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Using data on the near-universe of US online job vacancies collected by Burning Glass Technologies in 2016, we
calculate labor market concentration using the Herfindahl-Hirschman index (HHI) for each commuting zone by
6-digit SOC occupation. The average market has an HHI of 4,378, or the equivalent of 2.3 recruiting employers.
60% of labor markets are highly concentrated (above 2500 HHI). Highly concentrated markets account for 16%

of employment. Labor market concentration is negatively correlated with wages, and there is no relationship
between measured concentration and an occupation’s skill level. These indicators suggest that employer concen-
tration is a meaningful measure of employer power in labor markets, that there is a high degree of employer
power in labor markets, and also that it varies widely across occupations and geography.

1. Introduction

Monopsony power of employers in labor markets is not a new subject
for labor economists, but prior work has generally focused on specific oc-
cupational markets thought to be specialized and therefore prone to em-
ployer power over a captive or semi-captive workforce (e.g. Matsudaira,
2013; Staiger et al., 2010, and Ransom and Sims, 2010), or it has focused
specifically on the low-wage labor market in the context of changes to
the legislated minimum wage (e.g. Dube et al., 2010). In this article, we
quantify the level of labor market concentration across nearly all occu-
pations and for every commuting zone in the US, using the near-universe
of online job vacancies for 2016 from Burning Glass Technologies (BGT).
Based on findings in this and other work, we argue that concentration
measured this way is a useful index of employers’ market power.

Calculating concentration in labor markets presupposes a market
definition. In order to ascertain a rule of thumb for market definition
in the labor context, we perform a hypothetical monopsonist test, anal-
ogous to the hypothetical monopolist test used for product market def-
inition in the antitrust literature. The essence of such a test is to ask
whether, for a given market definition, significant wage suppression
would be profitable for an employer monopsonizing that market. The
profitability of wage suppression depends on how many workers will
leave in the face of wage suppression, i.e. the labor supply elasticity to
the candidate market. In other words, conditional on other parameters
of labor demand (firm productivity, output price, etc.), variation in the

firm-level labor supply elasticity will generate variation in the monop-
sonistic wage markdown. Thus, we can make use of estimates of the
labor supply elasticity corresponding to various market definitions to
determine the right definition for our concentration calculations. Ulti-
mately, we utilize as our main market definition a commuting zone-by
6-digit SOC occupation-by quarter market definition. We also present
results for alternative market definitions.

The relationship between market definition, labor supply elastic-
ity, and measured concentration of employers suggests that there
is more than one way to measure employer market power. Azar
et al. (2019b) show that higher market concentration is correlated with
lower firm-specific labor supply elasticity, which is consistent with a
theory of oligopsonistic labor markets in which employers compete for
workers a la Cournot. It is intuitive that markets with fewer employers
would result in fewer outside options for existing workers, and hence
greater wage-setting power for incumbent firms. While in some models,
firm-specific labor supply elasticity may be a more primitive parameter
and market concentration of employers an equilibrium outcome, their
close association in the data, in addition to the fact that concentration
may be more readily measurable, creates a justification for both mea-
suring concentration and using it as an index of market power.

Using the vacancy data from BGT, we calculate Herfindahl
Hirschman Indices (HHIs) for labor markets at the occupation (6-digit
SOC), commuting zone, and quarterly level. The average market has an
HHI of 4378, which is the equivalent of 2.3 recruiting firms with equal
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shares of the total vacancy pool. 60% of markets have concentration
greater than 2500. Note that a market with four firms and equal mar-
ket shares has an HHI of 2,500, so an HHI of 2500 is the equivalent of
4 recruiting firms with equal shares of the total vacancy pool. Another
11% of markets have an HHI between 1500 and 2,500. In antitrust law,
a market above 2500 HHI is highly concentrated and it is moderately
concentrated between 1500 and 2500 HHI (Department of Justice / Fed-
eral Trade Commission 2010 horizontal merger guidelines). Under that
definition, 60% of US markets are thus highly concentrated.

When we weight markets by BLS total employment, we find that 16
percent of workers work in highly concentrated labor markets, and a
further 7 percent work in moderately concentrated markets. Concentra-
tion is lower in large commuting zones, which explains why weighting
by employment lowers the prevalence of high concentration.

We also calculate concentration for a number of alternative market
definitions in terms of occupation, location, and time. According to sev-
eral plausible alternative market definitions, we find that at least 40%
of markets are highly concentrated. We then perform several descrip-
tive regressions of measured concentration on wages (using both BGT
and Bureau of Labor Statistics (BLS) Occupational Employment Statis-
tics data). We show a robust negative association between concentration
and wages, using both occupation and commuting zone fixed effects and
controlling for the demand state of the labor market. The negative as-
sociation between concentration and wages is a sign that concentration
is at least an indicator of employer market power.

Finally, we show that there is no robust relationship between concen-
tration and several measures of occupational skill, signifying that labor
markets are not more or less concentrated (given our market definition)
for lower- or higher-skill jobs. From this work, at least, there’s no rea-
son to believe that lower skill workers are any less subject to employers’
MONopsony power, or vice versa.

Our measure of concentration is distinct from the industry concen-
tration measures used by Autor et al. (2020), Barkai (2019), and other
work purporting to show declining competition in the macroeconomy
and sector-by-sector. Our measure is based on concentration in the labor
market rather than concentration in the product market, and we make
no claim about its long-term time trend given the available data. Our
contribution is the first economy-wide measure of labor market concen-
tration to have been made in many decades.!

The papers that come closest to our approach include
Azar et al. (2020), Benmelech et al. (2020), Qiu and Sojourner (2019),
and Rinz (2018). Azar et al. (2020) examine the impact of concentration
on wages but rely on only 17 occupations from one single job board,
CareerBuilder.com. Due to these data limitations, that paper could
not discuss and measure the sensitivity of concentration to alternative
market definitions, or assess the overall level of concentration in the
US. Benmelech et al. (2020) use Census data for manufacturing indus-
tries to measure employment concentration (as opposed to vacancy
concentration) and its negative effect on wages. Rinz (2018) calculates
labor market concentration by commuting zone and industry for
the whole economy and investigates its impact on wage inequality.
Benmelech et al. (2020) and Rinz (2018) focus on industries for defining
labor markets, whereas we use six-digit SOC occupations.?

1 The last, to our knowledge, is Bunting (1962); see review of literature by
Boal and Ransom (1997).

2 The other thing that Benmelech et al. (2020) and Qiu and So-
journer (2019) are able to do that is beyond the scope of the other studies of
labor market concentration, is control for the degree of collective bargaining or
unionization in labor markets. They find that those institutions for worker rep-
resentation mitigate the negative impact of employer concentration, suggesting
that employer market power can be countered by worker power. In Appendix D,
we control for measures of unionization at the occupation level, but economet-
rically this is no different than occupation fixed effects and cannot speak to
the role of collective bargaining in particular labor markets, using the market
definition relied on in this paper.
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In contrast to Benmelech et al. (2020), Qiu and Sojourner (2019) and
Rinz (2018), we measure concentration using job openings rather than
employment because we view vacancies as a better gauge of how likely
searching workers (whether employed or unemployed) are to receive a
job offer. Recent studies show that workers remain in jobs for longer.>
The corollary is that jobs are vacated less frequently, and so the con-
centration of employment may be a less relevant gauge of available
work and employer market power than is the concentration of vacancies
among the relatively few firms who are likely to be hiring at any given
time. We further discuss this issue in Section 2.1. In theory, the wages
for new hires are likely to be more flexible and sensitive to market con-
ditions, be they macroeconomic fluctuations or changes in the degree
of employer power, and so they offer a more variable indicator of the
outcome of interest for tests of employer power. However, if vacancy-
based concentration is a measure of employer power, it should also af-
fect the wages of currently-employed workers. We use earnings from the
Occupational Employment Statistics and show that our vacancy-based
measure of concentration has essentially the same effect on the earnings
of all workers as on the earnings posted by vacancies on BGT.

The previously-mentioned papers estimating a relationship be-
tween labor market concentration and wages or earnings may all suf-
fer from identification problems (see Berry et al., 2019), although
Benmelech et al. (2020) are able to control for employer character-
istics that are usually considered to be the threats to identification
in concentration-outcome regressions using market-level variation. But
two recent papers, Arnold (2019) and Prager and Schmitt (2019), use
observed mergers as plausibly exogenous variation in concentration un-
related to firm-specific characteristics or market demand parameters to
identify a wage effect. Arnold (2019) does so for what is essentially
the universe of mergers in the Longitudinal Business Database, while
Prager and Schmitt (2019) focus on hospital mergers and workers in
occupations employed by hospitals. Both find a significant negative ef-
fect of merger-induced concentration on wages, showing that increases
in concentration are relevant to merger assessment, as discussed by
Marinescu and Hovenkamp (2019).

Section 2 describes the Burning Glass data, Section 3 addresses mar-
ket definition for labor markets, and Section 4 gives our estimates
of labor market concentration. Section 4.1 correlates our labor mar-
ket concentration estimates with vacancy- and market-level wages.
Section 4.2 relates those concentration estimates to other occupation-
level variables, to ascertain whether employer market power dif-
fers systematically across observable characteristics of occupations.
Section 5 places our results in the larger debate over inter-firm inequal-
ity and employer power in labor markets, and Section 6 concludes.

2. Data

We use data from Burning Glass Technologies (BGT). The company
collects online job postings from about 40,000 websites, which captures
the near-universe of online US job vacancies. And over the period of
time in which BGT has been collecting this data, online job postings
account for an increasing fraction of overall job posting and of hiring in
the US labor market. We confine attention to the calendar year 2016,
since this is the most recent complete year of data we have, and the
BGT data is likely to be most representative of both online and overall
vacancy-posting as more recruiting and hiring shifts online.*

Importantly, BGT data is fairly similar in terms of industry compo-
sition when compared to all vacancies recorded in the Job Openings
and Labor Turnover Survey (JOLTS), which is nationally representative
of employers. Furthermore, the occupational distribution in BGT data

3 See Haltiwanger et al. (2018), Molloy et al. (2016), and Hyatt and Splet-
zer (2016)

4 Average concentration levels in 2007-2015 are comparable to average con-
centration levels in 2016.
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is similar to the one found in the Occupational Employment Statistics
(Hershbein and Kahn, 2018).

To understand the share of job openings captured by BGT, it is impor-
tant to note BGT only measures new postings (a given posting appears
only on the first month it is recorded) while JOLTS measures active post-
ings (the same posting can appear in two or more consecutive months if
time to fill is more than 30 days). Help Wanted Online (HWOL) measures
both. Therefore, the number of postings on BGT can be inflated using
the new jobs to active jobs ratio in HWOL, i.e. the same method used
in Carnevale et al. (2014). Based on this calculation, BGT shows that
the share of job openings online as captured by BGT is roughly 85% of
the job openings in JOLTS in 2016. The jobs that are not online now are
usually in small businesses (the classic example being the “help wanted”
sign in the restaurant window) and union hiring halls. Overall, however,
research shows the online job market has consistently expanded over the
last few years.

Hershbein and Kahn (2018) show some evidence that the BGT va-
cancies have become closer to benchmark employment by occupation
in CPS and OES over time, as the BGT dataset has become relatively
less dominated by hiring into computational, mathematical, and finan-
cial occupations. This is most likely because online hiring has expanded
steadily out of the sectors where it originated to become more represen-
tative of the labor market as a whole. Our analysis of the occupation-
level characteristics of the hiring data shows substantial coverage of
low-skilled and low-wage occupations.

The data is cleaned by Burning Glass to remove vacancy duplicates
and extract key characteristics for each vacancy. So vacancies posted
on multiple sites are represented only once. We do not observe whether
vacancies are filled or unfilled, but if the same vacancy is posted multiple
times due to remaining unfilled, those multiple postings are collapsed.

Of interest to our work are the location of the vacancy (county),
name of the employer, and the occupation. The employer name is how
we define different firms for the purpose of computing market concen-
tration. The name of the employer is normalized by BGT so that similar
employer names are grouped together into a single employer: for exam-
ple, “Bausch and Lomb”, “Bausch Lomb”, and “Bausch & Lomb” would
be grouped together. Still, 35.9% of employer names are missing, partly
due to staffing companies not disclosing on whose behalf they are post-
ing a given job. To calculate concentration, we assume that all the miss-
ing employer names are different from one another and from postings
by identified firms, thus providing a lower bound for labor market con-
centration.

The BGT dataset contains many variables describing the occupation
of each vacancy. These include the SOC code, the standardized job ti-
tle, and the BGT occupation. The standardized job title is based on the
full text job title of the job vacancy: the full text job title is cleaned
and similar job titles are grouped together. The BGT occupation starts
with the SOC code, and either consolidates SOC codes or divides them
into several categories based on the similarity of skills, education and
knowledge requirements.

We drop internships and data with missing SOC or commuting zones,
which represents 5.2% of the initial sample. We are left with a sample
of 22,682,265 observations.

For our benchmark analysis, we keep 200 occupations, which rep-
resent 90% of vacancy postings in the BGT dataset. We trim away very
small occupations because they may be defined too narrowly. We note
that this choice results in lower HHI than if we had included all occu-
pations. The total number of markets (6-digit SOC occupation by com-
muting zone) we consider in our main analysis is 117,369.

Our main summary statistics on HHI treat each cell (commuting
zone by 6-digit SOC by quarter) as an observation. But we also want
to understand how the summary statistics change when we weight by
employment in each of these markets. When we report HHI weighted
by employment, we include every occupation in the data, since small
and possibly ill-defined occupations will not be overly influential after
weighting by employment. To analyze HHI weighted by employment,
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we use the May 2016 Metropolitan and Nonmetropolitan Area Occupa-
tional Employment and Wage estimates from the Bureau of Labor Statis-
tics (BLS). The BLS data is only available at the CBSA level, and not at the
commuting zone level. To get commuting zone employment, we first es-
timate BLS county-level employment: we use county population shares
within a CBSA and multiply these shares with the BLS employment by
6-digit SOC at the CBSA level. Finally, to get commuting zone 6-digit
SOC employment numbers, we aggregate the 6-digit SOC employment
numbers across the counties that form a commuting zone.

For the correlations reported in Section 4.1, we use both the posted
BGT annual salary (only available for a subset, 16%, of vacancies), as
well as the OES hourly wage and annual salary data, which is available
at the SOC-6 by metropolitan statistical area (MSA) level. For each BGT
vacancy, we match to OES wage and salary data using the commuting
zone and MSA, so those variables are observed at (approximately) the
market level, rather than the vacancy level. However, that data is also
available only for a subset of vacancies. Not all vacancies are posted
by employers located in an MSA, since unlike commuting zones, MSAs
cover only urban areas. For all data sources, we use only 2016 data; the
aim is to provide a (comprehensive, economy-wide) snapshot of concen-
tration at a point in time.

2.1. Vacancies and hiring

We focus on vacancy-posting as a measure of firm-specific labor de-
mand, and on the concentration of vacancy-posting at particular firms
within a labor market as a measure of the concentration of labor demand
in a market. This naturally raises questions about what drives vacancy-
posting as an economic behavior, and additionally, whether concentra-
tion of vacancy-posting is a good metric for the underlying economic
characteristic we seek to measure: the market power of employers in a
labor market.

Davis et al. (2013) show the vacancy-posting is extremely variable
in the cross section of establishments, and that it is positively correlated
with establishment-level employment expansion.® But at the same time,
firms have other margins at their disposal for increasing their size: they
can increase their recruiting intensity, reduce the stringency of their
screen for prospective employees, or offer a higher wage to increase
the yield of a given vacancy. Those authors show that such margins are
likely at play, given that vacancy yield is more strongly positively corre-
lated with establishment-level employment expansion than is vacancy-
posting per se.

Larger establishments have a higher vacancy-posting rate but lower
vacancy yield than smaller establishments, suggesting that smaller firms
expand faster and lending some mild stability to the firm size distribu-
tion.

Those authors don’t consider employer market power to be a factor
in vacancy-posting (or in other hiring and recruiting-related decisions),
but it may be useful to consider what their findings on vacancies and
hiring would imply for a dataset of job vacancies used to analyze mar-
ket concentration and, potentially, employer market power. Observed
vacancies are disproportionately generated by growing firms, relative
to the distribution of employment across firms. But vacancies are less
weighted toward growing firms than is hiring. Workers seeking employ-
ment (or, at the very least, a job offer) are more likely to end up at a
growing firm, conditional on firm size. That means that more hiring is
going on at a subset of firms relative to the set of firms posting vacancies
(i.e., those firms that are expanding and using other unseen margins to
increase their vacancy yield), in which case estimates of the concentra-
tion of vacancies understates the concentration of hiring.

5 Within a market defined by occupation and geography, we do not distinguish
between establishment- and firm-level vacancies, but firms hiring in more than
one market (whether or not that’s because they have distinct establishments in
each market) are counted separately in concentration calculations.



J. Azar, 1. Marinescu and M. Steinbaum et al.

On the other hand, Davis et al. (2013) do report a significant num-
ber of hires taking place in establishments which did not have any (ob-
served) posted vacancies in the month prior, at least according to JOLTS.
This may be one advantage of an administrative dataset that cumulates
all (online) vacancies over time, as opposed to a survey conducted at
discrete points in time. But there may be other “hidden” labor demand
coming from non-posting employers, but nonetheless observed by work-
ers themselves. In that case, measures of vacancy concentration might
over-estimate the degree of hiring concentration.

Using data from France, Marinescu et al. (2019) show that hires-
based and employment-based concentration measures are highly corre-
lated, and that employment-based concentration is systematically lower.
That is consistent with what Davis et al. (2013)’s findings would suggest
about concentration for the United States, though without any data on
vacancies per se.

3. Labor market definition
3.1. Herfindahl-Hirschman index

Our baseline measure of concentration in a labor market is the
Herfindahl-Hirschman Index (HHI) calculated based on the share of va-
cancies of all the firms that post vacancies in that market. The HHI is
directly related to wages in the Cournot model of oligopsonistic com-
petition. An increase in HHI leads to a proportional increase in the gap
between the marginal productivity of labor and wages, i.e. Pigou’s rate
of exploitation or the wage markdown (Boal and Ransom, 1997).

The formula for the HHI in market m and time t is

J
HHL,, = 57, 3.0
j=1
where s; ., is the market share of firm j in market m expressed as a num-
ber between 0 and 100. The market share of a firm in a given market
and time is defined as the sum of vacancies posted by a given firm in a
given market and time divided by total vacancies posted in that market
and time. The inverse of the HHI multiplied by 10,000, 10,000/HHI,
gives the “equivalent” number of firms in the market, or the number of
firms that would result in such an HHI if each had the same share of
the market. When reporting average HHI, we first take the average over
time t for each market m. A key question is how the labor market should
be defined.

3.2. Frictions to worker mobility across markets

The economic literature shows that there are substantial frictions
associated with transitioning between labor markets, however de-
fined (Artuc and McLaren, 2015; Artug et al., 2010; Dix-Carneiro,
2014, and Traiberman, 2019, to name several). Marinescu and Rath-
elot (2018) (and Manning and Petrongolo, 2017 for the UK) find that
job search behavior is quite local, implying that geographic labor mar-
kets are also narrowly defined.

No work, to our knowledge, attempts to define labor markets in the
education space. Macaluso (2019) defines the concept of “skill remote-
ness” on the supply and demand sides of a labor market and finds that
workers whose skills are further away from the available jobs in their
local labor market (defined by city and occupation) are more likely to
either move or exit the labor force in response to a layoff. Hershbein and
Macaluso (2018) and Modestino et al. (2016) use the same dataset we
employ in this paper to characterize the skill distribution of job vacan-
cies as changing in response to the severity of local labor market re-
cessions. But the extent to which workers confine their job searches to
an education- or skills-delimited segment of available jobs has not yet
been systematically explored (but see some evidence on search across
occupations in Marinescu and Rathelot (2018)).

It is important to note that monopsony and market power may render
observed transition rates endogenous. For example, workers displaced
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from their job in a local labor market may be more likely to transition
to an unconcentrated than a concentrated labor market.

Recently, Schubert et al. (2020) have shown that workers in differ-
ent occupations and geographies have access to vastly different outside
options, interpreted as job opportunities in occupations other than the
one in which they currently work. Thus, delimiting labor markets at the
SOC-6 occupation level obscures heterogeneity between workers who
work in that occupation in different locations. The implication of that
finding is that for purposes of measuring concentration, and potentially
of market power, each worker may be operating in his or her own ef-
fective market, and an occupation-based market definition may obscure
heterogeneity in market power that matters a lot in setting wages. This
is a more empirically-grounded interpretation of an idea contained in
Naidu et al. (2018) that since labor markets are two-sided, the fact that
both “sides” have to choose the other makes market definition a trickier
object than in more classical contexts.

Based on this literature, it is clear that labor markets are relatively
narrow, but how exactly a labor market should be defined remains un-
clear.

Conceptually, to define a market, we have to strike a balance be-
tween too narrow a definition and too broad a definition. If the defi-
nition is too narrow, there are plenty of opportunities outside the mar-
ket. If the definition is too broad, it overestimates the similarity of jobs
within the market, and therefore overestimates the opportunities avail-
able within a market. Given that workers do transition occasionally
across essentially any market, it is not reasonable to define a market by
the requirement that no worker ever goes outside the boundaries of this
market. Instead, a market can conceptually be defined by a threshold
level of across-market transitions such that if transitions are above this
threshold, the market is too narrow, and if they are below this threshold
the market is too broad. In the following sections, we explain how we
arrive at a market definition using just such a threshold concept.

3.3. Market definition: Time and geography

For our baseline analysis, we calculate HHI at the quarterly level,
since the median duration of unemployment is about 10 weeks in 2016
(BLS, 2016).° We consider for our market share calculations all vacan-
cies that occur within a given quarter. We will also show results for
other time aggregations.

We use commuting zones (CZs) to define geographic labor markets.
Commuting zones are geographic area definitions based on clusters of
counties that were developed by the United States Department of Agri-
culture (USDA) using data from the 2000 Census on commuting patterns
across counties to capture local economies and local labor markets in a
way that is more economically meaningful than county boundaries. Ac-
cording to the USDA documentation, “commuting zones were developed
without regard to a minimum population threshold and are intended to
be a spatial measure of the local labor market.” Marinescu and Rath-
elot (2018) also show that 81% of applications on CareerBuilder.com
are within the commuting zone, with the probability of submitting an
application strongly declining in the distance between the applicant’s
and the job’s zip code. We also conduct robustness checks using other ge-
ographical areas for our market definition instead of commuting zones.

3.4. Market definition: Occupation

To organize the discussion of market definition in terms of occupa-
tion, we apply the “hypothetical monopsonist test” (HMT). The HMT is
analogous to the hypothetical monopolist test that is commonly used
for product market definition. The idea of the hypothetical monopolist
test is to define the smallest market for which a hypothetical monopo-
list that controlled that market would find it profitable to implement a

6 While most job transitions are employment-to-employment, no equivalent
concept of search duration exists for such transitions.
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“small significant non-transitory increase in price” (SSNIP). The idea is
that if the market were defined more narrowly, a monopolist implement-
ing such a price increase would lose sufficient demand as to make that
price increase unprofitable. In other words, that lost demand would be
to other sellers which ought to be included within the market. Harris and
Simons (1989) established that methodology as “critical loss analysis,”
with the associated critical elasticity the demand elasticity with respect
to a candidate market for which a SSNIP is profitable.

Analogously, the hypothetical monopsonist test would suggest as
the relevant market the smallest labor market for which a hypotheti-
cal monopsonist that controlled that labor market would find profitable
to implement “small significant non-transitory reduction in wages” (SS-
NRW).

Consider a simple model of monopsony, with a constant value of
marginal product of labor given by a and a wage w which depends on the
employment level of the monopsonist L. The profits of the monopsonist
are

(L) = (a—w)L.

If the monopsonist changes wages by Aw, and this generates a change
in labor supply AL, the change in profits is

Ar=ALX(a—w—-Aw)—-AwX L.
Thus, the SSNRW is profitable for the monopsonist if and only if
ALX(a—w—-Aw)> AwXx L.

Dividing on both sides by wL, we obtain

AL a—w Aw Aw
—= — > =

w w w
Markdowny

Rearranging terms (and taking into account that the change in wage
is negative, which changes the direction of the inequality):
AL/L 1
Aw/w
Since the left-hand side is approximately the elasticity of labor
supply, which we denote n, we have that the critical elasticity (see
Harris and Simons (1989) for the corresponding concept in the prod-
uct market) for the wage reduction to increase profits is:

1
~ u—Awjw’

The antitrust practice typically considers a 5% increase in price (for
at least a year) as the SSNIP. Therefore, we will consider a 5% “small
significant non-transitory reduction in wages” (SSNRW). The market is
too broad if the actual labor supply elasticity to that candidate market
is less than the critical elasticity. For example, if the markdown u of
wages relative to the value of the marginal product of labor is 45% and
the wage reduction is 5%, then the critical elasticity is 1/(.45+.05)=2,
implying that if the market-level elasticity of labor supply corresponding
to the proposed market definition is less than 2, the market definition is
too broad, and it should be defined more narrowly. On the other hand,
if the market-level elasticity of labor supply is higher than 2, the market
is too narrow, and it should be defined more broadly.

Empirically, we have estimates of the labor supply elasticity to the
individual firm, which should be larger than the labor supply elastic-
ity to an entire market 5. Estimates of the elasticity of labor supply to
the individual firm typically range between 0.1 and 4, with most esti-
mates being below 2 (Manning, 2011). Even in online labor markets like
Amazon Mechanical Turk, where frictions should be minimal, the labor
supply elasticity is only 0.1 (Dube et al. (2020)). Therefore the elasticity
of labor supply to the market is typically below 2.” This implies that,

u—Awjw’

n

7 See also Azar et al. (2019a) for a model that estimates firm- and market-level
labor supply elasticities separately.

Labour Economics 66 (2020) 101886

unless we believe that the markdown is above 45%, markets with an
elasticity below 2 are well defined according to the SSNRW.

The low elasticity of labor supply to the individual firms found in the
literature suggests that even the narrowest definition of a labor market
can pass the test: most individual firms already have very low elasticities
of labor supply, and so each firm may be seen as a market of its own. For
the purpose of the present paper, we take a less radical approach. We
want to determine whether our baseline choice of the 6-digit SOC occu-
pation is a reasonable market definition. Using online job board data
from CareerBuilder.com, Marinescu and Wolthoff (2019) show that,
within a 6-digit SOC, the elasticity of applications with respect to wages
is negative. Therefore, the 6-digit SOC is too broad of a market according
to the SSNRW.

When narrowing the market definition to look at job titles, as op-
posed to 6-digit occupations, the elasticity of applications with respect
to wages is positive and equal to 0.77 (Marinescu and Wolthoff, 2019).
The elasticity of applications with respect to wages, when interpreted
as a recruitment elasticity, is roughly equal to half the elasticity of labor
supply. Therefore, the elasticity of labor supply for job titles is around
1.5, which is below the critical elasticity of 2 implied by a 45% mark-
down on wages. This analysis suggests that, according to the SSNRW
test, a job title is a legitimate labor market for the purpose of antitrust
analysis.

Ultimately, we choose to define the line of work as a 6-digit SOC as
the baseline. This choice is conservative in that the 6-digit SOC is likely
too broad, and therefore labor market concentration will tend to be un-
derestimated. We report concentration estimates for many alternative
market definitions in each of these dimensions.

4. Labor market concentration estimates and analysis

We compute vacancy shares by employer using the employer name
as the employer ID.® Table 1 shows summary statistics for labor market
concentration for alternative market definitions. In our baseline market
definition as a SOC-6 occupation by commuting zone by quarter, the av-
erage HHI is 4378. 60% of markets are highly concentrated, i.e. above
2,500. To put the average HHI into perspective, one firm with 50% of
vacancies, another one with 35% of vacancies, and a third with 15%
yield an HHI of 3,950. On average, the number of firms is 12.6, which
seems high,® but the average HHI of 4378 indicates that most vacancies
are posted by just a few firms. In fact, the average HHI implies that the
equivalent number of firms recruiting is just 2.3 on average. Further-
more, note that the 25th percentile for the number of firms is 1.5, i.e.
in a quarter of the markets there are fewer than two equivalent firms
recruiting on average.

Looking at percentiles of the HHI beyond the mean, the 75th per-
centile of HHI is 7279. Again, to place this 7279 number in perspective,
a market with one firm having 80% of vacancies and another one having
20% yields an HHI of 6,800.

While 60% of markets are highly concentrated, another 11% of mar-
kets are moderately concentrated, i.e. have an HHI between 1500 and
2,500. Only 29% of markets have low concentration (below 1500 HHI).

To complement these national statistics, Fig. 1 shows a map of all
the commuting zones in the United States color-coded by the average
HHI, based on vacancy shares. Commuting zones around large cities
have lower levels of labor market concentration than smaller cities or

8 If two employers in the same market have different names but are in fact
under the same management for the purposes of hiring and wage-setting, our
procedure would under-estimate both the level of “effective concentration” and,
most likely, the concentration-earnings relationship. This is likely going on in
the data, e.g. with franchising.

9 The maximum number of firms, at 1983.8, is the average number of firms
across the four quarters of 2016 for ”Sales Representatives, Wholesale and Man-
ufacturing, Except Technical and Scientific Products” in the New York commut-
ing zone. Overall, there are 29 markets with more than 1000 firms.
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Table 1
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Summary statistics for labor market concentration, for the baseline and alternative market definitions. This table shows
summary statistics for labor market Herfindahl-Hirschman Index (HHI) under various market definitions, for the year 2016 using
data from Burning Glass Technologies (BGT). The baseline is calculated using commuting zones for the geographic market definition,
6-digit SOC codes for the occupational market definition, aggregating the data at the quarterly level (and then averaging over quarters
for a given CZ x SOC). In the alternative definitions, the calculation is done by changing the baseline along one dimension (occupation,
geography, time horizon). Except for the HHI weighted by employment, concentration is calculated over the top occupations (top 200
ranked based on the number of vacancies in the case of 6-digit SOC, representing 90% of vacancies; or BGT occupation definitions,
and top 60 in the case of 3-digit SOC (representing 98% of vacancies) or BGT broader occupation group definitions) over the period

2016Q1-2016Q4.

Fraction

Moderately

Concentrated

Fraction Highly

Mean Min Max 25th Pctile. 75th Pctile. Concentrated

Baseline market definition:
Number of Firms (Unweighted) 12.6 1.0 1983.8 1.5 8.3
HHI (Unweighted) 4378 4 10,000 1232 7279 0.11 0.60
HHI (Weighted by BLS Employment) 1361 4 10,000 176 1346 0.07 0.16
Alternative occupational definition:
HHI (By Job Title) 5892 11 10,000 2896 10,000 0.08 0.78
HHI (By BGT Occupation) 4384 4 10,000 1230 7333 0.11 0.60
HHI (By BGT Broader Occupation Group) 2943 6 10,000 568 4744 0.12 0.40
HHI (By 3-digit SOC) 2956 10 10,000 570 4774 0.12 0.40
HHI (By 2-digit SOC) 2029 10,000 325 2638 0.10 0.26
Alternative geographical definition:
HHI (By County) 6029 5 10,000 2971 10,000 0.08 0.78
HHI (By State) 859 2 10,000 141 769 0.05 0.07
Alternative time aggregation:
HHI (Monthly) 5926 9 10,000 3043 8750 0.07 0.78
HHI (Semesterly) 3466 2 10,000 788 5278 0.14 0.47

HHI Concentration Category
Very High (5000-10000)
High (2500-5000)
Moderate (1500-2500)
Low (0-1500)

No data

Fig. 1. Average HHI by commuting zone, based on vacancy shares. This figure shows the average of the Herfindahl-Hirschman Index by commuting zone code
for the top 200 SOC-6 occupations (ranked based on the number of vacancies) over the period 2016Q1-2016Q4 in the Burning Glass Technologies dataset. The
categories we use for HHI concentration levels are: ”Low”: HHI between 0 and 1500; "Moderate”: HHI between 1500 and 2500; "High”: HHI between 2500 and
5000; ”Very High”: HHI between 5000 and 10000. These categories correspond to the DOJ/FTC guidelines, except that we add the additional distinction between
high and very high concentration levels around the 5000 HHI threshold. Market shares are defined as the sum of vacancies by a given firm in a given market (6-digit
SOC by commuting zone) and year-quarter divided by total vacancies posted in that market and year-quarter.
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HHI Concentration Category
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HHI Concentration Category

Very High (5000-10000)
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Low (0-1500)

kA

(C) 3rd Quartile

Labour Economics 66 (2020) 101886

HHI Concentration Category
Very High (5000-10000)
High (2500-5000)
Moderate (1500-2500)

(0-1500]

F Low (¢ )
No data.

HHI Concentration Category
Very High (5000-10000)
High (2500-5000)
Moderate (1500-2500)

(0-1500)

o
No data

(D) 4th Quartile

Fig. 2. Map of average HHI by commuting zone, by quartile of HHI. This figure shows averages by quartile of the Herfindahl-Hirschman Index by commuting
zone for the top 200 SOC-6 occupations (ranked based on the total number of national-level vacancies) over the period 2016Q1-2016Q4 in the Burning Glass
Technologies dataset. Within each commuting zone (CZ), we order the 200 occupations by concentration to form four quartiles. The map for the first quartile
represents the average concentration across 2016Q1-2016Q4 among first quartile occupations for each CZ, and similarly for other quartiles. The categories we use
for HHI concentration levels are: "Low”: HHI between 0 and 1500; "Moderate”: HHI between 1500 and 2500; "High”: HHI between 2500 and 5000; "Very High”:
HHI between 5000 and 10000. These categories correspond to the DOJ/FTC guidelines, except that we add the additional distinction between high and very high
concentration levels around the 5000 HHI threshold. Market shares are defined as the sum of vacancies by a given firm in a given market and year-quarter divided
by total vacancies posted in that market (6-digit SOC by commuting zone) and year-quarter.

rural areas. Fig. 3 illustrates the relationship between commuting zone
population and concentration: we see that the relationship is roughly
linear in logs, with commuting zones with larger populations having
lower concentration.

This suggests a new explanation for the city-wage premium (Baum-
Snow and Pavan, 2012; Yankow, 2006)): cities, and especially large
cities, tend to have less concentrated labor markets than rural areas.!?
The literature on geographic wage differentials has tended to empha-
size selection of higher-productivity workers into local economies that
offer better opportunities for job-switching and upward career progres-
sion, while at the same time mitigating the higher wages on offer with
higher cost of living. Geographic differences in firm-level labor mar-
ket power may play a role, but on the other hand, worker selection
effects might confound any relationship between observed concentra-
tion and the ostensible effects of market power, such as lower wages.
While this paper by itself does not attempt to distinguish between the
two, Azar et al. (2020) find significant within-market effects of varying
concentration on labor market outcomes.

In Fig. 2, we show the quartiles of HHI across the US, and reveal sub-
stantial heterogeneity in concentration across occupations even within
a commuting zone. For each commuting zone, we define quartiles of

10 Manning (2010) shows evidence on plant size that is consistent with lower
monopsony power in cities.

concentration of the top 200 6-digit SOCs: the first quartile contains
the 25% least concentrated occupations on average over 2016 Q1-Q4 in
that commuting zone, the second quartile contains the next 25% least
concentrated occupations in the commuting zone, etc. Therefore, the
quartiles can contain different occupations in each commuting zone de-
pending on the local level of the HHI. The map is color coded according
to the average level of the HHI in each quartile for each commuting
zone. There are few commuting zones that have highly concentrated
occupations in the first quartile of concentration. Most of the commut-
ing zones with highly concentrated occupations in the first quartile are
in the middle of the country at the west end of the Great Plains. At the
other extreme, occupations in the fourth quartile of concentration are
extremely highly concentrated with an HHI above 5000 in almost all
(86%) of the US commuting zones. Therefore, for much of the coun-
try, the least concentrated 25% of occupations have low concentration,
while the most concentrated 25% of occupations have extremely high
concentration.

To further explore the variation in HHI by occupation, we report the
average HHI in the largest 30 occupations in Fig. 4. There is substan-
tial heterogeneity across the most frequent occupations: over a third
are highly concentrated, about one third are moderately concentrated
and less than one third have low concentration. The most concentrated
frequent occupation is marketing managers and the least concentrated
frequent occupation is registered nurses.
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Fig. 3. Binned scatter of HHI and Population. This figure shows a binned
scatter of the Herfindahl-Hirschman Index by commuting zone for the top 200
SOC-6 occupations (ranked based on the number of vacancies) over the period
2016Q1-2016Q4 in the Burning Glass Technologies dataset, and log of popula-
tion in the corresponding commuting zone in 2016 (based on Census data).

The majority of labor markets are highly concentrated according to
our baseline definition of concentration. At the same time, it is also in-
teresting to examine the extent to which US workers as a whole face
high concentration. When weighting each labor market by the number
of employed workers (using OES employment tabulations), we find that
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HHI is 1361 on average, implying an equivalent number of recruiting
firms of 7.3. This relatively low level of concentration is due to the fact
that, as mentioned above, concentration is lower in commuting zones
with higher population. However, even after taking into account the un-
equal distribution of employment across markets, we find that 16% of
employment is in SOC-6 by CZ by quarter cells that have high levels of
concentration. Another 7% of employment is in markets that are mod-
erately concentrated. Overall, 23% of employment is in moderately or
highly concentrated markets, and these markets represent 71% of all
labor markets.

So far, we have discussed variation in concentration while holding
the market definition in terms of 6-digit SOC by commuting zone by
quarter fixed. We now examine how concentration changes when we
vary the definition of each one of these elements. Starting with occu-
pation, we report HHI for four alternative definitions. First, when using
standardized job titles to define an occupational labor market, we find
that the average concentration is higher than in the benchmark, at 5892
(Table 1). This higher concentration was to be expected, since job titles
are more granular than 6-digit SOCs. When using job titles as the defi-
nition of an occupation, 78% of markets are highly concentrated.

As mentioned above, there are reasons to think that the job title may
be the most appropriate definition of the labor market. Marinescu and
Wolthoff (2019) find that within labor markets defined at the SOC-6
level, there is a negative correlation between the posted wage and the
application rate, but looking within labor markets defined by job title,
that correlation is positive, as search theory would predict. Using the
lens of a search model, Marinescu and Wolthoff (2019) interpret the
negative correlation between applications and wages as an indication
of significant skill heterogeneity among workers within a SOC-6. In or-

0
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Average HHI

|
1,000

Fig. 4. Average HHI by occupation, based on vacancy shares, for the largest 30 occupations. This figure shows the average of the Herfindahl-Hirschman
Index by 6-digit SOC occupation code for the 30 largest occupations as measured by number of vacancies over the period 2016Q1-2016Q4 in the Burning Glass
Technologies dataset. Market shares are defined as the sum of vacancies posted by a given firm in a given market (6-digit SOC by commuting zone) and year-quarter
divided by total vacancies posted in the website in that market and year-quarter.
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der to observe a negative relationship between wages and applications
within a SOC-6, it must be the case that there is significant worker sort-
ing, with each worker type applying to some of the job titles within a
SOC-6 and not others. In particular, inexperienced workers tend to ap-
ply to junior job titles, and experienced workers tend to apply to senior
job titles within an SOC-6. This is the sense in which job titles may be a
better definition of the labor market than SOC-6 occupations.

Next, instead of using the SOC-6 definition, we use the Burning Glass
Technology (BGT) occupation. This classification is based on the SOC,
but expands or consolidates SOC categories using the similarity of skills,
education and knowledge requirements. This classification gives results
(Table 1) that are almost identical to the baseline. We then broaden
the occupational categories by using either the BGT broader occupation
group or the 3-digit SOC (for the 3-digit SOC, we use top 60 occupations,
representing 98% of vacancies). The BGT broader occupation group cat-
egorizes occupations based on similar work functions, skills, and profiles
of education and training. When using either the BGT broader occupa-
tion group or the 3-digit SOC, HHI levels are very similar: the average
market is a few hundred points above the 2500 threshold for high con-
centration, and 40% of markets are highly concentrated.

We now examine the impact of alternative geographical market def-
initions. As would be expected, county-level HHIs are higher than CZ-
level HHIs, and state-level HHIs are lower than CZ-level HHIs (Table 1).
State-level HHIs are very low and only 7% of markets are highly con-
centrated according to this definition. However, a state is very likely
too broad a market. By contrast, a county is smaller than a commuting
zone, yet it is sometimes used to define a geographic market, e.g. by the
Federal Reserve to calculate banking concentration (FRB, 2014). If we
adopt the county as a definition of the geography for a labor market,
78% of labor markets are highly concentrated.

Finally, we examine time aggregations other than the quarter.
Table 1 shows that the average HHI calculated using monthly data is
higher than the baseline, and the HHI using semesters is lower but still
highly concentrated.

In summary, we find that reasonably-defined local labor markets are
highly concentrated on average. In our preferred definition of the labor
market, the majority of US labor markets are highly concentrated (above
2500 HHI).

4.1. Correlations between labor market concentration and wages

Measured concentration in any market is an economic outcome, co-
determined with other market characteristics, such as the distribution
of wages. That naturally raises questions about what concentration ac-
tually tells us about how that market operates. Fully answering that
question, either empirically or theoretically, is outside the scope of this
paper. But we do show some descriptive evidence that employer concen-
tration in a labor market is associated with lower wages, which suggests
that employers exercise wage-setting power in that market.

We stress that these exercises document an association, not a causal
relationship, between concentration and earnings or wages at the labor
market level. In particular, employers that are more productive may
both pay higher wages and employ a larger share of workers (so the
markets they operate in might be more concentrated). Other threats to
identification may operate at the market rather than the firm level: if
business cycle variation in output demand drives vacancy-posting and
hiring, fewer firms may be hiring during a local recession, and those few
that do may be paying lower wages conditional on the job or occupation.

The purpose of reporting these associations is to validate that the
concentration estimates in Section 4 tell us something about employer
power, in line with the simple oligopsony model of Boal and Ran-
som (1997).

Specifically, in Table 2 we report a robust negative relationship be-
tween measured concentration, as reported in the previous section, and
both the posted vacancy-level salary in the BGT data and the annual
earnings and average hourly wage constructed from Occupational Em-
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Fig. 5. Overlying histograms of the log of average annual earnings in the
BGT and OES data. The plot is in log scale, but the horizontal axis labels report
corresponding annual salary levels.

ployment Statistics Data. (The two data sources for annual earnings
are compared in Fig. 5.) The negative relationship showed in column
1 across both occupations and geography holds whether the variation
in concentration is only across occupations (column 2 with commuting
zone fixed effects) or only across geography (column 3 with occupation
fixed effects), and controlling for OES-measured employment in the mar-
ket.

Geographic labor markets with higher population tend to exhibit
both lower concentration (see Fig. 3) and higher wages. In order to fil-
ter out the omitted variable of geography or population, we can look at
variation in concentration across occupations, holding the commuting
zone constant (columns 2 and 5 of Table 2). As for occupational charac-
teristics, we could think that occupations with lower pay employ more
workers, whether or not those occupations are less concentrated. We
control for market-level employment and find that indeed higher em-
ployment in an occupation within a commuting zone is associated with
lower wages (column 5). Once we control for market-level employment
separately, the correlation between concentration and earnings becomes
larger (more negative) in columns 4 and 5. That suggests that occupa-
tions accounting for a larger share of employment tend to post lower
wages.

The results are quite similar whether the outcome of interest is taken
from the BGT posted salary or the OES market earnings or hourly wage
(or quasi-market wage, since those are reported at the occupational and
MSA level). The similarity of findings for these different measures of
wages is noteworthy in itself, since the data sources are so different, and
it suggests that the posted wages for job ads are, in fact, good signals
about wages in the labor market for which the job is being posted.

It’s possible that business-cycle variations in local labor demand
would reduce hiring, thereby increase concentration of hiring in
fewer firms, and also reduce wages. The CareerBuilder data used in
Azar et al. (2020) also tracks job applications in addition to vacancies,
which means it’s possible to control for local labor market tightness and
thereby filter out business cycle variation that affects both concentra-
tion and wages. The BGT data is more comprehensive, but at the cost of
inability to control for a similar business cycle indicator. However, in
Appendix E (Table E10) and Appendix F (Tables F11 and F12), we con-
struct market-level measures of labor market tightness using other data
sources: Local Area Unemployment Statistics and Quarterly Workforce
Indicators, respectively. The results using tightness as a regressor con-
firm that the correlation between concentration and wages is not due to
labor market demand fluctuations.

Appendix B (Table B6) re-runs the regressions reported here for
(much broader) markets defined by 2-digit rather than 6-digit oc-
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Descriptive regressions of earnings and hourly wages on market concentration. This table reports labor-market-level
regressions of earnings and wage data on measured market concentration described in Section 4, for markets defined at
the SOC-6 by commuting zone by quarter level. Columns (1) and (4) allow for variation across both occupational and
geographic dimensions. Columns (2) and (5) look at variation across occupations, within commuting zones. And columns
(3) and (6) look at variation across commuting zones, within occupations. Columns (4)-(6) add market-level employment

from OES data as a control.

Dependent Variable: Log Earnings (BGT)

@ (2 3 4 5) 6)
Log HHI -0.0479*** -0.0428"** -0.0286*** -0.156%** -0.118*** -0.0196%**
(0.00142) (0.00187) (0.000815) (0.00185) (0.00195) (0.00130)
Log Employment -0.105*** -0.140%** 0.00847***
(0.00134) (0.00154) (0.000966)
Constant 10.62%*+ 10.63**+ 10.66*** 10.98**+ 11.28**+ 10.62%**
(0.00368) (0.00460) (0.00236) (0.00653) (0.00894) (0.00428)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 207,741 207,740 207,741 193,765 193,765 193,765
R-squared 0.012 0.047 0.591 0.098 0.161 0.595
Dependent Variable: Log Earnings (OES)
(1) (2) (3) (4) (5) (6)
Log HHI -0.0637*** -0.0490%** -0.0316%** -0.191*** -0.143*** -0.0218***
(0.00172) (0.00218) (0.000593) (0.00199) (0.00211) (0.000832)
Log Employment -0.169*** -0.208*** 0.01271***
(0.00173) (0.00191) (0.000842)
Constant 10.58*** 10.61*** 10.65*** 11.34** 11.69+** 10.60***
(0.00442) (0.00533) (0.00157) (0.00916) (0.0112) (0.00422)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 189,380 189,380 189,380 187,477 187,477 187,477
R-squared 0.022 0.044 0.914 0.189 0.255 0.916
Dependent Variable: Log Hourly Wage (OES)
(1) (2) 3) (4) (5) (6)
Log HHI -0.0664*** -0.0536%** -0.0312%** -0.205*** -0.158*** -0.0208***
(0.00176) (0.00224) (0.000597) (0.00203) (0.00214) (0.000844)
Log Employment -0.180*** -0.219*** 0.0129***
(0.00177) (0.00196) (0.000853)
Constant 2.932%** 2.961%** 3.012** 3.725%* 4.074** 2.956%*
(0.00458) (0.00556) (0.00160) (0.00936) (0.0115) (0.00424)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 182,200 182,200 182,200 180,464 180,464 180,464
R-squared 0.024 0.045 0.917 0.206 0.271 0.918

Robust standard errors in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1

cupations. It shows a similar negative relationship and similar pat-
terns as to its magnitude in each specification as does Table 2.
Appendix C (Table C7) performs the regressions for 6-digit occupa-
tions, but without fully monopsonized markets (where HHI = 10,000).
Appendix D (Tables D8 and D9) does the same using unionization-
related covariates, on the theory that they may mediate the effect of
concentration on wages. Again, results are similar.

4.2. Occupational variation in concentration and employer market power

One question that arises for economy-wide estimates of labor market
concentration is whether concentration, or employer market power, sys-
tematically varies with other labor-market-level characteristics. Specifi-
cally, do low-paid or less-educated workers suffer from a greater disad-
vantage in relative bargaining power due to their (presumably) greater
replaceability? Or are less-educated workers better-situated vis-a-vis in-
dividual employers because they have more abundant job opportunities,
either because there are more employers hiring in the occupations where
they’re currently employed or because, given lower levels of occupation-

specific investment in skills, it’s (relatively) less costly for them to tran-
sition to a different occupation?

Fully answering that question is outside the scope of this paper,
but we do bring evidence to bear on the market-level covariates of
labor market concentration across the economy. First, other work
has found no systematic relationship between worker status in the
labor market and observable indicators of employer market power.
Azar et al. (2019b) estimate firm-specific supply elasticities for work-
ers by occupation. They find median elasticities do not differ very much
between low- and high-skill occupations.

Here we measure employer power using employer concentration.
Figs. 6 and 7 report average market concentration (across geography)
for the most-frequently-posted 30 occupations in the BGT data, ranked
according to occupation average earnings and occupation average level
of education required. In both cases, there’s little relationship between
concentration and an occupation’s rank, according to either ranking.

Table 3 reports similar relationships for occupation-level correlates
of concentration, but instead of the top 30 most posted occupations,
the correlation table includes all the occupations in the BGT data,
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Fig. 6. Most-frequently-posted SOC-6 Occupations Ranked by Average Earnings (in BGT job postings). Concentration for a given occupation (averaged across
commuting zones and quarters, in 2016) does not appear to vary systematically with an occupation’s average earnings. Some occupations are systematically more
concentrated than others, but such occupations appear throughout the occupation-earnings distribution.

Table 3

Correlations Between Concentration and Measures of Occu-
pational Rank. This table reports correlations between observed
average concentration, earnings, and years of required educa-
tion for all 6-Digit SOC Occupations in the BGT data, averaged
over commuting zones. Occupations are weighted by market-
level (log) employment, so very small occupations matter little.

Log HHI Log OES Earnings Education
Log HHI 1
SE
Log OES Earnings -0.0658 1
SE 0.0626
Education -.0432 0.7483 1
SE 0.2216 0.0000

weighted by market-level employment. When including all the occupa-
tions, there’s a slight negative correlation between occupational rank by
either earnings or education, and that occupation’s concentration, but
the relationship is not significant so there is no robust reason to think
that either higher- or lower-ranked occupations have significantly more
concentrated labor markets, or (from this data) that employers wield
more power over either more- or less-credentialed workers.!!

11 Ranking occupations in this way may be misleading if job-filling rates, condi-
tional on posting a vacancy, are systematically different for larger versus smaller
employers within an occupation. For example, if larger employers feature higher
turnover of employment, they might therefore be recruiting more frequently for
a given job. In that case, a measure of effective concentration, taking into ac-
count high-frequency turnover happening at larger firms, would show higher
concentration at lower-wage jobs than does our raw measure of concentration
based on vacancy data. The opposite would be the case if smaller employers
turn over jobs more frequently, within an occupation.

It’s worth noting that the minimum wage may play a role in
this assessment of the relationship between measured employer con-
centration and occupational skill or rank. Empirical research docu-
ments a reallocation effect of minimum wage increases, toward larger
firms in which the monopsonistic wedge between what workers are
paid and their marginal product is higher (Aaronson et al. (2018) &
Dustmann et al. (2020)). If that is the case, then the minimum wage
may be responsible for increasing the employment share of larger firms
(and thus measured concentration), and occupations where the mini-
mum wage binds more may appear to be more concentrated than they
would in the absence of minimum wage increases. The minimum wage
may also bear on the interpretation of concentration-earnings regres-
sions as in Section 4.1: increases in the minimum wage would both
raise wages in the occupations they affect and increase concentration,
making the estimated negative coefficient on concentration closer to
zero.

5. Discussion

One potential explanation of the firm-specific earnings premia re-
ported in Card et al. (2018) and Song et al. (2019) is a lack of com-
petition among employers: if job offers are not frequent enough to
equilibrate earnings of similar workers across firms, then firms likely
have market power in wage-setting. The increase in the degree of
inter-firm earnings inequality for similar workers in similar industries
is an indication that firm-level wage-setting power has become rel-
atively more important as job offers become less frequent. Empiri-
cal studies of the declining frequency of incoming job offers for em-
ployed workers (Hyatt and Spletzer, 2016) and (Molloy et al., 2016))
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Fig. 7. Most-frequently-posted SOC-6 Occupations Ranked by Average Years of Education Required (in BGT job postings). As with occupational average
earnings, concentration does not appear to vary systematically with an occupation’s required years of education.

are thus consistent with a decrease in labor market competition among
employers.!?

The literature exploring the degree of market power in the labor
market has generally focused on estimating elasticities of labor supply to
the individual firm, as opposed to market concentration Webber, 2015).
This "New Monopsony” literature takes as its starting point that monop-
sony power can occur in a frictional labor market even if observed
labor market concentration is low, because workers are more tied to
particular employers and cannot easily find another job. Monopsony
can explain a number of observed labor market phenomena, including
a minimal disemployment effect from increases in the minimum wage
Manning (2011).

In models with monopsony power and frictional labor markets, em-
ployers trade off wages with their employees’ quit rates. If workers have
a high elasticity of labor supply, then firms pay them more to get them to
stay. The literature generally finds low elasticities of labor supply and
interprets this as evidence for firm-level monopsony power to reduce
wages below the marginal product of labor.!3

12 Another indicator of employer monopsony power may be the use of domestic
outsourcing, such as documented in Weil (2014) and Dube and Kaplan (2010).
Handwerker and Spletzer (2015) shows that occupational concentration has
been rising within establishments, consistent with the notion that occupations
are outsourcing jobs that were once done by employed workers. Consistent with
the idea that such outsourcing is one mechanism for the exercise of monopsony
power (see Weil, 2018), that paper finds that establishments whose workers are
more occupationally-concentrated pay, on average, lower wages.

13 Webber (2015); Dube and Kaplan (2010). Naidu et al. (2018) conduct sim-
ulations showing the substantial welfare losses due to monopsony based on the
empirical estimates of firm-specific labor supply elasticity taken from the New
Monopsony literature.

Our approach is complementary with this literature, but with a dif-
ferent mechanism at play. We measure market-level concentration in
local and occupational labor markets for the entire US labor market at
a point in time, using vacancy data rather than employment. Buyer-side
market power stemming from labor market concentration is another
plausible alternative mechanism for empirical findings from the New
Monopsony literature. In the New Monopsony literature, job differenti-
ation is a classic way to generate a low firm-level labor supply elasticity
even when labor markets are not concentrated. In our framework, firms
pay higher wages if the labor market is not concentrated and workers
can expect abundant job offers. The low probability of receiving an out-
side job offer in concentrated labor markets leads to a low firm-level
labor supply elasticity.

Thus, labor market concentration and labor market frictions
may be observationally-equivalent in terms of wage effects.
Azar et al. (2019b) find a strong negative relationship between
firm-specific labor supply elasticity and measured concentration, and
also that, according to both measures, employer market power is lower
in less densely-populated labor markets (though densely-populated
markets are not by any means perfectly competitive). We view the
contribution of this paper as complementary with both the New and
“Old” Monopsony literature, that is, it computes one measure that is
a good index of employer power, while not the only source of it in
practice.

6. Conclusion

Since the release of Barkai (2019), Autor et al. (2020) and
De Loecker et al. (2020), and other papers documenting rising prod-
uct market concentration and discussing its effect on the labor market,
there has been a great deal of academic and popular interest in whether
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Summary statistics for baselin labor market concentration in 2012 and 2016. This table shows summary statistics for labor market Herfindahl-
Hirschman Index (HHI) under the baseline market definition, for the years 2012 and 2016 using data from Burning Glass Technologies (BGT). The
baseline is calculated using commuting zones for the geographic market definition, 6-digit SOC codes for the occupational market definition, aggregating
the data at the quarterly level (and then averaging over quarters for a given CZ x SOC). Concentration is calculated over the top occupations (top 200
ranked based on the number of vacancies in the case of 6-digit SOC, representing 90% of vacancies in 2016) over each year.

Mean Min  Max 25th Pctile. 75th Pctile. Fraction Moderately Concentrated ~ Fraction Highly Concentrated
Baseline market definition 2012:
Number of Firms (Unweighted) 8.6 1.0 1400 1.0 5.5
HHI (Unweighted) 4752 5 10,000 1519 7600 0.11 0.64
Baseline market definition 2016:
Number of Firms (Unweighted)  12.6 1.0 19838 1.5 8.3
HHI (Unweighted) 4378 4 10,000 1232 7279 0.11 0.60

market concentration might be the cause of monopsony power, wage
stagnation, and other macro labor trends.

In this paper, we make three contributions: First, we calculate mea-
sures of market concentration in local labor markets for the near-
universe of 2016 online vacancy postings constructed by Burning Glass.
We have shown that concentration is high (above 2500 HHI) in 60%
of US labor markets according to our baseline market definition, and in
at least a third of US labor markets according to alternative labor mar-
ket definitions. Employment-weighted average concentration is lower
at 1361, reflecting lower concentration in more populated areas. Sec-
ond, we show that higher market concentration is associated with lower
wages, consistent with the notion that it captures a measure of employer
market power. Third, we show that at least according to that measure,
there’s no significant variation in employer market power across the
occupational hierarchy.

In combination with a growing body of other research, the results
reported here establish that, while variable, employer power in labor
markets is pervasive in the US economy. Horizontal concentration is by
no means the last word about measuring employer power, but its level
and its covariates are important to establish as stylized facts.

Appendix A. Labor Market Concentration and Product Market
Concentration in Manufacturing

A further question that arises in studying labor market concentra-
tion is the degree to which it overlaps empirically with concentration
of selling in output markets. Conceptually, the phenomena are entirely
different, but it may still be the case that sellers with high market share
of output markets also have high market share as employers in labor
markets, and that overall concentration is positively correlated on “both
sides” of the market.

To investigate this question, we examine the case of manufacturing.
We choose to focus on manufacturing because, unlike labor markets, the
manufacturing product market is generally national (Ashenfelter et al.,
2013), for example)), or even international'*, so we expect important
differences between product market and labor market concentration'®
We compare labor market concentration and product market concentra-
tion, and examine the relationship of each type of concentration with
occupational wages.

Since the most recent available product market HHI for manufactur-
ing is 2012, the analysis in this section uses 2012 data from all sources.
Labor market HHIs in 2012 and 2016 are similar. Concentration in 2012
is slightly higher, with an average HHI of 4752 in 2012 vs. 4378 in 2016,
and 64% of markets being highly concentrated in 2012 vs. 60% in 2016
(Table A4). The data quality in 2012 may be slightly lower than in 2016
since the ratio of the number of vacancies in our cleaned dataset (aggre-
gated at the national level) to the number of JOLTS vacancies is 0.292 in
2012 and 0.323 in 2016; similarly, the ratio of the number of vacancies

14 For product markets that are international, US national sales concentration
overestimates overall concentration in the industry. For international product

in our cleaned dataset to employment in the Occupational Employment
Statistics is 0.027 in 2012 and 0.043 in 2016. Product market HHI is
from the Economic Census at the national NAICS-4 level. The HHI is
based on the value of shipments, in order to measure concentration in
sales.

We compute labor market concentration for each industry based on
the occupation with the largest national employment in each industry;
call this occupation the “top occupation”. By choosing the largest occu-
pation in each industry, we are more likely to find a positive correlation
between labor and product market concentration than if we were using
all employment, including occupations that are not particularly specific
to that industry. Using the Occupational Employment Statistics (OES),
we calculate the national average hourly wage for the top occupation in
each industry. Using Burning Glass Technologies data, we calculate the
labor market HHI for the top occupation in each industry at the com-
muting zone (CZ) by quarter level. To calculate this labor market HHI,
we include vacancies in that occupation that are not in that industry,
so that the HHI calculated here is calculated in exactly the same way as
our baseline HHI for 2016. We calculate the average national labor mar-
ket HHI for the top occupation in each industry by averaging first over
quarters by CZ, and then over CZ weighting by OES employment in the
top occupation and NAICS-4 in each CZ. Because in Azar et al. (2020),
we have shown that the relationship between wages and concentration
is linear in the log-log space, we log each measure of concentration here
in order to correlate it with log wages.

Overall, labor market and product market concentration are posi-
tively but not very strongly correlated (Fig. A.8). The raw correlation
between log labor market HHI and log product market HHI is 0.11 across
the 86 industries, and 0.33 when weighing by OES employment in the
top occupation. In a weighted regression of labor market HHI on prod-
uct market HHI, the coefficient is significant at the 5% level. In general,
labor market HHIs are much higher than product market HHI: across in-
dustries, the average product market HHI is 411 and the average labor
market HHI (weighted by local employment) is 3,955. Given that prod-
uct markets are national and labor markets are local, this level compar-
ison is not surprising.

While labor and product market HHIs are positively correlated, they
are far from being perfectly aligned. For example, we can compare two
large industries (by employment) with similarly low product market
HHI: plastics product manufacturing and cement and concrete product
manufacturing, with each industry employing about 50,000 people in
its top occupation. In plastics product manufacturing, the top occupa-
tion is “Molding, Coremaking, and Casting Machine Setters, Operators,
and Tenders, Metal and Plastic”. Plastics product manufacturing has a
product market HHI of 30 (83rd most concentrated out of 86) and a

markets, we expect the correlation between product market concentration and
labor market concentration to be even lower than for national markets.

15 In general, we expect a higher correlation between product market and labor
market concentration for product markets that are more local, such as the retail
industry.
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Fig. A8. Scatter of Product Market and Labor Market HHIs for Manufactur-
ing in 2012 using top occupation. Only manufacturing industries are included;
all data is for year 2012. Product market HHI is from the Economic Census at
the national NAICS-4 level (based on the value of shipments). Using the Occu-
pational Employment Statistics (OES), we determine the highest employment
occupation in each industry; call this occupation the “top occupation”. The size
of the circles in the scatter is proportional to NAICS-4 employment in the top
occupation. Using Burning Glass Technologies data, we calculate the labor mar-
ket HHI for the top occupation in each industry at the commuting zone (CZ) by
quarter level; to calculate HHI, we include vacancies in that occupation that are
not in that industry, so that the HHI is calculated in exactly the same way as our
baseline HHI for 2016. We calculate the average national labor market HHI for
the top occupation in each industry by averaging first over quarters by CZ, and
then over CZ weighing by OES employment in the top occupation and NAICS-4
in each CZ. The fitted line is from a regression weighing by OES national em-
ployment in the top occupation in the NAICS-4; the estimated coefficients are
displayed at the bottom of the figure, and the coefficient on product market
concentration is significant at the 5% level.

labor market HHI of 5726 (21st most concentrated): this industry is
thus relatively unconcentrated in the product market but highly con-
centrated in the labor market both in relative and absolute terms (the
industry that has a log HHI between 3 and 4 and is well above the fitted
line in Fig. A.8). For comparison, consider cement and concrete prod-
uct manufacturing, where the top occupation is “Heavy and Tractor-
Trailer Truck Drivers”. The cement and concrete products industry has
a product market HHI of 100 (the 70th most concentrated industry) and
a labor market HHI of 473 (the 85th most concentrated industry, es-
sentially the least concentrated): the industry appears well below the
fitted line in Fig. A.8, having a log product market HHI between 4 and
5 and a log labor market HHI between 6 and 6.5. In cement and con-
crete product manufacturing, the labor market concentration in the top
occupation is low, presumably because truck drivers work in many in-
dustries besides cement and concrete products. This suggests that while
plastics manufacturing firms may not have significant product market
power (at least as measured by concentration), they do have significant
labor market power over an occupation that is essentially specific to that
industry. Whereas cement and concrete manufacturers have relatively
more product market power, but less labor market power (with respect
to truck drivers) than plastics manufacturers do with respect to their top
occupation.

Instead of using just the top occupation for each industry, we can also
use all occupations to calculate concentration. In this case, we weight
HHIs by the employment in that occupation for the industry, and other-
wise use the same data construction procedure as above. Labor market
concentration in all occupations has no systematic relationship with in-
dustry concentration: Fig. A.9 shows that the slope is almost flat, and
regression confirms that the coefficient on product market concentra-
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Fig. A9. Scatter of Product Market and Labor Market HHIs for Manufac-
turing in 2012 using all occupations. Only manufacturing industries are in-
cluded; all data is for year 2012. Product market HHI is from the Economic Cen-
sus at the national NAICS-4 level (based on the value of shipments). The size of
the circles in the scatter is proportional to NAICS-4 employment in the indus-
try from the Occupational Employment Statistics (OES). Using Burning Glass
Technologies data, we calculate the labor market HHI for each industry at the
commuting zone (CZ) by quarter level using a weighted (by employment) av-
erage of the HHI in all the occupations in the industry; to calculate HHI, we
include vacancies in that occupation that are not in that industry, so that the
HHI is calculated in exactly the same way as our baseline HHI for 2016. We
calculate the average national labor market HHI for each industry by averaging
first over quarters by CZ, and then over CZ weighing by OES employment in
the NAICS-4 in each CZ. The fitted line is from a regression weighing by OES
national employment in each NAICS-4; the estimated coefficients are displayed
at the bottom of the figure, and the coefficient on product market concentration
is not significant at the 10% level.

tion is insignificant. Labor market concentration in the top occupation in
each industry is thus more related to industry concentration than labor
market concentration in all occupations: this is likely because non-top
occupations overlap more broadly with other industries, which relaxes
the relationship between industry and labor market concentration.

Labor market concentration is different from product market con-
centration, and occupational wages are lower when labor market con-
centration is higher, not when product market concentration is higher.
Using the OES, we calculate the national average hourly wage by in-
dustry for the top occupation in each industry. Across industries, labor
market concentration in the top occupation has a negative and statis-
tically significant effect on wages (Fig. A.10), and the elasticity of the
wage with respect to labor market concentration is about -0.1, whether
weighting by employment or not (Table A5, col. 1 and 2). So, across
industries, a 10% increase in labor market concentration is associated
with a 1% lower wage in the top occupation. This magnitude is of the
same order of magnitude as the one obtained in our previous work
with CareerBuilder.com data on labor market concentration and posted
wages (Azar et al., 2020)). What about product market concentration?
The impact of product market HHI on wages is positive and marginally
significant in unweighted regressions, but smaller and insignificant in
weighted regressions (Table A5, col. 3 and 4). Including both labor
market and product market HHIs in the same regression does not al-
ter the conclusions (Table A5, col. 5 and 6): labor market concentration
is negatively associated with wages while product market concentration
has a much smaller positive and not always significant association with
wages.

In a nutshell, we have shown that labor market concentration in
manufacturing is higher than product market concentration and not per-
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Labor market concentration, product market concentration, & occupational wages in manufacturing. Only
manufacturing industries are included; all data is for year 2012. Product market HHI is from the Economic
Census at the national NAICS-4 level (based on the value of shipments). Using the Occupational Employment
Statistics (OES), we calculate the national average hourly wage for the highest employment occupation in
each industry; call this occupation the “top occupation”. Using Burning Glass Technologies data, we calculate
the labor market HHI for the top occupation in each industry at the commuting zone (CZ) by quarter level;
to calculate HHI, we include vacancies in that occupation that are not in that industry, so that the HHI
calculated here is calculated in exactly the same way as our baseline HHI for 2016. We calculate the average
national labor market HHI for the top occupation in each industry by averaging first over quarters by CZ,
and then over CZ weighing by OES employment in the top occupation and NAICS-4 in each CZ..

Dependent Variable: Log Hourly Wage (OES)

@ (2) 3) “@ ) 6)
Log Labor Market HHI -0.0920**  -0.105** -0.101** -0.125***
(0.0402) (0.0432) (0.0396)  (0.0469)
Log Product Market HHI 0.0481* 0.0104 0.0554**  0.0335
(0.0253)  (0.0378)  (0.0234)  (0.0323)
Constant 3.505%** 3.588***  2.497**  2.699***  3.267*** 3.581%*
(0.327) (0.337) (0.132) (0.186) (0.325) (0.378)
Weighted by national industry v v v
employment in top occupation.
Observations 86 86 86 86 86 86
R-squared 0.064 0.097 0.037 0.003 0.113 0.126

Robust standard errors in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1
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Fig. A10. Scatter of Log Wages and Labor Market HHIs for Manufactur-
ing in 2012. Only manufacturing industries are included; all data is for year
2012. Product market HHI is from the Economic Census at the national NAICS-
4 level (based on the value of shipments). Using the Occupational Employment
Statistics (OES), we calculate the national average hourly wage for the highest
employment occupation in each industry; call this occupation the “top occupa-
tion”. The size of the circles in the scatter is proportional to NAICS-4 employ-
ment in the top occupation. Using Burning Glass Technologies data, we calculate
the labor market HHI for the top occupation in each industry at the commut-
ing zone (CZ) by quarter level; to calculate HHI, we include vacancies in that
occupation that are not in that industry, so that the HHI calculated here is cal-
culated in exactly the same way as our baseline HHI for 2016. We calculate the
average national labor market HHI for the top occupation in each industry by
averaging first over quarters by CZ, and then over CZ weighing by OES employ-
ment in the top occupation and NAICS-4 in each CZ. The fitted line is from a
regression weighing by OES national employment in the top occupation in the
NAICS-4.

fectly predicted by product market concentration. Occupational wages
are negatively associated with labor market concentration, but not prod-
uct market concentration. These results suggest that looking at product
market concentration and product market power is not sufficient to un-
derstand competition in labor markets.

Appendix B. Concentration in 2-Digit SOC Markets

In order to ensure that our findings about employer concentration
and its relationship to employer market power are robust to alternative
market definitions, we conduct the regressions reported in Table 2 for
markets defined by commuting zone and 2-digit, rather than 6-digit,
SOC occupations.

Fig. B.11 shows the overlying histograms of BGT and OES earn-
ings for 2-digit occupations, equivalent to Fig. 5. Fig. B.12 lists the
20 largest 2-digit occupations (according to the number of vacancies
posted), ranked in order of their average concentration. Given the larger
market definition, 2-digit occupations have a lower average concentra-
tion than 6-digit occupations.

Finally, Table B6 repeats the exercise from Section 4.1, but this time
with the 2-digit SOC defined markets. The results are not very different
from Table 2, albeit with fewer observations.

o 4

T
$8,100

T T T T
$22,000 $60,000 $162,800 $442 41:

|_ Log BGT Earnings [___] Log OES Earnings

Fig. B11. Overlying histograms of the log of average annual earnings in
the BGT and OES data. The plot is in log scale, but the horizontal axis labels
report corresponding annual salary levels.
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Descriptive regressions of earnings and hourly wages on market concentration, for 2-digit SOC Oc-
cupations. This table reports labor-market-level regressions of earnings and wage data on measured market
concentration described in Section 4, for markets defined at the SOC-2 by commuting zone by quarter level.
Columns (1) and (4) allow for variation across both occupational and geographic dimensions. Columns (2)
and (5) look at variation across occupations, within commuting zones. And columns (3) and (6) look at
variation across commuting zones, within occupations. Columns (4)-(6) add market-level employment from

OES data.

Dependent Variable: Log Earnings (BGT)

(€D (2) 3 [©)] 5) (6)
Log HHI -0.0312***  -0.0441***  -0.0224***  -0.0965***  -0.116*** -0.000954
(0.00224) (0.00308) (0.00173) (0.00329) (0.00341) (0.00259)
Log Employment -0.0450%** -0.0550%** 0.0198***
(0.00248) (0.00331) (0.00190)
Constant 10.54%** 10.51%** 10.57+** 10.69+** 10.71%** 10.47+**
(0.00725) (0.00940) (0.00590) (0.0144) (0.0231) (0.0110)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE =~ NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 50,092 50,092 50,092 48,522 48,522 48,522
R-squared 0.012 0.077 0.467 0.042 0.116 0.461
Dependent Variable: Log Earnings (OES)
(1) (2) (3) (4) (5) (6)
Log HHI -0.0729***  -0.0867***  -0.0324***  -0.171*** -0.170%** -0.00476%*
(0.00434) (0.00530) (0.00188) (0.00529) (0.00550) (0.00231)
Log Employment -0.116%** -0.166*** 0.0319***
(0.00424) (0.00559) (0.00212)
Constant 1037+ 10.32%** 10.50%** 11.05+** 11.48+*+ 10.32%**
(0.0157) (0.0189) (0.00687) (0.0303) (0.0462) (0.0152)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 26,122 26,122 26,122 26,118 26,118 26,118
R-squared 0.039 0.076 0.865 0.128 0.197 0.868
Dependent Variable: Log Hourly Wage (OES)
(1 (2) (3) (4) (5) (6)
Log HHI -0.0811***  -0.101*** -0.0319***  -0.186*** -0.188*** -0.00472%*
(0.00438) (0.00530) (0.00193) (0.00519) (0.00536) (0.00234)
Log Employment -0.124+** -0.173*** 0.0312***
(0.00406) (0.00542) (0.00213)
Constant 2.680"** 2.609"** 2.854*** 3.391*** 3.813*** 2.678"**
(0.0164) (0.0195) (0.00729) (0.0294) (0.0456) (0.0154)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 26,227 26,227 26,227 26,223 26,223 26,223
R-squared 0.047 0.085 0.866 0.151 0.221 0.870

Robust standard errors in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1
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Fig. B12. Average HHI by occupation, based on vacancy shares, for the largest 20 2-digit occupations. This figure shows the average of the Herfindahl-
Hirschman Index by 2-digit SOC occupation code for the 20 largest occupations as measured by number of vacancies over the period 2016Q1-2016Q4 in the Burning

Glass Technologies dataset.

Appendix C. Results Without Monopsonized Markets

In this section, we report on the regressions results as in Table 2,
excluding fully concentrated markets where HHI = 10,000 (Table C7).
In general, the findings are quite similar to those regressions that include
monopsonized markets.

Appendix D. Results With Unionization Covariates

In this section, we report on the regressions results as in Table 2,
including unionization-related covariates (Tables D8 and D9). In par-
ticular, we use occupation-level union membership and union cov-
erage rates from the Current Population Survey for 2016.!° Because
the unionization-related variables are only available at the occupation
level, the specifications that employ occupation-based fixed effects are
collinear and therefore not included here.

These results are not very different from Table 2. They indicate that
the relationship between concentration and earnings is not mediated by
unionization-related characteristics of a labor market.

Appendix E. Results With Estimates of Labor Market Tightness by
Geography

In this section, we report on the regressions results as in Table 2,
including commuting-zone-level estimates of labor market tightness de-

16 Union membership refers to the share of workers (in a given occupation)
who are union members. Union coverage means the share of workers subject
to a collectively-bargained contract governing their pay and other conditions of
work, whether or not they themselves are members of the union that represents
them in negotiations.

rived from Local Area Unemployment Statistics estimates of unemploy-
ment rates at the county level (Table E10). We count the number of
vacancies reported in the Burning Glass Data and compute the ratio of
that count to the number of unemployed individuals reported in the
LAUS data for 2016.

The aim of this approach is to control for labor market-level busi-
ness cycle effects. Negative shocks to labor demand would reduce both
wages and hiring, and through the latter channel, increase concentra-
tion, confounding the estimated concentration-earnings relationship. By
controlling for tightness, we seek to filter out these potential business
cycle effects.

Appendix F. Results With Estimates of Labor Market Tightness
Computed from Hiring Rates

In this section, we report on the regressions results as in Table 2,
including estimates of labor market tightness at the occupation-
commuting zone level derived using the machinery of search-and-
matching models of the labor market (Tables F11 and F12).

Specifically, we compute the ratio of total hires to total vacancies
at the county-4-digit NAICS industry level and the Metropolitan Sta-
tistical Area-4-digit NAICS industry level. Data on hires comes from
the Quarterly Workforce Indicators, a public-use version of the Lon-
gitudinal Employer-Household Dynamics matched employer-employee
database assembled by the US Census from state unemployment insur-
ance records. Data on vacancies is computed directly from the BGT
dataset of job ads. The ratio of hires to vacancies is the job-filling or
vacancy-filling rate in search-and-matching labor market models, and
that rate is a function of market-level labor market tightness.



J. Azar, 1. Marinescu and M. Steinbaum et al.

Table C7
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Descriptive regressions of earnings and hourly wages on market concentration for 6-digit SOC
occupations, excluding monopsonized markets. This table reports labor-market-level regressions of
earnings and wage data on measured market concentration described in Section 4, for markets defined
at the SOC-6 by commuting zone by quarter level. Columns (1) and (4) allow for variation across both
occupational and geographic dimensions. Columns (2) and (5) look at variation across occupations, within
commuting zones. And columns (3) and (6) look at variation across commuting zones, within occupations.
Columns (4)-(6) add market-level employment from OES data.

Dependent Variable: Log Earnings (BGT)

@™ 2) 3) @ 5) 6)
Log HHI -0.0559*** -0.0509*** -0.0315*** -0.164*** -0.126%** -0.0219***
(0.00159) (0.00203) (0.000866)  (0.00197)  (0.00208)  (0.00135)
Log Employment -0.107*** -0.142+** 0.00879***
(0.00137)  (0.00157)  (0.000979)
Constant 10.59%** 10.61%** 10.65%** 10.96** 11.27++ 10.61%**
(0.00423) (0.00521) (0.00258) (0.00692)  (0.00945)  (0.00440)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE ~ NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 196,883 196,882 196,883 185,089 185,088 185,089
R-squared 0.014 0.048 0.604 0.102 0.165 0.605
Dependent Variable: Log Earnings (OES)
(1) (2) (3) (4) (5) (6)
Log HHI -0.0740%** -0.0607*** -0.0344+** -0.209%** -0.159*** -0.0241+**
(0.00189) (0.00237) (0.000641)  (0.00215)  (0.00227)  (0.000892)
Log Employment -0.173*** -0.212%** 0.01271***
(0.00175)  (0.00193)  (0.000853)
Constant 10.55*=* 10.58** 10.65*** 1131 11.68*** 10.59**
(0.00498) (0.00601) (0.00173) (0.00937)  (0.0116) (0.00424)
Year-Quarter FE YES YES YES YES YES YES
Observations 179,933 179,933 179,933 178,223 178,223 178,223
R-squared 0.025 0.046 0.916 0.200 0.265 0.918
Dependent Variable: Log Hourly Wage (OES)
(1) (2) (3) (4) (5) (6)
Log HHI -0.0765*** -0.0652*** -0.0340"** -0.223*** -0.174** -0.0231***
(0.00193) (0.00243) (0.000644)  (0.00219)  (0.00229)  (0.000902)
Log Employment -0.183*** -0.221%** 0.0127***
(0.00179)  (0.00198)  (0.000863)
Constant 2.902%** 2.929%** 3.004*** 3.694*** 4.052*** 2.950%**
(0.00513) (0.00624) (0.00176) (0.00955)  (0.0118) (0.00426)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 173,423 173,423 173,423 171,874 171,874 171,874
R-squared 0.027 0.047 0.919 0.216 0.280 0.920

Robust standard errors in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1

Specifically, hires are the output of the matching function that
takes vacancies and unemployment as inputs. If the matching func-
tion is Constant Returns to Scale, then (dividing by vacancies) the out-
put, the vacancy-filling rate, is a function of the input vacancies-to-
unemployment ratio, or tightness. We invert the matching function in
order to obtain tightness from the hires-to-vacancies ratio.

Diamond and Sahin (2016) estimate a matching function of the form

m=Ax"“

where x is tightness, m is the hires-to-vacancy or job-filling rate, A is
the match efficiency, and « is the elasticity of matches to the tightness
ratio. They estimate the following parameters:

A a
CPS 516  0.31
JOLTS 3.14 0.2

where CPS and JOLTS refer to the datasets each set of estimates is
based on.

We use these two parameterizations of the matching function to com-
pute the tightness corresponding to the hires-to-vacancies ratio at the

geography-industry-quarter level.!” We attribute those tightness esti-
mates to individual job vacancies in the BGT data, matching on county
or MSA, NAICS-4 Industry, and quarter. We then aggregate from that
vacancy level to the commuting zone-SOC-quarter markets level and re-
run the regressions as in Table 2 including each tightness estimate. The
results from those regressions are reported in Tables F11 and F12.

Similar to the results in Appendix E, the relationship between con-
centration and wages doesn’t change materially when log tightness is
an additional regressor, which is reassuring that our baseline results in
Table 2 are not driven by confounding variation in local labor demand
affecting both wages and concentration.

Additionally, the coefficient estimates for tightness are positive and
significant in almost all specifications, as would be predicted by any
search-and-matching model of the relationship between tightness and
wage-setting. The are nearer zero and insignificant in the occupation
fixed effects specifications, which suggests that there’s a good deal of
level variation in tightness (or in the job-filling rate) by occupation.

17 We winsorize these estimates below the 1st and above the 99th percentiles.
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Table D8

Descriptive regressions of earnings and hourly wages on market concentration for 6-digit
SOC occupations, using union membership as a covariate. This table reports labor-market-
level regressions of earnings and wage data on measured market concentration described in
Section 4, for markets defined at the SOC-6 by commuting zone by quarter level, as well as
union membership rate at the occupation level. Columns (1) and (3) allow for variation across
both occupational and geographic dimensions. Columns (2) and (4) look at variation across
occupations, within commuting zones. Columns (3)-(4) add market-level employment from
OES data. An occupation fixed-effects specification is not feasible here, since the unionization
data is occupational, at the annual level.

Dependent Variable: Log Earnings (BGT)

m (2) ®3) @
Log HHI -0.0491*** -0.0444+** -0.157+** -0.1271%**
(0.00145) (0.00190) (0.00189) (0.00199)
Log Employment -0.105*** -0.140***
(0.00137) (0.00157)
Union Membership Rate -0.174*** -0.186*** 0.0337 0.0466**
(0.0191) (0.0187) (0.0207) (0.0206)
Constant 10.63*** 10.64*** 10.97*** 11.27*
(0.00434) (0.00525) (0.00689) (0.00919)
Year-Quarter FE YES YES YES YES
Commuting Zone FE NO YES NO YES
Occupation FE NO NO NO NO
Observations 200,796 200,795 188,208 188,208
R-squared 0.014 0.049 0.098 0.160

Dependent Variable: Log Earnings (OES)

(1) (2) (3) (4)
Log HHI -0.0658*** -0.0519%** -0.199*** -0.151%**
(0.00175) (0.00222) (0.00202) (0.00212)
Log Employment -0.175*** -0.215%**
(0.00175) (0.00194)
Union Membership Rate 0.120%** 0.104*** 0.457%** 0.452%**
(0.0197) (0.0195) (0.0211) (0.0212)
Constant 10.57*** 10.60%** 11.32%* 11.68***
(0.00520) (0.00610) (0.00943) (0.0115)
Year-Quarter FE YES YES YES YES
Commuting Zone FE NO YES NO YES
Occupation FE NO NO NO NO
Observations 184,450 184,450 182,601 182,601
R-squared 0.023 0.045 0.198 0.264

Dependent Variable: Log Hourly Wage (OES)

(1) (2) (3) (4)
Log HHI -0.0681*** -0.0561%** -0.209*** -0.162***
(0.00178) (0.00227) (0.00207) (0.00217)
Log Employment -0.183*** -0.222%**
(0.00180) (0.00199)
Union Membership Rate -0.199%** -0.184*** -0.0447 0.0345
(0.0348) (0.0346) (0.0310) (0.0302)
Constant 2.943*** 2.969*** 3.740%** 4.085%**
(0.00565) (0.00646) (0.00985) (0.0120)
Year-Quarter FE YES YES YES YES
Commuting Zone FE NO YES NO YES
Occupation FE NO NO NO NO
Observations 177,270 177,270 175,588 175,588
R-squared 0.025 0.046 0.210 0.276

Robust standard errors in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1

Labour Economics 66 (2020) 101886
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Table D9

Descriptive regressions of earnings and hourly wages on market concentration for 6-digit
SOC occupations, using union coverage as a covariate. This table reports labor-market-level
regressions of earnings and wage data on measured market concentration described in Section 4,
for markets defined at the SOC-6 by commuting zone by quarter level, as well as union coverage
rate at the occupation level. Columns (1) and (3) allow for variation across both occupational
and geographic dimensions. Columns (2) and (4) look at variation across occupations, within
commuting zones. Columns (3)-(4) add market-level employment from OES data. An occupation
fixed-effects specification is not feasible here, since the unionization data is occupational, at
the annual level.

Dependent Variable: Log Earnings (BGT)

(€8] 2) 3) “@
Log HHI -0.0498*** -0.0454*** -0.158*** -0.122%**
(0.00145) (0.00190) (0.00189) (0.00199)
Log Employment -0.105** -0.140%**
(0.00136) (0.00157)
Union Coverage Rate -0.0403** -0.0535%** 0.106*** 0.102***
(0.0176) (0.0173) (0.0190) (0.0191)
Constant 10.62*** 10.63*** 10.96*** 11.26%**
(0.00439) (0.00530) (0.00694) (0.00925)
Year-Quarter FE YES YES YES YES
Commuting Zone FE NO YES NO YES
Occupation FE NO NO NO NO
Observations 200,796 200,795 188,208 188,208
R-squared 0.013 0.048 0.098 0.161

Dependent Variable: Log Earnings (OES)

(1) (2) 3) (4)
Log HHI -0.0662*** -0.0526*** -0.199*** -0.151***
(0.00175) (0.00221) (0.00201) (0.00212)
Log Employment -0.175%** -0.214***
(0.00174) (0.00193)
Union Coverage Rate 0.190*** 0.175*** 0.454+** 0.435***
(0.0182) (0.0180) (0.0194) (0.0196)
Constant 10.56*** 10.59*** 11.32%* 11.67***
(0.00526) (0.00617) (0.00949) (0.0116)
Year-Quarter FE YES YES YES YES
Commuting Zone FE NO YES NO YES
Occupation FE NO NO NO NO
Observations 184,450 184,450 182,601 182,601
R-squared 0.024 0.045 0.199 0.264

Dependent Variable: Log Hourly Wage (OES)

(1) (2) (3) (4)
Log HHI -0.0681*** -0.0559*** -0.209*** -0.162%**
(0.00179) (0.00227) (0.00206) (0.00217)
Log Employment -0.183*** -0.222%**
(0.00180) (0.00199)
Union Coverage Rate 0.00507 0.0165 0.0449 0.0893***
(0.0323) (0.0321) (0.0287) (0.0280)
Constant 2.928*** 2.955%** 3.733%** 4.080%**
(0.00579) (0.00657) (0.01000) (0.0121)
Year-Quarter FE YES YES YES YES
Commuting Zone FE NO YES NO YES
Occupation FE NO NO NO NO
Observations 177,270 177,270 175,588 175,588
R-squared 0.025 0.046 0.210 0.276

Robust standard errors in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1
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Table E10
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Descriptive regressions of earnings and hourly wages on market concentration for 6-digit SOC occu-
pations, including an estimate of labor market tightness as a covariate. This table reports labor-market-
level regressions of earnings and wage data on measured market concentration described in Section 4, for
markets defined at the SOC-6 by commuting zone by quarter level. The labor market tightness estimate
(vacancy-to-unemployment ratio) is drawn from the BLS Local Area Unemployment Statistics data, com-
bined with estimates of vacancies at the local level from BGT data. Columns (1) and (4) allow for variation
across both occupational and geographic dimensions. Columns (2) and (5) look at variation across occupa-
tions, within commuting zones. And columns (3) and (6) look at variation across commuting zones, within
occupations. Columns (4)-(6) add market-level employment from OES data.

Dependent Variable: Log Earnings (BGT)

@ ) 3) (€3] (5 6)
Log HHI -0.0488*** -0.0419***  -0.0292*** -0.157*** -0.117*** -0.0199***
(0.00146) (0.00187) (0.000848)  (0.00188) (0.00196)  (0.00134)
Log Employment -0.105%** -0.140%** 0.00854***
(0.00134) (0.00154)  (0.000969)
Log Tightness (LAUS)  -0.00842**  0.175*** -0.00354* -0.0121***  0.122*** -0.00208
(0.00368) (0.00982) (0.00201) (0.00364) (0.00972)  (0.00206)
Constant 10.62+** 10.44x** 10.66*** 10.99+** 11.14#=* 10.62**
(0.00496) (0.0115) (0.00287) (0.00736) (0.0142) (0.00467)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 207,656 207,655 207,656 193,708 193,708 193,708
R-squared 0.012 0.050 0.591 0.098 0.162 0.595
Dependent Variable: Log Earnings (OES)
(1) (2) (3) (4) (5) (6)
Log HHI -0.0599%** -0.0488***  -0.0305*** -0.187*** -0.142%** -0.0209***
(0.00177) (0.00216) (0.000625)  (0.00203) (0.00210)  (0.000847)
Log Employment -0.169*** -0.207*** 0.0120***
(0.00173) (0.00191)  (0.000842)
Log Tightness (LAUS)  0.0370*** 0.245"** 0.00765*** 0.0377*** 0.157*** 0.00711***
(0.00472) (0.0110) (0.00146) (0.00432) (0.00991)  (0.00145)
Constant 10.55** 10.36%** 10.65*** 11.37%* 11.52%** 10.60***
(0.00598) (0.0127) (0.00192) (0.00991) (0.0161) (0.00430)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 189,380 189,380 189,380 187,477 187,477 187,477
R-squared 0.023 0.049 0.914 0.190 0.257 0.916
Dependent Variable: Log Hourly Wage (OES)
(1) (2) (3) (4) (5) (6)
Log HHI -0.0624+** -0.0536***  -0.0299*** -0.201%** -0.158*** -0.0196***
(0.00181) (0.00223) (0.000631)  (0.00207) (0.00213)  (0.000860)
Log Employment -0.180*** -0.217+** 0.0127***
(0.00177) (0.00196)  (0.000853)
Log Tightness (LAUS)  0.0386*** 0.274*** 0.00910%** 0.0373*** 0.182%** 0.00852***
(0.00484) (0.0115) (0.00148) (0.00438) (0.0102) (0.00148)
Constant 2.900"** 2.671"** 3.006"** 3.694*** 3.874*** 2.950%**
(0.00615) (0.0134) (0.00194) (0.0101) (0.0166) (0.00433)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 182,200 182,200 182,200 180,464 180,464 180,464
R-squared 0.025 0.051 0.917 0.207 0.274 0.918

Robust standard errors in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1
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Table F11
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Descriptive regressions of earnings and hourly wages on market concentration for 6-digit SOC occu-
pations, including an estimate of labor market tightness. This table reports labor-market-level regressions
of earnings and wage data on measured market concentration described in Section 4, for markets defined at
the SOC-6 by commuting zone by quarter level. The labor market tightness estimate is based on the hires-
to-vacancies ratio. Hires are reported in Quarterly Workforce Indicators and vacancies from the BGT data.
Estimated matching functions are inverted to produce tightness estimates from that ratio. Columns (1) and (4)
allow for variation across both occupational and geographic dimensions. Columns (2) and (5) look at varia-
tion across occupations, within commuting zones. And columns (3) and (6) look at variation across commuting
zones, within occupations. Columns (4)-(6) add market-level employment from OES data.

Dependent Variable: Log Earnings (BGT)

@™ 2) ®3) “@ 5) 6)
Log HHI -0.0401*** -0.0479*** -0.0301*** -0.147+** -0.119*** -0.0200%**
(0.00157) (0.00195) (0.000922)  (0.00197) (0.00204) (0.00139)
Log Employment -0.109*** -0.135%** 0.00994***
(0.00139) (0.00160) (0.00103)
Log Tightness (CPS) 0.0157*** 0.0252+** -0.000207 0.0173*** 0.0199*** -0.000643**
(0.000388)  (0.000454)  (0.000255)  (0.000383)  (0.000442) (0.000269)
Constant 10.63*** 10.61*** 10.66*** 11.02%* 11.25%** 10.61%**
(0.00421) (0.00505) (0.00273) (0.00709) (0.00960) (0.00475)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE =~ NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 185,998 185,997 185,998 175,357 175,356 175,357
R-squared 0.031 0.077 0.597 0.123 0.183 0.600
Dependent Variable: Log Earnings (OES)
(1) (2) (3) (4) (5) (6)
Log HHI -0.0681*** -0.0594*** -0.0331*** -0.191%** -0.149%** -0.0224+**
(0.00176) (0.00220) (0.000622)  (0.00205) (0.00215) (0.000863)
Log Employment -0.1671*** -0.198*** 0.0128***
(0.00175) (0.00193) (0.000849)
Log Tightness (CPS) 0.0315*** 0.0369*** -0.000234 0.0239*** 0.0250%* -0.000314*
(0.000520)  (0.000535)  (0.000173)  (0.000480)  (0.000486)  (0.000173)
Constant 10.53*** 10.55*** 10.64*** 11.26*** 11.59%** 10.59+**
(0.00465) (0.00558) (0.00167) (0.00945) (0.0117) (0.00426)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 175,775 175,775 175,775 174,079 174,079 174,079
R-squared 0.078 0.106 0.917 0.227 0.290 0.918
Dependent Variable: Log Hourly Wage (OES)
(1) (2) (3) (4) (5) (6)
Log HHI -0.0720*** -0.0678*** -0.0326*** -0.207*** -0.167+** -0.0214***
(0.00179) (0.00225) (0.000627)  (0.00208) (0.00215) (0.000876)
Log Employment -0.172%** -0.208*** 0.0134**
(0.00178) (0.00197) (0.000863)
Log Tightness (CPS) 0.0342*** 0.0401*** -0.000198 0.0267+** 0.0283+=* -0.000288*
(0.000535)  (0.000550)  (0.000176)  (0.000487)  (0.000491)  (0.000175)
Constant 2.876%** 2.881%** 3.001%** 3.641"* 3.957*** 2.943***
(0.00478) (0.00577) (0.00170) (0.00962) (0.0119) (0.00430)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 169,161 169,161 169,161 167,625 167,625 167,625
R-squared 0.087 0.116 0.920 0.251 0.313 0.921

Robust standard errors in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1



J. Azar, I. Marinescu and M. Steinbaum et al.

Table F12
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Descriptive regressions of earnings and hourly wages on market concentration for 6-digit SOC occu-
pations, including an estimate of labor market tightness. This table reports labor-market-level regressions
of earnings and wage data on measured market concentration described in Section 4, for markets defined at
the SOC-6 by commuting zone by quarter level. The labor market tightness estimate is based on the hires-
to-vacancies ratio. Hires are reported in Quarterly Workforce Indicators and vacancies from the BGT data.
Estimated matching functions are inverted to produce tightness estimates from that ratio. Columns (1) and (4)
allow for variation across both occupational and geographic dimensions. Columns (2) and (5) look at varia-
tion across occupations, within commuting zones. And columns (3) and (6) look at variation across commuting
zones, within occupations. Columns (4)-(6) add market-level employment from OES data.

Dependent Variable: Log Earnings (BGT)

m (2) 3 (€3] %) 6)
Log HHI -0.0401*** -0.0479*** -0.0301*** -0.147+*~ -0.119*** -0.0200%**
(0.00157) (0.00195) (0.000922)  (0.00197) (0.00204) (0.00139)
Log Employment -0.109*** -0.135** 0.00994***
(0.00139) (0.00160) (0.00103)
Log Tightness (JOLTS)  0.0101*** 0.0162*** -0.000133 0.0112%** 0.0129+** -0.000415**
(0.000250)  (0.000293)  (0.000165)  (0.000247)  (0.000285)  (0.000174)
Constant 10.65+** 10.65** 10.65*** 11.05*** 11.29** 10.61***
(0.00436) (0.00510) (0.00283) (0.00719) (0.00955) (0.00488)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 185,998 185,997 185,998 175,357 175,356 175,357
R-squared 0.031 0.077 0.597 0.123 0.183 0.600
Dependent Variable: Log Earnings (OES)
(1) (2) (3) (4) (5) (6)
Log HHI -0.0681*** -0.0594*** -0.0331*** -0.191*** -0.149*** -0.0224***
(0.00176) (0.00220) (0.000622)  (0.00205) (0.00215) (0.000863)
Log Employment -0.161*** -0.198*** 0.0128***
(0.00175) (0.00193) (0.000849)
Log Tightness (JOLTS)  0.0203*** 0.0238*** -0.000151 0.0154*** 0.0161*** -0.000203*
(0.000335)  (0.000345) (0.000112)  (0.000310)  (0.000313)  (0.000111)
Constant 10.59*** 10.61%** 10.64+** 11.30%** 11.63*** 10.59%**
(0.00461) (0.00548) (0.00167) (0.00933) (0.0115) (0.00427)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 175,775 175,775 175,775 174,079 174,079 174,079
R-squared 0.078 0.106 0.917 0.227 0.290 0.918
Dependent Variable: Log Hourly Wage (OES)
(1) (2) (3) 4) (5) (6)
Log HHI -0.0720%** -0.0678*** -0.0326*** -0.207+** -0.167*** -0.0214***
(0.00179) (0.00225) (0.000627)  (0.00208) (0.00215) (0.000876)
Log Employment -0.172*** -0.208*** 0.0134**+
(0.00178) (0.00197) (0.000863)
Log Tightness (JOLTS)  0.0220*** 0.0259*** -0.000128 0.0172#** 0.0182#** -0.000186*
(0.000345)  (0.000355)  (0.000113)  (0.000314) (0.000317)  (0.000113)
Constant 2.931%** 2.945%** 3.000%** 3.684*** 4.003*** 2.942%**
(0.00473) (0.00565) (0.00170) (0.00949) (0.0117) (0.00431)
Year-Quarter FE YES YES YES YES YES YES
Commuting Zone FE NO YES NO NO YES NO
Occupation FE NO NO YES NO NO YES
Observations 169,161 169,161 169,161 167,625 167,625 167,625
R-squared 0.087 0.116 0.920 0.251 0.313 0.921

Robust standard errors in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1



J. Azar, I. Marinescu and M. Steinbaum et al.
Supplementary material

Supplementary material associated with this article can be found, in
the online version, at 10.1016/j.labec0.2020.101886

References

Aaronson, D., French, E., Sorkin, I, To, T., 2018. Industry Dynamics and the
Minimum Wage: APutty-Clay Approach. International Economic Review 59 (1),
51-84. doi:10.1111/iere.12262. _eprint: https://onlinelibrary.wiley.com/doi/pdf/
10.1111/iere.12262

Arnold, D., 2019. Mergers and Acquisitions, Local Labor Market Concentration, and
Worker Outcomes. Working Paper.

Artuc, E., McLaren, J., 2015. Trade policy and wage inequality: a structural analysis with
occupational and sectoral mobility. J. Int. Econ. 97 (2), 278-294.

Artug, E., Chaudhuri, S., McLaren, J., 2010. Trade shocks and labor adjustment: as-
tructural empirical approach. American Economic Review 100 (3), 1008-1045.
doi:10.1257 /aer.100.3.1008.

Ashenfelter, O.C., Hosken, D.S., Weinberg, M.C., 2013. The price effects of a large merger
of manufacturers: a case study of maytag-whirlpool. American Economic Journal: Eco-
nomic Policy 5 (1), 239-261. doi:10.1257/pol.5.1.239.

Autor, D., Dorn, D., Katz, L.F., Patterson, C., Van Reenen, J., 2020. The fall of the la-
bor share and the rise of superstar firms. Quarterly Journal of Economics 135 (2),
645-709.

Azar, J., Berry, S., Marinescu, LE., 2019. Estimating Labor Market Power. Working Paper.

Azar, J., Marinescu, 1., Steinbaum, M., 2019. Measuring labor market power two ways.
American Economic Association Papers & Proceedings 109 317-27.

Azar, J., Marinescu, 1., Steinbaum, M., 2020. Labor Market Concentration. Journal of Hu-
man Resources. Forthcoming

Barkai, S., 2019. Declining Labor and Capital Shares. Journal of Finance. Forthcoming

Baum-Snow, N., Pavan, R., 2012. Understanding the city size wage gap. Review of Eco-
nomic Studies 79 (1), 88-127.

Benmelech, E., Bergman, N., Kim, H., 2020. Strong Employers and Weak Employees: How
Does Employer Concentration Affect Wages? Journal of Human Resources. Forthcom-
ing

Berry, S., Gaynor, M., Scott Morton, F., 2019. Do increasing markups matter? lessons from
empirical industrial organization. Journal of Economic Perspectives 33 (3), 44-68.
doi:10.13140/RG.2.2.24964.99201.

BLS, 2016. Duration of unemployment, October 2016 : The Economics Daily:
U.S. Bureau of Labor Statistics. Https://www.bls.gov/opub/ted/2016/duration-of-
unemployment-october-2016.htm.

Boal, W.M., Ransom, M.R., 1997. Monopsony in the labor market. J Econ Lit 35 (1).

Bunting, R., 1962. Employer concentration in local labor markets. University of North
Carolina Press.

Card, D., Cardoso, A.R., Heining, J., Kline, P., 2018. Firms and labor market inequality:
evidence and some theory. J. Labor Econ. 36 (S1), S13-S70.

Carnevale, A., Jayasundera, T., Repnikov, D., 2014. Understanding Online Job Ads Data.
Technical Report. Georgetown University Center on Education and the Workforce.

Davis, S.J., Faberman, R.J., Haltiwanger, J.C., 2013. The establishment-level behavior of
vacancies and hiring. Q. J. Econ. 128 (2), 581-622. doi:10.1093/qje/qjt002.

De Loecker, J., Eeckhout, J., Unger, G., 2020. The rise of market power and the macroe-
conomic implications. Quarterly Journal of Economics 135 (2), 561-644.

Diamond, P., Sahin, A., 2016. Disaggregating the Matching Function. NBER Working Pa-
pers 22965. Working Paper

Dix-Carneiro, R., 2014. Trade liberalization and labor market dynamics. Econometrica 82
(3), 825-885. doi:10.3982/ECTA10457.

Dube, A., Jacobs, J., Naidu, S., Suri, S., 2020. Monopsony in online labor markets. Amer-
ican Economic Review: Insights 2 (1), 33-46.

Dube, A., Kaplan, E., 2010. Does outsourcing reduce wages in the low-wage service occu-
pations? evidence from janitors and guards. ILR Review 63 (2), 287-306.

Dube, A., Lester, T.W., Reich, M., 2010. Minimum wage effects across state borders: evi-
dence using contiguous counties. Rev. Econ. Stat. 92 (4), 945-964.

Dustmann, C., Lindner, A., Schoenberg, U., Umkehrer, M., Berge, P.v., 2020. Reallocation
Effects of the Minimum Wage. Working Paper. Centre for Research and Analysis of
Migration (CReAM), Department of Economics, University College London. Working
Paper

FRB, 2014. How do the Federal Reserve and the U.S. Department of Justice, Antitrust
Division, analyze the competitive effects of mergers and acquisitions under the Bank
Holding Company Act, the Bank Merger Act and the Home Owners Loan Act? Guide-
lines. Federal Reserve Board of Governors.

Labour Economics 66 (2020) 101886

Haltiwanger, J.C., Hyatt, H.R., Kahn, L.B., McEntarfer, E., 2018. Cyclical job ladders by
firm size and firm wage. American Economic Journal: Macroeconomics 10 (2), 52-85.
doi:10.1257/mac.20150245.

Handwerker, E., Spletzer, J., 2015. The Role of Establishments and the Concentration of
Occupations in Wage Inequality. Working Paper. IZA Institute for Labor Economics.

Harris, B.C., Simons, J., 1989. Focusing on market definition : how much substitution is
necessary? Research in Law and Economics 12, 207.

Hershbein, B., Kahn, L.B., 2018. Do recessions accelerate routine-biased technological
change? evidence from vacancy postings. American Economic Review 108 (7), 1737-
1772. doi:10.1257 /aer.20161570.

Hershbein, B., Macaluso, C., 2018. Labor Market Concentration and the Demand for Skills.
Working Paper.

Hyatt, H., Spletzer, J., 2016. The shifting job tenure distribution. Labour Econ. 41 (1),
363-377.

Macaluso, C., 2019. Skill Remoteness and Post-Layoff Labor Market Outcomes. Working
Paper.

Manning, A., 2010. The plant size-place effect: agglomeration and monopsony in labour
markets. Journal of Economic Geography 10 (5), 717-744. doi:10.1093/jeg/lbp042.
Publisher: Oxford Academic

Manning, A., 2011. Imperfect Competition in the Labor Market. In: Handbook of Labor
Economics, 4, pp. 973-1041.

Manning, A., Petrongolo, B., 2017. How local are labor markets? evidence from
a spatial job search model. American Economic Review 107 (10), 2877-2907.
doi:10.1257/aer.20131026.

Marinescu, 1., Hovenkamp, H., 2019. Anticompetitive mergers in labor markets. Indiana
Law Rev 94 (3), 1031.

Marinescu, I, Rathelot, R., 2018. Mismatch unemployment and the geography
of job search. American Economic Journal: Macroeconomics 10 (3), 42-70.
doi:10.1257/mac.20160312.

Marinescu, LE., Ouss, I., Pape, L.-D., 2019. Wages, Hires, and Labor Market Concentration.
Working Paper.

Marinescu, I.E., Wolthoff, R., 2019. Opening the Black Box of the Matching Function: the
Power of Words. Journal of Labor Economics doi:10.1086/705903. Forthcoming
Matsudaira, J.D., 2013. Monopsony in the low-wage labor market? evidence
from minimum nurse staffing regulations. Rev. Econ. Stat. 96 (1), 92-102.

doi:10.1162/REST_a_00361.

Modestino, A., Shoag, D., Ballance, J., 2016. Downskilling: changes in employer skill re-
quirements over the business cycle. Labour Econ. 41 (C), 333-347.

Molloy, R., Smith, C.L., Trezzi, R., Wozniak, A., 2016. Understanding declining fluidity in
the u.s. labor market. Brookings Pap. Econ. Act. 183-237.

Naidu, S., Posner, E.A., Weyl, E.G., 2018. Antitrust remedies for labor market power. Harv.
Law. Rev. 132 (2), 536.

Prager, E., Schmitt, M., 2019. Employer Consolidation and Wages: Evidence from Hospi-
tals. Working Paper.

Qiu, Y., Sojourner, A., 2019. Labor Market Concentration and Labor Compensation. Work-
ing Paper.

Ransom, M., Sims, D., 2010. Estimating the firm’s labor supply curve in a new monop-
sony framework: schoolteachers in missouri. J. Labor Econ. 28 (2), 331-355.
doi:10.1086/649904.

Rinz, K., 2018. Labor Market Concentration, Earnings Inequality, and Earnings Mobility.
Working Paper.

Schubert, G., Stansbury, A., Taska, B., 2020. Monopsony and Outside Options. Working
Paper.

Song, J., Price, D.J., Guvenen, F., Bloom, N., von Wachter, T., 2019. Firming up inequality.
Quarterly Journal of Economics 134 (1), 1-50.

Staiger, D., Spetz, J., Phibbs, C., 2010. Is there monopsony in the labor market? evidence
from a natural experiment. J. Labor Econ. 28 (2), 211-236. doi:10.1086,/652734.
Traiberman, S., 2019. Occupations and import competition: evidence from denmark.

American Economic Review 109 (12), 4260-4301. doi:10.1257/aer.20161925.

Webber, D.A., 2015. Firm market power and the earnings distribution. Labour Econ. 35,
123-134.

Weil, D., 2014. The fissured workplace: Why work became so bad for so many and what
can be done to improve it. Harvard University Press, Cambridge, MA.

Weil, D., 2018. Why We Should Worry About Monopsony. Technical Report. In-
stitute for New Economic Thinking. https://www.ineteconomics.org/perspectives/
blog/why-we-should-worry-about-monopsony

Yankow, J.J., 2006. Why do cities pay more? an empirical examination of some com-
peting theories of the urban wage premium. J. Urban Econ. 60 (2), 139-161.
doi:10.1016/j.jue.2006.03.004.


https://doi.org/10.1016/j.labeco.2020.101886
https://doi.org/10.1111/iere.12262
https://onlinelibrary.wiley.com/doi/pdf/10.1111/iere.12262
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0002
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0002
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0003
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0003
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0003
https://doi.org/10.1257/aer.100.3.1008
https://doi.org/10.1257/pol.5.1.239
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0006
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0006
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0006
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0006
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0006
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0006
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0007
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0007
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0007
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0007
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0008
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0008
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0008
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0008
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0009
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0009
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0009
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0009
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0009
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0010
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0010
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0010
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0011
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0011
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0011
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0012
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0012
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0012
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0012
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0012
https://doi.org/10.13140/RG.2.2.24964.99201
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0014
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0014
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0014
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0015
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0015
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0016
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0016
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0016
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0016
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0016
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0017
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0017
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0017
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0017
https://doi.org/10.1093/qje/qjt002
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0019
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0019
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0019
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0019
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0020
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0020
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0020
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0020
https://doi.org/10.3982/ECTA10457
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0022
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0022
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0022
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0022
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0022
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0023
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0023
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0023
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0024
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0024
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0024
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0024
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0025
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0025
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0025
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0025
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0025
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0025
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0025
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0026
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0026
https://doi.org/10.1257/mac.20150245
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0028
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0028
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0028
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0029
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0029
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0029
https://doi.org/10.1257/aer.20161570
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0031
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0031
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0031
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0032
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0032
https://doi.org/10.1093/jeg/lbp042
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0034
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0034
https://doi.org/10.1257/aer.20131026
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0036
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0036
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0036
https://doi.org/10.1257/mac.20160312
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0038
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0038
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0038
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0038
https://doi.org/10.1086/705903
https://doi.org/10.1162/REST_a_00361
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0041
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0041
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0041
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0041
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0042
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0042
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0042
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0042
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0042
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0043
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0043
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0043
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0043
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0044
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0044
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0044
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0045
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0045
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0045
https://doi.org/10.1086/649904
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0047
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0047
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0048
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0048
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0048
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0048
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0049
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0049
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0049
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0049
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0049
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0049
https://doi.org/10.1086/652734
https://doi.org/10.1257/aer.20161925
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0052
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0052
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0053
http://refhub.elsevier.com/S0927-5371(20)30090-7/sbref0053
https://www.ineteconomics.org/perspectives/blog/why-we-should-worry-about-monopsony
https://doi.org/10.1016/j.jue.2006.03.004

	Concentration in US labor markets: Evidence from online vacancy data
	1 Introduction
	2 Data
	2.1 Vacancies and hiring

	3 Labor market definition
	3.1 Herfindahl-Hirschman index
	3.2 Frictions to worker mobility across markets
	3.3 Market definition: Time and geography
	3.4 Market definition: Occupation

	4 Labor market concentration estimates and analysis
	4.1 Correlations between labor market concentration and wages
	4.2 Occupational variation in concentration and employer market power

	5 Discussion
	6 Conclusion
	Appendix A Labor Market Concentration and Product Market Concentration in Manufacturing
	Appendix B Concentration in 2-Digit SOC Markets
	Appendix C Results Without Monopsonized Markets
	Appendix D Results With Unionization Covariates
	Appendix E Results With Estimates of Labor Market Tightness by Geography
	Appendix F Results With Estimates of Labor Market Tightness Computed from Hiring Rates
	Supplementary material
	References




