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1 Introduction

The limited wage growth observed in many countries in the recovery following the 2008 fi-

nancial crisis and during the recent inflationary period since 2021 has prompted important

questions about the degree of wage setting power enjoyed by employers. These questions have

received additional attention following the recent evidence of declining labour shares, the rise

of ’superstar firms’ (Autor et al. 2020), the relevance of ’non-compete’ and ’no-poaching’ ar-

rangements (Krueger & Ashenfelter 2022), and the limited disemployment effects of minimum

wages. While many of these findings may still be reconciled with largely competitive labour

markets, the relevance of evidence on the extent of employer labour-market power and its

effects is clear. For instance, competition agencies may need to pay more attention to labour

markets - while labour policy may also need to pay more attention to competition issues.

This paper contributes to the literature on labour monopsony (Staiger et al. 2010, Manning

2010, 2011, Falch 2010, Matsudaira 2014, Webber 2015, Card et al. 2018) by providing empir-

ical evidence on two major questions: first, how concentrated are local labour markets? and,

second, what is the impact of labour market concentration on wages? Together with Rinz

(2022), we believe we are among the first in this growing literature to address these questions

by exploiting rich matched employer-employee data: our data covers the full population of

workers (and occupations) in a European country, Portugal. Furthermore, we exploit the

availability in our data of information on the occupation, industry, region, and wages of each

worker. For instance, in contrast to some other papers, we consider not only manufacturing

but also services. All variables are particularly detailed and comparable not only across firms

but also over time, during the very long (34-year) period that we cover.1

Two of the data dimensions above - coverage of both all occupations and of the entire

labour market - are critical for a comprehensive analysis of employer market power. The

majority of workers in developed countries have been for many decades employed in the

services sector (which is however not covered in a number of data sets used in this research)

and concentration levels may be very different (much higher) in manufacturing than services.

Moreover, less than comprehensive information of the location of comparable occupations

across firms and regions as well as an analysis based exclusively either on employment flows

or stocks may also lead to overestimated measures of concentration.

1To our knowledge, only Rinz (2022) and Benmelech et al. (2022) analyse such long periods.
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A key reference in this literature is Azar et al. (2022) (see also Azar et al. (2020)): using

data on the top occupations from a leading U.S. employment website, they find that the

average labour market is highly concentrated. Moreover, using a subset of their data for

which posted wage information is available, they find that concentration is associated with

large declines in earnings, of 17% from moving from the 25th to the 75th percentile of the

Herfindhal distribution. Additional important contributions include Benmelech et al. (2022)

and Rinz (2022) on the U.S, Dube et al. (2020) on online markets, Bassanini et al. (2023a) on

six European countries (including Portugal)2, Dodini et al. (2023) and Dodini et al. (2021) for

Norway, Bassanini et al. (2023b) and Marinescu et al. (2021) on France, and Duan & Martins

(2022) on China, the latter two also considering the role of rent sharing. Because of data

limitations, some of these papers only examine manufacturing or cannot consider the roles of

occupations or of employment stocks.

Our results are consistent with the previous literature in that we also find that employer

market power is a significant phenomenon in both its magnitude and time constancy. However,

our results indicate that employer market power potential, as measured by concentration

indices3, is smaller than in earlier evidence that could not draw on data with the same level of

detail. This finding of smaller employer market power applies both in terms of the percentage

of the workforce employed in high-concentration local labour markets and in the size of the

wage effects of concentration. Specifically, we find that less than 9% of workers are exposed

to concentration levels thought to raise (product) market power concerns (DoJ/FTC 2010).

One of our contributions is the finding that methodological choices can have a significant

impact on the levels of labour market concentration and the magnitude of its wage effects.

Leveraging our comprehensive data, which encompasses variables not concurrently available

in datasets used in other studies, we are able to explore a variety of methodological choices.

As a result, this paper provides a benchmark for comparing findings from research that adopts

only specific methodologies.

We find that defining job characteristics using workers’ industry – such as Rinz (2022) –

rather than occupation – such as Azar et al. (2022) – and deciding the degree of occupational

specificity can significantly impact both the measured levels of concentration and its wages

effects. For instance, using industry-based definitions of local labour markets can lead to

2We note that Bassanini et al. (2023a) use a different period in their analysis of Portugal (2010-2019).
3There are other measures that also measure market power, including the elasticity of labour supply to the

firm (Manning 2021).
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twice as high wage markdowns than occupation-based ones. We also find that labour-market

concentration can more than double when considering more granular occupation codes. Alto-

gether, our results highlight the considerable quantitative (even if not qualitative) sensitivity

of estimates to methodological choices.

Another contribution better understanding the importance of worker and firm time-invariant

heterogeneity when estimating wage effects of labour-market concentration. This is in con-

trast to research which, due to data limitations, does not control for these factors. When not

controlling for both worker and firm fixed effects, we find a positive association between em-

ployer concentration and wages. This may reflect the fact that concentrated labour markets

tend to be characterised by large firms, which can be more productive and or enjoy stronger

product market power. These two dimensions will in turn create scope both for stronger selec-

tion in hires (recruiting and retaining workers of higher productivity) as well as rent sharing,

through bilateral bargaining. The latter can apply particularly when labour market policies

are supportive of collective bargaining and unionisation, as is the case of Portugal and much

of continental Europe. On the other hand, some of these countries are characterised by strong

employers’ associations (Martins 2020), which can facilitate collusion in wage setting across

firms in the same industry (Martins & Thomas 2023).

We assess the potential relevance of these multiple factors by again exploiting the richness

of our data and estimating the relationship between wages and concentration while controlling

both for worker and firm fixed effects. We follow Azar et al. (2022) and employ instrumental

variables based on the number of firms in the same occupations but other local labour markets.

In these models, we find a negative effect of local labour market concentration on wages, with

elasticities of -1.4%. These results indicate that workers that would move from low- to high-

concentration local labour markets (percentiles 25th and 75th, respectively) would experience

a drop in wages of approximately 3.5%, a figure significantly smaller than in Azar et al.

(2022). Interestingly, the effect of concentration does not appear to be fully linear: elasticities

increase when moving from the first to the third quartiles of the concentration distribution

but decrease at the fourth quartile.

Our paper also contributes to the literature examining the role of labour market insti-

tutions in counteracting monopsony power (Benmelech et al. 2022, Bassanini et al. 2023a,

Dodini et al. 2021). Indeed, the smaller effect that we find, when compared to studies using
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U.S. data, may reflect institutional differences. For instance, sectoral collective bargaining is

much stronger in Continental Europe than the U.S., and may weaken the negative effect of

employer market power on wages. To test for this, we interact labour-market concentration

with a measure of collective bargaining coverage (including sectoral or other agreements). As

Bassanini et al. (2023a), we find evidence that higher coverage rates by collective bargaining

agreements attenuate wage markdowns.

Finally, our findings shed new light on the role of larger firms in concentrated labour-

markets. One paper that takes firm size into account is Rinz (2022), who suggests that top

employers may be important drivers of labour market-concentration. An asymmetric Cournot

model (Boal & Ransom 1997) also predicts that, in more concentrated markets, large firms

are able to impose stronger wage markdowns than smaller employers. Here, we examine

whether, for any given level of concentration, larger firms impose stronger wage markdowns

and, indeed, we find that top-five local employers exhibit larger wage effects than smaller

firms. This result also suggests an important role for search-friction based explanations of

monopsony.

The structure of the remaining of the paper is as follows: Section 2 presents the matched

employer-employee data used. Section 3 describes our main measures of employer concentra-

tion and a comprehensive sensitivity analysis. The wage effects results and their robustness

as well as some extensions are presented in Section 4. Section 5 concludes.

2 Data

Our study is based on the ‘Quadros de Pessoal’ (Personnel Records) data set, a comprehensive

matched employer-employee panel. This data set provides detailed annual information on all

firms based in Portugal that employ at least one worker, including information on each of

their employees, their establishments, and time-invariant firm, establishment, and worker

identifiers. The data set follows from an annual mandatory survey collected by the Ministry

of Employment for the purposes of enforcing compliance with employment law and collective

bargaining.

Worker individual information concerns the month of October of each year (March up to

1993) and features a number of variables, the most important for us being the monthly wage

(base and total) and the occupation. The latter is defined using the national occupations
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classification, which features about 1,400 different entries, defined at a six-digit level in most

of the period. Other worker-level variables that we also consider include the year and month

of hiring by the firm, the applicable collective agreement, and the job title code of the worker

under the collective agreement. At the establishment level, we use its geographical location

(at the ’concelho’ level - over 300 different locations - and the more aggregated ’distrito’ level

- 30 different locations).4

Our benchmark definition of local labour markets is based on the occupation definition

composed of 1,400 different values and the region definition composed of 30 ’distritos’ (includ-

ing islands). These regions have an average size of about 3,000 square kilometres and 340,000

inhabitants, including multiple cities and villages in most cases. 18 regions are located in

the continental part of Portugal; the remaining 12 correspond to the islands of Azores and

Madeira. With the exception of some areas in the least populated and least densely populated

regions, typically located in the East and South of the country, all urban or industrial areas

can be reached from virtually all residential areas in each district in less than one hour by car

or public transport. With the exception of the district of the capital city, Lisbon, the largest

city in each region is located closed to the geographical centre of the region. This ensures

limited overlap between commuting zones of neighbouring regions. This benchmark definition

also leads to an average of 14,300 local labour markets (occupation-region pairs) per year over

the 33-year period covered, as we discuss below. We also consider all years between 1985 and

2019 (except 1990 and 2001, which are not available in the data).

3 Employer concentration

Following the literature, we measure employer concentration using the Herfindhal-Hirschman

index (HHI):

HHIl(o,d),t =

N(l,t)∑
j=1

share2j,t, (1)

in which HHIl(o,d),t is the HHI measure for local labour market l (correspond to both

occupation o and district d), in in year t; N(l, t) is the number of firms employing (or having

4We use all worker observations in the data set except the small number with missing information on the
occupation, date of hiring, and region variables. At the establishment-level, the data also provides information
on industry (five-digit variable) - see Cahuc et al. (2023) for a recent analysis of the establishment dimension
of this data. At the firm-level, available information includes total sales, legal type of firm, capital equity, and
type of ownership.
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hired) workers in that occupation, district and year; and sharej is 100 times the ratio between

the employment (or new hires) of firm i in year t and the total employment (or new hires) in the

local labour market of that firm (occupation o and district t in year t). Given this definition,

the HHI can range between 0 - no concentration - and 10,000 - maximum concentration (a

single firm).

In Figure 1, we present the HHI indices for each year, considering the cases of employment

(’stocks’) and new hires (’flows’). Moreover, in Table A1, we also present these indices for

both weighted and unweighted measures. ’Flows’ are defined as workers employed in the firm

as of the census month - October of each year since 1994 (March of each year until 1993) - and

hired over the previous 12 months.5 The results indicate that the mean annual (weighted)

HHIs in the case of stocks range between 625 and 912, while in the case of flows they range

between 700 and 1,167. These figures are significantly below the concentration levels thought

to raise market power concerns, at least in the case of product markets, at HHIs of 2,500.6 We

acknowledge that the relevance of this threshold is debatable in the context of labour markets,

which have different dynamics from those of product markets.7 Nonetheless, for comparative

purposes with prior literature, we use it as a reference.

Figure 1 also indicates that there is no particular trend in concentration. Specifically, there

is no clear evidence of an increase in labour market concentration over time. If anything, we

find a possible downward trend, particularly over the period 1998-2010, in the stocks measure.

The data may also be consistent with moderate counter-cyclicality, particularly in the hires

measure: years such as 2004, 2009 and 2012, when unemployment increased significantly, are

also periods of above-average HHIs. These high HHIs will reflect not only the steep reductions

in hires during downturns but also the particular distribution of hires across firms that arises

then, in such a way that the HHI concentration measure increases significantly.

How do the stock and flow series compare? Table A1 indicates that the HHIs in stocks

are almost always lower than the corresponding (same year) HHI’s in flows. For instance, in

5Note that we do not observe very short spells corresponding to new hires over the eleven months before
the census month whose employment comes to an end before such census month.

6Figure A1 presents an illustration of this approach, considering one particular occupation, construction
and public works technician (code 31120), in a particular district (Leiria), and in a particular year (2006). Each
observation in the histogram corresponds to one of 240 firms, located in the district, that employ at least one
worker of this occupation in that year. The Herfindhal index for this case is 51.7, highlighting the significantly
dispersed nature of the employment of this occupation in this district, as over 200 of the 240 firms employ only
one worker registered in this occupation.

7As Azar et al. (2022) note, the two-sided matching process between buyers (firms) and sellers (workers)
may render labour markets less active compared to one-sided product markets. Thus, any given level of
concentration may affect these markets differently.
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2006, the former is 696 and the latter 981. Overall, flows HHIs are, on average, about 30%

higher than stocks HHIs. This gap reflects the fact that not all firms employing workers in a

given year also hire in that same year. On the other hand, Table A1 indicates that unweighted

measures lead to much higher measures of concentration.

Table A1 also presents information about the number of occupation-district cells used to

compute the HHIs as well as the total number of workers and new hires in each year. The

first series ranges between 11,000 and 21,000 cells, reflecting the growth of the formal sector

since the late 1980s and a change in occupation codes in 1995 and in 2010, as well as the

labour effects of the financial crisis and debt crises from 2008. The numbers of workers and

new hires follow a similar pattern to that of local labour market cells, increasing from 1.6

million employees (200,000 new hires) to 3.2 million employees (808,000 new hires), over the

period.

We also describe our data in terms of the nearly 470,000 local labour market cells con-

sidered, when pooling over the entire period of our analysis, 1985-2019 - Table 1. The mean

number of workers per cell is 174, while the mean number of new hires is 35 (both statistics

are not weighted). The mean HHI measures are, when considering employment stocks, 726

(weighted) and 4,263 (unweighted). When considering employment flows (new hires), these

figures are 998 and 3,201, respectively. The latter figure is the most comparable with those

reported in Azar et al. (2022), based on 16 of the most frequent occupations posted on a large

online jobs board in the US over 2010-2013, which present a remarkably similar mean HHI fig-

ure of 3,157. While Azar et al. (2022) focus their analysis on average HHIs across local labour

markets, we focus on employment-weighted HHIs, i.e. we adopt the perspective of the labour

market faced by the average worker (and not that of the average labour market), to take into

account the possibility - supported in our analysis - that concentrated labour markets tend

to be characterised by small numbers of workers. We also find an interquartile range of 510

HHI points (556 - 46) when weighting cells by employment but much higher, 7,216 (8,144 -

928), when not weighting.8

To illustrate our findings, Figure 2 presents the distributions of HHIs across local labour

markets (district-occupation pairs) in a particular year, 2006, not weighting or weighting each

8See Table A2. Standard deviations of HHI measures range between around 1,600 (weighted analysis)
and 3,800 (unweighted case), regardless of the type of measure (stock or flow). Furthermore, mean salaries
range between 561 and 706 euros, depending on whether one is considering base or total wages and weighted or
unweighted means. We consider these figures later, when computing the wage implications of more concentrated
markets, together with the elasticities presented in Section 4.
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cell by its employment (left- and right-hand-side histograms, respectively), considering stocks

or flows (top and bottom graphs, respectively). As in the case of the pooled cells, we find that

this weighting makes a significant difference, as the most concentrated local labour markets

tend to be those employing fewer workers, in many cases a single worker. Very similar results

emerge when considering different years than 2006. The range of HHI concentration levels

between 0 and 2,000 is the one that applies to most workers, as in the case study of a particular

occupation (construction/public works technician) in a particular district (Leiria) presented

above and in Figure A1.9

3.1 Sensitivity

The results above follow from specific choices regarding the definition of a local labour market.

Before presenting the effects of labour-market concentration on wages, we investigate the

robustness of our findings to different definitions. Departing from our benchmark model above

(based on 1,400 occupations and 30 districts), we exploit the richness of our data to measure

local labour markets in up to seven alternative ways, to better understand the sensitivity of

labour-market concentration measures.

In the first alternative approach, we consider a narrower classification of occupations: col-

lective bargaining job titles. There are typically over 30,000 job titles established in collective

agreements in any one year, each one typically subject to a different and time-varying mini-

mum wage, andin total covering nearly the full employee population (Martins 2021). However,

these alternative occupation measures are also very likely to double-count the same occupa-

tions and thus overestimate the number of local labour markets, leading to spuriously high

concentration levels.10 Table 2, second row, presents the results (the first row presents the

benchmark results, weighted by employment, to facilitate the comparison with alternative

measurement approaches). This definition of occupations leads to a significant increase in the

9To provide greater detail on our results, we also describe here a subset of occupations with the highest
and lowest HHI values. Focusing, as an illustration, on those occupations employing at least 1,000 workers in
a particular year, 2006, the occupations that are associated to the lowest levels of concentration are ’Director
and managers of small firms’ (13110-13199 occupation codes; average HHI of about 40), ’Production director’
(12220; 33), and ’Secretary’ (41150; 34). These cases reflect the fact that almost all firms employ only one
or at least one worker in such occupations. On the other hand, the occupations with the highest levels
of concentration are ’Postman’ (41420; 9,904), ’Train driver’ (83110; 9,880), and ’Industrial robot operator’
(81729; 9,708). The first two cases reflect the fact that the post distribution and train transport industries
operate as (product market) monopolies in Portugal, as in many other countries.

10For instance, a secretary in the metalwork industry will have a different collective bargaining job title code
than a secretary in the retail sector even if their jobs are highly substitutable and if both employees are located
in the same district. Future research may consider instead the description of the job title to match occupations
across industries.
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average number of labour-market cells, from 14,266 to 81,539, as occupation codes increase

by more than a factor of 20 when moving from the benchmark case to collective bargaining

job titles. We find that average HHI measures more than double in both cases (employment

stocks and flows), reaching 1,785 and 2,033, respectively. The percentage of workers in local

labour markets with HHIs above the 2,500 also more than doubles, reaching nearly 20%, a

figure considerably above the benchmark case (7.5%) and more in line to the one found for

the U.S. in Azar et al. (2020).

A second approach is to consider occupations at a more aggregated level. Consistent with

our results using collective bargaining job titles, when we define labour markets using a 4-digit

classification instead of a 5-digit one, we observe lower levels of labour-market concentration

under both measures of HHI.

A third alternative measure involves considering more disaggregated regional definitions

(’concelhos’ instead of ’districts’). This option is influenced by the findings in Manning &

Petrongolo (2017), which present evidence that labour markets can be very local, as jobseekers

reduce their search efforts considerably at longer commuting distances. In our case, the

’concelho’ level has 10 times more units in total when compared to ’distritos’ and are roughly

equivalent to U.S. counties.11 We find, first, that the the number of occupation-region-year

cells increases by more than four times from the benchmark case to over 60,000, reflecting

the far more disaggregated nature of the local labour market - Table 2, fourth row. On the

other hand, the HHI measurements also increase, to 1,461 and 1,908, for employment stocks

and flows, respectively. While this change is significant, these averages fall short of the levels

measured in the case of collective bargaining titles and also correspond to a smaller percentage

of workers in local labour markets above the critical thresholds of 2,500 (17.8% in this case).

Another alternative from our benchmark measure is based on restricting the time window

under which a worker is considered a new hire, from the 12-month period used before to six

months only. Our interest in this analysis stems from the vacancy perspective (Azar et al.

2022, 2020). We find that the HHI for new hires increases by only 6%, from 944 to 997 (the

employment stocks results are unchanged as they are not affected by this criterion). The

number of new hires is naturally reduced, from about 500,000 to 435,000, as in some local

labour market hires only take place in the first half of the year. Overall, despite halving the

11As this level will be too small to be considered a distinctive commuting zone in the cases of the two largest
metropolitan areas, Lisbon and Porto, which are served by good public transport links, we still consider units
based on ’distritos’ (not ’concelhos’) in those two particular cases.
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time window adopted for the consideration of new hires, the degree of concentration increases

by a much smaller magnitude, indicating that these measures are not very sensitive in this

dimension.

An additional perspective is to consider only job-to-job mobility when calculating labour

market concentration. Job-to-job mobility may involve poaching and thus may be a better

measure for concentration purposes, as it is more focused on the demand side. General hires

(including those from non-employment) may be influenced considerably by supply factors (e.g.,

new graduates or immigrants entering the labour market) that may dampen concentration

levels. Drawing on the longitudinal nature of the data, we proxy job mobility by focusing on

new hires employed in a different firm in the previous year. (We also exclude 1985, 1991, and

2002, as there is no employee data for the years before.) We find that HHI (flows) increases

by 8% to 1,022.

Another approach follows from the fact that public-sector firms tend to operate as monop-

olies and employ a large share of all workers in specific occupations. Examples of the latter

are postman and air traffic controller. (However, given their public-sector affiliation, these

firms may not use their labour market power in the same way that a private-sector firm in a

similar position, an idea that we will test later.) To understand if public-sector firms affect

our benchmark measure of concentration, we exclude firms with any positive level of public

ownership of their capital equity. This new sample yields a decrease in HHI, from 744 to 613

(stocks) or from 944 to 908 (flows).

We also examine the role of the large percentage of small firms in the labour market of

Portugal as a potential driver of low HHI levels found so far.12 Removing firms with fewer

than 10 employees from our analysis leads to a significant decrease in the average number of

workers and hires, and a corresponding increase in HHI measurements. However, this increase

is not as high as in other measurement approaches. Hence, our findings suggest that firm size

is not the main factor behind the low concentration measures found in our benchmark analysis.

Finally, we consider the sector dimension. As indicated before, some studies of employer

concentration define local labour-markets using the firm’s industry rather than the worker’s

occupations or only examine the manufacturing sector because of data limitations (Benmelech

et al. 2022, Duan & Martins 2022, Rinz 2022). In order to shed light on the potential impact

12As documented in Cabral & Mata (2003) and Braguinsky et al. (2011), Portugal tends to exhibit a larger
mass of smaller firm sizes than other countries. This may be due to limited access to credit, strict employment
laws, and a over-reliance on service providers over formal employees.
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of such methodological approaches, we focus on the industry of each establishment indicated

in our data to make two additional analyses. First, we restrict our attention to manufacturing

sector firms only. Row seven of Table 2 presents the results, which indicate significantly higher

levels of concentration, with stock and flows HHI’s of 1,173 and 1,815, respectively, and an

employment share above 2,500 of 13.5%. Second, we define local labour-markets as industry-

by-region cells, using 5-digit industry classifications. Here we find that the HHI stock measure

increases by 125% compared to the benchmark case, while the flows measure increases by 60%.

Under this case, about 19% of workers are exposed to a level of concentration greater than

2,500.

In conclusion, by exploiting the richness of our data, we find that the measurement of

employer concentration is sensitive to different methodological choices. Specifically, most –

but not all – departures from our benchmark case increase concentration estimates. In any

case, the direction and magnitude of the variation of our estimates across methods may be

particularly useful when considering findings from studies that draw on less comprehensive

data. In our next section, we complement this analysis by presenting evidence on the impli-

cations of some of these alternative measurements on the magnitude of the wage effects of

concentration.

4 Wage effects

If workers have limited choice in alternative employers in their occupation and commuting

zone, firms may exploit the resulting wage setting power by reducing the pay offered to, and

eventually accepted by workers. In this context, after establishing above the levels (and sen-

sitivity) of employer concentration across labour markets and time periods, we now estimate

the impact of such concentration on wages. Specifically, in our benchmark specifications, we

consider the following equation:

logYi,l(o,d),t = α+ βlogHHIl(o,d),t + δl(o,d) + ϕd,t + τi + ϵl(o,d),t, (2)

in which Yi,l(o,d),t is the (monthly) wage of worker i in local labour market l(o, d), corre-

sponding to occupation o and district d, in year t; and HHIl(o,d),t is the Herfindhal-Hirschman

index of the same local labour market l(o, d) and year t. δl(o,d) are fixed effects for each
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local labour market, ϕd,t are district-by-year fixed effects, and τi are worker fixed effects.

While we do not control specifically for local labour market tightness (Azar et al. 2022), all

specifications include both district-by-year (district-year pairs, ϕd,t) and local labour market

(occupation-district pairs, δl(o,d)) fixed effects. Given our log-log specification, the estimate

of β will indicate the elasticity of the individual wage with respect to the Herfindhal index of

the market where the worker is based in each year.

We consider three specifications: the first without controlling neither for worker nor firm

fixed effects, the second controlling only for worker fixed effects, and the third controlling

for both worker and firm fixed effects. Highly-concentrated labour markets may derive their

concentration from the presence of large firms that will tend to have both higher productivity

and stronger product market power. These dual advantages may then be shared with workers

via collective bargaining, for instance.

For each specification, in order to provide a comprehensive analysis of the effects of labour

market concentration on wages, we consider two different measures of HHI: one based on

employment stocks (odd columns, in the following tables), and another based on employment

flows (even columns). While the former measure may provide a more stable measure of HHI,

the latter may be more directly linked to the dynamics in the labour market in each year.

The flows measure may thus better reflect the opportunities for wage growth of incumbent

workers, for instance through mobility to other firms.

Table 3 presents the first set of results, covering the full 1986-2019 period (and about 70

million worker-year observations). In columns 1 and 2, we exclude worker fixed effects to

obtain estimates equivalent to those derived from pooled worker data. In the first column, we

find a significantly positive elasticity of 0.018 when using the stock measure of HHI. These

results are partially at odds with the view that employer concentration erodes wages but are

consistent with the perspective that employer concentration can be a proxy for rent sharing,

for instance through (collective) wage bargaining. When controlling for worker fixed effects

the magnitude of the coefficient of the stock measure drops considerably to -0.002 (column 3).

This drop suggests that high-wage workers tend to be employed in high-concentration local

labour markets and that rent sharing can again be relevant in shaping the wage distribution.

The point above is less evident when using the flow measure, since including worker fixed

effects leads to a much smaller drop, from an elasticity of -0.001 (not statistically significant)
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to -0.004 (respectively, columns 2 and 4).

Finally, we examine the role of firms in wages and their potential confounding effect. In

what is our main specification, we add firm fixed effects to our equation. Joint identification

of firm and worker effects is based on mobility of workers across firms and regions over time.

In this case, when we include firm fixed effects (columns 5 and 6), both coefficients remain

relatively stable. Thus, firm-level unobserved heterogeneity does not appear to be relevant

for now.

One may argue that concentration measures are not exogenous with respect to wages. For

instance, larger local labour markets (typically with lower concentration levels) may attract

more productive firms that pay higher wages and want to be able to hire workers more quickly.

While we control for time-invariant differences across local labour markets and for economy-

wide year effects at the district level, our results could be influenced by labour demand or

labour supply shocks at the level of the local labour market. An increase in the number of

university graduates in particular occupations may lead to both lower levels of concentration

(if they create new firms) and lower wages in the resulting jobs (due to an increase in labour

supply), generating a spurious downward bias in our estimates. Declines in the international

demand for specific products may lead to both lower labour demand and lower wages, as in

the context of a ’China shock’ (Cabral et al. 2021), and more concentrated employment in

specific occupations, as some firms exit the market, generating an upward bias in this case.

We address this potential endogeneity issue by instrumenting HHIl(o,d),t, following Azar

et al. (2022) and earlier research in industrial organisation and labour economics. Our in-

strument corresponds to the average of the number of employers in the same occupation and

year but different region. Formally, it corresponds to
∑

e log(1/Ne)/29, where Ne indicates

the number of firms in each one of the other (29) regions (’distritos’), except d, that employ

workers of the same occupation o, in the same year t. This instrumental variable does not

depend directly on market shares as it is based on the number of firms and not their employ-

ment. Moreover, it provides variation in local labour market concentration driven by changes

across the country except for the specific local labour market that is being instrumented. In

this way, we can obtain estimates that are not biased by the local labour demand or labour

supply shocks mentioned above.

Table 4 presents our first set of IV results using the variable above. In the first stage
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regression, we find the positive (and highly significant) effects predicted. The higher the

average number of firms employing workers of the same occupation in other regions, the

lower the value of the instrument, and the lower the level of concentration in the local labour

market. In the second stage, when not controlling for worker fixed effects (columns 1 and

2), we find again significant positive effects when using the stock measure (elasticity of 0.76)

and the new hires measure (elasticity of 0.75).13 When we introduce worker fixed effects, the

elasticity becomes negative, ranging between -0.006 (column 3) and -0.007 (column 4). Both

are statistically significant at the 10% level.

Finally, we add firm fixed effects to our equation to control for the forces above. Joint

identification of firm and worker effects is based on mobility of workers across firms and

regions over time. Columns 5 and 6 in Table 4 present the results of this more comprehensive

specification, in which we find negative elasticities of -0.014 for both measures of HHI. This

increase in (the absolute value of) the elasticities is consistent with our discussion above that

relatively high-wage firms tend to be more common in high-concentration local labour markets.

Such correlation can introduce an upward bias in the wage-concentration elasticities that may

make one underestimate the overall negative effect of concentration on wages. Given the

same interquartile range of 510 HHI points presented in Section 3 and its resulting difference

of 2.49 log points (Table A2), these results indicate that workers that would move from low-

to high-concentration local labour markets (defined here as the 25th and 75th percentiles,

respectively) would experience a drop in wages of approximately 3.5%. Also, it is worth

noting that our coefficients are about ten times lower than the benchmark results in Azar

et al. (2022), who find elasticities between -0.116 and -0.2.

4.1 Robustness

We now test whether the wage effects above are robust to considering instead each of the

seven alternative measures of labour market concentration presented in section 3.1. Again,

this robustness exercise seeks to exploit the richness of our data and provide comparisons that

are not feasible with other data sets.

These results are presented in Table 5 and are based on our main specification including

13In appendix Table A3, we also run the IV regressions at the local labour market level. When controlling
for local labour market fixed effects we obtain a negative elasticity (columns 1 and 2), which becomes positive
when we introduce district-by-year fixed effects (columns 3 to 6). The positive sign of the latter estimates is
consistent with the results from worker-level regressions that do not control for worker or firm fixed effects
(columns 1 and 2 of Table 4).
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worker and firm fixed effects and instrumenting labour market concentration. In columns 1

to 4, we study the impact of aggregating occupations at different levels. Interestingly, we find

that wage effects increase as we use more aggregated classifications of occupations. When we

define labour markets using collective bargaining job titles (columns 1 and 2), elasticities range

from -0.003 to -0.005 (not statistically significant), and are considerably lower than the bench-

mark case (-0.014). However, if we consider 4-digit occupations (instead of the 5-digit level

used in the benchmark case), the estimated results nearly double (columns 3 and 4). These

results point to the importance of defining precisely the local labour market. Considering

extremely narrow classifications, such as collective bargaining job title codes, overestimates

labour market concentration as it separates occupations which are close substitutes to firms.

This overestimation of concentration, which may be regarded as a form of measurement error,

leads to lower wage effects, even in IV models.

Next, in columns 5 and 6, we consider less aggregated regions. Unlike in the previous case,

considering ’concelhos’ instead of ’distritos’ does not alter our results significantly. Similarly,

considering a shorter time window to define a new hire leads to the same elasticity found

before (column 7). On the contrary, computing HHI in flows using job-to-job new hires only

(column 8) leads to an elasticity of -0.015, indicating that wage markdowns are higher in this

context.

In addition, public-sector firms, such as post or railways, may not exercise their monopsony

power in the same way as private firms. This is corroborated by our findings in columns 9

and 10, where we do not consider firms with a positive level of public ownership. We obtain

slightly higher elasticities (in absolute value) than in the benchmark case. Alternatively, if we

exclude firms with fewer than ten employees, we again find a modest increase in the absolute

value of the HHI coefficients to about -0.017.

Finally, we restrict our analysis to the manufacturing sector or instead use industry and

not occupations to define a local labour market (Benmelech et al. 2022, Rinz 2022). We find

that the coefficients increase considerably (in absolute value) in both cases (columns 10 to

13), especially the latter. These elasticities range between 2.3% and 3.7%.14

Overall, our results from this subsection highlight important dimensions of stability but

also of differentiation in the effects of labour market concentration on wages. While virtually

14On the robustness of our findings in terms of the time dimension, when comparing the current findings for
1986-2019 to those of the period 1991-2013 (Martins 2018), we find that they are very similar. This indicates
that the effects of concentration on wages have not changed significantly over the last four decades.
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all approaches indicate negative effects, methodological choices or constraints can affect the

magnitude of the effects, in some cases doubling their magnitude.

4.2 Extensions

In the analysis above we have established that employer concentration has a negative impact

on wages, even when using different measurement approaches and samples. Here, we extend

our analysis to four additional issues: i) the potential attenuation of market power effects

through collective bargaining; ii) the role of large firms in concentrated markets; iii) potential

non-linear effects of concentration on wages; and iv) the impact of market power on wage

inequality.

Collective bargaining

In our main analyses above, the introduction of firm fixed effects led to a substantial increase

in the (negative) effect of labour market concentration on wages, highlighting the relevance

of firm heterogeneity. One point potential factor that may be capture by these fixed effects is

the role of unionisation or collective bargaining in wage determination. Indeed, in the same

way that workers faced with a dominant employer in their local labour market will not have

many job alternatives, a dominant employer faced with a powerful union may find it difficult

to replace their workers. Such employer will then have to share at least some of its rents with

its workers, particularly when the firm has not only labour market power but also product

market power.

Such countervailing, trade-union-based mechanism would potentially lead to a more bal-

anced relationship between the employer and the employee sides. In this case, the wage setting

power of the employer is attenuated and the rent sharing dimension may even possibly gain

greater predominance (see Card et al. (2018) and Garin & Silverio (2023) for recent evidence

of rent sharing in Portugal, also based on the QP data set.) Note that, as in other Euro-

pean countries, collective bargaining plays an important role in the labour market of Portugal

(Martins 2021, Martins & Saraiva 2020).15 Local labour markets may also be associated to in-

dustrial clusters, generating external scale economies, leading to higher wages (see Figueiredo

15Despite low unionisation rates, collective agreements are frequently extended by the government, requiring
most firms and employees in a given industry to follow these agreements even for workers that are not unionised.
As to other labour institutions that may also affect wage determination, the most important include minimum
wages and unemployment benefits. While the former were relatively low in Portugal until 2006, unemployment
benefits were always relatively generous, in terms of replacement rates and maximum duration.
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et al. (2014), which uses the same data set as in this paper).

To test whether collective bargaining is indeed an important force in counter-acting em-

ployer market power, we interact our measures of concentration with the average collective

bargaining coverage of each local labour market over the entire period. Similarly, we in-

strument this interaction using the interaction between bargaining coverage and the previous

instrument. We use the average and not the contemporaneous level of coverage to avoid any

correlation between our instrument and wages, except, of course, through the instrumented

variable. Our motivation is that the wage markdown resulting from increasing employer

concentration (and the resulting fewer employer alternatives for workers) may lead to the

emergence or strengthening of unionisation and collective bargaining. Such emergence may

be particularly important when employers also coordinate, namely through employers’ asso-

ciations (Martins 2020).

Table 6 presents the results. Interestingly, when we account for collective bargaining, the

elasticities without firm fixed effects (columns 3 and 4) are actually higher (in absolute terms)

than those with such fixed effects (columns 5 and 6). This suggests that greater levels of co-

ordination between employees can indeed attenuate wage markdowns. This finding is in line

with Benmelech et al. (2022) and Dodini et al. (2021), who also find that unionisation coun-

teracts the wage effect of labour-market concentration. There is also evidence for Germany

and Portugal that higher levels of industry-level bargaining coverage attenuates markdowns

(Bassanini et al. 2023a).

Local labour-market leaders

We also examine the impact of firm size on wage effects. As Boal & Ransom (1997) note, in

an asymmetric Cournot model, larger firms may be able to impose larger wage reductions.

However, this may not be the case if we consider models with random search or worker

heterogeneity in preferences for firm amenities (Card et al. 2018). In fact, according to the

latter models, large firms operating in smaller markets might have less market power than

small firms in large markets due to the smaller pools of workers, making it difficult to employ

those who value their specific amenities.

To examine this question, we interact our measures of labour-market concentration with

a dummy equal to one when a firm is a local market leader. Such leaders are defined as a
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top five employer in a local labour-market in a year. In our preferred specifications in Table

7 (columns 5 and 6), the coefficient of the interaction term ranges between -0.002 and -0.005

(both are statistically significant at the 1% level). This means that markdowns are 15% to

30% higher for local leaders compared to their smaller counterparts. Our analysis therefore

supports the scope for larger firms to impose larger wage reductions on their employees, when

compared to smaller firms in the same local labour market.

Non-linear effects

The effects of labour-market concentration are not necessarily linear. This idea is supported

by the findings of Azar et al. (2023) and Mungúıa Corella (2020), who find that the impact of

minimum wage policies on employment varies depending on the level of labour concentration.

Here, we examine potential non-linearities in wage effects instead of employment. For instance,

the relatively small wage effects that we find may reflect the fact that most of our HHI

distribution lies at relatively low concentration levels. Wage effects may be considerably

higher at higher HHI levels.

We approach this question by conducting our analysis separately at each quartile of the

(employment-weighted) HHI distribution. The results, presented in Table 8, support the case

of non-linearities. In columns 1 and 2, regarding the first quartile, we find larger elasticities (in

absolute value) than the ones we present in our baseline regressions. However, these estimates

are less precise, likely due to the little variation in HHI within the first quartile – the HHI in

stocks (flows) is between 1 and 46 (0 and 88). (See Table A2 for more detailed descriptive

statistics on the HHI distribution. The concentration ranges increase dramatically as we

consider higher quartiles.) Regarding the second quartile (columns 2 and 4), we document

statistically significant elasticities (at the 1% level) ranging between -0.042 (stocks) and -0.069

(flows). Elasticities are even greater in third quartile (columns 5 and 6), between -0.062 and

-0.112 (significant at the 1% level). Finally, for the fourth quartile (columns 7 and 8) we

find much smaller elasticities, between -0.030 and -0.032 (both significant at the 1% level).

Furthermore, we also find that all these results are robust to removing public-sector firms –

Table A4. This is motivated by the fact that public-sector firms are typically located in high

levels of concentration and the possibility that they respond differently to the same level of

concentration, as they may not profit maximise in the same way as private-sector firms.
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Overall, these results suggest that the wage effects of concentration are non-linear in the

concentration distribution, increasing up to the third quartile and decreasing in the fourth

quartile. These results also indicate that our main findings are shaped by the middle of the

concentration distribution, where changes in concentration may have more pronounced effects

than cases in which the concentration is already high – such as the fourth quartile.

Inequality

Finally, we study whether labour-market concentration may influence wage inequality both

within firms and within local labour markets (Rinz 2022, Dodini et al. 2021). There are

potentially many mechanisms in such complex relationship. For example, if workers are paid

the (statutory or collective bargaining) minimum wage, firms may have limited power to

influence their wages (assuming no disemployment effects). In this case, workers with higher

wages would be more vulnerable to labour concentration, meaning that wage inequality could

decrease as concentration increases. Different workers may also be distributed differently

within firms and local labour markets, leading to potentially different effects of concentration

on the two types of inequality.

To analyse these effects, even if only tentatively, we consider the ratios between the 90th

and the 10th percentiles (P90/P10), the 90th and the 50th percentiles (P90/P50), and the 50th

and the 10th percentiles (P50/P10). In the within-firm analysis, we consider the average level

of labour-market concentration in the firm (across all its workers), while in the local labour-

market analysis we use the same concentration measures as in our main analyses above.

Our results – Table 9 – indicate that within-firm inequality increases with labour con-

centration. In contrast, inequality within local labour-markets decreases with concentration.

Specifically, the coefficients in columns 1 and 2 of panel A indicate that an increase in HHI by

1% increases the P90/P10 ratio from 7% to 8%. These coefficients are twice the magnitude

of the effects of labour concentration on the P90/P50 and the P50/P10 ratios, at around 4%.

This larger increase in inequality between the top and bottom percentiles can have different

explanations. It could be due to firms sharing their monopsony rents with top managers in

the firm, as suggested by Rinz (2022), or, for instance, because wages stagnate at the bottom

of the wage distribution (within the firm).

Regarding inequality within local labour-markets, increases in concentration by 1% lead
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to a decrease of between 5 to 10% in the P90/P10 ratio, and between 7 to 11% in the

P90/P50 ratio. We find no effect of labour-market concentration on the P50/P10 ratio. One

possible explanation is that, as mentioned above, there is not much room to adjust wages

at the bottom of the wage distribution, possibly due to the minimum wage or collective

bargaining agreements. Overall, we regard the analysis of the relationship between labour

market concentration and wage inequality to be a promising topic for further research.

5 Conclusions

Exploiting rich matched data for Portugal, we made a number of contributions to the literature

on local labour market power and its wage effects. Our evidence supports the significance

of employer labour concentration, in terms of both its magnitude and wage implications.

First, we find that at least 9% of workers can be regarded to be exposed to concentration

levels assumed to raise (product) market power concerns. We also find that this percentage

has remained relatively stable over a 34-year period but can vary significantly depending

on methodological choices (or data availability). Second, we estimate wage-concentration

elasticities that are significantly negative, at around -1.4%. This estimate implies that workers

that would move from the bottom to the top quartiles of the concentration distribution could

see their wages fall by about 3.5%.

All in all, our results suggest that employer market power may be an important even if not

necessarily major driver of wage inequality. In fact, while we find concentration to increase

wage inequality within firms, the relationship changes when we analyse inequality within local

labour-markets. Also, the smaller elasticities that we document here, when compared to the

U.S., may follow from the different labour institutions in the two countries. In particular,

sectoral collective bargaining in Portugal sets common industry wage floors across multiple

regions and jobs, regardless of the specific conditions of the local labour market, including its

concentration level. These practices are common in many European countries but largely not

applicable in the U.S.. On this point, we find suggestive evidence that collective bargaining

counteracts the negative effect of employer concentration.

From a methodological perspective, our findings highlight the different sensitivity of con-

centration measures with respect to data choices or constraints, including the sector under

analysis, the focus on employment flows or stocks, and the level of aggregation of occupations
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and geographical areas. For instance, we find that concentration measures can more than

double depending on the approach adopted. Given the relative novelty of measuring concen-

tration in local labour markets, these estimates may also inform policy makers that wish to

establish critical thresholds suitable to address monopsony.

Our results also underline the importance of taking into account both the worker and the

firm heterogeneity dimensions when estimating wage-concentration elasticities. Several high-

concentration labour markets are characterised by larger and more productive firms, which

tend to pay higher wages and employ more skilled workers. As we show in our results, these

factors can bias estimates towards zero or even positive effects.

Finally, from a policy angle, our results underline the relevance of labour markets for

competition agencies - and that of competition concerns for labour institutions. Higher labour

market concentration can have a detrimental effect on wages, as employers may take advantage

of their market power. Even in a generally regulated labour market as Portugal, wages

are depressed by weaker competition. This implies that, for instance, firm mergers may

have competition implications that extend beyond product markets. This is particularly

important since we find that concentration and its interaction with firm size lead to higher

wage markdowns. Moreover, employers’ associations may also deserve greater attention from

both competition and labour authorities. Employers’ associations may promote collusion

across firms operating in the same industry and be an important driver of the negative wage

effects documented here.
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Figure 1: HHI by number of employees and of new hires (weighted), 1986-2019
60
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Notes: Own calculations based on the ’Quadros de Pessoal’ data set. See the Herfindhal index formula in
equation 1 and Table A1 for more details on each time series. Figures for 1990 and 2001 are interpolated as
worker-level data for these years are not available. Occupation codes change in 1995 and 2010. The weights
of the two series are the employment count of each occupation-district-year cell. ’HHI works’ corresponds to
employment stocks; ’HHI new hires’ corresponds to employment flows (workers employed in October of each
year (March, up to 1993) and hired over the previous 12 months).
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Figure 2: Distribution of HHI by number of employees across local labour markets
(left: unweighted; right: employment-weighted; top: stocks; bottom: flows), 2006
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Notes: Own calculations based on the ’Quadros de Pessoal’ data set. See the Herfindhal formula in equation
1. Left-hand-side distributions: All local labour markets (occupation-district pairs) carry the same weight,
regardless of the number of workers. Right-hand-side distributions: Each local labour markets (occupation-
district pairs) carries a weight in the histogram that is proportional to its employment level. Top (bottom):
measures based on employment stocks (flows).
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Table 1: Descriptive statistics, district-occupation-year cells, 1985-2019

Unweighted Weighted
Variable Obs Mean Std. Dev. Mean Std. Dev. Min Max

Year 470,782 2003.1 9.2 2004.5 9.5 1985 2019
Number of workers 470,782 174.2 1063.4 6665.6 13490.7 1 105322
Number of new hires 470,782 35.0 250.3 1419.6 2747.3 0 18044
HHI (n. of workers) 470,782 4262.5 3720.1 725.9 1666.6 1 10000.0
HHI (n. of new hires) 470,782 3201.2 3846.6 997.9 1914.1 0 10000.0
Mean base pay 463,996 601.8 595.3 561.6 597.0 0 39452.2
Mean total pay 463,996 706.0 709.6 646.4 685.5 0 39452.2
Mean Col. Barg. coverage 470,782 0.81 0.39 0.82 0.38 0 1

Notes: Each observation corresponds to a district-occupation combination observed in a year. ’Unweighted’
(’Weighted’) denotes statistics in which all cells carry the same weight (each cell carries the weight proportional
to its employment). ’Mean base pay’ is the average nominal base pay of the workers employed in the district-
occupation-year cell. ’HHI (n. of workers)’ denotes the Herfindhal index (under its stock-base measure) for each
district-occupation-year cell. ’HHI (n. of new hires)’ denotes the Herfindhal index (under its flow-base measure) for
each district-occupation-year cell. ’Mean Col. Barg. coverage’ is the average coverage of workers by any type of
collective bargaining agreement for each district-occupation-year cell.

Table 2: HHI mean values, different measurement approaches

HHI Average number of % workers
Measurement type Workers Hirings cells workers hirings HHI≥2,500

Benchmark case 742.8 943.7 14266 2485313 499541 7.5
Collective barg job titles 1784.9 2032.8 81539 2485313 499541 19.7
Occupation (agg at 4 digits) 513.6 670.0 6948 2485313 499541 4.7
Less aggregated regions 1460.8 1907.5 61094 2485313 499541 17.8
Hirings (prev 6 months only) 996.8 14266 2485313 435746 11.5
Hirings (from a different firm) 1022.4 14472 2549341 295118 12.2
Only firms without public equity 613.4 907.9 13633 2333790 490198 6.0
Only firms 10+ employees 1017.9 1334.1 12682 1880514 366342 10.7
Manufacturing sector only 1137.3 1815.0 8218 694827 90138 13.5
Industry 1667.5 1515.1 9628 2485313 499541 18.8

Notes: ’Benchmark’ measurement type is the main one adopted in the paper, based on approximately 1,400
occupations and 30 districts. ’Collective bargaining titles’ is the same approach as the benchmark model except
that, instead of considering occupations, we differentiate occupations by using the collective bargaining job titles
(about 30,000). ’Occupation (agg at 4 digits)’ is the same approach as the benchmark model except that, instead
of considering 5-digit occupations, we use the 4-difit classification. ’Smaller districts’ is the same approach as
the benchmark model except that, instead of considering the 30 district codes above, we consider instead a finer
classification, amounting to 452 different codes. ’Hires in previous 6 months’ is the same approach except that
the HHI in flows measure is based on workers hired over the previous six months only (and not the previous 12
months, as in the benchmark and all other measurement approaches). ’Hires (from a different firm)’ is the same
approach except that the HHI in flows measure is based on new hires that worked for a different firm in the previous
year. ’Only firms without public equity’ is the same approach as the benchmark model except that we disregard
from the analysis firms that have some level of public equity. ’Only firms 10+ employees’ is the same approach as
the benchmark model except that we disregard from the analysis firms that, in each year of the analysis, employ
with fewer than 10 employees. ’Manufacturing sector only’ is based on manufacturing firms only. ’Industry’ defines
labour-markets using the 5-digit industry classification rather than occupation. HHI and number of cells, workers
and hires are unweighted averages of the weighted HHI yearly data, over the 1986-2019 period. The last column
indicates the weighted percentage of cells across all years that have HHI levels above 2,500 (workers HHI except the
second row, which denotes new hires HHI).
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Table 9: Wage results, IV, Inequality, 1986-2019

Panel A Within firm

P90/P10 P90/P50 P50/P10

(1) (2) (3) (4) (5) (6)

Log Herfindhal Index (Stocks) 0.141 0.0527 0.0529
(0.023)∗ (0.001)∗∗∗ (0.020)∗∗∗

Log Herfindhal Index (Flows) 0.153 0.0565 0.0578
(0.024)∗∗ (0.001)∗∗∗ (0.021)∗∗∗

N 7256237 7231318 7256237 7231318 7256237 7231318
adj. R2 0.126 0.126 0.264 0.263 0.1130 0.1130
F 38.59 40.05 3847 3950 7.14 7.54
Kleibergen-Paap rk Wald F-stat 766202 809680 766202 809680 766202 809680
Shea’s R2 .4802 .4394 .4802 .4394 .4802 .4394

Panel B Within local labour markets

P90/P10 P90/P50 P50/P10

(1) (2) (3) (4) (5) (6)

Log Herfindhal Index (Stocks) -0.261 -0.170 0.024
(0.143)∗ (0.006)∗∗∗ (0.130)

Log Herfindhal Index (Flows) -0.166 -0.106 -0.003
(0.037)∗∗∗ (0.008)∗∗∗ (0.018)

N 449881 301189 449881 301189 449881 301189
adj. R2 0.0819 0.3116 0.4346 0.4609 0.0791 0.2548
F 3.33 20.34 847.3 170.4 0.033 0.0258
Kleibergen-Paap rk Wald F-stat 14935 10534 14935 10534 14935 10534
Shea’s R2 .2278 .1516 .2278 .1516 .2278 .1516

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: The columns in the top panels present different specifications of wage equation 2. The dependent
variables are the ratio between the 90th and the 10th wage percentiles (columns 1 and 2), the ratio between
the 90th and the 50th wage percentiles (columns 3 and 4), and the ratio between the 50th and the 10th

wage percentiles (columns 5 and 6). Panel A uses wage percentiles to describe how wages are distributed
within firms, while in Panel B they describe how wages are distributed within local labour-markets. The
Herfindhal index corresponds to the benchmark model presented above – see Table 1 – based on either
employment stocks (odd columns) or flows (even columns). In panel A the Herfindhal is the average
concentration level across all workers in the firm, instrumented by the average value of the instrument
within the firm. In panel B the the Herfindhal is the same as the one used in the main analysis. The
instrument is the average of the log of the inverse of the number of firms in the same occupation and
year but in other districts. All regressions in panel A include firm and district-by-year fixed effects. In
panel B, regressions control for district-by-occupation and district-by-year fixed effects. Standard errors
clustering at the firm level in panel A and at the local labour market level in panel B. Significance levels:
* 0.10, ** 0.05, *** 0.01.
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Figure A1: Appendix: Case study: Distribution of workers per firm, Construc-
tion/public works technician, Leiria district, 2006
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Notes: Own calculations based on the ’Quadros de Pessoal’ data set. Analysis of a particular occupation
(Construction and public works technician, code 31120) in a particular district (Leiria) in a particular
year (2006). Each observation in the histogram corresponds to one of 240 firms located in the district
that employ at least one worker with this occupation in that year. The Herfindhal index (which ranges
between 0 and 10,000) for this local labour market in this year is 52.7.

36



Table A1: HHI values (weighted and unweighted), 1985-2019

Year HHI (workers) HHI (hires) N. cells N. workers N. hires
Unweighted Weighted Unweighted Weighted

1985 4852.4 1023.7 2743.5 1166.7 6219 876559 80589
1986 4998.1 904.4 2755.6 816.0 11133 1677977 206893
1987 5045.6 912.3 2830.8 727.4 11249 1706841 246613
1988 4963.5 857.5 2923.3 695.6 11288 1751868 303258
1989 4968.8 819.9 3074.7 727.7 11584 1902171 364735
1991 4854.1 769.6 3029.5 695.9 11704 1963350 374348
1992 4816.9 735.5 2966.9 705.2 11666 1986647 359127
1993 4780.5 692.1 2911.7 723.3 11690 1980966 327438
1994 4753.9 704.0 2868.1 808.4 11722 1927972 321427
1995 4515.4 752.6 3164.4 996.5 13323 1993603 339957
1996 4591.7 817.1 3142.4 1032.6 13327 1968477 346704
1997 4503.2 794.7 3244.2 971.5 13696 2150737 438352
1998 4692.7 823.4 3220.2 930.2 14889 2185320 454425
1999 4797.8 810.5 3314.8 1014.0 16224 2283315 449316
2000 4726.8 774.2 3350.8 913.1 16941 2494350 552783
2002 4635.6 784.9 3480.9 943.8 18701 2695196 584535
2003 4438.3 750.8 3376.7 1072.4 19690 2800003 540625
2004 4306.9 727.5 3395.8 1042.4 20252 2891960 569950
2005 4197.6 698.2 3326.1 977.6 20656 3065839 630755
2006 4179.6 696.2 3284.0 981.0 20753 3111190 661384
2007 4141.2 687.6 3293.8 944.9 20927 3220102 742339
2008 4138.8 708.8 3366.1 1031.2 21062 3267603 763912
2009 4177.0 726.8 3291.3 1136.1 20867 3125383 623430
2010 3437.2 626.3 3178.4 968.8 12214 2897224 569937
2011 3437.8 641.4 3253.5 1089.0 12185 2849773 532959
2012 3480.2 655.2 3181.9 1126.3 12148 2665448 429924
2013 3466.9 658.1 3213.1 1079.7 12013 2654089 482447
2014 3449.0 649.1 3198.8 992.6 12006 2732976 563518
2015 3456.4 646.5 3163.7 937.7 12069 2813684 619577
2016 3454.7 647.4 3160.4 967.9 12090 2921037 663948
2017 3455.2 668.6 3213.7 1022.9 12107 3053565 738881
2018 3468.5 663.3 3233.0 947.5 12190 3173048 792708
2019 3481.6 682.6 3247.0 955.9 12197 3227059 808045

Notes: See the Herfindhal index formula in equation 1. HHI (workers) denotes the mean Herfindhal index in
each year, either placing equal weights to all district-occupation-year cells (unweighted ’stocks’) or considering the
distributions of employees across firms in each district-occupation-year cells (weighted ’stocks’). HHI (in flows)
denotes the mean Herfindhal index in each year, either placing equal weights to all district-occupation-year cells
(unweighted ’flows’) or considering the distributions of new hires (workers hired over the previous 12 months, as
of October of each year (March in 1991 up to 1993)), across firms in each district-occupation-year cells (weighted
’flows’). ’N. cells’ indicates the number of district-occupation pairs in each year. ’N. workers’ (’N. hires’) indicates
the total number of workers (hires) in each year. Figures for 1990 and 2001 are not presented as worker-level data
for this year is not available. Occupation codes change in 1995 and 2010. The weights of the two series are the
employment count of each occupation-district-year cell.
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Table A2: Descriptive statistics, HHI distribution, 1985-2019

Min P5 P10 P25 P50 P75 P90 P95 Max

HHI (workers) 1.03 11.67 18.79 45.95 141.95 555.91 1722.55 3756.22 10000
HHI (new hires) 0 19.90 34.84 87.57 279.05 877.44 2669.75 5000 10000

Notes: Each observation corresponds to a district-occupation-year combination. Each cell carries a weight
proportional to its employment.
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