γmt + ηcmt +
3

∑
k=1

(βk + δkcmt) xk
mt + εmt (8)

where ymt is the minority earnings gap defined in equation (1), and the fixed effects follow our

main design in Section 4. The specification is cubic in tightness, while concentration enters linearly,

both on its own and in its interactions with tightness.

For the cubic specification, the earnings-gap response to further tightening at a given level of

tightness and concentration is

D(x, c) =
3

∑
k=1

k (βk + δkc) xk−1. (9)

This is the slope of the estimated earnings-gap relationship at that point, expressed per 1-percentage-

point unemployment decline. It need not equal the change from an actual 1-percentage-point de-

cline, because the slope changes as unemployment falls along the cubic. The response is measured

in percentage points of the minority earnings gap; a negative value indicates compression.

We evaluate this response at fixed low- and high-concentration benchmarks. These are the 25th

and 75th percentiles in the 212-MSA sample with ACS occupational information available for the

occupational-tightness exercise in Section 6.2. They correspond to HHIs of 942 and 2680 on the

zero-to-10,000 scale. These values determine where we evaluate the response, not which MSAs

enter the regression: the concentration regressions use the larger sample of 368 MSAs with the

required earnings, tightness, and concentration data. Keeping the benchmarks fixed makes low

and high concentration comparable across earnings populations and market conditions.

We test differences between these concentration levels using the estimated interaction coefficients

and standard errors clustered by MSA. For the cubic specification, the high-minus-low response

difference at tightness x is (cH − cL)(δ1 + 2δ2x + 3δ3x2), where cL and cH express the two HHI

benchmarks on the centered and scaled concentration measure defined above.
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